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Scots pine (Pinus sylvestris L.) is a widespread and economically important tree species in Eurasia. Southern Siberian, Scots pine mountain and foothills forests are especially valuable natural objects that help to stabilize environmental conditions. Due to the associated impact of natural and anthropogenic factors, the habitats of the species in southern Siberia are constantly shrinking. In this regard, the study of genetic diversity and structure of Scots pine forests in southern Siberia is very relevant. Here, we studied the genetic diversity and structure of eight Scots pine populations located in southern Middle Siberia (Russia). A high level of genetic diversity (HE = 0.518) was detected in the studied populations. No recent bottleneck effect, isolation by distance or isolation-by-environment were detected. Most genetic diversity was found within populations, while only 7% of genetic diversity occurred among populations. Both STRUCTURE analysis and UPGMA clustering showed two genetic groups. Two populations from the Minusink basin and a population from the Western Sayan Mts. formed the first group and the second group was composed of the other populations from Kuznetsk Alatau Mts., Central Tuva basin and Todzha basin. Our findings suggest that the studied Scots pine populations originate from different gene pools. The pattern of genetic diversity revealed by our study may be useful for the elaboration of conservation measures of genetic resources of Scots pine in southern Middle Siberia.

KEYWORDS
 scots pine, Pinus sylvestris L., nuclear microsatellite markers (nSSR), genetic diversity, genetic structure, Middle Siberia


1. Introduction

Genetic diversity is recognized as one of three basic components of biodiversity, i.e., the genes, species and ecosystems (Hoban et al., 2020). It plays an important role in species adaption to changing climate, habitats, and biotic interactions (Spielman et al., 2004). Furthermore, it helps to maintain ecosystem functions, stability and services (Hoban et al., 2020). The characterization of genetic diversity pattern within species and among populations is a fundamental requirement for the establishment of programs aimed at biodiversity preservation (Belletti et al., 2017).

Scots pine (Pinus sylvestris L.) is one of the most widespread conifers in the world, which has great economic and ecological importance (Floran et al., 2011). Within its vast distribution, Scots pine grows in various soil and climatic conditions. It forms over 20 geographical races and about 100 forms and varieties (Ekart et al., 2014). A significant part of its range is located on the territory of Siberia where permafrost and forest fires determine the northern and southern boundaries of the species’ area of distribution. At the same time, the impact of fires has not only negative, but also positive consequences; it ensures the removal of ground cover that prevents the germination of pine seeds, as well as the mineralization of sandy and gravelly soils (Sannikov, 1992; Pimenov, 2015). In the south of Siberia, pine forests are classified as especially valuable natural objects that stabilize environmental conditions. The maximum spectrum of adaptive variations for Scots pine is observed in this part of the region. Relict morpho-and genotypes of Scots pine can still be preserved in the south of Siberia (Pimenov, 2015). In Asia, Scots pine growing in the south of 52°N was identified as a steppe Scots pine variety (Pinus sylvestris var. mongholica Litv.) (The Plant List, 2023; World Flora Online, 2023), which most often known as Syn.: P. s. ssp. Kulundensis (Pravdin, 1964). P. s. var. mongholica is exceptionally resistant to adverse conditions and, growing on the sandy shores of salt lakes, can tolerate slight salinization of the soil (Zvereva, 2017). In the southern border of the species` distribution range in Siberia Scots pine forms island-like and ribbon-like forests and due to the structure and location features, they can serve as important objects for studying such processes as isolation, selection, genetic drift, mutation and inbreeding (Novikova and Zhamyansuren, 2012).

In recent decades, due to the combined effect of natural and anthropogenic factors, the dieback of coniferous forests in the south of Siberia has become catastrophic (Bazhina, 2010; Pavlov et al., 2011). For instance, by the end of the last century, due to root rot damage, as well as wind damage, forest fire, sanitary cuttings, Minusinsk pine forests (Minusinsk basin) suffered on an area of 28 thousand hectares (Tatarintsev et al., 2015). Over the past decade, in Khamar-Daban mountain range (the south of Lake Baikal) 40% of Siberian stone pine (Pinus sibirica Du Tour) forests has died because of bacterial infection caused by Erwinia sp. and Pseudomonas sp. and damages caused by Dendrolimus sibiricus Tschetw (Stavnikov, 2013; Voronin et al., 2013). Furthermore, since 1970s, there has been an intensive dieback of Siberian fir (Abies sibirica Ledeb.) in the mountains of Southern Siberia (Khamar Daban Mts., Western and Eastern Sayan Mts.) (Tretyakova et al., 2008). In this regard, the study of genetic diversity and structure of coniferous forests in the south of Siberia is very relevant.

Population genetic studies of Scots pine based on isoenzyme, chloroplast DNA markers show the evidence of genetic heterogeneity of pine populations in the south of Siberia (Sannikov and Petrova, 2012; Ekart et al., 2014; Semerikov et al., 2014). This is mainly due to the island type of the species’ range in the steppes of Southern Transbaikalia, Northern Mongolia and its mountainous island type in the mountains of Southern Siberia and the Amur region (Sannikov and Petrova, 2012).

In this study, we used nuclear SSR markers to explore the genetic diversity and structure of Scots pine populations in southern Middle Siberia. Specifically, we aimed to: (a) assess the patterns of genetic diversity within and among populations, (b) test whether genetic differentiation is related to climatic variables.



2. Materials and methods


2.1. Plant material

Initially, 210 Scots pine individuals were sampled from eight populations located in southern Middle Siberia (Russia) on a vast territory covering the mountain and foothill forests of the Western Sayan Mts., Kuznetsk Alatau Mts. and forest-steppe and steppe landscapes of the Minusinsk basin, Todzha basin and Central Tuva basin (Table 1; Figure 1). Due to amplification failures, the number of studied individuals was reduced to 169.



TABLE 1 Geographic location of eight Scots pine populations in southern Middle Siberia.
[image: Table1]
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FIGURE 1
 Location of the studied Scots pine populations in southern Middle Siberia.




2.2. DNA extraction and microsatellite analysis

Total genomic DNA was isolated according to the CTAB method (Doyle and Doyle, 1990). The quality and quantity of the extracted DNA was measured with a Nanodrop 8,000 spectrophotometer (Thermo Fisher Scientific, United States), then adjusted to a concentration of 10 ng/μL. Seven nuclear microsatellite primers were selected: Psyl16, Psyl42, Psyl44, Psyl57 (Sebastiani et al., 2012); PtTX2146 (Elsik et al., 2000); lw_isotig04306, lw_isotig07383 (Fang et al., 2014). All primers were combined into two multiplex sets: set 1 consisted of Psyl44, Psyl57 and lw_isotig04306; set 2 comprised of Psyl16, Psyl42, PtTX2146, and lw_isotig07383. Reverse primers were labelled with a fluorescent dye. Polymerase chain reaction (PCR) was performed in a 10 μL reaction volume using Qiagen Multiplex PCR Kits (Qiagen, Germany) under the manufacturer’s instructions. Amplification was performed in a Corbett thermal cycler (Corbett Research, Australia) with the following cycling parameters: an initial denaturation at 95°C for 5 min, followed by 32 cycles of denaturation at 95°C for 30 s, annealing at 58°C for 90 s, extension at 72°C for 50 s and a final extension at 72°C for 7 min. Then, the amplified fragments were run on a GenomeLab GeXP genetic analyzer (Beckman Coulter, Fullerton, CA) with an internal size standard. Genotyping was performed with the GenomeLab GeXP software (Version 10.2, Beckman Coulter, Fullerton, CA).



2.3. Data analysis

Genetic diversity per locus and population was estimated by using GenAlEx v. 6.5 software (Peakall and Smouse, 2006). The number of alleles (NA); number of effective alleles (NE); inbreeding coefficient of an individual relative to the subpopulation (FIS); inbreeding coefficient of an individual relative to the total population (FIT); genetic differentiation coefficient (FST); observed heterozygosity (HO); expected heterozygosity (HE) were calculated. The allelic richness (AR) was computed in R (R Core Team, 2013) using the “hierfstat” package (Goudet, 2005). Presence of null alleles and possible genotyping errors was checked using Micro-Checker software (Van Oosterhout et al., 2006). No evidence of null alleles or genotyping errors was found in the populations.

BOTTLENECK software v.1.2.02 (Piry et al., 1999) was used to test for recent population bottlenecks on the basis of the infinite allele model (IAM). Statistical significance was determined by two-tailed Wilcoxon signed-rank test with 1,000 iterations.

Analysis of molecular variance (AMOVA) was performed using the software GenAlEx v. 6.5. The significance of differences was tested by 999 permutations. The unweighted pair-group method with arithmetic mean (UPGMA) was applied to perform cluster analysis on the Nei’s genetic distances data (Nei, 1978) and a Principal Coordinates Analysis (PCoA) was conducted using the “FactoMineR” package in R (Lê et al., 2008) to compare genetic differentiation among populations.

A Bayesian clustering approach implemented in STRUCTURE v.2.3.4 was used to estimate the number of clusters in the nSSR dataset (Pritchard et al., 2000). The analysis was performed with an admixture model with correlated allele frequencies and a LOCPRIOR setup. K value was set to 1–10 with a burn-in period of 100,000 iterations followed by 500,000 Monte Carlo Markov repetitions. Twenty repetitions were set for each run. The number of clusters was estimated using ΔK parameter according to Evanno et al. (2005) using the STRUCTURE HARVESTER program (Earl and Vonholdt, 2012). To average the results of the replicated runs, the CLUMPP software v.1.1.2. was used (Jakobsson and Rosenberg, 2007).

SAMOVA software v.2.0 (Dupanloup et al., 2002) was used to identify groups of populations that are maximally differentiated from each other. Runs were conducted with the number of groups set from two to seven, performing 100 independent simulated annealing processes. The maximum FCT value was chosen as the indicator of the best grouping.

Followed by the detection of genetic clusters, Genetic Landscape Shape Interpolation analysis was carried out, as implemented in Alleles in Space (Miller, 2005), to produce a surface plot that shows major genetic discontinuities, indicating probable contact areas between the detected genetic clusters. On the surface plot, positive peaks indicate areas with high genetic discontinuities (high genetic distances) and negative peaks represent of areas with genetic similarities (low genetic distances).

To detect the presence of isolation by distance (IBD), the correlation between geographical distances and genetic distances between population pairs was tested with Mantel test (Mantel, 1967). The test was performed with the “adegenet” R package with 1,000 bootstrap replicates (Jombart, 2008).

To test whether climatic variation contributed to the patterns of genetic differentiation, i.e., to test the isolation-by-environment (IBE) hypothesis (Wang and Bradburd, 2014), three different approaches were taken. First, in addition to the genetic and geographic distances calculated for IBD, Euclidean climatic distances were calculated from recent (c. 1950–2000) climate data using 19 bioclimatic variables (Supplementary Table S1) which were extracted from the global climate layer data using a grid size of 30 arc-seconds and downloaded from the WorldClim v.1.4 database.1 After, genetic, geographic, and the climatic distances were used in Mantel, partial-Mantel and MMRR (Multiple Matrix Regression with Randomization) regression analyses. The partial-Mantel test was conducted using the “vegan” package (Oksanen et al., 2022), while the MMRR carried out using the custom script of Wang (2013). The MMRR R script is deposited in the Dryad Data Repository under DOI:10.5061/dryad.kt71r.




3. Results

Using seven nuclear microsatellite loci, we identified a total of 49 alleles in the 169 individuals (Supplementary Table S2). The average number of alleles per locus (NA) was seven. FIS ranged from-0.055 (Psyl42) to 0.249 (Psyl44). The values of genetic differentiation (FST) varied in the range between 0.028 (lw_isotig07383) to 0.111 (Psyl42).

The mean number of alleles present per population varied from 3.571 (BAL-2) to 5.143 (PER-1 and SAR-1) (Table 2). Effective number of alleles (NE) ranged between 2.191 in KER population and 2.910 in PER-2 population, with an average of 2.517 per population. Shannon Information Index (I) varied from 0.891 (BAL-1) to 1.118 (PER-2) population. The BAL-2 population had the lowest values for allelic richness (AR = 3.571) and PER-1 population had the highest value (AR = 4.764). The values of expected heterozygosity (HE) ranged from 0.472 (BAL-1) to 0.565 (PER-2). The inbreeding coefficient (FIS) values were between-0.161 and 0.229, but in general placed around zero in most of the populations. The value of the number of migrants per generation was high (Nm = 5.690) indicates high gene flow between populations. The ratio of observed and expected heterozygosity was balanced (mean HO: HE = 0.510: 0.518).



TABLE 2 Genetic statistics averaged across seven microsatellite loci for each Scots pine population.
[image: Table2]

The population stability analysis revealed no evidence for recent bottlenecks in the studied populations.

We performed AMOVA among and within Scots pine populations (Supplementary Table S3) and the results showed that the genetic variation among populations was 7%, whereas most of genetic variation occurred within populations (93%, p < 0.001).

The matrix of pairwise FST values (Figure 2A) revealed that the highest differentiation apparent between KER, PER-1, PER-2 and SAR-1, SAR-2 and BAL-1 populations, while the lowest between KER, PER-1, PER-2 populations. Similarly, the UPGMA clustering indicated two groups. The first group consisted of PER-1, PER-2 and KER populations and the second group was composed of the five remaining Scots pine populations (Figure 2B).

[image: Figure 2]

FIGURE 2
 Heatmap of pairwise Fst (Nei, 1978) values (A) and bootstrapped UPGMA tree (B) of the eight Scots pine populations investigated.


The Bayesian STRUCTURE analysis revealed two Scots pine gene pools in the south of Middle Siberia (Figure 3), based on the Mean L(K) (±SD) and ΔK values. Group I included PER-1, PER-2 and KER populations, whereas Group II included all remaining populations.

[image: Figure 3]

FIGURE 3
 Estimation of the best subpopulation numbers based on Mean L(K) (±SD) and ΔK values (A,B). Genetic structural plot of eight Scots pine populations (acronyms are as in Table 1) (C).


Principal Coordinates Analysis (PCoA) based on the FST values identified two major groups (Supplementary Figure S1) at Dim. 1 vs. Dim. 2, explaining jointly 74.01% of the total variation for the nSSR markers. One group included populations from the Minusinsk basin (PER-1 and PER-2) and the Western Sayan Mts. (KER). The second group contained five populations from the Kuznetsk Alatau Mts. (SAR-1 and SAR-2), the Central Tuva basin (BAL-1 and BAL-2) and the Todzha Basin (TOD). The second and third axes (Dim. 2 vs. Dim. 3) explained much less, only 31.69% of the total variation and grouped SAR-1 and SAR-2 with PER-1 and PER-2 populations.

Genetic Landscape Spatial Interpolation has detected a significant barrier to gene flow in the form of a genetic discontinuity in the contact zone between the genetic lineages in this region (Figure 4). The estimation of the contribution of genotypes in each population showed that the PER-1, PER-2 and KER populations contained a higher proportion of genotypes originated from the Minusinsk basin, compared to other samples from the Kuznetsk Alatau Mts. (SAR-1 and SAR-2), the Central Tuva basin (BAL-1 and BAL-2) and the Todzha basin (TOD).

[image: Figure 4]

FIGURE 4
 Spatial extent of the detected genetic clusters (A) and the genetic discontinuity revealed by the Genetic Landscape Shape Interpolation analysis (B) (for the acronyms, see Table 1).


Spatial analysis of molecular variance (SAMOVA) produced values of FCT ranging from 0.0305 (K = 3) to a maximal value of 0.03336 (K = 6), which indicated number 6 to be the preferred number of genetically homogenous clusters for the whole dataset (Supplementary Table S4). The six defined clusters contained the following populations: (I) PER-1 and PER-2; (II) BAL-1; (III) BAL-2; (IV) SAR-1 and SAR-2; (V) KER; (VI) TOD.

We further analyzed the correlation between genetic distance and geographic distance for the studied populations using the Mantel test. The results showed no correlation between genetic differentiation and geographical distance among Scots pine populations (R2 = 0.043, p = 0.163). In addition, none of the matrix regression approaches (Mantel, partial-Mantel, and MMRR) to investigate IBE, were able to find significant relationships between the genetic, geographic and climatic distances (Supplementary Table S5).



4. Discussion

Forest fragmentation is constantly increasing in southern Siberia due to intensive logging, livestock grazing, as well as drought-and fire-related forest declines, and has been detected for many forest species (Wirth et al., 1999; González de Andrés et al., 2022). Fragmentation of forest landscapes causes isolation, and poses genetic and ecological threats to populations (Gustafson et al., 2010; Khansaritoreh et al., 2018; Erasmi et al., 2021). Conservation and rational use of Siberian forest genetic resources is one of the most important environmental and economic tasks. The effectiveness of solving this problem depends on the degree of knowledge of forest genetic resources. Unfortunately, despite some success, Siberian forest genetic resources have not been studied enough (Tarakanov and Krutovsky, 2016). Here, we assessed the genetic diversity and structure of eight southern Siberian Scots pine populations.

Our results showed that, despite the detectable effects of fragmentation, the level of genetic diversity in Scots pine populations in southern Middle Siberia is high (HE = 0.518) and is similar to the other Scots pine populations in Middle Siberia (HE = 0.514) (Sheller et al., 2023). At the same time, our estimates are lower than those observed in other studies of Scots pine from Italy (HE = 0.81) (Scalfi et al., 2009), Romania and Hungary (HE = 0.55) (Bernhardsson et al., 2016), Turkey (HE = 0.772) (Bilgen and Nuray, 2017), and Lithuania (HE = 0.59) (Kavaliauskas et al., 2022). The highest level of genetic diversity and allelic richness were detected in PER-2 and PER-1 populations (HE = 0.565 and AR = 4.764 respectively) located in the Minusinsk basin. PER-1 and PER-2 populations represent geographically isolated pine forests, which are unique in their origin and ecological functions (Polyakova, 2008; Tatarintsev et al., 2015). The Minusinsk basin populations are distributed on the territory of the National Park “Sushenshky Forest,” which is specially protected natural area of national importance. The extrazonal ribbon-like Scots pine forests are particularly valuable natural objects of the National Park “Sushenshky Forest” (Pate, 2020). The obtained results indicate the need to maintain the genetic variability of these valuable Scots pine forests in the Minusinsk basin. In the study by Ekart et al., 2014 the highest values of heterozygosity (Ho and HE) were also found in Scots pine population from the Minusinsk basin.

Gene flow is one of the most important factors that maintains genetic diversity and improves population fitness and/or adaptive potential and decrease extinction probability especially in small populations (Berthaud et al., 2001; O’Connell et al., 2007). We detected high number of migrants (Nm) indicating substantial gene flow among the studied populations, also the ration of expected and observed heterozygosity was balanced, indicating neither inbreeding nor isolation-breaking effects. This hypothesis was further supported by the inbreeding coefficient, with an overall mean of FIS = 0.022, which generally indicated random mating of individuals.

However, toward the south the pattern of genetic diversity changes, and considerably lower levels of genetic diversity were found. Expected heterozygosity and allelic richness in two southernmost populations, BAL-1 and BAL-2, were HE = 0.472 and AR = 3.571, respectively. These populations are located in the Central Tuva basin and belong to Balgazyn relict pine forest. It is possible that the adverse effects of the extremely continental climate of Central Asia and the anthropogenic factors in the area of the Balgazyn pine forest, which is steadily shrinking, contributed to the decreased diversity. For instance, due to fires, natural forests decreased by four times in the last 25 years (1988–2014) (Kuular et al., 2015). Decrease of population size, due to fires and logging, diseases and environmental pollution leads to the reduction of genetic diversity (Ellstrand and Elam, 1993). In the study by Sheller et al. (2021) the lowest level of chloroplast DNA haplotype diversity was also detected in one of the Balgazyn Scots pine populations, confirming the need the conservation of these genetic resources.

Our estimate on total genetic variation occurring among populations showed a 7% applying AMOVA, which is considerably high, by taking into account the relatively short geographical distances among some of the populations (from 3 to 593 km). In similar microsatellite studies, but on a larger geographical scales, Shuvaev et al. (2022) found a FST value of only 0.026 in Scots pine populations in Krasnoyarsk region (Middle Siberia) and Sheller et al. (2023) found a FST value of 0.097 among distant Scots pine populations in Russia. Based on allozyme analysis, Sannikov and Petrova (2012) revealed that the genetic differentiation of Scots pine populations in the southern part of the range (south of 52°–53° latitude) in Central and Eastern Siberia is 2–4 times higher than in the contiguous forest zone. By decomposing our FST value among populations, based on pairwise estimates, majority of differentiation was found between populations located in the Kuznetsk Alatau Mts. (SAR-1 and SAR-2), the Minusinsk basin (PER-1 and PER-2), and the Western Sayan (KER).

The results obtained through the utilization of regression approaches (Mantel, partial-Mantel, MMRR) did not reveal a significant association between genetic differentiation and either geographic or climatic distances. This finding suggests that genetic differentiation may be attributed to past demographic events, rather than the specific environmental conditions of the region where the population resides.

Our Bayesian and the spatial clustering approaches (STRUCTURE and SAMOVA) were consistent with the FST estimates. The STRUCTURE analysis divided the studied populations into two main groups (K = 2), with PER-1, PER-2 and KER forming one group and the remaining five populations forming another group. The Minusinsk basin and the Western Sayan populations (PER-1, PER-2 and KER) wedged among the members of the other genetic group. However, toward the south they showed mixing, albeit at an extremely low proportion. This was evident also on our pairwise FST estimates, because lower FST values were typical here than toward the north, in the direction of the West Siberian Plain. We assume that this genetic differentiation across the landscape provided evidence of a contact zone of distinct genetic lineages, and a sharp boundary limiting gene flow, of a wedged population group. The genetic specificity of many population groups in marginal parts of the species’ distribution range was also observed in Iberia, Transcaucasia, Asia Minor and Eastern Siberia (Prus-Glowacki and Stephan, 1994; Sinclair et al., 1999; Sannikov et al., 2005; Cheddadi et al., 2006; Naydenov et al., 2007; Pihäjärvi et al., 2008; Dering et al., 2017, 2021; Sheller et al., 2023). At the same time, a significant homogeneity of populations was revealed within certain regions of Scandinavia, Central, Western and Eastern Europe, Siberia (Goncharenko et al., 1993; Zhelev et al., 1994; Sinclair et al., 1999; Robledo-Arnuncio et al., 2005; Cheddadi et al., 2006; Pihäjärvi et al., 2008; Semerikov et al., 2018; Sheller et al., 2021, 2023).

It should be noted, as an interesting fact, that SAMOVA indicated six different groups, and dissected the population groups in the same order as FST decreases. First separated the Minusinsk basin and the Western Sayan populations (PER-1, PER-2, and KER), from the remaining ones, and so on. This shows that the primary barrier to restriction of gene flow is located here. Our Genetic Landscape Spatial Interpolation concurs with this, having identified a significant barrier to gene flow in the form of a genetic discontinuity in the contact zone between the genetic lineages in this region.

However, this pattern changes as we move toward the south. It is known, that an increase in FST indicates a decrease in number of migrants (Nm) and vice versa (Whitlock and McCauley, 1999). In line with this, we observed that there was less differentiation to the south, potentially indicating increased gene flow. Historical and contemporary gene flow between genetic lineages, of the same species, has been described in many species (McDermott and McDonald, 1993; Ottenburghs, 2020), and it has been known to cause introgression (i.e., admixture), through hybridization and backcrossing (Petit and Excoffier, 2009). However, in this case increased genetic diversity is expected (Pazouki et al., 2016; Dering et al., 2017). In contrast, our observations revealed a discrepancy in the southern populations. Despite the notable degree of differentiation, the level of genetic diversity was found to be low, for example in BAL-1 and BAL-2 (described above). It is plausible that these populations are relict, since the legacy of long-term isolation is characterized by low genetic diversity. Such relict populations generally harbor low levels of allelic and haplotypic variation, have limited adaptive potential for range expansion and increased risk of extinction (Rinaldi et al., 2019; Urbaniak et al., 2019; Méndez-Cea et al., 2023). However, to rule out misclassification of these southern populations, further investigations targeting past demography, gene flow and introgression are required.



5. Conclusion

In our study, we assessed the genetic diversity and population structure of eight Scots pine populations in southern Middle Siberia using seven nuclear SSR markers. The study has revealed genetic heterogeneity of Scots pine populations near the southern boundaries of the species distribution in Middle Siberia. Despite fragmentation, the studied populations preserved high genetic diversity. The highest level of genetic diversity and allelic richness was detected in two populations from the Minusinsk basin while the lowest level of genetic diversity and allelic richness was found in two southernmost populations, which belong to a relict Balgazyn pine forest in the Central Tuva basin. However, to confirm a relictary status of Balgazyn pine forest additional studies should be carried out. Two clustering methods showed that the Minusinsk basin and the Western Sayan populations formed a distinct genetic group. The pattern of genetic diversity suggests a different origin of the studied Scots pine populations. However, further investigation is needed to study the evolutionary history of Scots pine populations in southern Siberia.
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Introduction: Scientific documentation of the qualitative forest vegetation parameters of a biogeographical area provides baseline information to guide conservation strategies and design policies for biodiversity management regulations.

Methods: We present one of the most comprehensive qualitative vegetation analyses to evaluate the entire structure and function of an ecosystem in the remote northern part of the Kashmir Himalaya, India. Several multivariate ecological community analyses were conducted after determining the presence of plant species in the various habitats using a random sampling technique.

Results: In total, 155 plant species belonging to 120 genera and 49 families occurred in the area. Asteraceae was the largest family (12% of plant species) followed by Rosaceae (11%). The patterns of species distribution across families were uneven, with 50% of the species belonging to only 7 families, and 23 families being monotypic. In terms of functional groups, the herbaceous growth form dominated. Therophytes were the dominant life form, indicating that the vegetation was disturbed. According to the phytogeographical research, 65% of the species documented in the study area were native, 15% were invasive, 14% naturalized, and 5% being casual. The majority (30%) of exotic species were reported along roadsides. Of all the species found, 39% grew in their natural habitats, such as forests, and 11% were scattered along roadsides. Plant species were grouped in five different clusters based on their floristic similarity. According to the estimated diversity indices, natural forest has the greatest values for Shannon’s and Simpson’s index. We found that the study area serves as the natural habitat for several significant, endangered medicinal plants, including Arnebia benthamii, Bergenia ciliata, Delphinium roylei, Gentiana kurroo, Phytolacca acinosa, Saussurea costus, and Trillium govanianum. Therefore, we recommend that human intervention in natural regeneration efforts be prioritized in these habitats to increase the population of these species.

Conclusion: Examining species features from the perspective of functional groups contributes to our understanding of the ecological aspects of the flora. It may also be useful in developing management plans to ensure long-term management of forest landscapes in this remote Himalayan region.
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Introduction

Floristic diversity is an important element of ecosystems (Hua et al., 2022). This diversity includes the plant species diversity of a particular area representing the local flora of a given area (Qian et al., 2021). Taxonomy is concerned with their identification and classification of species (Barkley et al., 2004). Floristic and taxonomic studies provide efficient information about different aspects of an ecosystem, including nomenclature, distribution, ecology and utility of plant species of an area (Grime et al., 2014; Haq et al., 2022d). While information on plants of many regions has long been available online via checklists (Safidkon et al., 2003), comprehensive floristic studies are still necessary to document the whole plant diversity of any geographic region (Noss, 1983). Lack of such studies strongly limits the scientific inquiry into plants (Kier et al., 2005), and is needed to ultimately understand how plant communities are structured and distributed.

Among the various ecological attributes of plant communities, floristic composition and ecological diversity are the most important ones that are influenced by a variety of biotic and abiotic factors (Khan et al., 2018; Solefack et al., 2018). The understanding of linkages among plants diversity and its ecological functions is critical for understanding the adjustment of plant communities, and how they adopt toward specific habitats (Rahman et al., 2019a; Altaf et al., 2022). Lifeform and habit are the two important physiognomic features that are being widely used while investigating vegetation (Haq et al., 2019). Studying functional plant traits of a given region is an important tool that helps in understanding the relationship between environmental variables and plant community structure and distribution, ultimately revealing the biological functions of individual species in a community (Vakhlamova et al., 2016).

The Himalayan Mountain Range is a prominent biogeographic ecoregion that shows great variation in topography and climate, and thus harbors significant plant diversity (Olson et al., 2001). This mountain ecosystem has been recognized as a global biodiversity hotspot due to its significant biodiversity and huge endemism (Myers et al., 2000). The Kashmir Himalaya, part of Indian Himalayan Region, has been considered as a promising floristic region with high endemism (Mahar et al., 2009). Nonetheless, many remote areas of this biodiversity-rich region have not received much attention as far as floristic and ecological investigations are concerned, which is especially the case of remote mountains region in Kashmir Himalayas. The capability and productivity of the Himalayan forest ecosystem have decreased as a result of numerous stressors, including anthropogenic factors (such as over-exploitation of forest resources and the spread of invasive species), environmental (climate, slope, soil), fire incidences, and declining biological diversity (Haq et al., 2020). Floristic and ecological studies are crucial to advancing our understanding of the distribution and composition of plant communities in biodiversity hotspots. It is crucial and most effective to record qualitative forest vegetation parameters in order to preserve floristic diversity in the future and utilize biological resources sustainably. Keeping this in view, we focused on the following objectives: (i) to record the floristic composition of the vegetation in the region. (ii) What are the patterns of the emergent ecological traits groups in the flora in this region (iii) to find out the contribution of native and alien elements in the region vegetation and (iv) to find out the forest species pool shows habitat filtering in the region.

Given the ecological and economic significance of the forest vegetation under consideration, the findings of this study can guide sustainable biodiversity management and habitat restoration, particularly in invaded habitats in this Himalayan region, with global implications.



Materials and methods


Research area

The study area one of the remotest Tehsil of District Bandipore, Jammu and Kashmir, India. The Gurez valley is situated in the high-altitude Kashmir Himalaya, about 86 kms from Bandipore and 146 kms from the regions summer capital (Srinagar) (Figure 1). The Gurez valley is at an altitude of ranges from 2,400 to 3,500 masl and is mostly inhabited by Pahari and Gujjar tribes. The study area includes fifteen Panchayats (village administrative units) with about 30,000 inhabitants. Dawar is known as the main town in the area. Due to heavy snowfall (approx. 1.5–1.8 m), the area remains disconnected from the rest of the region for about 6 months a year, as Razdan Pass is completely closed in the winter. It has a dry and mild climate. The valley is vital for wildlife tourism because it is surrounded by high mountains and steep gorges that are drained by the Kishanganga River. It also supports a variety of vegetation, dense forests, and a wealth of species.
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FIGURE 1
Map of study area (A) India (B) Jammu and Kashmir (C) Bandipora district and point showing the Gurez Valley in the Kashmir Himalaya, India (generated using ArcGIS version,10.5).




Field survey

Frequent surveys were conducted to obtain a better understanding of the research area and field data were collected during in various expeditions 2019–2021. Sites for the floristic studies were chosen using a random sampling technique to guarantee that plant species from various habitats had an equal chance of being sampled. The quadrat method was used to record floristic composition and functional characteristics to improve vegetation documentation (Haq et al., 2020). We set up 36 0.1 ha plots for field sampling across different habitats in the study area. Within each 0.1 ha plot, two 5 m2 plots were placed in opposite corners estimate shrub diversity. For the herbaceous layer, 5 plots of size 1 m2 were laid (4 in each corner 0.1 ha plot and one in the center). In total, 32 plots for trees, 64 (2 plots × 32 = 64) plots for shrubs and 160 (5 plots × 32 = 160) plots for herbs were sampled in the present study. Field data about each specimen of plant material was meticulously recorded during field studies. In order to serve as herbarium voucher specimens, plant specimens were collected from the field, identified using taxonomic literature, and then authenticated by comparing the plant specimens with material in the KASH herbarium. Ecological traits (like Raunkiaer’s life-form, plant habit, phyto-geographical, life span) of each species were recorded during sampling, following Raunkiaer (1934), and Pérez-Harguindeguy et al. (2016). Furthermore, habitat characteristics of each plant species were categorized as Dry slope (DS), Moist places (MP), Natural forest (FR), Shady places (SP), Riparian vegetation (RV), Rock crevice (RC), Roadside (RS), Crop fields (CF), Vegetable garden (VG) (Plate 1). The range of native phyto-geographically reported plant specimens was acquired by using secondary sources like manuals, Flora and specified internet web pages (GRIN: Germplasm Resource Information Network).1 Based on the available data, all plant specimens were categorized into native and exotic species.
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PLATE 1
Representation of different habitats in the study area.




Data analysis

To investigate the relationships between ecological variables and plant compositions, heat map and clustering analysis were employed (Rahman et al., 2019a; Haq et al., 2021d). The heat map displayed the distribution of species using presence/absence data, and the clustering algorithm grouped species with similar habitat categories. The Sørensen (1948) similarity coefficient based on presence/absence data was used to identify significant differences among different habitat types and microclimatic similarities (Dalirsefat et al., 2009). In order to identify hypothetical variables (components) that explain the majority of the variance in our multidimensional data, Non-Metric Multidimensional Scaling (NMDS) was utilized. The contribution of various Raunkiaer’s life forms was visualized using chord diagrams generated with the circlize package (Gu et al., 2014). Subsequently, we computed three diversity indices, namely, species richness, Shannon and Simpson, based on presence/absence of species for all habitats, and all plots and analyses were performed using R software version 4.0.0 (R Core Team, 2020).




Results


Floristic composition and distribution

Based on the present investigation, 155 plant species from 120 genera and 49 families were reported in the current study area (Table 1). The distribution of the species among the 49 families was unequal; just 7 families held half of the species, while 42 families held the other half. 23 families were monotypic (Figure 2). The top five plant families were Asteraceae (19 species, or 12% of all species), Rosaceae (17 species, or 11% of all species), Lamiaceae (15 species, or 10%), Ranunculaceae (10 species, or 6%), and Apiaceae (8 species, or 5%) (Table 1).


TABLE 1    Floristic composition and life span traits of the forest vegetation in Gurez Valley of Kashmir Himalaya, India.
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FIGURE 2
Species- family relationship of documented species in the study area.




Species distribution among growth form types

In the current study, the highest number of plant species (111) were herbaceous plants (72% of all species), followed by 21 tree species (13%), 15 shrubs (10%), four climbers (3%), and four sub-shrubs (2%) (Table 1). Most of the tree species growing in the valley were deciduous (e.g., Aesculus indica, Acer caesium, Betula utilis, Celtis australis, Prunus armeniaca, Prunus cornuta, Populus nigra, and Ulmus villosa). A few coniferous tree species (e.g., Abies pindrow, Cedrus deodara, Picea smithiana, Pinus wallichiana, and Taxus wallichiana) were also reported. Shrubs included Rosa webbiana, Berberis lyceum, Rubus ulmifolius, Parrotiopsis jacquemontiana, and Indigofera heterantha. Important medicinal herbs reported from the valley were Ajuga parviflora, Bergenia ciliate, Delphinium roylei, Gentiana kurroo, Heracleum candicans, Phytolacca acinosa, Saussurea costus, Taraxacum officinale, and Trillium govanianum (Table 1). The representative plants species documented in the different habitats of the study area are shown in Plate 2.
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PLATE 2
Representative plant species growing in different habitats of the study area.




Species distribution among life-form traits

About 35% of the species (54 species) were therophytes which constituted the dominant life form, followed by 29 species of hemicryptophytes (19%), chamaephytes and geophytes with 15 species each (10%), megaphanerophytes with 13 species (8%), nanophanerophytes with 12 species (8%), cryptophytes and mesophanerophytes with 7 species each (4%), microphanerophytes with 2 species (1%), and parasitic forms with a single species (1%) (Figure 3). Majority of the plant species (129) in the studied valley were represented by perennials (83%) followed by annuals with 23 species (15%), and biennials with three species (2%). According to the phyto-geographical research, 65% of the species documented in the study area were native, with the remaining 15% being invasive, 14% being naturalized, and 5% being casual (Figure 4 and Table 1). The majority (30%) of exotic species were reported on the roadside, followed by natural forests (23%), crop fields (17%), dry slopes (16%), shady areas (5%), moist places, and riparian zones (4% each).
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FIGURE 3
Plant species distribution according to Raunkiaer’s life form of the vegetation in Gurez valley, Kashmir Himalaya, India.
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FIGURE 4
Plant species distribution according to nativity range of the vegetation in Gurez valley, Kashmir Himalaya, India.




Habitat-wise distribution

Of all species encountered 39% grew in the natural forests, 17% on dry slopes, 11% in shady places, 10% in moist places, 2% in riparian zones, 3% in rock crevices, and the remaining species were dispersed in highly distributed habitats, e.g., 11% along roadsides, 6% in crop fields, and 1% in vegetables gardens (Table 1 and Plate 2). Based on their floristic similarity, cluster analysis identified five clusters of various habitat types (Figure 5). Natural forests made up the first cluster, dry slopes and roadside vegetation made up the second, wet and shady areas made up the third, crop fields and vegetable gardens made up the fourth, and riparian vegetation and rock crevices made up the fifth (Figure 5).
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FIGURE 5
Heat map based on Sørensen’s (1948) similarity index of plant species in Gurez valley, Kashmir Himalaya, India.


Similar to this, the NMDS revealed significant variation in habitat types, with some species groups having a stronger association with particular habitat types than others (Figure 6). In the biplot, five clusters of habitats based on species presence/absence can be identified: dry slope; natural forest; roadside; moist places and rocky crevice; and crop fields, riparian vegetation, shady places, and vegetable gardens. The major plant species richness was detected in rich and optimally moisturized natural forest habitats and middle richness in moist places as well as less distributed habitations.


[image: image]

FIGURE 6
Non-Metric Multidimensional Scaling (NMDS) (plot of different habitat types in Gurez valley, Kashmir Himalaya, India. Full name of habitat is depicted in Table 1.


According to the estimated diversity indices, Natural forest had the greatest values for all three indices (Table 2). Shannon’s index for this habitat was 4.73, and Simpson’s was 0.99. There were 113 species present. After that, Dry slope and Shady areas held 46 and 31 specie (3.83 and 3.43 for Shannon index, and 0.98 and 0.97 for Simpson index, respectively) (Table 2) lowest values were recorded for Rock crevice and Vegetable garden (Table 2).


TABLE 2    Variation of diversity indices between habitat types in Gurez valley, Kashmir Himalaya, India.
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Discussion

In this study, we provide an in-depth evaluation of the qualitative vegetation of remote region of Kashmir Himalaya. The study revealed (i) 155 plant species belonging to 120 genera and 49 families, with (ii) an uneven distribution within families, with 50% of the species belonging to just 7 families and 23 families being monotypic. (iii) Therophytes were the most prevalent form of life, showing that the vegetation was disturbed (iv) Exotic species made up the remaining 35% and most exotic plants were found along roadsides. Finally, (v) natural forests scored the highest values for all three estimated diversity indices, compared to other human-modified habitats. Vegetation analysis helps to develop a comprehensive image of the plant communities of a particular region (Chhetri and Shrestha, 2019). Assessing the floristic diversity of hotspots of biodiversity is essential to understand the conservation status of these areas, which have a significant role in making the conservation strategies as well as policies. The vegetation of region was found to be very diverse due to ecological zonation, different microhabitats, and topographic features. 49 families and 155 species were found in the current investigation. In comparison to past studies conducted in other Himalayan locations (Qureshi and Bhatti, 2010; Semwal et al., 2010; Shaheen and Qureshi, 2011; Dangwal et al., 2012; Singh and Rawat, 2012) the number of plant species recorded in the current research area was higher. Numerous interrelated factors, including elevation, regional climate, topography, competition, regional species pool, regional species dynamics, and human activity have an impact on the regional patterns of species richness (Rahman et al., 2020; Mitchell et al., 2023). However, Khan et al. (2012) reported a higher number of plant species (198) from the Naran valley forest of Pakistan Himalaya but distributed in a lower number of families (68) when compared to our study. Similarly, Verma and Kapoor (2011) reported 160 vascular plant species belongs to 51 families from Ropa-Giavung valley in the cold deserts of District Kinnaur, Himachal Pradesh, India (also see Manzoor et al., 2016; Haq et al., 2022d; Ullah et al., 2022). However, at the region level the species richness of our study was comparatively higher than report in previous studies from Kashmir Himalayas (Bhat et al., 2014). Thus, the slight but predictable fluctuation in species number might be attributed to both abiotic environmental and biotic causes. Apart from elevation, microhabitats that reflect or predict vegetation patterns across landscapes. Together with the previously described findings, our findings demonstrate that while various studies have analyzed the floristic composition of the Himalayan region, each micro-region has unique functional groups that can significantly affect the structuring of the local plant community. Our study showed a smaller number of species than several other studies, but had a larger number of families, which may also represent an important result for the analysis of biodiversity in these regions. Asteraceae, Rosaceae, Lamiaceae, Ranunculaceae, and Apiaceae were reported as the families with the largest number of plant species. Due to wide range of ecological amplitudes, the plant species of Asteraceae are varied in habitats (Rahman et al., 2019a; Rashid et al., 2021; Waheed et al., 2022). Similar findings were observed by Haq et al. (2021d) in Kashmir Himalaya, India and Rahman et al. (2018) in Manoor valley, Pakistan. Many researchers have reported Asteraceae as the dominant family from different regions (Verma and Kapoor, 2011; Hussain et al., 2015; Ali et al., 2016; Amjad et al., 2017; Khan et al., 2018; Rahman et al., 2019a). This demonstrates the family’s strong capacity for adaptation to a variety of environments and temperatures. Additionally, in agreement with our findings, two other studies—Suyal et al. (2010) in the Garhwal Himalaya, India, and Khan et al. (2015) in Kabal (Swat), Pakistan—reported Lamiaceae as the dominant family.

The current study emphasizes the uneven distribution of plant species throughout families, with 23 families being identified as monotypic. The large variety of families, which revealed a varied distribution of flora in the area, is explained by variances in microhabitat, morphological features, life duration, and dynamic ecological niche (Haq et al., 2022a; Khoja et al., 2022). The diversity and structure of these plant communities can be influenced by various abiotic and biotic factors, which has also been shown by earlier research in the Western Himalayan region, and some species and/or families may not be as able to inhabit particular habitats as others (Rahman et al., 2018). The growth form of trees had higher proportion (13%) than shrubs (10%), an expression of a functioning forest ecosystem (Khan et al., 2015). The present results agreed with Khan et al. (2015), who found that a large diversity of microhabitats was favorable to tree species in the region. The findings of Sharma and Raina (2018) from other Himalayan forests further support these findings. Herbaceous species (111) were the dominant habit similar to other areas of the Northwestern Himalaya (Dar and Sundarapandian, 2016; Rahman et al., 2019b; Haq et al., 2021a; Nafeesa et al., 2021). Previous research in the Western Himalayan region has shown that certain species and/or families rarely have the same ability to occupy specific habitats as others, where varied abiotic and biotic effects can alter the diversity and organization of these plant communities (Haq et al., 2021b; Nafeesa et al., 2021).

It has been observed that the most promising approaches for predicting the species composition of any forest communities revolves around their functional traits. Therefore, studying functional groups usually provides clear information on the direct physiological adaptations of plant communities to particular environments conditions (Haq et al., 2019). The most common life form class were therophytes, followed by hemicryptophytes, magaphanerophytes, chamaephytes, and geophytes. Such biological variety represents the adaptation of plant species to the climatic factors (Khan et al., 2018). Hemi-cryptophytes predominate in the study area due to the cold and mountainous climate. In general, they withstand water scarcity by remaining dry or developing physiological, morphological, and anatomical traits that allow them to tolerate water loss. The fact that therophytes were found as the dominant life form in the studied area, which indicates high biotic disturbance levels on the habitat via grazing, human settlements, agricultural practices, and road constructions, since this life form is commonly associated with the unfavorable dry environmental condition, resulting in adopted strategies for their survival (Vakhlamova et al., 2016). The current findings agreed with Asim et al. (2016), Rahman et al. (2018, 2019b), Wali et al. (2022) who also documented the dominance of therophytes in the respective research areas. The high biotic disturbance significantly alters composition of the herbaceous layer and favored the abundant growth of alien annual weedy species such as such as Anthemis cotula, Amaranthus caudatus, Centaurea iberica, Datura stramonium, and Galinsoga parviflora, all of which are therophytes (Haq et al., 2021d). The second most prevalent type of life was hemicryptophytes. The association of hemicryptophytes with a cold, mountainous climate is a likely explanation for their predominance (Shimwell, 1971). Because of the soil and climate in the subalpine zones, chamaephytes are more common (Khan et al., 2018). Some habitats are more suited to plant development than others based on the diversity of species found in the forest environments of different geographic regions (Medvecká et al., 2018). Comparing natural forest habitats to other types of habitat, the current study found that natural forest environments harbored the highest diversity of species. However, anthropogenic disturbances are fragmenting, destroying, and degrading natural forest habitats, which is affecting the composition and layout of forest communities including in this area of the Himalayan region (Chakraborty et al., 2017; Rahman et al., 2022). Qureshi and Bhatti (2010), who recorded the highest number of plant species in natural forest habitats from Pakistan, provide additional support for our findings. Moreover, the resemblance in the plant species pool in human modified habitats provides an evidence toward the indication of ecological filtration that occurs in the region (Gardner et al., 2009). Anthropogenic disturbances common in this Himalayan region include overgrazing, deforestation, over-exploitation and fragmentation of natural intact forests due to linear development such as road networks and transmission lines (Haq et al., 2022b). Out of the total reported plant species, 35% were exotic, mostly in human modified habitats. Such numbers are comparable with those documented by Kohli et al. (2004) from the forests of Himachal Pradesh of Indian Himalayas. The most common invasive species growing in forest ecosystems of Jammu and Kashmir included trees like Aesculus indica, Ailanthus altissima, Juglans regia, Populus ciliate, subshrub Sambucus wightiana, and herbs such as Anthemis cotula, Amaranthus caudatus, Centaurea iberica and Datura stramonium (Haq et al., 2019, 2023b). The invasion of plant species is typically facilitated by disturbance because it overwhelms environmental and physical barriers. The parameters that cause the disturbances have been seen to be able to filter the makeup of a community and affect species concurrence by altering resource and safe spot availability (Davis et al., 2000; Haq et al., 2022c,2023a). Generally, those species having wide niches and can pass via these filters and likely to overrun newly ecosystems after these are disturbed (Dukes and Mooney, 1999). Furthermore, invasions of exotics into forests might be facilitated by the incursion of other plant species generating conditions that encourage other invasive plant species over native species (Niu et al., 2007). When alien species invade a newly range, innate plant species, adaptation to the new environment, is sometimes evacuated (van Boheemen et al., 2019). The vegetation composition variations rise via a variety of procedure sensuing the disappearance of the diversity of plant species such as communities change from native desired plant species to monospecific positions of the invasive plant species (Pérez-Ramos et al., 2019; Haq et al., 2021c). Invasive species have broad consequences in affecting potential management to decrease the effects of climate changes (Kraft et al., 2015).


Implications for forest management and policy

According to our findings, 35% of plant species were deemed to be alien, indicating that a large number of non-native species have spread to the inaccessible and isolated Himalaya region. We discovered a high percentage of exotic species (such as Aesculus indica, Ailanthus altissima, Sambucus wightiana, Anthemis cotula, Amaranthus caudatus, Centaurea iberica, and Datura stramonium) in disturbed forest habitats such as roadsides, and we propose that tunnels, rather than roads, are the best opinions of connectivity in fragile mountain ecosystems. The elements that threaten biodiversity must be minimized in order to keep ecosystems operating and their members intact. Regulations that limit alien species like Anthemis cotula, Artemisia absinthium, Bupleurum falcatum, Cuscuta reflexa, Galinsoga parviflora, and Senecio chrysanthemoides, introductions, and boost recovery, such as modifying structure through enhanced species regeneration and planting native species (Abies pindrow, Cedrus deodara, Pinus roxburghii, P. wallichiana, Taxus wallichiana, Betula utilis, Ulmus villosa, Trillium govanianum, Ajuga parviflora). We found that the study area serves as the natural habitat for several significant, endangered medicinal plants, including Arnebia benthamii, Bergenia ciliata, Delphinium roylei, Gentiana kurroo, Phytolacca acinosa, Saussurea costus, and Trillium govanianum. Therefore, we recommend that human intervention in natural regeneration efforts be prioritized in these habitats to increase the population of these species. Finally, existing knowledge of threats to the forest flora can be used to guide management in the face of future climate change. The forest management strategy could be organized so that potential hazards (like forest fragmentation, invasion of exotic species) are addressed before they become a problem. Furthermore, the majority of species recovery initiatives should focus on managing forest restoration in human modified habitats through by planting and reseeding native species like, Ulmus villosa, Betula utilis, Aconitum heterophyllum, Trillium govanianum, Fritillaria roylei, Arnebia benthamii, to lessen susceptibility to future threats in the landscape.




Conclusion

The identification of areas with a high value for biodiversity and the prioritization of these areas for conservation are crucial for preserving biodiversity. The present investigation described qualitative vegetation characteristics in a remote region of the Kashmir Himalaya. The dominance of few families, especially the Asteraceae, is a result of actual and potential dominating invaders in zones with significant disturbance. Therophytes emerged to be the primary form of life in the research area. The presence of a large fraction of therophytes indicates major anthropogenic disruptions. The study examined how environmental factors affect plant communities and placed special emphasis on the idea of habitat filtration as it relates to plant species’ abiotic tolerance. Furthermore, by examining species features from a functional groups standpoint, it may be possible to predict an ecosystem functionality more accurately. The study’s findings suggest that decision-makers and planners should place a greater emphasis on ecologically sustainable development in forest landscapes, considering species composition and the preservation of ecosystem function. Similar approaches should undoubtedly ensure that development activities do not contribute to biodiversity loss in fragile ecosystems.
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Higher global temperatures and intensification of extreme hydrologic events, such as droughts, can lead to premature tree mortality. In a Mediterranean climate like California, the seasonality of precipitation is out of sync with the peak growing season. Seasonal snowpack plays a critical role in reducing this mismatch between the timing of water input to the root zone and the peak forest water use. A loss of snowpack, or snow droughts, during warmer years, increases the asynchrony between water inputs and the peak of forest water use, intensifying water stress and tree mortality. Therefore, we hypothesize that the montane vegetation response to interannual climate variability in a Mediterranean climate is regulated by the snowpack. We tested this hypothesis using the 2012–2015 drought as a natural experiment. Regional Generalized Additive Models (GAMs) were used to infer and quantify the role of snowpack on forest water stress. The models simulate the Normalized Difference Infrared Index (NDII) as a proxy of forest water stress using water deficit (as seasonality index), location, slope, and aspect. The GAMs were trained using 75% of the data between 2001 and 2014. The remaining 25% of the data were used for validation. The model was able to simulate forest water stress for 2015 and 2016 across the northern, central, and southern Sierra Nevada with a range of R2 between 0.80 and 0.84. The simulated spatial patterns in forest water stress were consistent with those captured by the USDA Forest Service Aerial Detection Survey. Our findings suggest that the failure of a reduced snowpack in mitigating water deficit exacerbates forest water stress and tree mortality. Variations in water and surface energy budget across an elevational gradient play a critical role in modulating the vegetation response. These results provide insights into the importance of the Sierra Nevada snowpack under a warming climate. The models can aid forest managers to identify future forest water stress and tree die-off patterns.
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drought, forest, waterstress, tree mortality, snow, water deficit


Highlights

- Snowpack loss increases forest water stress and tree mortality.

- Trade-offs between water and energy availability across the landscape modulate the vegetation response.

- This study provides a predictive tool for identifying forest vulnerability to snowpack losses.



1. Introduction

Mediterranean mountainous ecosystems, such as Sierra Nevada forests in California, USA, are characterized by cold, wet winters and hot, dry summers. Precipitation (P) occurs mostly between October and May when water demand is low, asynchronous with the peak summer growing season (May–September). The temporal offsets between evapotranspiration demand and water inputs highlight the importance of above-ground snowpack storage and subsurface soil water storage in supporting forest ecosystems during the growing season (Garcia and Tague, 2015).

Droughts can intensify tree water stress and elevate the risks of tree mortality, particularly when coupled with higher temperatures (McDowell et al., 2008; Allen et al., 2015). Large precipitation deficits combined with remarkably warmer temperatures in 2014 and 2015 intensified the drought in California leading to a massive forest die-off (Williams et al., 2015; Bales et al., 2018; Goulden and Bales, 2019; Restaino et al., 2019). However, Sierra Nevada forests' response to drought is highly variable between water- and energy-limited regions (Das et al., 2013; Paz-Kagan et al., 2017). A temperature rise increases the vapor pressure deficit, causing more water stress in water-limited areas than in energy-limited areas (Allen et al., 2015; Bales et al., 2018).

Terrestrial water storage in the form of snowpack is particularly vulnerable to global warming and droughts. An increase in temperature influences the fraction of precipitation that falls as snow during the winter season, and the position of the rain–snow transition in the landscape, reducing the subsurface storage recharge through snowmelt during the spring and early summer (Garcia and Tague, 2015; Meixner et al., 2016). This loss of above-ground storage limits recharge to the root zone during the dry season (Barnett et al., 2005; Garcia and Tague, 2015). Even though Mediterranean forests are well adapted to hot and dry summers, high interannual and interseasonal precipitation variability can often induce water stress conditions (Tague et al., 2019). A reduction in water storage, both surface and subsurface, available to the vegetation during part of the growing season and extreme variations in evapotranspiration demand resulting from warmer temperatures and heatwaves are important contributors to forest ecosystem water stress (Allen et al., 2015; Garcia and Tague, 2015). Severe tree water stress conditions are known to trigger mechanisms of hydraulic failure, carbon starvation, and increased vulnerability to biotic agents, all of which contribute to tree mortality (McDowell et al., 2008). Recent studies have linked the 2012–2015 tree die-off in the Sierra Nevada to multi-year drying of the deep root zone water storage under below-normal precipitation and excessive warming (Goulden and Bales, 2019) along with increased competition for water due to an increase in tree density caused by an extensive fire suppression over the last century (Young et al., 2016; Fettig et al., 2019).

Declines in mountain snowpack have been observed in the last century across Western North America (Mote et al., 2005) as the precipitation phase continues to shift toward more rain instead of snow (Knowles et al., 2006; Safeeq et al., 2015). In the Sierra Nevada, the snowpack is expected to decline by as much as ~45% by the year 2050 (Siirila-Woodburn et al., 2021). Warmer atmospheric rivers are expected to produce more rain than snow (Siirila-Woodburn et al., 2021). Snow accumulation modulates the water availability in water-limited mid-elevations and is linked to forest productivity (Trujillo et al., 2012). Hence, in a warmer climate, the contribution of snowpack storage supporting forest ecosystems during the growing season will be reduced. In addition, future precipitation events will likely be more extreme but less frequent (Bedsworth et al., 2018; Swain et al., 2018). Therefore, the soil would dry earlier in the spring, the dry summer conditions will last longer, and warmer temperatures will further intensify summer droughts (Thorne et al., 2015; Swain et al., 2018). The exceptionally warm and dry droughts of the years 2014 and 2015, characterized by low snowpack, can be considered a likely analog for future climate and water supply scenarios (Dettinger and Anderson, 2015; Mann and Gleick, 2015).

Normalized Difference Infrared Index (NDII) (Kimes et al., 1981; Hardisky et al., 1983; Yilmaz et al., 2008), frequently called Normalized Difference Moisture Index (NDMI, Wilson and Sader, 2002), has been often used to map tree water stress and forest die-off. NDII showed a strong correlation with water balance, such as Precipitation (P)–Evapotranspiration (ET), and with the dead trees detected by the USDA Forest Service Aerial Detection Survey (ADS, U.S. Forest Service, 2016) in the Sierra Nevada (Goulden and Bales, 2019). However, the role of water delivery by snowmelt during late spring and early summer in regulating forest water stress has not yet been fully understood. Here, we utilized the 2012–2015 tree mortality episode in the Sierra Nevada as a natural experiment to investigate the role of snowpack in modulating the patterns of forest water stress and die-off. We hypothesize that the vegetation response to interannual variability in a Mediterranean climate is regulated by the snowpack dynamics. In the absence of snowpack storage, subsurface soil water storage alone may not be enough to support summer forest water demands.

The study was organized according to the following steps: (I) collect and assemble existing spatial climate datasets and register them at the same spatial scale (coordinate reference system and spatial resolution); (II) calculate water deficit using a spatial water balance approach; (III) analyze vegetation responses to water deficit across the elevation gradient; and (IV) build, train, and test a set Generalized Additive Models (GAMs) and use them to simulate 2015 and 2016 NDII.



2. Methods


2.1. Study area

We focused the study on the western slope of the Sierra Nevada mountains in California (Figure 1). To better capture the climate and geologic variability, the study area was further divided into three regions: Northern Sierra (NS), Central Sierra (CS), and Southern Sierra (SS) (Figure 1A). This analysis focused on drought-sensitive evergreen forests (Figure 1B).


[image: Figure 1]
FIGURE 1
 Sierra Nevada's study area and landscape characteristics: (A) study area's regions: northern, central, and southern Sierra, with elevation in meters above the sea level; (B) land cover classes from NLCD2011 and burned areas obtained from MTBS; (C) northness (North = 1, South = −1); (D) slope in degrees [°].


Northern Sierra is characterized by moderate elevation (elevation range from 42 to 3,071 masl, mean = 1,274 masl) and underlying volcanic and metamorphic rocks (Irwin, 1990). The average (2000–2016) annual precipitation and mean daily temperature over the NS region were 1,149 mm/yr and 10.7°C, respectively. CS is characterized by a slightly steeper elevation gradient (elevation range from 51 to 3,807 masl, mean = 1,259 masl) and by the presence of metamorphic and granitic rocks (Irwin, 1990). The precipitation averaged over the CS was 1,076 mm/yr, and the mean temperature was 11.7°C between 2000 and 2016. SS is characterized by a higher elevation (elevation range from 1,346 to 4,033 masl, mean = 1,837 masl) and by the predominance of granitic rocks (Irwin, 1990). The 2000–2016 precipitation averaged over the SS was 768 mm/yr, and the 2000–2016 average mean temperature was 9.3°C. As evident, the amount of precipitation and average temperature decrease along the north–south gradient, causing more of that precipitation to fall as snow (Bales et al., 2006).

The ecosystems in the study area follow the elevational gradient. At low elevations below approximately 1,200 masl, the lower montane blue oak-foothill pine woodland and savanna are dominant. This system is characterized by species, such as California foothill pines (Pinus sabiniana), oaks, and other broadleaf trees and shrubs. Low- and mid-elevations, ranging from approximately 600 to 1,800 masl in the NS and 800 to 1,600 masl in the CS and SS, are dominated by dry-mesic mixed conifer forests, like Douglas firs (Pseudotsuga menziesii), ponderosa pines (Pinus ponderosa), and California incense cedars (Calocedrus decurrens). Mesic mixed conifer forests dominate the mid-elevation region (1,400–2,500 masl), which has an average annual precipitation of 1,000–1,500 mm, with roughly half falling as snow. This elevation region is characterized by conifers such as white firs (Abies concolor), California incense cedars (C. decurrens), and sugar pines (P. lambertiana), with limited areas dominated by Giant Sequoias (Sequoiadendron giganteum). Ponderosa pine (P. ponderosa) and jeffrey pine (P. jeffreyi) forests can be found at higher elevations (2,200–3,000 masl), while red fir (A. magnifica) forests can be found mostly in areas with deep, drained soils that heavily rely on snowpack. At elevations above 3,000 masl, the subalpine lodgepole pine (P. contorta) is dominant (Comer et al., 2003; U.S. Geological Survey, 2016; Supplementary Figure S1).



2.2. Spatial datasets
 
2.2.1. Digital elevation model, land cover, and fire masks

The study area was delineated using ~30 m (1 arc-second, Figure 1A) digital elevation model (DEM, U.S. Geological Survey, 2017) and the HUC-8 watershed boundaries from the USGS Watershed Boundary Dataset, WBD (U.S. Geological Survey, 2020). We performed a terrain analysis, using TauDEM (Tarboton, 2005) and R (R Core Team, 2021), and obtained northness (North/South) and slope (Figures 1C, D).

We used land cover data from the National Land Cover Database (NLCD 2011; Dewitz, 2014) and the GAP/LANDFIRE National Terrestrial Ecosystems (U.S. Geological Survey, 2016), respectively, to select all the pixels with evergreen forests (Figure 1B) and to identify the most common plant communities. Monitoring Trends in Burn Severity (MTBS, Eidenshink et al., 2007) burned area polygons (Figure 1B) were used to mask and exclude all areas where a fire occurred between 1984 and 2016 from the further analysis. Additional information is reported in the Supplementary material (section “land cover and fire masks”).



2.2.2. Precipitation and temperatures

We obtained daily total precipitation (mm/day) and daily maximum and minimum temperatures (°C) from the parameter-elevation regressions on the independent slopes model (PRISM, Daly et al., 1994) at 30 arcsec (~800 m) resolution from 2000 to 2016. We aggregated the daily rasters to obtain the monthly average temperatures (Tm) and monthly total precipitation (Pm). Pm and Tm were then spatially downscaled from 30 arcsec (~800 m) to 0.005 degrees (~500 m) resolution using the downscaling method from Zimmermann and Roberts (2001) and Lute and Abatzoglou (2020). Additional information on the downscaling method is reported in the Supplementary material (section “precipitation and temperatures downscaling method”).



2.2.3. Monthly potential evapotranspiration

We calculated monthly potential evapotranspiration (PETm) for each pixel, using the modified Hamon approach (1963) (adopted by Dingman, 2002; Fellows and Goulden, 2016; Roche et al., 2020): first, monthly potential evapotranspiration was estimated using the original Hamon (1963) model as follows:

[image: image]

where L is the median day length (hours) (obtained using insol R package; Corripio, 2021); n is the number of days in the month; Tm is the monthly average temperature; and Esat is the saturated vapor pressure (kPa) calculated as [image: image]. Subsequently, PETHamon values were adjusted using a scaling factor of 1.265 to minimize the bias (Fellows and Goulden, 2016) as follows:

[image: image]
 

2.2.4. Snow water equivalent

We obtained daily snow water equivalent (SWE) (2000–2016) from the Sierra Nevada snow reanalysis dataset (Margulis et al., 2015, 2016). We used changes in daily SWE (ΔSWE) to estimate monthly snow accumulation (∑SWE+) and monthly snowmelt output (∑SWE−). Sublimation losses and snow redistribution were not considered. In the event of a discrepancy between Pm and ∑SWE+, we adjusted the Pm to match the differences between the two datasets. For each month m, if the total precipitation was less than the snow accumulation, we adjusted the total precipitation to match the snow accumulation.



2.2.5. Water deficit

We used the seasonality index (Leibowitz et al., 2011; Wigington et al., 2012) to explore and analyze seasonal water availability and its effect on vegetation. A monthly water surplus (Sm) can be estimated as follows:

[image: image]

where ΔSWEm is the monthly variation in snow water equivalent estimated as the difference between snow accumulation and melt (i.e., ∑SWE+ − ∑SWE−). Equation (3) accounts for the seasonality of water inputs and water demands. We defined water surplus (WS) when Sm > 0 and water deficit (WD) when Sm < 0. We calculated the yearly WD as the sum of the monthly WD for each water year. For clarity, we reversed the sign of the WD to have positive values.

We focused on the WD months to emphasize the importance of water released through snowmelt during the growing season (Figure 2). During a warmer year, a snowpack loss will reduce the water available for the vegetation during the dry summer season, inducing an additional WD. The extra WD, triggered by snowpack loss, is additionally exacerbated by an increase in evaporative demand (not reported in the conceptual Figure 2). In this study, we did not account for lateral flow and subsurface water storage.


[image: Figure 2]
FIGURE 2
 Conceptual diagram including the monthly potential evapotranspiration (PET, orange line); monthly water inputs (monthly rain + monthly snowmelt) in a water year characterized by an average snowpack (blue continuous line), and in a water year with a reduced snowpack (blue dashed line). Water deficit (gray areas) represents the negative difference between water inputs and potential evapotranspiration. A reduction in the snowpack, with a consequent failure in delivering the water during the spring and early summer, involves an increase in water deficit [extra water deficit (dark-gray area)].




2.2.6. Forest water stress

Normalized Difference Infrared Index (NDII) is a spectral index sensitive to vegetation canopy water content (Ceccato et al., 2002; Davidson et al., 2006). NDII is correlated with the canopy water content in different forest types (Cheng, 2007). We obtained near-infrared reflectance (NIR) and short-wave infrared reflectance (SWIR) values from MODIS/Terra 8-Day L3 Global 500 m (MOD09A1 Version 6; Vermote, 2015), from 2001 to 2016. Conversions from sinusoidal projection to NAD 83 were performed using the MODIStsp R package (Busetto and Ranghetti, 2016).

NDII was computed using the formula:

[image: image]

Monthly NDII was obtained as the median of 8-day NDII. The 8-day NDII values were masked for clouds by excluding all the pixels with state quality assessment flags different than “clear.” Pixels with poor data quality were flagged as missing. While spring NDII reflects year-to-year variations in perennial evergreen and deciduous vegetation, it also includes the peak of grasses and spring deciduous vegetation productivity. Late summer season NDII is better suited to isolate the interannual response of evergreen forests (Goulden and Bales, 2019). Therefore, late summer season NDII (hereafter NDII) was calculated as an average of August, September, and October NDII.




2.3. Analysis
 
2.3.1. Progression of the drought

We performed an exploratory analysis to investigate the time series of average temperatures, precipitation, and snow accumulation, from 2000 to 2016, and NDII, from 2001 to 2016, for each Sierra Nevada study region (i.e., NS, CS, and SS). Consequently, we analyzed the spatial patterns of cumulative water deficit and the changes in NDII between each year from 2012 to 2016 and the pre-drought conditions, from the 2009–2011 average NDII.



2.3.2. Role of snow on water deficit

Statistical analysis was performed for each Sierra Nevada study region (i.e., NS, CS, and SS) and at six predefined elevation bands (< 1,000; 1,000–1,500; 1,500–2,000; 2,000–2,500; 2,500–3,000; and ≥3,000 masl). We used the lmg (Lindeman et al., 1980) relative importance analysis (ralaimpo R package; Groemping, 2006) to quantify the individual contribution (i.e., partition-explained variance) of snowmelt and potential evapotranspiration to water deficit in the linear regression equation, across the elevation bands. Additionally, 95% bootstrap confidence intervals for relative importance were obtained using 1,000 realizations.



