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Wildfires burn heterogeneously across the landscape and create complex forest structures. Quantifying the structural changes in post-fire forests is critical to evaluating wildfire impacts and providing insights into burn severities. To advance the understanding of burn severities at a fine scale, forest structural attributes at the individual tree level need to be examined. The advent of drone laser scanning (DLS) and mobile laser scanning (MLS) has enabled the acquisition of high-density point clouds to resolve fine structures of individual trees. Yet, few studies have used DLS and MLS data jointly to examine their combined capability to describe post-fire forest structures. To assess the impacts of the 2017 Elephant Hill wildfire in British Columbia, Canada, we scanned trees that experienced a range of burn severities 2 years post-fire using both DLS and MLS. After fusing the DLS and MLS data, we reconstructed quantitative structure models to compute 14 post-fire biometric, volumetric, and crown attributes. At the individual tree level, our data suggest that smaller pre-fire trees tend to experience higher levels of crown scorch than larger pre-fire trees. Among trees with similar pre-fire sizes, those within mature stands (age class: > 50 years) had lower levels of crown scorch than those within young stands (age class: 15—50 years). Among pre-fire small- and medium-diameter trees, those experiencing high crown scorch had smaller post-fire crowns with unevenly distributed branches compared to unburned trees. In contrast, pre-fire large-diameter trees were more resistant to crown scorch. At the plot level, low-severity fires had minor effects, moderate-severity fires mostly decreased tree height, and high-severity fires significantly reduced diameter at breast height, height, and biomass. Our exploratory factor analyses further revealed that stands dominated by trees with large crown sizes and relatively wide spacing could burn less