2.3.3. Role of water deficit on NDII

We analyzed how NDII is related to water deficit to inspect regional vegetation-elevation patterns. We obtained the yearly averages for each region of NDII (response variable) and WD (explanatory variable), and we built a linear model. Accordingly, we obtained the yearly averages for each region and elevation band, and we performed an analysis of variance (ANOVA) to investigate whether the introduction of the elevation bands as an additive term significantly improved the model. Finally, we investigated the statistical significance of the interaction terms, followed by a regression coefficient pairwise comparison between the elevation bands.



2.3.4. Model building

We developed a set of three generalized additive models (GAMs) to analyze the spatiotemporal effects of multiyear cumulative water deficit on vegetation response. GAMs (Hastie and Tibshirani, 1986) are a semi-parametric extension of generalized linear models (Aalto et al., 2012; Crockett and Westerling, 2017) with a linear predictor involving a sum of smooth functions of covariates. We built separate models for NS, CS, and SS using the “Generalized Additive Models for very large datasets” R function (BAM function from mgcv package in R (Wood et al., 2014; Wood, 2017; Li and Wood, 2019).

We included four sets of smooth functions si in the models (Supplementary Figures S2–S4): The first set of smooth functions includes the 2-year cumulative water deficit for five plant communities' classes and accounts for the multi-year disturbance effect. The plant communities' classes include the four most common terrestrial ecological systems in each region (Table 1), while the fifth class (“other”) includes all the remaining evergreen forest pixels. Water deficit is strongly correlated (Pearson's correlation r > |0.6|) with many climatic and landscape variables. These variables are, therefore, redundant and excluded from the model. The choice of a 2-year cumulative water deficit is based on model evaluation using Akaike's and the Bayesian information criteria. The second smooth function includes latitude (lat) and longitude (long) and accounts for spatial locations and spatial correlation between neighboring pixels; the third smooth function includes slope to account for differences between steep and flat areas; the fourth smooth function includes northness to account for the differences in water demands between sunny south-faced slopes and shady north-faced slopes. These smooth functions were used to estimate the vegetation response as NDII index. For each region, the model has the following structure:
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where NDII is the response, β0 is the intercept, si are smooth functions estimated by fast stable restricted maximum likelihood (fREML), and lat, long, 2-year cumulative water deficit (cumulative WD) for each of the five plant community classes j, slope, and northness are explanatory variables. We selected generalized additive models with separated terms to distinguish the influence of location, slope, northness, and 2-year cumulative WD on NDII. We used thin-plate splines that are particularly suited to interpolate climatic data (Hong et al., 2005; Aalto et al., 2012), to estimate smooth functions based on a scaled t distribution to account for heavy-tailed data (Wood et al., 2016). The models were fit to 75% of the data from 2000 to 2014, leaving the remaining 25% for validation. Consequently, we applied three increasing perturbations (+100 mm, +500 mm, and +800 mm) to the average (2002–2014) 2-year cumulative WD to test the model sensitivity of vegetation moisture response (NDII). We then used the models to simulate 2015–2016 NDII given a 2-year cumulative WD and checked simulation performance. Post-checks on the autocorrelation of model residuals were also performed. Finally, we created a set of maps for forest water stress, defined as NDII anomalies ([image: image]).


TABLE 1 Ecological systems used in defining the two-year cumulative Water Deficit (WD) smooths in the GAM model.

[image: Table 1]





3. Results


3.1. Progression of the 2012–2015 drought

During the 2012–2015 drought, the average precipitation declined by −20% in the NS, −26% in the CS, and −40% in the SS, compared to the 2000–2016 average (Table 2). Additionally, the 2012–2015 drought was also characterized by warmer temperatures (+0.7°C in the NS, +0.6°C in the CS, and +0.7°C in the SS). The snow accumulation declined to its lowest levels [139 mm in the NS (−48%), 181 mm in the CS (−46%), and 223 mm in the SS (−48%)]. Accordingly, the NDII decreased substantially, all but at a varying rate between NS (−1%), CS (−4%), and SS (−12%), compared to the 2000–2016 average (Table 2, Figure 3). As a comparison, the 2007–2008 drought had a similar change in precipitation (−26% in the NS, −26% in the CS, and −27% in the SS). However, the duration of this drought was shorter with slightly cooler temperatures than the 2000–2016 average and thus by a modest snow accumulation decrease (−4% in the NS, −7% in the CS, and −9% in the SS). The average 2007–2008 NDII was higher in the NS (+2%) and the SS (+2%) and slightly lower in the CS (−1%) (Table 2, Supplementary Figure S5). The relationship between the change in NDII during the drought and the tree die-off (dead trees/ha) from the Forest Service Aerial Detection Survey (ADS) showed a moderate–strong correlation (Figure 4). The strength of the correlation increased as the drought progressed. In addition, NDII and basal area are related through a linear-log function (R2 = 0.35, p-value < 0.001, Supplementary Figure S6) (GNN dataset; LEMMA group, 2015).


TABLE 2 Average values of climate and forest water stress variables for each region obtained considering all the unburned evergreen forest pixels.
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FIGURE 3
 Time series of average temperatures, precipitation, and snow accumulation, from 2000 to 2016, and Normalized Difference Infrared Index (NDII), from 2001 to 2016, across the three study regions (NS, CS, and SS). The 2007–2008 and the 2012–2015 droughts are highlighted in red.



[image: Figure 4]
FIGURE 4
 Relationship between the tree die-off (dead trees/ha) from the forest service Aerial Detection Survey (ADS) and the variation in NDII across different years (I = 2014, 2015, and 2016) during the drought ([image: image]), binned by elevation.


Spatial patterns of cumulative water deficit severely increased during the drought years. Mid- and low-elevation forests exhibited higher cumulative water deficit, particularly in the SS, where the increase was more severe. The progressive decline in NDII across time is coherent with the cumulative water deficit increase, particularly in SS, which was more affected by tree mortality episodes. However, visual acuity shows a discrepancy between NDII and cumulative water deficit in the NS and the CS (Figure 5). Contrary to the SS, the increased water deficit in the NS and CS in 2015 and 2016 did not correspond to a severe decrease in the NDII.


[image: Figure 5]
FIGURE 5
 Progression of the drought: in the top panels, cumulative water deficit during the drought; in the bottom panels, changes in NDII between each year of the drought and the pre-drought conditions (average 2009–2011).



3.1.1. Role of snowpack

Water deficit has been used to investigate how the loss of snowpack and the increase in evaporative demand aggravated the asynchrony between water inputs and forest water demands. The relative importance analysis showed that snowmelt explained most of the variation of water deficit in the SS (43%), while in the NS and CS, PET was the dominant variable. Across the elevation gradient over the entire study area, the contribution of snowmelt to the water deficit increased with elevation, becoming the most important variable approximately 2,000–2,500 masl (Supplementary Figure S7).



3.1.2. Role of water deficit on NDII

The regional yearly average vegetation moisture (NDII) decreased from north to south, driven by an increase in WD (Figure 6). However, across the elevation gradient, NDII is non-linearly related to the yearly water deficit (Supplementary Figure S8). Higher elevation pixels (>2,500 masl) are contradistinguished by lower NDII and lower water deficit. Conversely, lower elevation pixels (< 1,000 masl for central and southern Sierra) are characterized by lower NDII and higher water deficit. Mid-elevation pixels are characterized by higher NDII and moderate water deficit. For each elevation band, an increase in water deficit resulted in a reduction in vegetation water content (negative regression coefficient). For all three regions, the contribution of elevation as an additive term is significant (p-value < 0.05). However, when the interaction term was included in the linear model, only a few elevation bands resulted significantly. The following pairwise comparison indicated no significant difference between the regression coefficients at different elevation bands. The same analysis was repeated using the cumulative 2-year water deficit (Supplementary Figure S9). In the southern Sierra, the 1,000–1,500 masl regression coefficients resulted significantly different compared to the band < 1,000 masl (p-value = 0.01) and the 3,000–4,035 masl (p-value = 0.02) regression coefficients. All the remaining regression coefficients resulted not significantly different.


[image: Figure 6]
FIGURE 6
 Relationship between NDII and water deficit across northern, central, and southern Sierra. Each dot represents the yearly average of each region.





3.2. Predicting vegetation water stress with generalized additive models

The models showed a robust performance in predicting vegetation moisture (NDII). For the southern Sierra, the coefficients of determination (R2) were 0.85, 0.84, and 0.83, respectively, for model validation, 2015 simulation, and 2016 simulation (Figure 7) and the RMSEs were 0.051, 0.069, and 0.071, respectively. Although the model had a slight tendency in overestimating the measured MODIS NDII in 2015 and 2016, most of the NDII simulations were consistent with the measured NDII (filled with lighter colors). The models can detect the distribution of the most productive region at mid-elevation [i.e., northern, central, and southern Sierra (Supplementary Figures S2–S4)]. In addition, the model captured an important partial effect of the 2-year cumulative water deficit for each ecological system, as well as a moderate partial effect of the slope and the northness.


[image: Figure 7]
FIGURE 7
 Model performance in the Sierra Nevada regions: NDII measured versus NDII simulated for (A) the validation pixels (25% of the pixels excluded from the training between 2001 and 2014); (B) 2015 simulation; (C) 2016 simulation.




3.3. Model sensitivity analysis

A 100-mm increase in the average 2-year cumulative WD was not translated in a conspicuous estimated vegetation moisture variation (±0.05) (Figure 8). A 500-mm perturbation caused a decrease in vegetation moisture response with spatial patterns mostly located in the SS middle-elevation forests. An 800-mm perturbation was translated into a severe decrease in vegetation moisture response across the mid-elevation forests in all the regions. Some low- and high-elevation areas were still insensitive to 2-year cumulative WD perturbations. The model sensitivity was analyzed by region and ecological system (Supplementary Figure S10). By increasing the perturbation, differences in each ecological system are evident. An 800-mm perturbation caused the most severe decrease in vegetation moisture response in the NS dry-mesic mixed conifer forests and the CC and SS mesic mixed conifer forests.


[image: Figure 8]
FIGURE 8
 Modeled NDII sensitivity based on three different perturbations (100, 500, and 800 mm) applied to the average (2002–2014) 2-year cumulative WD.




3.4. Forecast maps and spatial patterns of forest water stress

The prediction of vegetation moisture (NDII) combining 2-year cumulative water deficits for each ecological system, slope, northness, and geographical coordinates allowed us to inspect the spatial pattern of forest water stress in relation to the Forest Service Aerial Detection Survey polygons. The water stress has been determined as NDIIanomalies defined as the difference between the simulated NDII for 2015 and 2016, estimated using cumulative WD and generalized additive models, and the average late summer season NDII for the period 2009–2011 (non-drought conditions). The resulting map (Figure 9) showed, for the SS region, an agreement between the spatial patterns of water stress and the 2015 Aerial Detection Survey. The difference between low tree mortality (< 10 dead trees/ha) and severe tree mortality (>100 dead trees/ha) was statistically significant (Wilcoxon rank-sum test, p-value = 0.049). Maps related to the NS and CS and 2016 SS are reported in the Supplementary Figures S11–S15.


[image: Figure 9]
FIGURE 9
 (A) Spatial patterns of dead trees from the Aerial Detection Survey (ADS) and anomalies in NDII for the year 2015 in the southern Sierra. A zoom into boxes A1 and A2 highlights the overlay between the ADS and the more severe simulated anomalies in NDII. (B) Comparison between density plots of anomalies in NDII for the year 2015 in the southern Sierra: In blue, pixels are characterized by low/undetected tree mortality (<10 dead trees/ha); in red, pixels are characterized by severe tree mortality (>100 dead trees/ha).





4. Discussion

Our findings suggest that snowpack loss, associated with an increase in temperatures, exacerbates vegetation water stress and consequent tree mortality episodes. The water availability necessary to maintain xylem functionality and photosynthesis is constrained by the terrestrial water storage (snowpack and subsurface water storage) and by the ability of vegetation to access it (Bales et al., 2018; Klos et al., 2018). The snowpack recharges the root zone water storage more efficiently than rain (Earman et al., 2006; Meixner et al., 2016) and provides the water necessary for the vegetation in spring and early summer when precipitation is low or absent. We used WD as a seasonal index to account for the differences in time and magnitude between water inputs and water demand. WD indicates the negative difference between monthly water inputs and monthly potential evapotranspiration (PET). The water delivered by the snowpack alleviates the WD and aids the subsurface storage in sustaining the vegetation during the growing season. Furthermore, variations in the snowpack, snowmelt timing, and temperatures directly modulate the water deficit, as confirmed by the high correlation between snowmelt and PET. As the drought propagates, an increase in WD occurred in the whole Sierra Nevada. Mid- and low-elevation forests exhibit higher cumulative water deficit across time. The increase in cumulative water deficit was particularly high in the southern Sierra region (Figure 5), which was the most affected by the 2012–2016 tree mortality episodes (U.S. Forest Service, 2016). However, in the northern and central Sierra, the increase in the cumulative deficit was not translated into vegetation water stress and tree mortality as severely as in the southern Sierra. This can be explained by the higher subsurface water available in the northern and central Sierra, as shown in previous studies (Fellows and Goulden, 2016).

Additionally, water and energy gradients across the elevation profile play a key role in the spatial distributions of forest water stress. At mid-elevation, previous studies indicate that ET is about equal to PET (Fellows and Goulden, 2016). The average yearly water deficit (pre-drought 2000–2011) in the southern Sierra for the conifer forests at mid-elevation (1,500–2,000 masl) was 528 mm (q0.25 = 438 mm, q0.75 = 607 mm). These average conditions (pre-drought) indicate that the WD was satisfied by the subsurface water storage, and it is consistent with the conifers' water withdrawal from the belowground estimated by Fellows and Goulden (2016) (30 years mean soil water drawdown of the conifers at 1,500 masl of ~400 mm ± ~100 mm). The 2-year cumulative WD (during dry years) at the mid-elevation region is consistent with the estimated subsurface water storage of 140 cm at the 1,100 masl Southern Sierra Critical Zone Observatory (SSCZO) site by Klos et al. (2018) and with the cumulative P-ET drought equilibrium of ~1,500 mm at mid-elevation obtained by Goulden and Bales (2019). At mid-elevation, NDII is higher, which indicates higher moisture content in leaves. Our study indicates that NDII and basal area are related through a linear-log function (Supplementary Figure S6). Furthermore, NDII is positively correlated with both NDVI and LAI (Goulden and Bales, 2019). Hence, the higher sensitivity (Figure 8 and Supplementary Figure S8) of the Southern Sierra NDII to the 2-year cumulative water deficit at mid-elevation indicates the higher vulnerability of the denser mid-elevation forests, consistent with Young et al. (2016) and Fettig et al. (2019).

The regional generalized additive models were trained to capture how forest moisture (NDII) varies in the landscape (using a combination of latitude, longitude, slope, and northness) based on a 2-year cumulative WD by different ecological systems, which is the unique independent variable considered that varies through time. The model results show robustness in simulating forest moisture (NDII) between regions (northern, central, and southern Sierra) and between simulated years (2015 and 2016). Our findings suggest that the difference between evaporative demand and water inputs (i.e., WD) can be used to estimate forest water stress, as NDII. The simulated anomalies in forest moisture (NDII) were reflected in the Forest Service Aerial Detection Survey (ADS) in 2015 and 2016 (Figure 9, Supplementary Figures S11–S15).

Tree species can respond differently to variations in the water balance (Hinckley et al., 1978). Some species can tolerate a larger spectrum of water availability (Lutz et al., 2010) and have different regulation strategies during dry conditions (McDowell et al., 2008). A previous study showed that across the elevation gradient, tree mortality was species-specific (Paz-Kagan et al., 2017). The inclusion of the different smooth functions in the model training helps to identify in space how pixels characterized by different vegetation composition, forest structure, and average water available respond to different levels of water deficit. Our results suggest that in the CS and SS, the mesic mixed conifer forest and the dry-mesic mixed conifer forest are the most vulnerable to cumulative water deficit variations (Supplementary Figure S10). The tree species characterizing these ecological systems are consistent with the trees least tolerant to drought reported by Kocher and Harris, 2007.


4.1. Limitations and uncertainties

Possible limitations and sources of uncertainties in this study can be identified in the following. First, the difference in the original resolution between the spatial datasets (PRISM ~800 m, MODIS ~500 m, NLCD 2011 30 m, GAP/LANDFIRE 30 m, DEM 30 m, and SWE ~90 m) may lead to inaccuracies in water deficit calculations. However, PET used in the water deficit calculation can be useful to overcome the non-availability of independent ET measurements. Second, there are temporal differences between the Aerial Detection Surveys and late summer season NDII (ADS performed during July–August 2015 and May 2016, while the late summer season NDII was derived as an average of MODIS scenes from August, September, and October). Third, in this study, we did not consider non-drought-related tree mortality (i.e., bark beetle). However, tree defenses weakened by the drought, and the consequent increase in insects and pathogens, may induce a lag in tree mortality (Das et al., 2013; Young et al., 2016). Fourth, due to the typology of the chosen statistical model, we did not account for streamflow, lateral water redistribution, and subsurface flow. This may lead to forest moisture underestimation in valleys and overestimation in runoff generation areas.



4.2. Future implications

Increases in tree mortality episodes, wildfire extent, and wildfire severity have been linked to temperature increases and lower precipitation (Crockett and Westerling, 2017). Future model projections indicate a decline and even disappearance in some parts of the snowpack in the Sierra Nevada by the end of the century (Siirila-Woodburn et al., 2021). Consequently, an increase in the summer water deficit will likely involve an increase in forest vulnerability, water stress, tree mortality, and severe wildfire risks. Higher elevation regions may be affected as well. Some locations, due to the low water storage, heavily rely on lateral flows and snowpack accumulation to support ET. The vegetation response to variations in water and energy availability will affect streamflow generation as well (Safeeq and Hunsaker, 2016). Forest management can contribute to partially mitigating such risks. A reduction in forest density can enhance forest health, increase streamflow (Tague et al., 2019), restore forest-fire resilient conditions (McKelvey and Johnston, 1992), and eventually maximize the trade-off between snow accumulation and snow ablation (Broxton et al., 2020).




5. Conclusion

We evaluated and simulated using linear regressions and regional Generalized Additive Models (GAMs) how temperature and seasonal snowpack variations can affect NDII as a proxy of forest water stress. We used water deficit as a seasonality index to inspect the critical role of mountain snowpack in reducing the mismatch between the timing of water input to the root zone and the peak forest water use under the Mediterranean climate of the Sierra Nevada. Our findings suggest that a loss of snowpack will increase the water deficit, which will lead to higher forest water stress. However, the availability of subsurface storage or lower evaporative demand can modulate the vegetation response to changes in snowpack. Consistent with previous studies, the response of the denser mid-elevation forests in the proximity of the rain–snow transition zone is more sensitive to water deficit variations. This suggests a snowpack dependence in satisfying ET requirements. We simulated forest water stress for 2015 and 2016 for the different regions (i.e., northern, central, and southern Sierra) with a range of R2 between 0.80 and 0.84. The predicted spatial patterns in forest water stress were comparable with the tree die-off detected by the USDA Forest Service Aerial Detection Survey. These results can provide insight into the importance of the Sierra Nevada snowpack in a warming climate and make predictions on vulnerable areas.
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Forest operations can cause long-term soil disturbance, leading to environmental and economic losses. Mobile LiDAR technology has become increasingly popular in forest management for mapping and monitoring disturbances. Low-cost mobile LiDAR technology, in particular, has attracted significant attention due to its potential cost-effectiveness, ease of use, and ability to capture high-resolution data. The LiDAR technology, which is integrated in the iPhone 13–14 Pro Max series, has the potential to provide high accuracy and precision data at a low cost, but there are still questions on how this will perform in comparison to professional scanners. In this study, an iPhone 13 Pro Max equipped with SiteScape and 3D Scanner apps, and the GeoSlam Zeb Revo scanner were used to collect and generate point cloud datasets for comparison in four plots showing variability in soil disturbance and local topography. The data obtained from the LiDAR devices were analyzed in CloudCompare using the Iterative Closest Point (ICP) and Least Square Plane (LSP) methods of cloud-to-cloud comparisons (C2C) to estimate the accuracy and intercloud precision of the LiDAR technology. The results showed that the low-cost mobile LiDAR technology was able to provide accurate and precise data for estimating soil disturbance using both the ICP and LSP methods. Taking as a reference the point clouds collected with the Zeb Revo scanner, the accuracy of data derived with SiteScape and 3D Scanner apps varied from RMS = 0.016 to 0.035 m, and from RMS = 0.017 to 0.025 m, respectively. This was comparable to the precision or repeatability of the professional LiDAR instrument, Zeb Revo (RMS = 0.019–0.023 m). The intercloud precision of the data generated with SiteScape and 3D Scanner apps varied from RMS = 0.015 to 0.017 m and from RMS = 0.012 to 0.014 m, respectively, and were comparable to the precision of Zeb Revo measurements (RMS = 0.019–0.023 m). Overall, the use of low-cost mobile LiDAR technology fits well to the requirements to map and monitor soil disturbances and it provides a cost-effective and efficient way to gather high resolution data, which can assist the sustainable forest management practices.
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1. Introduction

Forest operations can have a significant impact on soil structure and health (Ampoorter et al., 2010, 2012; Koreň et al., 2015). These changes can adversely affect soil fertility, water retention capacity, nutrient cycling, and vegetation growth (Frey et al., 2009; Tavankar et al., 2017; Dudáková et al., 2020). Therefore, monitoring soil disturbance is essential to mitigate its effects on forest ecosystems (Nikooy et al., 2020; Mohieddinne et al., 2022), meaning that estimates on its extent, severity and dynamics are critical for the effective forest management and conservation efforts (Tavankar et al., 2017; Nikooy et al., 2020). Traditionally, the estimation of soil disturbance has been done through manual measurements and visual assessments (Nichol and Wong, 2005; Frankl et al., 2011) which can be time-consuming, labor-intensive (Sharma, 2018), costly, and prone to errors. Additionally, these methods may not capture spatial and temporal variability in soil disturbance due to their limited coverage (Coleman, 2005; Cécillon et al., 2009; Sharma, 2018).

There are several harvesting systems used under the mountainous conditions (Heinimann, 2000, 2004; Pentek et al., 2008). Although in sloped terrains cable yarding should be preferred (Heinimann, 2000, 2004; Heinimann et al., 2001; Pentek et al., 2008; Spinelli et al., 2021) due to its low impact to the ground, this kind of technology still accounts for a small share in the European countries (Heinimann et al., 2001; Spinelli et al., 2013; Böhm and Kanzian, 2022). The alternatives are ground-based extraction systems which usually include either a forwarder (Pentek et al., 2008; Visser and Stampfer, 2015) or a skidder (Pentek et al., 2008; Jaafari et al., 2014). Their use comes at the expense of some soil impact such as compaction and rutting (Cambi et al., 2015, 2016, 2017; Pierzchała et al., 2016). In some cases, extraction is done by skidding after building bladed skid roads (Vinson et al., 2017) which, in time, may be affected by erosion (Shishiuchi, 1993; Brown et al., 2013), meaning that soil particles are washed, and the ruts become more prominent (Brown et al., 2013; Vinson et al., 2017).

LiDAR is an optical device that utilizes lasers in measuring the distances and positions of objects (Stovall et al., 2017; Elhashash et al., 2022). It gives precise individual point measurements on a 3D object, with the collective measurements providing information about the object’s shape and surface characteristics (Elhashash et al., 2022). It is highly accurate, quick, provides dense 3D information, and can penetrate sparse objects like canopies (Stovall et al., 2017; Elhashash et al., 2022). Hence, Stovall et al. (2017) and Wilkes et al. (2017) have proposed that LiDAR is a feasible method to offer fast, precise, and non-invasive assessments of forest biophysical characteristics. According to Beland et al. (2019), it is crucial in LiDAR-based research to make decisions about the type of LiDAR platform that is best for extracting the necessary information, the provider who will conduct the survey, the protocols that will be used for the survey, and the tools and processing methods that will be used to transform raw LiDAR data into useful information. The five main LiDAR platforms used in forest research are airborne laser scanning (ALS) from manned aircraft, unmanned aerial vehicle (UAV) laser scanning (ULS), terrestrial laser scanning (TLS) from a stationary ground platform, mobile laser scanning (MLS) from a moving ground platform, and spaceflight lidar (SLS) (Akay et al., 2009; Beland et al., 2019; Talbot and Astrup, 2021).

The use of LiDAR platforms in studies on forest ecosystem management has been around since the 1960s and 1970s (Nitoslawski et al., 2021). Nevertheless, Dassot et al. (2011) and Mohan et al. (2017) report that it is still one of the most widely used tools for forest research and management. It is frequently combined with other remote sensing techniques, such as satellite imaging (Ke et al., 2010; Tigges et al., 2013), to evaluate tree characteristics and forest structure. LiDAR methods are frequently used in conjunction with laser scanning methods for land or airborne platforms for forest inventory. For instance, MLS has been used in several forestry applications, including non-destructive estimation, forest inventory, canopy mapping, crown projection, and evacuation planning (Novo et al., 2020; Shao et al., 2020). Similarly, UAV has been used in tree growth models, forest inventory, economic and ecological stand value, monitoring and detection of forest fires, and assessment of forest structure and characteristics (Milas et al., 2018; Krause et al., 2019). TLS has also been used for automatic tree detection, leaf and wood separation, assessment of forest structure and characteristics, automated processing chains, and forest inventories (Cabo et al., 2018; Vicari et al., 2019; Wang et al., 2020). According to Dassot et al. (2011) and Heinzel and Koch (2011), ALS can be used for a variety of forestry research tasks, such as forest inventory, tree crown delineation, assessment of forest parameters and structure, 3D data collection, ecological research, transpiration, habitat diversity, and flood modeling. Spatial resolution, occlusion, and coverage are the three key opposing features of these five different types of LiDAR platforms, which make it easier to comprehend the advantages and drawbacks of each type of platform and choose the best option for a particular research application (Beland et al., 2019).

For measuring soil impacts using contemporary technology, several methods, including proximal, mobile, and low-cost remote sensing, have been proposed recently (Talbot and Astrup, 2021), but little research has been done on their suitability for use in research trials or the possibility of use in operational forestry settings. Proximal remote sensing is a quick and non-intrusive imaging technique that involves briefly and closely positioning the target object beneath the camera’s lens to get information on its transmittance or reflectance (Doetterl et al., 2013; Nansen and Strand, 2018). According to Talbot and Astrup (2021), proximal sensing technologies are becoming more and more common in a variety of environmental sciences sectors, including the measurement of ground surfaces to analyze how tracked and wheeled machinery affects the displacement of forest soil. Doetterl et al. (2013) claim that proximal soil sensors can measure soil parameters rapidly, precisely, more inexpensively, and directly in the field, giving the data a more accurate representation of the soil there, while Liu et al. (2019) describe the mobile laser scanning (MLS) system as a kinematic platform that includes a laser scanner, inertial measurement unit (IMU), GPS receiver, and other equipment mounted on a mobile platform. The MLS system makes it easy, efficient, and precise to create 3D point clouds of the immediate surroundings, which are useful for a wide range of applications, such as 3D landscape visualization for planning and simulations for environmental management (Vallet and Mallet, 2016; Liu et al., 2019). On the other hand, low-cost LiDAR is described as a cost-effective and cost-efficient industrial quality sensor technology that reconsiders the use, robustness, and flexibility of sensor technology (Jeong et al., 2018).

Regarding mobile LiDAR applications, Astrup et al. (2016) evaluated the use of two low-cost 2D LiDAR scanners, each installed vertically on the rear forwarder bunk, while Salmivaara et al. (2018) mounted a robust 2D sensor on both a harvester and forwarder. Both studies addressed the use of mobile and low-cost LiDAR scanning platforms in soil impact assessment. Still, there are very few examples of low-cost LiDAR technology applications in forest management in high-impact journals (Nitoslawski et al., 2021). Recent developments in technology have enabled the integration of sensor systems, such as 3D Time-of-Flight and laser scanning, onto mobile devices, enhancing augmented reality capabilities and supporting terrestrial/mobile LiDAR-based soil characterization and modeling (Apple Inc, 2021a,2022; Samsung Group, 2023). According to Silver (2019), as smartphone use increases internationally, crowdsourcing and citizen science-based research on forest ecology may become more practical and trustworthy. The accuracy, precision, and repeatability of smartphones as a tool for citizen-based environmental research and monitoring, however, is still uncertain (Andrachuk et al., 2019).

Currently, there are several apps that may be installed and used on low-cost, proximal-sensing mobile platforms, such as Trnio (Trnio Inc, 2014), Scandy Pro (Scandy, 2016), Heges App (Simonik, 2018), Capture 3D (Matterport Inc, 2018), Polycam (Polycam Inc, 2017), Canvas (Occipital Inc, 2018), 3D Scanner App (Laan Labs, 2011), and SiteScape (Trimble Inc, 2009; Corke, 2021; SiteScape FARO Solution, 2023). These can be used to scan various objects of interest for recreational and professional purposes (Gregurić, 2022; Hullette et al., 2023). Some of these are coming at a subscription low-cost while some are for free. Gollob et al. (2021) evaluated eight applications on forest inventory plots and found that three of them, namely 3D Scanner, Polycam, and SiteScape were suitable for use under forest environments.

Usually, the collected point clouds require some post-processing in external software. Among the existing options, CloudCompare (Girardeau-Montaut, 2015, 2016) has been extensively used in point-cloud based research (Girardeau-Montaut et al., 2005; Ahmad Fuad et al., 2018). C2C (cloud-to-cloud comparison) has been proved to be a powerful tool for evaluating the accuracy and precision of LiDAR data (Girardeau-Montaut et al., 2005; Lague et al., 2013; Kharroubi et al., 2022). Zhang et al. (2015) demonstrated the effectiveness of a weighted anisotropic ICP algorithm through experiments on a dataset of a forested area and a coastal beach, showing that the algorithm can detect subtle changes in the environment that are missed by the other methods. This method compares two-point clouds captured from the same area but using different sensors, scanning platforms or time frames. In the context of mapping and estimating soil disturbance in forest operations, this method can be used to compare low-cost mobile LiDAR technology with high-end LiDAR systems used for accurate soil disturbance estimation. In comparison to other methods such as ground-based measurements or aerial photography, the C2C provides a more comprehensive and accurate assessment of LiDAR data (Ahmad Fuad et al., 2018; Cheng et al., 2018). Besides, ground-based measurements are limited in coverage, while aerial photography may not capture the fine details necessary for accurate soil disturbance mapping and monitoring (Coleman, 2005; Cécillon et al., 2009; Sharma, 2018). Therefore, the cloud-to-cloud comparison method may provide a useful alternative for checking the capabilities of low-cost mobile LiDAR systems.

According to Carter et al. (2012), recent advancements in LiDAR mapping systems and the technology that enables them have allowed scientists and mapping specialists to investigate natural environments on a range of scales with greater accuracy, precision, repeatability and flexibility than ever before. Accuracy is the degree to which a measurement is near to the correct or true value of that measurement, while precision of a measurement system refers to how closely repeated measurements (that are repeated under the same conditions) agree with one another (Teller, 2013; McLain et al., 2018). However, precision is independent of accuracy and therefore, a measurement can be accurate but not precise, precise but not accurate, not accurate and not precise, or both accurate and precise (Dodge, 2008; Teller, 2013; Glen, 2023). On the other hand, repeatability is the variance in measurement obtained by a measuring instrument or device used by a single appraiser or operator measuring the characteristics of the same part multiple times (Nakagawa and Schielzeth, 2010; McLain et al., 2018). The ability to evaluate repeatability enables the comparison of a specific result or collection of data to a measurement that was obtained under identical conditions using the same tool or device in a short amount of time (McLain et al., 2018). Thus, a new piece of equipment and the testing methodology that goes with it must be accurate, precise, repeatable, or reproducible from operator to operator, in order to have confidence in a method and prevent disputes between researchers (Downing, 2004; McLain et al., 2018).

Concerning the relevance of this study, accuracy is one of the main justifications for using LiDAR data. According to Akay et al. (2009), LiDAR is an accurate and economical approach for gathering data over large areas. As a result, choosing the necessary degree of data accuracy and recording the level attained are crucial steps in both data collection and utilization (Carter et al., 2012). According to Nitoslawski et al. (2021), researchers have found that despite the increasing digitalization of our world, there hasn’t been enough research conducted on the uses and effects of new digital tools in forestry research. Thus, ensuring accurate and high-quality data is one of the main challenges associated with applying various digital technologies to manage forest ecosystems (Nitoslawski et al., 2021). Additionally, documenting and validating data accuracy and precision is necessary to increase data utility and assure proper and widespread use (Carter et al., 2012).

Conducting a study to estimate the accuracy and precision of low-cost mobile LiDAR technology for estimating soil disturbance is important because one can ascertain the repeatability of results which is critical for ensuring that they are valid and can be replicated by others. In this regard, Vogt et al. (2021) assert that the scanning accuracy of a 3D scanner determines both its potential applications and usability. In forestry, it is common for studies to be place-, scale- and time-variant. As such, ensuring that the LiDAR data remains consistent and accurate is essential for their success. By conducting a repeatable study, researchers can assess the variability of LiDAR data and investigate the sources of error, which are factors that may impact the accuracy of the soil disturbance estimates (Kedron and Frazier, 2022). This information can then be used to refine and improve the LiDAR technology, leading to more accurate and reliable estimates in the future (Kedron and Frazier, 2022), which will correctly inform decision-making in forest operations. Several studies demonstrate the potential of LiDAR technology for forest operations and soil research (Akay et al., 2009; Salmivaara et al., 2018; Foldager et al., 2019; Mohieddinne et al., 2022). The repeatability of studies also shows the importance of rigorous data collection and processing protocols in ensuring the validity and reliability of the results (Kedron and Frazier, 2022).

The purpose of this study was to estimate the scanning accuracy, precision, and repeatability of an iPhone 13 Pro Max (Apple Inc., 2021b) equipped with SiteScape and the 3D Scanner App utilizing a set of LiDAR point clouds collected from the 3D scanning of soil disturbance in forest operations. As a benchmark for cloud-to-cloud comparisons with the iPhone scans, LiDAR point clouds obtained with the GeoSlam Zeb Revo scanner were used to estimate scan accuracy. The research hypothesis for this study was that the iPhone 13 Pro Max equipped with SiteScape and the 3D Scanner App can produce LiDAR point clouds that are comparable in accuracy, precision, and repeatability to those obtained with the GeoSlam Zeb Revo scanner for measuring soil disturbance in forest operations.



2. Materials and methods


2.1. Description of the study area

The study area was located near the Rãcãdãu River in Brasov County, Romania, at the geographical coordinates of approximately 45° 37′ 27″ N and 25° 45′ 46″ E. The location is covered by a mixed stand in which some old skidding roads were present, on which four sample plots (Table 1) were established. The site’s altitude ranges from roughly 700 to 720 m above sea level, and the dominant tree species found in the area are the European beech (Fagus sylvatica L.), Silver fir (Abies alba Mill.), and Norway spruce [Picea abies (L.) H. Karst]. During the data collection period, the weather was characterized by light to moderate rainfall and temperatures which varied between 6 and 11°C. Dry leaves and organic matter covered all the sample plots, which were chosen to reflect variations in terrain, slope, and rut depths (Table 1). The skid roads were very old and most likely they were used by cable skidders in the past to extract the wood from the area following selective felling. The ruts were exposed to weathering and erosion over time, resulting in different depths and shapes. The ruts varied in depth, from shallow to approximately 30 cm, while the slope of the plots was between 15 and 22° (Table 1 and Figure 1). The ruts found on the sample plots were not new, but the effect of time and weather factors since there was a long time from the last use of these skid roads for timber extraction. Nevertheless, these roads are still used by the local people seeking leisure in the area.


TABLE 1    Description of the sample plots.
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FIGURE 1
An example of color-coded point cloud (A) and histogram (B) showing slope in sample plot 1 (P1).


Data collection process was implemented in April 2022. The sample plots were rectangular in shape (Figure 1), measuring approximately 2 by 10 m and were geographically positioned using a handheld GPS receiver. Ten ground control points (GCP) were used in each plot, placed on their boundary and spaced at approximately 2 m each other (Figure 1), so as to form a grid overlapped on the boundary of each sample plot. GCPs were in the form of white plastic spheres, measuring 10 cm in diameter, attached to black stands, which were inserted vertically into the soil so as the top of each sphere was located at approximately 30 cm above the ground. These spheres were marked in advance on the sides with numbers from 1 to 10 by the use of a black permanent marker.



2.2. Acquisition and processing of LiDAR data

Two mobile LiDAR-based devices were used for scanning, namely the GeoSLAM Zeb-Revo (GeoSLAM Ltd et al., 2017) and the iPhone 13 Pro Max (Apple Inc., Cupertino, CA, USA, 2021). SiteScape and 3DScanner App were installed on the iPhone platform and used to collect the point clouds. The steps involved in the data collection process are illustrated in Figure 2. The scanning procedures used for the Zeb Revo were adapted to those used in earlier studies (Ryding et al., 2015; Gollob et al., 2021; Marra et al., 2022), meaning that the operator walked slowly around the edge of each sample plot, following a closed path while remaining about 1.5 m away from the boundary. This approach aimed to ensure that the entire area was scanned and to minimize position accuracy drifts and scanner range noise. After each scanning process and based on external control, the device automatically processed and saved the point cloud data on a USB stick. For the mobile phone and associated apps, scans were done at medium-density (MD), for which the clouds showed a good representation of the ground. The LiDAR sensor collected the 3D point cloud data as the operator walked along the plot’s axis. In each plot, two scans were taken by the Zeb Revo device; the iPhone platform was used to take two scans by 3D Scanner app, and another two by the SiteScape app. After each measurement day, the point clouds produced by both LiDAR platforms were transferred into a computer. Table 2 describes the point cloud datasets and their corresponding settings used in the C2C and data analyses.
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FIGURE 2
Flow chart of LiDAR data collection, processing, analysis and cloud-to-cloud comparison in CloudCompare software. Designed with ClickCharts diagram flowchart software Version 6.98. © NCH software.



TABLE 2    Description of the datasets used in the C2C and data analyses.
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Point clouds produced by scans had various sizes after pre-processing. Typically, the ZR files had between approximately 1.0 and 1.7 million points, SA between approximately 0.2 and 0.8 million points and SS between approximately 0.7 and 2.3 million points, respectively.



2.3. Cloud-to-cloud comparisons (C2C) of the point clouds


2.3.1. Point-cloud pre-processing and processing

The Cloud-to-Cloud comparison method (C2C) computes the distances between two LiDAR point clouds, and is a widely used technique (Ahmad Fuad et al., 2018). The C2C method compares a reference point cloud generated from a highly accurate surveying method to a test point cloud generated from the LiDAR system under test. This is done by aligning and comparing the point clouds to identify any discrepancies or potential errors in the data, and to estimate the accuracy and precision of the LiDAR system under test (Lague et al., 2013; Ahmad Fuad et al., 2018; Kharroubi et al., 2022). The accuracy and precision of the low-cost LiDAR platforms used for mobile scanning were estimated in this study using the C2C approach. Feature-based and Iterative Closest Point (ICP) options were combined as a part of the coarse-to-fine (C2F) registration strategy (Besl and McKay, 1992; Cheng et al., 2018). The feature-based method was used to identify the corresponding ground control points (GCPs) between the test and reference point clouds and align them accordingly as an initial coarse registration, while the ICP algorithm was used to find the closest point pair between the two-point clouds and align them together in a fine registration (Besl and McKay, 1992; Cheng et al., 2018). Cheng et al. (2018) claim that the fine registration approach is used to alter the results of coarse registration to acquire a satisfactory starting position. This is the main justification for using the two options in this study. Nevertheless, due to the iterative nature of point cloud registration, the ICP technique is slower in identifying connected points between two-point clouds and less effective at registering large, high-density point cloud files (Cheng et al., 2018).

In this study, C2C involved five stages: raw point cloud data pre-processing and processing, point cloud alignment, point cloud fine-registration, cloud-to-cloud distance computation, and surface deviation analysis in CloudCompare software (version 2.12 beta; Girardeau-Montaut, 2015). CloudCompare is a widely used software for point cloud processing, analysis, and visualization (Girardeau-Montaut, 2015; Ahmad Fuad et al., 2018). It provides a range of tools for cleaning, segmentation, filtering, aligning, registering, computing distances, and comparing point clouds (Biber and Strasser, 2003; Ahmad Fuad et al., 2018; Kharroubi et al., 2022). The raw point cloud data pre-processing and processing involved cleaning and segmentation. The point clouds were first imported from the LiDAR scans in a LAZ file format (.laz) (Thomson, 2018). The raw point cloud data acquired from all the mobile LiDAR scanning platforms were then processed by cleaning the 3D point cloud using the noise filter tool in CloudCompare, which removes unnecessary data associated with the scanned surface (Ahmad Fuad et al., 2018). After cleaning the clouds, the data were segmented using the interactive segmentation tool (Girardeau-Montaut, 2015), exported, and saved in PLY MESH (.ply) file format (Thomson, 2018). According to Rajendra et al. (2014), point cloud pre-processing and processing involve converting the initial raw LiDAR-derived point cloud into a final deliverable. For the purposes of this study, the final deliverables were fully cleaned and segmented LiDAR scans of the soil surfaces for the C2C.



2.3.2. Alignment of the processed LiDAR-derived point cloud

The ground control points (GCPs) found on each of the two clouds were first selected and then used for alignment (Maté-González et al., 2022). Iterative Closest Point (ICP), a popular approach that iteratively discovers the transformation parameters that minimize the distance between matching points in the two clouds, was used in CloudCompare to align pairs of point clouds (Besl and McKay, 1992). A rotation, translation, and scaling factor make up the rigid transformation. The objective was to identify the transformation parameters that would best align the point clouds (Besl and McKay, 1992). To create a statistically fair comparison, all point clouds used in the C2C were subsampled to 50,000 points (Costantino et al., 2022). Once the optimal transformation parameters were found, the clouds were aligned, and the registration process was complete. Then the RMS values, mean distance, and their standard deviations were recorded. The alignment quality was then assessed using various tools provided by CloudCompare, including color-coded deviation maps, distance histograms, and visualization of the aligned clouds. These tools enabled the evaluation of the accuracy and precision of the alignment and refinement of the alignment parameters if necessary. Figure 3 shows the ICP alignment process and results provided by the CloudCompare software. Typically, a satisfactory beginning position is initially attained using the point cloud alignment approach, and then registration is fine-tuned using the fine registration method (Biber and Strasser, 2003; Cheng et al., 2018).
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FIGURE 3
An example of ICP alignment and results using low-cost LiDAR-derived data collected by SiteScape (compared) and Zeb Revo (reference) point clouds for Plot 1: (A)–the point clouds before role selection, (B)–the selected test and reference point clouds, (C)–the point clouds ready for alignment after GCP picking, (D)–the aligned point clouds, (E)–the aligned point clouds with the alignment information, (F)–the alignment information on the final RMS error and transformation matrix.




2.3.3. Fine registration

The ICP registration method was used for the fine registration of the datasets. This method iteratively matches points in two datasets to find the optimal transformation that aligns the datasets (Segal et al., 2009). The ability to automatically complete the ICP registration process is provided by the CloudCompare program (Ahmad Fuad et al., 2018). However, the value for the point sample unit and the number of iterations were specified prior to starting the ICP registration procedure. Figure 4 shows an example of the CloudCompare’s results and the ICP registration options.
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FIGURE 4
An example of ICP registration and results using low-cost LiDAR-derived data collected by SiteScape (compared) and Zeb Revo (reference) point cloud for Plot 1: (A)–the number of iterations and final overlap, (B)–the default number of sampling points, (C)–the final RMS error and the transformation matrix, (D)–the registered point cloud.


The registration method consisted of several steps, including point selection, point matching, transformation estimation, and transformation refinement. The first step was to select a subset of points from the two datasets. Here again, all point clouds used in the ICP method were those subsampled to 50,000 points (Figure 4B). These points were used as the initial correspondence between the two datasets. The point matching step involved finding the closest points in the second dataset for each point in the first dataset. This was done using the more robust Point-to-Plane distance measure (Rusinkiewicz and Levoy, 2001). For the accuracy and precision analyses, the number of iterations of the algorithm was fixed to the default value of 20, the optimum threshold for minimizing the root mean square (RMS) difference was 1.0 E-05 m, and the theoretical overlap was set 100% (Figure 4A). Following the establishment of the correspondences, the transformation estimation process involved determining the transformation that would best align the two datasets. This transformation was rigid, consisting of a rotation, a translation, and scale factor (Ahmad Fuad et al., 2018; Cheng et al., 2018). A least-square optimization was used to compute the transformation, minimizing the distance between equivalent points in the two datasets (Besl and McKay, 1992; Cheng et al., 2018).

Following the initial transformation, the transformation refinement step iteratively refined the transformation by repeating the point selection, point matching, and transformation estimation steps. The refinement process continued until convergence criteria were met, such as the change in the transformation parameters or the distance between corresponding points falling below a certain threshold. To align the two datasets, the approach iteratively matched points in each of the two datasets before computing the best rigid transformation (Zhang, 1994; Zhang et al., 2015).

To estimate the accuracy of the low-cost LiDAR technology in this study, the point clouds collected by SiteScape and 3D Scanner App were compared against those collected by Zeb Revo, using the Zeb Revo LiDAR point clouds as reference point clouds. For simplicity, the comparisons were done for each plot by matching the repetitions taken by iPhone with those taken by Zeb Revo, namely SA1 against ZR1, SS1 against ZR1, SA2 against ZR2 and SS2 against ZR2. Furthermore, the precision of each LiDAR platform was estimated in each plot by comparing the first repetition against the second one taken by the same platform and software, namely SA1 against SA2, SS1 against SS2 and ZR1 against ZR2. The RMS values, mean distances and their standard deviations were recorded once the registration process was complete.



2.3.4. Cloud-to-cloud distance computation and surface deviation analysis

The 3D surface deviation analysis was carried out using CloudCompare software with the C2C distance computation method (Zhang, 1994; Zhang et al., 2015; Ahmad Fuad et al., 2018). The software first estimates the results for the distance computation between the chosen datasets using the reference dataset and the compared dataset. Local surface model option from the local modeling menu of the CloudCompare was chosen to increase the accuracy of analysis. Computation was done by the Least Square Plane C2C distance with the default values. The appropriate Octree level value for the process was automatically determined (Zhang, 1994; Zhang et al., 2015; Ahmad Fuad et al., 2018). By activating the data in the layer panel, it was simple to see the resulting 3D surface deviation that was displayed and saved in the test datasets.

The outcome of the 3D surface deviation analysis was then used to identify any alterations resulting from the differences in the compared LiDAR datasets. The CloudCompare software comes equipped with a color scale that displays the value of the C2C distance computation to provide a better understanding of the result. The aligned and registered point clouds were then compared using various metrics, such as the root mean square (RMS), mean distances, and their standard deviations. The RMS error is the square root of the mean square error (MSE) between two clouds (Chai and Draxler, 2014; Brassington, 2017). These metrics help quantify the differences between the point clouds and provide insight into the accuracy and precision of the LiDAR data. However, the C2C distance computation process using CloudCompare software was susceptible to errors, such as the inclusion of unnecessary point cloud data that did not belong to the computed surfaces. To mitigate this for the low-cost LiDAR datasets, the point cloud cleaning and segmentation tools were used. Additionally, the most suitable filtering method was used to produce the point clouds datasets that only belonged to the soil surface (Ahmad Fuad et al., 2018). It is important to note that the accuracy of the analysis was improved by carefully selecting the appropriate filtering methods and settings.





3. Results and discussion


3.1. Accuracy of low-cost derived point clouds

The results on the accuracy of low-cost mobile LiDAR scans using the C2C in the studied plots are summarized in Figure 5 and Table 3. Figure 5 gives only a limited amount of information on the accuracy comparisons. For more graphical information, see the Supplementary material. For the comparison of SS1 against ZR1 in Plot 1 (Figure 5), these metrics were computed on 47,372 points out of 50,000 subsampled from approximately 1.37 million sampling units of the SS test point cloud (Figures 5A, C). The results indicated that the mean distance was 0.010 m, with standard deviation of 0.009 (Figure 5E). Additionally, the final RMS errors during point cloud alignment and fine registration were 0.030 and 0.093 m, respectively (Table 3). For the C2C of SA1 against ZR1 point clouds in the same sample plot (Figures 5B, D, F), however, the metrics were computed on 46,828 points out of the 50,000 points selected from 337,086 sampling points of the SA test point cloud (Figures 5B, D). The results indicated that the mean distance was 0.004 m at a standard deviation of 0.005 (Figure 5F). Moreover, the final RMS error of the registration phase was 0.018 m, while the final RMS error obtained during the alignment phase was 0.042 m (Table 3).
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FIGURE 5
An example of accuracy in terms of observed differences between SS1 and ZR1 in Plot 1 (A,C,E) and between SA1 and ZR1 in Plot 1 (B,D,F): (A,B)–color-coded deviation map of absolute distances, (C,D)–histogram of absolute distances, (E,F)–histogram of the mean distance and standard deviation.



TABLE 3    Summary statistics of C2C showing the accuracy of the LiDAR scans.
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Similar results on accuracy were obtained in the remaining C2Cs of SS and SA against the ZR reference point cloud. Table 3 provides a summary of all the results on accuracy of the LiDAR scans with SS and SA by considering the sample plot under question, RMS error obtained at the alignment and registration phases, as well as the mean and standard deviation of distance calculations between point clouds. As shown, the SA had lower RMS errors, mean distances and standard deviations compared to the SS, indicating that it may be more accurate in measuring distances with better repeatability. From these results, the range of final RMS errors of SS vs. ZR was 0.016–0.035 m (Range = 0.019 m). Additionally, the average final RMS error of SS vs. ZR was 0.023 m. In terms of the mean cloud-to-cloud absolute distance, the values varied from 0.004 to 0.039 m (Range = 0.035 m). The corresponding the standard deviation values varied from 0.003 to 0.081 (Range = 0.078). However, the average cloud-to-cloud distance and average standard deviation of SS vs. ZR were 0.016 m and 0.032, respectively.

For SA vs. ZR, the final RMS errors varied from 0.017–0.025 m (Range = 0.007 m). Moreover, the average final RMS error of SA vs. ZR comparisons was 0.020 m; the mean distance varied from 0.004 to 0.042 m (Range = 0.038 m). The corresponding standard deviation varied from 0.006 to 0.081 (Range = 0.075). However, the average cloud-to-cloud absolute distance and average standard deviation values of SA vs. ZR comparisons were 0.011 m and 0.021, respectively.

Overall, both SA and SS produced relatively accurate point clouds with low RMS errors, but SA appeared to have a slight edge in terms of consistency (repeatability) and smaller errors. The overall average final RMS error for SS was slightly higher than the overall average for SA (0.023 vs. 0.020 m). Besides, the SA has a slightly lower average mean distance and standard deviation compared to the SS, indicating that on average, the SA may be slightly more accurate than SS for cloud-to-cloud comparisons using the ZR as the reference point cloud. The results also suggest that the SA has less variability in its measurements than the SS and therefore greater repeatability by comparing the average standard deviations (0.021 vs. 0.032 m). The difference in accuracy between the two apps is relatively small, so it may not be a significant difference and thus suggesting that both apps are comparable in terms of overall accuracy.



3.2. Intercloud precision of the LiDAR-derived point clouds

Figure 6 and Table 4 show the results of the precision of low-cost mobile LiDAR scans. Figure 6 shows the results graphically only for the sample plot 1. The rest of the graphical results are given in the Supplementary material. The final RMS errors, mean distance, and standard deviation were used to evaluate the precision of the scans during both the alignment and registration phases. For instance, the comparison of SS1 and SS2 in Plot 1 (Figure 6) was based on 46,091 points out of 50,000 points subsampled from approximately 1.37 million of sampling units of SS test point cloud (Figures 6A, D). The results indicated that the mean distance was 0.006 m at a standard deviation of 0.009 m (Figure 6G). The final RMS error in registration was 0.017 m, whereas the final RMS error obtained during the alignment phase was 0.074 m (Table 4). Similarly, the statistical metrics for the C2C of SA1 and SA2 in the same sample plot 1 (Figure 6) were computed on 44,378 points out of 50,000 subsampled from approximately 0.83 million sampling units of the SA test point cloud (Figures 6B, E). The mean distance was 0.005 m with a standard deviation of 0.014 m (Figure 6H). Additionally, the final RMS error at fine registration was estimated at 0.012 m, whilst the final RMS error at the alignment phase was 0.039 m (Table 4). Regarding ZR1 and ZR2 C2C in the same sample plot 1 (Figure 6), the metrics were computed on 39,273 points out of 50,000 points selected from approximately 1.23 million sampling units of the ZR test point cloud (Figures 6C, F). The mean distance was 0.057 m, and the standard deviation was 0.185 m (Figure 6I); the final RMS error at fine registration was estimated at 0.019 m, while the final RMS error obtained during the alignment phase was 0.053 m (Table 4). A summary of all the comparisons is presented in Table 4.
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FIGURE 6
An example of precision in terms of observed differences of SS1 and SS2 (A,D,G), between SA1 and SA2 (B,E,H) and between ZR1 and ZR2 (C,F,I) in Plot 1: (A–C)–color-coded deviation map of absolute distances, (D–F)–histogram of the C2C absolute distances, (G–I)–histogram of the mean distance and standard deviation.



TABLE 4    Summary statistics of C2C showing the precision of the LiDAR scans.
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The results presented in Table 4 show the final RMS errors at point cloud alignment and registration, and the mean C2C (cloud-to-cloud) absolute distances and their standard deviations of the point clouds generated by the iPhone 13 Pro Max (Apple Inc., 2021b) equipped with SS and SA and the professional mobile LIDAR platform of ZR for the four sample plots. From these results, the final RMS error values at fine registration when comparing ZR1 with ZR2 varied from 0.019 to 0.023 m (Range = 0.004 m). Additionally, the average final RMS error of ZR1 vs. ZR2 was 0.021 m. In terms of the range of values for the mean distance and standard deviation for ZR1 vs. ZR2, the mean distance varied from 0.005 to 0.201 m (Mean distance range = 0.197 m), and the standard deviation varied from 0.008 to 0.441 (Standard deviation range = 0.028). Similarly, the average cloud-to-cloud distance and standard deviation of these comparisons were 0.074 and 0.181 m, respectively.

For the comparison between SS1 and SS2, the final RMS error values varied from 0.015 to 0.017 m (Range = 0.002). The average RMS error of SS1 vs. SS2 was 0.017 m. Furthermore, the mean distance varied from 0.006 to 0.011 m (Mean distance range = 0.004 m), while the standard deviation varied from 0.009 to 0.037 m (Standard deviation range = 0.028); the average cloud-to-cloud distance was 0.008 m with a standard deviation of 0.023 m. Regarding the comparison between SA1 and SA2, the final RMS error values varied from 0.012 to 0.014 m (Range = 0.002 m). Moreover, the average RMS error of SA1 vs. SA2 was 0.013 m. Additionally, the mean distance ranged from 0.001 to 0.008 m (Mean distance range = 0.007), and the standard deviation ranged from 0.001 to 0.014 m (Standard deviation range = 0.012). However, the average cloud-to-cloud distance and standard deviation of these comparisons were 0.004 and 0.009 m, respectively.

Generally, these results suggest that the precision of the low-cost mobile LiDAR technology in estimating soil disturbance in forest operations is high. The final RMS errors, mean distances and standard deviations observed during the C2C comparison were generally low, indicating a high degree of precision. However, the results also show that the final RMS errors during the alignment phase were higher than during the registration phase. Overall, these results suggest that the SA app installed on the iPhone was the best option in terms of precision and consistency (repeatability).



3.3. Discussion

This study aimed to estimate the accuracy and precision of the low-cost mobile LiDAR technology in estimating soil disturbance in forest operations using a cloud-to-cloud comparison approach (C2C), and on that basis, to give indications on repeatability. Regarding the metrics for estimating the accuracy and precision in this study, the RMS error and standard deviation are very similar statistical measures of variability (accuracy, precision, and repeatability) used in LiDAR research (Carter et al., 2012). However, studies show that the two values will be equal in a non-biased data set, when the error is normally distributed above and below zero (Carter et al., 2012). The closer the average RMS error values to zero, the better the performance, as it indicates a smaller deviation from the actual values (Girardeau-Montaut et al., 2005; Ahmad Fuad et al., 2018). Similarly, the lower the average cloud-cloud distance values, the better the accuracy and precision of the scanning device and technology used (Girardeau-Montaut et al., 2005; Ahmad Fuad et al., 2018). According to MacMillan et al. (2023), the standard deviation provides a sense of how close the complete collection of data is to the average value; data sets with modest standard deviations contain precisely organized data, while those with big standard deviations have data dispersed throughout a wide range of values. For example, if the standard deviation of a measurement is very small, it means that repeating that measurement will give similar results. Thus, lower values of the average standard deviation in this study indicate less variability in the precision and accuracy of the scanning devices and therefore greater repeatability.

In this study, the final alignment and registration RMS errors represent the error in aligning the SS and SA scan point clouds and registering them to the reference ZR point cloud, respectively. These errors were used to quantify the difference between test and reference point clouds, and subsequently estimate the accuracy and precision. These values gave us an idea of the variability of the registration and alignment accuracy and precision for each application and device. Nonetheless, the average standard deviation values showed how much the scanned data was spread out from the mean cloud-to-cloud distances, which were used to assess the repeatability of this method. Additionally, the mean cloud-to-cloud distance is the average displacement between the SS or SA point clouds and the reference model of ZR in each plot, which also gave us an idea of the accuracy and precision of the low-cost mobile LiDAR technology.

Overall, the performance of each application in terms of accuracy varied plot wise. SA consistently had the smallest final RMS error values, indicating that it was more accurate in capturing the geometry of the reference model. However, SA had considerably higher final RMS error values, especially in P4, which suggests that it may have some limitations in capturing more complex geometries (see Supplementary material). SS had the lowest overall mean cloud-to-cloud distance and standard deviation in P2. However, it had considerably larger final RMS error values in P1 and P4, suggesting that it is less accurate in capturing certain types of geometries. Similarly, based on the ranges of RMS errors, SA performed slightly better in terms of accuracy compared to SS. SA had a narrower range of RMS errors, which means that the errors varied less between different test point clouds. In contrast, SS had a wider range of RMS errors, indicating that its accuracy varied more between different test point clouds. However, SA’s RMS errors were generally smaller than SS’s RMS errors. SA’s lowest RMS error (0.017 m) was smaller than both of SS’s RMS errors, and SA’s highest RMS error (0.025 m) was still smaller than SS’s highest RMS error (0.035 m). This suggests that SA may be more consistently accurate across different test conditions, while SS may be less predictable in terms of accuracy.

In general, the registration error was smaller than the alignment error across all plots for all applications, suggesting that the registration process was generally more accurate. Overall, these results suggest that both applications can be useful for capturing 3D geometry of soil disturbance in forest operations. However, the accuracy of each application may vary based on the complexity of the soil geometry being captured as well as the complexity of space surrounding the sample plots. Further research could focus on identifying the limitations of each application and developing methods for improving the accuracy of 3D scanning.

Based on the average (mean) distance and standard deviation, SA had a slightly lower average mean distance and standard deviation compared to SS, indicating that it may be slightly more accurate. Overall, the average standard deviations for both apps were relatively low, indicating that they may have good repeatability on average. However, the standard deviations for some of the individual comparisons were relatively large (e.g., SS2 vs. ZR2 in P4 with a standard deviation of 0.081 and SA2 vs. ZR2 in P2 with a standard deviation of 0.016), indicating a lower repeatability in those cases. This suggests that while the studied apps may have good repeatability on average, there are some individual cases where the results could be less reliable. It is possible that this is due to differences in the underlying algorithms or hardware used by each application and device (Gollob et al., 2020, 2021). Further analysis, such as statistical testing or confidence interval estimation, could be used to better understand the variability of the results and their implications for the application being studied. Besides, comparing the average standard deviation values with the average RMS error values, it is evident that for all applications and plots, the standard deviation values were significantly lower. This suggests a good consistency and repeatability in the measurements, and a low uncertainty in the obtained results (Downing, 2004; Nakagawa and Schielzeth, 2010).

The overall accuracy and performance of each application and device may vary depending on the specific use, precision of the data, and other factors. Based on the results of this study, it appears that both applications can achieve a reasonable level of accuracy for cloud-to-cloud comparisons. Therefore, the choice of a given application may ultimately depend on other factors such as precision, user preferences, cost, and ease of use (Wang and Qi, 2021).

Similarly, the study found that the precision of SS, SA, and ZR point clouds was high. The ranges in the descriptive statistics indicated the variability in the final RMS error values, mean cloud-to-cloud absolute distances, and their standard deviation values for each application and device across all four plots; they shown that comparisons between SA1 and SA2 had the least variability in RMS error values, while the ZR1 vs. ZR2 comparisons had the highest variability. Moreover, the SA1 vs. SA2 C2C had the lowest range of values for both mean distance and standard deviation, indicating that the SA application was a consistent (repeatable) and reliable option. The ZR1 vs. ZR2 C2C had the highest range of values for both mean distance and standard deviation, indicating that ZR was the least consistent (repeatable) option. The SS1 vs. SS2 C2C falls somewhere in between with moderate performance in terms of precision and consistency (repeatability).

However, the range alone does not provide enough information about the overall precision; the average of the final RMS error values, mean distance and standard deviation may give a more accurate representation. Consequently, both the range and the average values were combined in the overall evaluation of the performance of the LiDAR platforms. From the results, SA1 vs. SA2 C2C had the lowest average RMS error (0.013 m), indicating that 3D Scanner app was the most precise option. The SA1 vs. SA2 had also the lowest average mean distance (0.004 m), and standard deviation value (0.009), indicating that 3D Scanner app was the most consistent (repeatable) option. On the other hand, the ZR1 vs. ZR2 C2C had the highest average RMS error (0.021 m), which suggests that it was the least precise option. Moreover, the ZR1 vs. ZR2 has the highest average mean distance (0.074 m), and the highest standard deviation (0.181), which suggests that this option was the least consistent (repeatable).

There is limited information available on similar studies for direct comparisons of these findings. For instance, SiteScape is supposed to enable users to easily take 3D scans that are accurate to within ± 1 inch, on average (Corke, 2021). Findings of this study are consistent with some previous research that also used LiDAR systems and/or C2C comparison methods to estimate the accuracy and precision of LiDAR technology. For instance, Milenković et al. (2015) evaluated the accuracy and potential of terrestrial laser scanning (TLS) for soil surface roughness assessment. Their study found that TLS provided highly accurate measurements of soil surface roughness with a mean difference of 0.52 mm between TLS data and ground truth measurements. Furthermore, Mikita et al. (2022) investigated the use of different types of laser scanning methods, including the iPhone 12 Pro Max LiDAR scanning apps, for assessing damage to forest road wearing courses. The study found that the root mean square error (RMSE) of the iPhone LiDAR scanning method was 0.023 m and the coefficient of variation (CV) for the vertical accuracy of the iPhone LiDAR scanning method was 0.25%. They compared these values to those obtained using a terrestrial laser scanner (TLS) and a mobile laser scanning system (MLS). They found that the RMSEs and CVs of the iPhone LiDAR scanning method were comparable to those of the TLS and MLS, indicating that the iPhone LiDAR scanning method can provide accurate and precise measurements. Additionally, the study suggested that the iPhone apps have the potential to streamline the data acquisition process and reduce costs compared to traditional terrestrial laser scanning methods. Similarly, Luetzenburg et al. (2021) evaluated the Apple iPhone 12 Pro LiDAR for its potential application in geosciences. The study found a mean horizontal error of 0.03 m and a mean vertical error of 0.05 m in a vegetation-dominated environment, making it suitable for high-resolution topographic mapping applications. Additionally, Jaboyedoff et al. (2009) used terrestrial laser scanning for the characterization of retrogressive landslides in sensitive clay and rotational landslides in riverbanks, finding that this method was highly accurate and precise for monitoring landslide movement and deformation. The study reported accuracy values generally less than 5 cm and precision values ranging from 1 to 2 cm. Ahmad Fuad et al. (2018) also found that the Iterative Closest Point (ICP) registration method and the Least Square Plane cloud-to-cloud distance approach were more accurate than other methods for spotting changes in 3D landslide surfaces utilizing Mobile Laser Scanning data between two periods.

In general, the quality of the scan would depend on various factors such as the type of soil, its moisture content, and the texture but when it comes to scanning soil, one important consideration is the resolution of the scanner (Jaboyedoff et al., 2009; Milenković et al., 2015). According to a study by Milenković et al. (2015), the accuracy of laser scanning for soil surface roughness measurement was affected by the point density of the laser scanner. TLS was also found to have high spatial resolution and could be used as a valuable tool for monitoring soil erosion and other environmental changes (Milenković et al., 2015). Similarly, a study by Jaboyedoff et al. (2009) found that increasing the point density resulted in a significant reduction of the error in comparisons between terrestrial laser scanning datasets which was approximately 3 to 6 cm in their study. Therefore, a higher resolution scanner is likely to provide more accurate results when scanning soil surfaces. Another factor that could have affected the accuracy and precision of the low-cost LiDAR scans in this study was the presence of vegetation or other objects on the soil surface (Salmivaara et al., 2018). Several studies indicated that the presence of small vegetation and litter on the soil surface caused errors in the determination of soil surface elevation and roughness, compaction and rutting using LiDAR and TLS methods (Milenković et al., 2015; Salmivaara et al., 2018; Mohieddinne et al., 2022). According to Magtalas et al. (2016), the meter level distances and standard deviations in their study were produced by the fact that both point clouds’ whole contents including vegetation were used to calculate the cloud-to-cloud distance when they employed distance computations to further compare their findings. However, the descriptive statistics they used to assess accuracy and precision reduced when the C2C was performed on non-vegetation point clouds using the same procedure. Thus, the vegetation growing on the soil’s surface, which exhibited elevation differences of a few meters between the two datasets, might be the source of the meter level deviations (Magtalas et al., 2016). The accuracy and precision values from their study cannot, however, be directly compared to those from this study, because their technique of assessing the accuracy and precision differs from that used herein. Thus, further research is necessary to explore the effects of vegetation on the accuracy and precision of these low-cost LiDAR systems.

Despite being a useful method for analyzing LiDAR data, the C2C has important limitations in its use (Girardeau-Montaut et al., 2005; Cheng et al., 2018; Kharroubi et al., 2022). One of the main limitations is the assumption that the point clouds being compared are of the same geographic location. The comparisons may be inaccurate if there are any variations in the position or orientation of the point clouds during scanning (Girardeau-Montaut et al., 2005; Lague et al., 2013; Kharroubi et al., 2022). Additionally, the accuracy and precision of the cloud-to-cloud comparison method depend on the quality and resolution of the point clouds generated by the LiDAR systems (Cheng et al., 2018; Kharroubi et al., 2022). The C2C method is not robust to changes in point density and point cloud noise (Girardeau-Montaut et al., 2005; Lague et al., 2013), which may affect the accuracy and precision of the results. The accuracy of the method can be reduced if the clouds from different LiDAR systems have different point densities (Cheng et al., 2018; Kharroubi et al., 2022). These problems were addressed in this study by modeling the soil surfaces locally to prevent problems with density change.

Moreover, this study is constrained by the small sample size because it only included four rectangular plots, each measuring around 20 m2. More studies may be necessary to evaluate the suitability of this technology in different forested landscapes. Furthermore, the studies cited in this research paper are case studies and may not be generalizable to other locations or forest types. As such, additional research may be necessary to test the applicability of low-cost mobile LiDAR technology in other forested areas. In addition, the cost of high-end LiDAR systems for soil disturbance estimation may not be justifiable for small-scale forest operations. The potential benefits of low-cost mobile LiDAR technology for these operations may be limited by their accuracy and dependence on mobile platforms.

Numerous studies demonstrate that attaining accurate results with low-cost LiDAR technology depends on several variables, including the calibration parameters of the LiDAR platform components, the underlying point cloud density, the scanning settings, and the data processing methods used. Therefore, it is necessary to keep exploring new low-cost LiDAR technologies as they appear. Future studies might consider integrated low-cost LiDAR systems that can potentially offer enhanced capture options with a greater spatial resolution and a longer effective range in forest environments. Additionally, increasing plot coverage while maintaining low operational costs can potentially be achieved by designing and implementing a multiplatform LiDAR sensor solution using Apple’s iPhones. For instance, the use of selfie sticks in future research can potentially increase plot coverage and point cloud capture. Moreover, incorporating a multiple-iPhone strategy for the capturing of LiDAR point clouds may be able to shorten the time required for data collection. However, future studies should assess how quickly (time efficiency) point cloud data can be captured and processed using low-cost LiDAR technology. Besides, it will be necessary for extra caution to be taken in using the point picking tool in CloudCompare to ensure that the exact centers of the GCPs are hit to ensure proper alignment and subsequent registration of the point clouds.

Additionally, both the procedures and protocols used in low-cost LiDAR scanning and the experience of the operator are relevant factors that can impact the quality (accuracy, precision, and repeatability) of the resulting LiDAR data (Rathore, 2017). Several studies suggest that that optimizing the scanning procedure, by carefully planning the survey area, selecting appropriate scanning parameters and designing efficient scan paths, choosing the scanning pattern and processing of the data collected are essential steps in the process and can improve the quality of the data while reducing costs (Rathore, 2017; Wang and Menenti, 2021). The experience of the operator is also critical in ensuring the quality of data collected by low-cost LiDAR systems. An experienced operator can anticipate problems that may arise during the survey and adjust the scanning plan accordingly. Additionally, an experienced operator can make a significant difference in the accuracy of the data collected, particularly in areas with dense vegetation cover by understanding the limitations of the technology and taking appropriate corrective actions.




4. Conclusion

This study aimed to evaluate the accuracy and precision of three LiDAR options for estimating small-scale soil disturbance in forest operations. The three LiDAR options used can generate highly accurate and precise point clouds for small-scale soil disturbance estimation. The cloud-to-cloud distances (C2C) between the point clouds were generally small, indicating a high degree of similarity and agreement between the different options. However, some differences in accuracy and precision may exist between these options depending on the specific test conditions. Additionally, the precision of the LiDAR scans generated by the three options was generally good for all plots tested. The C2C distances between point clouds generated from the same option were also small, indicating a high degree of repeatability and consistency of the LiDAR scans for small-scale soil mapping. Overall, the study suggests that LiDAR scans generated by the three options are highly accurate and precise for small-scale soil disturbance mapping. Additional research is necessary to further validate the applicability of low-cost mobile LiDAR technology for mapping and monitoring forested landscapes.
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Introduction: Many factors, such as climate, topography, forest management, or tree/forest attributes, influence soil organic carbon (SOC) and above-ground tree biomass (AGTB). This study focuses on assessing relationship between various predictor variables and response variables (SOC and AGTB) in the perspective of climate change scenario. The study was conducted throughout in Nepal using forest resource assessment data (2010–2014).

Methods: Our study applied a random forest model to assess the status of SOC and AGTB under future climate change scenarios using 19 bioclimatic variables accompanied by other variables such as altitude, aspect, basal area, crown cover development status, distance to settlement forest types, number of trees, macro-topography, management regime, physiographic zones, slope, and soil depth. The study used 737 (70%) samples as a training data for model development while 312 (30%) samples as a testing data for model validation.

Results and discussion: The respective RMSE, RMSE% and adjusted R2 of the Random Forest Model for SOC estimation were found to be 9.53 ton/ha, 15% and 0.746 while same for the AGTB were 37.55 ton/ha, 21.74% and 0.743. Particularly, changes in temperature and precipitation showed an effect on the amount of SOC and AGTB in the projected scenario i.e., CMIP6, SSP2 4.5 for 2040–2060. The study found the amount of SOC decreased by 3.85%, while AGTB increased by 2.96% in the projected scenario. The proposed approach which incorporates the effect of bioclimatic variables can be a better option for understanding the dynamics of SOC and AGTB in the future using climatic variables.

KEYWORDS
biomass, carbon, climate change, random forest model, Nepal, precipitation, temperature


1. Introduction

Forest ecosystems are the largest carbon reservoirs storing ∼2 billion tons of CO2 per year (UNDESA and UNFFS, 2021). The 2006 Intergovernmental Panel on Climate Change (IPCC) guidelines for the national greenhouse gas inventories indicate three major carbon pools (biomass, dead organic matter, and soil) in the forest ecosystem (Eggleston et al., 2006; IPCC, 2006). Most of the forest carbon is found in soil organic matter (45%) followed by living biomass (44%) i.e., above-ground tree biomass (AGTB) and root biomass and remaining in dead organic matter, i.e., in dead wood and litter (FAO, 2020).

Several climatic and edaphic factors influence forest carbon storage (Hofhansl et al., 2020). AGTB is influenced by altitude (Powell et al., 2010; Van der Laan et al., 2014; Rajput et al., 2017), temperature and precipitation (Yan et al., 2015), water availability, soil nitrogen content, and tree cover (Requena Suarez et al., 2021). Similarly, soil organic carbon (SOC) is affected by the amount of above-ground litter fall and root turnover (Andivia et al., 2016), temperature and precipitation (Sun et al., 2019), soil conditions and vegetation (Reyna-Bowen et al., 2019), species diversity (Gamfeldt et al., 2013), soil properties and moisture (Hounkpatin et al., 2018), altitude (Zinn et al., 2018), slope aspect, and soil depths (Zhu et al., 2017).

Climate change is contributing to global warming due to the steady increase in temperature since the 1960s (NOAA, 2023). It is projected to increase the severity of impacts in both the natural and human systems (IPCC, 2023). Climate change, rising temperature particularly, in the future has shown to have a negative effect on AGTB (Larjavaara et al., 2021; Li Y. et al., 2022) and SOC (Kirschbaum, 2000; Zhao et al., 2021) while a positive effect of the rising temperature on AGTB and SOC has also been studied under different climate change scenarios (Fu et al., 2017; Azian et al., 2022). The carbon sink of the forest is sensitive to CO2 emission change resulting from increasing temperature, hydrological changes, and forest dynamics (Hubau et al., 2020).

Efficient estimation of above ground biomass and soil organic carbon is crucial for the study of carbon dynamics in forest ecosystems. Different assessment methods for the estimation of AGTB and SOC have been carried out. The 2006 IPCC guidelines have provisioned simple to robust method for the estimation of above and below carbon in Tier 1, Tier 2 and Tier 3 categories (IPCC, 2006). Design-based estimation (using ground-based sample plots) is one of the most used approaches for estimating AGTB and SOC (DFRS, 2014, 2015a,b; DFRS/FRA, 2014). Though it provides the precise evaluation of changes (stand structure, tree attributes) due to small standard error (Schadauer and Gabler, 2007), it is time-consuming, less cost- effective and difficult to implement in poorly accessible forest areas (Köhl et al., 2011; Kandel, 2013). Alternatively, a regression model (model-based estimation) has been used for the estimation of AGTB and SOC (Tian et al., 2014; Mohd Zaki et al., 2016; Pokhre, 2018; Li et al., 2019; Malla et al., 2022) that allows more flexibility to provide estimates outside the sample plots (Ståhl et al., 2016). Thus, model based estimation (regression model) is cost-effective and also able to estimate target variables of poorly accessible areas.

Recently, several studies have used a machine learning method such as random forest model (RFM) and gradient boosting (GB) for the prediction of AGTB and SOC (Powell et al., 2010; John et al., 2020; Lee et al., 2020; Li et al., 2020; López-Serrano et al., 2020; Nguyen and Kappas, 2020; Vorster et al., 2020). The RFM model uses machine learning algorithms for classification and regression based on decision trees (Jin et al., 2020). It is appropriate for large datasets with large numbers of variables, non-linear responses, both continuous and categorical variables and is less affected by the multicollinearity problem (Lu et al., 2016). Several studies found RFM superior to the regression model in terms of lowering mean squared error (Hounkpatin et al., 2018; Zhu et al., 2020; Xie et al., 2021), handling non-linear relations (Pahlavan Rad et al., 2014; Hengl et al., 2015), and indifference of assumptions of having probability distribution (normality) and no multicollinearity among independent variables (Lu et al., 2016; López-Serrano et al., 2016). Moreover, RFM does not require several numbers of sample plots, as in the case of design-based estimation, thus it is cost-effective. It can also estimate the target variable of the poorly accessible area in the presence of readily available independent variables (i.e., temperature, precipitation, slope, altitude, etc.).

Previous studies have used spectral values of satellite images as an independent variable to predict a response variable such as AGTB and SOC in the past period (Powell et al., 2010; Vicharnakorn et al., 2014; Angelopoulou et al., 2019; López-Serrano et al., 2020; Zhu et al., 2020; Kumar et al., 2022). However, the response of AGTB and SOC against change in climatic variables (temperature and precipitation) in the future has been lacking in the national scenario in Nepal. The influence of temperature and precipitation on the quantity of AGTB and SOC (Mehta et al., 2014; Bennett et al., 2020; Saimun et al., 2021) helps estimate these target variables in future climate change scenarios. Therefore, this study aims to answer the questions (1) Which are the variables (topographic, forest variables and climatic) significant to influence AGTB and SOC? (2) Are these variables likely to contribute to the amount of AGTB and SOC under the climate change scenario? The study covered all the forest covers of Nepal using forest resource assessment data. A RFM was used to better examine the influence of climatic, topographic and forest variables on the amount of AGTB and SOC. The research will improve our understanding of how climate change affects AGTB and SOC in the forests.



2. Materials and methods


2.1. Study area

For this study, we selected Nepal (Map 1) as a study site due to its varied site conditions. In Nepal, hilly region occupies a higher chunk of the land (∼86% of the total land area) while lowland (less than 300 m altitude) occupies only 14%. Wide altitudinal variations (<300–8,848 m), resulting in diverse climatic conditions, have produced different physiographic zones, i.e., Terai and Siwalik (lowlands), Mid-hills, High mountains and High Himal (LRMP, 1986), which influence the composition of flora and fauna (HMGN/MFSC, 2002). Stainton (1972) classified 35 forest types in Nepal that were further broadly categorized into 10 major groups based on the altitudinal range (HMGN/MFSC, 2002).
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MAP 1
Study area map with permanent sample plots within the forest area.


The climate of Nepal varies seasonally. For the last 30 years (1991–2020), the average monthly temperature ranges from ∼ 5°C in January to ∼18°C in July, whereas average rainfall ranges from ∼20 mm in November to ∼340 mm in July (ADB and WB, 2021). Nepal is likely to experience a higher rate of warming in two future periods (2016–2045 and 2036–2065) compared to the reference period, i.e., 1981 to 2010 (GoN/MoFE, 2021) and spatiotemporal changes in precipitation over the period from 1981 to 2010 (Karki et al., 2017). Diverse current and future climatic conditions within comparatively small areas (Dawadi, 2017) make Nepal an ideal place to study the effects of climate change on forests.



2.2. Data collection

The primary data used in this study were obtained from the third national forest inventory (NFI), which was carried out during 2010–2014. The NFI adopted a two-phase systematic sampling design, composed of 450 clusters containing 1,553 Permanent Sample Plots (PSPs)-after excluding inaccessible PSPs - in the real ground (See Figure 1). Data were collected only from the accessible PSPs (slope up to 100 % or 45°). On the sample plots tree related attributes such as diameter at breast height (DBH) and tree height were recorded for the analysis of growing stock, above ground tree biomass and carbon. The third NFI is the first assessment in Nepal that collected soil samples to analyze the SOC of the forests. Four soil pits were established in a cardinal direction in each PSP to collect soil samples. At each cardinal direction, soil pits of appropriate size were dug within the 2 m * 2 m area size at a 21 m distance from the PSP center. In each soil pit, soil samples were collected from three different horizons (1–10 cm, 10–20 cm, and 20–30 cm) up to the depth of 30 cm and were mixed together resulting in 3 soil samples representing three different soil horizons in each PSP (DFRS/FRA, 2014).


[image: image]

FIGURE 1
Order of variables based on its importance in the models for the prediction of SOC (A) and AGTB (B).


Besides forest inventory data, the study used 19 bioclimatic variables representing historic data (near current) representing average figures for the years 1970–2000 at 30 arc sec (∼1 km2) resolution (Fick and Hijmans, 2017). The study also used future climate data from the WorldClim data set1 at 30 arc sec (∼1 km2) resolution. representing Couple Modeled Inter-comparison Project Phase 6 (CMIP6) based on shared socio-economic pathways (SSP2 4.5) scenario from 2041 to 2060 (i.e., 2050 on average) with resulting global warming of 1.6 –2.5°C (IPCC, 2021). We used this scenario in the study because it is an intermediate scenario among five prescribed by Intergovernmental Panel on Climate Change (IPCC) and is based on the current level of CO2 emission until the middle of the century.



2.3. Soil organic carbon analysis

Altogether 1,049 PSPs out of 1,553 PSPs were used for SOC analysis. Data from 504 PSPs were removed for one or more of the factors: inappropriateness of the site condition e.g., presence of rock or boulder instead of soil, and missing data for important variables such as aspect, distance to settlement, etc. The Black wet combustion method (Walkley and Black, 1934) was applied in the Nepalese Department of Forest Research and Survey (DFRS) soil laboratory to analyze the SOC content. In addition, dry combustion and LECO CHN Analyzer were used in the Metla Soil Laboratory, Finland, to assure the quality of the laboratory test.



2.4. Above ground tree biomass analysis

Above-ground tree biomass was also estimated from the same PSPs used for SOC analysis. DBH of the tree greater than 5 cm was recorded from the PSPs. The stem volume of the tree was calculated using the equation given by Sharma and Pukkala (1990a).
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where,

ln = Natural logarithm to the base 2.71828,

d = DBH in cm.

h = Total tree height in m.

a, b and c are parameters of the volume equation (Annex 1).

To get stem volume in a cubic meter, the model estimation must be divided by 1,000. According to Sharma and Pukkala (1990b), the air-dried wood densities of the tree species range from 352 kg/m3 for Trewia nudiflora L. to 960 kg/m3 for Acacia catechu (L.F.) wild.

In order to estimate AGTB, firstly stem biomass was calculated using following equation.
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where,

Volume = Stem volume (m3).

Density = Air-dried wood density (kg/m3).

Branch biomass and foliage biomass of the trees were calculated using branch-to-stem and foliage-to-stem ratios, respectively based on tree species and three classes of the size of the stem (small = < 28 cm, medium = 28–53 cm and large = > 53 cm) at diameter at breast height (Sharma and Pukkala, 1990a). Finally, above ground tree biomass (AGTB) of each tree in the PSPs was calculated by using an equation (3). The individual tree biomass (Kg/m3) within PSP was calculated and it was further converted into ton/ha using the plot expansion factor.
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2.5. Partition of data set

In order to have independent data sets for model development and model testing, the data were partitioned into two sets A total of 737 (70%) samples were used as training data and 312 (30%) were used as test data. The partitioning of the data was done by using the createDataPartition function in the “caret” package (Kuhn, 2008), which splits data randomly into two different sub-sets with different proportions.



2.6. Variables selection

Altogether 36 variables were identified for modeling purposes (Table 1). Out of these 36 variables, we conducted variable selection based on the importance of the variables in the model. To select the important variables, the function VSURF from the R package “VSURF” (Genuer et al., 2010) was used. This package selects important predictor variables for the model by step-wise analysis i.e., threshold, interpretation and prediction. Finally, the selected predictor variables were applied in the model development.


TABLE 1    Variables to be used for the modeling of SOC and AGTB under random forest model.
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2.7. Estimation of SOC and AGTB using random forest model

Estimation of the SOC and AGTB was conducted (including all predictor variables and only important predictor variables) using a random forest model (RFM) by a function randomForest under the “randomForest” package in R software (version 4.2.1). RFM is a machine learning tool using bootstrap aggregating to develop models with an improved prediction (Jin et al., 2020). It is based on two parameters i.e., Number of predictor variables (Mtree) and the number of decision trees (Ntree). The random selection of predictor variables and the records in the data set to generate one decision tree helps to achieve higher accuracy in subsequent iterations. In this way, the RFM function generates many decision trees and averages to give an estimation for the response variable. Averaging a large number of decision trees helps to increase accuracy. Moreover, RFM generates IncNodePurity which is a total decrease in node impurities when splitting the predictor variables. An increase in the IncNodePurity value of the predictor variables indicates the higher importance of the variables. Furthermore, the partial dependence plot was plotted using the partialPlot function under the “randomForest” package in the R program. The plot shows the marginal effects of predictor variables on the response variable in the model (Friedman, 2001). It is generally used to evaluate whether the relationship between the predictor and response variable is linear, non-linear, or more complex.



2.8. Model validation

Observed data (test data) was plotted against predicted data (model output) to see their relationship for visual interpretation. Moreover, RMSE, RMSE% and R2 value was calculated to determine the efficiency of the model developed using the rmse function (“ModelMetrics” package), rmse_per function (“forestmangr” package) and summary function in the R program. The RMSE and RMSE% were calculated as follows.
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Where,

[image: image]i = the predicted SOC or AGTB on the ith plot,

yi = the observed SOC or AGTB on the ith plot,

[image: image] = the average value of SOC or AGTB.

n = Number of samples.




3. Results


3.1. Variables used in the model

Altogether 35 independent variables were used for the prediction of SOC or AGTB in the study. Of which, nine variables were selected for the prediction of SOC (Bio1, Bio4, Bio7, Bio8, Bio10, Bio12, Forest type, Distance to settlement and Crown cover) and four variables for the prediction of AGTB (Basal area, Altitude, Bio5 and Bio14).



3.2. Variables importance in the model

The selected 9 and 4 Predictor variables for estimating SOC and AGTB, respectively showed different importance values in the models. The predictor variable “Bio8” was found to be the most important variable for the prediction of SOC followed by Bio1, Bio10, Forest type, Bio7, Bio4, Distance to settlement, Bio12 and Crown cover (Figure 1A) whereas Basal area showed its importance highest for the prediction of AGTB followed by Altitude, Bio5, and Bio14 (Figure 1B).



3.3. SOC and AGTB estimation

The random forest model was run in two ways. Firstly, all 35 predictor variables (RFM1 and RFM3) were used in the model (RMF1 and RMF3) for the estimation of SOC and AGTB. Secondly, only predictor variables with high-importance values were used in the model (RFM2 and RFM4) for the same estimation (Table 2). The root mean square error (RMSE), RMSE% and coefficient of determination (R2) were found similar for using all 35 predictor variables and using only 9 predictor variables for the estimation of SOC. On the other hand, the performance of the model for the estimation of AGTB was found slightly better while using 35 predictor variables compared to 4 predictor variables (Table 2).


TABLE 2    Summary of the models for the estimation of SOC and AGTB.
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3.4. Relation between number of decision trees and error in the model

The number of decision trees (or “trees”) in the Random forest model represents the number of sub-samples selected randomly from the original data set. Increasing the number of decision trees helps to reduce the error in the model. The error was sharply reduced when the number of sub-samples selected from the sample population increased from 1 to 100 and slowed down afterward in both the SOC (Figure 2A) and AGTB (Figure 2B) models.


[image: image]

FIGURE 2
Reduction of error as the increase of number of decision trees (“trees”) in the RFM2 and RMF4 models for the estimation of SOC (A) and AGTB (B), respectively. “Trees” is a number of sub samples selected randomly from the sample population.




3.5. Accuracy assessment

Model performance varied in the estimation of SOC (RFM2) and AGTB (RFM4) using test data. RMSE% was found lower in the estimation of SOC as compared to the estimation of AGTB (Table 3).


TABLE 3    Error assessment of the models (RFM2 and RFM4) developed to predict soil organic carbon (SOC) and above ground tree biomass (AGTB).

[image: Table 3]

Moreover, the degree of fitness of the model calculated from the predicted value against the observed value for the estimation of SOC was found to be strong i.e., R2 = 0.759 and the relation was found significant (p < 0.05) (Figure 3A). A similar degree of fitness was also found in the case of AGTB estimation i.e., R2 = 0.762 and (p < 0.05) (Figure 3B).


[image: image]

FIGURE 3
Validation of the models for Soil organic carbon (SOC) prediction (A) and Above ground tree biomass (AGTB) prediction (B) using predicted data and observed data with the help of independent data set.




3.6. Partial dependence plots (Response plots)

Partial dependence plots for each important predictor variable were plotted for both SOC (RFM2) and AGTB (RFM4) models. Our study found that the response variable SOC responded positively with Crown cover, Distance to settlement and Bio12, and responded negatively with Bio1, Bio7, Bio8 and Bio10, whereas it responded both ways (non-linear relation) with Bio4.

An increase in distance to settlement from the forests up to 8,000 m contributed to the increase in SOC, while for longer distances no effect on SOC was found. Similarly, an increase in crown cover and Bio12 also contributed to the increase in SOC. Furthermore, Bio1, Bio8 and Bio10 did not contribute to SOC up to the temperature of 12, 17, and 19°C, respectively. However, the increase in temperature after those limits contributed to a decrease in SOC. In contrast, Bio4 contributed to a decrease in SOC up to 500 mm and afterward, it contributed to an increase in SOC. Lastly, The comparison of forest types revealed that 1, 11, and 17 contributed more to SOC than the other forest types (Figure 4).
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FIGURE 4
Predictor variables responding to Soil organic carbon (SOC) in the partial dependence plot of the random forest model (RFM2) where forest type represented by 1 = Abies spectabilis forest, 2 = Betula utilis forest, 3 = Cedrus deodara forest, 4 = Cupressus torulosa forest, 5 = Junifer wallichiana forest, 7 = Acacia catechu/Dalbergia sisso forest, 8 = Lower mixed hardwood (LMH) forest, 9 = Pinus roxburghii forest, 10 = Pinus wallichiana forest, 11 = Quercus sps forest, 12 = Shorea robusta forest, 13 = Picea smithiana forest, 14 = Shorea robusta TMH forest, 15 = Tsuga dumusa forest,16 = Terai mixed hardwood (TMH) forest, 17 = Upper mixed hardwood (UMH) forest.


Above-ground tree biomass responded differently with the four predicted variables (Basal area, Altitude, Bio5 and Bio14). Basal area and Bio5 showed a positive relation with AGTB, while Bio14 and Altitude showed both positive and negative (Figure 5). Basal area up to 80 m2/ha of the forests increased AGTB, and then the amount of AGTB stayed more or less stable, while an increase in Bio5 further increased AGTB. In contrast, altitude and Bio14 decreased AGTB up to 2,000 m and 7 mm, respectively, and after those limits, these variables increased AGTB.
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FIGURE 5
Predictor variables responding to above ground tree biomass (AGTB) in the partial dependence plot of the random forest model (RFM4).




3.7. Amount of soil organic carbon (SOC) and above ground tree biomass (AGTB) using climate change scenario (CMIP6, SSP2 4.5 for 2050)

The CMIP, SSP2 4.5 scenario showed an effect of climate change on SOC and AGTB, assuming other predictors to be the same. An average SOC stock of 63.6 tons/ha was found in the near current period, while it would decrease to 61.15 tons/ha in the future scenario. Unlikely, an average AGTB would increase to 210.57 tons/ha in the future scenario compared to the near current period (204.51 ton/ha). Our result shows that the amount of SOC would likely decrease by 3.85% while AGTB would likely increase by 2.96% in the future climate change scenario (Table 4).


TABLE 4    Changes in the amount of soil organic carbon (SOC) and above ground tree biomass (AGTB) in the near current period (1970–2000) and future scenario (2040–2060).
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The SOC and AGTB were plotted over the individual PSP. The blue lines in both figures represent SOC/ATGB in the near current period (1970–2000) whereas red lines represent them in the future scenario (2040–2060). The blue line has exceeded the red line indicating decreasing trend of SOC in the future scenario (Figure 6A). But, for the amount of AGTB, a red line has exceeded the blue line indicating the trend of AGTB in the future (Figure 6B).
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FIGURE 6
Amount of Soil organic carbon (SOC) changes in the future against near current period i.e., 1970–2000 (A) and amount of Above ground tree biomass (AGTB) changes in the future against near current scenario (B).





4. Discussion


4.1. Performance of the random forest models

A random forest model has been used in this study to estimate SOC and AGTB in the current and future climate change scenario. The RFM has been popular and considered to produce better accuracy than the multiple linear regression (Powell et al., 2010; Hounkpatin et al., 2018). The multiple linear regression approach is though popular, it does not well capture the complex relationships between the forest variables; and soil-landscape relationships subject to non-linear dynamics (Grimm et al., 2008; Chen et al., 2012). The coefficient of determination (R2 value) produced by our model for the estimation of AGTB is found strong, i.e., 0.74, which is higher than or similar to the other previous studies that used different predictor variables to predict AGTB using RFM (Powell et al., 2010; López-Serrano et al., 2020; Nguyen and Kappas, 2020; Li Z. et al., 2022). Similarly, the RMSE percent of the AGTB model in our study is slightly higher than the results reported by Musthafa and Singh (2022), Wai et al. (2022) and slightly lower than result of Zhu et al. (2020). These studies completely used other predictors (Image pixel value, age, crown density etc.) compared to our studies (especially temperature and precipitation). Moreover, R2 and RMSE% of the model for the estimation of SOC is smaller and higher, respectively than other studies (Hounkpatin et al., 2018; Lee et al., 2020). The possible reason could be the use of different independent variables in those studies than our study.

If we compare the estimated quantity of SOC and AGTB of the Random forest model with the forest resource assessment result (DFRS, 2015c) based on design based estimation, the quantity is found similar. The estimated average of SOC (63.6 ton/ha) in this study is 4.9% lower than the forest resource assessment result (66.88 ton/ha) whereas the average of AGTB (204.51 ton/ha) is 5.14% higher than the forest inventory result (i.e., 194.51 ton/ha). Though number of samples used in the model is lower than the samples used in design based approach, the Random forest model seems to be capable to produce better accuracy.



4.2. Factors influencing above ground tree biomass (AGTB)

Based on the previous studies, altitude, stand characteristics (tree age, density), slope, aspect, temperature and precipitation affect the AGTB (Powell et al., 2010; Van der Laan et al., 2014; Yan et al., 2015; Zhang et al., 2016; Rajput et al., 2017; Shen et al., 2018). Similar to the other studies (Wang et al., 2017; Bennett et al., 2020; Larjavaara et al., 2021), our study reports the effect of climate attributes on AGTB, particularly due to the maximum temperature of the warmest month (Bio5) and precipitation of the driest month (Bio14).

The RFM used in this study helps understand AGTB as functions of predictors such as altitude and climatic variables. Previous studies also used RFM to estimate AGTB, but were confined to a few predictor variables such as image pixel value, canopy height, topography, vegetation indices, and texture feature (Li Z. et al., 2022; Musthafa and Singh, 2022; Wai et al., 2022).

Our model shows an increase of AGTB under future climate change scenarios, a finding that is consistent with the results reported by Day et al. (2008), Saeed et al. (2019), Wang et al. (2019). Temperature is the most determining climatic factor that helps in accumulation of tree biomass particularly in the growth season (Devi et al., 2020). Similarly, an increase in precipitation in the driest months (Bio14) helps increase AGTB by lengthening the growing season that supports plant growth (Vaganov et al., 1999). Our results show a positive effect of Bio14 and warmer in the summer (similar to Bio5) with AGTB is consistent with the study conducted by Lewis et al. (2013), Devi et al. (2020), Noguchi et al. (2022). Unlike the forests in Nepal, rising temperature is likely to decrease above-ground biomass in the old-growth tropical forests (Larjavaara et al., 2021).



4.3. Factors influencing soil organic carbon (SOC)

Nine predictor variables, including topographic variables, climatic variables, forest types, distance to settlement and crown cover, are important to influence SOC distribution. Previous studies also report similar influencing variables for SOC, topography (altitude, slope and aspect), above-ground biomass, basal area, canopy cover, climate and forest types (Kara et al., 2008; Song et al., 2012; Mohammad and Rasel, 2013; Liu et al., 2016; Bangroo et al., 2017; Chaturvedi and Sun, 2018; Jakšić et al., 2021; Shapkota and Kafle, 2021). Apart from other variables, distance to settlement has also an effect on SOC. Our result shows that an increase in distance to settlement- which is likely to reduce human disturbances- results increase in SOC stock (Figure 4). SOC distribution is likely to be more in the area with less human disturbance (Mehta et al., 2008; Eshaghi Rad et al., 2018). Human disturbance such as logging and tree harvest result in a decrease in soil carbon and organic matter (Latty et al., 2004; Moreno et al., 2007).

Our study shows the mean temperature of the wettest quarter (Bio8) as a major predictor variable to estimate SOC in particular. In general, climatic variables are dominating other variables for the prediction of SOC. Similar to our study, previous studies have reported the effect of climate (temperature and precipitation) on SOC (Chen et al., 2015; Alani et al., 2017; Sun et al., 2019; Odebiri et al., 2020; Fang et al., 2022). But, other studies also found altitude as a major variable for SOC prediction (Dieleman et al., 2013; Odebiri et al., 2020). This is also true because altitude though does not directly influence SOC but is an indicator of various climatic functions that govern different vegetation and soil formation processes (Hanawalt and Wittaker, 1976). Thus, altitude can be used as a proxy of climatic variables (Malla et al., 2022).

Furthermore, our model shows a decrease in SOC amount in the future climate change scenario which is similar to the finding reported by Dimobe et al. (2018). Owing to global warming, surface temperature will continue to increase, at least, until 2050 under all emission scenarios (IPCC, 2021). The result shows an increase in temperature (in the future scenario) leads to a decrease in SOC amount, which is supported by other studies (Liu et al., 2021; Zhao et al., 2021). The possible reason could be an increase of soil microbial decomposition due to higher temperature resulting less SOC amount (Dong et al., 2021; Song et al., 2021). Similarly, the negative association of precipitation (in the future scenario) with SOC in our result is similar to the result reported by Alani et al. (2017). The higher amount of precipitation possibly causes to leach dissolved organic carbon of the soil resulting less SOC accumulation.



4.4. Implications of the study


4.4.1. Model implications

Our model shows the effect of climatic variables, topographic variables, forest variables, and distance to settlements on the amount of SOC and AGTB. Particularly, climatic variables (temperature and precipitation) have a direct relation with the formation process of SOC and AGTB. Mean annual precipitation is a driver of the amount of SOC and AGTB (Mehta et al., 2014). Precipitation influences soil moisture and hydrological processes (Heisler and Weltzin, 2006) which is an important factor in SOC cycling (Aanderud et al., 2010) and affects AGTB through functional traits (Cheng et al., 2021). Similarly, temperature also affects the amount of SOC (Zinn et al., 2018; Zhang et al., 2021) and the amount of AGTB (Poudel et al., 2011; Larjavaara et al., 2021). An increase in temperature helps soil microbial decomposition resulting in higher carbon emission or lower SOC accumulation (Dong et al., 2021; Song et al., 2021) whereas warming temperature enhances tree growth resulting in an increase in AGTB (Way and Oren, 2010).

However, most of the previous studies were focused on forest inventory data accompanied by satellite imageries to estimate AGTB and SOC of the latest period (Angelopoulou et al., 2019; López-Serrano et al., 2020). But for the future prediction of AGTB and SOC under climate change scenario, projected bioclimatic variables are necessary as input variables to produce a precise result. These projected bioclimatic variables have been widely used in species distribution modeling, and habitat suitability under different climate change scenarios (Fyllas et al., 2022; Khan et al., 2022; Shrestha et al., 2022) however, the use of these variables have been very limited for SOC prediction (Liu et al., 2021; Zhao et al., 2021).

Inclusion of Bio2 and Bio6 bioclimatic variables with inventory data helps estimate AGTB and SOC, respectively in a better way. Readily available bioclimatic variables not only improve the performance of the model but also reduce the cost of the model. Combining bioclimatic variables with other variables for the prediction of SOC and AGTB can be a viable option to understand the present scenario.

Moreover, using easily available projected bioclimatic variables under different climate change scenarios see text footnote 1 has benefited us in getting a better understanding the trend of SOC and AGTB in the future. Thus, our model shows an advantage over previous model to assess AGTB and SOC in the future climate change scenario using freely available climatic data.



4.4.2. Implications to Nepal

The forest policy of Nepal emphasizes managing forest resources largely through community participation. Almost half of the total forests have been managed under the broad regime of community-based forest management (Ghimire and Lamichhane, 2020). After the involvement of local people in forest resource management, Nepal has received positive changes in the forest condition. The forest cover of Nepal has been in an increasing trend reported by different assessments, i.e., 29% (DFRS, 1999), 40.36% (DFRS, 2015c), 41.69% (FRTC, 2022). Despite these facts, our model shows the amount of SOC is likely to be decreased in the future, whereas there will be a slight gain in the AGTB. In order to increase SOC in the future, the result highlights the need of management intervention to reduce forest degradation and deforestation through sustainable forest management in all the forests of Nepal to deal with climate change impact.





5. Conclusion

Climatic variables (temperature and precipitation) show an effect on the amount of SOC and AGTB in the future climate change scenario. However, the effect of climate on the SOC and AGTB is opposite (positive with AGTB while negative with SOC). Therefore, management intervention through sustainable forest management is crucial in all forest types to maintain SOC level in the future climate change scenario.

Our study proposed an approach for estimating the AGTB and SOC of Nepal using forest inventory data combined with world climate data (bioclimatic variables). Integrating readily available bioclimatic variables along with other predictor variables helps estimate SOC and AGTB in the near current and future scenario, leading to a better understanding of AGTB and SOC dynamics.
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ANNEX


ANNEX 1    Parameters a, b, and c of the volume equation i.e., ln(v) = a + b*ln(d) + c*ln(h).
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Novel climate and disturbance regimes in the 21st century threaten to increase the vulnerability of some western U.S. forests to loss of biomass and function. However, the timing and magnitude of forest vulnerabilities are uncertain and will be highly variable across the complex biophysical landscape of the region. Assessing future forest trajectories and potential management impacts under novel conditions requires place-specific and mechanistic model projections. Stakeholders in the high-carbon density forests of the northern U.S. Rocky Mountains (NRM) currently seek to understand and mitigate climate risks to these diverse conifer forests, which experienced profound 20th century disturbance from the 1910 “Big Burn” and timber harvest. Present forest management plan revisions consider approaches including increases in timber harvest that are intended to shift species compositions and increase forest stress tolerance. We utilize CLM-FATES, a dynamic vegetation model (DVM) coupled to an Earth Systems Model (ESM), to model shifting NRM forest carbon stocks and cover, production, and disturbance through 2100 under unprecedented climate and management. Across all 21st century scenarios, domain forest C-stocks and canopy cover face decline after 2090 due to the interaction of intermittent drought and fire mortality with declining Net Primary Production (NPP) and post-disturbance recovery. However, mid-century increases in forest vulnerability to fire and drought impacts are not consistently projected across climate models due to increases in precipitation that buffer warming impacts. Under all climate scenarios, increased harvest regimes diminish forest carbon stocks and increase period mortality over business-as-usual, despite some late-century reductions in forest stress. Results indicate that existing forest carbon stocks and functions are moderately persistent and that increased near-term removals may be mistimed for effectively increasing resilience.
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Introduction

Temperate conifer forests are among the most carbon-dense forests globally (Hudiburg et al., 2009, 2019; Thurner et al., 2014; Smith et al., 2019) and are responsible for most of the western North American carbon sink (Schimel et al., 2002). Drought and fire are endemic across much of this region. However, the magnitude of these disturbances has increased in recent decades (Zhao and Running, 2010; Schwalm et al., 2012; Abatzoglou and Williams, 2016; Buotte et al., 2019) due to increased soil and atmospheric aridity, historic harvest impacts, excessive fuels from fire suppression, and human ignitions (Higuera and Abatzoglou, 2021). These shifts have increased the vulnerability of landscape carbon sinks and myriad ecosystem services (Walsh and Hudiburg, 2021). Forest vulnerability to changing drought and wildfire regimes varies among trees, species, and populations (VanderWeide and Hartnett, 2011; Lutz et al., 2012; Evans et al., 2016) due to the interaction between legacies from past disturbance (Hudiburg et al., 2017; Bartowitz et al., 2019) and hotter and drier growing seasons (Allen et al., 2010).

Increasing natural and anthropogenic disturbance in regions of productive, high carbon density forests (Law et al., 2018) has accelerated the need for improved understanding of western U.S. landscape trajectories in the 21st century (Case et al., 2021). Evaluating potential outcomes, however, requires quantifying ecological metrics at appropriate spatiotemporal scales and quantifying trade-offs between management approaches (Hudiburg et al., 2019). Much recent forest management literature emphasizes the need for species composition shifts and density reductions through active management such as harvest and prescribed fire to create more resilient forests (Prichard et al., 2021). Whether or not such actions will successfully decrease forest vulnerability while minimizing carbon losses at landscape scales and across the complex subregions of the western U.S. remains largely untested (Bartowitz et al., 2022). Given the long-term observations needed to empirically confirm the consequences of intertwined novel climate, disturbance, and forest management strategies (Nagy et al., 2021; Muthukrishnan et al., 2022), robust, process-based methods are presently needed to quantify and assess these complex potential outcomes across landscapes and through time (Anderegg et al., 2022). Due to the rapidly changing environmental conditions governing forest growth, mortality, and carbon balance, mechanistic models that explicitly represent forest processes (i.e., photosynthesis, hydraulic limitation, carbon allocation, changes to water use efficiency, prognostic fire events, forest structure, etc.) must be utilized to better predict potential trajectories of forest vulnerability and resulting carbon fluxes of proposed management plans.

Much previous regional-scale forest modeling has utilized two broad categories of models, each with limitations in projecting vegetation responses to novel conditions. First, the land components of earth systems models (ESMs) have represented mechanistic biophysics and biogeochemistry at soil-plant-atmosphere surfaces (Bonan, 2008, 2019), but have historically represented site vegetation via aggregated pools and fluxes of mass (e.g., Hudiburg et al., 2013). Previous studies using ESMs at the scale of western U.S. forests have derived forest vulnerability indicators from model outputs such as site carbon fluxes (e.g., NPP; Buotte et al., 2019), yet their lack of modeled individual mortality and canopy gap formation has meant that key structural feedbacks (e.g., functional gaps, demographics) to projection outcomes were absent. Second, vegetation demographic models (VDMs) have represented structural and compositional shifts of individuals, cohorts, and successional patches across grid cells via mortality and growth (Scheiter et al., 2013). VDMs can lack the spatial scale and biogeophysical dynamics of ESMs, while employing simple empirical representations of essential plant processes (Hanbury-Brown et al., 2022). More recently, coupling of VDMs with ESMs has enabled progress towards regional modeling experiments that fuse mechanistic surface exchanges with ecosystem demographic resolution (Fisher et al., 2018; Fisher and Koven, 2020). These coupled models can enable essential sub-grid cell vegetation heterogeneity via cohorts of trees across variably disturbed patches within the land models of ESMs.

The U.S. Northern Rocky Mountain (NRM) ecoregion (Omernik and Griffith, 2014) represents a important, sparsely studied and carbon dense forested domain (Walsh and Hudiburg, 2021) on which to test advances in coupled forest-disturbance modeling is the western U.S. The NRM contains over 100,000 km2 of predominantly conifer forests in northern Idaho, Montana, and Washington that have experienced profound 20th and 21st century changes to composition and structure from harvest, insects, pathogens, wildfire, and fire suppression (Bollenbacher et al., 2014; Ramsfield et al., 2016). The NRM was notably the primary region of the 1910 “Big Burn,” in which over 1.2 million hectares of wildland burned (Koch, 1942, 1978; Bartowitz et al., 2022). The 1910 fires shaped both NRM forest structure as well as the subsequent fire suppression policies of the nascent United States Forest Service (USFS), which contributed to large reductions in regional burned area by the latter portion of the 20th century (Arno et al., 2000; Gibson and Morgan, 2005; Walsh and Hudiburg, 2021). NRM forests are also imprinted with the legacy of 20th century timber harvest, which ultimately increased tree density and homogenized forest composition with early 20th century selective harvest (i.e., “high grading”) followed by even aged, regeneration harvest methods (e.g., clear cutting) (USDA, 2015, 2019).

Critically, much of the present-day NRM region has been identified as a high priority for carbon storage reserves due to higher carbon density than drier regions of the western U.S. and moderate vulnerability to drought and fire mortality (Buotte et al., 2020; Law et al., 2022). However, a warming climate, increased wildfire activity (Parks and Abatzoglou, 2020), and lack of species tolerant to fire, drought, and pathogens relative to the past (Evangelista et al., 2011; Stevens-Rumann et al., 2017; Turner et al., 2019), have led to concern regarding regional 21st century forest vulnerability and continued ability to provide ecosystem services, including the ability of forests to sequester and store carbon (Henne et al., 2021; Walsh and Hudiburg, 2021). In this context, recent national forest land management plan revisions and draft revisions within the NRM aim to reduce forest vulnerability via changes to species composition and density, in part via increased even-aged timber harvests (i.e., harvests that remove the majority of overstory trees) (USDA, 2015, 2019). Increased harvests are incorporated into plans to reduce forest density and sharply increase the prevalence of planted fire, drought, or pathogen-tolerant species (e.g., ponderosa pine, western white pine, and western larch over Douglas fir and mesic mixed conifers). Notably, the draft plan revision for the Nez-Perce Clearwater National Forest presents multiple alternative scenarios in which sharp increases in even-aged harvest (i.e., up to 3–4 × 2010–2020 timber harvest volumes) are utilized to alter forest composition on the scale of 100,000–300,000 acres per decade (USDA, 2019). In combination, the significant impacts to NRM forest ecosystems from novel climate, natural disturbances, and human disturbances drive a need for the study of potential 21st century landscape function and vulnerability.

Here, we demonstrate a novel approach to modeling 21st century NRM forest vulnerability to loss of biomass and function resulting from climate change and disturbance using CLM-FATES (the Community Land Model with the Functionally Assembled Terrestrial Ecosystem Simulator; Fisher et al., 2015; Lawrence et al., 2018), a cohort-based VDM (FATES) coupled to an ESM (CLM). We employ CLM-FATES due to the model’s prognostic mortality mechanisms (fire, carbon starvation, hydraulic failure, and freezing); due to its representation of cohorts of trees with crown spatiality and mass allocated to cohorts with distinct individual counts, species, and organ sizes; and due to its sub-grid cell patches that represent areas of distinct disturbance, functional gaps, and recovery. In this study, modeled NRM forest trajectories from 2025–2100 are assessed via forest mortality, growth, canopy cover, carbon stocks, and carbon fluxes under changing climate, fire, and management. We examine outcomes under both business-as-usual (BAU) scenarios and increased harvest scenarios based on current U.S. national forest management plans in the NRM region. Modified management scenarios include increased regeneration harvest rates that are intended to reduce forest vulnerability to disturbance via prescribed shifts in forest structure and composition. We ask:


1.Does climate change diminish landscape carbon stocks and forest cover in the NRM through 2100?

2.How do changing climate and disturbance impact ecosystem stress, production, and mortality across forest types?

3.Do prescribed composition shifts via increased regeneration harvest (active management) effectively reduce landscape vulnerability to climate change?





Materials and methods


Modeling framework

Simulations were performed with the Functionally Assembled Terrestrial Ecosystem Simulator (FATES; Fisher et al., 2015) coupled with the Community Land Model 5.0 (CLM; Lawrence et al., 2018) of the Community Earth Systems Model (CESM). With this configuration, FATES modifies CLM vegetation surface representation to include vegetation demographics via cohorts of trees occupying patches defined by disturbance history. CLM represents land surface biogeophysics, biogeochemistry, and human land impacts across gridded domains. FATES has been tested and evaluated for sensitivities, parameterization strategies, and predominantly site-scale analyses (Koven et al., 2019; Lawrence et al., 2019; Huang et al., 2020; FATES Development Team, 2022; Lambert et al., 2022).

Functionally Assembled Terrestrial Ecosystem Simulator cohorts represent groups of trees defined by common size, canopy position, and plant functional type (PFT). Cohort processes include photosynthesis, respiration, transpiration, recruitment, growth, reproduction, and mortality driven by climate, light, soil moisture, and disturbance. Cohorts occupy patches within each site that are generated by disturbances. PFTs are defined by common sets of functional traits that correspond to physiology and structure. Surface processes are calculated at a half-hourly time step and include soil-leaf-atmosphere exchanges (e.g., mass and energy fluxes; photosynthesis, respiration, transpiration). Daily time-step processes include recruitment, growth, disturbance, turnover to surface and soil pools, and cohort/patch fusion/fission. Within patches, cohorts compete for light via vertical canopy position (layer), dependent on tree height and total crown area per patch. Net Primary Production (NPP) is the balance between photosynthesis and autotrophic respiration. Growth is in turn dependent on a NPP allocation scheme in which tissue turnover and carbon stores are first replenished, allometric deficits are diminished, and then, if possible, tissues grow concurrently according to allometric targets. Event-based mortality can result from prescribed harvest and prognostic fire impacts mediated by cohort size, bark thickness, and canopy variables. ‘Treefall’ mortality includes hydraulic failure, carbon starvation (based on carbon balance), cold stress, and a background mortality rate per PFT. Within FATES, a SPITFIRE-based model (Thonicke et al., 2010) simulates daily patch fire initiation, ignition, spread, intensity, and effects based on lightning strikes (here, spatially variable), patch fuel conditions (mass, size distribution, moisture), fire weather, and cohort characteristics (FATES Development Team, 2022; “FATES SPITFIRE description” in the Supplementary material).

We modified FATES to enable several processes that were important in our study scenarios (full description in the Supplementary material). Modifications included the following: (1) the addition of regeneration harvest as a management option (e.g., harvest and then planting of selected PFTs) and the addition of parameters controlling combustion fraction of harvest slash; (2) the addition of standing dead (i.e., “snag”) pools and treefall fluxes to better reflect post-mortality fuel structure and emissions timing (Edburg et al., 2011; Stenzel et al., 2019); (3) the addition of cohort fine root depth based on tree size and PFT to differentiate soil water access based on tree structural growth and PFT strategy (Law et al., 2003; Irvine et al., 2004, 2008; Law and Berner, 2015); and (4) the inclusion of cold stress mortality thresholds for small trees and the calculation of cold stress from daily minimum temperatures, rather than averages. Modifications 3 and 4 were intended to better generate PFT fundamental niches by representing recruit mortality from extreme conditions.



Terminology

Carbon cycle terms include Gross Primary Production (GPP), Autotrophic (plant) respiration (Ra), Heterotrophic respiration (Rh) and Net Primary Production (NPP = GPP–Ra) (Chapin et al., 2006). The balance of ecosystem production and respiratory fluxes define Net Ecosystem Production (NEP = NPP–Rh). The Net Ecosystem Carbon Balance (NECB) represents the total site carbon balance, subtracting from NEP any additional horizontal fluxes and vertical non-respiratory fluxes (here, NECB = NEP–fire C emissions–harvest removals). Crown area refers to the ratio of forest canopy cover to ground area. Soil moisture stress, used here in place of the CLM-FATES variable “β-Transpiration,” refers to model stress-response scaling (0–1) of stomatal conductance and photosynthesis based on soil water matric potential and plant wilting point (FATES Development Team, 2022). Carbon use efficiency (CUE) is the site ratio of GPP to NPP and reflects the efficiency with which modeled photosynthate from GPP is converted to live biomass pools (vs. plant respiration).



Study domain and forests

Simulations were performed within ∼ 2.5 million hectares of US national forest land in the Northern Rocky Mountain (NRM) ecoregion and the northern portion of the Idaho Batholith ecoregion of Idaho (Figure 1; hereafter referred to simply as NRM; Omernik and Griffith, 2014) through the year 2100. We focus on the Idaho Panhandle (IPNF) and Nez-Perce Clearwater National (NPCNF) forests due to their recently revised or in-revision forest management plans, which seek desired conditions of altered forest composition in the context of changing climate and disturbance.
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FIGURE 1
Domain location, PFTs, and monthly near-future climate (2025–2035, MIROC climate). (A) Domain 4 × 4 km grid cells (n = 1,811) and initial Plant Functional Type (PFT) distribution. PFTs include ponderosa pine (PP), Douglas fir (DF), mixed mesic conifer (MC), subalpine fir and Engelmann spruce (SF), and lodgepole pine (LP). The domain is located in the Idaho Panhandle and Nez Perce–Clearwater National Forests of northern Idaho, USA (see inset). (B) MIROC5 mean (± sd) monthly temperature (2025–2034) and (C) precipitation.


The study domain (Figure 1) ranges in elevation from ∼450–2,500 m, rising primarily from west to east. The climate of the region is spatially complex; climatic gradients (warm-dry to cold-wet) correspond to strong elevation gradients and latitude, but climate generally consists of relatively dry summers and a maritime influence that leads to high forest productivity compared to drier portions of the Rocky Mountains to the south. The western side of the ecoregion is characterized by a stronger maritime influence, and the domain includes Koppen climate zones Dsb, Dsc, Dfb, and Dfc (Mediterranean-influenced and continental warm-summer and subarctic climates). Much of the domain experiences growing season drought. July, August, and September are typically both the hottest and driest months (Figure 1); during this dry period, precipitation is often less than 10% of the yearly total. Forest soil moisture typically decreases to multi-month minimums by the month of August, while tree sap flow, secondary growth, stomatal conductance, and leaf water potential demonstrate marked downregulation and stress (Baker et al., 2019; Stenzel et al., 2021).

The NRM of Idaho is 88% forested, with the largest portion of forest land administered by the US Forest Service (USFS) (Walsh and Hudiburg, 2019). The pre-20th century forest landscape experienced ∼ 50% mixed fire regimes, with lesser proportions of non-lethal and stand-replacing events, but modern regimes have been altered by combinations of fire suppression, timber harvest, and climate (Arno et al., 2000; Morgan et al., 2008; Naficy et al., 2010). Study plant functional types (PFTs) correspond to forest type distributions from previous CLM studies (Buotte et al., 2019), and include types defined by both single and multiple species. PFTs include ponderosa pine (PP, Pinus ponderosa), Douglas fir (DF; Pseudotsuga menziesii), mixed mesic fir/cedar/hemlock (MC; Douglas fir; grand fir, Abies grandis; western redcedar, Thuja plicata; western hemlock, Tsuga heterophylla), lodgepole pine (LP; Pinus contorta), and subalpine fir/spruce (SF; Abies lasiocarpa, Picea engelmannii). Grand fir and Douglas fir represent ∼ 50% of tree mass in the domain (USDA, 2015, 2019; Walsh and Hudiburg, 2021), dominating warm and cool moist sites. Cold site forests are composed of subalpine Spruce/fir and lodgepole pine types.

Historical timber harvest on the two national forests increased rapidly in the mid 20th century, peaked at over 30,000 acres per year by the 1980s, then declined to an average of ∼5,000 acres per year after 2000 (USDA, 2022). In the first half of the century, high-grade harvests often selectively removed large and commercially valuable trees (Gruell, 1982, 1983; Smith and Arno, 1999; Brown et al., 2004; Naficy et al., 2010). Beginning in the 1950s and until the 1980s, even-aged harvest (e.g., clear cuts) increased drastically on USFS lands. Combined with white pine blister rust, regeneration harvest methods served to increase the prevalence of species such as Douglas fir and grand fir, while western white pine (Pinus monticola) was nearly eliminated from the landscape (USDA, 2015, 2019).

Historically, large portions of forest within both present-day national forests burned in wildfires, including the >5,000 km2 “Big Burn” of 1910 (Bartowitz et al., 2022). Modern burned area has been relatively low in the Idaho Panhandle National forest, with < 300 km2 (<2.5%) total burned area from 1985–2020 (Eidenshink et al., 2007). In the Nez Perce-Clearwater National Forest, ∼ 3600 km2 (∼ 22%) of forest area has burned during the same period. In the 21st century, harvest has replaced fire as the primary stand-replacing agent in the Idaho panhandle despite annual timber harvest that is an order of magnitude lower than its 20th century maximum (USDA, 2022). To the south, in the Clearwater Basin of north-central Idaho, >20% of forest area was within burned perimeters from 2000–2019 (Finco et al., 2012; Picotte et al., 2020). In both areas, root diseases from fungi (e.g., Armillaria, laminated root rot) are estimated to represent the largest source of non-stand replacing turnover and afflict the greatest areas of Douglas and grand fir forests (USDA, 2015, 2019). Beetle mortality has had the greatest effect on lodgepole pine (mountain pine beetle) in the NRM, though mortality rates are generally lower than in Montana, Colorado, and Wyoming (Berner et al., 2017).

The USFS completed a revised forest management plan for a portion of the NRM (Idaho Panhandle National Forest; IPNF) in 2015, while a second plan for the Nez Perce-Clearwater National Forest (NPCNF) is currently in draft form (USDA, 2015, 2019). Both plans stress that regional forests deviate from historical and desired structure and composition. Revision plan desired conditions aim to increase forest resilience to climate change, including direct (fire, drought) and indirect (susceptibility to insects, pathogens) impacts on tree mortality and growth rates. Desired conditions from the management plans of both national forests include sharp composition shifts, increasing the prevalence of early seral, shade intolerants (e.g., pine species) that can have higher tolerance to fire, drought, windthrow, and/or root disease than more shade-tolerant, mid or late seral mesic forest species.

Desired composition changes include large decreases in Douglas fir and grand fir forest types (USFS definition: USDA, 2019) and increases in ponderosa pine types at warm-dry and warm-moist sites. In the 2019 draft environmental impact statement for the NPCNF, for instance, desired conditions include 75–90% and 70–85% reductions in Douglas fir and grand fir/western redcedar forest types for warm-moist sites, which support the largest and most productive forests sites in the region (vs. warm-dry and cold). For the same sites, increases in ponderosa pine forest types of 400–900% are desired. Across NPCNF draft plan alternatives, these conditions would be sought in part with timber harvest increases of ∼40–400% across alternative scenarios (up to 55,000 ha yr–1).



Parameterization


PFT trait data

Tree species trait data informing FATES PFT parameter ranges included observations from the tree trait database compiled in Buotte et al. (2021), the TRY Database (Kattge et al., 2020), the NACP TERRA-PNW Forest database (Law and Berner, 2015), and additional literature (see also attached parameter reference file; Hudiburg et al., 2009, 2013; Buotte et al., 2019).



Parameter selection

For each FATES PFT, we generated parameter set ensembles in which key functional traits were varied within observed ranges (Buotte et al., 2021). To further constrain parameter value, PFT competitive strategies were defined (Supplementary Table 1) and final parameters across PFTs were constrained by relative differences in strategies. Where PFT-specific observations were not available, parameters were generally held constant between species.

We first generated 72-member parameter set ensembles for each of 3 generic PFTs, corresponding to a range of tree ecological strategies within the study domain (Supplementary Table 1). Initial PFTs included: (1) A shade-intolerant, drought-avoidant, fire-resistant PFT (PINE; corresponding to ponderosa pine forest); (2) A more shade-tolerant, less drought-tolerant, less fire-resistant PFT (FIR; corresponding to regional mesic mixed conifer forest); and (3) A cold-tolerant, fire-intolerant PFT with subalpine canopy architecture (SUB; corresponding to subalpine fir/Engelmann spruce forest). We first defined parameters that would not vary in ensembles (e.g., PFT wood density, stem allometry). Next, key PFT parameters were varied to represent the range of PFT strategies (Supplementary Table 1). Fire resistance was determined by bark thickness (bark) and canopy height allometry (canopy_ht). Shade tolerance was determined by specific leaf area at the top of the canopy (SLAtop), maximum specific leaf area (SLAmax), maximum rate of carboxylation (Vcmax), leaf nitrogen stoichiometry (Leaf_N; affects leaf respiration), leaf biomass allometry (d2bl1; affects leaf respiration and LAI), and leaf longevity (leaf_life; impacts foliage turnover replacement costs and availability of carbon for structural growth under low carbon-supply conditions). Drought avoidance was controlled by the soil matric potential of stomatal closure (SMPSC), stomatal slope (stoma; affects water use efficiency via regulating stomatal conductance in relation to photosynthesis, soil moisture stress, and VPD), and minimum and maximum fine root depth (root_min, root_max; also affects the rate of root depth growth). Cold tolerance was determined by the seedling cold temperature threshold (cold_tol_seedling). SUB PFT crown area (d2ca) was decreased relative to PINE and FIR, though we note that FATES does not include mechanics that make narrow, dense tree crowns advantageous due to snow or wind effects. Each initial ensemble member parameter set was generated through random selection of each parameter within a uniform distribution spanning each parameter’s observed range.




Calibration

Iterative 72-member single-PFT ensembles for the initial 3 PFTs were run for 150–400 years each across three core sites. Core sites (single grid cells) were characterized by varying ratios of precipitation to potential evapotranspiration (P: PET) and included DRY, WET, and moderate moisture (MOD) sites. PFT ensembles members were filtered (i.e., selected for or against) according to a series of ecological expectations at each site [based on Buotte et al. (2021); see Supplementary Table 1 for expectations; Supplementary Figures 18–22 for example results]. The DRY site (PET > P) filtered PFT capability for drought avoidance/tolerance, including the ability of shallow-rooted recruits to avoid carbon starvation or hydraulic dysfunction, and the ability of mature forest to maintain near-canopy closure in the absence of mass disturbance events. At the MOD site (PET ≈ P), PFTs were filtered based on successful formation of near-closed forest canopies under higher site moisture availability than the DRY site. Yearly hydraulic failure mortality of mature trees was selected against. At the WET site (P < PET) carbon starvation mortality was selected for in shade-intolerant PINE PFT recruits under shade-intolerant (and low LAI) FIR PFT canopies. Partial survival and growth of shade-intolerant FIR recruits under low-LAI PINE canopies was selected for. All PFT ensembles were also calibrated to estimated ranges of local biomass by stand age, and carbon fluxes (GPP, NPP) where relevant monitoring ground-based data existed (Law et al., 2001a,b; Irvine et al., 2004; Sun et al., 2004; Stenzel et al., 2021; Supplementary Figures 18–22). To develop the final five domain PFT parameterizations (i.e., non-generic; PP, MC, DF, LP, SF), ensemble members that passed initial ecological filters were varied relative to observed ranges for common component species, maintaining PFT-relative parameter relationships. All parameterizations were again evaluated against C stock and flux filters at each site.

Sub-regional wildfire calibrations proceeded with 72-cell simulations. Six (6) grid cells were randomly selected for each of 12 PFT x climate type combinations. For grid cells of each PFT (n = 5), climate types (2–4 per PFT) were assigned via multivariate cluster analysis (Multivariate Clustering, Arcgis Pro; Scott and Janikas, 2009) with mean annual precipitation, Tmin, and Tmax from 1979–2014 historical input climate data (Abatzoglou, 2013; Buotte et al., 2021). Wildfire calibration assessed the sensitivity of FATES SPITFIRE to parameter variation, ultimately focusing on variation to the ‘drying ratio’ parameter (personal communication P Buotte; Thonicke et al., 2010). Final PFT parameterizations were selected by area burned per forest type for the period of 2001–2020 compared to observation-based burn area (Eidenshink et al., 2007; Finco et al., 2012; Picotte et al., 2020). Parameterizations were additionally selected to be within one standard deviation of FIA-based PFT-average aboveground live tree carbon density (Hudiburg et al., 2019) for the period of 2007–2016 and to maintain the relative order of observed stock densities across forest types.



Regional scenarios

Domain-scale scenarios were run across 1811, 4 × 4 km grid cells (∼28,000 km2 of national forest land) for 600 years each (400-year spin-up, 200-year historical and future from 1900–2099). Six future scenarios (Table 1) were run from 2020–2099 and were defined by regionally warmer and cooler RCP 8.5 climate forcings for each of three timber harvest intensities (business-as-usual, moderate harvest increase, high harvest increase; see detailed descriptions below).


TABLE 1    Future regional scenarios.
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Surface datasets defined land variables, including soil texture, color, slope, depth to bedrock, and PFT area distribution (from Lawrence et al., 2018; Buotte et al., 2021). FATES ‘fixed biogeography’ mode was enabled and a single initial PFT was prescribed per site based on Buotte et al. (2019) dominant gridcell PFTs (by area). Fixed biogeography mode was selected because the aggregated soil water pools within and across patches in CLM FATES limit spatially variable impacts of different soil water use strategies across multiple site PFTs (see discussion section) in the seasonally dry domain. For each scenario, FATES mass stocks and fluxes were spun-up for 400 years under repeated historical climate (1950–1979). This spin-up period length was sufficient for all PFTs to reach equilibrium ecosystem carbon stocks (live and dead tree, soil C), fluxes (NPP, GPP, Ra, Rh) and site dynamics (crown area, mortality, size structure) under a recycled 30 year climate. Domain live tree, litter, and woody debris pools each changed by ≤ 1% across the final 100 years of spin-up. Soil C stocks increased by ∼0.1% yr–1 by spin-up year 400. Historical and then future periods were simulated with 1950–2099 climate inputs (see climate details below).

Historical harvest fraction by grid cell and year was prescribed via the CLM “land-use timeseries” harvest dataset according to USFS records (Supplementary Figure 2; Hurtt et al., 2020; USDA, 2022). Currently, FATES does not allow spatiotemporal variation in selective harvest parameters that interact with CLM harvest areas. We therefore prescribed harvests that removed the overstory (“clearcuts”) within dynamic harvest areas, both with and without planting. While this represents a simplification of actual harvest prescriptions experienced on the landscape, harvest records (USDA, 2022) indicate that less than 25% of regional harvests from 2001–2020 were selective. Further, while additional even-aged techniques were not represented (e.g., shelterwood, seed tree), many of the regeneration benefits those techniques provide (seeding, protection from plant competition) are realized by seedlings in FATES regardless.

Based on USFS management plans from the Idaho Panhandle and the Nez Perce-Clearwater National forests, future harvest scenarios were generated to represent business-as-usual (BAU; from 2001–2020 harvest averages; ∼ 4,500 acre yr–1), moderately accelerated harvest (AC1 ∼ 12,000 acre yr–1) and highly accelerated harvest (AC2; ∼ 23,000 acre yr–1). AC1 and AC2 primarily reflect variable potential contributions from the NPCNF draft forest plan scenarios “W” and “X,” and were calculated from estimated timber harvest production (USDA, 2019). For all harvest scenarios, yearly grid cell harvest area as a proportion of yearly domain harvest followed observed cell harvest proportions from 2001–2020 (USDA, 2022). In cases where >100% of grid cell area would be harvested during the 2025–2100 future simulations due to increased rates, harvest area above 100% was allocated to cells with <100% period harvest. As with historical prescriptions, even-aged harvests were prescribed in the future. Both forest revision plans list regeneration harvest and selective harvest as “possible actions.” However, given the large desired species composition shifts and a modeled dependence on regeneration harvest methods in the Nez Perce-Clearwater plan (USDA, 2019), non-selective harvests were simulated. To represent even age regeneration harvest practices rather than selective harvest, FATES code was modified to only harvest on patches that contained cohorts of trees with > 20 cm DBH. For forest pixels that had not been classified as cold-wet or cold-dry during calibration (from calibration climate-type analysis), non-BAU harvest scenarios implemented regeneration harvest-based composition shifts via planting of the PP PFT following harvest.

Two future climate scenarios were defined by 1/24° × 1/24° (∼ 4 km × 4 km), 3-hourly climate input data derived from the MIROC5 (MIROC) and IPSL-CM5A-MR (IPSL) general circulation models under historical and RCP 8.5 greenhouse gas concentrations (1950–2099) (Abatzoglou, 2013 (datasets from Rupp et al., 2017; Buotte et al., 2019). The climate data was previously downscaled and disaggregated to force 4 × 4 km CLM 4.5 simulations. RCP 8.5 climate forcings were selected due to similarity to global emissions trajectories (Peters et al., 2013; Buotte et al., 2019). The two climate models were selected due to necessary variable availability and continuity. Regionally, future MIROC climate is cooler and wetter than IPSL climate (Supplementary Figure 1; see Buotte et al., 2021 supplemental information for detailed climate model comparison and dataset methodology). The 4 × 4 km inputs included air temperature, humidity, incoming solar radiation, windspeed, and precipitation. Scenarios were forced by transient climate but constant CO2 (year 2000). During initial study simulations and under constant climate, transient CO2 experiments led to > 50% increases from equilibrium live PFT biomass in 50–100 years, also disrupting PFT strategies that had been defined via PFT calibration (e.g., shade-intolerant pine began to survive under full canopy cover). Excessive CO2 fertilization relative to observations was possibly the result of the current FATES version not representing gross and primary production limitations aside from those associated with carbon and water supply (e.g., only representing carbon cycling, excessive C supply invariably resulting in increased structural growth; Körner et al., 2005; Anderson-Teixeira et al., 2013).

FATES SPITFIRE was driven by spatiotemporally variable forest processes (prognostic) and climate (prescribed). A future natural (lightning, 0.5°, 3-hourly) ignitions dataset was repeated yearly and based on 1995–2013 averages. Human population density (0.5°) from the year 2000 drove future human ignition rates. Fire suppression has not been implemented in CLM FATES to date; we implemented a constant fire area suppression factor (0.61) in non-wilderness grid cells based on CLM5 socioeconomic suppression formulas for the region (from population density and GDP; Lawrence et al., 2019). For additional details on FATES SPITFIRE dynamics and documentation references, see the Supporting Material section “FATES SPITFIRE description.”

Model outputs were scaled by percent forest cover to account for non-forest regions within the actual domain (Ruefenacht et al., 2008). Modeled live and dead carbon stocks across non-calibration grid cells were evaluated per PFT in comparison to FIA-based live tree carbon stock estimates (Supplementary Table 2; Gray et al., 2012; Hudiburg et al., 2019). Carbon fluxes were assessed across the domain in comparison to MODIS NPP and GPP within MODIS product grid cells classified as ‘Evergreen Needleleaf Conifer’ (ENF) (Running and Zhao, 2021). Total modeled burned area was evaluated relative to combined low, moderate, and high severity burn areas recorded from the Monitoring Trends in Burn Severity (MTBS) project for the historical period (Eidenshink et al., 2007). MTBS has known caveats (Kolden et al., 2015) and reflects the full fire suppression strategy employed by USFS, but is the most accurate representation of contemporary area burned.




Results


Model evaluation


Calibration

Final PFT parameter set selections passed all site-scale PFT filters at DRY, MOD, and WET locations (Supplementary Table 1) during site calibrations (Supplementary Figures 18–22). The DRY site supported recruit establishment of the calibrated ponderosa pine (PP) PFT but not the mesic fir PFT, which faced high hydraulic failure mortality. DRY site PP simulation outputs were within observed variable ranges from local eddy covariance site and chronosequence plots (Supplementary Figure 21), including total live tree C across stand ages, NPP, and GPP. At the MOD site, both generic pine and fir PFT were able to successfully initiate, with high NPP and biomass accumulation of young pine stands relative to the DRY site that was within observed ranges (Supplementary Figure 22). Due to carbon starvation from light limitation and consistent with site observations, the MOD site did not support a persistent understory. The WET site experienced the highest rates of site biomass accumulation for both PFTs from bare ground (Supplementary Figure 20). There, site FIR recruit presence persisted under a PINE canopy, passing the FIR PFT filter of moderate shade tolerance. In the absence of fire or harvest, WET site mean 100-year stand tree C was between FIA plot-based means and maximums for ponderosa pine and mixed conifer forests.



Validation

Across all PFTs, mean modeled aboveground tree C stocks were within one standard deviation of FIA plot-based calculations within the domain (2007–2017 period. Mean modeled: 63–103 Mg C ha–1; mean observed: 53–108 Mg C ha–1) (Supplementary Table 3; Supplementary Figure 17) and followed the same order of carbon stock densities. Mean modeled subalpine fir/spruce (SF), lodgepole pine (LP), and Douglas fir (DF) tree stocks exceeded FIA-based means by 10, 18, and 22% in 2010. Ponderosa pine (PP) and mixed conifer (MC) means were 4 and 5% lower than observations. Yearly simulated burn fractions for PP, DF, and MC also fell within one standard deviation of MTBS-based averages for the period of 2001–2017 (modeled means: 0.38–2.59% yr–1; observed means: 0.31–2.33% yr–1). SF and LP mean burn fractions of 0.14% yr –1 underestimated the observed 1.02% yr–1 for 2001–2017 due to inadequate fuel dryness. The 0.14% yr–1 2001–2017 modeled burn fraction was similar to the 1985–2000 rate of 0.15% yr–1. Observed changes to SF and LP burn fractions from the late 20th to early 21st centuries (∼ 1000%) were higher than other PFTs (from MTBS).

In comparison to MODIS GPP estimates of 955–1,117 g C m–2 yr–1 across PFT site-types, modeled GPP means of 837–1178 g m–2 yr–1 were 8–18% higher (PP, DF, MC) and 13–24% lower (LP, SF) (Table 2; Supplementary Figure 17). All MODIS PFT NPP means (558–628 g C m–2yr–1) were higher than modeled NPP (398–495 g C m–2 yr–1). As a result, mean MODIS CUE (NPP/GPP) across PFT domains of 0.54–0.59 exceeded modeled CUE means of 0.39–0.48. Nonetheless, modeled CUE ranges overlapped with previously observed ranges for temperate coniferous forests (DeLucia et al., 2007).


TABLE 2    Domain forest stocks and fluxes by climate and management scenario.

[image: Table 2]




Future forests

Across all transient climate and management scenarios, live and dead carbon stocks decreased between 2025 and 2099 (Table 2, Figure 2). Total domain live tree carbon stocks decreased by 5–29%, with greater losses incurred under the hotter IPSL climate scenarios and with increasing timber harvest. In all scenarios, GPP, NPP, and NECB decreased by the late 21st century (Figure 3) due to a combination of: (1) high intermittent mortality from fire, hydraulic failure, and carbon starvation during hot and dry years (Figures 4–8) that led to decreases in crown area and GPP but not heterotrophic respiration (Figures 3); (2) tree stress from increased VPD and decreased VWC (Supplementary Figure 1) that led to decreases in GPP and carbon use efficiency (NPP/GPP; Figures 3, 6); and, (3) decreased replacement of killed crown area due to increased mortality of recruits and decreased allocation to seed biomass as NPP declined (positive feedback) (Figure 5).
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FIGURE 2
Carbon Stocks, 2026–2099 scenario domain averages. (A) Live tree carbon stocks. (B) Litter and woody debris carbon, above and belowground. Belowground litter and woody debris result from turnover of fine root (to litter) and course root (to woody debris) model pools.
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FIGURE 3
Carbon fluxes, 2026–2099 scenario domain averages. (A) GPP. (B) NPP. (C) Autotrophic respiration, (D) Heterotrophic respiration (E) Domain C losses (outfluxes from domain) from wildfire fire emissions, harvest slash emissions, and harvest removals. (F) NECB.



[image: image]

FIGURE 4
Wildfire dynamics, 2026–2099 scenario domain averages. (A) Cumulative wildfire burned area by scenario. (B) Fuel moisture. (C) Fuel Mass. (D) Fire danger index.
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FIGURE 5
Forest structure and turnover, 2026–2099 scenario domain averages. (A) Canopy layer crown area. Canopy crown area < 1.0 implies site patches with bare ground. (B) Stem density. (C) Recruitment of new seedlings from seed stock. Note: Recruitment values include tree planting with regeneration harvest. (D) Tree stem mortality.
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FIGURE 6
Tree stress and efficiency, 2026–2099 scenario domain averages. (A) Tree carbon storage as a proportion of leaf carbon. This proportion is used by FATES to determine the onset of cohort carbon starvation as well as low-storage maintenance respiration reductions. (B) Carbon Use Efficiency (CUE), or NPP/GPP. Decreases in carbon use efficiency imply relative increases in autotrophic respiration vs GPP. (C) Soil H2O in the top 10 cm of soil. (D) β-Transpiration, soil moisture stress scalar affecting stomatal conductance. β-Transpiration reflects PFT response to soil matric potential (0–1 = low–high conductance).
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FIGURE 7
MIROC climate scenario tree mortality. (A,C,E) Annual mortality; and (B,D,F) cumulative mortality from wildfire, harvest, hydraulic failure and carbon starvation. (A,B) Business-as-usual (BAU). (C,D) Moderate harvest increase (AC1). (E,F) High harvest increase (AC2).
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FIGURE 8
IPSL climate scenario tree mortality. (A,C,E) Annual mortality; and (B,D,F) cumulative mortality from wildfire, harvest, hydraulic failure and carbon starvation. (A,B) Business-as-usual (BAU). (C,D) Moderate harvest increase (AC1). (E,F) High harvest increase (AC2).


Within the domain, IPSL 2050–2059 and 2090–2099 mean annual temperature (MAT) was 0.9 and 1.7°C higher than MIROC (Supplementary Figure 1). Domain MAT under IPSL and MIROC increased 5.5 C and 3.9 C, respectively, between 2026–2030 and 2095–2099. Future annual precipitation increased in both scenarios before declining from 2080–2090. Relative to MIROC, the hotter IPSL BAU scenario experienced ∼250% greater burned area from 2025–2100 (Table 2). Large burned area differences between climate forcings resulted from extreme fire years, particularly from the 2050 and later (Figure 4). From 2026–2099, IPSL and MIROC burned areas were ∼10,000 km2 and ∼4,000 km2, or 38% and 15% of domain area. IPSL burned fraction approximately doubled between 2000–2049 and 2050–2099 (∼ 0.33% yr–1 to 0.6% yr–1), while mean MIROC burned fraction remained consistent (∼ 0.22% yr–1 to 0.21% yr–1). A lack of strong MIROC burn area increase resulted from large fuel losses to combustion during large early 2000s fire events as well as increases in precipitation that buffered fuel moisture (Figure 4).


Domain climate impacts, business-as-usual

Under BAU management, the hotter IPSL climate scenario experienced earlier and more extreme decreases in carbon stocks, greater burned area, and higher mortality compared to cooler MIROC scenario (Table 2). IPSL scenario live and dead carbon stocks decreased throughout the 21st century, with 24% vegetation C stock decreases between 2020–2029 and 2090–2099 (Figure 2). Extreme fire and drought years resulted in intermittent, sharp declines in live tree carbon. High fire years were associated with a combination of high burn fractions, high fire intensity, and low fuel moisture that overwhelmed negative feedbacks from lower fuel availability (Figure 4). During these acute mortality years, by mass, fire became the dominant source of tree mortality, followed by hydraulic and carbon starvation mortality from drought (Figures 7, 8).

IPSL domain annual NECB declined sharply during the periods of 2020–2050 and 2080–2100, leading to negative NECB after ∼ 2030 (Figure 3). Tree crown area, GPP, NPP, and NECB fell following high mortality years (Figure 8) due to greater declines in primary production than heterotrophic respiration. However, across the century, declining VWC (Supplementary Figure 1) also continually depressed NPP, NECB, and CUE via decreased stomatal conductance and GPP (carbon supply relative to autotrophic and heterotrophic respiration) (Figures 3, 6). Decreased forest area and decreased NPP led to decreases in seed production and a resulting 37% decrease in recruitment between 2020–2029 and 2090–2099 (Figure 5). Notably, forest losses stabilized for a period after the mid-century (∼2060–2080) due to a combination of increased precipitation (Supplementary Figure 1) and decreased forest cover (Figure 5). Early period mortality resulted in increased moisture availability on a crown area basis (a negative feedback) and decreased moisture stress (Figure 6).

In contrast to the BAU IPSL climate scenario, MIROC BAU live tree C stocks did not begin to decline until the onset of high fire and drought mortality years in the late 21st century (>2075, >2090) (Figures 2, 7). Under this relatively cool climate scenario, domain total tree C stocks instead increased modestly from ∼2010–2075 following a gradual decline during the peak harvest years of the mid 20th century. From 2008 –2075, mean live tree carbon pools increased from 126 Mg ha–1 to a maximum of 135 Mg ha–1 (similar to early 20th century levels). By 2100, live carbon stocks had decreased to 124 Mg ha–1, with a consistent and steep decline from 2085 onwards. MIROC scenario NEP, GPP, and NPP was on average 50%, 17%, and 22% higher than the IPSL BAU scenario during 2090–2099. Early to mid-century increases in MIROC live tree carbon stocks occurred despite gradual increases in autotrophic respiration that drove decreases in NPP, NECB, and CUE (Figure 3). Combined warmer and wetter conditions led to increases in heterotrophic respiration; decreases in litter, CWD, and snag carbon pools; and approximately balanced total domain total carbon stocks (<1% decrease).

The cooler MIROC BAU scenario experienced relatively low fire and drought-related mortality (Figures 7, 8) through much of the 21st century. After the highest mortality year of the 21st century in 2075 (>300% the century average mortality rate), crown area then decreased ∼9% through 2100, precipitating a transition to late-century, continual decreases in NPP, GPP, NEP, and live and total carbon stocks (Figures 2, 3).

Both scenarios experienced continual forest biomass declines (Figure 2) by the 2090s due to late century increases in plant water and carbon balance stress (Figure 6). Continual increases in soil moisture stress and temperature decreased stomatal conductance and tree C stores. Stress responses in turn led to decreases in NEP and the first occurrences of years in which drought mortality (carbon starvation and hydraulic failure) became the highest source of prognostic mortality for canopy trees (Figures 7, 8).

Under both BAU scenarios from 2025–2100, the highest mortality rates by tree count resulted from mortality of newly recruited, small trees. In decreasing order, the greatest number of trees were killed by hydraulic failure, background mortality, freezing, and carbon starvation. In contrast, mortality by mass for both IPSL and MIROC climate scenarios (Table 2) resulted most from background mortality (1.4 and 1.7 Mg C ha–1yr–1, respectively), followed by fire (0.24 and 0.05 Mg C ha–1 yr–1), harvest (0.04 and 0.05 Mg C ha–1 yr–1) and hydraulic failure mortality (0.07 and 0.04 Mg C ha–1 yr–1). However, hot and dry year natural disturbance mortality (combined fire, hydraulic failure, and carbon starvation) was responsible for the highest mortality years of the century, which exceeded average rates by maximums of ∼300–400% (Figures 7, 8). During these years, the abrupt decreases in live tree mass generated losses of ecosystem GPP and NPP via reductions in crown area. A subsequent lack of crown area and primary production recovery resulted from previously depressed NPP, growth, seed allocation, and recruitment rates. IPSL BAU scenario mean and maximum yearly mortality rates (1.5 and 6.3% of live tree mass) exceeded MIROC BAU mortality rates (1.3 and 2.6%).



PFT responses, business-as-usual

Throughout the 21st century, intermittent, acute mortality occurred during high fire and drought years (Figures 8, 9; Supplementary Figures 12–16), yet intensified for most PFTs and climate scenarios in the 2090s. As a proportion of live site mass, PFT-average 2090–2099 mortality under MIROC climate increased over 2020–2029 mortality by 4% (PP), 24% (DF), 12% (MC), 8% (SF), and 59% (LP). IPSL climate scenario mortality rates increased by 385% (PP), 106% (DF), 47% (MC), 39% (SF), and 61% (LP). By 2090, all PFTs under both climate scenarios experienced years in which drought-related mortality (hydraulic failure and carbon starvation) exceeded mortality from fire or harvest as temperatures increased, precipitation decreased from mid-century maximums, and VWC decreased (Supplementary Figure 1). In contrast, during the spin-up and historical periods, hydraulic failure largely affected shallow-rooted recruits and was not a large source of canopy mortality or mortality by biomass. In the 2090s, dry PP sites were the only site-type on which carbon starvation mortality exceeded hydraulic failure mortality. Despite greater burned area extremes after 2050, average fire mortality and burned area did not continually increase across the century under MIROC climate for DF, MC, and SF and under both climate scenarios for dry PP and LP sites (Supplementary Figures 3–7, 12–16). In contrast, DF, MC, and SF burned area under IPSL climate increased over earlier 21st century burn area maximums by the 2090s.
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FIGURE 9
BAU forest structure and function by PFT site-type and climate scenario, 2025–2099. (A,C,E) IPSL climate; and (B,D,F) MIROC climate. (A,B) Canopy layer crown area. (C,D) Live tree carbon. (E,F) Carbon use efficiency (CUE). Boxes denote the interquartile range (IQ), horizontal bars show medians, and whiskers extend to extreme values within 1.5 times the IQ.


Average BAU live tree carbon, dead carbon, and crown area decreased across most PFT site types and climate scenarios after 2075 (Figure 9; Supplementary Figures 12–16). Between 2025 and 2099, PFT-site tree C for IPSL and MIROC scenarios, respectively, decreased by 42% and 9% (PP), 23 and 10% (DF) 17% and 4% (MC), 23% and −1% (SF), and 40% and 14% (LP). Crown cover decreased by 26% and 21% (PP), 21% and 10% (DF), 24% and 11% (MC), 22% and −1% (SF), and 30% and 8% (LP). Litter and woody debris C decreased by 26% and 21% (PP), 21% and 10% (DF), 24% and 11% (MC), 22% and −1% (SF), 30% and 8% (LP). MC, DF, SF, and LP relative tree carbon deficits under IPSL versus MIROC climate continually widened from 2025–2099 (Figures 2, 9).

Between 2025 and 2075, MIROC MC and SF site tree carbon increased modestly (3% and 6%) under moderately warmer and wetter climate (Figure 9; Supplementary Figures 15, 16). Continued MC and SF stock growth through the mid century was the result of relatively low Ra and leaf turnover costs, higher NPP, and/or higher allocation to wood versus PP and DF on drier sites. MC and SF stock growth occurred despite comparatively low GPP. Reflecting this trend, MC and SF CUE under IPSL and MIROC decreased by 19% and 18% (MC) and 15% and 13% (SF), while PP, DF, and LP CUE decreased by 24–31% (IPSL) and 18–28% (MIROC).

Ponderosa pine site C Stocks under the hotter IPSL climate did not decrease below MIROC stocks until the 2050s and then remained 5–10% lower until declining sharply in the 2090s (Figure 9). Despite higher fire and drought mortality, IPSL PP-site GPP, NPP, and crown area did not decline below MIROC values during this period due to higher ISPL PP tree C stocks and NPP In the early 21st century under moderate warming (Supplementary Figure 12).



Management impacts

By 2100, increased harvest scenarios (moderate: AC1; high: AC2) had lowered domain live carbon by 2.5–3.2% (AC1; 6.5–10.5 Tg C) and 9–10% (AC2; ∼ 24–32 Tg C, from 327 Tg C BAU) by 2100 (Table 2; Figure 2; Supplementary Figure 9). Within active harvest grid cells only, 2099 increased harvest tree carbon was 4–11% lower (AC1) and 16–18% lower (AC2) than under BAU. Year 2100 BAU-relative deficits of AC1 scenarios decreased from maximum deficits of 12.4–15.6 Tg C in the 2070s. Increased harvests decreased average crown coverage by ∼ 3–7% during the mid century (Figure 5; Supplementary Figure 10). AC1 harvest scenario crown area then reached approximate parity with BAU scenarios by 2100 due to harvest feedbacks with fire and tree stress (Figure 7). Increased harvest scenarios decreased burn area mortality due to decreased average fuel mass and decreased late-period water stress due to lowered transpiration (higher VWC and lesser downregulation of stomatal conductance). In the 2090s, Increased harvest scenario NECB exceeded that of BAU scenarios (Table 2). Lower 2090s BAU NECB resulted from a combination of lower GPP (higher water stress) and higher Ra (higher live biomass), not higher mortality (Figure 3).

AC2 and AC1 harvest scenarios increased total mortality mass over BAU by increasing harvest mortality (Figures 7, 8), ultimately killing additional tree mass of 18–22 Tg C (AC1) and 37–44 Tg C (AC2) from 2026–2099. Increased harvest scenarios decreased 2026–2100 fire and drought-related mortality (hydraulic failure and carbon starvation) mass by 1.5–4.5 Tg C (AC1) and 2.9–8.6 Tg C (AC2). Burned area was also reduced by 4–9%, with the greatest reduction in the IPSL climate scenario. Decreases in burned area and total mortality resulted from 5–10% decreases in fuel mass (Figure 4) and resulting decreases in fire intensity. Decreases in fuel mass were the result of both the direct removal of live woody biomass that would otherwise have reached dead surface pools and via reductions in site NPPwood and NPPleaf.

Ponderosa pine PFT-site tree and ecosystem C was higher in BAU scenarios than AC2 and AC1 through 2100 (Supplementary Figure 12). However, during high fire and drought mortality years of the 2090s, AC2 NPP at PP sites exceeded that of BAU and AC1 scenarios. AC2 crown area deficits also shrank. For IPSL scenarios near 2100, lower AC1 and BAU NPP resulted from higher canopy mortality. During the 2090s, PP sites first began to experience years in which carbon starvation was the leading source of mortality by mass (Supplementary Figure 3). For MIROC scenarios in the 2090s, PP ecosystem GPP across management scenarios converged due to moisture limitation (Supplementary Figure 12). In conjunction, higher live PP biomass and Ra in MIROC AC1 and BAU scenarios led to lower NPP and CUE.

MC grid cells were the only PFT site-type on which moderately increased harvest (AC1) tree C stocks converged with BAU stocks by 2100 (Supplementary Figure 14). In both AC1 and AC2 scenarios, planting of the more drought and fire-tolerant PP PFT on warmer MC-sites led to increased GPP and R versus BAU. As a result, late-century NPP and NEP of both AC2 and AC1 scenarios faced low declines relative to BAU. Nonetheless, high AC2 harvest led to live and total site carbon that remained lower than BAU.





Discussion


Business-as-usual


Domain

By 2100, business-as-usual (BAU) live and dead forest carbon stocks in northern Idaho Rocky Mountain forests declined across RCP 8.5 climate scenarios and across plant functional types (PFT). However, declines in domain-scale forest carbon stocks of 22% (warmer, IPSL) and 6% (cooler, MIROC) did not result from an increase to average mortality rates through most of the period. Rather, we found that long-term stocks declines were characterized by declines in gross primary production (GPP) and net primary production (NPP) under contemporary levels of tree biomass and canopy area. Modeled forests experienced declining NPP and carbon use efficiency (CUE) that contributed to declining, negative net ecosystem carbon balance (NECB), and in turn the failure of forest canopy recovery following intermittent high fire and drought mortality years. Under increasing temperatures, NPP and NECB decline resulted from respiratory fluxes that were less sensitive to climate changes than primary production, consistent with previous research (Ciais et al., 2005; Schwalm et al., 2010). In the late 21st century, pronounced decreases to GPP resulted from increasing vapor pressure deficit (VPD), declining soil moisture, and decreasing stomatal conductance. 2090–2099 was the first decade in which drought-related forest mortality rates consistently increased across forest types and across climate model scenarios.

The forecasted declines of forest carbon stocks, crown area, and NECB in the region differed in timing and magnitude between climate scenarios under BAU management, indicating uncertainty as to whether forest carbon stock decline should be expected before the late 21st century (2080–2099). Annual precipitation increased under both climate scenarios, but was sufficient to prevent early to mid century NPP and NECB decline under moderate MIROC warming only. Further, 2025–2099 MIROC burned area was ∼40% of IPSL area due to non-linear impacts of fuel moisture on fire dynamics, causing average and maximum yearly MIROC tree fire mortality to be considerably lower. Despite the characteristic summer drought of much of the domain, these differing results indicate that the degree to which this relatively productive forest region of the WUSA will be increasingly vulnerable to direct negative impacts of warming though the mid-century (e.g., 1–3°C warming) is unclear, varying by climate scenario and also dependent on precipitation shifts. This result is consistent with recent modeling research with CLM 4.5, indicating higher relative fire and drought vulnerability in the southwest U.S. and Sierra Nevada than in the northern Rocky Mountains (Buotte et al., 2019). Previous LANDIS II simulations have also indicated delays in future C stock declines in the forests of the Northern Rocky Mountains (NRM) and Greater Yellowstone Ecosystem, in part due to increased precipitation (Henne et al., 2021; Walsh and Hudiburg, 2021). However, a NRM LANDIS II study also projected more distinct mid-century increases in burned area under RCP 8.5 (note: partially overlapping domain; Walsh and Hudiburg, 2021). This contrast highlights future vulnerability uncertainty arising from differing fire and vegetation dynamics across models as well as from differing climate model inputs and resolutions (Stenzel et al., 2019).



Plant functional type

Proportional decreases in year 2100 BAU tree C stocks, NPP, CUE, and crown cover were greatest for dry pine sites (PP and LP). While pine PFT traits (parameters. E.g., stomatal slope, root depth, bark depth, crown depth etc.) conferred relative drought and fire tolerance, tree carbon balance for shade-intolerant pine PFT-sites declined due to relatively high maintenance costs (e.g., respiration, leaf turnover). PP sites of this study represent the lower boundary of tree cover in the domain (Walsh and Hudiburg, 2021), generally occupying the hottest and driest forest land. Results support the notion that this drought-tolerant species (Martnez-Vilalta et al., 2004; Sala et al., 2005; Kwon et al., 2018) is nonetheless vulnerable to extended periods of drought and that negative drought impacts may be highest at hotter, lower elevation sites (Stevens-Rumann et al., 2017; Walsh and Hudiburg, 2021). Carbon starvation, rather than hydraulic dysfunction, contributed to acute 2090s mortality of PP under IPSL climate (Sevanto et al., 2014). Higher typical moisture on MC and SF PFT-sites and lower maintenance costs delayed or prevented 21st century declines in PFT C stocks. Observed increases in burned area and mortality on DF, MC, and SF sites in the 2090s highlight an eventual projected reduction in fuel moisture limitations in moist, high biomass forests of the region (Arno, 1980; Arno et al., 2000). In contrast, the lack of modeled increase in PP and LP burned area resulted from lower fuel moisture, declining NPP, relatively low fire return intervals, and declining fuel mass through the 21st century. End-of-century increases in drought related mortality for pine sites and burned area for moister mixed conifer and fir sites suggest that shifts in northern Idaho forest dynamics are primarily predicted in the long-term. However, we highlight that PFT distributions in this study are static across grid cells (i.e., fixed biogeography), leading to possible understatements of site resilience to stress via regional species diversity (DellaSala et al., 2013; Franklin and Johnson, 2013).




Increased harvest

We implemented moderate (AC1) and high (AC2) increased harvest scenarios to reflect large potential increases in timber harvest being considered on NRM USFS lands. In particular, the draft revision plan for the Nez Perce-Clearwater National Forest presents management alternatives that could implement multifold increases in regeneration harvest (i.e., even-aged harvest with post-harvest planting) (USDA, 2019). The high harvest scenario implemented in this study shifted future harvest levels near to 20th century maximums (USDA, 2022).

Across climate scenarios, both intensities of increased harvest resulted in domain carbon stock losses, forest cover losses, and increased total tree mortality relative to BAU through 2100. Consistent with previous research on the positive relationship between harvest intensity and ecosystem carbon storage (Law et al., 2013, 2018; James et al., 2018), losses increased with harvest intensity. Higher increased harvest scenario mortality (by mass) occurred despite reductions in burned area and fire mortality, as lower fuel mass was achieved indirectly via impactful even-aged harvest. However, after 2060, reductions in residual forest stress under increased harvest also became evident, including reduced soil moisture limitation, increased stored carbon fraction, and increased CUE. Nonetheless, through approximately 2090, increased harvest scenario component carbon fluxes (GPP, NPP, Ra) remained lower than BAU scenarios due to reduced forest canopy area. After 2090, however, average GPP, NPP, and NECB of increased harvest scenarios exceeded BAU fluxes, while forest canopy cover converged with BAU at moderate harvest intensity (AC1). This pattern indicated that late 21st century climate stress began to lower the density of domain forest cover supported on the landscape, leading to greater impacts on higher biomass density BAU forests. Even so, total regional carbon stock deficits from increased harvest persisted through the entire simulation period. This suggests that increased even-aged harvest will not protect in situ stocks under near-term climate change and is consistent with previous research in the U.S. Pacific Northwest (Law et al., 2018, 2021).

The greatest benefit from increased harvest was experienced at the warmer and drier subset of mixed conifer PFT sites. There, moderate harvest increases (AC1) with planting of drought tolerant pine led to approximately equal tree biomass stocks and higher crown area in year 2100 than under BAU. Further, despite the higher maintenance costs of the ponderosa pine PFT (associated with parameters conferring relative shade-intolerance in FATES), deeper water access and more isohydric stomatal behavior (via stomatal slope) led to higher annual GPP, NPP, and CUE on such sites after 2090. However, convergence of mixed conifer site biomass levels across BAU and AC1 scenarios occurred late in the simulation period, leading to average increases in simulation period harvest C stock deficits versus BAU.

The management scenario results in this study demonstrate a tradeoff in which 21st century forest biomass and canopy area removal losses were incurred in return for a reduction in potential forest vulnerability in the 22nd century. Increased harvest and planting of fire and drought tolerant species increased NRM forest disturbance, mortality, and function loss through much of the 21st century, with little apparent reduction in vulnerability to natural stressors (fire, drought) in the short-term future. Only late-century increases in tree moisture stress fed back to lower growth, lower recruitment, and natural mortality rates in higher biomass-density BAU forests. Through 2100, however, all PFTs under all increased management scenarios demonstrated total live and dead biomass stocks that were lower than BAU stocks. The possible 22nd century convergence of management scenario biomass stocks and the likely positive impacts of planting drought and fire tolerant species on forest resilience are beyond the scope of this study. However, 21st century results indicate a need for further research into whether different management timing (e.g., later in the century) or methods could reduce late-century forest stress and decline while incurring lower time-averaged ecosystem carbon deficits (Hessburg et al., 2021; Prichard et al., 2021; Stenzel et al., 2021). Our management scenarios only implement the significant intensifications of regeneration harvest considered in draft NRM forest management plans (USDA, 2019). Changes to harvest levels in conjunction with prescribed fire, selective harvest, or other strategies are not modeled. This may in part explain the lack of near-term management benefits found in comparison to previous western U.S. modeling studies that implemented lower-mortality treatments such as selective harvest (Hurteau et al., 2016; Liang et al., 2018; McCauley et al., 2019).



Model discussion


Model advantages

A primary motivation for our use of CLM-FATES was its representation of distinct cohort crown areas within patches that can leave light gaps when individuals die. Patch post-disturbance recovery can then depend on the establishment and growth of new cohorts in available canopy space. Decreasing canopy area provides a spatial mechanism for forest function decline within grid cells (Fisher et al., 2015; Koven et al., 2019; FATES Development Team, 2022). These dynamics are not present in homogenous LAI models (i.e., non-spatial) like CLM 5.0 (Lawrence et al., 2018) or various successions extensions of LANDIS II (NECN, PnET; Scheller et al., 2011; De Bruijn et al., 2014), which represent vegetated column surfaces on which shrinking or expanding leaf biomass pools determine site leaf area index, rather than crown area. FATES representation of canopy space was essential to our results in U.S. Northern Rocky Mountain forests. Declining forest cover and biomass under climate change resulted from a combination of canopy mortality and gap generation; decreased carbon allocation to growth and seed production; and decreased tree recruitment and survival to maturity. Underlying the need for model functional gaps, the northern Idaho forest domain of this study has contemporary, observation-based tree canopy cover estimates of <60% (LANDFIRE Existing Vegetation Cover; DOI and USDA, 2022), with most of the remainder associated with post-forest disturbance canopy gaps. In this study, simulated primary production patterns emerged in large part from modeled gaps in forested canopy cover (60–65% in 2020, Supplementary Figure 10) that increased through 2100. While selective harvest was not explored as a forest treatment in this study, the gap dynamics of FATES would possibly refine previous thinning study results that represent modified forest stress via site LAI (Liang et al., 2018; Stenzel et al., 2021).



Model limitations

CLM-FATES lack of explicit cohort root area (vs depth) or root constraint within grid cell patches represents an important deficiency in this study’s representation of forest response to soil moisture limitations under seasonal drought. As noted in the methods section, CLM-FATES does not represent separate soil water pools for FATES vegetated patches and instead aggregates soil water fluxes within grid cells. These dynamics can preclude water availability thresholds below which grid cells will no longer support a given PFT (i.e., fall outside PFT fundamental niche space). Grid cell canopy cover reductions instead lead to continual increases in per-tree soil water availability (negative feedback) and per-tree soil area can exceed feasible horizontal root spread. In this study, this dynamic was potentially responsible for overestimated per-tree water availability, unconstrained negative feedbacks between tree density and stress, and forest resilience, rather than ecological tipping points, under warming climate.

Possible study overestimates of regional forest resilience to climate change stress may also have resulted from model seed distribution dynamics. FATES timestep seed production is aggregated across patches and then distributed in proportion to patch area. For this reason, FATES cannot represent limitations to disturbed patch seeding and regeneration that could realistically result from significant distances between live seed sources and disturbed areas. Within the NRM, observed forest gaps on the scale of hectares to square kilometers can persist for years to decades as a result of mass forest mortality from wildfire, bark beetles, and timber harvest (DOI and USDA, 2022).

Finally, forest plan revision documents for the domain’s Idaho Panhandle and Nez Perce-Clearwater National Forests (USDA, 2015, 2019) also highlight observed and anticipated mortality resulting from biotic agents (insects and pathogens), particularly in productive, mid elevation, mixed conifer forests that include Douglas fir and grand fir. However, our study only represents the contribution of biotic agents to calibrated rates of recent species mortality (McNellis et al., 2021) via PFT-dependent background mortality rate parameters, and thus does not simulate prognostic changes to vulnerability to biotic-agent stress and mortality. Forest management revision plan alternatives that would cause species composition shifts (e.g., towards drought tolerant pine) at the scale of hundreds of thousands of acres per decade would create novel vegetation-stressor interactions and resulting species mortality rates would almost certainly shift (Das et al., 2016).





Conclusion

While much recent ecological research in western U.S. forest focuses on severe climate impacts such as increasing wildfire area (Westerling et al., 2006; Westerling, 2016; Abatzoglou et al., 2021), tree die-off (Anderegg et al., 2012; Allen et al., 2015), and cover conversions (Davis et al., 2019; Coop et al., 2020), it is also essential to highlight where and why lower vulnerability might occur. This is especially true in low vulnerability regions with high forest carbon density, where preservation priority is high (Law et al., 2018, 2021; Buotte et al., 2020). Based on our study’s lack of intensifying forest vulnerability to drought and fire before 2050 and disagreement on post-mid-century decline across climate projections, we conclude that Idaho NRM forests represent one such moderate vulnerability region under BAU. This conclusion is supported by the low or moderate vulnerability to 21st century disturbance and carbon stock loss that has been reported in forest modeling studies in other subregions of the northwest U.S. (Henne et al., 2021; Walsh and Hudiburg, 2021), and contrasts with the greater vulnerability of drier or warmer portions of western U.S. forest (Buotte et al., 2019).

Uncertainties in global climate model projections are high at the end of the 21st century (IPCC, 2022). Further, climate model temperature-precipitation trends diverge from observations in the western U.S. (Abatzoglou et al., 2022), yet are essential to simulations of vegetation stress. In this study, climate uncertainty was reflected in divergent climate impacts to NRM forests. Highly variable scenario forest carbon stock decline timing and magnitude after 2050 resulted from the interaction of relatively high (IPSL) versus low (MIROC) RCP 8.5 warming with increases in annual precipitation. Because acute and consistent forest function loss was restricted to the late century, our confidence in increased 21st century NRM forest vulnerability is low.

The moderate vulnerability and high carbon density of modeled NRM forests indicates the persistent value of maintaining existing forest function through the 21st century (Buotte et al., 2020). In the context of low-certainty, long-term climate risks, conservative management strategies would seek to bolster forest resilience while minimizing landscape biomass and function losses to the extent possible. The 21st century increased harvest scenarios in this study instead implement a ‘hard reset’ approach that prescribes novel landscape compositions (USDA, 2019) and results in long-term forest cover and carbon stock losses. While the reduced forest cover density of increased harvest scenarios led to reduced moisture stress on a portion of the domain by 2100, high harvest mortality prevented ecosystem biomass stock parity with BAU.

This study represents the first regional application of CLM-FATES in the productive forests of the northwest U.S. and is an early application of the model towards applied research topics (Huang et al., 2020). With FATES coupling of CLM surface processes to heterogenous grid cell patches occupied by tree cohorts, we demonstrate 21st century climate and variable disturbance impacts that depend on declining forest cover in addition to declining biomass pool density (e.g., Walsh and Hudiburg, 2021). Our study implements a fixed PFT biogeography (i.e., PFT distribution across grid cells) and we highlight that limited spatiality to root water access (in contrast to spatial canopy light access) may limit the ability of the model to simulate competitive outcomes of variable PFT hydraulic strategies in moisture limited environments. Nonetheless, the capability of FATES to model shifting forest canopy area and the negative feedbacks between patch canopy density and tree stress were essential to projecting the mixed vulnerability of NRM forests to 21st century climate change.



Data availability statement

The data that support the findings of this study are openly available in the University of Idaho repository at https://doi.org/10.7923/2kee-sq55. Datasets include model inputs/outputs (FATES parameter set, domain, surfdat, land use, and history files). The FATES source code used in these experiments is available at: https://github.com/jestenzel/fates/releases/tag/nrockies_1.0.



Author contributions

JS, CK, and TH designed the study. JS implemented FATES code modifications and simulations. PB provided extensive model training and advice. All authors prepared the manuscript and approved the submitted version.



Funding

JS was supported by the National Science Foundation award number 1553049 and USDA NIFA award number 2022-67019-36435. CK was supported by the USDA NIFA award number 2022-67019-36435. TH was supported by the National Science Foundation award number 1553049. KB was supported by the National Institute of Food and Agriculture award number 2021-67034-34997.



Acknowledgments

We thank the two reviewers for valuable feedback that was essential for refining this work.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/ffgc.2023.1146033/full#supplementary-material



References

Abatzoglou, J. T. (2013). Development of gridded surface meteorological data for ecological applications and modelling. Int. J. Climatol. 33, 121–131.

Abatzoglou, J. T., and Williams, A. P. (2016). Impact of anthropogenic climate change on wildfire across western US forests. Proc. Natl. Acad. Sci. U.S.A. 113, 11770–11775. doi: 10.1073/pnas.1607171113

Abatzoglou, J. T., Battisti, D. S., Williams, A. P., Hansen, W. D., Harvey, B. J., and Kolden, C. A. (2021). Projected increases in western US forest fire despite growing fuel constraints. Commun. Earth Environ. 2:227.

Abatzoglou, J. T., Marshall, A. M., Lute, A. C., and Safeeq, M. (2022). Precipitation dependence of temperature trends across the contiguous US. Geophys. Res. Lett. 49, 1–10. doi: 10.1007/s00704-022-04232-z

Allen, C. D., Breshears, D. D., and McDowell, N. G. (2015). On underestimation of global vulnerability to tree mortality and forest die-off from hotter drought in the Anthropocene. Ecosphere 6, 1–55.

Allen, C. D., Macalady, A. K., Chenchouni, H., Bachelet, D., McDowell, N., Vennetier, M., et al. (2010). A global overview of drought and heat-induced tree mortality reveals emerging climate change risks for forests. For. Ecol. Manag. 259, 660–684.

Anderegg, W. R., Berry, J. A., Smith, D. D., Sperry, J. S., Anderegg, L. D., and Field, C. B. (2012). The roles of hydraulic and carbon stress in a widespread climate-induced forest die-off. Proc. Natl. Acad. Sci. U.S.A. 109, 233–237.

Anderegg, W. R. L., Trugman, A. T., Wang, J., and Wu, C. (2022). Open science priorities for rigorous nature-based climate solutions. PLoS Biol. 20:e3001929. doi: 10.1371/journal.pbio.3001929

Anderson-Teixeira, K. J., Miller, A. D., Mohan, J. E., Hudiburg, T. W., Duval, B. D., and DeLucia, E. H. (2013). Altered dynamics of forest recovery under a changing climate. Glob. Change Biol. 19, 2001–2021. doi: 10.1111/gcb.12194

Arno, S. F. (1980). Forest fire history in the northern rockies. J. For. 78, 460–465.

Arno, S. F., Parsons, D. J., and Keane, R. E. (2000). Mixed-severity fire regimes in the northern rocky mountains: Consequences of fire exclusion and options for the future. USDA For. Serv. Proc. 5, 225–232.

Baker, K. V., Tai, X., Miller, M. L., and Johnson, D. M. (2019). Six co-occurring conifer species in northern idaho exhibit a continuum of hydraulic strategies during an extreme drought year. AoB Plants 11, 1–13. doi: 10.1093/aobpla/plz056

Bartowitz, K. J., Higuera, P. E., Shuman, B. N., McLauchlan, K. K., and Hudiburg, T. W. (2019). Post-fire carbon dynamics in subalpine forests of the Rocky Mountains. Fire 2:58.

Bartowitz, K. J., Walsh, E. S., Stenzel, J. E., Kolden, C. A., and Hudiburg, T. W. (2022). Forest carbon emission sources are not equal: Putting fire, harvest, and fossil fuel emissions in context. Front. For. Glob. Change 5:867112. doi: 10.3389/ffgc.2022.867112

Berner, L. T., Law, B. E., Meddens, A. J. H., and Hicke, J. A. (2017). Tree mortality from fires, bark beetles, and timber harvest during a hot and dry decade in the western United States (2003–2012). Environ. Res. Lett. 12:65005.

Bollenbacher, B. L., Graham, R. T., and Reynolds, K. M. (2014). Regional forest landscape restoration priorities: Integrating historical conditions and an uncertain future in the northern rocky mountains. J. For. 112, 474–483.

Bonan, G. (2019). Climate change and terrestrial ecosystem modeling. Cambridge: Cambridge University Press.

Bonan, G. B. (2008). Forests and climate change: Forcings, feedbacks, and the climate benefits of forests. Science 320, 1444–1449.

Brown, R. T., Agee, J. K., and Franklin, J. F. (2004). Forest restoration and fire: Principles in the context of place. Conserv. Biol. 18, 903–912.

Buotte, P. C., Koven, C. D., Xu, C., Shuman, J. K., Goulden, M. L., Levis, S., et al. (2021). Capturing functional strategies and compositional dynamics in vegetation demographic models. Biogeosciences 18, 4473–4490. doi: 10.1186/1475-2875-9-228

Buotte, P. C., Law, B. E., Ripple, W. J., and Berner, L. T. (2020). Carbon sequestration and biodiversity co-benefits of preserving forests in the western United States. Ecol. Appl. 30, 1–11. doi: 10.1002/eap.2039

Buotte, P. C., Levis, S., Law, B. E., Hudiburg, T. W., Rupp, D. E., and Kent, J. J. (2019). Near-future forest vulnerability to drought and fire varies across the western United States. Glob. Change Biol. 25, 290–303. doi: 10.1111/gcb.14490

Case, M. J., Johnson, B. G., Bartowitz, K. J., and Hudiburg, T. W. (2021). Forests of the future: Climate change impacts and implications for carbon storage in the Pacific Northwest, USA. For. Ecol. Manag. 482:118886.

Chapin, F. S., Woodwell, G. M., Randerson, J. T., Rastetter, E. B., Lovett, G. M., Baldocchi, D. D., et al. (2006). Reconciling carbon-cycle concepts, terminology, and methods. Ecosystems 9, 1041–1050.

Ciais, P., Reichstein, M., Viovy, N., Granier, A., Ogée, J., Allard, V., et al. (2005). Europe-wide reduction in primary productivity caused by the heat and drought in 2003. Nature 437, 529–533. doi: 10.1038/nature03972

Coop, J. D., Parks, S. A., Stevens-Rumann, C. S., Crausbay, S. D., Higuera, P. E., Hurteau, M. D., et al. (2020). Wildfire-driven forest conversion in western North American landscapes. BioScience 70, 659–673. doi: 10.1093/biosci/biaa061

Das, A. J., Stephenson, N. L., and Davis, K. P. (2016). Why do trees die? Characterizing the drivers of background tree mortality. Ecology 97, 2616–2627. doi: 10.1002/ecy.1497

Davis, K. T., Dobrowski, S. Z., Higuera, P. E., Holden, Z. A., Veblen, T. T., Rother, M. T., et al. (2019). Wildfires and climate change push low-elevation forests across a critical climate threshold for tree regeneration. Proc. Natl. Acad. Sci. U.S.A. 116, 6193–6198. doi: 10.1073/pnas.1815107116

De Bruijn, A. M., Gustafson, E. J., Sturtevant, B. R., Foster, J. R., Miranda, B. R., Lichti, N. I., et al. (2014). Toward more robust projections of forest landscape dynamics under novel environmental conditions: Embedding PnET within LANDIS-II. Ecol. Model. 287, 44–57.

DellaSala, D. A., Anthony, R. G., Bond, M. L., Fernandez, E. S., Frissell, C. A., Hanson, C. T., et al. (2013). Alternative views of a restoration framework for federal forests in the Pacific Northwest. J. For. 111, 420–429.

DeLucia, E. H., Drake, J. E., Thomas, R. B., and Gonzalez-Meler, M. (2007). Forest carbon use efficiency: Is respiration a constant fraction of gross primary production?. Glob. Change Biol. 13, 1157–1167. doi: 10.1093/treephys/tpz034

DOI and USDA (2022). LANDFIRE: LANDFIRE existing vegetation type layer. Online. Available online at: https://www.landfire.gov/evc.php (accessed October 16, 2022).

Edburg, S. L., Hicke, J. A., Lawrence, D. M., and Thornton, P. E. (2011). Simulating coupled carbon and nitrogen dynamics following mountain pine beetle outbreaks in the Western United States. J. Geophys. Res. Biogeosci. 116, 1–15.

Eidenshink, J., Schwind, B., Brewer, K., Zhu, Z.-L., Quayle, B., and Howard, S. (2007). A project for monitoring trends in burn severity. Fire Ecol. 3, 3–21.

Evangelista, P. H., Kumar, S., Stohlgren, T. J., and Young, N. E. (2011). Assessing forest vulnerability and the potential distribution of pine beetles under current and future climate scenarios in the interior west of the US. For. Ecol. Manag. 262, 307–316.

Evans, M. E. K., Merow, C., Record, S., McMahon, S. M., and Enquist, B. J. (2016). Towards process-based range modeling of many species. Trends Ecol. Evol. 31, 860–871.

FATES Development Team (2022). FATES documentation. Release d2, eds R. A. Fisher, R. G. Knox, C. D. Koven, G. Lemieux, C. Xu, B. Christofferson, et al. Available online at: https://fates-users-guide.readthedocs.io/_/downloads/tech-doc/en/stable/pdf/

Finco, M., Quayle, B., Zhang, Y., Lecker, J., Megown, K. A., and Brewer, C. K. (2012). “Monitoring trends and burn severity (MTBS): Monitoring wildfire activity for the past quarter century using LANDSAT data,” in Proceedings: Moving from status to trends: Forest inventory and analysis (FIA) symposium; 2012 December 4-6; Baltimore, MD, eds R. Morin and G. Liknes (Newtown Square, PA: U.S. Department of Agriculture, Forest Service, Northern Research Station), 222–228.

Fisher, R. A., and Koven, C. D. (2020). Perspectives on the future of land surface models and the challenges of representing complex terrestrial systems. J. Adv. Model. Earth Syst. 12:e2018MS001453.

Fisher, R. A., Koven, C. D., Anderegg, W. R. L., Christoffersen, B. O., Dietze, M. C., Farrior, C. E., et al. (2018). Vegetation demographics in earth system models: A review of progress and priorities. Glob. Change Biol. 24, 35–54. doi: 10.1111/gcb.13910

Fisher, R. A., Muszala, S., Verteinstein, M., Lawrence, P., Xu, C., McDowell, N. G., et al. (2015). Taking off the training wheels: The properties of a dynamic vegetation model without climate envelopes, CLM4.5(ED). Geosci. Model Dev. 8, 3593–3619.

Franklin, J. F., and Johnson, K. N. (2013). A restoration framework for federal forests in the Pacific Northwest. J. For. 110, 429–439.

Gibson, C. E., and Morgan, P. (2005). Fire history polygons for northern rockies: 1889–2003. Vector digital data. Moscow, ID: University of Idaho.

Gray, A., Brandeis, T., Shaw, J., McWilliams, W., and Miles, P. (2012). Forest inventory and analysis database of the United States of America (FIA). Biodivers. Ecol. 4, 225–231.

Gruell, G. E. (1982). Seventy years of vegetative change in a managed ponderosa pine forest in Western Montana–implications for resource management, Vol. 130. Ogden, UT: US Department of Agriculture, Forest Service, Intermountain Forest and Range.

Gruell, G. E. (1983). Fire and vegetative trends in the northern rockies: Interpretations from 1871-1982 Photographs. General technical report. Washington, DC: US Department of Agriculture, Forest Service (INT-158).

Hanbury-Brown, A. R., Ward, R. E., and Kueppers, L. M. (2022). Forest regeneration within earth system models: Current process representations and ways forward. New Phytol. 235, 20–40. doi: 10.1111/nph.18131

Henne, P. D., Hawbaker, T. J., Scheller, R. M., Zhao, F., He, H. S., Xu, W., et al. (2021). Increased burning in a warming climate reduces carbon uptake in the greater yellowstone ecosystem despite productivity gains. J. Ecol. 109, 1148–1169.

Hessburg, P. F., Prichard, S. J., Hagmann, R. K., Povak, N. A., and Lake, F. K. (2021). Wildfire and climate change adaptation of western North American forests: A case for intentional management. Ecol. Appl. 31:e02432.

Higuera, P. E., and Abatzoglou, J. T. (2021). Record-setting climate enabled the extraordinary 2020 fire season in the Western United States. Glob. Change Biol. 27, 1–2. doi: 10.1111/gcb.15388

Huang, M., Xu, Y., Longo, M., Keller, M., Knox, R. G., Koven, C. D., et al. (2020). Assessing impacts of selective logging on water, energy, and carbon budgets and ecosystem dynamics in amazon forests using the functionally assembled terrestrial ecosystem simulator. Biogeosciences 17, 4999–5023.

Hudiburg, T. W., Higuera, P. E., and Hicke, J. A. (2017). Fire-regime variability impacts forest carbon dynamics for centuries to Millennia. Biogeosciences 14, 3873–3882.

Hudiburg, T. W., Law, B. E., and Thornton, P. E. (2013). Evaluation and improvement of the community land model (CLM4) in oregon forests. Biogeosciences 10, 453–470.

Hudiburg, T. W., Law, B. E., Moomaw, W. R., Harmon, M. E., and Stenzel, J. E. (2019). Meeting GHG reduction targets requires accounting for all forest sector emissions. Environ. Res. Lett. 14:095005.

Hudiburg, T., Law, B., Turner, D. P., Campbell, J., Donato, D., and Duane, M. (2009). Carbon dynamics of oregon and Northern California forests and potential land-based carbon storage. Ecol. Appl. 19, 163–180. doi: 10.1890/07-2006.1

Hurteau, M. D., Liang, S., Martin, K. L., North, M. P., Koch, G. W., and Hungate, B. A. (2016). Restoring forest structure and process stabilizes forest carbon in wildfire-prone southwestern ponderosa pine forests. Ecol. Appl. 26, 382–391. doi: 10.1890/15-0337

Hurtt, G. C., Chini, L., Sahajpal, R., Frolking, S., Bodirsky, B. L., Calvin, K., et al. (2020). Harmonization of global land-use change and management for the period 850-2100 (LUH2 for CMIP6. Geosci. Model Dev. Discuss. 13, 5425–5464.

IPCC (2022). “Climate change 2022: Impacts, adaptation, and vulnerability,” in Contribution of working group II to the sixth assessment report of the intergovernmental panel on climate change, eds B. R. H.-O. Pörtner, D. C. Roberts, M. Tignor, E. S. Poloczanska, K. Mintenbeck, A. Alegría, et al. (Cambridge: Cambridge University Press).

Irvine, J., Law, B. E., Kurpius, M. R., Anthoni, P. M., Moore, D., and Schwarz, P. A. (2004). Age-related changes in ecosystem structure and function and effects on water and carbon exchange in ponderosa pine. Tree Physiol. 24, 753–763. doi: 10.1093/treephys/24.7.753

Irvine, J., Law, B. E., Martin, J. G., and Vickers, D. (2008). Interannual variation in Soil CO2 efflux and the response of root respiration to climate and canopy gas exchange in mature ponderosa pine. Glob. Change Biol. 14, 2848–2859.

James, J. N., Kates, N., Kuhn, C. D., Littlefield, C. E., Miller, C. W., Bakker, J. D., et al. (2018). The effects of forest restoration on ecosystem carbon in western North America: A systematic review. For. Ecol. Manag. 429, 625–641.

Kattge, J., Bönisch, G., Díaz, S., Lavorel, S. I, Prentice, C., Leadley, P., et al. (2020). TRY plant trait database – enhanced coverage and open access. Glob. Change Biol. 26, 119–188. doi: 10.1111/gcb.14904

Koch, E. (1942). History of the 1910 forest fires in Idaho and Western Montana. Moscow: University of Idaho Library.

Koch, E. (1978). When the mountrains roared: Stories of the 1910 fire. Washington, DC: US Department of Agriculture, Forest Service.

Kolden, C. A., Smith, A. M. S., and Abatzoglou, J. T. (2015). Limitations and utilisation of monitoring trends in burn severity products for assessing wildfire severity in the USA. Int. J. Wildland Fire 24, 1023–1028.

Körner, C., Asshoff, R., Bignucolo, O., Hättenschwiler, S., Keel, S. G., Peláez-Riedl, S., et al. (2005). Ecology: Carbon flux and growth in mature deciduous forest trees exposed to elevated CO2. Science 309, 1360–1362. doi: 10.1126/science.1113977

Koven, C., Knox, R., Fisher, R., Chambers, J., Christoffersen, B., Davies, S., et al. (2019). Benchmarking and parameter sensitivity of physiological and vegetation dynamics using the functionally assembled terrestrial ecosystem simulator (FATES) at Barro Colorado Island, Panama. Biogeosci. Discuss. 17, 3017–3044.

Kwon, H., Law, B. E., Thomas, C. K., and Johnson, B. G. (2018). The influence of hydrological variability on inherent water use efficiency in forests of contrasting composition, age, and precipitation regimes in the Pacific Northwest. Agric. For. Meteorol. 249, 488–500.

Lambert, M. S. A., Tang, H., Aas, K. S., Stordal, F., Fisher, R. A., Fang, Y., et al. (2022). Inclusion of a cold hardening scheme to represent frost tolerance is essential to model realistic plant hydraulics in the Arctic – Boreal Zone in CLM5. 0-FATES-Hydro. Geosci. Model Dev. Discuss. [preprint]. doi: 10.5194/gmd-2022-136

Law, B. E., and Berner, L. T. (2015). NACP TERRA-PNW: Forest plant traits, NPP, biomass, and soil properties, 1999-2014. Oak Ridge, TN: ORNL DAAC.

Law, B. E., Berner, L. T., Buotte, P. C., Mildrexler, D. J., and Ripple, W. J. (2021). Strategic forest reserves can protect biodiversity in the Western United States and mitigate climate change. Commun. Earth Environ. 2, 1–13.

Law, B. E., Hudiburg, T. W., and Luyssaert, S. (2013). Thinning effects on forest productivity: Consequences of preserving old forests and mitigating impacts of fire and drought. Plant Ecol. Divers. 6, 73–85.

Law, B. E., Hudiburg, T. W., Berner, L. T., Kent, J. J., Buotte, P. C., and Harmon, M. E. (2018). Land use strategies to mitigate climate change in carbon dense temperate forests. Proc. Natl. Acad. Sci. U.S.A. 115, 3663–3668. doi: 10.1073/pnas.1720064115

Law, B. E., Moomaw, W. R., Hudiburg, T. W., Schlesinger, W. H., Sterman, J. D., and Woodwell, G. M. (2022). Creating strategic reserves to protect forest carbon and reduce biodiversity losses in the United States. Land 11, 1–15.

Law, B. E., Thornton, P. E., Irvine, J., Anthoni, P. M., and Van Tuyl, S. (2001a). Carbon storage and fluxes in ponderosa pine forests at different developmental stages. Glob. Change Biol. 7, 755–777.

Law, B. E., Van Tuyl, S., Cescatti, A., and Baldocchi, D. D. (2001b). Estimation of leaf area index in open-canopy ponderosa pine forests at different successional stages and management regimes in oregon. Agric. For. Meteorol. 108, 1–14.

Law, B., Sun, O. J., Campbell, J., Van Tuyl, S., and Thornton, P. (2003). Changes in carbon storage and fluxes in a chronoseuence of ponderosa pine. Glob. Change Biol. 4, 510–524.

Lawrence, D. M., Fisher, R. A., Koven, C. D., Oleson, K. W., Swenson, S. C., Bonan, G., et al. (2019). The community land model version 5: Description of new features, benchmarking, and impact of forcing uncertainty. J. Adv. Model. Earth Syst. 11, 4245–4287.

Lawrence, D., Fisher, R., Koven, C., Oleson, K., Swenson, S., and Vertenstein, M. (2018). Technical description of version 5.0 of the community land model (CLM). Boulder, CO: National Center for Atmospheric Research.

Liang, S., Hurteau, M. D., and Westerling, A. L. (2018). Large-scale restoration increases carbon stability under projected climate and wildfire regimes. Front. Ecol. Environ. 16:207–212. doi: 10.1002/fee.1791

Lutz, J. A., Larson, A. J., Swanson, M. E., and Freund, J. A. (2012). Ecological importance of large-diameter trees in a temperate mixed-conifer forest. PLoS One 7:e36131. doi: 10.1371/journal.pone.0036131

Martnez-Vilalta, J., Sala, A., and Piol, J. (2004). The hydraulic architecture of pinaceae–a review. Plant Ecol. 171, 3–13.

McCauley, L. A., Robles, M. D., Woolley, T., Marshall, R. M., Kretchun, A., and Gori, D. F. (2019). Large-scale forest restoration stabilizes carbon under climate change in Southwest United States. Ecol. Appl. 29:e01979. doi: 10.1002/eap.1979

McNellis, B. E., Smith, A. M. S., Hudak, A. T., and Strand, E. K. (2021). Tree mortality in Western U.S. Forests forecasted using forest inventory and random forest classification. Ecosphere 12:e03419.

Morgan, P., Heyerdahl, E. K., and Gibson, C. E. (2008). Multi-season climate synchronized forest fires throughout the 20th century, Northern Rockies, USA. Ecology 89, 717–728. doi: 10.1890/06-2049.1

Muthukrishnan, R., Hayes, K., Bartowitz, K., Cattau, M. E., Harvey, B. J., Lin, Y., et al. (2022). Harnessing NEON to evaluate ecological tipping points: Opportunities, challenges, and approaches. Ecosphere 13, 1–16.

Naficy, C., Sala, A., Keeling, E. G., Graham, J., and DeLuca, T. H. (2010). Interactive effects of historical logging and fire exclusion on ponderosa pine forest structure in the Northern Rockies. Ecol. Appl. 20, 1851–1864. doi: 10.1890/09-0217.1

Nagy, R. C., Balch, J. K., Bissell, E. K., Cattau, M. E., Glenn, N. F., Halpern, B. S., et al. (2021). Harnessing the NEON data revolution to advance open environmental science with a diverse and data-capable community. Ecosphere 12:e03833.

Omernik, J. M., and Griffith, G. E. (2014). Ecoregions of the conterminous united states: Evolution of a hierarchical spatial framework. Environ. Manag. 54, 1249–1266. doi: 10.1007/s00267-014-0364-1

Parks, S. A., and Abatzoglou, J. T. (2020). Warmer and drier fire seasons contribute to increases in area burned at high severity in Western US forests from 1985 to 2017. Geophys. Res. Lett. 47, 1–10.

Peters, G. P., Andrew, R. M., Boden, T., Canadell, J. G., Ciais, P., Le Quéré, C., et al. (2013). The challenge to keep global warming below 2C. Nat. Clim. Change 3, 4–6. doi: 10.3390/nano13142050

Picotte, J. J., Bhattarai, K., Howard, D., Lecker, J., Epting, J., Quayle, B., et al. (2020). Changes to the monitoring trends in burn severity program mapping production procedures and data products. Fire Ecol. 16:16.

Prichard, S. J., Hessburg, P. F., Hagmann, R. K., Povak, N. A., Dobrowski, S. Z., Hurteau, M. D., et al. (2021). Adapting Western North American forests to climate change and wildfires: Ten common questions. Ecol. Appl. 31:E02433. doi: 10.1002/eap.2433

Ramsfield, T. D., Bentz, B. J., Faccoli, M., Jactel, H., and Brockerhoff, E. G. (2016). Forest health in a changing world: Effects of globalization and climate change on forest insect and pathogen impacts. Forestry 89, 245–252.

Ruefenacht, B., Finco, M. V., Czaplewski, R., Helmer, E., Blackard, J., Holden, G. R., et al. (2008). Mapping using forest inventory and analysis data. Photogramm. Eng. Remote Sensing 74, 1379–1388.

Running, S., and Zhao, M. (2021). MODIS/Terra net primary production gap-filled yearly L4 Global 500m SIN grid V061 [Dataset]. NASA EOSDIS land processes DAAC. Available online at: https://doi.org/10.5067/MODIS/MOD17A3HGF.061 (accessed October 1, 2022).

Rupp, D. E., Abatzoglou, J. T., and Mote, P. W. (2017). Projections of 21st century climate of the columbia river basin. Clim. Dyn. 49, 1783–1799.

Sala, A., Peters, G. D., McIntyre, L. R., and Harrington, M. G. (2005). Physiological responses of ponderosa pine in western montana to thinning, prescribed fire and burning season. Tree Physiol. 25, 339–348.

Scheiter, S., Langan, L., and Higgins, S. I. (2013). Next-generation dynamic global vegetation models: Learning from community ecology. New Phytol. 198, 957–969. doi: 10.1111/nph.12210

Scheller, R. M., Hua, D., Bolstad, P. V., Birdsey, R. A., and Mladenoff, D. J. (2011). The effects of forest harvest intensity in combination with wind disturbance on carbon dynamics in lake states mesic forests. Ecol. Model. 222, 144–153.

Schimel, D., Kittel, T. G. F., Running, S., Monson, R., Turnipseed, A., and Anderson, D. (2002). Carbon sequestration studied in Western U.S. mountains. Eos 83, 445–449.

Schwalm, C. R., Williams, C. A., Schaefer, K., Arneth, A., Bonal, D., Buchmann, N., et al. (2010). Assimilation exceeds respiration sensitivity to drought: A FLUXNET synthesis. Glob. Change Biol. 16, 657–670.

Schwalm, C. R., Williams, C. A., Schaefer, K., Baldocchi, D., Black, T. A., Goldstein, A. H., et al. (2012). Reduction in carbon uptake during turn of the century drought in Western North America. Nat. Geosci. 5, 551–556.

Scott, L. M., and Janikas, M. V. (2009). “Spatial statistics in ArcGIS,” in Handbook of applied spatial analysis: Software tools, methods and applications (Heidelberg: Springer Berlin Heidelberg), 27–41.

Sevanto, S., Mcdowell, N. G., Dickman, L. T., Pangle, R., and Pockman, W. T. (2014). How do trees die? A test of the hydraulic failure and carbon starvation hypotheses. Plant Cell Environ. 37, 153–161. doi: 10.1111/pce.12141

Smith, H. Y., and Arno, S. F. (1999). Eighty-eight years of change in a managed ponderosa pine forest. Ogden, UT: US Department Agriculture, Forest Service, Rocky Mountain Research Station.

Smith, J. E., Domke, G. M., Nichols, M. C., and Walters, B. F. (2019). Carbon stocks and stock change on federal forest lands of the United States. Ecosphere 10:e02637. doi: 10.1073/pnas.1512542112

Stenzel, J. E., Bartowitz, K. J., Hartman, M. D., Lutz, J. A., Kolden, C. A., Smith, A. M. S., et al. (2019). Fixing a snag in carbon emissions estimates from wildfires. Glob. Change Biol. 25, 3985–3994. doi: 10.1111/gcb.14716

Stenzel, J. E., Berardi, D. M., Walsh, E. S., and Hudiburg, T. W. (2021). Restoration thinning in a drought-prone idaho forest creates a persistent carbon deficit. J. Geophys. Res. Biogeosci. 126, 1–18.

Stevens-Rumann, C. S., Kemp, K. B., Higuera, P. E., Harvey, B. J., Rother, M. T., Donato, D. C., et al. (2017). Evidence for declining forest resilience to wildfires under climate change. Ecol. Lett. 21, 243–252.

Sun, O. J., Campbell, J., Law, B. E., and Wolf, V. (2004). Dynamics of carbon stocks in soils and detritus across chronosequences of different forest types in the Pacific Northwest, USA. Glob. Change Biol. 10, 1470–1481.

Thonicke, K., Spessa, A., Prentice, I. C., Harrison, S. P., Dong, L., and Carmona-Moreno, C. (2010). The influence of vegetation, fire spread and fire behaviour on biomass burning and trace gas emissions: Results from a process-based model. Biogeosciences 7, 1991–2011.

Thurner, M., Beer, C., Santoro, M., Carvalhais, N., Wutzler, T., Schepaschenko, D., et al. (2014). Carbon stock and density of northern boreal and temperate forests. Glob. Ecol. Biogeogr. 23, 297–310. doi: 10.1002/eap.1749

Turner, M. G., Braziunas, K. H., Hansen, W. D., and Harvey, B. J. (2019). Short-interval severe fire erodes the resilience of subalpine lodgepole pine forests. Proc. Natl. Acad. Sci. U.S.A. 166, 11319–11328. doi: 10.1073/pnas.1902841116

USDA (2015). Idaho panhandle national forests land management plan, 2015 Revision. Washington, DC: USDA.

USDA (2019). Draft land management plan for the nez perce-clearwater national forests. Washington, DC: USDA.

USDA (2022). Forest service activity tracking system. Washington, DC: USDA.

VanderWeide, B. L., and Hartnett, D. C. (2011). Fire resistance of tree species explains historical gallery forest community composition. For. Ecol. Manag. 261, 1530–1538.

Walsh, E. S., and Hudiburg, T. W. (2019). An integration framework for linking avifauna niche and forest landscape models. PLoS One 14:e0217299. doi: 10.1371/journal.pone.0217299

Walsh, E. S., and Hudiburg, T. W. (2021). Response of avian cavity nesters and carbon dynamics to forest management and climate change in the Northern Rockies. Ecosphere 12:e03636.

Westerling, A. L. (2016). Increasing western US forest wildfire activity: Sensitivity to changes in the timing of spring. Philos. Trans. R. Soc. B Biol. Sci. 371:20150178.

Westerling, A. L., Hidalgo, H. G., Cayan, D. R., and Swetnam, T. W. (2006). Warming and earlier spring increase western U.S. forest wildfire activity. Science 313, 940–943.

Zhao, M., and Running, S. W. (2010). Drought-induced reduction in global. Science 329, 940–943.








 


	
	
TYPE Original Research
PUBLISHED 16 October 2023
DOI 10.3389/ffgc.2023.1220253






Local-scale mapping of tree species in a lower mountain area using Sentinel-1 and -2 multitemporal images, vegetation indices, and topographic information

Iosif Vorovencii1, Lucian Dincă2, Vlad Crișan2*, Ruxandra-Georgiana Postolache2,3, Codrin-Leonid Codrean1, Cristian Cătălin2, Constantin Irinel Greșiță1, Sanda Chima1 and Ion Gavrilescu1


1Faculty of Silviculture and Forest Engineering, Transilvania University of Brașov, Brașov, Romania

2National Institute for Research and Development in Forestry “Marin Drăcea”, Brașov, Romania

3Forestry Faculty, Stefan cel Mare University of Suceava, Suceava, Romania

[image: image2]

OPEN ACCESS

EDITED BY
 Andrei G. Lapenas, Albany State University, United States

REVIEWED BY
 Alexander Buyantuev, University at Albany, United States
 Giovanni D'Amico, Council for Agricultural and Economics Research (CREA), Italy

*CORRESPONDENCE
 Vlad Crișan, vlad_crsn@yahoo.com 

RECEIVED 10 May 2023
 ACCEPTED 29 September 2023
 PUBLISHED 16 October 2023

CITATION
 Vorovencii I, Dincă L, Crișan V, Postolache R-G, Codrean C-L, Cătălin C, Greșiță CI, Chima S and Gavrilescu I (2023) Local-scale mapping of tree species in a lower mountain area using Sentinel-1 and -2 multitemporal images, vegetation indices, and topographic information. Front. For. Glob. Change 6:1220253. doi: 10.3389/ffgc.2023.1220253

COPYRIGHT
 © 2023 Vorovencii, Dincă, Crișan, Postolache, Codrean, Cătălin, Greșiță, Chima and Gavrilescu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
 

Introduction: Mapping tree species is an important activity that provides the information necessary for sustainable forest management. Remote sensing is a effective tool that offers data at different spatial and spectral resolutions over large areas. Free and open acces Sentinel satellite imagery and Google Earth Engine, which is a powerful cloud computing platform, can be used together to map tree species.

Methods: In this study we mapped tree species at a local scale using recent Sentinel-1 (S-1) and Sentinel-2 (S-2) time-series imagery, various vegetation indices (Normalized Difference Vegetation Index - NDVI, Enhanced Vegetation Index - EVI, Green Leaf Index - GLI, and Green Normalized Difference Vegetation Index - GNDVI) and topographic features (elevation, aspect and slope). Five sets of data were used, in different combinations, together with the Random Forest classifier in order to determine seven tree species (spruce, beech, larch, fir, pine, mixed, and other broadleaves [BLs]) in the studied area.

Results and discussion: Dataset 1 was a combination of S-2 images (bands 2, 3, 4, 5, 6, 7, 8, 8a, 11 and 12), for which an overall accuracy of 76.74% was obtained. Dataset 2 comprised S-2 images and vegetation indices, leading to an overall accuracy of 78.24%. Dataset 3 included S-2 images and topographic features, which lead to an overall accuracy of 89.51%. Dataset 4 included S-2 images, vegetation indices, and topographic features, that have determined an overall accuracy of 89.36%. Dataset 5 was composed of S-2 images, S-1 images (VV and VH polarization), vegetation indices, and topographic features that lead to an overall accuracy of 89.68%. Among the five sets of data, Dataset 3 produced the most significant increase in accuracy, of 12.77%, compared to Dataset 1. Including the vegetation indices with the S-2 images (Dataset 2) gave an accuracy increase of only 1.50%. By combining the S-1 and S-2 images, vegetation indices and topographic features (Dataset 5) there was an accuracy increase of only 0.17%, compared with the S-2 images plus topographic features combination (Dataset 3). However, the input brought by the S-1 images was apparent in the increase in classification accuracy for the mixed and other BL species that were mostly found in hilly locations. Our findings confirm the potential of S-2 images, used together with other variables, for classifying tree species at the local scale.

KEYWORDS
 random forest, Sentinel-2, topographic features, vegetation indices, datasets, tree species, mountain area


1. Introduction

Mapping forest species is crucial for sustainable forest management, biodiversity assessment, monitoring, and forest ecosystem conservation and protection (Vihervaara et al., 2017; Hościło and Lewandowska, 2019). Knowing the forest at a tree species of species groups level, as well as their distribution, plays an important role in maintaining an ecological balance (Wang et al., 2018). Identifying tree species precisely is necessary in forest management planning, in applying silvicultural treatments, in forest certification and other forest applications (Persson et al., 2018). Furthermore, tree species information is necessary for the operational and tactical planning of forest resources (Persson et al., 2018). Obtaining information regarding tree species is important for both forest districts and at a national level, for knowing the surface occupied by tree species as well as their distribution. Precise and up-to-date information regarding the health and type of the forest, the spatial distribution, area, composition, and extension can be obtained from satellite images. Using remote sensing and its methods requires less time and ensures a larger studied area as well as access to inaccessible areas (Fassnacht et al., 2016; Sedliak et al., 2017; Grabska et al., 2019).

Previous studies on mapping forest species have used multispectral images, especially those from the Landsat satellite program (Schmitt and Ruppert, 1996; Mickelson et al., 1998). The main limitation of these images is their intermediate spatial resolution, which poses a challenge when using satellite images like Landsat in areas with mixed forests due to the occurrence of mixed pixels (Griffiths et al., 2014; Madonsela et al., 2017; Grabska et al., 2019). Generally speaking, images with intermediate and low spatial resolution have generally been used for mapping different forests over large areas, without realizing classification at the tree species level (Townshend et al., 2012; Immitzer et al., 2016). In addition to the limitation posed by intermediate spatial resolution, the relatively low temporal resolution (16 days) can also constrain their use in vegetation mapping. The issues are more significant when the period of interest falls within a rainy season, during which clouds reduce the image quality (Xie et al., 2008).

The Sentinel-2 (S-2) satellite is equipped with a MultiSpectral Instrument (MSI) for capturing images (processed during the Copernicus mission), which significantly improves forest mapping because data is acquired across 12 bands, three (Bands 5–7) being red-edge bands used especially for obtaining information concerning vegetation, such as chlorophyll content. Furthermore, with its five-day temporal resolution, S-2A, together with its twin satellite, S-2B, it acquires dense time-series imagery (Grabska et al., 2019).

The use of S-2 satellite images for mapping tree species has been the focus of several studies, some realized at the local scale or on single-forest estates. In one such, Immitzer et al. (2016) classified four species of resinous tree and two broadleaves (BLs) in Bavarian forests, obtaining an overall accuracy of 66%. They have used S-2 images (single image for forest and single image for cropland) with a spatial resolution of 10 m and 20 m, with the last ones resampled at 10 m, and RF algorithms for classification. In another study on a Bavarian forest, Wessel et al. (2018) distinguished beech from oak trees using a hierarchical classification approach and multitemporal S-2 images. The authors used two machine-learning algorithms – support vector machines (SVMs) and random forest (RF) – finding only small differences between these, but with the SVMs performing slightly better than the RF. They have evaluated 54 different setups and obtained the best overall accuracy (91%) by using the SVM algorithm applied to bands 8, 2, and 3 belonging to the May image. An user’s accuracy of 94% and a producer’s accuracy of 79% was obtained for beech, while the oak trees user’s accuracy and producer’s accuracy was of 100%. Persson et al. (2018) used all the bands from the four multitemporal S-2 imagery in different combinations, achieving an overall accuracy of 88.2% in discriminating five species (Scots pine, spruce, larch, birch, and pedunculate oak). The study was performed on a mature forest in Central Sweden; the RF method was used for the classification. The user’s accuracies were: 95.6% for birch, 85.2% for larch, 97.3% for pedunculate oak, 70.9% for Scots pine and 90.8% for spruce. Karasiak et al. (2017) used multitemporal S-2 images to classify 14 tree species in southwestern France through three classification algorithms (SVMs, RF, and Gradient Boosted Trees [GBT]), revealing that black pine and douglas fir were the most-confused species, while aspen and red oak were the best predicted. Even though the classification performance was improved, moving from 4-bands dataset to 10-bands dataset, the tree species hierarchy for their identification has remained the same. As such, based on the F1-score in the case of 10-bands dataset, black pine had an F1-score of 0.81 and 0.74 for douglas fir; aspen and red oak had a F1-score equal to 0.99, as cypress. All other species had the following F1-scores: 0.98 (silver birch, oak, European ash), 0.97 (eucalyptus), 0.95 (black locust), 0.90 (willow), 0.98 (Corsican pine and maritime pine), and 0.91 (silver fir). The overall accuracy of the classification was between 91.02 and 97.40%, depending on the dataset and algorithm considered. Stoffels et al. (2015) classified five species (beech, sessile and pedunculate oak, spruce, duglas fir, and Scots pine) using SPOT-4 and SPOT-5 multitemporal satellite images, together with multitemporal RapidEye and airborne LiDAR data, obtaining an overall accuracy of 83.5%. The maximum likelihood classification based on locally optimized training data was used for identifying tree species. The results obtained by the authors show an user’s accuracy of 79.5% for beech, 84.0% for sessile and pedunculate oak, 91.6% for spruce, 76.6% for douglas fir, and 85.9% for Scots pine.

On the other hand, radar sensors provide a continuous data stream with a lower signal-to-noise ratio (SNR), as well as terrain- and observation-geometry-related artifacts (Lechner et al., 2022). The two S-1 satellites (S-1A and S-1B) capture microwave imagery with higher spatial resolution and high temporal resolution. Radar data is freely available, and their independence from weather conditions and daytime usage makes them frequently employed in assessing forest attributes worldwide (Waser et al., 2021).

Some conducted studies have shown that S-1 images are suitable for differentiating between deciduous and coniferous trees (Dostálová et al., 2021; Waser et al., 2021). Based on multitemporal S-1 data, Udali et al. (2021) conducted a classification of forest types and forest tree species in a test area in southern Sweden and achieved overall accuracies of 94 and 66%, respectively. Rüetschi et al. (2017), in a test size in Switzerland, obtained an overall accuracy of 86% in classifying forest types and 72% in distinguishing between three species (European beech - Fagus sylvatica, oak - Quercus robur and Quercus petraea, and Norway spruce - Picea abies).

In a small number of other studies, forest compositions have been determined over large areas at regional and national scales (Hościło and Lewandowska, 2019). Forest mapping using remote-sensing methods over large mountainous areas has also been limited. In these cases, the digital elevation model (DEM) can be used because it can enhance the overall accuracy of the species classification. Adding the DEM variable in the classification leads to good results for regions where vegetation distribution follows topographic data. Dorren et al. (2003) showed that, by applying topographic corrections and using the DEM method, or other characteristics derived from this in combination with spectral data, can increase the overall classification accuracy for steep mountain terrains in Austria (ranging from 600 to 3,000 m a.s.l.). In another study, undertaken on a large regional scale in south-central China by Liu et al. (2018), four tree species and mixed forest types were mapped from both flat and mountainous areas (up to 850 m a.s.l.). The authors obtained the highest accuracy (82.8%) by combining Landsat-8, S-2, and a Shuttle Radar Topography Mission (SRTM) DEM. Furthermore, the authors showed that the overall accuracy was increased by 15.2% by combining satellite images with terrain features, compared with using a single image.

The combination of S-1 and S-2 imagery with topographic data has opened up new opportunities for the classification of forested landscape. Waser et al. (2021) used S-1 and S-2 imagery in combination with topographic data for classifying dominant leaf types, employing both RF and deep learning (UNET) algorithms, resulting in significantly higher accuracies (kappa coefficient around 0.95). Their research also highlighted that the combined use of S-1, S-2, and topographic predictors effectively mitigate issues related to terrain topography and shadow, surpassing the performance of using S-1 and DEM or S-2 and DEM data separately. Liu et al. (2023) employed a combination of S-1, S-2, and topographic data for mapping tree species diversity in temperate montane forests, and found that this combination yielded the highest accuracy (species richness: R2 = 0.562, RMSE = 1.502; Shannon-Wiener diversity: R2 = 0.628, RMSE = 0.231). The combination of S-1, S-2, and topographic data was also identified by Xie et al. (2021) as providing the highest overall accuracy (77.5%) in classifying six dominant tree species (Pinus tabulaeformis, Quercus mongolia, Betula spp., Populus spp., Larix spp., and Armeniaca sibirica) and one residual class.

Hyperspectral imagery contains more information about vegetation and can be used for more accurate mapping of tree species. The essential condition is that the tree species exhibit significant differences in spectral reflectance measured across multiple spectral bands (Farreira et al., 2016; Hycza et al., 2018). The capability to succesfully classify tree species using such data has been demonstrated in equatorial forests, where classifications of seven tree species achieved accuracies ranging from 80 to 100% (Clark et al., 2005; Peerbhay et al., 2013). Additionally, hyperspectral data has been used in tropical and subtropical regions, where tree species classifications achieved accuracies of over 90% (Dian et al., 2014; Ballanti et al., 2016). Tree species classifications have also been conducted in temperate regions, with accuracies ranging from 74 to 93% (Dian et al., 2014; Dmitriev, 2014; Richter et al., 2016).

The main purpose of this study was to map local-scale tree species located on mountainous terrain with a heterogeneous landscape, using S-1 and S-2 dense-image series, vegetation indices (VIs), and topographic features. The analysis were realised at a local scale, taking into account the size of forest management units and the size of patches located inside the villages. The specific objectives of the study were: (i) to investigate the performance of time-series S-1 and S-2 images, VIs, and topographic features (DEM, aspect, and slope) combined into five datasets for mapping tree species and analyzing the variable importance used in the classification; (ii) identifying seven tree species (spruce, beech, larch, fir, pine, mixed species, and other BLs) based on the best combination of data in order to achieve the highest classification accuracy; and (iii) analyzing the importance of tree species identification on satellite images in the context of global change. We compiled five datasets with different variable combinations in order to achieve our research objectives and provide more-detailed information on the results. Google Earth Engine (GEE) cloud computing and a RF machine-learning algorithm were directed at achieving these objectives.



2. Materials and methods


2.1. Study area

The studied area covered 8,519 ha of the Prahovei Valley (Romania), located in the southern part of the Bucegi Mountains (Figure 1). This included forests located in hilly and mountainous areas. The minimum altitude was 530 m, and the maximum altitude reached 1,340 m a.s.l. in the northwestern part of the studied area. The average slope was approximately 26°, although slopes with a higher inclination (over 30°) were also present. The most common ones were steep slopes (77%), followed by less steep slopes (18%). The average annual temperature was +6.8°C, while the average annual precipitation was approximately 770 mm.

[image: Figure 1]

FIGURE 1
 Location of the study area.


Of the entire surface of the studied area, 34.54% was forest, managed by the National Forest Administration, 43.33% was private compact or dispersed forests, and 22.13% was built-up surfaces (buildings, roads, parking lots, etc.), pasture, and hay. The woodlands were dominated by common beech (Fagus sylvatica), Norway spruce (Picea abies), silver fir (Abies alba), European larch (Larix decidua), Scots pine (Pinus sylvestris), and black pine (Pinus nigra), which represented about 89% of the total forest species. The other tree species were sessile oak (Quercus petraea), European hornbeam (Carpinus betulus), grey alder (Alnus incana), black alder (Alnus glutinosa), silver birch (Betula pendula), sycamore maple (Acer pseudoplatanus), European ash (Fraxinus excelsior), aspen (Populus tremula), and willow (Salix caprea).

The proportions of these forest tree species in the overall species composition differed in various parts of the studied area. The main species (beech, spruce, fir, pine, and larch) were generally present in compact stands, but were also found, rarely, in built-up areas. Parts of the stands were pure, while others were mixed, composed of two to three main species. The basal area threshold for distinguishing between pure and mixed stands is 80%; if the basal area exceeds this percentage for a single tree species, then the stand is considered pure, and if it falls below this percentage, the stand is considered mixed. In certain stands, the main species were accompanied, in a small percentage (10–20%), by sycamore maple, ash, sessile oak, and hornbeam. In the southern and middle part of the studied area, built-up areas were present at low altitudes, alternating with pastures and meadows. These areas contained groups of tree species or fruit trees grouped together or growing in rows and along the edges of private properties that were not included in any forest management plans. Here and there in the built-up area, the vegetation occurred as shrubs or was in a different stage of development.



2.2. Data and data preprocessing

We employed the JavaScript API within the GEE code editor to analyze the data. GEE is a cloud computing platform launched by Google in 2010. It enables users to conduct geospatial analysis and is the most popular platform for processing large geospatial datasets. It includes various built-in algorithms, such as those for classification, allowing for global-scale data analysis and facilitating the development of custom algorithms by researchers. The Earth Engine Data Catalog contains a diverse range of standard Earth science raster datasets that are freely accessible. Additionally, users have the option to upload their own raster or vector data for private use or sharing in scripts. In this study, we used the preprocessed archives of S-1, S-2, and DEM data available on GEE. These preprocessed datasets had already been corrected for atmospheric and topographic effects, which significantly streamlined the data acquisition and preprocessing task, saving us valuable time and effort.


2.2.1. Sentinel-1 imagery

We used 224 S-1 images, gathered in 2021 and 2022. These were ground range detected (GRD) (Level-1) interferometric wide (IW) swath-mode acquisitions that had already been preprocessed, using multi-looking and projection, to the ground range using an Earth ellipsoid model (Copernicus, 2014; Table 1). The spatial resolution of this dataset was measured at 10 m. The S-1 GRD data was processed by thermal noise removal, and radiation and terrain correction, and the 10-m dual bands, VV and VH, of the IW swath mode was selected for further processing to match the resolution of S-2. Because S-1 data were collected from both ascending and descending passes, the VV and VH data were co-registered.



TABLE 1 Main characteristics of S-1 imagery used in study and the temporal intervals for calculating seasonal composites in 2021 and 2022.
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The S-1 images in VV and HV polarization were divided into three temporal intervals for 2021 and 2022. Each temporal interval was specific, from a phenological perspective, to a certain season: April 1 – May 31 (start of the growing season), June 1 – August 31 (peak growing season), and September 1 – November 15 (end of the growing season). In this way, we obtained 12 stock layers (median) that were then compiled individually (Table 1).



2.2.2. Sentinel-2 imagery

We used a set of multispectral data, composed of 15 S-2 surface reflectance images with no cloud cover, acquired in 2021 and 2022 between April 10 and November 26, distributed irregularly over the study periods. The images were downloaded free from Copernicus Data Hub (Table 2). Because tree species analysis depends on phenology, we selected images that had recorded forests in different phenological phases (Hościło and Lewandowska, 2019). In this regard, for both years, we used images acquired at the beginning of spring (when BL species begin to green-up), in the summer (when photosynthetic activity is high), and in the fall (when the leaves begin to color steadily and differently for each tree species). In this way, we chose to include three seasons in the analysis because the signatures exposed in the 15 images during the vegetation season could offer a unique spectral model that could not be obtained by any single image. Unfortunately, we did not find any suitable images for early autumn (September).



TABLE 2 Description of the S-2 images used in study.
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The downloaded images were orthorectified and atmospherically and topographically corrected at Level-2A (spectral reflectance). For this study, we omitted three bands–coastal (0.43–0.45 μm), water vapor (0.93–0.95 μm), and cirrus bands (1.36–1.39 μm)–because of their sensitivity to atmospheric interference (Stych et al., 2019; Fundisi et al., 2022). The other 10 bands used were red, green, blue, near infrared (NIR), vegetation red edge (VRE), and shortwave infrared (SWIR). They covered a wavelength of 0.41–2.28 μm. The spatial resolution of the S-2 images was 10 m (blue, green, red, and NIR) and 20 m (VRE bands, narrow NIR, SWIR bands). The S-2 bands with the 20-m spatial resolution were resampled to 10 m using the nearest-neighbor resampling method. The resampling was carried out in order to have the same spatial resolution. The images are in WGS84 projection, Zone 35 N.



2.2.3. Digital elevation model

The topographic variables were derived from the SRTM DEM, which is a free product obtained from interferometric radar. The SRTM provided a near-global DEM between 60°N and 56°S latitude and was realized based on data collected from 11 days in February 2000 by a specially modified radar system onboard the Space Shuttle Endeavour. The SRTM DEM is available globally at 1 arcsecond at about a 30-m spatial resolution. The SRTM DEM was cut on the studied contour and resampled to 10 m (S-2 resolution) using the bilinear resampling method. Based on the SRTM DEM we obtained two topographic variables – slope and aspect – that, together with the elevation, were added to the data stock without any adjustment. In the GEE, the scaling was executed automatically, and all the bands used in different combinations were overlaid correctly.



2.2.4. Vegetation indices

The high spectral resolution of the S-2 images allowed us to obtain different features connected to the green cover. Based on the literature review, we selected four VIs – the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Green Leaf Index (GLI), and Green Normalized Difference Vegetation Index (GNDVI; Table 3). The NDVI is an indicator of the greenness of the vegetation. High values indicate a rich and healthy vegetation. The EVI was developed because it is more sensitive to changes in areas with high biomass (Bhatnagar et al., 2021). The GLI is intended to measure the quantity of greenery, with positive values representing green leaves and stems. The GNDVI is a modified NDVI, capable of detecting variations in chlorophyll concentration by replacing the red band with the green band (Gitelson et al., 1996).



TABLE 3 Vegetation indices used in the study.
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They were selected to offer a comprehensive understanding of various facets of vegetation as these indices offer diverse viewpoints on vegetation health, density, and chlorophyll concentration, inclusively vegetation phenology. By integrating these indices as input variables for classification, the goal was to capture a comprehensive view of vegetation characteristics for the purpose of identifying tree species.



2.2.5. Boundaries and stand polygons

All the images and topographic features used were clipped on the contour of two production units from within the Sinaia Forest District – Forest Management Unit (FMU) I Comarnic and FMU II Posada. The exact geolocations of the boundaries are stored in a GIS database and were provided by the “Marin Drăcea” National Institute for Research and Development in Forestry (NIRDF). These boundaries and stand polygons were converted from Stereografic 1970, the official projection of Romania, in WGS84 projection, Zone 35 N (Greșiță, 2011; Greșiță, 2013). The boundaries of the 2 units (shapefile format) were merged in QGIS and imported into the GEE via Google fusion tables. The obtained contour was used in clipping images and topographic features on the studied area. In addition, all stand polygons were imported in QGIS and the GEE.




2.3. Classification approach and reference data


2.3.1. Random forest

The classification process was divided into two levels of forest detail: (i) mapping forest covers; and (ii) classifying tree species. The RF classifier was used for both levels.

The RF is a machine-learning algorithm that uses multiple self-learning decision trees to parameterize models (Hościło and Lewandowska, 2019). In this algorithm, several decision trees are built based on a random subsample of the data used. Each decision tree is produced independently, with no cut, while each node is divided using a defined number of characteristics (Mtry) that were selected randomly (Belgiu and Drăguț, 2016). By increasing the forest to a defined level of usage by using the number of trees (Ntree), the algorithm creates trees that have a higher variance level and a low bias (Breiman, 2001). The final classification decision is taken by obtaining an arithmetical average of the attribution probabilities calculated by all the trees produced (Belgiu and Drăguț, 2016).

The RF classification was carried out using the GEE – a powerful cloud computing platform. The parameterization of the model was performed on 500 single trees in the forest, with the minimum number of samples in a node set to one. Setting Ntree at the 500 level was realized in accordance with the specialist literature, which explains that the errors stabilize before this number of trees are classified (Lawrence et al., 2006). In addition, this value is set as a default value in the R package for RFs (Belgiu and Drăguț, 2016). Mtry parameter was tested from 1 to 9 using a single interval and null value (default in GEE) which means no limits. The last value was considered the best because the overall accuracy was high.

After performing the classification using the RF algorithm, the importance of the variables was estimated through GEE by computing the normalized and raw variable importance. For each classification result, we calculated the importance of the variables.



2.3.2. Forest mask

At the first level, we performed a forest mask by extracting forest areas from all the S-2 images acquired in 2021 and 2022 (Table 2) using the RF classifier. In the non-forested class, we included built-up surfaces (buildings, roads, parking lots, etc.), non-wooded vegetation, agricultural lands (pasture, hay, arable), and water. A ‘No Data’ value was assigned to all pixels not covered by the forest polygons or outside the forested areas mask. The ‘No Data’ pixels were not used for tree species identification. Thus, only pixels with forest and inside the forested areas mask were used.



2.3.3. Tree species classification

At the second level, we used different subsets that included various combinations of the two satellite systems, S-1 and S-2, topographic features, and VIs (Table 4). In this stage, we obtained a tree species separation inside the forest mask. All datasets from the second level were classified using the same samples. Figure 2 presents the flowchart of the different classification scenarios.



TABLE 4 Scenarios evaluated using different combinations of S-1, S-2, VIs, and DEM.
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FIGURE 2
 Flowchart of the research.


For this study, we focused on five main stand tree species that collectively represented more than 89% of the total forest of FMU I Comarnic and FMU II Posada–that is, spruce, beech, larch, fir, and pine. Together with these main species, we also identified two groups of species–mixed and other BLs. The mixed species class included both resinous and BL species (including fruit trees) located in urban areas and on private properties, spread on meadows and pastures that were not included in forest management plans. The way in which these patches were grouped was intimate, with the species not being separated based on their components. The other BL species class included species such as oak, maple, sycamore maple, silver birch, European ash, aspen, and willow that were present in small percentages in both the stands and the urban area. They were localized via groups of species. The other BL species were included in forest management plans but located outside those.



2.3.4. Reference data


2.3.4.1. For forest mask

Reference data for generating the forest mask were sourced from multiple references, including forest management plan maps, orthophotoplans provided by the National Agency for Cadastre and Land Registration, as well as Google Earth images. Sample selection employed a stratified random sampling approach, where strata were defined by thematic classes. These samples were evenly distributed across the entire study area. For the training and validation datasets, samples were visually chosen from both forested and non-forested polygons, resulting in a total of 193 samples – comprising 84 forested and 109 non-forested areas. These training and validation samples accounted for 7.49% of the forested area and 4.49% of the non-forested area. The average polygon size for forested area was 5.90 ha, while for non-forested areas, it was 0.78 ha. The smaller size on non-forested areas, compared to forested areas, was primarily due to landscape fragmentation.



2.3.4.2. For tree species classification

All training and validation data regarding stand compositions were automatically drawn from the official forestry database of the state forest administration received from the “Marin Drăcea”National Institute for Research and Development in Forestry. This offered detailed information on species composition, stand characteristics (e.g., stand structure, stand density, age, height, medium diameter, and volume), site characteristics (e.g., soil, geology, slope, and orientation), as well as many other types of information (Tereşneu et al., 2016). Forest management plans are updated every 10 years, but major changes, such as stand cutting, plantations and windthrows are recorded annually (Tudoran, 2013). In this way, all the changes that affect stands are recorded in forest management plans at the moment when they are produced. As such, the database is updated and contains all the changes suffered by each stand. The minimum recorded unit is the forest unit, created as a homogenous surface from a silvicultural perspective: to be comprised of a single ecosystem unit or stational unit; the same consistency or differences smaller than 0.2 (on a scale from 0 to 1); the same composition, with difference that do not exceed 20% (on a scale from 0 to 100) for the main species; the average age should not differ more than 20 years; the same type of structure (same age, relatively same age, relativ plurien, plurien); a single productivity category. These criteria were taken into account in the forest inventory in order to demarcate homogeneous stands. Each management unit is demarcated by a polyline that has known coordinates and by marking trees with paint (Tereșneu, 2019; Tudoran and Zotta, 2020). In this study, the stand polygons ranged in size from 0.20 to 44.34 ha (average 5.89 ha) for FMU I Comarnic and from 0.11 to 31.81 ha (average 7.67 ha) for FMU II Posada (Forest Research and Management Institute, 2013a,b).

FMU consists of more forest units. FMU I Comarnic consists of 355 forest units, while FMU II Posada has 111 forest units, all included in the updated database (Forest Research and Management Institute, 2013a). Besides these forest units, approximately 60 forest units belonging to forest owners were also analyzed FMU I Comarnic has a surface of 2091.60 ha (state forest), completed by 907.7 ha (private forests that were retroceded). FMU II Posada has 850.9 ha, completed by retroceded forests (Forest Research and Management Institute, 2013b). The limits of the 2 units are materialized on the field by paint and are represented by natural details (peaks, valleys, waters) or artificial details (roads, railroads etc.). Forest clusters are found inside FMU, on different sizes located within cities.

A forest stand may include, in some cases, five or six different tree species, although the average is usually two, three or four main tree species in a mixture. The tree species composition share in a forest stand is recorded in the forest management plan during the forest inventory. For the present study, we used this share for each management unit. For species with a small share, they were considered together, leading to a distinct class classification (for example, other BL species and mixed species).

Training and validation samples were performed by screen digitization. Each sample was from inside a management unit, with a priority placed on stands with a pure species composition (e.g., with a species share of 100%). Where stands were not pure (i.e., where the share was not 100%), we followed those stands in which the respective species had the largest share.

For tree species that are widespread across the entire analyzed area (such as beech, spruce, and mixed species), the reference sample were evenly distributed throughout the study area. However, for tree species with a more limited distribution (including larch, fir, pine, and other BL species), the reference sample were selectively collected in the specific areas where these tree species are known to occur. In all cases, the selection of reference samples was carried out using a stratified random sampling approach. Table 5 provides detailed information regarding the number of polygons, total area covered, and average polygon size for reference data. Notably, the mixed species class exhibited the smallest average polygon size due to the close proximity of these tree species and their relatively smaller total area. Conversely, the beech class displayed the largest average polygon size, as it typically forms compact stands that extend over a larger geographic area. The choice of remote sensing data used for generating the dataset varied depending on the specific combination (Table 4).



TABLE 5 Characteristics of reference samples.
[image: Table5]

In order to validate the data, we used ortophotoplans present in the database from the National Agency for Cadastre and Land Registration, as well as Google Earth images.




2.3.5. Accuracy assessment

The reference samples were randomly divided–80% were used for training and 20% for accuracy assessment purposes. We selected 14,525 pixels for the forest/non-forest map, of which 11,621 pixels were for training and 2,904 for validation. The total number of pixels was 6,971 for the tree species classification, of which 5,577 were for training and 1,395 for validation. To ensure that the tree species proportions are maintained in both datasets, namely the training and validation data, the facilities provided by GEE were used.

An accuracy assessment was performed based on a confusion matrix from which we calculated the overall accuracy indices, in addition to a producer’s accuracy, user’s accuracy, Kappa statistic, and F1 score. Overall accuracy is expressed in percentages and represents the relation between the correctly classified pixels and the total of pixels used for verification. Producer’s accuracy is calculated by dividing the number of correctly classified pixels for a given class by the total number of pixels that belong to that class in the reference dataset.

User’s accuracy is calculated by dividing the number of correctly classified pixels for a given class by the total number of pixels that were classified as that class on the map. The Kappa statistic evaluates how well the classification performs in comparison with the random attribution of values. The F1 score is the harmonic mean of precision and recall.

Establishing samples for accuracy assessment was realized through stratified proportional random sampling. Through this method, the total number of pixels was distributed in each class, in report with the surface of the tree species from the analyzed surface. The strata were represented by the tree species present in the classified images. Within each strata, validation data were sampled using a random method. The sampling units were individual pixels. The accuracy assessment was carried out individually for each classification result.





3. Results


3.1. Forest classification

The result of the forest/non-forest classification derived from all the multitemporal S-2 images using the RF approach showed a high level of agreement with the forest status on the ground. The overall accuracy of the forest/non-forest map was 99.48%, with a Kappa coefficient of 98.01%. The producer’s accuracy for the forest was 99.71, and 98.20% for the non-forest. The user’s accuracy for the forest was 99.67, and 98.42% for the non-forest (Table 6). Because we obtained a high accuracy, we used the output of the RF classification derived from combination with the S-2 images to calculate the forest area for the study area and the forest mask. Under these conditions, the surface covered by forest was 6,634 ha, representing 77.87% of the studied surface. Of this forest surface, 2,942 ha (44.35%) were managed by the state, while 3,692 ha (55.65%) represented private property.



TABLE 6 Error matrix for forest and non-forest classification.
[image: Table6]



3.2. Tree species classification

The results regarding the overall accuracy of the tree species classification, based on the five sets of data, are presented in Figure 3. A very close overall accuracy was obtained for three of these combinations (Datasets 3–5). The best result was obtained for Dataset 5, with an overall accuracy of 89.68%, followed by Dataset 3, with 89.51%, and Dataset 4, with 89.36% (Figure 3A). The lowest result was obtained by Dataset 1, which included only S-2 satellite images, and had an overall accuracy of 76.74%.

[image: Figure 3]

FIGURE 3
 Overall accuracies and Kappa statistics for the five datasets used in tree species identification (A) and F1 score (B).


Evaluation of the classification performance for Dataset 5 among the individual tree species showed good results for spruce (93.82%), larch (93.44%), and fir (92.96%). These three species corresponded quite well to the forest stands. For spruce, 16 pixels were confused with beech, while for larch, 7 pixels were confused with beech, for fir, 15 pixels were confused with beech and 11 pixels with spruce (Table 7). Slightly weaker results were obtained for mixed species (86.96%) and other BL species (87.06%). For mixed species, 9 pixels were classified as beech and 33 pixels for other BL species.



TABLE 7 Confusion matrixs for RF classification of seven tree species inside of forest mask using dataset 5.
[image: Table7]

The results obtained after calculating the F1 score for each tree species show that they are close for the 3–5 Dataset. Spruce is best discriminated in Dataset 3, with an F1 score equal to 0.96, while beech is best discriminated in all three data sets, with an F1 score of 0.93 (Figure 3B). As for larch, the best discrimination is in Dataset 4, as well as in the other four datasets, while F1 varies from 0.83 (Dataset 1) to 0.89 (Dataset 4). Fir is identified better in Dataset 5, with an F1 score of 0.89. Mixed species (F1 = 0.70) and other BL species (F1 = 0.73) are the two group of species with the less confidence (Figure 3B).

Based on the evaluation of the overall accuracy of the classification, we created the final map with tree species from the best combination–Dataset 5 (Figure 4).

[image: Figure 4]

FIGURE 4
 Tree species identification maps generated using RF classification for: (A) Dataset 1; (B) Dataset 2; (C) Dataset 3; (D) Dataset 4; (E) Dataset 5.




3.3. Variable importance

The importance of the variables used in the classification of the tree species is presented in Figure 5. These were prioritized based on importance level. The DEM contributed the most toward classifying the datasets (Datasets 3–5). Together with elevation, aspect and slope proved to be the most important variables. They also determined an evident increase in the overall accuracy. With regard to the S-2 spectral bands, B12 and B11 (SWIR) were the most important contributors in separating the tree species in all the datasets. Band 8 (NIR) obtained the lowest scores in the tree datasets. The inclusion of VIs in three of the datasets, combined with the S-2 bands, DEM, and S-1 bands, did not produce a high rate when compared with DEM, aspect, and slope. The GLI and EVI indices made the highest contribution of all the VIs, while the NDVI contributed the least. Even though we used many S-1 images, their contribution to classifying the tree species was minimal.

[image: Figure 5]

FIGURE 5
 The variable importance for tree species classification: (A) Dataset 1 (S-2 images); (B) Dataset 2 (S-2 images and VIs); (C) Dataset 3 (S-2 images and topographic features); (D) Dataset 4 (S-2 images, VIs and topographic features); (E) Dataset 5 (S-2 images, VIs, topographic features, and S-1 images). The colors are as follows: orange – spectral bands of S-2 images; green – VIs; magenta – topographic features; blue – layer stacks of S-1 images (according Table 1).





4. Discussion


4.1. Dataset performance and variable importance

We mapped tree species using different combinations of dense S-1 and S-2 time-series images, VIs derived from optical S-2 bands, and topographic features derived from a DEM. The S-1 and S-2 images were taken in two growing seasons (2021 and 2022), allowing us to obtain detailed information about the spectral-temporal patterns of the studied species. This study was performed on an area with a heterogeneous distribution of vegetation, including both dense forests on massifs and tree species grouped in patches of different sizes that alternated with built-up areas, pasture, and hay.

Combining the 15 S-2 images taken from the two vegetation seasons led to an overall accuracy of 76.74%. In this combination, SWIR bands (B11 and B12) had the highest importance, while B8 and B7 had the lowest (Figure 5A). The low importance of Bands B8 and B7 can be explained by the fact that many of the S-2 images were acquired during spring and autumn, not during summer, when the photosynthetic activity is strong and the reflectance in NIR is also high. However, the sun’s elevation angle is low during early spring and late autumn–an effect that could lead to a decrease in the classification’s accuracy (Hościło and Lewandowska, 2019).

The results regarding the overall accuracy of the tree species classification, based on the five sets of data, are presented in Figure 3. A very close overall accuracy was obtained for three of these combinations (Datasets 3–5). The best result was obtained for Dataset 5, with an overall accuracy of 89.68%, followed by Dataset 3, with 89.51%, and Dataset 4, with 89.36%. The weakest result was obtained by Dataset 1, which included only S-2 satellite images, and had an overall accuracy of 76.74%.

By including the VIs in the classification, together with the S-2 images (Dataset 2), the overall accuracy reached 78.24%, increasing by only 1.5%. This result is similar to that of Mohammadpour et al. (2022), who mentioned that a slight accuracy increase was obtained by combining four VIs with S-2 images, compared with only using spectral bands. Another study (Spracklen and Spracklen, 2019) showed that adding six VIs to identifying European old-growth forests led to a worse performance from using them in combinations instead of the S-2 bands, resulting in the overall accuracy being reduced by 0.3%. On examining the relative importance of the variables, we can see that, in this case as well, Bands B11 and B12 were in first place, followed by the GLI and EVI. The GNDVI and NDVI contributed the least among all the indices. The low importance of the NDVI in classifying tree species has also been signaled by other studies (Pouteau et al., 2018; Silveira et al., 2018).

Choosing VIs in emphasising the vegetation phenology is important. EVI and GLI proved to be the most suitable in identifying phenological changes as they are more strongly correlated with the crown’s foliage. The high separability on which it is based derives from spectral bands with blue, green and near infrared reflectance. EVI emphasises better the phenology, compared with NDVI in surfaces with both dense and sparse vegetation (Tian et al., 2021). Furthermore, Bolton et al. (2020) have shown the high two-band EVI (EVI2) capacity in emphasising the phenology of ecosystems with a strong seasonality, namely deciduous trees species, and less for those with evergreen species. The share brought by VIs in identifying resinous species was marginal because the crown is green all year long. NDVI-derived phenology is uncertain for surfaces covered with resinous trees where the seasonal amplitudes are small (Tian et al., 2021).

An important leap in overall accuracy came from adding topographic features to the S-2 images (Dataset 3), when 89.51% was obtained. The results obtained in this study are in line with those from other studies. Hościło and Lewandowska (2019) classified eight tree species with an accuracy of 75.6% using only S-2 data. By adding a DEM, slope, and aspect, an accuracy of 81.7% was reached by classifying all species together, with 89.5% achieved for a stratified classification. In Liu et al. (2018), the importance of slope derived from a DEM was demonstrated in the classification of four common species and four mixed forests located in China. The importance of a DEM in classifying species and obtaining high accuracy has also been reported in other studies (Waśniewski et al., 2020; Dobrinić et al., 2021). In the present study, we proved that the DEM contributed the most, followed by aspect and slope (Figure 5C). This means that the presence of species in the studied area was highly dependent on elevation.

The S-1 images, VIs, and topographic features combination (Dataset 4) decreased the accuracy by 0.15%, compared with the S-2 plus topographic features combination (Dataset 3). These results are similar to those from other studies that showed that adding the NDVI led to a decrease in accuracy of 8% (Mohammadpour et al., 2022). Other studies have shown that adding the NDVI to a combination of S-2 images and a DEM leads to a decrease in accuracy of 3% (Waśniewski et al., 2020). In the present case, the decrease in overall accuracy can be associated with a decrease in user accuracy for spruce, beech, larch, and other BL species (Figure 3).

In the S-1, S-2, VIs, and topographic features combination (Dataset 5), we obtained an overall accuracy of 89.69%. Compared with the overall accuracy resulting from combining S-2 images with topographic features (Dataset 2), the overall accuracy increased by only 0.17%, and by 0.32% compared with the S-2, VIs, and topographic features combination (Dataset 4). By analyzing the contributions of the variables, we can see that the importance of the S-1 images was minimal, even though their number was high when compared with the other variables (Figure 5E).

The results obtained from this study are very close to the ones obtained by Lechner et al. (2022), where, by adding 250 S-1 images for 14 S-2 images taken from a vegetation season, the accuracy was only 0.5%. Liu et al. (2018) demonstrated that adding backscattering features from VV images of S-1 to the combination of S-2, DEM, and Landsat 8 provided only a modest 2.65% improvement in classifying forest types, compared to the same combination without S-1. Furthermore, the additional of VV and HV features from S-1 to the combination with S-2, DEM, and Landsat 8 actually resulted in a 1.32% decrease in accuracy when compared to using the combination of S-2, DEM, and Landsat 8 alone. This indicates that VV polarization images are more effective in discriminating forest types than VH polarization data. Additionally, the fusion of S-2 with S-1 yielded only a marginal 1.5% increase in overall accuracy for forest mapping (Hirschmugl et al., 2018). In another study, it was found that using S-1 images in combination with S-2 images to distinguish between plantations and natural forests led to a slight decrease in accuracy, from 92.5% achieved using S-2 alone to 92.3% for S-1 and S-2 combination (Spracklen and Spracklen, 2021). Therefore, integrating S-1 data with S-2 did not significantly enhance accuracy and, in some cases, even resulted in a slight reduction of 0.2%. Consequently, the addition of S-1 images only marginally improves accuracy or may potentially lead to a decrease in accuracy.

Achieving only a marginal increase in accuracy through the combination of S-1 with S-2 images can be attributed to several factors. For instance, S-1 images capture data that reflect surface properties such as its structure and roughness. Lechner et al. (2022) found that within the conifer group, when separated using S-1 images, achieving satisfactory accuracy may be related to the more pronounced roughness of conifer crowns compared to those of deciduous trees. Furthermore, in comparison to the multispectral data of S-2 images, S-1 data do not provide so much detailed information about the biometric and spectral characteristics of vegetation. Additionally, S-1 images can be influenced by factors such as soil moisture and vegetation density, which can lead to variations in captured signals and more complex data interpretation. In the study conducted by Xi et al. (2023), it is shown that the contribution of S-1 images to forest diversity estimation was found to be rather limited, possibly due to the relatively short frequency of the C-band, making it less sensitive to characterizing dense forest canopies. Moreover, C-band radar waves are strongly attenuated by tree canopies, causing intensities to be similar for plant types with subtle structural differences (Ienco et al., 2019; Slagter et al., 2020). Furthermore, physiologically similar tree species cannot be differentiated using S-1 data (Heckel et al., 2020). In such cases, the spectral response of tree species recorded in S-2 images is more valuable in distinguishing between them, with less contribution from S-1 images.



4.2. Tree species identification

The forest of the study area was divided into seven classes. Sampling data was collected by visually interpreting images and ortophotoplans, and by comparing these with Google Earth images. The sampling size was approximately 3.4% for training and 0.8% for testing from the total surface (Table 8). Dividing them in training (80%) and validation (20%) samples was made randomly, according to the code written in GEE. According to the specialty literature, the sample size was indicated to be between 0.2 and 3.0% of the total data (Blatchford et al., 2021). Therefore, the samples were sufficient for training classifiers and were relatively uniformly spread across the entire studied area.



TABLE 8 The size of training and validation samples for each of the tree species.
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For Dataset 1, by using only the S-2 multitemporal images, the tree species that had low user accuracy values were fir (61.54%), pine (60.00%), mixed species (62.50%), and other BL species (52.38%). By using only the S-2 images, Immitzer et al. (2016) obtained the same user accuracy for pine, while spruce reached a user’s accuracy of 77%, fir 71%, and larch 64%. The discrimination capacity for these species substantially increased after adding elevation, slope, and aspect as variables to the S-2 images (Dataset 3). By adding topographic features, the most substantial increases in accuracy for the tree species were (Figure 6) 26.30% (fir), 22.29% (pine), 11.31 (mixed species), and 33.70% (other BL species). Smaller accuracy increases were observed for other tree species–spruce (11.54%), beech (9.86%), and larch (12.00%).
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FIGURE 6
 Class level accuracy assessment (producer’s accuracy – PA and user’s accuracy - UA) for all tree species and datasets mapped by RF classification.


However, using an increasing number of variables in the classification did not necessarily lead to greater accuracy for all tree species (Figure 6). This was particularly notable for spruce, larch, and other BL species when, by adding VIs in combination with S-2 images and topographic features (Dataset 3), the user accuracy decreased by 3.14, 0.19, and 1.70%, respectively (Figure 6).

Looking globally, the overall accuracy increase from 76.74% (Dataset 1) to 89.68% (Dataset 5) was resulted from increasing the discrimination capacity for fir, pine, mixed species, and other BL species. The user accuracy increases were 31.32% (fir), 28.76% (pine), 24.42% (mixed species), and 34.68% (other BL species). As has already been shown, these increases were not linear (Figure 6). In the case of spruce, by adding new bands to the classification, apart from the S-2 bands, the increase in user accuracy was 9.18%, with 9.56% for beech, and 11.5% for larch – considerably lower than for the other species. For example, the accuracy increase was 9.53% for spruce, 5.3% for beech, and 4.59% for larch. Important increases were recorded for fir (28.65%), pine (41.63%), mixed species (31.32%), and other BL species (28.64%).

At the conifer/BL level, the results showed that coniferous species were classified better than BLs. In terms of the separation of coniferous tree species, the best user’s accuracy was obtained for spruce (93.82%), larch (93.44%), fir (92.96%), and pine (88.86%). Stoffels et al. (2015) obtained a user’s accuracy of 91.6% for spruce, which is close to the value from the present study. Hościło and Lewandowska (2019) applied the stratified approach to the S-2 multitemporal images and topographic features, obtaining separation accuracy of 85% for spruce, 84.1% for pine, and almost 80% for larch and fir. Lower accuracy was obtained by Immitzer et al. (2012) for spruce (80.4%), pine (85.1%), larch (70.4%), and fir (82.3%) using very high spatial resolution 8-band Worldview-2 satellite data. In the case of the BLs, the highest user’s accuracy was obtained by beech (87.50%), followed by other BL species, with a user’s accuracy of 87.06%, and mixed species, with 86.96%. Immitzer et al. (2016), using S-2 images, recorded a user’s accuracy of 73.8% for beech and 51.4% for BL species. Hościło and Lewandowska (2019) used S-2 images and topographic features, achieving a beech user’s accuracy of 92.3%.

According to the classification for which the highest overall accuracy was obtained (Dataset 5), the most widespread species in the study area were beech (56.21%), mixed species (13.30%), and spruce (10.27%). The order of decrease in the occupied surface was BLs (9.15%), fir (5.47%), pine (3.36%), and larch (2.24%; Figure 7). The obtained surfaces could not be verified because we lacked forest evidence from outside the forest management plan and for the private areas.
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FIGURE 7
 The areas occupied by tree species according to of the RF classification for the five datasets.


Mapping tree species using multitemporal data S-2 are generally based on leaf seasonality, and the main phenophases such as budburst, leaf unfolding, autumn colouring, and abscission. In the case of deciduous trees, seasonal variations in the efficiency of the photosynthetic activity are strongly emphasised during autumn, through the senescence process which is strongly connected with leaf colouring. The importance of the six S-2 images from autumn (October and November), when the leaf colouring process appeared, is crucial in separating tree species, especially deciduous trees. However, the very similar spectral signatures for beech, hornbeam, sessile oak, grey alder, sycamore maple, and European ash have led to a lower accuracy of mixed species and other BL species. This phenomenon was also emphasised by other studies (Hill et al., 2010; Pasquarella et al., 2018; Grabska et al., 2019). Furthermore, the phenological differences were difficult to capture for species characterised by very close phenological phases (for example, between beech and hornbeam). This situation was also reported by other studies (Schieber et al., 2009). The five images used in the study and acquired during spring (April and May), are depicting tree species phenology through different moments of leaf green colouring. The species located at lower altitudes have greened faster than the ones located at higher altitudes. Both cases depend on the temperature. For example, beech foliation depended on temperatures from March, at lower altitudes and on April temperatures as the altitude increases.

The photosynthetic activity of resinous species is rather hard to quantify based on satellite images, but seasonal changes can be quantified in the visible spectra (Gamon et al., 2016). Generally speaking, the spectral behaviour of spruce and fir is similar, but differs significantly from pine, indicating a difference between the phenology of pines and other resinous species. Larch, the only resinous species from the present study, has shown a spectral signature closed to deciduous trees that increased during autumn in the visible and SWIR bands. All the other resinous did not have obvious phenological phases, but needle appearance during spring can be an indicator of growth start that can be seen on spring images.

The classification errors could have different causes. Using samples based on data from forest management plans could be one of them. Even though stand composition is established through forest inventory, disparities can occur. The small training dataset could also be the reason for some of the confusion in classifying the tree species. To some degree, this failed to provide a coherent spectral reflectance. This was the case for species such as larch and pine that were present in small percentages (10–20%) in the composition of some stands. Another cause could be the inclusion of pixels that represented other species in the samples. This was found to be the case for beech and hornbeam mixtures, oak, sycamore maple, ash, aspen, silver birch, grey alder, and black alder. These were disseminated in the stands and, because of their similar spectral behaviors, confusions appeared where the accuracy was lower for mixed and other BL species. Furthermore, obtaining samples for the same species in stands of different ages likely led to selecting some different spectral signatures. For example, beech had a very high intensity signature in some samples and a dark signature in others, leading to its classification as resinous.



4.3. Importance of tree species identification

Global change and tree species identification are interconnected topics that play a crucial role in understanding and addressing the challenges facing our planet’s forests. Tree forest identification through satellite imagery and remote sensing techniques allows for continuous monitoring of forest an global scale. It is essential for monitoring changes in forest cover, understending the distribution of tree species, and assessing the health and resilience of forests. Global change factors, such as rising temperatures, altered precipitation patterns, and increase frequency of extreme weather events, influence the growth, reproduction, and survial of tree species. Consequently, certain trees my encounter difficulties in adapting to this conditions, leading to shifts in forest composition and distribution. All the forests in the analyzed area are categorized as forests with special protection functions. Understanding the composition and distribution of tree species in such an area is crucial for ensuring the forest’s functions as designated in the forest management plan.

In the context of global change, tree species identification is crucial for identifying areas that have undergone deforestation or degradation. By knowing the original species composition, efforts to restore this forests can focus on reintroducing the right tree species and promoting ecosystem resilience. In the studied area, these forests are categorized within the forest management plan as tree stands situated on rocky outcrops, scree slope, lands with deep erosion, or on terrain with a slope exceeding 35 degrees. In this way, strategies for planting and regenerating forests can be developed in accordance with the requirements of the species (Abrudan, 2006), thus preventing the negative effects of planting in unsuitable areas, such as fungal and insect attacks.

Different tree species have varying abilities to sequester carbon dioxide from the atmosphere, making tree species identification crucial for estimating carbon stocks in forests. In this sense, forests play a critical role in mitigating climate change by acting as carbon sinks, capturing and storing significant amounts of carbon (Goetz et al., 2009). Additionally, in the case of urban forests and rapid urbanization, it is essential to investigate the role of these forests in maintaining air quality, biodiversity, and the quality of life in cites, and to develop policies for managing these changing ecosystems. This applies to the forests in the lower and middle parts of the studied area, encompassing 257.9 ha, which are designated in the forest management plan as forests with recreational and social significance.

Tree species identification is vital for conservation efforts. By knowing the tree species present in a forest, conservationists can develop targeted strategies to protect and restore specific habitats, especially those of threatened or endemic species. Certainly, within the studied area, 442.09 ha of FMU II Posada are encompassed by the Natura 2000 site ROSCI0013 Bucegi. The encountered Romanian habitat types consist of Southeastern Carpathian forests featuring spruce, beech, and fir with Pulmonaria rubra, as well as Southeastern Carpathian beech forests with Symphytum cordatum, both of which require conservation efforts. Furthermore, an additional 285.85 ha of forest serve as buffer zones for the reserves within the Bucegi Natural Park. Additionally, 94.73 ha of forests are designated as reserves for seed production and the preservation of the forest gene pool. It also aids in planning sustainable forest management practices that consider the needs of different species. By understanding changes in tree species distribution, forest managers and policymakers can adapt their strategies to address emerging challenges posed by global change. In the analyzed area, several essential activities are required to support natural regeneration, maintain an optimal mix of tree species, control invasive tree species, and manage mature forest to preserve a high level of biodiversity.

Additionally, identifying tree species on satellite images helps to identity fire-prone areas and monitor illegal logging activities. By monitoring tree species, strategies for fire risk management and effective firefighting can be developed (Jaiswal et al., 2002). Moreover, by identifying tree species through remote sensing data, the impact of human activities on forests, such as excessive logging, agricultural expansion, and urban development, can be analysed. In this way, appropriate measures for protection and ecological restoration can be taken. The analysed area also serves as a tourist destination, featuring human settlements in its central region. This necessitates vigilant monitoring of human activities within the forested areas and urban development.

Overall, tree species identification using satellite images is an essential tool for understending the impact of global change on forests and developing effective strategies for conservation, adaptation, and sustainable management. It helps us to make informed decisions to protect and preserve our valuable forest ecosystems in the face of ongoing environmental challenges.




5. Conclusion

In this study, the performance of S-1 and S-2 images, VIs, and topographic features in various combinations were investigated as tools for tree species mapping. Seven tree species–four coniferous and three deciduous–located in a complex mountain area characterized by compact forests and forests fragmented by private property, were classified using the RF algorithm. The accuracy of the classification was compared for five different combinations (datasets) of input variables. This showed the importance of phenology, together with topographic features (elevation, aspect, and slope), in improving the performance of the RF classifier in the classification of tree species. Using topographic features also guaranteed that a sample belonged to a particular tree species based on its precise altitudinal distribution.

Because phenology varies with species, it is important to select S-2 images that represent the phenological cycle of the studied tree species when mapping tree species. Seasonal S-2 composites have advantages over monotemporal classifications, but preference should be given to a combination of S-2 images and topographic features. Bands B11, B12, and B2 contributed the most among the S-2 bands used in this study, allowing the capturing of differences among the species during the growing season, and analyzing their temporal patterns. The S-2 satellite has numerous advantages, such as high temporal resolution and being able to provide data more frequently than other medium-resolution sensors.

Combining VIs with the S-2 images did not bring a substantial accuracy advantage, but GLI and EVI made the largest contribution. By bringing together S-1 images combined with S-2 images, VIs, and topographic features, the effect was only marginal, while the accuracy was very low. However, the results have indicated that introducing S-1 images into the classification caused a shift in the contributing features. As such, they had a more important role in classifying groups of species from BL species and mixed species. This approach has allowed us to establish that the lowest accuracy was obtained in the hill area, where there was less forest cover and more forest fragmented by private property, and around the margins of stands that contained different species. The highest accuracy was obtained from compact, pure, and homogenous stands from mountain areas, where the degree of forest coverage was very high.
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The frequency and severity of drought events are increasing under a changing climate, trees of different stand ages respond differently to drought events, which has a great impact on the stability of forest ecosystems. In this study, we measured radial growth (RG) in cored trees from 49 forests including young stands (20–30a) and middle-aged stands (31–50a) of Pinus sylvestris var. mongolica plantations in a semi-arid area of western Liaoning, China. We evaluated the response of RG of P. sylvestris to long-term climate, and calculate three response indicators: resistance (Rt), recovery (Rc) and resilience (Rs), so as to measure the growth response of trees to drought events. Results showed that a negative correlation was detected between RG of young stands and the monthly highest temperature (MHT) in April and May. Positive correlations were found between RG of young stands and the monthly lowest temperature (MLT) across periods from September to November, when RG of young stands was also positively correlated with Palmer Drought Severity Index (PDSI) across whole-years. There was a positive correlation between RG of middle-aged stands and MLT in September, and PDSI from June to December. After the first drought event, most pine trees recovered their RG (Rc > 1, Rs > 1). However, after three consecutive drought events, Rt, Rc, and Rs of pine trees decreased significantly (p < 0.05), and Rt and Rs were less than 1. In summary, younger pine trees are more sensitive to climate change, and spring drought is more inhibitory to growth of pine trees than high summer temperatures. Pine trees have a compensation effect after experiencing drought events, but the cumulative effect of multiple drought events will gradually offset the compensation effect of trees and eventually decline in pine tree growth, while the resistance and resilience of young stands after continuous drought events were significantly lower than those of middle-aged stands, and have a higher risk of death.

KEYWORDS
 Pinus sylvestris var. mongolica, different stand ages, drought events, resistance, resilience, compensation effect, cumulative effect, climate–growth relations


1. Introduction

In recent decades, with global warming, drought events have become more frequent and drought severity has increased (Allen et al., 2010; Field et al., 2012), which has become a serious challenge for forest ecosystems (Bolte et al., 2009; Lindner et al., 2010). Studies have shown that forests are adaptive to drought events and can achieve self-regulation within the corresponding range (Adams, 2009; Lloret et al., 2011; Longo et al., 2018). However, extreme drought events beyond the range of adaptation can affect tree survival and thus the productivity and biodiversity of forest ecosystems (Bolte et al., 2009; van Mantgem et al., 2009; Allen et al., 2010). Therefore, an accurate assessment of the adaptability of trees to drought events is helpful for understanding and predicting the survival risk of forests under future climate change, which is of great importance for maintaining sustainable forest management (Oliver et al., 2015).

Dendrochronology is an important method for studying the response of tree radial growth (RG) to climate change with temporal certainty and annual continuity (Martín-Benito et al., 2008; Fritts, 2012). Studies have shown that temperature and precipitation are important drivers of tree growth. In both tropical and cold regions, low temperature in winter, rainfall during the growing season, and snowfall in winter promote tree growth (Bigelow et al., 2014; Yuanqiao et al., 2021; Jing et al., 2022; Ning et al., 2023). High summer temperatures often have a significant inhibitory effect on RG of trees (Gantois, 2022; Jing et al., 2022). To quantify the response of RG to climate change, Lloret et al. (2011) proposed three indicators resistance (Rt), recovery (Rc) and resilience (Rs) to evaluate the tolerance of trees to drought events. Studies have shown that forests with low stand density have stronger resistance and recovery to drought events than forests with high stand density, and reducing stand density contributes to tree growth (Hollunder et al., 2021; Ovenden et al., 2021). Trees in different ecological environments respond differently to drought events. Compared to arid areas, trees in humid areas generally grow better and recover faster (Gazol et al., 2017; Longo et al., 2018). The Rt, Rc, and Rs of different tree species to drought events also differ (Zang et al., 2014; Vitali et al., 2017), but there is still controversy about the response of the same tree species of different sizes to drought events: Some studies have found that large trees have a poor recovery capacity, while small trees have a stronger adaptability to dry environments (Pretzsch et al., 2018; Trugman et al., 2018), but other studies have shown that small trees are more susceptible (Colangelo et al., 2017; Versace et al., 2022). Age, as an important ecological indicator of forest community structure, affects the growth status of trees and the assessment of forest ecosystems (Law et al., 2001; Song and Woodcock, 2003; Tang et al., 2017). Trees of different ages respond differently to drought events and also affect the stability of forest ecosystems. The high mortality of small trees is likely to alter the trajectory of ecosystem succession, while the high mortality of large trees will disrupt the balance of the ecosystem (Lucas-Borja et al., 2021). In addition, some studies have found that some trees recover quickly after experiencing drought events and even exceed the original growth level, but some trees cannot recover to the previous growth level and are still affected by the legacy effect of drought events for a long time (Serra-Maluquer et al., 2018; Kannenberg et al., 2019). The ability of trees to recover quickly from drought events has a significant impact on forest ecosystems.

In order to prevent and control dust storms, soil desertification, soil erosion, etc., China started to implement the Three-North Shelter Forest Program in the late 1970s (Zhang et al., 2016). Pinus sylvestris has become one of the main afforestation tree species in the shelter forest due to its excellent characteristics of cold resistance, drought resistance, barren resistance, suitable sandy soil and fast growth. Zhanggutai Town, Zhangwu County, western Liaoning Province, is the first area in China to introduce P. sylvestris, and it is also the most important experimental demonstration base for sand-fixing afforestation of P. sylvestris (Yuzhang, 1990). After that, the introduction area of P. sylvestris continued to expand southward and westward, covering the entire “Three North” project area. Therefore, whether the widely planted P. sylvestris plantation can grow healthily directly affects the effectiveness of afforestation, windbreak and sand fixation in western Liaoning. As a typical semi-arid area in China, western Liaoning may face more severe climate challenges in the future, and trees will be exposed to multiple drought events (Allen et al., 2010; Zuidema et al., 2022). Therefore, it is very important to explore the response characteristics of P. sylvestris plantations of different stand ages to climatic factors, and to study the response ability of P. sylvestris of different stand ages to continuous multiple drought events. It is conducive to maintaining the stability of forest ecosystems in the context of climate change, improving forest management and forecasting, and understanding forest dynamics in the context of future global change.

In this study, P. sylvestris plantations in the semi-arid area of western Liaoning were taken as the research object, and the long-term climate change and sudden extreme drought events were combined to evaluate the differences in growth dynamic characteristics of P. sylvestris plantations at different stand ages under different climatic conditions. We hypothesized that: (1) RG of P. sylvestris in different age stands responds differently to climatic factors; (2) drought events have legacy effect and cumulative effect; (3) the Rt, Rc and Rs of P. sylvestris in different age stands were significantly different.



2. Materials and methods


2.1. Study sites

The study area is located in Zhangwu County, Liaoning Province, in the southeastern edge of Khorchin Sandy Land, which is a typical semi-arid area. The geographical location is between 121° 53 ‘and 122° 58 ‘east longitude, 42° 07 ‘and 42° 51 ‘north latitude, with an average altitude of 255 m. The main feature of the landform is that the dunes overlap each other, and there are wind erosion lowlands between the hills. It belongs to the temperate continental monsoon climate, and the main climate characteristics are drought and wind. The representative plants are Pinus sylvestris, Pinus tabuliformis, Ulmus pumila, etc. The meteorological data of the last decades show that the extreme lowest temperature is −36.3°C, the extreme highest temperature is 38.4°C, and the average annual temperature is 7.93°C. The hottest season appears in July, with an average temperature of 24.2°C. The coldest month is January, with an average temperature of −11.5°C (Figure 1). The average annual precipitation is 570.8 mm, the maximum annual precipitation is 1,390 mm, and the minimum annual precipitation is 295.1 mm. The seasonal distribution of precipitation is uneven, and the annual precipitation is concentrated in June, July and August. There is less snow in winter, spring precipitation is low, and spring drought is common (Figure 2).
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FIGURE 1
 Precipitation and temperature changes in Zhangwu County from 1979 to 2021. The red line indicates the highest temperature of the year, the blue line indicates the lowest temperature of the year, and the bar chart indicates the total annual precipitation.


[image: Figure 2]

FIGURE 2
 Monthly average precipitation and temperature changes in Zhangwu County from 1979 to 2021. The orange line represents the monthly average temperature, and the bar chart represents the monthly average precipitation.




2.2. Field sampling and sample processing


2.2.1. Sample plot selection and annual ring sample collection

The sample plot of P. sylvestris artificial shelter forest is located in the experimental forest farm of Shenyang Agricultural University in Aer Township, Zhangwu County. According to the National Forestry Administration (2017), in the artificial shelter forest of P. sylvestris, young stands (≤ 30a) and middle-aged stands (31a ~ 50a) with basically the same site conditions (Supplementary Table S1), the dominant trees with straight trunks, no pests and diseases, no scars, and good growth were selected. The diameter at breast height, tree height, and crown width of each tree were measured by breast height rule, height meter, and tape measure (Table 1). To study RG of tree rings, we used an increment borer with a diameter of 5.15 mm to drill two tree cores at breast height (1.3 m) of each tree. When drilling, the increment borer is perpendicular to the trunk, avoiding trunk deformation and depression, and only the core without breakage is retained.



TABLE 1 Basic information of Pinus sylvestris var. mongolica in different agestands.
[image: Table1]



2.2.2. Tree-ring sample treatment and determination

The tree core was loaded into a special plastic tube, numbered, and returned to the laboratory. In the laboratory, the tree core was fixed in a wooden trough with white emulsion and paper tape for natural air drying. After air drying, the tree rings were polished in the laboratory with 240, 320, 400, and 600 mesh sandpaper in turn in the laboratory until the bright and clear tree ring contour could be seen under the microscope. The polished tree ring was placed under the microscope for preliminary marking and dating. Then the width of each annual ring is measured with a LINTAB. Six measuring instrument with an accuracy of 0.001 mm. Finally, the COFECHA software was used to check and correct the measurement and dating results in order to ensure the accuracy of the dating, to remove the sequence of poor quality, and finally 98 cores were kept, including 38 in the young stands and 60 in the middle-aged stands.

To eliminate the influence of the trees’ own physiological factors, we used negative exponential curve or linear regression to fit the growth trend of the trees and detrend the ring-width series in the ARSTAN program, and the mean standard chronologies for each age stand were calculated as the bi-weight robust mean of the detrended individual series. Finally, the standard chronology of each age stand was obtained and used to analyze the response of stand growth to climate. Express population signal (EPS) values of the two stand ages were greater than 0.85, mean sensitivity (MS)of young stands and middle-aged stands were 0.211 and 0.208, respectively. And serial correlation were 0.505 and 0.449, respectively. In addition, to more accurately quantify the growth of individual P. sylvestris, we used the tree-ring width to calculate the basal area increment (BAI) of each sample tree to better analyze the response of its RG to extreme drought events. The calculation formula is as follows:

[image: image]

In the formula, Rt and Rt-1 are the radius of the tree corresponding to year t and year t-1, respectively. The tree radius is calculated from the tree-ring width.




2.3. Climate data

The daily lowest temperature, daily highest temperature, daily average temperature and daily precipitation data were obtained from the Zhangwu County Meteorological Bureau (42 ° 38 ‘N, 122 ° 55 ‘E) closest to the sampling site. In addition, the Palmer Drought Severity Index (PDSI) grid data are obtained using the data sharing network1 of the KNMI Climate Explorer. PDSI data set is CRU self-calibrated data with a spatial resolution of 0.5° × 0.5°. Compared to other drought indices, PDSI takes into account temperature, precipitation, soil moisture, and water evaporation (Palmer, 1965). Since it was proposed by Palmer in 1965, it has been used as one of the most widely used indices for the study and detection of meteorological drought (Sun et al., 2012; Yan et al., 2014; Smerdon et al., 2015). In order to analyze the differences in the response of growth of P. sylvestris plantations of different stand ages to climate, this paper selected the public period of growth of P. sylvestris plantations for growth-climate response analysis, that is, 1980–2021.



2.4. Identification of drought events

In order to exclude the reduction in tree growth caused by non-drought and to more accurately select drought events, we combined PDSI with the trend of change in tree basal area growth. We define that if the annual average PDSI is moderate drought and below (Supplementary Table S2), and the BAI of trees has a significant downward trend, the year is a drought year, that is, a drought event (Figures 3A,B), and defined drought events lasting more than 2 years as extreme drought events. Finally, the drought events in the study area since the 1980s were determined to be 1981, 1982, 1983, 1989, 2000, 2001, 2002, 2003, 2004, 2007, 2008, 2009, and 2015 (Figures 3A,B). In order to compare the drought events of different stand ages in the same period, the drought years 2000, 2001, 2002, 2003, 2004, 2007, 2008, 2009, and 2015 were selected during the public period of young and middle-aged stands. In fact, after the severe spring, summer, fall and winter drought in 2000, the study area was still a four-season continuous drought in 2001, 2002, 2003, and 2004. Therefore, 2000–2004 was considered as an extreme drought event for 60 consecutive months, and 2007, 2008 and 2009 were also extreme drought events for 36 consecutive months. Therefore, three drought events (2000–2004, 2007–2009, 2015) occurred in the last 20 years (2000–2020) during the growth of trees in the study area were selected for the study (Figures 3A,B).

[image: Figure 3]

FIGURE 3
 Drought event screening. The changes of BAI growth and annual average Palmer Drought Severity Index (PDSI) with time in young stands (A) and middle-aged stands (B). The yellow and dark blue lines represent the annual BAI growth of young and middle-aged Pinus sylvestris var. mongolica, respectively. The light blue line represents the annual average PDSI value change, and the blue filling part is the year of drought event.




2.5. Resistance, recovery and resilience indices

Following the method of Lloret et al. (2011), we quantified the response of RG of trees of different stand ages to drought stress in different indicators: Rt, Rc and Rs. The calculation formula is as follows:

[image: image]
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Among them, Gprev and Gpost are the BAI of trees in 3 years before and after the drought event, Gd is the BAI in the drought year, and if the drought event exceeds 1 year, it is the average BAI during the drought event. Rt quantifies the intensity of tree growth inhibition in the drought event (Gd) relative to the predrought event (Gprev). The higher the value, the stronger the resistance of trees. When Rt = 1, it indicates that the drought event does not limit the growth of trees. Rt > 1 indicates that the growth of trees in drought years is better than in non-drought years, and the resistance of trees is strong. Rt < 1 indicates that tree growth decreases during drought events. Rc is defined as the ratio of the BAI of trees after the drought event (Gpost) to that in the year of the drought event (Gd). Rc = 1 means that trees grow normally after the drought event and are not affected. Rs is defined as the ratio of tree growth after the drought event (Gpost) to that in the year before the drought event (Gprev). Rs = 1 indicates that trees are not affected by drought events and return to their original growth level. Rs > 1 indicates that the growth rate of trees exceeds the growth rate before drought events and that tree resilience is strong. Rs < 1 indicates that trees do not return to the growth level before drought events (Lloret et al., 2011). Considering the ‘legacy effect’ of trees after drought, the reference period before and after drought was set to 3 years in this study. All these indicators were calculated at the individual tree level.



2.6. Statistical analyses

Pearson correlation analysis was used to test the correlation between the ring-width index (RWI) of P. sylvestris and climatic factors (monthly lowest temperature, MLT; monthly highest temperature, MHT; monthly average temperature, MAT; monthly precipitation; monthly PDSI). Considering the lag effect of climate, the climate data of the previous year and the current year were selected. Single factor analysis of variance and significance test were used to compare the differences in resistance, recovery, resilience among different ages of stands of P. sylvestris. All statistical analysis levels: α = 0.05. All statistical analyses were performed using SPSS Statistics 26.




3. Results


3.1. Ring width index of different stand ages

Ring width index (RWI) represents the growth of tree rings. It can be seen from Figure 4 that the RWI of young and middle-aged stands are basically the same from 1995 to 2021. The RWI of the two ages of stands decreased significantly in 2000–2004, 2007–2009, 2015 and 2018, indicating that RG of P. sylvestris plantation may be affected by extreme climate change.

[image: Figure 4]

FIGURE 4
 Change of ring-width index (RWI) of young and middle-aged stands The yellow line represents the RWI of young stands, and the blue line represents the RWI of middle-aged stands.




3.2. Relationship between RWI of Pinus sylvestris in different stand ages and climate

The RWI of young stands was positively correlated with MLT in November of the previous year and September–November of the current year (Figure 5A), and negatively correlated with MHT in September of the previous year, April and May of the current year (Figure 5B). It was positively correlated with precipitation in August of the previous year, July and November of the current year (Figure 5D), and positively correlated with PDSI in 12 months of the current year (Figure 5E). The RWI of the middle-aged stands was positively correlated with MLT in October of the previous year (Figure 5A), but not correlated with MHT (Figure 5B). It was negatively correlated with precipitation in December of the previous year (Figure 5D), and positively correlated with PDSI from June to December of the current year (Figure 5E).
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FIGURE 5
 Correlation between different age stands and climatic factors. The correlation between different age stands and monthly lowest temperature (MLT) (A), monthly highest temperature(MHT) (B), monthly average temperature (MAT) (C), monthly precipitation (D), monthly average PDSI (E). The yellow and blue bar charts represent the correlation coefficients between the RWI of young and middle-aged stands and climatic factors, respectively. The letter P represents the month of the previous year, * indicates that there are significant differences between different age stands (p < 0.05), ** indicates that there are extremely significant differences between different age stands (p < 0.01).




3.3. The changes of Rt, Rc and Rs in different drought events

There was no significant difference in Rt between the first two drought events in the two stand ages, and it was significantly lower than the first two in the third drought event (Figures 6A,D). Rc in the first drought event was significantly higher than that in the second and third drought events, but there was no difference between the latter two (Figures 6B,E). The Rs of the young stands decreased significantly in the three drought events, and the Rs of the latter two drought events of the middle-aged stands were significantly lower than that of the first drought event, but there was no significant difference between the latter two (p < 0.05) (Figures 6C,F). During the first drought event, the average value of Rt in the young stands was greater than 1, and the average values of Rc and Rs in the two-aged stands were also greater than 1. However, after three drought events, only the average value of RC was greater than 1, while the average values of Rt and Rs were less than 1, indicating that most trees can recover radial growth level after the first drought. However, multiple consecutive drought events have a serious impact on the resistance and resilience of trees. Although the growth after the drought event will be better than that of the year in which the drought occurred, it will not return to the growth level before the drought event. Multiple drought events have seriously reduced the radial growth level of trees.
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FIGURE 6
 Difference analysis of Rt, Rc and Rs under different drought events. The changes of resistance (Rt) (A), recovery (Rc) (B), and resilience (Rs) (C) in young group and Rt (D), Rc (E), Rs (F) in middle-aged stands in three drought events. Black dots represent the median; the bottom and top of the box represent the first and third quartiles, respectively. The extension line represents the most extreme data points in the 1.5 times quartile range (the same below). Different letters indicated that there were significant differences between drought events (p < 0.05).




3.4. The changes of Rt, Rc and Rs after multiple drought events in different stand ages

The average Rc values of the young stands and the middle-aged stands after the three drought events were 1.23 and 1.27 (p < 0.05), respectively, and there was no significant difference between the two stands (Figure 7B). The average Rt values of the young stands and the middle-aged stands after the three drought events were 0.55 and 0.66 (p < 0.05), respectively, and the average Rs values were 0.61 and 0.78 (p < 0.05), respectively, and there were significant differences in Rt and Rs between the two stands.
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FIGURE 7
 Difference analysis of Rt, Rc and Rs in different age stands after three drought events. The differences of Rt (A), Rc (B) and Rs (C) in different age stands after three drought events. * indicated that there were significant differences between different age stands (p < 0.05).


The Rt and Rs of the young stands were significantly lower than those of the middle-aged stands (Figures 7A,C), indicating that the resistance and resilience of the young stands were worse, and the adaptability of the middle-aged stands to extreme drought was better.




4. Discussion


4.1. RG of Pinus sylvestris in different stand ages and its response to climate

Although the overall growth trends of young and middle-aged P. sylvestris are similar (Figure 4), the correlation between the two stand ages and climate is not the same. The RWI of young stands was negatively correlated with MHT in April and May of the current year, while the RWI of middle-aged stands was not correlated with the MHT. The RWI of the young stands was positively correlated with precipitation in August of the previous year, July and November of the current year, while the RWI of the middle-aged stands was only negatively correlated with precipitation in December of the previous year. The RWI of the young stands was positively correlated with PDSI of the 12 months of the current year, and the RWI of the middle-aged stands was positively correlated with PDSI only from June to December of the current year. The above results indicate that the young stands are more sensitive to high temperature, precipitation and PDSI than the middle-aged stands (Figure 5), which supports our first hypothesis and is consistent with the results of many studies (vieira et al., 2006; kontera et al., 2016; Christopoulou et al., 2022). Arco Molina et al. (2016) and Gurskaya and Shiyatov (2006) found that the bark of trees thickened with age, resulting in a stronger insulation and protective capacity, thereby reducing the sensitivity of older trees to climate change. In addition, the soil desertification in the semi-arid area of western Liaoning is severe, the surface water retention capacity is low, the root system of young stands is shallow, and less groundwater available than in middle-aged forests. When the temperature increases and precipitation decreases, the available water of young trees is less, which also explains why young stands are more sensitive to climate change (Haijun, 2015). The RWI of young stands was negatively correlated with MHT in April and May in the spring of the year. This may be due to the fact that in the semi-arid area of western Liaoning, although the temperature was relatively high in June, July and August, it concentrated more than 66% of the annual precipitation (Figure 2), which can alleviate the inhibitory effect of high temperature on tree growth. In April and May, the precipitation is less, but the temperature is second only to June, July and August, which is more prone to spring drought (Mingshu et al., 2016). The increase in temperature will increase the evaporation of soil moisture and increase the evapotranspiration of trees. If the precipitation is not timely, or the precipitation is low and the soil moisture is not sufficient, the trees are susceptible to drought stress. Therefore, the high temperature and low precipitation in April and May inhibited the growth of young stands more than that in June, July and August. Similarly, the growth of young stands was positively correlated with MLT in the fall of the year, and the growth of middle-aged stands was positively correlated with MLT in September of the year. It was also because the low temperature reduced the transpiration of trees and reduced the evaporation of water, which was beneficial to the growth of trees. This is similar to the spring drought of pines in France (Merlin et al., 2015). However, the study of Peng et al. (2018) showed that pine trees were subjected to high temperature stress in summer, which was different from our research results. The possible reason is that its research is located in the humid climate zone of central China, and the annual rainfall is abundant. Even if the temperature rises, the trees still have enough water to maintain normal growth and are not affected by drought.



4.2. The compensation effect and cumulative effect of drought events

In the growth process of P. sylvestris, there were multiple growth reductions in the young and middle-aged stands (Figure 4), and its growth reduction corresponded to the reduction of PDSI (Figure 3), indicating that drought events had a certain negative effect on the growth of trees. However, our study found that most trees recovered their radial growth level 3 years after the first drought event (RS > 1, Figure 6), which is different from the first part of our second hypothesis. This may be due to the compensation effect of trees (Arend et al., 2016). Compensatory growth is a typical physiological response or domestication strategy of trees to compensate for losses during drought. When the drought event ends and growth conditions become favorable, trees will grow faster to compensate for the lack of drought, which also shows that trees have some resistance and resilience. Compensatory growth effects are widespread in forests around the world (Granda et al., 2013; Bose et al., 2021; Ovenden et al., 2021), which also shows that many studies are consistent with our findings. However, our study also found that when pine trees experienced multiple consecutive drought events, their resistance and resilience decreased rapidly, especially after the third drought event, almost all pine trees could not recover to the pre-drought level (Rt < 1, Rs < 1, Figure 6), which is consistent with the research conclusions of Serra-Maluquer et al. (2018) and Mueller et al. (2005), which is also consistent with the cumulative effect of our second hypothesis. Serra-Maluquer et al. (2018) and Mueller et al. (2005) believe that the failure to recover to the previous level after multiple drought events is related to the previous drought events. The compensation effect of trees is not infinite. The cumulative effect of continuous drought events will offset the compensation effect of drought events and damage the resistance of species to disasters and the ability to resilience after drought. We speculate that this phenomenon is caused by drought-induced xylem cavitation damage in trees. This change reduces the available water in trees, and continuous drought events aggravate the hydraulic degradation caused by xylem cavitation. Even if the drought event passes, the hydraulic degradation is irreversible and has long-term effects, eventually preventing the tree from returning to its original growth level (Anderegg et al., 2013). At the same time, we also found that although the third drought event was only a moderate drought, its severity and duration were much smaller than the first and second extreme droughts, but the Rs was still significantly reduced in the young groups, indicating that the cumulative effect of the drought events was very severe. We speculate that the resilience of trees will be more affected when drought events occur again. With the increase of drought events in the future, the cumulative effect will continue to increase until the trees die and the forests decline on a large scale.



4.3. Differences in response to drought events in different stand ages

After three events, there were significant differences in Rt and Rs between the two stand ages (Figure 7), which was consistent with our third hypothesis. The Rt and Rs of the middle-aged stands were significantly higher than those of the young stands, indicating that the middle-aged stands had stronger adaptability to extreme drought events, which was consistent with the results of Colangelo et al. (2017) and Versace et al. (2022), which is also consistent with our first part of the conclusion. Studies have shown that with the increase of tree age, the greater the dependence on water storage in the body, the stronger the water storage capacity of trees. During the drought period, the water that trees can absorb from the soil is limited, so the water stored in trees is very important. The more water stored in trees, the less affected by drought events (Phillips et al., 2003; Scholz et al., 2011). In addition, the stomatal closure ability of large trees is often better than that of small trees, which helps to reduce the risk of water evaporation and xylem cavitation during drought (Niinemets, 2002), which may also explain why the resistance and resilience of middle-aged stands are greater than those of young stands. However, the study by Loïc et al. (2021) shows that the age of trees has a negative effect on their resilience, contrary to our findings. This may be due to the different study sites. Their research site is located in Switzerland, which has a temperate maritime climate. Unlike semi-arid areas, where trees rely mainly on their own stored water during droughts, Switzerland has a mild climate and high annual precipitation. The water-holding capacity of the soil is better than that of the desertified sandy land. Even during droughts, groundwater is more abundant and trees are less dependent on stored water in the body. In the same stand, small trees were shaded by large trees, which reduced water evaporation (pretzsch et al., 2018; Loïc et al., 2021), so small trees were less affected in his study.




5. Conclusion

Based on the method of dendrochronology, this study investigated the response of P. sylvestris plantations in different age stands to climate change and drought events, and drew the following conclusions: Young stands display a greater sensitivity to climate change and drought events compared to middle-aged stands. In the semi-arid area, the spring drought has a more significant inhibitory impact on the growth of pine trees compared to the high summer temperatures. While pine trees have some compensation effect after drought events, the cumulative effect of repeated drought events will gradually offset the trees’ compensation effect, leading to reduced growth and death in some cases. Global warming has resulted in more frequent drought events. As a consequence, young trees are at a higher risk of death compared to middle-aged trees. In order to prevent the decay or death of trees, it is necessary to focus on the growth of young trees. In the process of forest construction, we should pay attention to the age structure of the stand, strengthen manual management and tending, and create a forest ecological environment with strong resistance and strong recovery ability.
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Forest ecosystems provide invaluable ecological, economic, and social benefits, making them essential for global well-being. However, these ecosystems face various threats, including biological invasions by alien species. Among these, the oak lace bug (OLB), an invasive North American insect, has rapidly spread in Europe, impacting oak forests and raising concerns about its adaptation to new environments. OLB feeds on the undersides of oak leaves, extracting sap and causing chlorotic discoloration. Severe infestations lead to premature defoliation, increased susceptibility to diseases or pests and can also result in a substantial reduction in photosynthesis activity. This study aims to analyse OLB’s invasive behaviour in Romanian forest ecosystems, with a specific focus on the differences between thermophilous and mesophilous oak forests. The analysis covers 6 years of data and reveals critical insights. In the initial 4 years, OLB predominantly inhabited the extracarpathian regions of Romania, with concentrated presence in the southern, western, and northwestern areas. Forest ecosystems mainly affected between 2017 and 2020 were characterized by thermophilous oak forests in southern and western regions. However, in the last 2 years (2021–2022), OLB presence increased, particularly in lowland ecosystems, albeit with reduced damage intensity. The analysis also unveiled an adaptation and expansion of OLB in mesophilous forest ecosystems. Climatic factors, specifically temperature and precipitation, significantly influenced OLB’s behaviour, points with severe attacks exhibiting specific climatic conditions. In summary, this study provides crucial insights into OLB’s behaviour, emphasizing the role of climatic and environmental factors in its invasive tendencies.
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1 Introduction

Forest ecosystems have immeasurable value for our planet, providing a multitude of ecological, social, and economic benefits. In terms of ecological benefits, forests play a vital role in climate regulation at both local and global levels, contributing to the mitigation of weather phenomena, regulating the hydrological cycle, and safeguarding watersheds. Forest ecosystems hold significant ecological importance due to the diversity of functional groups within them (Haq et al., 2023a), as well as for their capacity to sequester carbon (Haq et al., 2023b). They serve as habitats for a remarkable diversity of species and constitute reservoirs of genetically important information, with many of these species yet to be discovered (Pearce, 2001). Some of these ecosystem services, such as climate regulation, soil formation, water resource management, and water supply, make significant contributions to human society, even in the absence of direct monetary valuation (Costanza et al., 1997). Furthermore, the total annual value of ecosystem services globally averages around 33 trillion USD, with global forests contributing approximately 969 USD per hectare (Costanza et al., 1997).

From an economic standpoint, forests are fundamental for poverty eradication and economic development, providing food, fiber, wood, and other essential forest products for sustenance and income generation (Jenkins and Schaap, 2018). In terms of the social benefits of ecosystem services provided by forests, they manifest in ensuring human health and well-being, providing a high-quality living environment, offering outdoor recreation and tourism opportunities, aesthetic values, facilitating outdoor education, and promoting knowledge about forests and the environment. Additionally, forests serve as sources of intellectual and spiritual inspiration, contributing to cultural identity and our cultural heritage (de Groot et al., 2010).

Disturbances caused by factors such as insect outbreaks, phytopathogens, wind, precipitation, or wildfires can affect the ability of forest ecosystems to fulfill multiple functions. In addition to these factors, forest ecosystems are threatened by various phenomena, including pollution, climate change (Lindner et al., 2010) and most notably, biological invasions caused by alien species (Trumbore et al., 2015). In the context of the global expansion of invasive species, accelerated by processes of globalization, it is evident that invasions of foreign species have generated diverse consequences for the environment, economy, and human health (Pimentel et al., 2000; Lovell et al., 2006; Meyerson and Mooney, 2007; Vilà et al., 2010, 2011; Jeschke et al., 2013; Simberloff et al., 2013; Blackburn et al., 2014; Hulme, 2014; Schindler et al., 2015). Through the forecast of forest ecosystem health, the results could aid in the assessment and evaluation of ecosystem goods and services (Haq et al., 2022). This, in turn, might support the development of forest conservation plans, aiming to restore the ecology in areas affected by invasions (Haq et al., 2023c).

Among alien species with a significant impact on ecosystems in Europe and, consequently, Romania, Corythucha arcuata (Say, 1832) (Hemiptera, Tingidae) stands out as an invasive insect of particular relevance. Also known as the oak lace bug (OLB), this North American-origin insect was first reported in Europe in 2000, in Italy (Bernardinelli and Zandigiacomo, 2000). This insect species feeds on the underside of host leaves, typically oaks, by piercing the epidermis and extracting cellular sap material (Mutun et al., 2009), resulting in chlorotic discoloration of the leaves (Bernardinelli, 2006; Mutun et al., 2009; Paulin et al., 2020). In cases of severe infestation, this pest can cause premature defoliation of the host or increase its susceptibility to various diseases or pests (Connell and Beacher, 1947), as well as affect photosynthesis activity by up to 58.8% (Nikolic et al., 2019). Although the general public and stakeholders in the forestry sector of countries facing the invasion caused by OLB believe that the insect’s attack can lead to tree mortality (Bălăcenoiu et al., 2021a) to our knowledge, there is no research on the impact of the insect on local ecosystems and biodiversity.

Regarding its invasion into the Eurasian territory, within just 2 years following its first report, in 2002, the species was recorded in both Switzerland (Forster et al., 2005), and Turkey (Mutun, 2003). Due to its potential to cause significant damage and its rapid spread, OLB was included on the Alert List of the European and Mediterranean Plant Protection Organization in March 2001 (EPPO, 2001) and remained on this list until 2007 (EPPO, 2007), when it became evident that administrative efforts could not halt its expansion. In 2012, the species was first reported in Bulgaria (Dobreva et al., 2013) and in 2013, its presence was confirmed in three other countries: Hungary (Csóka et al., 2013), Croația (Hrašovec et al., 2013) și Serbia (Pap et al., 2015; Poljaković-Pajnik et al., 2015). Furthermore, its presence is currently documented in various other European countries as a result of its invasion, including Russia (Neimorovets et al., 2017), Romania (Don et al., 2016; Chireceanu et al., 2017), Albania (Csóka et al., 2019), Slovenia (Jurc and Jurc, 2017), Bosnia and Herzegovina (Dautbašić et al., 2018), France (Streito et al., 2018), Ukraine (Meshkova, 2022), Greece (Csóka et al., 2019), Slovakia (Zúbrik et al., 2019), and Austria (Sallmannshofer et al., 2019).

Following the first recording of the insect in several countries, including Turkey, Hungary, Bulgaria, and Romania, the phenomenon did not remain limited to the stage of appearance, with subsequent reports confirming the other phases of a biological invasion, namely, its spread and establishment within the respective territories (Mutun et al., 2009; Csepelényi et al., 2017; Simov et al., 2018; Tomescu et al., 2018). The invasion in many European countries is likely due to the fact that the majority of European and Asian forests provide favourable conditions for its establishment (Csóka et al., 2019). In 2019, the oak lace bug infested an estimated combined area of over 1.7 million hectares of oak forests in just five European countries: Croatia, Hungary, Romania, the European part of Russia, and Serbia (Paulin et al., 2020). However, the chemical control method has not yielded efficient results (Bălăcenoiu et al., 2021b). Nevertheless, trials conducted in Turkey (Sönmez et al., 2016) and Croatia (Kovač et al., 2020, 2021) provide a glimmer of hope for a potential future biological control program for the insect.

Considering that oak forests in Romania constitute 16% of the country’s forested area (NFI, 2018), their susceptibility to the invasive oak lace bug (OLB) is of paramount importance. The scale of these ecosystems makes them a critical component of Romania’s biodiversity and ecological balance. Given the findings of Tomescu et al. (2018), which demonstrated that OLB had reached altitudes of 534 meters in Romania just 2 years after its initial report and had shown survival in locations where the average temperature of the coldest month was 0.8°C, this situation could potentially pose future challenges to montane forest ecosystems. The aim of this study is to analyse the invasive behaviour of the oak lace bug in the forest ecosystems of Romania, with a particular focus on the differences between thermophilous oak forests and mesophilous oak forests. Therefore, the study aims to address two crucial questions: (i) Are there significant differences in the invasive behaviour of the oak lace bug between these environments (thermophilous and mesophilous), and if so, what are these differences? (ii) What role do climatic factors play in the expansion and intensification of the oak lace bug invasion in the forest ecosystems of Romania? By examining how this insect has evolved in these distinct environments, our goal is to contribute to a deeper understanding of the dynamics of biological invasion and its impact on forest ecosystems.



2 Material and method


2.1 Data collection

To study the invasive behaviour of the Oak Lace Bug (OLB) in the forest ecosystems of Romania, we focused on monitoring the temporal evolution of damage in the oak forests of Romania. Given that the OLB was first reported in the national forest fund starting in 2016 (Tomescu et al., 2018), we established the reference period for understanding the temporal evolution of damage caused by the insect in oak forests in Romania as the interval between 2017 and 2022.

Information regarding the location and damage intensity during this period was extracted from the internal databases of the National Research and Development Institute for Forestry “Marin Drăcea” pertaining to the status of attacks produced by C. arcuata in Romanian oak forests. We employed the methodology outlined in Tomescu et al. (2018) to gauge the extent of insect attack. This involved a visual assessment of the extent of foliage discoloration relative to the typical colour of oak leaves on the host trees. The damage intensity was quantified using percentages of discoloration in multiples of 5, with a range spanning from 0% (indicating no attack) to 100% (indicating a severe attack). To ensure clarity and consistency in our assessments, we established a standardized scale with five degrees of damage intensity (Figure 1).
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FIGURE 1
 Standardized scale for assessing damage intensity through leaf discoloration.




2.2 Mapping attacks produced by OLB

To highlight the relationship between the intensity of attacks and the invaded ecosystem units, we conducted the mapping of damage caused by OLB on the Forest Map of Romania – based on forest ecosystem types (Doniţă et al., 2008).

In this manner, each forest where the damage caused by C. arcuata was recorded was assigned a point of a specific colour corresponding to the level of attack (See Figure 1).

Maps throughout this paper were created using ArcGIS® 10.3 software by Esri.



2.3 Description of studied forest ecosystem formations

Our study focused on the analysis and characterization of a set of forest ecosystems in Romania where OLB is present. These ecosystem formations were initially described by Doniţă et al. (2008) and represent a diverse range of forest habitats that are of particular importance to the biodiversity and ecological functioning of the region. The ecosystem formations in which OLB was identified in Romania are presented in Table 1.



TABLE 1 Characterization of forest ecosystems with oak lace bug.
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2.4 Climatic data

Due to the incompleteness of local climate data, we used gridded climatic data (annual monthly temperature and average daily precipitation) to generate the annual mean temperature, annual winter temperature, overwinter temperature, annual total precipitation, winter precipitation and overwinter precipitation, but also temperature and precipitation during the growing season for each monitoring point for each year of the 2017–2022 period. This dataset was downloaded from the KNMI Climate Explorer (E-OBS, https://climexp.knmi.nl/) and corresponds to interpolated data obtained from measured values recorded by a dense network of local meteorological stations, and gridded onto a 0.25° network (0.25° 1950-now: E-OBS v25.0e Tg (Europe), 0.25° 1950-now: E-OBS v25.0e precip (Europe)). E-OBS is a daily gridded observational dataset for main climatic parameters (e.g., precipitation and temperature, used in current research) in Europe based on ECA&D (European Climate Assessment & Dataset) information and currently it is maintained and by the Copernicus Climate Change Services. We acknowledge the E-OBS dataset from the Copernicus Climate Change Service (C3S, https://surfobs.climate.copernicus.eu) and the data providers in the ECA&D project.1 More detail on interpolation method could be found in Cornes et al. (2018). We have decided to use E-OBS dataset mainly due to higher provided resolution (0.25°) compared to of that other similarly products existed on Europe level (>0.5°).



2.5 Data analysis

To comprehensively evaluate the climatic conditions leading to significant attacks by OLB in all the examined ecosystems, we conducted a 2D scatterplot frequency analysis. This analysis primarily concentrated on severe attacks, which encompassed strong and very strong instances (refer to Figure 1), considering two pivotal climatic factors: (i) the average annual temperature and annual precipitation, and (ii) the average temperature during the growing season (May–October) and the corresponding precipitation.

To determine the key factors influencing the migration of OLB into mesophilous forest ecosystems, we employed Principal Components Analysis (PCA), using the following variables: damage intensity, the year in which it occurred, altitude, average annual temperature and precipitation, average temperature and precipitation during the growing season (May–October), average temperature and precipitation during the insect’s overwintering period (November–April), and average temperature and precipitation during winter (December–February).

Although the important factors (temperature and precipitation) influencing insect damages are well represented by Principal Component Analysis, a quantitative analysis (e.g., correlation analysis or regression analysis) of their impact on insect damages should be considered to obtain a deeper explanation of such variables. Finally, a correlation analysis was preferred over regression analysis or GLM analysis mainly due to the presence of autocorrelation between different climatic variables that cannot be included as explanatory variables in the same model simultaneously. Thus, a Spearman correlation coefficient was calculated between insect damages and every climatic variable (average annual temperature and precipitation, overwintering temperature and precipitation but also during growing season temperature and precipitation). Spearman rank correlation coefficient calculation was performed because the assumptions necessary for Pearson correlation coefficients were violated (lack of data normality and discrete character of damage values).The relationship between climatic factors and severe attacks caused by OLB (2D scatterplot frequency analysis), but also principal component analysis and correlation analysis was performed using STATISTICA 8.0 software (StatSoft Inc., 2007).




3 Results


3.1 Analysis of oak lace bug spread: concentration and expansion in forest ecosystems

The study, conducted from 2017 to 2022, focused on analysing the spread of the OLB in Romanian forest ecosystems (Figure 2). The data analysis reveals that in the first 4 years of observation, the spread of the oak lace bug was predominantly confirmed to the extra Carpathian regions of Romania, concentrating in the southern, western, and northwestern parts of the country, with a recent expansion into the eastern region. During the period of 2017–2020, the most affected forest ecosystems were characterized by termophilous Turkey oak and Hungarian oak forests, termophilous pedunculate oak forests, as well as alluvial and wetland deciduous broad-leaved forests (where there are also grey oak forests), located mainly at low altitudes in the southern and western regions of Romania. In the final 2 years of the analysis (2021–2022), there is a noticeable increase in the frequency of insect presence, especially in lowland ecosystems, accompanied by a decline in damage intensity in these forests. During this period, attacks with severe leaf damage have been reported in forest ecosystems consisting of mesophilous sessile oak forests and mixed beech-oak forests, located mainly at high altitudes. Additionally, during this period, the insect was reported within the forested area of the Carpathian arc for the first time, albeit with a very low damage intensity. Notably, in the last year of the study, data analysis indicates that most points (55%) with very high damage intensity are situated in forest ecosystems consisting of mesophilous sessile oak forests and mixed beech-oak forests.
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FIGURE 2
 Yearly distribution patterns of oak lace bug (2017–2022) in Romanian forest ecosystems.




3.2 Assessing the climatic range and major OLB attacks

The analysis of the climate data reveals that most of the locations where OLB caused significant damage can be characterized by average annual temperatures ranging between 10 and 14°C and annual precipitation between 300 and 700 mm. Additionally, the most frequent severe damage were situated between 12 and 13°C and 450–600 mm of annual precipitation (Figure 3A). Regarding the analysis of climate characteristics during the growing season, the data analysis indicates that most points where OLB caused major damages can be characterized by average temperatures during the vegetation season ranging between 17 and 21.5°C and precipitation between 150–450 mm during the vegetation season (Figure 3B). The most frequent severe attacks are produced around values of 19 and 20.5°C and 300–400 mm of precipitation during the growing season.
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FIGURE 3
 The relationship between climatic factors and severe attack caused by OLB: (A) analysis of annual mean temperatures and precipitation (B) analysis of mean temperatures and precipitation during the growing season. The ellipse represents 95% confidence.




3.3 Impact trends in varying ecosystem contexts

As for the analysis of each ecosystem individually, it is noted that forest ecosystems in which oak lace bug was present during the analysed period can be divided into two main clusters: thermophilous located mainly at low altitudes in the lowland regions and mesophilous forest ecosystems that are mainly found at higher altitudes, in mountainous areas (Figure 4).
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FIGURE 4
 Assessing oak lace bug damage trends (2017–2022) in Romanian thermophilous and mesophilous ecosystems.


Within thermophilous forest ecosystems, the dynamics of damage intensity during the period of 2017–2022 exhibit an oscillating pattern, where the number of points with strong and very strong attacks showed an increase until the year 2019, when it reached its peak. Subsequently, starting from 2020, a steady decrease was observed, and by 2022, oak lace bug caused very few attacks with strong intensity. In parallel, within mesophilous forest ecosystems, a distinct pattern of damage intensity dynamics during the period of 2017–2023 becomes evident. This can be described as an increase in the number of points where the insect caused major attacks, concurrently with a decrease in the number of points where the insect caused weak damages as time progressed. This trend suggests a significant adaptation and expansion of the oak lace bug in mountainous environments, exerting an increasingly pronounced impact on forest ecosystems in this area.



3.4 Determinants factors on the migration of oak lace bug in mesophilous forest ecosystems

The PCA results provide a profound insight into the influence of climatic factors on the invasive behaviour of the insect, highlighting a direct correlation between rising temperatures, decreasing precipitation, and the increasing number of recorded points with severe attacks in both ecosystem 4 (Figure 5A) and ecosystem 5 (Figure 5B). Data analysis suggests that, as the number of recorded points with major attacks increases, there is a noticeable upward trend in temperature-related factors, while precipitation rates exhibit a decreasing trend in the mesophilous ecosystems over the study period (2017–2022). In particular, the average winter temperature and the annual precipitation mean to be determinants in this evolution.
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FIGURE 5
 Assessing factors influencing oak lace bug attack patterns in mesophilous forest ecosystems: (A) Ecosystem 4 – Mesophilous hill beech forests; (B) Ecosystem 5 – Mesophilous and thermophilous sessile oak forests.


Furthermore, altitude plays a crucial role in the insect’s attack pattern. The higher the altitude, the fewer attacks seem to occur. This observation suggests that OLB appears to favour lower areas within mesophilous ecosystems, where climatic and altitude conditions may be more favourable for its development and survival.

The correlation analysis (Table 2) revealed that the average annual temperature and the average temperature during the growing season positively influenced the intensity of insect damage. Meanwhile, the altitude and annual precipitation had a significant negative impact on insect damage intensity. Spearman values did not indicate any significant relationship between insect damage intensity and precipitation during the growing season, overwintering temperature, overwintering precipitation, average winter precipitation, and average winter temperature.



TABLE 2 Correlation analysis of insect damage with altitudinal and climatic variables.
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4 Discussions

This study aimed to investigate the invasive behaviour of the oak lace bug in the forest ecosystems of Romania, with a focus on the differences between thermophilous and mesophilous environments.

During the study period, a distinctive pattern of OLB invasion emerges, predominantly in the extra-Carpathian regions of Romania, with recent expansion into the eastern region. In contrast, the central part of the country has remained relatively protected from this invasion. An intriguing aspect to highlight is how the Carpathian Mountain range has played a crucial role in shaping the spatial distribution of OLB. These major geographical features have acted as natural barriers, delimiting the distribution of native insects and posing significant obstacles to the invasion of alien insects (Haran et al., 2015). These geographical barriers have created environmental variability, which, in turn, can influence the adaptability and invasiveness of species. A relevant example of this phenomenon is the different climate in mountainous areas, which can inhibit the activity and development of insects (Mellanby, 1939; Bale, 2002; Sinclair et al., 2003; Jaworski and Hilszczański, 2013). Temperature, in particular, has proven to be a key factor in the success or failure of invasion by several alien species (Kang et al., 2009; Ju et al., 2017; Ward et al., 2019). In the same context, another important aspect that could be relevant to the influence of the mountain range on OLB invasion is related to landscape heterogeneity, including habitat composition and configuration (With, 2002; O’Reilly-Nugent et al., 2016). Furthermore, the host species range should not be underestimated in its influence on OLB invasion, primarily represented by oak species (Tomescu et al., 2018; Csóka et al., 2019; Paulin et al., 2020). In the Carpathian region, the food resources available to this insect are limited, which may significantly contribute to the creation of a natural barrier to OLB’s spread, at least for the time being.

Regarding forest ecosystems, in the initial years of the study (2017–2020), thermophilous forest ecosystems, especially those featuring termophilous Turkey oak and Hungarian oak forests, termophilous pedunculate oak forests, and grey oak forests, proved to be the most affected. This finding aligns with the results of a Eurasian study (Csóka et al., 2019), which identified Quercus cerris L., Q. petraea (Matt.) Liebl., Q. pubescens Willd. and particularly Q. robur L. as the species that suffered the most significant attacks across all the countries studied. Furthermore, Marković et al. (2021) demonstrated that by studying OLB’s preference for different oak species in field conditions, the insect exhibited the greatest preference for the Hungarian oak and the least for pedunculate oak. Additionally, in terms of the spatial distribution of the invasion, it is evident that during this period, the forests in the western part of the country, particularly in the south, experienced more severe impacts than other regions. This trend can be attributed to the initial reports of the insect in these two regions (Don et al., 2016; Chireceanu et al., 2017), making the southern part of the country one of the most severely affected areas in Romania (Tomescu et al., 2018).

In the last years of the study period, we observe an expansion of locations where the insect is present in thermophilous ecosystems, coupled with a reduction in the severity of damage in the forests of these regions. This suggests that the areas with strong attacks are diminishing in intensity, while the number of areas with mild damage is increasing. Simultaneously, we notice that OLB has extended its range to higher altitudes, infiltrating montane environmentals and predominantly establishing in mesophilic oak forests. In the final year of the study, most of the points with very strong attacks are in sessile oak forests or mixed beech-oak forests. This phenomenon might indicate a potential adaptation of OLB to new conditions, including the insect’s ability to colonize and explore new environments, progressively overcoming natural barriers. These results are consistent with another study (Paulin et al., 2023), which suggests that OLB is adapted to surviving Central European winter conditions, with low winter temperatures not being a major limiting factor for its expansion in the invaded regions, as supported by previous observations in Hungary (Csepelényi et al., 2017; Paulin et al., 2021).

It is worth noting that these findings align with research by Robinet and Roques (2010), which posits that climate change can play a pivotal role in the rapid spread of invasive insects. Rising temperatures enable the introduction of species into areas where they could not survive previously (Walther et al., 2009). For instance, Régnière et al. (2009) provide a compelling example of the invasive species Lymantria dispar (Linnaeus, 1758) (Lepidoptera, Erebidae) in Canada, showcasing its close correlation with favourable climatic conditions. Increasing temperatures have allowed this insect to expand its population north-westward in the country. Moreover, research by Jaworski and Hilszczański (2013) suggests that invasive species such as Parectopa robiniella Clemens, 1863 and Phyllonorycter robiniella (Clemens, 1859), (both Lepidoptera: Gracillariidae), introduced in Southern Europe from North America during the latter half of the 20th century, have extended their range northward on the continent primarily due to temperature increases. These examples underscore the importance of considering climate change when assessing the behaviour of invasive species like OLB.

Overall, the analysis of major attacks in forest ecosystems suggests that climate changes can play a crucial role in the expansion and intensification of the OLB invasion in mesophilous forest ecosystems in Romania. Increasing temperatures and decreasing precipitation in these ecosystems may have contributed to increased stress on host trees, rendering them more susceptible to OLB attacks. Furthermore, based on prior observations (Bălăcenoiu et al., 2021c), we have highlighted that the daily and seasonal dynamics of the OLB population are significantly influenced by climatic factors. In this context, it becomes increasingly plausible that OLB is developing adaptive capabilities and thriving in mountainous environments, establishing itself as a remarkable and challenging invasive species for the forest ecosystems of Romania. “Studies have shown that rising winter temperatures have allowed some species to extend their ranges. For example, rising winter temperatures allowed the southern pine beetle Dendroctonus frontalis Zimmermann, 1868 (Coleoptera, Curculionidae) to extend its range to northern latitudes (Ungerer et al., 1999). Similarly, warmer winters enabled the expansion of species like Operophtera brumata (Linnaeus, 1758) and Epirrita autumnata (Borkhausen, 1794) (both Lepidoptera, Geometridae) northward into Scandinavia (Jepsen et al., 2008). Certainly, temperature increases not only lead to latitudinal range extensions but also to altitudinal ones. A striking example is the Mediterranean species, the pine processionary moth Thaumetopoea pityocampa (Denis and Schiffermüller, 1775) (Lepidoptera, Notodontidae), which expanded its range into the mountainous regions of the Alps, reaching altitudes exceeding 1,400 meters due to the rising temperatures in both the winter and the flight period of females (Battisti et al., 2006).

The PCA analysis reveals a significant influence of climatic factors on the expansion and intensification of the Oak Lace Bug (OLB) invasion in the Romanian mesophilous ecosystems. The substantial increase in temperatures and the decrease in precipitation are closely associated with the heightened intensity of attacks, suggesting increased activity of the insect in these ecosystems and enhanced efficiency in attacking their hosts. These climatic factors may lead to a drier environment in mountainous ecosystems, potentially contributing to the water stress experienced by host trees. By the end of the century, European forests could undergo remarkable changes due to the climate change phenomenon, which will substantially alter the current distribution of climatically suitable areas for the majority of European tree species (Buras and Menzel, 2019; Mauri et al., 2022). In this context, harmful effects for several insect guilds, such as the OLB, can be expected, as the new microclimates may also become more favorable for certain insect groups (Sallé et al., 2021). Regarding our results, this additional climatic stress renders the trees more vulnerable to OLB attacks, which can explain the notable rise in the attack levels under these conditions. These findings align with the results of another study (Ju et al., 2011), which indicates an increase in both average fecundity and the success rate of passing through all developmental stages in Corythucha ciliata (Say, 1832) (Hemiptera, Tingidae), a closely related species to the one studied here, in response to rising temperatures. Additionally, similar conclusions have been drawn by Lu et al. (2019), who observed a significant impact of air temperature on the flight distance of C. ciliata. Our research primarily focuses on the study of select climatic and environmental factors that influence the invasion of the oak lace bug, as it is essential to gain a deeper understanding of this invasion’s dynamics in Romania and to formulate effective management strategies for this invasive species. While human-mediated introduction of potentially invasive species is a well-recognized factor (Brockerhoff et al., 2006; Skarpaas and Økland, 2009), our present work dedicates particular attention to elucidating the critical ecological and climatic aspects of this invasion. It is worth noting that invasive species’ movement and establishment can be influenced by a complex interplay of factors beyond climate, environment, and human activities (e.g., habitat availability, host tree diversity, predator–prey relationships, and more). Therefore, our study underscores the importance of continued monitoring and research efforts to comprehensively grasp the evolution of the OLB’s presence in Romania and to devise robust strategies for its management.

Nevertheless, it is essential to acknowledge certain limitations in our study that may impact the robustness and generalizability of the findings. Firstly, the relatively short duration of the study period, spanning from 2017 to 2022, might limit our ability to conclusively assert the influence of climatic factors on the behaviour of the OLB. Climate patterns exhibit long-term trends, and our study may not capture the full spectrum of these influences. Recognizing this, we intend to continue monitoring OLB behaviour in subsequent years to enhance our understanding of its relationship with climatic conditions. Secondly, the reliance on visual assessment for determining the extent of foliage discoloration introduces potential biases in data collection. While visual inspections are a widely used method, the subjectivity inherent in human judgment may lead to variations in assessing the severity of OLB damage. The current study attempted to mitigate this limitation by categorizing the damage caused by OLB into five distinct levels. However, it is essential to recognize that advancements in Artificial Intelligence data processing may enhance the objectivity of remote sensing technologies in the future. Exploring these technological advancements could further refine and standardize the methodology for quantifying OLB-induced foliage discoloration, addressing concerns about potential biases associated with visual assessments.



5 Conclusion

Geographical spread: initially, oak lace bug was mainly observed in the extra Carpathian regions of Romania, particularly in the southern, western, and northwestern parts. However, there has been a recent expansion into the eastern region.

Change in attack patterns: in recent years (2021–2022), OLB presence has become more frequent, especially in thermophilous ecosystems, coinciding with a decrease in damage intensity.

Mountain environment impact: in the last year of the study, most points with very strong OLB attacks were observed in mountain environments, particularly within mesophilous sessile oak and mixed beech-oak forests.

Climate influence: climate analysis indicated that OLB’s major attacks were associated with specific temperature and precipitation ranges, suggesting that climatic factors play a significant role in its behaviour.

Altitude: there was an inverse relationship between altitude and OLB attacks, with lower elevations in mesophilous ecosystems being more prone to severe attacks. This relationship may be associated with both abiotic factors such as precipitation and temperature, as well as the distribution of oak species in those specific altitudinal ranges.
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The concept of ecosystem services and their valuation has gained significant attention in recent years due to the profound interdependence and interconnectedness between humans and ecosystems. As several studies on valuation of forest ecosystem services have stressed the human-nature interactions lately, in the research study area, the environmental conditions shows rapid changes while human pressures on forests intensify. Thus, the research questions are as follows: (i) what are the the monetary and non-monetary value of ecosystem services provided by forests in Piatra Craiului National Park and (ii) their relationship with other variables, focusing on identifying differences and resemblances between each approach. The R PASTECS package was utilized to analyze primary statistical indicators for both monetary and non-monetary values, revealing significant variability in the results (s% monetary 141% and s% non-monetary 62%). Both monetary and non-monetary assessments were computed at the management unit level and the data used was provided by the Forest Management plans and photograph analysis which have significant value as indicators of ecosystem services. The correlation between nature and culture was assessed through social-media based method, highly known to stimulate participant engagement while the quantitative data was assessed through forest data computation and PCA method for visualization. The research highlighted that, in monetary terms, the minimum value of identified ecosystem services was €34 and the maximum value exceeded €570,000 at management unit level and in non-monetary terms, the values ranged from 1 to 5 (kernel score). The research reveals a substantial variability in both types of valuations. Strong associations between certain variables (monetary value with carbon stock and stand volume), moderate connections (slope with stand productivity), and weaker relationships (non-monetary value with altitude, age with slope, type of flora with altitude, and altitude with stand productivity) were revealed. The findings provided valuable insights for policymakers, land managers, and stakeholders involved in natural resource management and conservation, emphasizing the importance of considering both economic and non-economic benefits in decision-making processes. The integrated approach of this study shows how we can better assess the mixed value of ecosystem services, contributing to the ongoing actions of raising awareness and social responsibility.
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1 Introduction

The concept of ecosystem services has garnered significant attention in recent years due to its recognition of the profound interdependence and interconnectedness between humans and ecosystems (Zhang et al., 2021), which plays a vital role in supporting human wellbeing and sustainability (Costanza et al., 2014). Moreover, this concept has been emphasized in the past by the Millennium Ecosystem Assessment (MEA), in 2005, which sought to alter public perceptions of natural ecosystems by raising awareness and enhancing knowledge about the services they provide. This breakthrough not only showed us the value of nature but also highlighted how nature’s services directly impact our wellbeing. The MEA aimed at mitigating degradation (Millennium Ecosystem Assessmen, 2005; Carpenter et al., 2009; Reyers et al., 2013) and addressing the impacts of climate change on society as a whole. It emphasized that the emergence of ecosystem services as a framework can serve as a valuable tool in decision-making processes (Martínez Pastur et al., 2016; Bell-James, 2020), reinforcing the need for considering nature’s contributions in various policy and management strategies.

Since ecosystem services encompasses the bundles of benefits to humans and society such as provisioning of essential resources and regulating its involved processes (pollination, decomposition, water purification, erosion and flood control, and carbon storage and climate regulation) (Millennium Ecosystem Assessmen, 2005), they fundamentally link ecology, economics and social wellbeing together (Everard, 2013). Nevertheless, researchers such as Luck et al. (2012) and Schröter et al. (2014) have examined various concerns related to ethical perceptions of valuing nature based on its utility rather than its intrinsic value. There is a spectrum of perspectives on the concept of ecosystem services, with some favoring its general application, while others advocate for a distinct approach that involves separation, monetization, and treating it as a commodity, as discussed by Bell-James (2020). Even though the concept of ES framework has been shown to emphasize the multiple ways of dependency between humans and nature, the framework is believed to have failed due to continuous ecosystem loss and ecological breakdown, attributed to the core foundations of modern Western culture (Muradian and Gómez-Baggethun, 2021).

To highlight the role of ecosystem services, for a correct valuation Spangenberg and Settele (2010) suggested the use of adequate methods integrating monetary and non-monetary valuation of ES (traditional economic valuation techniques such as cost-benefit analysis and stated preference methods for monetary valuation, alongside qualitative assessments, multi-criteria analysis, and integrated models to capture non-monetary values).

Monetary valuation has been widely utilized as a direct method to assess the economic value of ecosystem services (Baveye et al., 2013). This approach involves assigning a monetary value to goods and services provided by ecosystems, based on market prices or other valuation techniques (Turner et al., 2003; Baveye et al., 2013; Selivanov and Hlaváčková, 2021). It provides policymakers with quantifiable information that can be integrated into cost-benefit analyses and policy-making processes, providing a deeper understanding of the real contributions of nature to human wellbeing (Balmford et al., 2002; Jiang et al., 2021). Nevertheless, monetary valuation often overlooks the inherent non-monetary aspects of ecosystem services, such as cultural and social values, which are challenging to capture in monetary terms. Thus, methods are often pondered, and a combination of them might provide greater reliability (Daily et al., 2009; Custódio et al., 2020). The dimension of knowledge regarding ecosystem services as a means of a possible non-monetary evaluation depends on the values of the civil society correlated with certain locations or environmental areas (Paracchini et al., 2014; Martínez Pastur et al., 2016; Sharma et al., 2022). However, cultural ecosystem services are tricky to address, requiring a multidisciplinary and comprehensive approach because, ultimately, it is about the access right and right to nature as some argue (Tenerelli et al., 2016; Kosanic and Petzold, 2020). Thus, establishing a comprehensive approach toward the space of cultural ecosystem services (CES) has to take into account the connectivity between capacity building and raising awareness, besides the evaluation per-se (Scholte et al., 2015).

To capture the diversity of values correlated with nature, the non-monetary approach looks into the values, preferences, perceptions, demands, and experiences of the people who benefit from ecosystem services, demonstrating the pluralistic value of nature and its close connection to the ES framework (Chan et al., 2013; Custódio et al., 2020). These methods typically involve surveys, interviews, social-media based approaches, or other concepts from the citizen science principles to collect data on people’s perceptions and willingness to pay for ecosystem services (Boyd and Banzhaf, 2007; Cabana et al., 2020; Isse et al., 2021; Peri et al., 2022; Sharma et al., 2022). Non-monetary valuation recognizes the diverse range of values (biodiversity conservation, cultural significance, aesthetic enjoyment, recreational opportunities) associated with ecosystems and offers a more comprehensive understanding of the benefits they provide (Díaz et al., 2018; Sharma et al., 2022).

For the area where the research was carried out, respectively, Romania, several studies have been conducted to assess forest ecosystem services, including carbon sequestration (Chivulescu and Schiteanu, 2017; Dobre et al., 2021; Nichiforel et al., 2021; Pache et al., 2021; Pitar et al., 2021; Chivulescu et al., 2022) water purification (Petz et al., 2012; Platon et al., 2015), and recreational value (Hartel et al., 2014; Bogdan et al., 2019; Tudoran et al., 2022). However, as environmental conditions evolve and human pressures on forests intensify, further research is necessary to comprehensively understand the changing dynamics of these services and devise effective conservation measures (Chivulescu et al., 2020; Leca et al., 2023).

The aim of this research is to valuate ecosystems services in Piatra Craiului National Park, using both monetary and non-monetary valuation methods, harmonize quantitative data [obtained from forest management plans for monetary valuation, incorporating market prices and other economic indicators (Costanza et al., 2014)] and qualitative data [collected from the general public visiting the national park, capturing their perspectives and preferences regarding ecosystem services (Vedeld et al., 2004; Sharma et al., 2022)], and to explore relationships among identified ecosystem services indicators and different characteristics of ecosystems.

Consequently, the research paper answers to following research questions: (i) which are the ecosystem services provided by a national park (Piatra Craiului National Park-Southern Carpathians Mountains), and which is their monetary and non-monetary value and (ii) which is the relationship between values obtained from monetary and non-monetary valuations and other variables (ecosystem characteristics), with a specific focus on identifying dissimilarities and resemblances between each approach.



2 Materials and methods


2.1 Location and description of the study area

The study area is located in the Southern Carpathians Mountains, specifically in Piatra Craiului National Park (Figure 1) part of the Romanian Long Term Ecological Research Network (RO-LTER) (Badea et al., 2012; Badea, 2021). This area is characterized by a temperate continental climate, with slightly small topo climates typically found at medium and high altitudes. The annual rainfall ranges between 800 and 1200 mm, while the annual temperature averages from 3 to 4 degrees Celsius, with a high annual variation ( ± 3 degrees Celsius). The park encompasses a forested area of over 11,400 hectares, consisting predominantly of spruce, beech, pure and mix stands. Historically, the National Park was designated a nature reserve in 1938, and the management practices at that time focused on preserving the constituent habitats. Moreover, in 1990, it was designated as a national park, and the current management plan focuses on the conservation of representative ecosystems in their natural state, as well as the establishment of the prerequisites for recreational activities, visitation, and education while ensuring minimal impact on these ecosystems.
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FIGURE 1
Administrative map of the Piatra Craiului National Park. The hatched area indicates the designated management plans for the park. The small square represents the location of Piatra Craiului National Park (red dot) within the Carpathian Mountains (dark yellow).


Currently, the study area is divided into 4 different areas: a strict protection zone, which covers 43% of the total area; an integral protection zone occupying 1%; a sustainable conservation area of 46%; and a sustainable development zone on the remaining 10%.

This zonal configuration within the park is the focal point of a comprehensive management investigation, which involves stratification of the woodland based on forest management methods, topographical attributes, climatic conditions, and ecosystem classification. Two types of management practices are distinguished based on the forest management plans information and the designated management areas: forest conservation and forest wood production.



2.2 Models and methods


2.2.1 Analytical frameworks and contextual insights

The Forest Management plans rely on international terminology as outlined by Carcea and Dissescu (2014) and encompass various parameters essential for effective management. These parameters include stand productivity (indicative of potential wood volume production and yield class), stand density (standing volume per unit area), slope (average land slope or gradient), altitude (average elevation above sea level), type of flora (plant species characteristic of the forest type), age (average age of component trees at the management unit level), forest type (homogeneous forest parts requiring consistent silvicultural measures), annual stand growth (current yearly volume increment of the stand), and stand volume (total timber volume of the stand). Both Monetary and Non-monetary assessments were computed at the management unit level, where a management unit represents a designated area of forest land managed and treated as a single entity for sustainable forest management purposes. This unit serves as a distinct ecological and administrative planning entity utilized by forestry authorities or administrators/owners to implement comprehensive forest management practices. Data used from Forest Management plans and photograph analysis have significant value as indicators of ecosystem services. These variables are related to indicators found in ecosystem service classifications (Haines-Young and Potschin-Young, 2018). In particular, each variable from both sources is associated with one or more ecosystem services. In our study, we selected these variables based on correlation matrix analysis.



2.2.2 Non-monetary valuation

Assessing cultural ecosystem services overall took into consideration the spreading of knowledge based on scientific data (quantitative data) in such a way that any user of such ecosystem services can acknowledge and understand the principles and requirements of CES. For this reason, the correlation between nature and culture was assessed through a mixture between specific communication instruments, easy to understand, regarding the classification of cultural ecosystem services types in the sense of subjective value-based judgments with the help of imagery data. In order to evaluate CES, using non-monetary methods, social innovations such as the social-media based method were used. This approach was chosen for the non-monetary valuation because of its ability to stimulate participant engagement, obtain qualitative information, overcome language barriers and promote a holistic understanding of ecosystem services. It contributes to a more comprehensive and culturally sensitive assessment, with the added benefit of simplified data collection. With the help of photographs taken by the public and posted on the photograph-sharing platform Flickr (last accessed on 01.10.2019), we assessed each image and its respective correlation with the ecosystem services it offers, following the methodology presented in Tenerelli et al. (2016).

In the present research endeavor, an assemblage of 1288 photographic records, captured within the confines of Piatra Craiului National Park’s geographical expanse, was procured from the digital imagery exchange platform Flickr. Among this corpus, a discernment emerged indicating that a total of 998 entries were concomitant with explicit geolocation metadata. Subsequent to meticulous scrutiny, it was ascertained that 489 of these instances delineate instances of non-monetary contributions, thus furnishing pivotal spatial and elaborative data of significance for subsequent analytical undertakings.

The ecosystem services identified in the photographs encompass groups of services like aesthetic, existence, land use/land cover, intellectual, and recreational. Additionally, some provisioning services were observed and various wood and non-wood forest products. After the categorization process, assessments were carried out for each ecosystem service. These results were then digitally represented, taking spatial distribution into account.

Under the classification of ecosystem services (Millennium Ecosystem Assessmen, 2005), photographs were grouped according to their content. The “Existence” group included images of vertebrate wild animals, non-vertebrate wild animals, and vegetation. The “Aesthetic” group comprised visually pleasing photographs. The “Recreational” group contained images depicting various activities such as hiking, mountain walking, freeskiing, biking, camping, barbecuing, picnicking, etc. The “Intellectual” group consisted of photographs related to local identity, cultural heritage, education, and scientific exploration. Similarly, the “Land use/land cover” group encompassed images representing different land types, including forests, sparse forests, transitional woodlands, shrub areas, grasslands, moors, bare rocks, rivers, and streams, among others. Each of these groups facilitated the classification and organization of the diverse photographs based on their respective characteristics and themes.

We utilized Kernel Density Estimation (KDE) to convert point data from photographs into a continuous surface across the Piatra Craiului National Park for comparable results with monetary value ES estimation. KDE provides a non-parametric estimate of the underlying unknown intensity function (Waller and Gotway, 2004). Widely employed in various scientific disciplines, such as fire science for defining patterns of fire occurrence (Kuter et al., 2011; Oliveira et al., 2012; Mallinis et al., 2019), wildlife ecology (Fieberg, 2007; Fleming and Calabrese, 2017), and crime incident analysis (Levine and Associates., 2013), KDE ensures a comprehensive representation of the landscape. In kernel density analysis, bandwidth selection is crucial, often surpassing the significance of choosing the kernel function (Kuter et al., 2011). We determined the optimal bandwidth by calculating the average k-th nearest neighborhood distances between points, using the k-nearest neighbors’ algorithm (Williamson et al., 1999). After multiple tests, we identified the optimal k value as 40 through visual examination, ensuring accurate and meaningful outcomes. To treat observations consistently across diverse concentrations, we employed the normal distribution kernel function with a fixed bandwidth, ensuring standardized data handling across the national park.

For each of the 5 ecosystem service categories (aesthetic, existence, intellectual, recreational and land use/land cover), we generated individual kernel density maps. Additionally, a cumulative kernel density map, representing non-monetary values, was produced by spatially intersecting all categories. This map was then overlaid onto forest management units, and the average kernel value for each unit, indicating the non-monetary score, was calculated, and assigned to all 1127 management units.

Subsequent to conducting an analysis employing kernel functions, an allocated kernel score was attributed to individual forest management units situated within the confines of Piatra Craiului National Park. This procedure consequently engendered a model of comparability between the realms of pecuniary and non-pecuniary valuations.



2.2.3 Monetary valuation

To assess the value of ecosystem services that forests have to offer, various methods have been considered according to the area studied. Thus, the methods used (described below) have taken into account reliable ways to evaluate the available harvestable wood volume, the carbon stock in above-ground biomass, and the provision of non-woody products (medicinal plants and berries).

Leveraging data from forest management plans, we assessed wood volume through primary harvesting procedures like shelterwood, conservation, and secondary cutting for stand management. The monetary value of stands with specified logging rules (regeneration felling) was determined by multiplying the average firewood price (Statistics, 2019) with harvestable wood volume. For estimating the above-ground tree biomass carbon stock in the Piatra Craiului National Park, we relied on standing tree volumes, net growth, and national emission factors from the forest management plans. The carbon stock estimation followed the Intergovernmental Panel on Climate Change Guidelines (IPCC, 2006), and the 2019 Refinement on forestland use equations:
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Where:

AGB—aboveground biomass, in tones;

AG volume—aboveground volume of forest stands provided by forest management plans in m3;

WD—wood density for each main species expressed, tones/m3, i represents the main species (Table 1);


TABLE 1 Average wood density for the main forest species in Romania (Sp, species; WD, wood density, expressed in T/m3) (Giurgiu, 2004).
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BEF—biomass expansion factor (1 for broadleaves and 1.15 for conifers).

The biomass expansion factor is needed to correctly add the biomass of branches to the stem to estimate the overall tree AGB. Nevertheless, due to the fact that the volume provided by the management plan is estimated with an allometric equation (Giurgiu, 2004) that estimates the all-aboveground volume in broadleaves species (i.e., BEF equal to one), it was used only for conifers. The value of BEF was 1.15 for conifers used for temperate forests by various countries, which have shown to provide reliable results (IPCC, 2006). The root to shoot was considered to be 0.2 for all species (Giurgiu, 2004).

The total carbon stock, for each forest stand, considering also the below ground biomass was ultimately estimated, using the equation provided by the IPCC (2006) guidelines:
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where:

C - carbon stock expressed in tones;

AGB—above-ground biomass expressed in tones.

R - root to shoot factor, dimensionless;

CF—carbon fraction.

We used a default factor for carbon fraction of 0.5 (IPCC, 2006). The carbon amount was transformed to CO2 and expressed in metric tons, which was then multiplied by the pre-established reference value of 42.05 €/tCO2, which represents the average market value of CO2 at the time the study was conducted to evaluate the monetary values of existing carbon stock.

For valuing non-woody products, such as medicinal plants and berries, we relied on a methodology guided by expert studies (INCDS Marin Dracea, 2020a,b). This approach establishes permissible harvesting quantities based on forest types (Table 2). To assign monetary value to medicinal plants and berries, an average price was applied—0.76 euro/kg for medicinal plants and 0.80 euro/kg for berries—representing reference prices excluding exploitation, packaging, and transport costs (Statistics, 2019).


TABLE 2 Quantity of herbs/berries that can be harvested according to the type of forest (dry quantity expressed in kg/hectare) (INCDS Marin Dracea, 2020a,b).

[image: Table 2]



2.2.4 Descriptive statistics

The statistical parameters to describe both Monetary and Non-monetary values were calculated utilizing the R PASTECS package available in R software (Grosjean and Ibanez, 2004). In the context of ecosystem service valuation, the application of statistical metrics serves the purpose of providing a succinct overview and assessing the quality of monetary and non-monetary values, thereby increasing transparency and even facilitating informed decision-making.



2.2.5 PCA assessment

The Principal Component Analysis (PCA) method was utilized to reduce the dimensionality of the datasets and gain a more detailed visualization (Mudrov and Proch, 2005; Greenacre et al., 2022). The R packages used for this analysis include corrr (Kuhn et al., 2020), ggcorrplot (Kassambara, 2022), FactoMineR (Lê et al., 2008), and factoextra (Kassambara and Mundt, 2020) from the R studio application (R Core Team, 2023). In more specific terms, it can be defined that the “corrr” package allows exploration of correlations, “ggcorrplot” facilitates the visualization of correlation plots, “FactoMineR” performs factor analysis and PCA, while “factoextra” aids in extracting and visualizing multivariate analysis results in R.

The PCA analysis utilized primary data from management plans, including stand productivity, density, slope, altitude, flora type, age, annual growth, and volume. Additional data, such as carbon stock and monetary and non-monetary values, were incorporated. Areas in imagery data were digitized using GIS. Qualitative results from social media and Kernel interpolation were compared with monetary valuation at the management unit level. All datasets were standardized using R packages and visually represented. The study employs both monetary and non-monetary methods to offer a comprehensive understanding of ecosystem service values. Valuing services from ordinary people’s perspectives through non-monetary methods provides insights into social values. The research assesses the reliability of a hybrid method combining both approaches, contributing to the discourse on comprehensive ecosystem service valuation. A mixed-methods approach combines quantitative monetary analysis with qualitative non-monetary analysis, emphasizing the need for a combined view in forest policy (Krott, 2005). Incorporating qualitative data into decision-making processes, as suggested by (Kenter, 2018) and (Maca-Millán et al., 2021) has proven to be effective. This approach involves meticulous data preparation, using quantitative facts presented in summary tables and graphical representations to emphasize key points, especially as policy-briefs for decision-makers. The use of inferential statistics goes beyond raw data to explore investigative questions based on hypotheses (Smith et al., 2011). The study’s findings provide reasonable arguments for policymakers, land managers, and stakeholders involved in park management, emphasizing the importance of combining factual and value judgments for effective problem-solving.





3 Results


3.1 Non-monetary valuation

The photographs extracted from the Flickr proxy were used to represent five distinct groups of ecosystem services, namely aesthetic, existence, land use/land cover, intellectual, and recreational services, as depicted in Figure 2.
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FIGURE 2
Map of Non-monetary valuation [(A) aesthetic services, (B) existence services, (C) land use/land cover services, (D) intellectual services, (E) recreational services].


It should also be mentioned that using Kernel analysis, each management unit in the research area has been assigned a kernel value (score) for non-monetary services.

Since the non-monetary methods have shown a significant increased use in scientific research as compared to the monetary ones, the results in this study reveal high preferences toward the aesthetic and existence ecosystem services, as well as land use/land cover (Figures 2A–C). The graphic representation of the most considered non-monetary ecosystem services has shown that they generally overlap in the north part of the National Park in the case of each service. The overlapping is more visible in the case of intellectual, recreational, and land use/land cover ecosystem services.

To this matter, these respective ecosystem services were classified into 5 importance classes, using the kernel function in ArcGIS, resulting in a combined reliable value of them.

According to the Kernel Function classification of the ES, the average combined percentage cover is around 9% in the case of the classes 3–5 (moderate, high, and very high), while in the case of the classes very low and low, respectively, 1–2, the average combined percentage cover falls just a bit under 36% from the total area.

In the case of aesthetic services, the coverage is rather low, most of it being situated in the northern part, covering 14% of the total area of Piatra Craiului National Park from the Southern Carpathians Mountains, the rest being of low interest, especially on 75% coverage in the south of the mountains. Nevertheless, such ecosystem services are predominantly located in the main tourist sites within the area, strategically positioned along the frequently visited tourist routes, and with information easily accessible through online platforms (Figure 2A). Additionally, locations featuring caves or canyons (e.g., Zarnestiului canyon) are highly sought after and greatly appreciated by visitors, due mostly to their scenery and accessibility.

Similar Kernel function coverage can be found in the case of existence services (Figure 2B) where most of its importance is located in the Northern part as well, covering almost 18% of the total area of the park while the remaining area being taken as granted by observers, under the presupposition and believe that the right to nature is equal with other fundamental rights.

Closely related to other services, intellectual (Figure 2D) and recreational (Figure 2E) services cover similar percentages of the total of the park, the former accounting for barely 35% while the latter just topping 24%, perceived to express the low interest in such values of the community and society as a whole.

According to graphical representation, it was found that the most valued services are located in the northern part of the research area, grouped into four cores. The respective cores are close to the main infrastructure road network, allowing fairly easy access to the forest, a fact that might have motivated users to express their interests in such core areas.

For valuing Natural Capital between currency and intrinsic appraisal, the multidisciplinary approach was used to provide the reliable outcomes for monetary valuation. The analysis is carried out with high respect to the comprehensive methodology on ecosystem service provision. Monetary values are expressed in euros for each case of provisioning service. The monetary values are represented in fact by: the volume of harvestable wood, stored carbon, harvestable medicinal plants, and harvestable berries, whereas the non-monetary values foresee the cultural ecosystem service categories (aesthetic, existence, land use and land cover, intellectual, and recreational services). Moreover, through the use of Geographic information system (GIS), the values were analyzed and displayed graphically by means of a thematic map (Figure 3A), in which the summed values of these monetary services have been plotted in relation to their geographically referenced information. Simultaneously, non-monetary values, expressed as the sum of Kernel scores, were graphed to illustrate the ecosystem services of existence, aesthetic, recreational, intellectual, and land use/land cover (Figure 3B) for the purpose of comparison.
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FIGURE 3
Compared monetary and non-monetary evaluation [(A) monetary evaluation, (B)- non-monetary evaluation summarized].


Thus, for the forests in Piatra Craiului National Park, a value of 2.6 million euros was determined for the harvestable wood, and the value of the carbon stock was 49.7 million euros. Following the application of the methodology for determining the production capacity of medicinal plants and forest fruits in relation to the types of forest, a value of 71 thousand euros and 17 thousand euros was determined. The total value of all these monetary services was 53.2 million euros, calculated with prices at the time of the research in the year 2021. Figure 3A displays a few regions where the monetary value of ecosystem services surpasses 400 thousand euros (evidenced by the red color). These areas predominantly consist of old-growth forests with substantial wood volume, covering extensive plots (more than 30 hectares). Generally, the distribution of monetary values remains consistent across the entire survey area, with the exception of a few “white” areas. These “white” areas represent locations devoid of forest vegetation, such as cliffs and mountain hollows, which were excluded from our analysis.

Forested areas were classified into five importance classes using the kernel function in ArcGIS, resulting in a combined value of them, and after the graphical representation, it was determined that the most important of them are located in the northern part of the research area (Figure 3B), grouped in four cores.

As it is well known, an ecosystem can provide several ecosystem services at the same time, as seen in this research, where more than 2400 records of ecosystem services provided by forests in Piatra Craiului National Park were found. About 25% of these were existence ES, 29% aesthetic ES, 3% recreational ES, 11% intellectual ES and about 32% land use/land cover ES.

For exploring the relationship between currency and intrinsic values, a correlation matrix of the parameters analyzed in this study was built that reveals some significant associations among the variables (Figure 4).
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FIGURE 4
Correlation matrix of main variable PROD, stand productivity; DEN, stand density; SPL, slope; ALT, altitude; FLR, type of flora; AGE, stand age; AGRW, annual stand growth; VOL, stand volume; CS, carbon stock; NMV, non-monetary value; MV, monetary value.


The highest correlation is observed between monetary values, stand volume (0.87), and carbon stock (0.92). This strong correlation is expected, given that wood can be rapidly capitalized, making it economically important in the short term. We also found notable negative correlations between stand productivity and slope (−0.41) and altitude (−0.32), indicating that accessibility and climatic conditions can be limiting factors for forest productivity.

Furthermore, the correlation analysis revealed weak relationships between several variables, including age and slope (0.22) and stand density and productivity (0.17). In addition, the correlation matrix analysis shows a weak correlation between non-monetary values and altitude (0.24), slope (0.14), and age (0.14).

Based on the aforementioned methodology, we also explored the relationship between non-monetary and monetary values. The correlation coefficient of −0.055 indicates a lack of a significant linear relationship between these variables. As expected, we did not identify robust correlations, as there is no direct causality between monetary and non-monetary factors, nor between provisioning, regulating, and cultural ecosystem services.

Due to the lack of strong correlations found between monetary and non-monetary values, we do not have sufficient evidence to make robust predictions or draw significant conclusions. Therefore, further investigation and consideration of other factors are necessary to gain a more comprehensive understanding of the relationships between these variables.

The examination of the primary statistical indicators for both monetary and non-monetary values of selected ES reveal a substantial amount of data for both types of assessments (Table 3). The minimum value for monetary valuations is 34 euros, while for non-monetary valuations, it is 1 (kernel score). On the upper end of the scale, the maximum values slightly surpass 570 thousand euros for monetary valuations and 5 (kernel score) for non-monetary valuations. The average for monetary valuations exceeds 47 thousand euros, whereas for non-monetary valuations, the average stands at 1.38 (kernel score).


TABLE 3 Descriptive statistics of type of valuation method.
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The significantly high standard deviation values reflect a high level of variability in the monetary values across the research area. In contrast, the standard deviation for non-monetary valuations indicates a more moderate level of variability in the dataset. Furthermore, the coefficient of variation reveals very high values, emphasizing the pronounced variability in both the monetary and non-monetary values of ES.

Considering the absence of strong correlations between monetary and non-monetary relationships, we pursued a Principal Component Analysis (PCA) as the next step. PCA analysis (Figure 5) was employed to reduce data dimensionality while retaining a substantial portion of the variance. According to PCA analyses, the first two dimensions explained 43.3% of the total variability. The first component (Dim 1) accounts for 26.5% while the second component (Dim 2) accounts for 16.8%.
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FIGURE 5
Principal component analysis PROD, stand productivity; DEN, stand density; SPL, slope; ALT, altitude; FLR, type of flora; AGE, stand age; AGRW, annual stand growth; VOL, stand volume; CS, carbon stock; NMV, non-monetary value; MV, monetary value.


In PCA analysis, the first dimension of the data is represented by a linear combination of the monetary value, carbon stock, and stand volume (Figure 5). Also, the uniform angle index between them indicates a maximized variance, suggesting that they are well-distributed and effectively contribute to the formation of the first principal component.

The total variance of the second principal component exhibits positive loadings for slope, altitude, age, and non-monetary value. On the other hand, stand density, stand productivity, type of flora, and annual stand growth have negative loadings in Dim 2. This means that higher values of these variables are associated with lower values of Dim 2.

The absence of correlation between monetary-related values loaded by Dim 1 and the second principal component related to aesthetic or cultural aspects (Dim 2) suggests that Dim 1 and Dim 2 represent distinct patterns of variability in the data. This highlights the independence of the two principal components based on the information analyzed in the present study.




4 Discussion

The values provided by ecosystem services play a crucial role in fostering awareness within society (Daily et al., 2009; Badea et al., 2013; Kosanic and Petzold, 2020; Tsirintanis et al., 2022). To achieve this, a comprehensive and multidimensional approach is essential. This involves integrating social science methods with GIS analysis and statistics to make informed decisions (Apostol et al., 2018; Cabana et al., 2020), especially for policy-makers (Jones et al., 2022).

Given the challenge of economically assessing non-monetary services, the study employed a combination of the “document method” and the “social media-based method” (Cheng et al., 2019). By examining revealed preferences through images and other materials, along with structured identification of ecosystem services using Flickr uploaded images, qualitative insights were captured (Donaire et al., 2014; Barchiesi et al., 2015; Hartmann et al., 2022).

The research identified strong preferences for aesthetic, existence, and land use/land cover ecosystem services in the northern part of the National Park. The reason behind the popularity of the northern area lies in its strong appeal to tourists due to the abundance of natural monuments. This can be attributed to the region’s excellent accessibility, thanks to numerous access roads and well-established tourist trails. Additionally, its proximity to larger towns further enhances its attractiveness as a tourist destination.

These services were highly valued by visitors for their scenic beauty and accessibility (Parga-Dans et al., 2020; Yang et al., 2022). The Kernel distribution provided insights into the varying degrees of importance and perceived value of different ecosystem services across the research area.

Although recreational and intellectual ecosystem services were less identified by experts (Paracchini et al., 2014; Inácio et al., 2022), their overlapping with other non-monetary forest ecosystem services suggests the complexity of ecosystems (Christie et al., 2012; Raihan, 2023) as a whole. Benefits for recreation were highly correlated with aesthetic and intellectual values (Calcagni et al., 2022) and diverse land use services. This highlights the societal valuation of ecosystem services in the context of climate change and the importance of nature (Daily, 1997; Hermann et al., 2011; Costanza, 2020; Weiskopf et al., 2020).

Also, the identification of substantial monetary values linked to diverse forest-related services in Piatra Craiului National Park is vital for evidence-based decision-making (Maes et al., 2012), public awareness (Acharya et al., 2019), guiding sustainable environmental management practices (Meraj et al., 2022), and fostering a deeper understanding of the economic significance of nature’s contributions to society (Sangha et al., 2019). It provides a robust foundation for interdisciplinary approaches to conservation and land-use planning (Delgado-Aguilar et al., 2019; César et al., 2021), encouraging the adoption or redistribution of responsible policies and actions to protect priceless natural assets and promote biodiversity conservation on a broader scale (Ola and Benjamin, 2019).

The analysis revealed significant variability in both monetary and non-monetary valuations of ecosystem services (Martin and Mazzotta, 2018; Torres et al., 2021). This wide range of values reflects the diverse economic and non-market attributes associated with these services, a situation also found in state forest institutions, where there is a high discrepancy between policy goals formulated in official documents and their on-field fulfillment, many focusing on economic terms rather than non-monetary services (Chudy et al., 2016; Romanazzi et al., 2023). To make well-informed decisions about ecosystem management and conservation, it is vital to consider both monetary and non-monetary aspects (Wanek et al., 2023).

Using correlation matrix analysis, we thoroughly examined the relationships between monetary and non-monetary valuations of ecosystem services. The results indicated a lack of notable connections between these two types of valuations (Acharya et al., 2019; Taye et al., 2021). This observation can be attributed to several factors, including the intricate nature of ecosystem services, making it challenging to precisely quantify their economic value. Additionally, the subjective aspects involved in non-monetary valuations, such as perceptions and preferences of different individuals and communities, contribute to the disparities (Czembrowski et al., 2016). Furthermore, diverse perspectives and purposes from stakeholders involved in the evaluation process can lead to contrasting assessments (Gos and Lavorel, 2012; Vallet et al., 2018; Aryal et al., 2022). Methodological challenges in quantifying and comparing both monetary and non-monetary values also play a significant role in the observed disconnection between these two evaluation approaches.

Our research revealed strong associations between certain variables (monetary value with carbon stock and stand volume), moderate connections (slope with stand productivity), and weaker relationships (non-monetary value with altitude, age with slope, type of flora with altitude, and altitude with stand productivity). This week correlation suggest that mature ecosystems located at higher altitudes are more likely to be positively appreciated by tourists.

These unexpected findings provide valuable insights into ecosystem dynamics and offer important guidance for developing more effective, integrated and sustainable natural resource management policies and practices. Understanding these intricate interrelationships empowers us to enhance our understanding of ecosystems and undertake appropriate and custom-tailored decisions to protect and preserve the environment.

The finding of the Principal Component Analysis (PCA) highlights the independence of monetary and non-monetary values, offering crucial insights into the complex interplay of ecosystem variables, guiding future research for comprehensive ecosystem management and conservation strategies.

While the study offers valuable insights, it has certain limitations. Conducted within a national park, the research’s small geographic area may limit generalizability to larger regions or different ecosystems. Quantifying non-monetary values remains challenging due to their subjective nature (Hammermann and Mohnen, 2014; Márquez et al., 2023). The non-monetary valuation approach employed captures qualitative insights but lacks straightforward conversion into monetary values (Christie et al., 2012; Scholte et al., 2015; Hardy et al., 2022).

Despite these limitations, the study has notable strengths. It utilized accurate and reliable field data, ensuring credibility in the monetary valuation results. Additionally, the inclusion of perspectives from ordinary people visiting the park enhanced the non-monetary valuation component. The hybrid approach combining monetary and non-monetary methods allowed for a more holistic understanding of ecosystem services’ value (Dunford et al., 2018; Cazacu et al., 2020) and the importance of enhancing, preserving and listening to local communities’ wisdom. By capturing the perspectives and preferences of ordinary people, decision makers can align management strategies with stakeholder expectations, fostering a sense of ownership and stewardship.

This research holds practical implications for decision-making in ecosystem management and conservation. By considering both economic and non-economic dimensions, decision-makers can formulate proper policy instruments for well-informed choices (Campbell, 2020) that balance sustainability and societal needs. The methodology used in this study can be valuable for assessing cultural ecosystem services in regions with limited data and challenging field accessibility. Also, the multidisciplinary approach employed in this study demonstrates the potential for a more comprehensive and integrated evaluation of ecosystem services.

Therefore, this study, with its strengths and weaknesses, enhances our comprehension of ecosystem services within a national park context, and beyond. The findings have significant implications for stakeholders and decision makers, empowering them to advocate for conservation, align management strategies with stakeholder preferences, and promote sustainability under a circular economy. Future research should address valuation method limitations to achieve a more comprehensive and integrated approach to ecosystem service assessment.



5 Conclusion

This research provides valuable insights into the valuation of ecosystem services through the integration of monetary and non-monetary valuation methods. By examining a specific national park, this study sheds light on the economic and non-economic dimensions of ecosystem services, contributing to a comprehensive understanding of their value.

While the size of the study may limits its applicability, the robustness of the findings is strengthened by the accurate and reliable field data collected, thus minimizing this limitation. The utilization of actual data from forest management plans and the inclusion of grassroots perspectives ensures a more accurate on-field representation of the monetary and non-monetary values associated with ecosystem services.

The adoption of a hybrid approach that combines monetary and non-monetary valuation techniques presents a practical advantage. This integrated approach allows decision makers to consider both the economic and non-economic benefits of ecosystem services, enabling them to make more informed choices that balance environmental sustainability with social and economic needs.

The findings of this research have important implications for stakeholders and decision makers involved in the sustainable management and conservation of natural resources. The economic valuation results serve as a compelling argument for the preservation and sustainable management of national parks and other natural areas. They provide quantifiable information that can be integrated into cost-benefit analyses and policy-making processes.

In conclusion, this research contributes to the ongoing discourse on the evaluation of ecosystem services by providing insights into the economic and non-economic dimensions of their value. Future research should continue to address the limitations of valuation methods and strive for a more comprehensive and integrated approach to ecosystem service assessment.
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Understanding the relationship between tree growth and environmental conditions is essential to elucidating the impact of global climate change on forest ecosystems. We used the dendrochronology method to examine the growth sensitivity of a typical conifer to climate change in mountain forests of Central Hengduan Mountain. The study involved the establishment of tree ring width chronologies of Pinus yunnanensis in both Haba Snow Mountain (HB) and Yulong Snow Mountain (YL) in northwestern Yunnan, enabling the detection of the relationship between its radial growth and climates, i.e., monthly total precipitation, monthly temperatures (average minimum, mean and maximum) and monthly Palmer Drought Severity Index (PDSI). Response function and redundancy analysis (RDA) were used to identify correlations between climate variables and radial growth, and moving interval analysis was applied to determine the stability of climate-growth relationship. The findings demonstrated that the growth of P. yunnanensis had similar response patterns to climate change at two sites, exhibiting growth synchronization and common signals. Specifically, the radial growth of P. yunnanensis was negatively correlated with May temperature, while temperature in current October significantly promoted radial growth. Precipitation in June was the common climate variable with inverse effects between two sites, with positive impacts on YL and negative impacts on HB. The results of moving interval analysis were consistent with response function and RDA, presenting significant correlations in many years for those climatic variables significantly affecting tree growth. Stability analysis also revealed that the climate-growth relationship could fluctuate over a small range of time scales, induced by an abrupt change in climate. A forecast of strengthen in growth of P. yunnanensis forests was expected, since increases in precipitation and temperature of most months would benefit tree growth, and negative impacts of May temperature would be offset by the increase of precipitation in the corresponding month. These results could provide a basis for developing sustainable strategies of forest management under the climate change.
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1 Introduction

Global surface temperature will continue to increase until at least mid-century. Global warming will exceed 1.5°C to 2°C during the 21st century unless deep reduction measures of CO2 and other greenhouse gas emissions will be carried out in the coming decades (IPCC, 2021). In southwestern China, the climate has been warming and drying, with a tendency of intensification since the beginning of the 21st century (Su et al., 2014). Climate change has a massive impact on the structure and function of terrestrial ecosystems. For forest ecosystems, the largest component of the terrestrial ecosystem, climate change has greatly influenced its composition, structure, productivity, carbon storage capability, and ecological function (Zhang et al., 2017; Fan et al., 2019). Tree radial growth is sensitive to climate variation and mainly affected by climate factors, thus, a better understanding of climate effects on tree growth will help predict growth dynamics of forests under global climate change.

Climate warming is expected to enhance tree growth at alpine treelines (Camarero et al., 2021). Nevertheless, these positive influences need to be considered alongside water availability (Martínez-Vilalta et al., 2008), as high temperatures may lead to an increase in the frequency and intensity of droughts. If water availability is insufficient, the impact of drought stress on tree physiological processes will worsen, and consequently lead to a reduction of tree growth (Aber et al., 2001). Recent studies have revealed that droughts widely affected tree and forests growth over the world and even determined the survival of trees. For instance, a study found that consecutive hotter droughts posed a threat to forests under climate change in Central European floodplain forests, even with comparably high levels of water supply (Schnabel et al., 2022). Years with more intense drought corresponded with larger growth reductions and increased tree mortality rates in California forests, North America (Young et al., 2017; Bohner and Diez, 2021). Studies in Tibetan Plateau have shown that water deficit was the main factor controlling the resistance of juniper trees and higher drought frequency caused the decline of junipers’ growth, which was due to a lower tolerance to extreme drought events (Fang et al., 2021). In South America, predicted increases in drought frequency and intensity can have negative consequences for the functioning of the Amazon Forest (Van Passel et al., 2022).

Tree ring width is commonly used as a tree ring parameter and a measure of tree increment, which has contributed to the largest proportion of dendroclimatological research worldwide (He et al., 2019). Due to its precision as a proxy of recording climate information up to the millennium scale (Shen et al., 2020), it has been a useful tool in evaluating growth sensitivity to climate change and assessing the impact of future climate change on the radial growth of tree species and forests (Huang et al., 2010).

The Central Hengduan Mountains (CHM) is located in southeastern margin of Tibetan Plateau, which is a sensitive region to global climate change (Zhang et al., 2020). It is rich in biodiversity and covered by extensive forests composed of various species, covering their altitude distributional range and forming different treeline types. Therefore, the area is considered an excellent location to conduct a dendroclimatology study (Fan et al., 2009). Many efforts have been made to reconstruct historical climate and to find key climate factors affecting tree growth by using tree ring data of typical coniferous tree species in CHM, such as for Abies georgei (Fan et al., 2009; Liang et al., 2010; Panthi et al., 2018), Larix potaninii (Zhang et al., 2017¸ 2020), Picea brachytyla (Fan et al., 2008; Li et al., 2012; Yue et al., 2022), Picea likiangensis (Wang et al., 2018; Yu et al., 2018; Du et al., 2020), and Tsuga dumosa (Guo G. et al., 2009; Li et al., 2011; Aryal et al., 2020). These studies found that tree radial growth was influenced by both temperature and precipitation, but the growth response pattern was depended on species characteristics and site conditions. These studies provide an opportunity to understand climate-growth relationships for tree species and forests in high-altitude areas, and their connection to large-scale climate models (He et al., 2019).

Pinus yunnanensis forests are mainly distributed in Yunnan-Guizhou Plateau and in the southeastern edge of the Tibetan Plateau, and are important timber forests in southwestern China (Fu et al., 1999). P. yunnanensis is a shade-intolerant and deep-rooted coniferous species growing at altitudes between 1800 to 3,200 m a.s.l. in CHM (Deng et al., 2014; Shen et al., 2020). The species has strong adaptability to arid climate and barren soil, with red soil as the representative soil type. It grows best on well-drained north slopes with adequate light. The concurrent climate conditions in CHM are consistent with the climate background of global warming, which makes this typical species particularly interesting for studying the growth response to climate change. Tree ring studies of P. yunnanensis have been carried out at high (Yang et al., 2018, 2022), medium (Shen et al., 2020), and low altitudes in southwestern China (Sun et al., 2020). However, its growth responses to climate change in CHM is not well understood.

In this paper, we utilized dendrochronology methods to study the relationship between the radial growth of P. yunnanensis and climate by establishing tree ring width chronologies and detecting its growth response to climate factors on Haba Snow Mountain (HB) and Yulong Snow Mountain (YL) in CHM. We aim to (1) identify the critical climate factors affecting the growth of P. yunnanensis in the area, and (2) analyze the temporal stability of climate-growth relationships to determine whether the growth response to annual climate factors is smooth over time. It was hypothesized that temperature and precipitation interacted temporally, and negative impacts of temperature on growth were expected in dry periods. Furthermore, we explored the impact of future climate change on P. yunnanensis forests growth based on climate-growth relationships results and climate models.



2 Materials and methods


2.1 Study area

HB with the peak of 5,396 m a.s.l. and YL with the peak of 5,596 m a.s.l. are two typical snow-capped mountains in the Central Hengduan Mountain (CHM), separated by the Jinsha River (Figure 1). Different vegetation types are formed along the altitudinal gradient in CHM. The dry valleys are usually covered by scrublands. Warm-temperate coniferous forests, dominated by P. yunnanensis and Pinus armandii, are mainly distributed at altitudes between 1,000 m a.s.l. and 3,300 m a.s.l. Pinus densata is a dominant species at altitudes of 2,600 to 3,500 m a.s.l. on the southern slope. Cold-temperate coniferous forests are dominated by spruce (P. brachytyla, P. likiangensis), fir (A. georgei, Abies forrestii) and larch species (L. potaninii), at elevations ranging from 3,000 m a.s.l. to 4,200 m a.s.l. (Fan et al., 2009).

[image: Figure 1]

FIGURE 1
 The location of sampling sites and meteorological station. HB: Haba Snow Mountain; YL: Yulong Snow Mountain; the same below.


Although vegetation types along the altitudinal gradient were similar in both HB and YL, the distribution range of P. yunnanensis was a bit different. The species is mainly distributed from 2000 m a.s.l. to 3,500 m a.s.l. in HB, while the distribution of P. yunnanensis in YL ranged from 2000 m a.s.l. to 3,000 m a.s.l. In HB, the soil texture is predominantly loamy, distributed from 1800 to 3,450 m a.s.l., transitioning from red soils to yellow and then brown soils. Above 3,900 m a.s.l., podzolic soil and meadow soil prevail. In YL, the soil texture is dominated by loam and clay, with a gradual transition from clay and loamy clay to sandy clay, sandy loam, and loam as the altitude increases from low to high.

The climate in CHM is strongly influenced by the southeast monsoon and southwest monsoon, with the monsoon climate characteristics of simultaneous rain and heat, and distinct dry and wet seasons. According to the meteorological data (1951–2021) of Lijiang meteorological station (26°51′N, 100°13′E, 2380.9 m a.s.l., Figure 2), annual mean temperature was 12.97°C, while annual maximum temperature (23.92°C) and annual minimum temperature (−0.11°C) appeared in June and January, respectively. The annual total precipitation was 988.93 mm, mainly occurring in summer, as the precipitation from June to September accounted for 75% of the total precipitation. Over the last three decades, the climate of the study area has been characterized by noticeable warming and drying, with a significant increasing trend in temperature (particularly during the period from 1990 to 2016) and a decreasing trend in Palmer Drought Severity Index (PDSI) between 1951 and 2021, while precipitation did not show a significant decreasing trend (Figure 3).

[image: Figure 2]

FIGURE 2
 The monthly climatic characteristics at Lijiang Meteorological Station (1951–2021). Prec, monthly total precipitation; Tmin, monthly mean minimum temperature; Tmean, monthly mean temperature; Tmax, monthly mean maximum temperature.


[image: Figure 3]

FIGURE 3
 Annual trends of mean temperature (A), precipitation (B) and Palmer Drought Severity Index (PDSI) (C) at Lijiang Meteorological Station (1951–2021).




2.2 Tree-ring sampling and chronology development

We sampled mature and healthy trees without insect damage at undisturbed forest communities at two adjacent sites with similar climate conditions and growth environments (Table 1). The cores were drilled at the trees’ breast height (1.3 m) with a 5.15-mm-diameter increment borer, one or two cores were extracted per tree from the opposite direction parallel to the contour to avoid growth reaction to the slope. Obtained cores were labelled and placed in plastic straws. In the laboratory, the cores were put into wooden tanks by using white latex and tape. The samples were polished by sandpaper with gradually finer particle sizes (200 mesh to 1,000 mesh) until the growth rings were visible. Then, the cores were visual cross-dating under a microscope and scanned by EPSON (Expression11000XL) scanner. The scanner parameters were set to 24-bit full-color professional mode image types, with a resolution of 2000 dpi. The dated cores were measured using the CDendro and CooRecorder ver. 9.8.1 software at a precision of 0.001 mm to obtain the ring widths. Furthermore, the results of cross-dating were examined by the COFECHA program (Holmes, 1983), and those cores with inadequate quality were removed based on the testing results. Ultimately, 62 trees from 112 cores remained for the further analysis.



TABLE 1 Sampling sites information.
[image: Table1]

To remove the growth trend caused by genetic factors or individual interference while preserving more climate signals, a negative-exponential curve function was applied to standardize the ring width series. Residual chronologies (Figure 4) were developed after autoregressive modelling performed on per standardized series to remove potential autocorrelation and retain high-frequency climate change. Further, all residual series were averaged on a site-by-site basis utilizing the bi-weight robust mean (Cook, 1985), to minimize the influence of outliers. All procedures were executed using the ARSTAN Program (Cook, 1985) and two residual chronologies were generated with chronological eigenvalue (Table 2), including mean sensitivity (MS), signal-to-noise ratio (SNR), standard deviation (SD), and expressed population signal (EPS), etc.

[image: Figure 4]

FIGURE 4
 Residual chronologies of tree ring width for two sampling sites. R, ring width index; S, sample depth.




TABLE 2 Statistics of tree ring width residual chronologies.
[image: Table2]

The MS quantifies the degree of inter-annual variation in ring width, serving as an indicator of the sensitivity of tree growth to climate change. A higher value indicates a greater inter-annual variation in ring width, suggesting that the trees are highly responsive to environmental changes. The SNR serves as an indicator of the proportion of climatic signals to non-climatic noise within the ring width data. A high SNR signifies that the ring-width data contains a richer climatic information. The SD is a statistical measure that assesses the dispersion of tree ring width data, reflecting the variation in ring width across different growth years. The EPS is a statistical metric that assesses the representativeness of a sample. A high value of EPS means that the sample data are well represented and can be used to infer growth and climate change in broader regions.



2.3 Climate data

Monthly mean maximum temperature (Tmax), monthly mean temperature (Tmean), and monthly mean minimum temperature (Tmin), sourced from the neareast Lijiang Meteorological Station (26°50′N, 100°13′E, 2,382 m a.s.l), were acquired through the National Oceanic and Atmospheric Administration (NOAA).1 Precipitation data were obtained from the Climatic Research Unit (CRU TS v. 4.07; https://crudata.uea.ac.uk/cru/data/hrg) at a resolution of 0.5° × 0.5° (Harris et al., 2020). The PDSI is a comprehensive meteorological drought index that considers precipitation, temperature, evapotranspiration, and drought duration (Alley, 1985). The PDSI data was extracted from the monthly data set compiled by the global CRU grids2 at 0.5° × 0.5° spatial resolution (Dunn et al., 2022). Its index ranges from −4 (indicating extremely dry conditions) to +4 (indicating extremely wet conditions), where a smaller value represents a more severe relative drought.



2.4 Data analysis

To capture the lag effect of climate on tree radial growth (Fritts et al., 1965), each tree ring was paired with 14 months of climate data spanning from the previous year’s September through the following October. The climate timeseries interval was from 1987 to 2017 for the data analysis. Five climate variables were selected for analyzing relation to tree radial growth, including Tmean, Tmax, Tmin, the monthly total precipitation, and PDSI.

The response function was applied to analyze correlations between climate variables and chronologies by using DendroClim2002 (Biondi and Waikul, 2004). The coefficients of the response function are multivariate estimates from a principal component regression model (Morzuch and Ruark, 1991) and the method solves the inter-correlation problems among climatic variables (Fritts et al., 1971). To further identify common climate variables affecting the radial growth of P. yunnanensis, the redundancy analysis (RDA) was also conducted using CANOCO 5.0 software. RDA is the canonical form of principal component analysis (PCA) and constitutes the direct extension of multiple regressions applied to multivariate data (Legendre and Legendre, 1998). In RDA, the ordination axes are constrained to be linear combinations of supplied environmental variables (ter Braak, 1994), and it is an effective method in quantifying the relationship between tree-ring width and climate variables (Girardin et al., 2004; Drobyshev et al., 2013; Zhang et al., 2020). Like the response function, Tmean, Tmax, Tmin, the monthly total precipitation, and PDSI were selected for RDA. Following a Monte Carlo permutation test involving 999 random permutations, only those climate variables showing significant correlations (p < 0.05) with the two residual chronologies were presented in the RDA.

For tracing the dynamic relationship over time between the annual ring width index and climate, the Moving Forward method (with a window of 36 years) in the Evolutionary and Moving Response and Correlation module of DendroClim 2002 software was also applied to calculate temporal stability of relationships between chronologies and climate variables. The Special Report on Emissions Scenarios (SRES) B2 scenario was considered as future changes in temperature and precipitation, it was published by the Intergovernmental Panel on Climate Change to provide an assessment of the climate change. The graphs were plotted using the ggplot2 program package in R.




3 Results


3.1 Tree-ring chronologies

Both residual chronologies with high values of SNR and variance in first eigenvector contained large climate information (Table 2). Tree growing in YL with greater MS and SD showed higher interannual fluctuations than those in HB (Table 2). The high EPS (>0.85) confirmed that the sampled population for each site was well-represented, and two residual chronologies could reflect the overall growth characteristics of P. yunnanensis in the study area and then the chronologies could be applied to conduct correlation analysis with climate variables.



3.2 Climate-growth relationship

We showed correlations between radial growth and climate variables in Figure 5. In HB, the radial growth of P. yunnanensis was significantly associated with Tmax in May and precipitation in February, by showing negative and positive correlations, respectively. In addition, PDSI in the previous September negatively affected P. yunnanensis growth. In YL, the radial growth was significantly and negatively correlated with May and June temperatures (both Tmean and Tmax), and significantly and positively correlated with Tmean and Tmin of the current October. While P. yunnanensis radial growth was found to be positively correlated with precipitation in May and June, and previous October. For PDSI, significant and positive correlations were found in June and July.

[image: Figure 5]

FIGURE 5
 Correlation coefficients between residual chronologies and climate variables during the periods between 1966 and 2016. * indicates a significant correlation at p < 0.05. p: previous year, the same below.




3.3 Redundancy analysis

The results of RDA (Figure 6) revealed that three climate variables significantly affected the radial growth of P. yunnanensis. Specifically, May Tmean, current October Tmean, and June precipitation explained 17.9, 6.7, and 4.7% of the radial growth, respectively. The first axis and the second axis accounted for 24.49 and 4.85% of the response variables, respectively. May Tmean exerted the most considerable influence on radial growth with negative impacts at both sites, while current October Tmean positively affected the radial growth. June precipitation presented inverse impacts on tree growth at two sites, by showing negative and positive influences in HB and YL, respectively.

[image: Figure 6]

FIGURE 6
 The redundancy analysis (RDA) between chronologies and the climate variables (1966–2016). Only significant (p < 0.05) climate variables were presented. Tmean-10, mean temperature in current October; Tmean-5, mean temperature in current May; Prec-6, precipitation in current June.




3.4 Dynamic relationships analysis

The moving response analysis results (Figures 7A,C,E) showed that the growth response of P. yunnanensis to precipitation in May remained relatively stable in HB, by showing positive correlations over the decade with significant periods between 1987 and 1999. The negative response to May temperature reached a significant level before 2000 (p < 0.05) and then weakened. The drought condition in previous September was likely to affect P. yunnanensis growth, as the negative influences of PDSI strengthened in recent 20 years.
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FIGURE 7
 Moving interval analysis between chronologies and the monthly total precipitation (prec) (A), monthly mean temperature (temp) (C) and Palmer Drought Severity Index (PDSI) (E) in HB, and (prec) (B), (temp) (D), (PDSI) (F) in YL from previous September to current October (1987–2017). p: previous year.


In YL, the response of P. yunnanensis to precipitation (positive) and temperature (negative) in current May, temperature in current October (positive), and PDSI (negative) in current October were stable, by showing significant correlations at many years. For current June, the negative impacts of temperature and positive effects of precipitation on tree growth were enhanced after 1992. In Addition, the positive response to PDSI in current June and July fluctuated due to climate change and reached a significant level from 2012 to 2016 (Figures 7B,D,F).




4 Discussion


4.1 Common response to climate

Both response function analysis and RDA revealed that high temperature (Tmax) in May restricted the radial growth of P. yunnanensis at two sites (Figures 5, 6). In general, temperatures rose rapidly during the early growing season (April to May), but the region does not experience a rapid increase in precipitation during these months (Figure 2). This may cause drought stress for tree growth induced by the acceleration of plant transpiration and soil moisture evaporation, which lead to insufficient water supply (Denmead and Shaw, 1962). Similar results have been reported in other conifers in CHM, such as the A. georgei in HB (Sun et al., 2021), A. forrestii and P. likiangensis in YL (Yang et al., 2022), and T. dumosa in YL (Guo G. et al., 2009), indicating the importance of sufficient moisture condition of this period on tree growth in the area. This water-demand effect was also supported by the results of response function analysis, by showing positive relation to May precipitation (Figure 5). High precipitation could compensate for the loss of soil water caused by rapid increase in temperature with high evaporation, consequently alleviate the plant transpiration and avoid stomatal closure. Moreover, the increase in precipitation could supply soil moisture for xylem cell production and the onset of xylogenesis (Shen et al., 2020) during the cambium active period of tree growth in the early growing season (Rossi et al., 2016).

Current October Tmean positively affected the radial growth of P. yunnanensis (Figure 6), suggesting the importance of the impact of post-growing season temperature on tree growth. During the post-growing season, cambial activity tended to be weakened (Gričar et al., 2007). However, elevated temperatures could stimulate photosynthesis and generate nutrients for tree growth, and prolong the growing season, consequently leading to the formation of wider annual ring widths (Dawadi et al., 2013). Similar results have also been found in the growth of A. georgei (Sun et al., 2021) in HB and Abies fargesii (Kharal et al., 2017) in adjacent Manan River Valley of central Himalayas.

The common climate variables with inverse effects between two sites were also observed. Excessive precipitation in June had negative impacts on P. yunnanensis growth in HB. Tree began to fast growth in June on HB and would benefit from high temperature for photosynthesis (Zhang et al., 2020). However, greater precipitation is generally combined with enhanced cloudiness, reduced solar radiation input, and lower temperatures, which might decrease the photosynthetic process (Fan et al., 2019). The constraints of early summer precipitation on tree growth have also been reported in previous studies in four conifers (Zhang et al., 2020), P. yunnanensis (Shen et al., 2020), and A. georgei (Yin et al., 2018) in CHM. In comparison with HB, the sampling site is about 300 m lower in YL, water availability was more important than temperature at lower elevation sites (Fan et al., 2009). Xylem cell production benefits from energy and soil moisture during the cambium active phase (Liang et al., 2014) and enough precipitation can satisfy the water demand of the tree growth in the growing season. This was also demonstrated by growth reaction to PDSI in YL, presenting significant and positive correlations with PDSI in current June (Figure 5).

Furthermore, the observed inverse response can be attributed to variations in soil conditions. The soil is relatively infertile with low organic matter due to steep slopes and shallow soil layers in HB (Su and Wang, 2020), elevated precipitation may trigger soil erosion and therefore endanger its growth. While in YL, the soil is comprised of loam and clay with a higher organic matter content, abundant precipitation may create moist soil conditions for tree growth (Guo L. N. et al., 2009).



4.2 Site-specific climate response

The radial growth of P. yunnanensis was affected by winter precipitation in HB (Figure 5). The rise in February precipitation facilitated the formation of a thicker snow cover, effectively shielding roots from potential damage induced by low temperatures and harsh winds at higher altitudes (Zhang et al., 2020). As the snow melted, the heightened soil moisture further supported roots in optimizing water and nutrient uptake, ultimately promoting tree growth (Su and Wang, 2020). The positive effects of winter temperature on tree growth were also highlighted by previous studies at high elevations in the area (Fan et al., 2009; Zhang et al., 2018).

Favorable soil moisture conditions in July promoted the radial growth of P. yunnanensis in YL, since adequate soil moisture could accelerate nutrient dissolution and transport, as well as facilitate root absorption, enriching trees with essential nutrients and alleviating drought stress. A similar response pattern to soil moisture was observed by Sun et al. (2020) in Hengduan Mountains, where P. yunnanensis tree rings were positively correlated with summer moisture availability.



4.3 The stability dynamics

In general, the results of moving interval analysis approved the findings obtained through response function and RDA, by showing significant correlations in many years for those months (e.g., May, June, July, and October), which presented significant relations to tree growth. Furthermore, the stability of climate-growth relationships exhibited variability on an interannual scale. For example, the strongest correlation between tree growth and May temperature in HB was detected from 1990 to 2000, then the strength of the relationship became weakened after the 21st century. This may be attributed to the noticeable temperature surge in Lijiang during that 10-year period (Figure 3), correspondingly, there was a notable strengthening of the positive correlation between growth and May precipitation during this period. The increased precipitation seemed to alleviate the drought stress caused by the sharp temperature rise. Similar results were also presented by the relationship between tree growth and June precipitation, temperature, and PDSI in YL, and other studies that showed the stability of climate-growth relationships varied with warming periods and abrupt climatic changes in the region (Shen et al., 2020).



4.4 Future tree and forest growth

According to the future climate simulation under the Special Report on Emissions Scenarios (SRES) B2 scenario, the mean temperature in spring, summer, autumn, and winter in Southwest China is projected to increase by 2.6°C, 3.1°C, 2.7°C, and 3.1°C, and precipitation will relatively increase by 8, 7, 6, and 8% in 2071–2,100 (Xu et al., 2005). Incorporating the climate response of tree growth and the prediction of future climate conditions, the productivity of P. yunnanensis forests would likely be enhanced. The radial growth of P. yunnanensis will benefit from increases in precipitation since precipitation is all positively correlated with tree growth (except June precipitation in HB). Although higher temperature in spring and early summer will inhibit tree growth, increases in precipitation of the corresponding seasons is likely to offset the negative impact. Therefore, the growth of P. yunnanensis forests was expected to enhance under future climate change in the area.




5 Conclusion

We studied the climate-growth relationships of P. yunnanensis in CHM and predicted the growth of its predominant forest. Both temperature and precipitation affected its growth, and tree growth showed common and site-specific responses to climate change. Moisture conditions in May would be the most critical factor influencing its growth, while June precipitation and current October temperature were other two common factors affecting P. yunnanensis growth. Although intense warming of spring and early summer months in the future may exacerbate drought stress on forests, we believe that a high percentage of increased precipitation would offset insufficient water supply induced by warming. According to the results, the radial growth of P. yunnanensis may increase under future climate conditions in our study area. Further studies on species’ drought response mechanism are required and sustainable strategies of forest management should be focused on improving resistance to drought.
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Introduction: Understanding the pattern of species diversity and underlying ecological determinants driving a forest ecosystem is fundamental to conservation biology and forest management. Boreal forests play an irreplaceable role in providing ecosystem services and maintaining the carbon cycle globally, yet research attention remains disproportionately limited and lacking throughout time.

Methods: Based on field measurement data from a large (25 ha) fully-mapped coniferous forest plot, the present study quantified patterns of species diversity and their determinants in Kanas of Xinjiang, northwest China. We applied linear regression analysis to test the effects of biotic and soil factors on alpha-diversity and local contribution of beta diversity (LCBD), and then we adopted path analysis to test the determinants that affected the species diversity index.

Results and discussion: Our results revealed that alpha-diversity indices did not vary greatly across different subplots, and richness value (between 2 and 6) was low in Kanas. Noteworthy is the discerned negative association between the average diameter at breast height (DBH) and species richness, suggesting that areas with smaller DBH values tend to harbor greater species richness. For beta-diversity, a higher value was observed in the substory layer (0.221) compared to both the canopy layer (0.161) and the understory layer (0.158). We also found that the species abundance distance matrix of biological and soil environmental factors were significantly correlated with species geographic distance matrices. More importantly, our results showed that average DBH and soil pH would affect the alpha diversity indices, and average DBH, soil Ph, average height and soil total Phosphorous would affect the beta diversity indices. Soil pH also indirectly affected the LCBDunder, LCBDsub, and LCBDcan (p ≤ 0.001), upon mediation of alpha diversity indices. Overall, our results provide crucial revelations about species diversity patterns in boreal forests, and insights that can support the protection of forest biodiversity in China.

Keywords
 β diversity; vertical strata; species composition; community structure; boreal forest


1 Introduction

Seeking explanation on mechanisms of species coexistence, which determine the spatial patterns of species and dynamics of communities of a forest ecosystem (Shaheen et al., 2023; Haq et al., 2023c), has been a longtime endeavor within community ecology research (Whittaker, 1960). Although several studies have sought to explain species coexistence and community structure (Gravel et al., 2011; Levine et al., 2017), and the relationships between biodiversity and ecosystem functioning, it is still a great challenge to interpret how biotic and abiotic factors affect plant diversity functions (Sanaei et al., 2021). These factors are not exclusively influential but rather mutually correlated, rendering it challenging to discern the specific role of each in shaping community structure (Pyšek et al., 2005; He et al., 2022). Hence, a detailed study on the relationship between forest species diversity and environmental factors is vital to shed light on key influential factors and underlying ecological mechanisms (He et al., 2022).

Species diversity remains one of the central topics in contemporary ecology and the subject of various studies, from community to landscape-level, and in all types of ecosystems (Pyšek et al., 2005; Bhat et al., 2020; Legesse and Negash, 2021; Thakur et al., 2022; Haq et al., 2023a). Understanding the patterns and determinants of species diversity in forest ecosystems are fundamental to our knowledge of ecological processes, biological conservation and forest management (Socolar et al., 2016; Haq et al., 2023b). In the 1960s, an ecologist proposed three scales to measure biological diversity - alpha-diversity, beta-diversity, and gamma-diversity (Whittaker, 1972). Alpha (α) diversity mainly explores species diversity within a community, while beta (β) diversity focuses on species diversity between communities (Socolar et al., 2016; He et al., 2022). Both alpha-diversity and beta-diversity are crucial for understanding what species are composited and how biotic communities are structured (Socolar et al., 2016). Importantly, as a supplement to species richness, understanding the pattern of beta-diversity in different communities plays an important role in guiding conservation strategies, and determining priorities for regional conservation (Bergamin et al., 2017; He et al., 2020). However, most current research only recognizes patterns of alpha-diversity (Pyšek et al., 2005; Bhat et al., 2020), whereas those of beta-diversity has often been overlooked.

In a forest ecosystem, the plant compartment is composed of canopy, substory and understory strata, which are hierarchically structured (Barrufol et al., 2013; Haq et al., 2022; Basham et al., 2023). It is generally well-known that canopy strata can shape the function and structure of understory strata by regulating available resources, including light and nutrients (Barrufol et al., 2013; Araujo et al., 2020). Although exploring the complex the vertical structure in a stable forest community is crucial, especially when linked to the partitioning of beta-diversity, the studies mostly overlooked the variations in the vertical structure (Mori et al., 2013).

It has also been widely reported that interactions between plants and environmental conditions are regulating community spatial patterns of various vegetation types in different climatic regions (Sanaei et al., 2021). Localized environmental conditions may further affect tree growth and distribution, which may determine resource availability for plant growth and survival (Barrufol et al., 2013; Lu et al., 2021). For example, nitrogen is considered as the key nutrient for plant survival and growth in terrestrial ecosystems, particularly in cold temperate soil (Liu et al., 2021; Chang et al., 2022; Chen et al., 2022). Additionally, some studies found that soil pH can directly or indirectly impact plant species diversity and community composition (Ste-Marie and Pareâ, 1999; Ouyang et al., 2022). In summary, changes in soil properties caused by plants would definitely improve the availability of nutrient, thereby affecting plant diversity and performance (Pyšek et al., 2005; Sanaei et al., 2021). Furthermore, some studies have identified topographic variables as key explanatory factors for species richness, highlighting the significance of site-specific habitat factors in driving spatial variation in species richness at the local scale (Irl et al., 2015; Zellweger et al., 2015). Yet the process of how soil factors affect plant growth and community construction is still unclear.

Although some ecologists have studied species diversity and its determinants, most of these were carried out in subtropical and tropical forests (Phillips et al., 1994; Japan et al., 2004; Hill et al., 2011). Despite boreal forests accounting for 11% of the total forested area, and thus represents the largest vegetation type around the world (Gauthier et al., 2015), research on boreal forests remain sparse. It is therefore crucial to study existing patterns of species diversity and its drivers, to help us better understand community assemblies and diversity maintenance under current global environmental changes (Liu et al., 2021). In Kanas, forests are commonly dominated by diverse species, which differ from other forests in central North Asia that are dominated by a single canopy (Liu et al., 2021). Yet the interaction between the plant species and environment in kanas forest is still unclear.

In this study, we aim to explore the potential factors influencing species diversity through the perspective of vertical stratification within forest community. Specifically, we first collected data-relevant variables from a 25-ha permanent forest plot in the Kanas National Nature Reserve (KNNR) within the Xinjiang Uygur Autonomous Region in Northwest China, calculated the alpha-diversity and beta-diversity, and partitioned the local contributions to beta diversity (LCBD). We then tested the linkages between LCBD and environment factor by regressing on related explanatory variables. Our study aims to answer the next four questions: (a) what are the alpha-diversity and beta-diversity patterns of the boreal coniferous forest in KNNR; (b) what is the relationship between environmental variables and plant diversity; (c) do environmental factors affect the alpha-diversity and beta-diversity patterns; and (d) how do soil environmental variables, topographic variables, biological variables and plant diversity indices interact with each other? what is the specific impact path process? By studying the potential impact factors of species diversity from the aspect of vertical stratification of forest communities, this study may present novelty in revealing the mechanism of forest biodiversity conservation and species coexistence.



2 Materials and methods


2.1 Study area

The study area is located in the middle of Altai Mountain (48° 35′-49° 11′ N, 86° 54′-87° 54′ E) at KNNR (Figure 1), which has a temperate continental climate, with temperature extremes between summer and winter. The temperature ranges from −37°C to 29.3°C with an annual average at −0.2°C, and mean annual precipitation at about 1,000 mm. Elevation within the KNNR ranges from 1,241 m to 4,381 m. The Forest cover in the Altai mountains of China is considered typical of boreal forests found regionally, with coverage dominated by over four plant species, including Larix sibirica Ledeb., Picea obovata Ledeb., Pinus sibirica (Loud.) Mayr, and Betula pendula (Loud.) Mayr (Liu et al., 2020).

[image: Figure 1]

FIGURE 1
 The location and Digital elevation map (DEM) of the study area in the Altay Mountains, north-west China.




2.2 Data collection

In the summer of 2019 and 2020, we collected data from a 25 ha (500 m*500 m) permanent forest plot, established in a coniferous forest of northwest China. We inventoried the plants in our study area according to the standard field protocol of the Center for Tropic Forest Sciences (CTFS; Condit 1998). Marking the southwest corner as the origin of the coordinates, the 25-ha plot was divided into 625 subplots at 20 m*20 m, and each subplot was then subdivided into 16 quadrats at 5 m*5 m. Within each quadrat, we recorded all living species with a diameter at breast height (DBH) ≥ 1 cm (Bagchi et al., 2011).

After removing litter and stones, the top soil (0–15 cm) of these plant species was taken to laboratory and soil characteristics were analyzed. We also measured nine soil environmental factors, which included soil pH value, bulk density, alkaline hydrolysable nitrogen (AHN), soil organic carbon (SOC), total nitrogen (N), total phosphorus (P), C:N ratio, C:P ratio and N:P ratio for each subplot. Soils were sampled both at the center and at the four quadrat corners (Bao, 2000). For each soil property, the mean of all five samples (center and four corners) was calculated. We also calculated four topographic traits for each subplot, including aspect, convexity, elevation and slope (He et al., 2022).

Within the plot at KNNR, the number of species increased rapidly during initial stages when the sampling area was small, and gradually plateaued with further increase in sampling area (Figure 2). This indicated that the 625 subplot is sufficient to explain the species composition in KNNR.

[image: Figure 2]

FIGURE 2
 Species–area curve for woody plants in KNNR 25 ha forest dynamics plot.


In total, we recorded 28,321 plant individuals for analysis. Based on the 10 cm DBH intervals, the forest vertical stratum was divided into three categories, the understory layer (0-10 cm), substory layer (10-20 cm) and canopy layer (>20 cm) (He et al., 2022).



2.3 Measures of alpha-diversity and beta-diversity

We calculated four alpha-diversity indices in each of the 625 subplots across the KNNR forest plot, including species Richness, Shannon entropy, Simpson index and Pielou evenness indices. The alpha-diversity indices calculations were conducted using the ‘vegan’ R package in R 4.0.3 software (Oksanen et al., 2018). The species 330 richness is the total count of species types within a subplot, while the 331 specific calculations for the other three alpha-diversity indices are as follows Eqs. 1–3:

[image: image]

where Ni represents the abundance of species i, and N0 is the sum of the individual number of all species.
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On beta diversity, as the total variance of the Hellinger-transformed community composition, the beta-diversity statistic (BDTotal) was calculated (Eq. 4)We than partitioned Beta-diversity into Local Contribution to Beta Diversity (LCBD, Eq. 5). The beta-diversity calculation was performed using the ‘adespatial’ R package in R 4.0.3 software (Dray et al., 2012).
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where SSTotal refers to the total sum of the squared deviations from the column means of the whole YHel matrix, and BDTotal represents the unbiased form of the total variance.
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where SSi represents the sum of squares corresponding to the ith subplot (i.e., the contribution of subplot i to the overall beta-diversity). LCBDi is the reflection of the degree of the compositional uniqueness of the subplots which can be compared with each other.



2.4 Data analysis

We first adopted the mantel test to identify whether there a relationship between species diversity indics and environmental factors. Mantel test was carried out using the ‘LinkET’ R package in R 4.0.3 software (Huang, 2021).

We used general linear models (LM) to analyse how soil environment factors affected the species diversity indices. We identified Richness index (model 1), Shannon index (model 2), Simpson index (model 3), Pielou evenness index (model 4), LCBDlayer (model 5), LCBDund (model 6), LCBDsub (model 7) and LCBDcan (model 8) as response variables. In order to assess multicollinearity among the predictor variables in the model, we conducted VIF (Variance Inflation Factor) tests using the ‘car’ package in R (Fox and Weisberg, 2019). The results indicated that all VIF values were below 10, suggesting the absence of severe multicollinearity issues within the model. The model selection process produced 33 and 40 top-ranked models (ΔAIC≤2), respectively, which we averaged into a final model. Model selection was performed using the ‘MuMIn’ R package (Barto, 2023), whereas the LM analysis was conducted using the ‘lme4’ R package in R 4.0.3 software (Bates, 2005).

Furthermore, we used path analysis to explore influences from the constructs of the species diversity. We selected significant variables from the LM models, and subsequently tested for relationships between biological variables, soil environmental variables, alpha diversity indices and LCBD. Path analyses were carried out using the ‘Lavvan’ R package in R 4.0.3 software (Rosseel, 2012).




3 Results


3.1 The patterns of alpha-diversity and beta-diversity

A total of 28,321 woody individuals, representing 4 families, 7 genera, and 7 species, were recorded and analyzed in this study. We mapped the spatial distributions of the alpha-diversity value for each subplot (Figure 3). The range of species richness for each subplot varied between 2 and 6 with a coefficient of variation (CV) at 19.42%, whereas the range of the exponential of Shannon entropy for each subplot varied from 0.229 to 2.152 (CV = 19.18%). The average Simpson and Pielou value for each subplot was 0.604 and 0.779, respectively, (CV = 17.92) (Figure 3).

[image: Figure 3]

FIGURE 3
 The distribution on alpha-diversity across 625 subplots (20 m*20 m) within the 25 ha forest plot in the KNNR.


Our results showed that there were higher values for species composition in the substory layer than the other two forest layers, which corresponded to the observed higher beta-diversity value in the substory layer (0.221) relative to the canopy (0.161) and understory layers (0.158) (Table 1). We found the highest beta-diversity value for the substory layer, which reflected the greatest compositional dissimilarities between its sampled subplots.



TABLE 1 The statistical results of beta diversity in a coniferous forest of northwest China.
[image: Table1]

LCBD measures the contribution of local environmental factors to beta diversity, indicating how much species composition differs between neighboring locations within the forest. In our result, we observed the highly predictable pattern of LCBD value. The value of LCBD among three layers were different across the three forest vertical strata, with an average value of 1.77*10−3 in the understory layer, 1.60*10−3 in the substory layer, and 1.76*10−3 in the canopy layer (Figure 4). This highlighted variations in local environmental conditions and species composition across these strata.

[image: Figure 4]

FIGURE 4
 Scatter plots showing variation in LCBD. LCBD represents local contribution to beta-diversity. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05.




3.2 Relationship between species diversity indices and soil environmental variables

We used the Mantel test to explore the relationship between species diversity indices values and soil environmental factors. The test results showed that the distance matrix on alpha-diversity and beta-diversity in the community had a significant positive correlation with the distance matrix of soil pH, soil SOC, total N, AHN, N:P and C:P (p < 0.001), and also a significant positive correlation between average DBH and average height of tree plants (p < 0.001; Figure 5). In addition, total N, C:N ratio, aspect, convexity, elevation, and slope showed no significant correlation with biodiversity indices. Specifically, soil pH, SOC, total N, AHN, N:P ratio, and C:P ratio were significantly positively correlated with species Richness, Shannon, Simpson, and Pielou indices, while they were significantly negatively correlated with LCBD, LCBDund and LCBDsub; The average DBH were significantly positively correlated with species richness, while they were significantly negatively correlated with LCBDund.

[image: Figure 5]

FIGURE 5
 Species abundance related to each environmental factor, as determined by Mantel tests, and the correlation between species diversity and influencing factors. Edge width denotes the Mantel r statistic for the corresponding distance correlations, whereas edge color denotes the statistical significance based on 9,999 permutations. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05.




3.3 Effects of soil environmental variables on species diversity indices

We used LM to further explore whether the soil feature and plant biological factors would directly affect the alpha-diversity indices and LCBD value (Figure 6; Tables 2, 3). Our results showed that average DBH had significant positive impact on the Pielou index, and significant negative impact on the Richness (Figure 6A). Particularly, soil pH values had significant negative impacts on the Shannon, Simpson and Pielou indices values, and soil N:P had significant negative impacts on the Simpson index (Figure 6A). Regarding local contribution to beta-diversity, the average DBH, average height, soil pH, soil total N and soil total p values were found to affect LCBD values (Figure 6B). Specifically, the LCBDund was significantly positively impacted by average height and soil pH. LCBDsub was significantly positively impacted by average DBH, whereas LCBDcan was significantly negatively impacted by average DBH, total N and soil total P (Figure 6B). Our results indicated that topographic variables (aspect, convexity, elevation and slope) and soil factors including SOC, AHN, C:N and C:P did not show any significant influence on the alpha and beta indices.

[image: Figure 6]

FIGURE 6
 Summary of LM averaged model estimates for (A) alpha-diversity and (B) beta-diversity values, under different forest strata (N = 625). ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05.




TABLE 2 Summary of LM averaged model estimates for alpha-diversity. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05.
[image: Table2]



TABLE 3 Summary of LM averaged model estimates for LCBD. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05.
[image: Table3]



3.4 Determinants of the local contribution to beta diversity

We used path analysis to test the determinants that affected the species diversity index. Our path analyses showed that soil pH and N:P ratio had positive direct and indirect effects on the alpha-diversity indices and LCBD (p ≤ 0.001; Figure 7A). Specifically, N:P ratio and pH influenced Richness and Pielou indices by affecting average DBH, ultimately impacting LCBD (Figure 7A). PH directly affected the LCBD, mediating by the Simpson index (Figure 7A).

[image: Figure 7]

FIGURE 7
 summarizes the results of path analysis on the LCBD (N = 625). Panel A illustrates the path analysis among influencing factors for all layer LCBDs, Panel B is for understory, Panel C is for substory, and Panel D is for canopy. Path estimates are standardized coefficients. The solid line indicates significant relationship between variables, and the dotted line insignificant relationship between variables. ***p ≤ 0.001; **p ≤ 0.01; *p ≤ 0.05.


For LCBDund, N:P ratio and pH influence Richness and Pielou indices by affecting average DBH, ultimately impacting LCBDund. Average height directly affected LCBDund (Figure 7B). For LCBDsub, pH indirectly affected the LCBDsub, mediating by Shannon, Simpson and Pielou indices. While N:P ratio indirectly influenced LCBDsub through the effect of the Pielou index (Figure 7C). LCBDcan was directly influenced by total P, while total P, total N, N:P ratio and pH also indirectly influenced Richness, Shannon, Simpson Pielou and LCBDcan through average DBH (Figure 7D).




4 Discussion

Our results demonstrated that the species distance matric of biological factors and soil environmental factors were significantly correlated with species geographic distance matrices (Figure 5), suggesting that the tree species community in KNNR diverges with environmental conditions and biological features. Previous studies have shown that the colonization and extinction processes of forest communities are mainly determined by environmental heterogeneity and species competition (Lu et al., 2021; He et al., 2022; Thakur et al., 2022). Due to the different sensitivities from species to environmental changes, threatened species are prone to disappearing in habitats with high environmental pressure by selective extinction (Socolar et al., 2016; Legesse and Negash, 2021). In that case, if a species has high tolerance to environmental changes, it can survive in vary habitats (Xie et al., 2019; Liu et al., 2020; He et al., 2022). For the dominant species of Kanas, they show excellent resilience and adaptability to environmental changes. These species can withstand fluctuations in temperature, precipitation and soil conditions, their ability to tolerate a wide range of environmental conditions allows them to occupy various niches and outcompete other species (Liu et al., 2020, 2021).

This study found that among the 625 sub-plots, the highest value of species richness was only 6, and the lowest value was only 2 (Figure 3A), indicating that the species richness in the forest community in this study area is relatively low. The Kanas region is overall a typical boreal forest, with forest cover mostly dominated by a single species (Gauthier et al., 2015; Liu et al., 2021). Although our research in the Kanas region has also found coverage by multiple species, species richness is still at a lower level compared to tropical and subtropical forest regions (Liu et al., 2020). This characteristic is largely attributed to the extreme environmental conditions prevalent in boreal regions, such as cold temperatures, short growing seasons, and nutrient-poor soils, which limit the diversity of plant species (Bonan, 1989; Venier et al., 2014). It suggests that the environmental conditions in the Kanas region may be particularly challenging for supporting a diverse array of species. This can inform targeted conservation strategies should aim at preserving and restoring biodiversity in boreal forest habitats, not only in the Kanas region but also in similar ecosystems globally.

Generally, the values of DBH noted living individuals also infer on the degree of competition between species communities (Yao et al., 2016; Lu et al., 2021). Among the two biological feature factors, average DBH had the highest interpretation power across various species richness and Pielou indices (Figure 5), which implies that tree species in the boreal forest exhibit strong species competition. This aligns with the Janzen-Connell hypothesis, when an individual is surrounded by high-density homogeneous neighbors, or when an individual is proximate to homogeneous neighbors, the strong intraspecific competition of host specific natural enemies for resources and infections will reduce recruitment and survival rate (Janzen, 1970). This provides more recruitment and survival space for other plant species, thereupon then regulating population dynamics and promoting species coexistence in vary plant communities (Janzen, 1970; Volkov et al., 2005; Yao et al., 2016).

Moreover, our study area showed that the value of total beta-diversity in the canopy and understory layers were slightly lower than the substory layer (Table 1), indicating that the species composition in the substory were more unique or distinctive compared to the average species composition of the entire area. The reason is the substory layer has access to abundant resources like light, water, and nutrients, compared to the shaded understory layers and resource-limited canopy layer (Gravel et al., 2010; De Lombaerde et al., 2019). As our results found the value of LCBDund higher than the LCBDcan and LCBDsub (Figure 4), this may be owing to the chosen site itself, compared with other sites, which possibly result in a different species composition from other layers. Because the value of LCBD value express the level of ecological uniqueness of the site relative to other sites within the specific area (Hill et al., 2011; Xia et al., 2022). The distribution of understory species is highly hinging on the niche process. Some studies have proved the strong relationship between biological factors (i.e., DBH and height), and this had a significant effect on LCBD in each vertical stratum of in our study area (He et al., 2022).

Particularly, our results tested that DBH had a significant effect on the variations of LCBD values in the canopy layer and substory layer (Table 3; Figure 6), and that soil pH value captured significant positive variations of LCBDunder. This implies that subplots with complex environmental conditions and acidic soil conditions would increase the uniqueness of the species composition. Additionally, several studies have indicated that low soil P availability was associated with high species diversity, which was consistent with our findings that P had a significant negative correlation with LCBD in the canopy layer (Olde Venterink, 2011; Wu et al., 2019). This might be attributable to the fact that the survival of woody plants in the studied forest is generally nitrogen-phosphorus co-limited (Liu et al., 2021), which is consistent with previous studies reporting that species richness in a plant community under low soil fertility is primarily driven by competition for limited nutrient resources (Gravel et al., 2011; Sanaei et al., 2021; He et al., 2022).

With limited available knowledge, understanding the stability of both ecosystem structure and function is particularly vital for biodiversity conservation (Socolar et al., 2016). However, as the external environment (biotic and abiotic) in which biological communities live and exist in is not static, the spatial composition of biological communities will also change dynamically over time (Zhou et al., 2019; He et al., 2022). Therefore, abiotic factors such as soil environment and topography will inevitably affect biological community results, whether through potential direct or indirect pathways. In this study, we found that soil characteristics would indirectly affect the beta-diversity index of the community by affecting biotic variables, such as average DBH, species richness and evenness (Figure 7). Indeed, plants absorb nutrients from the soil, thus would affect the growth rate of plant species in the community (Chen et al., 2022). Moreover, some studies have reported that soil pH could correlate with plant species richness at both regional and local scales (Ste-Marie and Pareâ, 1999). Being that the soil in our study area was slightly acidic, our study observations on alpha indices values of species diversity showed a significant negative trend with the gradual acidification of soil. This is may be due to low pH in the soil preventing germination or establishment of plants species, by obstructing roots from reaching the soil (Hill et al., 2011). Moreover, we found the SOC and AHN no significant effect on alpha diversity and beta diversity indices. The influence of SOC and AHN on species diversity may vary depending on local site conditions and ecosystem characteristics (Dawud et al., 2016). Our study area may have specific soil and environmental conditions that influence the relative importance of different factors on species diversity, leading to nonsignificant contributions from SOC and AHN. Additionally, our study revealed that the influence of topographical variables on alpha and beta diversity was not statistically significant. This lack of significance could potentially be attributed to the limited spatial extent of our study area and the minimal variability in topographical changes (Japan et al., 2004).

In addition to abiotic factors, the value of LCBD can be also directly related to biotic variables, including average height, average DBH and alpha diversity (Figure 7). Larger DBH and height trees may imply an advantage in resource acquisition and ecological competition (Forrester, 2019). This could lead to their dominance at specific sites, exerting a greater influence on species composition and ecological processes at those locations, thereby increasing the LCBD value (Forrester, 2019). Previous studies have found that the values of LCBD are usually negatively correlated with species richness in broad-leaved forest ecosystem (He et al., 2022). This negative linkage indicates that the trade-off between species richness and ecological uniqueness can be take into account in conservation planning, since even species-poor communities can make great impact on the overall beta-diversity (Xia et al., 2022). Future conservation planning should aim to protect and manage these sites to preserve their distinct biodiversity, even if they have lower species richness.



5 Conclusion

In conclusion, our study sheds light on the patterns of species diversity within the boreal forests of Kanas, Xinjiang, northwest China. Concretely, our findings indicated that the negative linkage between average DBH and species richness, suggesting that areas with smaller DBH tend to harbor greater species richness. Furthermore, our analysis of beta-diversity demonstrated higher values in the substory layer compared to both the canopy and understory layers. Notably, average DBH and soil pH were found to influence alpha diversity indices, while average DBH, soil pH, average height, soil total nitrogen and soil total phosphorous affected beta diversity indices. Soil pH also indirectly influenced LCBD through mediating of alpha diversity indices. These findings provide crucial insights into species diversity patterns in boreal forests and offer valuable guidance for the protection of forest biodiversity in China. By understanding the ecological determinants driving species diversity, policymakers and forest managers can implement targeted conservation strategies to preserve the invaluable ecosystem services provided by boreal forests.
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Understanding the spatial patterns and interaction of trees is crucial for exploring forest dynamics. However, limited research has explored the spatial pattern and interactions between adult trees and their offspring population in arid mountain forest ecosystems. We investigated the spatial distribution and interaction of recruitment, survival, and mortality at different size classes in the Populus davidiana forest in the Luoshan Mountains (Ningxia, China), to gain insights into its stand dynamics. (1) This demonstrated the characteristic shift from an aggregated to random distribution as seedlings grew and developed into adult trees. (2) The adult trees exhibited strong positive and weak negative spatial associations with seedlings and saplings, respectively, with an increasing spatial scale, yet both stages underwent stark transitions from negative (1–15 m scales) to positive (> 20 m scale) associations. (3) Generally, the closer the individual trees were to each other, the greater the negative impact of neighboring trees on the size of an individual tree. (4) Additionally, adult trees strongly increased the risk of seedling mortality across the spatial scale of 0–50 m. (5) Live seedlings were less than the dead ones around dead seedlings. There was a stronger aggregation of dead seedlings than live seedlings. Moreover, the density-dependent mortality in our study rejected the random mortality hypothesis. In summary, these results suggest that spatial separation occurs between dead and live seedlings of P. davidiana. Under adult trees, negative dependence plays an important role in the arid mountain forest recruitment. Our findings will contribute to the restoration and conservation of arid mountain forests and provide theoretical support for forest management.
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Introduction

The patterns and scales of tree distribution influence forest structure and dynamics through complex interactions involving crown architecture differences between species (Haq et al., 2023), soil properties (Waheed et al., 2022), water availability constraints on tree height (Klein et al., 2015), disturbance effects (Zhang et al., 2022), and the integration of dynamics across various spatial scales within forest ecosystems (Mitchell et al., 2023). Changing spatial patterns can strengthen or weaken interactions within and among tree populations, and between them and their environment (Kuehne et al., 2018). Several empirical studies have found that spatial patterns significantly influence forest recruitment rates (Yang et al., 2008; Hai et al., 2014; Rendenieks et al., 2022). In a forest, the spatial arrangement of different-sized stems within tree populations can influence competition for resources, which, in turn, affects tree growth and mortality rates (Beyns et al., 2021). In particular, stem aggregation or dispersion could explain the certain spatial processes observed (e.g., density dependence, thinning, and predation) in a forest through spatial point pattern analysis (Nguyen et al., 2022; Salas-Eljatib et al., 2022; Muñoz-Gallego et al., 2023).

The spatial point pattern analysis is a fundamental tool for exploring the spatial processes and patterns of an ecosystem (Illian et al., 2008). In a spatial point pattern analysis, every single tree can be considered a point (Ripley, 1976), which allows the estimate of the spatial distribution of individual trees mapped in a given area (Diggle, 2003; Wiegand and Moloney, 2004; Illian et al., 2008; Law et al., 2009; Wiegand and Moloney, 2014). Therefore, by analyzing spatial point patterns, we may infer certain properties or behaviors of related or underlying spatial processes involved (Baddeley et al., 2015; Xin et al., 2022). However, different ecological mechanisms and processes such as competition and disturbance may result in the same spatial patterns (Detto and Muller-Landau, 2013). Exploring the underlying ecological dynamics that drive these spatial patterns remains a significant challenge in ecology.

In forest stands, density dependence is an important mechanism that could change the spatial distribution of trees (Piao et al., 2013; Kuang et al., 2017; Miao et al., 2018; Ma et al., 2024). As the density of recruits increases beyond the maximum threshold that the environment can support, resource competition occurs. Thereafter, negative density dependence leads to a lower probability of survival close to parent trees. For instance, in pure Norway spruce forests in Switzerland, the small dead trees tend to gather close to large trees, and this aggregation effect decreases as the distance increases (Bianchi et al., 2021). A study of Japanese larch forests revealed that density dependence did not play a role, and the further away seedlings were from the seed tree, the greater their survival rates (Im et al., 2023). However, in tropical mountain rainforests, the densities of saplings and small and medium trees increased and then decreased with the distance from old-growth trees, which exhibited a consistent pattern of density dependence (Miao et al., 2018). In Barro Colorado Island forests, the research found a high probability of recruitment in the vicinity of adult trees of other species (Condit et al., 1992). Consequently, further research is needed to investigate whether density dependence is consistent across different forest stands and under various environmental conditions.

Arid mountain forests harbor a significant proportion of global biodiversity, acting as reservoirs for diverse species and providing essential ecosystem services such as soil protection and habitat creation (Zhang et al., 2023). In this study, we aimed to examine the arid mountain forest ecosystem of the Luoshan Mountains in Ningxia, northwest China, situated in the transitional zone between grassland and desert. The forest stands in this area are dominated by Qinghai spruce (Picea crassifolia), Chinese pine (Pinus tabulaeformis), and Aspen (Populus davidiana) (Liang, 2018). P. davidiana, a common pioneer species that emerges in the aftermath of human disturbances, is known to function as effective sites for seedling recruitment (Bouchard et al., 2018). Unlike P. crassifolia and P. tabulaeformis (seedlings from seed germination), P. davidiana reproduces asexually through root sprouting, and this method can result in more dense individual trees around adult trees. We aimed to investigate how the spatial correlation of different sizes distributes in P. davidiana stands in this arid mountain forest. We also sought to determine whether there is density dependence between recruits and adult trees, and if the death of seedlings is random or density-dependent? Therefore, we aimed to answer these questions from five perspectives.

1 We use the univariate O-ring statistic O11(r) under the heterogeneous Poisson null model to analyze whether the spatial distributions of various P. davidiana size classes transition from an aggregated pattern to a uniform or random pattern. As tree sizes increase, stems should exhibit more regular spatial patterns at small scales, due to self-thinning resulting from competition (Salas-Eljatib et al., 2022).

2 Then, by using the bivariate O-ring statistic O12(r) under an antecedent condition null model (Wiegand and Moloney, 2004), we could analyze the spatial associations among different size classes. The antecedent condition null model conveys the relationships between living adult trees and saplings or seedlings (Wiegand et al., 1999), enabling us to examine the influence of adult trees upon seedlings and saplings across a range of spatial scales.

3 The mark-correlation functions could quantify the similarity or dissimilarity between neighboring trees in terms of their attributes (such as size, height, and biomass). Researchers can identify patterns of positive or negative associations among tree attributes at different spatial scales. Positive correlations indicate that similar tree attributes tend to cluster together, while negative correlations suggest a tendency for dissimilar attributes to be spatially segregated. By using mark-correlation functions km1m1(r) under the independent marking null model, we could test the similarity of two neighboring trees separated by distance (Illian et al., 2008; Wiegand and Moloney, 2014).

4 The trivariate random labeling null model enables the study of how an extra (previous) pattern affects the processes associated with a distinctly identified pattern (Holík et al., 2021). Within this method, pairs of points are chosen based on a set distance r, with the initial point originating from the primary pattern (adult tree) and the subsequent point from another clearly defined pattern (whether the seedlings and saplings are dead or alive). The cumulative non-normalized r-mark correlation function Ccum.,m2 based on a trivariate random labeling null model was applied to examine the impact of living adult trees on seedling mortality (Wiegand, 2014).

5 We aimed to test the random mortality hypothesis, which posits that individual mortality events occur randomly in space (Wang et al., 2019). According to this hypothesis, spatial correlations between individual mortality events should not be observed, and the mortality of adjacent individual trees should not increase in response to neighborhood density. In contrast, we propose that the spatial positioning of individual trees may have an impact on the mortality of its neighboring trees. To test this alternative hypothesis, we employed the g12, g22-g11, and g2, 1 + 2-g1, 1 + 2 functions under the random labeling null model (Stoyan and Stoyan, 1994; Raventós et al., 2010; Wiegand and Moloney, 2014).



Methods


Study area

The study area is located in the Luoshan National Nature Reserve in the arid region of central Ningxia, China (37°11′–37°25′ N, 106°04′–106°24′ E). Since the Luoshan Mountains of the reserve are located within the ecotone between grassland and desert biomes, they provide a variety of species in this ecosystem. The reserve protects the arid mountain forest ecosystems (Picea crassifolia, Pinus tabulaeformis, and Populus davidiana) in Ningxia, northwest China. The elevation spans from1560.0 m to 2624.5 m in the study area, with an average annual temperature of 8.8°C, annual precipitation ranging from 151.4 to 485.4 mm, and annual evaporation of 2,325 mm (Liang, 2018).



Data collection

In October 2022, a 100-m × 100-m plot (1 ha) was set up in a forest stand dominated by P. davidiana in the Luoshan National Nature Reserve. The geocoordinates of each tree were recorded using the real-time kinematic (RTK) GPS (Hi-Target, D8 VR, China), along with the measurements of their diameter of breast height (DBH) and seedling basal diameter, as well as their status (live or dead). A total of 6,830 individual trees were surveyed in the plot (see Figure 1). Based on the size of P. davidiana, the conspecific individual trees in the sampled population were divided into three size classes as a proxy of growth stages: seedling, DBH ≤ 6 cm; sapling, 6 cm < DBH ≤ 15 cm; and adult tree, DBH > 15 cm.

[image: Figure 1]

FIGURE 1
 Location of the 1-ha sample plot (A) and distribution of Populus davidiana tree stems (B) living plants—I: living seedlings; living plants—II: living saplings; living plants—III: living adult trees; dead plants—I: dead seedlings; dead plants—II: dead saplings; dead plants—III: dead adult trees.




Data analysis

Ripley’s K or L function is a method used to analyze the spatial patterns of species in a circle of radius r centered at one point (Wiegand and Moloney, 2004; Getzin et al., 2006). However, as the radius increases, it includes information from all smaller scales, which can confound effects at large scales with those at small scales (Condit et al., 2000; Wiegand and Moloney, 2004; George et al., 2006). In contrast, O-ring statistics replaces circles with rings and uses the mean number of neighboring trees in a ring of radius r and ring width around an individual, isolating specific distance classes (Stoyan and Stoyan, 1994; Wiegand and Moloney, 2004). This allows for the analysis of spatial patterns deriving from ecological processes easily and intuitively. O-ring statistics includes both univariate and bivariate statistics, with univariate statistics used for analyzing the spatial pattern of one object and bivariate statistics used for analyzing the spatial association of two objects (Wiegand and Moloney, 2004).


Analysis 1

In our research, we utilized the univariate O-ring statistic O11(r) to examine the spatial distribution patterns of the size classes. To determine the basic null model for the univariate O-ring statistic, we first visualized the stem distribution of trees at different size classes. If there was no evidence of strong clustering (indicated by clearly visible clusters in the pattern), we chose complete spatial randomness (CSR) as the null model, which assumes that the spatial distribution of a given species is completely random and devoid of underlying biological processes (Ebert et al., 2016). However, the pattern was heterogeneous (e.g., only distributed in part of the plot) (Velázquez et al., 2016), therefore, we chose the heterogeneous Poisson null model as an alternative to CSR. For univariate point patterns, O11(r) inside the envelope indicates a random distribution of trees at scale r; while O11(r) above the envelope’s upper bound indicates clumping and O11(r) below the envelope’s lower bound indicates regularity.



Analysis 2

For the bivariate O-ring statistic, we hypothesized that higher-size classes would inhibit the recruitment and growth of lower ones, but that lower-size classes would not affect higher ones. An antecedent condition null model randomizes the locations of the lower-size classes while keeping the locations of the higher ones constant (Cipriotti and Aguiar, 2005). Therefore, we utilized the bivariate pairwise correlation function O12(r) to analyze the spatial associations between different-sized individual trees of P. davidiana under the antecedent condition null model. In the correlation analysis, when O12(r) is inside the envelope, there is no significant correlation between the two size classes at scale r; when O12(r) is above the envelope’s upper bound, the two size classes have a significant positive correlation at scale r; when O12(r) is below the envelope’s lower bound, the two size classes showed a significant negative correlation at scale r (Wiegand and Moloney, 2004).



Analysis 3

In addition to point pattern locations, other information called “mark” such as the tree size can be analyzed. We choose an independent marking null model, which randomly shuffles the marks over all trees; thus, means sizes are independent of individual locations (Wiegand and Moloney, 2014). The influence of neighboring trees’ size on individual growth could be analyzed using mark-correlation functions km1m1(r) (Stoyan and Stoyan, 1994). When the km1m1(r) > 1, it indicates that two trees have a larger size than average when they are nearby (positive correlation); conversely, when km1m1(r) < 1, it means that individual trees tend to have a smaller size (negative correlation), and if km1m1(r) = 1, there is no significant correlation between individual trees (Illian et al., 2008; Wiegand and Moloney, 2014).



Analysis 4

Trivariate random labeling is useful for testing how an additional antecedent pattern influences the processes for producing marks in a qualitatively marked pattern (Wiegand, 2014). We calculated the cumulative non-normalized r-mark correlation function Ccum.,m2 to estimate the proportion of dead seedlings among all seedlings that are located within a distance r of adult trees. This summary function explores the effect of an antecedent focal pattern (i.e., adult trees) on the process that distributes a qualitative mark (i.e., live as type 1 and dead as type 2) on a second pattern (i.e., seedlings). When the Ccum.,m2 (r) > 1, this indicates that adult trees increase the mortality of seedlings; conversely, when Ccum.,m2 (r) < 1, adult trees tend to increase the survival proportion, and if Ccum.,m2 (r) = 1, there is no mortality impact of seedlings coming from adult trees. Therefore, the influence of adult trees on the mortality of seedlings could be investigated by using cumulative non-normalized r-mark correlation function Ccum.,m2.



Analysis 5

The test of the random mortality hypothesis under the random labeling null model.

1 Testing the spatial aggregation of live and dead trees.

g21(r) may be used to statistically analyze spatial patterns of tree survival and mortality (Goreaud and Pélissier, 2003). g21(r) falls below a simulation envelope when there are fewer dead neighboring trees at distance r from an arbitrary live tree than expected under the random labeling null model (Goreaud and Pélissier, 2003). This means that live and dead seedlings tend to be negatively correlated at distance r (i.e., segregated). Conversely, dead seedlings are considered positively correlated with dead seedlings when g21(r) lies above the envelope.

Furthermore, the function g21(r)-g22(r) is applied to explore if the live seedlings around dead seedlings have the same density as the dead seedlings around the dead ones at scale r (g21(r)-g22(r) = 0). If g21(r)-g22(r) > 0, it indicates that the neighborhood density of live seedlings around dead seedlings outnumbers the dead seedlings around dead seedlings. If g g21(r)-g22(r) < 0, it suggests that there are fewer live seedlings than dead seedlings around the dead seedlings.

2 Comparing the clustering of live and dead trees.

The univariate functions g22 and g11 under the random labeling null model can show the clustering of dead (type 2) and live (type 1) seedlings, respectively. In this study, we examine which of those two clusters is denser by using the function g22-g11. If g22-g11 falls above the envelope, it indicates dead trees are more clustered than surviving ones, and vice versa if g22-g11 falls below the envelope.

3 Testing for density-dependent mortality of seedlings.

We employed the statistic g2,1 + 2-g1,1 + 2 to assess density-dependent mortality effects (Miao et al., 2018). This g2,1 + 2-g1,1 + 2 function compares the density of dead and live seedlings (1 + 2) around dead seedlings (pattern 2) and their density around live seedlings (pattern 1). Under the random labeling null model, the expected value is zero. However, under density-dependent mortality, we expect dead seedlings to occur more often in areas with high live seedlings density (i.e., g2,1 + 2-g1,1 + 2 > 0).

Programita 2018 software was used to run every spatial two-dimensional coordinate analysis. For this purpose, the spatial scale was set to 0–50 m in the plot (step size: 1 m). In total, 199 Monte Carlo random simulations were performed to generate the 95% confidence envelopes; the goodness-of-fit (GoF) test was used to assess the ability of the null models to reflect the data (Loosmore and Ford, 2006). Both SPSS 25 and Excel 2007 were used for the statistical analysis of the data, while two other programs such as ArcGIS10.0 and Origin 2021 were used to graph the spatial trends found.





Results


Testing for environmental heterogeneity from spatial patterns of trees

As shown in Figure 2, the spatial Poisson distribution after removing environmental heterogeneity revealed that P. davidiana seedlings and saplings were aggregated at the smallest scale of 1 m and were then transitioned to a random distribution as the spatial scale increased (Figures 2A,B). Adult trees had a random distribution across all spatial scales investigated (0–50 m) (Figure 2C). This demonstrated the characteristic shift of aggregated distribution to random distribution with greater tree size.
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FIGURE 2
 Spatial patterns of P. davidiana seedlings, saplings, and adult trees under the heterogeneous Poisson model. The solid lines indicate obtained values for the ring statistic O11(r); dashed lines indicate the upper and lower limits of the 95% simulation envelope for the heterogeneous Poisson null model. The points above an envelope indicate a cluster pattern, the points within an envelope indicate spatial independence, and the points below an envelope indicate a segregation pattern, (A) the seedlings of Populus davidiana; (B) the saplings of P. davidiana; (C) the adult trees of P. davidiana.




Influence of adult trees on seedlings and saplings

Overall, the curve evidently above the upper envelope (Figure 3A) indicated that adult trees were positively correlated with seedlings at all spatial scales examined. However, adult trees and saplings were negatively correlated at scales of 1–14 m, beyond which their relationship was random (Figure 3B). Saplings and seedlings displayed a significant negative correlation at scales of 1–14 m, which shifted to a positive correlation beyond 20 m (Figure 3C). These results showed the existence of significant spatial differences and scale dependence in the spatial distribution of P. davidiana saplings and seedlings.
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FIGURE 3
 Spatial associations of P. davidiana adult trees, seedlings, and saplings. The solid lines indicate ring statistics O12(r); dotted lines indicate the upper and lower limits of the 95% simulation envelope of the heterogeneous Poisson null model. The points lying above the upper envelope indicate positive associations, the points lying between the envelopes indicate spatial independence, and the points lying below the lower envelope indicate negative associations, (A) Spatial association of adult trees to seedlings (B) Spatial association of adult trees to saplings (C) Spatial association of saplings to seedlings.




Mark-correlation function analysis

According to the mark-correlation functions km1m1(r), the resulting trend of km1m1(r) was below 1, indicating a significant negative correlation across scales of 0–50 m (Figure 4A), but this correlation diminished with increasing scale. This showed that P. davidiana trees were smaller in size than the average size around neighboring living trees. The closer the spatial distance between individual trees, the greater the negative impact on their size.
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FIGURE 4
 (A) Univariate mark function km1m1(r) of P. davidiana and (B) trivariate random labeling on the mark-correlation function C.m2 of P. davidiana. The solid line indicates the empirical curve, the gray line indicates the expected value under the random labeling null model, and the dashed lines indicate the limits of 199 Monte Carlo simulation envelopes.


The impact of adult trees on seedling mortality was evaluated using the non-normalized r-mark correlation function Ccum.,m2 under the trivariate random labeling null model. It revealed that adult trees augment the risk of seedling mortality at almost all distances (Figure 4B).

As shown in Figure 5A, the g21 trend indicated that the spatial association was mostly random between live and dead seedlings in the studied P. davidiana population. According to the results for the g21-g11 function—testing whether the number of dead seedlings around live seedlings exceeds that around dead seedlings—there were fewer live seedlings near dead seedlings than dead seedlings around the dead ones (Figure 5B), suggesting the aggregation of the latter. Furthermore, the g22-g11 trend also showed a stronger aggregation for dead seedlings than for live seedlings (Figure 5C). In most spatial scale r, g2,1 + 2-g1,1 + 2 > 0 convinced density-dependent mortality (Figure 5D), while rejecting the random mortality hypothesis.
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FIGURE 5
 Spatial analysis of random mortality of P. davidiana seedlings. The solid line indicates the empirical curve, the gray line indicates the expected value under the random labeling null model, and the dashed lines indicate the limits of 199 Monte Carlo simulation envelopes, (A) g21 function of live and dead seedlings; (B) g21-g11 function of live and dead seedlings; (C) g21-g22 function of live and dead seedlings (D) g2,1+2-g1,1+2 function of live and dead seedlings.





Discussion

For Analysis1, our comparison of the spatial distributions O11(r) of different-sized Populus davidiana trees is consistent with earlier findings of Miao et al. (2009) and lends further support to the hypothesis that tree population’s spatial distribution transitions from aggregated to random through ontogeny in most temperate forests.

Based on the spatial association results of O12(r), we found a high positive correlation between conspecific adult trees and seedlings (Analysis 2). This is easily explained because P. davidiana seedlings originate from root sprouts of reproductive individual trees and are therefore expected to exhibit strong positive spatial correlations with these adult trees (Qin and Shangguan, 2006). However, for Analysis 3, as the seedlings grow and recruit into saplings, the stem density-related limitations and greater competition for the resource (i.e., light, water, and nutrient) strongly influenced the distance and size of individual trees, especially asymmetrically vis-à-vis taller neighboring trees (Figure 4A). Therefore, at a spatial position away from adult trees (1-14 m in our result, Figure 3B), seedlings tend to have a better potential to reach the sapling stage (Shao et al., 2011; Gao et al., 2014), which, in turn, enhances their prospects for adult recruitment into the canopy.

To explore the possible reasons for seedling mortality of P. davidiana, we hypothesized that it was the outcome of an excessively high local density, leading to intense intraspecific competition and self-thinning effects (Analysis 4 and Analysis 5). Although g21 did not detect a significant negative spatial correlation between dead and live seedlings, the function g2,1 + 2-g1,1 + 2 > 0 indicated that the mortality of seedlings was density-dependent (Figure 5D). As a result of high-density seedlings from root sprouting, P. davidiana adult trees showed a positive association with seedlings (Figure 3A). Therefore, the seedling mortality is density dependent due to the presence of adult trees. The results from Ccum.,m2 evidenced that adult trees contribute to a higher risk of seedling mortality that nonetheless declines with distance (Figure 4B). As seedlings were negatively correlated with saplings at both medium and small spatial scales, the initially high density of seedlings may have led to higher post-dispersal mortality risks faced by P. davidiana at the stage when its individual trees are most vulnerable. Thus, the closer the seedlings are to an adult tree, the stronger the negative conspecific impact in the form of higher mortality (Liang et al., 2016).

The g21-g22 and g22-g11 functions together discover the dead seedlings that emerged more cluster around dead ones and depart with live seedlings (Figures 5B,C). For P. davidiana, its dead seedlings display higher aggregation than the surviving seedlings, which rejected the random mortality hypothesis. However, we did not investigate why having an excessive density of seedlings makes them prone to die off in a clustered spatial pattern. Additionally, we did not know the maximum density limit that causes mortality at the seedling. Seedling mortality is a result of a complex causes. At different scales, different dominant causes lead to their death. For instance, forest research on negative density-dependent dynamics in trees has confirmed that local high densities of the progeny of the same species could lead to disproportionately high levels of seedling mortality caused by soil pathogens (Janzen-Connell hypothesis) (Liu et al., 2007). Such a negative density-dependent feedback driven by the soil microbial community is actually common and ecologically important in many temperate tree species (Packer and Clay, 2000; Liang et al., 2016; Jevon et al., 2020). Moreover, Yamazaki et al. (2009) found that vertebrate herbivores (mainly rodents) were the major cause of mortality for large-seeded tree species, whereas the disease was most important for small-seeded species. Therefore, further investigation is needed on where and how the density impacts seedling mortality in arid mountain forests.



Conclusion

The spatial patterns of trees in an arid region, such as the Luoshan Mountains in China, are influenced by plant competition. To gain insights into the stand dynamics and guide regeneration strategies, we investigated the spatial distribution of individual trees at different growth stages (sizes) in P. davidiana forest in the Luoshan Mountains.

Spatial point pattern analysis confirmed that the spatial distribution of individual trees shifted from an aggregated distribution to random distribution as seedlings grew and developed into adult trees. Additionally, we found that more seedlings emerged around adult trees while high seedlings’ mortality happened in clusters. Further research is arguably needed to elucidate the causes of P. davidiana mortality, and the close relationship between its adult trees, seedling density, and seedling mortality was prominent in this arid mountain forest.
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Climate
MIROC 8.5 ’Cooler’. Constant, Buotte et al., 2019
From MIROC5 GCM. yr 2000
1/24° (4km), 3 h.
IPSL 8.5 "Warmer’. Constant, Buotte et al., 2019
From IPSL-CM5A-MR yr 2000
GCM.
1/24° (4km), 3 h.
ame De ol{[e Area (a D, D O ethod O S

Timber harvest

BAU Business-As-Usual ~ 4,500 2001-2020 grid cell Regen Harvest, USDA, 2022
harvest proportions only stands with
cohorts > 20 cm DBH
AC1 Moderate Harvest ~ 12,000 2001-2020 grid cell see above USDA, 2015,
Increase proportions, USDA, 2019
redistributed if > 100% by scenarios "W"
2100 and "X"
AC2 High Harvest ~ 23,000 2001-2020 grid cell see above USDA, 2015,
Increase proportions, USDA, 2019
redistributed if > 100% by scenarios "W"
2100 and "X"

Six 2020-2099 scenarios were simulated from 3 timber harvest intensities under each of 2 climate forcings. Values indicate mean (sd) of 1811 gridcell decadal means, with single years referring
to decadal end years (e.g., 2029 for 2020-2029). The dead C pool aggregates aboveground (litter, woody debris, snag) and belowground (fine and course roots) dead biomass. Drought mortality
is the sum of hydraulic failure mortality and carbon starvation mortality.
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Climate Harvest Period Tree C Dead C Crown Mortality | Mortality | Mortality | Mortality Burned
area total harvest drought fire fraction
Mgha=! | Mgha—! mZm-2

MIROC5 BAU 2029 131 (40) 56 (30) 65 (16) 460 (119) 1(0) 164 (39) 609 2(1) 5(15) 0.16 (0.39)
2059 133 (40) 54 (29) 66 (16) 463 (121) —8(45) 167 (41) 6(9) 2(7) 5(8) 0.17 (0.27)

2099 126 (39) 51(28) 61(17) 349 (107) —78 (47) 176 (47) 6(9) 13 (44) 11 (14) 0.31(0.35)

2025-2099 132 (40) 54 (28) 65 (16) 428 (114) —19 (40) 170 (39) 6(9) 4(9) 7(8) 0.2 (0.29)

AC2 2059 124 (43) 53 (28) 61 (18) 442 (134) —56 (93) 190 (50) 41 (58) 2(7) 4(7) 0.14(0.22)

2099 113 (49) 48 (29) 59 (22) 380 (176) —70 (78) 187 (52) 38(57) 10 (34) 10 (13) 0.31(0.34)

2025-2099 122 (44) 52(28) 61 (18) 425 (134) —48 (74) 192 (48) 41 (58) 3(7) 6(7) 0.18 (0.24)

ACI 2059 129 (41) 54 (29) 64 (17) 454 (124) —30 (58) 178 (43) 22 (34) 2(7) 4(7) 0.16 (0.26)

2099 122 (43) 50 (28) 55 (20) 378 (160) —66 (70) 184 (49) 22 (35) 12 (40) 10 (14) 0.26 (0.3)

2025-2099 128 (41) 53 (28) 63 (17) 432 (126) —30 (51) 181 (42) 22 (34) 4(8) 7(8) 0.2(0.27)

IPSL BAU 2029 128 (38) 58 (31) 61 (15) 460 (117) —9(47) 170 (42) 6(8) 2(6) 14 (16) 0.29 (0.27)
2059 119 (37) 55 (30) 58 (16) 348 (107) —97 (46) 190 (60) 5(8) 7 (28) 40 (37) 0.63 (0.49)

2099 105 (37) 46 (26) 51 (18) 286 (113) —157 (42) 220 (89) 5(8) 38 (107) 59 (56) 1.24(0.71)

2025-2099 119 (37) 52(28) 57 (17) 369 (111) —82 (36) 174 (45) 5(8) 8(19) 24 (17) 0.51(0.34)

AC2 2059 111 (39) 54 (30) 54 (18) 338 (121) —132(77) 208 (61) 37(53) 6 (25) 37 (36) 0.56 (0.42)

2099 95 (46) 42(27) 49 (23) 311 (186) —152(77) 216 (85) 35 (54) 23 (75) 53 (55) 1.12(0.72)

2025-2099 110 (41) 51(28) 54 (18) 367 (135) —108 (66) 192 (51) 38 (54) 6 (15) 22(17) 0.46 (0.31)

ACI 2059 115 (37) 55(30) 56 (17) 344 (113) —113 (55) 199 (60) 20 (31) 7(27) 38 (36) 0.6 (0.47)

2099 102 (42) 44.(26) 51(21) 311 (170) —148 (71) 220 (85) 20 (34) 31(92) 55 (54) 1.19(0.7)

2025-2099 115 (38) 51(28) 56 (17) 373 (126) —92 (47) 183 (47) 21 (32) 7(17) 23(17) 0.49 (0.33)
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n
S-2bands: 2,3,4,5,6,7,8, 8a, 11,and 12
S-2bands: 2,3,4,5,6,7, 8,89, 11,and 12

Vis: NDVL, EVL, GLI, and GNDVI

S-2bands: 2,3,4,5,6,7,8,8a, 11,and 12

DEM: elevation, slope, and aspect

S$-2bands: 2,3,4,5,6,7,8, 8a, 11,and 12

DEM: elevation, slope, and aspect

Vs NDVI, EVL, LI, and GNDVI

S-2bands: 2,3,4,5,6,7, 8,89, 11,and 12

DEM: elevation, slope, and aspect

Vis: NDVL, VL, GLI, and GNDVI

$-1 GRD: 224 images with VV and VH polarizat
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Average

Treespecies  NUMBETOf  peq (ha)  polygon size
polygons {ha)

Spruce 7 7183 091

Beech 94 12132 129

Larch 38 1315 035

Fir 4 2060 046

Pine 2 1808 043

Mixed species 48 1089 023

Other BL species 51 2298 045

Total 397 27885 070
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Classification data

Reference data | Classes Forest  Non-forest | Total (number
of pixels)
Forest 2453 7 2,460
Non-forest 8 436 444
2461 443 2,904

“Total (number of pixels)
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Collection and Stock acronim  Period of images ~ Orbit properties Polarisation Number of

Instrument mode used in study acquisition pass images

COPERNICUS/SI_GRD V12021 April 1 - May 31 Ascending w 20

Interferometric Wide VHI_2021 Descending VH 20
VVI_2022 Ascending v 10
VHI1_2022 Descending VH 10
Vv2_2021 June 1 - August 31 Ascending v 30
VH2_2021 Descending VH 30
V22022 Ascending v 15
VH2_2022 VH 15
VV3_2021 September 1 - November Ascending v 2
VH3_2021 15 Descending VH 2
VV3_2022 Ascending v 13
VH3_2022 VH 13

Total 24
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Relative orbit
number

Collection Date acquired

oot April 10, May 10, July 29, August 8, August 23, Octomber 27, November 11,
COPERNICUS/S2_SR November 21, November 26 50 T3STLL

2022 April 5, April 15, May 20, June 29, Octomber 17, November 1
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Vegetation Indices Formula Application from S-2

NDVI By By Map vegetation in a complex and mixed vegetation cover (Mohammadpour et al, 2022)

By + By Vegetation mapping (Dobrini¢ et al., 2021)
Mapping forest cover and forest types (Wasniewski et al, 2020)

1

EVI By By 25 | Vegetation mapping (Dobrinic ctal, 2
By +(6%B4)—(15xBy)+1

Lt (2xB3)- By~ By Crop dlassification (Sonobe et al, 2015)
(2xB3)+ B+ By
GNDVI By - B3 Map vegetation in a complex and mixed vegetation cover (Mohammadpour et al., 2
By + B3 Tree species classification (Lechner etal,, 2022)

B2, B3, B4, and BS are the correspondence $-2 bands.
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Variables Type Unit Source
Topographic Altitude Numerical m FRA, 2010-2014
Variables
Slope Numerical degree
Aspect Numerical degree
Forest related Crown cover Numerical Percent
variables
Basal area Numerical m?/ha
Number of trees Numerical No./ha
Above ground tree biomass Numerical Ton/ha
Development status (4 types) Categorical -
Distance to settlement Numerical m
Physiographic zone (5 types) Categorical -
Macro-topography (6 types) Categorical -
Forest type (16 types) Categorical =
Management regime (9 types) Categorical -
Soil depth (5 types) Categorical -
Origin (4 types) Categorical -
Organic layer (5 types) Categorical -
Soil organic carbon Numerical Ton/ha
Bioclimatic variables Biol = Annual Mean Temperature Numerical %€ World  clim  data
1970-2000
Bio2 = Mean Diurnal Range (Mean of monthly (max temp - min temp)) Numerical ‘c
Bio3 = Isothermality (BIO2/BIO7) ( x 100) Numerical ic
Bio4 = Temperature Seasonality (standard deviation x 100) Numerical o¢c
Bio5 = Max Temperature of Warmest Month Numerical e
Bio6 = Min Temperature of Coldest Month Numerical o
Bio7 = Temperature Annual Range (Bio5-Bio6) Numerical J¢
Bio8 = Mean Temperature of Wettest Quarter Numerical e
Bio9 = Mean Temperature of Driest Quarter Numerical o¢
Biol0 = Mean Temperature of Warmest Quarter Numerical ¢
Bioll = Mean Temperature of Coldest Quarter Numerical oc
Biol2 = Annual Precipitation Numerical mm
Biol3 = Precipitation of Wettest Month Numerical mm
Biol4 = Precipitation of Driest Month Numerical mm
Biol5 = Precipitation Seasonality (Coefficient of Variation) Numerical mm
Biol6 = Precipitation of Wettest Quarter Numerical mm
Biol7 = Precipitation of Driest Quarter Numerical mm
Biol8 = Precipitation of Warmest Quarter Numerical mm
Biol9 = Precipitation of Coldest Quarter Numerical mm
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Errors SOC AGTB

RMSE 20.32 90.11

RMSE % 32.63 44.44

RMSE, root mean square error and RMSE%, root mean square error percentage.
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Response Near current period (1970-2000) Future scenario (2040-2060) Loss/Gain
variables

Min Mean M Min Mean M

ax ax
AGTB (ton/ha) 204.51 1121.42 210.57 1100.14 +2.96%
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Species a b

Abies pindrow —2.4453 7220 1.0757
Acacia catechu —2.3256 6476 1.0552
Adina cordifolia —2.5626 .8598 0.8783
Albizia spp. —2.4284 .7609 0.9662
Alnus nepalensis —2.7761 .9006 0.9428
Anogeissus latifolia —2.2720 7499 0.9174
Bombax malabaricum —2.3865 7414 1.0063
Cedrela toona —2.1832 .8679 0.7569
Dalbergia sisso —2.1959 6567 0.9899
Eugenia jambolana —2.5693 .8816 0.8498
Hymenodictyon excelsum —2.5850 9437 0.7902
Lagerstroemia parviflora —2.3411 7246 0.9702
Michelia champaca —2.0152 .8555 0.7630
Pinus roxburghii —2.9770 9235 1.0019
Pinus wallichiana —2.8195 7250 1.1623
Quercus spp. —2.3600 9680 0.7469
Schima wallichii —2.7385 .8155 1.0072
Shorea robusta —2.4554 9026 0.8352
Terminalia tomentosa —2.4616 .8497 0.8800
Trewia nudiflora —2.4585 .8043 0.9220
Tsuga spp. —2.5203 7815 1.0369
Miscellaneous in Terai —2.3993 7836 0.9546
Miscellaneous in Hills —2.3204 .8507 0.8223
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Response No. of predictor RMSE%
variable variable
REM1 SoC 35 500 12 9.53 15.00 0.746
REM2 SOC 9 500 3 10.66 16.77 0.742
REM3 AGTB 35 500 12 37.55 18.51 0.779
RFM4 AGTB 4 500 2 44.10 21.74 0.743

In the Table, Ntry, number of trees to grow, Mtry, number of variables randomly sampled as candidates at each split, RMSE, root mean square error, R?, coefficient of determination.
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Size of Size of Total size

Treespecies  training validation (training and
samples (ha) ~ samples (ha)  validation) (ha)

Spruce 57.46 1437 7183
Beech 97.06 2426 12132
Larch 1052 263 1315
Fir 1648 412 206

Pine 1446 362 1808
Mixed species 871 218 1089
Other BL species 18.38 4.60 2298

Total 223.07 5578 27885
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Classification data

Reference | Classes Spruce | Beech Larch Fir Pine  Mixedspecies  Other BLspecies Total (number of pixels)
data Spruce 334 16 1 2 0 0 0 353

Beech 2 602 2 1 3 1 0 611

Larch 0 7 57 0 0 0 1 I

Fir n 15 1 6 0 0 1 %

Pine 4 6 0 0 79 0 1 %0

Mixed species 0 9 0 0 1 40 8 58

Other BL species 5 3 0 2 6 5 7 125
Total (number of pixels) 356 688 61 70 89 16 85 1,395

The bold value on the main diagonal represents the pixels correctly classified in each class.
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Pair of variables Spearman  Value of

R value P
Damage &altitude —0.2486 0.0000
Damage & average year temperature 0.0648 0.0031
Damage & average winter temperature 0.0232 0.2909
Damage & average overwinter temperature 0.0247 0.2601
Damage & annual precipit —0.0444 0.0427
Damage & winter precipitation 00342 01190
Damage & overwinter precipitation ~0.0063 07755
Damage & average growing season temperature 0.0857 0.0001
Damage & growing season precipitation 00125 05704

Bold values indicate statisticall significant correlations.
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Forest ecosystem formation

Number of Altitude

Code [Accordlng to OLB points  range (m)
4 Mesophilous hill beech (Fagus sylvatica L.) forests 82 91-984
5 ‘Mesophilous and thermophilous sessile oak (Quercus petraea (Matt.) LiebDforests 75 75-618
6 Mesophilous and thermophilous oak (Quercus robur L) forests 74 29-526
7 Thermophilous Turkey oak (Quercus cerris 1) and Hungarian oak (Quercus frainetto Ten.) forests 139 59-462
8 “Thermophilous grayish oak (Quercus pedunculifiora K. Koch) and downy oak (Quercus pubescens a2 0-207

Wild,) forests

9 Alluvial and wetland d

iduous broad-leaved forests 64 7-375
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844 777

umber of sample  Number of sample

Stands ees (trees) cores (trees)

Young stands 19 38

Middle-aged stands 30 60 2023 1043 810
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Scientific name

Habitat# Altitude

(m)

Nativity** Invasion |Growth
status |form

Raunkiaer |Life
life-form* |cycle

Abbrevia-
tion of
plant
used

Acoraceae Acorus calamus L (4225-KASH) MP 2,000-2,200 (N RN Herb CRP Perennial Aco.cal

Apiaceae Bunium persicum (Boiss.) B. Fedtsch. DS, RS 2,000-2,500 (N RN Herb GEO Perennial Bun.per
(2974-KASH)
Bupleurum falcatum L. (8075-KASH) DS, RS 2,500-3,200 E NT Herb HCP Perennial  |Bup.fal
Chaerophyllum reflexum Aitch. FR, MP 2,000-2,500 N RN Herb HCP Perennial  |Cha.ref
(8095-KASH)
Ferula jaeschkeana Vatke (8015-KASH) DS, MP 2,200-2,500 (N RN Herb HCP Perennial Fer jae
Heracleum candicans Wall. ex DC. FR, MP 2,000-2,800 (N RN Herb HCP Perennial Her.can
(3446-KASH)
Pleurospermum candollei (DC.) Benth. ex |FR, DS 2,200-2,600 (N RN Herb HCP Perennial Ple.can
C.B. Clarke
Selinum conioides (Lange) E.H.L. Krause | DS, RS 3,000-3,500 |E NT Herb HCP Perennial Sel.con
(8118-KASH)

Asteraceae Achillea millefolium L (4097-KASH) CE DS, RS 12,000-2,800 N RN Herb CHA Perennial Ach.mil
Anaphalis royleana DC. (3808-KASH) DS, RC 2,700-3,200 (N NT Herb HCP Annual Ana. Roy
Anthemis cotula L. (4244-KASH) RS, CF 2,000-2,500 |E IN Herb THE Annual Ant.cot
Artemisia absinthium L. (4224-KASH) RS, CF 2,000-2,500 |E IN Herb THE Perennial Art.abs
Artemisia japonica Thunb (8092-KASH) |FR, DS 2,200-2,500 N RN Herb HCP Perennial  |Art.jap
Artemisia martima L. (8045-KASH) FR, DS 2,400-2,800 (N RN Shrub NOP Perennial Art.mar
Artemisia rutifolia Spreng. (8062-KASH) DS, FR 2,200-2,600 (N RN Herb HCP Perennial Art.rut
Artemisia vulgaris L. (4210-KASH) DS, FR 2,000-2,500 (N RN Shrub CHA Perennial Art.vul
Aster thomsonii C.B. Clarke (8067-KASH) |SP, FR 2,800-3,000 (N RN Herb THE Perennial Ast.tho
Calendula officinalis L (8046-KASH) RS 2,000-2,500 |E IN Herb THE Annual Call.off
Centaurea iberica Trevir. ex Spreng. RS, DS 2,000-2,400 |E IN Herb THE Perennial Cen.ibe
(4084-KASH)
Cichorium intybus L. (4222-KASH) MP, RS 2,000-2,400 (N RN Herb THE Perennial Cic.int
Galinsoga parviflora Cav. (8064-KASH) RS, FR 2,000-2,500 E IN Herb THE Annual Gal.par
Inula racemosa Hook. f.(8119-KASH) EFR, SP 2,800-3,200 N RN Herb THE Perennial Inu.rac
Saussurea costus (Falc.) Lipschitz EFR, SP 2,800-3,200 (N RN Herb CHA Annual Sau.cos
(4211-KASH)
Saussurea sacra Edgew. (8128-KASH) ER, SP 2,800-3,200 (N RN Herb CHA Perennial Sau.sac
Senecio chrysanthemoides DC. RS, MP 2,000-2,900 |E CS Herb THE Perennial Sen.chr
(4102-KASH)
Taraxacum officinale Wigg. (6259-KASH) DS, FR 2,000-2,500 |E IN Herb CHA Annual Tar.off

Asparagaceae  |Asparagus officinalis L. (8125-KASH) FR, SP 2,200-2,700 E NT Climber CRP Perennial | Asp.off
Polygonatum acuminatifolium Kom. ER, SP 2,000-2,400 |E NT Herb GEO Perennial Pol.cum
(4230-KASH)

Amaranthaceae |Amaranthus caudatus L. (4217-KASH) RS, CF 2,000-2,400 |E IN Herb THE Annual Ama.cau
Amaranthus retroflexus L.(6244-KASH) RS, CF 2,000-2,400 |E NT Herb THE Annual Ama.ret
Amaranthus spinosus L. (3361-KASH) RS, CF 2,000-2,400 |E NT Herb THE Annual Ama.spi
Chenopodium album L. (4805-KASH) RS, CF 2,000-2,500 |E IN Herb THE Annual Che.alb
Chenopodium botrys L. (4089-KASH) DS, RS 2,000-2,500 (N RN Herb THE Annual Che.bot

Balsaminaceae |Impatiens glandulifera Royle RV, FR 2,000-2,400 N RN Herb THE Annual Imp.gla
(2989-KASH)

Berberidaceae  |Berberis lycium Royle (4101-KASH) FR, DS 2,100-2,600 (N RN Shrub NOP Perennial  Ber.lyc
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Betulaceae Betula utilis D. Don (4105-KASH) FR 2,800-3,300 (N RN Tree MSP Perennial  |Bet.uti
Boraginaceae Arnebia benthamii Wall. ex G. Don RC, FR 3,000-3,300 (N RN Herb HCP Annual Arn.ben
(4096-KASH)
Cynoglossum wallichii var. glochidiatum DS, FR 2,000-2,500 N RN Herb THE Biennial Cyn.wal
(Wall. ex Benth.) Kazmi (4083-KASH)
Pseudomertensia echioides Riedl FR 2,300-2,800 N RN Herb THE Perennial Pse.ech
(8085-KASH)
Brassicaceae Brassica juncea (L.) Czern (4086-KASH) [RS,DS, CF  |2,000-2,400 E NT Herb THE Annual Brajun
Cannabaceae Celtis australis L. (3380-KASH) FR 2,000-2,500 E IN Tree MGP Perennial Cel.aus
Campanulaceae |Codonopsis rotundifolia Benth. FR, MP 2,200-2,700 N RN Herb HCP Perennial Cod.rot
(7093-KASH)
Caryophyllaceae | Dianthus angulatus Royle (4229-KASH) | DS, FR 2,000-2,400 N RN Herb THE Perennial  Dia.ang
Gypsophila cerastioides D. Don FR, MP 2,600-3,000 N RN Herb HCP Perennial Gyp.cer
(8073-KASH)
Silene conoidea L. (7101-KASH) ER, SP 2,700-2,900 N RN Herb THE Annual Sil.con
Silene vulgaris Garcke (3441-KASH) ER, SP 2,000-2,600 N RN Herb THE Perennial Sil.vul
Stellaria media L. (4249-KASH) MP, FR 2,000-2,700 N RN Herb THE Annual Ste.med
Caprifoliaceae |Valeriana pyrolifolia Decne.(4221-KASH) MP, SP 2,000-2,700 N RN Herb GEO Perennial  |Val.pyr
Viburnum grandiflorum Wall. ex DC FR 2,000-3,000 N RN Shrub NOP Perennial  |Vib.gra
(4241-KASH)
Convolvulaceae |Cuscuta reflexa Roxb. (4082-KASH) RS 2,000-2,400 E IN Climber PAR Perennial Cus.ref
Datiscaceae Datisca cannabina L. (4235-KASH) FR, DS 2,000-2,500 N RN Herb HCP Perennial Dat.can
Dioscoreaceae |Dioscorea deltoidea Wall. ex Griseb. EFR, SP 2,200-2,600 N RN Climber HCP Perennial Dio.del
(6237-KASH)
Euphorbiaceae |Euphorbia helioscopia L (4237-KASH) MP, FR 2,000-2,400 E IN Herb THE Annual Eup.hel
Euphorbia wallichii Hook. f. (4216-KASH) MP, FR 2,700-3,100 N RN Herb THE Perennial Eup.wal
Fabaceae Astragalus grahamianus DS, RS 2,200-2,600 (N RN Sub-shrub |CHA Perennial Ast.gra
Benth.(3805-KASH)
Lathyrus emodi (Wall. ex Fritsch) Fritsch |FR, SP 2,300-2,600 N RN Herb THE Perennial Lat.emo
ex T. Durand and B.D. Jacks.
(3806-KASH)
Indigofera heterantha Brandis DS, FR 2,000-2,700 N RN Shrub NOP Perennial Ind.het
(4221-KASH)
Medicago polymorpha L. (4232-KASH) DS, FR 2,000-2,500 E NT Herb THE Perennial ~ |Med.pol
Oxytropis sericea Nutt. (8062-KASH) FR, DS 2,100-2,400 E IN Herb HCP Perennial Oxy.ser
Fumariaceae Corydalis govianiana Wall. (3810-KASH) |RC, SP, FR 2,300-2,900 N RN Herb GEO Perennial Cor.gov
Gentianaceae Gentiana kurroo Royle (8066-KASH) EFR, SP 2,000-2,500 N RN Herb THE Perennial Gen.kur
Swertia petiolata Royle (7094-KASH) RV, FR 2,700-3,000 N RN Herb GEO Perennial Swe.pet
Geraniaceae Geranium pratense L. (4098-KASH) ER, SP 2,800-3,200 N RN Herb THE Perennial Ger.pra
Geranium wallichianum D. Don ER, SP 2,000-2,700 N RN Herb CHA Perennial Ger.wal
(4112-KASH)
Hamamelidaceae Parrotiopsis jacquemontiana Rehder DS, FR 2,200-2,700 N RN Shrub NOP Perennial  |Par.jac
(6258-KASH)
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SAR-1 Mean 5.143 2740 1069 4255 0557 0534 —oon 0.688
(£0.705) (£0.458) (£0.203) (£0.565) (20.122) (20.105) (£0058)

SAR-2 Mean 4571 2579 1037 4179 0495 0522 0019 0078
(£0.685) (20.452) (0.199) (:0635) (£0.098) (£0.098) (£0.051)

BAL-L Mean 4286 2209 0891 3768 0552 0472 ~0.161 0.688
(£0.474) (£0362) (20.164) (£0.488) (£0.09) (£0.083) (£0015)

ToD Mean 4571 2632 1061 4352 0571 0538 0056 0813
(£0:528) (£0.398) (20.188) (£0559) (20.105) (£0.09) (£0.038)

BAL-2 Mean 3571 2217 0918 3571 0500 0506 0075 0078
(£0.429) (£0272) (20.126) (£0.463) (20.092) (£0.063) (20.119)

Total mean 453 2517 1012 4158 0510 0518 0022
(0216) (0.143) (20062) (20596) (20.034) (£0.031) (£0.027)

Ny, number of alleles; Ny, number of effective aleles 1, Shannon Information Index; A, allli richness; Ho, observed heterozygosity: H, expected heterozygositys s fixation index; £,
standard deviation.
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Type of evaluation

Monetary values 1127 34 571521 47230 67052.40 141.90

Non-monetary values 1127 1 5 1.38 0.86 61.95

(No. val -number of samples, Min-minimum value of monetary evaluation) (expressed in Euro/management unit) and minimum value of non-monetary evaluation (expressed in Kernel
score/management unit), Max-maximum value of monetary evaluation (expressed in Euro/management unit) and maximum value of non-monetary evaluation (expressed in Kerne
score/management unit), Mean-average value of monetary evaluation (expressed in Euro/management unit) and the average value of non-monetary evaluation (expressed in Kerne
score/management unit), (s)-standard deviation value of monetary evaluation (expressed in Euro) and standard deviation value of non-monetary evaluation (expressed in Kernel score),
(s %)—coefficient of variance of monetary evaluation (expressed in Euro) and coefficient of variance value of non-monetary evaluation (expressed in Kernel score).






OPS/images/ffgc-07-1280793/ffgc-07-1280793-t002.jpg
Forest type Berries
Scientific name Dry quantity Scientific name Dry quantity

Spruce Sambucus nigra 48 Vaccinium myrtillus 200
Vaccinium myrtillus 180 Vaccinium vitis idaea 100
Arctium lappa 3.8 Rubus idaeus 100
Taraxacum officinale 0.6 Rubus fruticosus 100

Beech Achillea millefolium 0.207 ¥ ¥
Equisetum arvense 2.14 # N
Primula officinalis 3.2 * *
Hypericum perforatum 3.89 * *
Taraxacum officinale 54 ¥ *
Urtica dioica 9.69 # ¥
Sambucus nigra 9.31 = S
Vaccinium myrtillus 29.87 * *

*No information was available.
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Sp. WD Sp.

Picea abies in the areal 0.353 Quercus 0.568
petraea

Picea abies outside the areal 0.346 Quercus 0.571
robur

Abies alba 0.335 Tilia cordata 0.440

Larix decidua 0.460 Salix alba 0.390

Pinus sylvestris 0.406 Ulmus 0.530
minor

Pseudotsuga menziesii 0.460 Fraxinus 0.560
excelsior

Pinus nigra 0.466 Acer 0.510
campestre

Pinus strobus 0.300 Carpinus 0.620

betulus
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Transformation matrix
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Refer to Console (F8) for more details
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Clouds registration

Role assignation

. Data:  SS51_Test point cloud- Cloud - Cloud

. Model: ZRP1_Reference point cloud - Cloud

swap
Parameters  Research
(") Number of iterations 20 ¥
O Rrwms difference 1.0e-05
Final overlap 100% +
(] Adjust scale
max thread count 8/8 =

OK Cancel

@ Register info

'o Final RMS: 0.0313204 (computed on 48229
J points)

Transformation matrix
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Covariate Model 6 Model 7

Understory Substory

Average DBH - - 0.15444(0.04) ~0.25%+(0.05)
Average height - 0.16%+%(0.04) ~0.00(0.02) 0.00(0.01)
N 001002) 0.01(354) 0.11(0.06) ~0.02(0.05)
NP 0.07(0.23) 0.02(008) 0.19(0.12) ~0.08(0.14)
cp 0.18(0.22) 0.18(0.11) 0.07(0.11) ~0.05(0.10)
AHN 0.18(0.10) 0.00(0.02) ~0.00(0.02) ~0.29(0.16)
Total N --0.08(0.27) 0.00(0.02) 0.00(0.02) 0.56%(0.24)
Total P ~0.01(0.02) ~0.01(0.03) = ~0.16%(0.08)
soc 0.05(0.23) 0.03(0.08) ~0.00(0.02) 003(0.15)
pH 0.09% (0.04) 0.16%5%(0.04) 0.05(0.05) 0010.02)
Aspect 0.01003) 0.04(0.04) 0.00(0.01) 0.00(0.01)
Convexity 0.00(0.01) ~0.00(0.01) ~0.00(0.01) 0.06(0.08)
Elevation ~0.00(0.02) ~0.00(0.01) 0.03(0.04) 0.07 (003)
Slope 0.01(0.03) ~0.00(0.01) ~0.00(0.01) ~0.03(0.07)
Intercept ~0.00(0.04) 0.00(0.04) 0.00(0.04) 0.000.04)

The value within closed bracket represents the standard error. AHN represents the alkaline hydrolysable ntrogen, C represents the soil organic carbon, N represents the totl nitrogen and
P represents the total phosphorus.
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Covariate Model 1 Model 2 Model 3

Richness Shannon Simpson
Average DBH —0.26***(0.04) 0.00(0.04) 0.02(0.03) 0.26*%%(0.05)
Average height - ~0.00(002) 0.00(0.01) ~0.04(0.05)
N ~0.01(0.04) ~0.13(009) ~0.13(0.10) 0.00(0.01)
NP ~0.03(0.09) ~0.44(027) ~0.48(0.30) ~0.28%%(0.10)
cp ~0.02(-0.09) 0.13(0.25) 0.19(0.29) 0.02(0.07)
AHN -001(0.03) ~0.26(0.16) -024(0.13) -021(0.11)
Total N ~001(002) -002(0.18) -0.08(0.25) 0.00(0.03)
Total P - ~0.00(0.02) ~0.00(0.02) ~0.00(0.02)
s0C -000(0.02) 021024) 0.19(0.29) 0.07(0.11)
pH 0.01(0.01) ~0.15%%(0.03) ~0.167%(0.04) ~0.16%%%(0.04)
Aspect 0.00(0.02) 0.03(005) 0.08(0.06) 0.01(0.04)
Convexity 0.00(0.01) —0.01(0.03) ~0.01(0.03) =0.04(0.05)
Elevation - 0.01(0.02) 0.01(0.03) 0.09(0.04)
Slope 0.00(0.01) ~0.02(0.04) ~0.06(0.06) ~0.01(0.04)
Intercept ~0.00(0.04) ~0.01(0.04) 0.00(0.03) 0.00003)

The value within closed bracket represents the standard error. AHN represents the alkaline hydrolysable nitrogen, C represents the soil organic carbon, N represents the total nitrogen and
P represents the total phosphorus.
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Size range In uals Beta-diversity
Understory layer DBH<10cm 7 10,804 0158
Substory layer 10cm<DBH<20cm 7 10,292 0221
Canopy layer DBH>20cm 6 7,225 0.161

Layer 7 28321 0247
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AGTB = Stem biomass + Branch biomass + Foliage biomass (3)





OPS/images/ffgc-06-1209232/ffgc-06-1209232-e003.jpg
RMSE = /3, 9=

@)





OPS/images/ffgc-06-1209232/ffgc-06-1209232-e004.jpg
RMSE% =

RMSE

x 100

)





OPS/images/ffgc-06-1224575/ffgc-06-1224575-t004.jpg
Final RMS Error (m) Mean cloud-to-cloud Standard deviation
distance (m)

Alignment Registration
P1 ZR1vs. ZR2 0.053 0.019 0.057 0.185
P2 ZR1vs. ZR2 0.063 0.019 0.005 0.008
P3 ZR1 vs. ZR2 0.074 0.023 0.031 0.092
P4 ZR1vs. ZR2 0.266 0.020 0.201 0.441
P1 SS1 vs. $S2 0.074 0.017 0.006 0.009
P2 SS1 vs. $S2 0.073 0.016 0.007 0.017
P3 SS1 vs. $82 0.056 0.015 0.011 0.037
P4 SS1 vs. $S2 0.073 0.016 0.007 0.026
P1 SA1vs. SA2 0.039 0.012 0.005 0.014
P2 SA1vs. SA2 0.139 0.014 0.008 0.011
P3 SA1vs. SA2 0.047 0.012 0.002 0.006
P4 SA1vs. SA2 0.016 0.014 0.001 0.001
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Coordinates Slope (deg.) Leaf Mean rut depth (m)
coverage
(%)
Standard Standard
deviation deviation
P1 45°37' 205" N, 19.83 +10.38 70 0313 +0.056 Moist
25°35'44.7" E
P2 45°37'17.9" N, 15.20 +11.11 80 0.122 +0015 Moist
25°35'43.0" E
P3 45°37' 20.6" N, 19.60 +16.57 90 0.152 +0.036 Moist
25°3546.0" E
P4 45°37'19.0" N, 21.84 +18.17 90 0.135 +0.039 Moist
25°35/42.0" E
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Abbreviation Dataset

SA1 1%t LiDAR-derived point cloud data based on 3D
scanner App. Scanning settings: advanced, low area,
medium density. Export: medium density. Collected
in each plot.

SA2 2" LiDAR-derived point cloud data based on 3D
scanner App. Scanning settings: advanced, low area,
medium density. Export: medium density. Collected
in each plot.

8§81 1t LiDAR-derived point cloud data based on
SiteScape. Scanning settings: maximum area, medium
density. Export: medium density. Collected in each
plot.

SS2 27 LiDAR-derived point cloud data based on
SiteScape. Scanning settings: maximum area, medium
density. Export: medium density. Collected in each
plot.

ZR1 1t LiDAR-derived point cloud data based on
GeoSlam Zeb Revo. Scanning settings: as provided by
device. Export: as provided by the dedicated software.
Collected in each plot.

ZR2 2" LiDAR-derived point cloud data based on
GeoSlam Zeb Revo. Scanning settings: as provided by
device. Export: as provided by the dedicated software.
Collected in each plot.
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Compared point Final RMS Erro Mean Standard
clouds cloud-to-cloud deviation

distance (m)

Alignment Registration
P1 SS1vs. ZR1 0.093 0.030 0.010 0.009
S$S2 vs. ZR2 0.105 0.033 0.012 0.012
SA1vs. ZR1 0.042 0.018 0.004 0.005
SA2 vs. ZR2 0.058 0.030 0.021 0.025
P2 SS1vs. ZR1 0.104 0.035 0.012 0.012
SS2 vs. ZR2 0.033 0.018 0.004 0.006
SAlvs. ZR1 0.045 0.018 0.004 0.003
SA2 vs. ZR2 0.078 0.017 0.005 0.016
P3 SS1vs. ZR1 0.037 0.019 0.005 0.007
SS2 vs. ZR2 0.023 0.019 0.005 0.006
SAlvs. ZR1 0.045 0.020 0.006 0.006
SA2 vs. ZR2 0.035 0.020 0.007 0.010
P4 SS1vs. ZR1 0.057 0.016 0.039 0.080
S$S2 vs. ZR2 0.069 0.016 0.042 0.081
SAlvs. ZR1 0.088 0.025 0.028 0.040
SA2 vs. ZR2 0.042 0.016 0.024 0.055
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Rheum emodi Wall.ex Meissn. RC, FR 2,700-3,200 N RN Herb GEO Perennial |Rhe.emo
(4212-KASH)
Rumex dentatus L. (4247-KASH) RS, DS 2,000-2,500 N RN Herb THE Annual Rum.den
Pteridaceae Pteris cretica L. (8073-KASH) MP, FR 2,000-2,600 E CS Herb HCP Perennial Pte.cre
Saxifragaceae Bergenia ciliata (Haw) Sternb. RC, FR 2,400-3,100 N RN Herb CRP Perennial Ber.cil
(4213-KASH)
Bergenia stracheyi (Hook. f. and RC, FR 2,500-3,200 N RN Herb CRP Perennial Ber.str
Thomson) Engl. (2973-KASH)
Sapindaceae Acer caesium Wall. ex Brandis FR 2,200-2,700 N RN Tree MGP Perennial Ace.cae
(6261-KASH)
Aesculus indica Hook. (4111-KASH) FR 2,200-2,800 (N RN Tree MGP Perennial Aes. Ind
Salicaceae Populus alba L. (6262-KASH) CF 2,000-2,400 E NT Tree MSP Perennial Pop.alb
Populus ciliata Wall. ex Royle CE FR 2,000-2,500 E IN Tree MSP Perennial Pop.cil
(6234-KASH)
Populus nigra L. (6235-KASH) DS, CF 2,000-2,600 N RN Tree MSP Perennial ~ |[Pop.nig
Salix denticulata Andersson (6239-KASH) MP, FR 2,700-3,200 (N RN Tree MSP Perennial Sal.den
Sambucaceae Sambucus wightiana Wall. ex Wt. and RS, DS 2,200-2,900 N RN Sub-shrub |THE Perennial Sam.wig
Arn. (6243-KASH)
Scrophulariaceae| Euphrasia aristulata Penn. (6248-KASH) |FR, DS 2,200-2,500 N RN Herb THE Annual Eup.ari
Picrorhiza kurroa Royle ex Benth. ER, SP 2,000-2,500 N RN Herb HCP Perennial  |Pic.kur
(6246-KASH)
Verbascum thapsus L. (4242-KASH) RS, DS 2,000-2,800 N RN Herb HCP Perennial  |Ver.tha
Simaroubaceae |Ailanthus altissima Swingle. DS 2,000-2,400 E NT Tree MGP Perennial  |Ail.alt
Solanaceae Atropa acuminata Royle ex Lindl. FR, SP 2,200-2,800 N RN Herb THE Perennial  |Atr.acu
(4252-KASH)
Datura stramonium L. (4085-KASH) RS 2,000-2,400 E IN Herb THE Annual Dat.str
Hyoscyamus niger L. (4106-KASH) RS 2,200-2,700 E NT Herb CRP Biennial Hyo.nig
Solanum tuberosum L. (8092-KASH) CE VG 2,000-2,400 E NT Herb GEO Perennial Sol.tub
Ranunculaceae |Aquilegia fragrans Benth. (8082-KASH)  |FR, SP 2,500-2,900 N RN Herb CHA Perennial  |Aqu.fra
Aconitum chasmanthum Stapf ex Holmes |DS, RC 3,000-3,200 (N RN Herb HCP Perennial Aco.cha
(4109-KASH)
Aconitum heterophyllum Wall. ex Royle |[FR 2,700-3,200 N RN Herb CHA Perennial ~ |Aco.het
(4094-KASH)
Clematis montana Buch. -Ham. ex DC. FR 2,200-2,500 N RN Climber CHA Perennial Cle.mon
(8120-KASH)
Delphinium roylei Munz (7106-KASH) FR, MP 2,000-2,600 N RN Herb THE Perennial Del.roy
Ranunculus palmatifidus Riedl MP, FR, SP  (2,000-2,600 N RN Herb GEO Perennial Ran.pal
(7104-KASH)
Ranunculus hirtellus Royle (7105-KASH) |[MP, SP,CF  |2,700-3,000 [N RN Herb THE Perennial Ran.hir
Ranunculus laetus Wall. ex Hook. CE FR,RS 2,000-2,500 E IN Herb GEO Perennial Ran.lae
(7118-KASH)
Ranunculus sceleratus L. (8117-KASH) RV, RS 2,200-2,600 E CS Herb THE Annual Ran.sce
Thalictrum cultratum Wall. (8115-KASH) |FR 2,300-2,700 N RN Herb CHA Perennial Tha.cul
Rosaceae Cotoneaster affinis Lindl. (8125-KASH) FR 2,600-3,100 N RN Shrub MGP Perennial Cot.aff
Cotoneaster nummularius Fisch. and C.A. RS 2,000-2,800 E NT Shrub NOP Perennial Cot.num

Mey. (8070-KASH)
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Crataegus songarica K. Koch FR 2,000-2600 (N RN Tree MCP Perennial  |Cra.son
(3381-KASH)
Filipendula vestita (Wall. ex G. Don.) EFR, SP 2200-2,600 (N RN Shrub CHA Perennial Fil.ves
Maxim.
Fragaria nubicola (Lindl. ex Hook. f.) FR, DS 2,000-3,000 N | RN Herb 7HCP ”3erennia Fra.nub
Lacaita (4087-KASH)
Malus domestica Borkh. (4248-KASH) CF 2,000-2,500 (N RN Tree MGP r’erennia Mal.dom
Potentilla multifida L. (7088-KASH) RS, DS 2,200-2,800 |E IN Herb HCP Perennial Pot.mul
Potentilla nepalensis Hook. (7098-KASH) (DS, RS 2,200-2,500 |E NT Herb THE Perennial Pot.nep
Prunus avium L.(7101-KASH) CF 2,000-2,600 |E CS Tree MGP Perennial Pru.avi
Prunus cornuta Steud. (3431-KASH) FR 2,300-2,800 (N RN Tree MGP Perennial Pru.cor
Prunus persica Batsch (8059-KASH) CF 2,000-2,500 |E CS Tree MCP Perennial Pru.per
Rosa indica L. (8084-KASH) EFR, SP 2,000-2,400 (N RN Shrub NOP Perennial Ros.ind
Rosa webbiana Wall. ex Royle DS, FR 2,000-2,800 N RN Shrub NOP Perennia Ros.web
(6245-KASH)
Rubus ellipticus Sm. (6255-KASH) FR, DS 2,000-2,600 (N RN Shrub NOP Perennial Rub.ell
Rubus niveus Thunb. (6252-KASH) FR, DS 2,400-2,900 (N RN Shrub NOP Perennial Rub.niv
Rubus ulmifolius Schott (6252-KASH) FR, DS 2,000-2,500 |E CS Shrub NOP Perennial Rub.ulm
Sorbaria tomentosa Rehder (8086-KASH) |[FR 2,400-3,000 (N NT Shrub NOP Perennial Sor.tom
Taxaceae Taxus wallichiana Zucc.(8094-KASH) FR 2,400-2,700 (N RN Tree MSP Perennial Tax.wal
Ulmaceae Ulmus villosa Brandis ex Gamble FR, CF 2,000-2,500 N RN Tree MGP Perennial  |Ulm.vil
(8091-KASH)
Urticaceae Urtica dioica L. (4219-KASH) RS, DS 2,000-3,100 |E NT Herb THE Perennial Urt.dio
Verbenaceae Verbena officinalis L. (4117-KASH) MP, RS 2,000-2,500 |E IN Herb THE Perennial Ver.off
Violaceae Viola canescens Wall. ex Roxb. ER, SP 2,000-2,500 (N RN Herb THE Perennial Vio.can
(3458-KASH)
Viola odorata L. (3462-KASH) ER, SP 2,000-2,600 |E NT Herb THE Perennial Vio.odo
*THE, therophytes; HCP, hemicryptophytes; MGP, magaphanerophytes; NOP, nanophanerophytes; CHA, chamaephytes; GEO, geophytes; MSP, mesophanerophytes; CRP, cryptophytes; MCP,

microphanerophytes; PAR, parasitic. **N = native, E = exotic. * Dry slope (DS), Moist places (MP), Natural forest (FR), Shady places (SP), Riparian vegetation (RV), Rock crevice (RC), Roadside
(RS), Crop fields (CF), Vegetable garden (VG), Regional native (RN), Naturalized (NT), Invasive (IN), Casual (CS).
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Habitats Richness Shannon Simpso
Crop fields 22 3.09 0.95
Dry slopes 46 3.83 0.98
Moist places 27 330 0.96
Natural forests 113 4.73 0.99
Riparian vegetation 12 2.48 0.92
Roadsides 29 3.37 0.97
Rock crevices 9 2.20 0.89
Shady places 31 343 0.97
Vegetable gardens 9 2.20 0.89
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Spatial Patterns of NDIl anomalies and Forest Service ADS 2015
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Region GAP/landfire description

Northern Sierra | Mediterranean California mesic mixed conifer forest and woodland 51%
Mediterranean California dry-mesic mixed conifer forest and woodland 17%
California montane jeffrey pine-ponderosa pine woodland 7%
Mediterranean California lower montane black oak-conifer forest and woodland 7%
Other 18%
Total 100%

Central Sierra Mediterranean California mesic mixed conifer forest and woodland 35%
California lower montane blue oak-foothill pine woodland and savanna 20%
Mediterranean California dry-mesic mixed conifer forest and woodland 20%
Sierra Nevada subalpine lodgepole pine forest and woodland 6%
Other 19%
Total 100%

Southern Sierra | Mediterranean California mesic mixed conifer forest and woodland 25%
Sierra Nevada subalpine lodgepole pine forest and woodland 2%
Mediterranean California red fir forest 13%
California lower montane blue oak-foothill pine woodland and savanna 10%
Other 30%
Total 100%
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Average values 1: Northern Sierra 2: Central Sierra 3: Southern Sierra

2000-2016 2007-2008 2012-2015 2000-2016 2007-2008 2012-2015 2000-2016 2007-2008 2012-2015

Tavg (°C) 107 10.5 114 11.7 11.7 124 9.3 92 9.9
Tot PPT (mm) 1,149 846 921 1,076 792 795 768 558 461
Snow Acc. (mm) 267 255 139 333 310 181 432 395 223
NDII (-) 0.254 0.257 0251 0.204 0.203 0.197 0.123 0.126 0.108
Tot PPT- Snow Acc. (mm) 882 591 782 743 482 614 336 163 238
A Tot PPT (%) - —26% —20% - —26% —26% - —27% —40%
A Tot PPT-Snow Acc. (%) - —33% —11% - —35% —17% - —51% —29%
A Snow Acc. (%) = —4% —48% - =7% —46% - —9% —48%
ANDII (%) = 2% —1% - —1% —4% = 2% —12%

The percentage change (%) is calculated over the 2000-2016 mean.
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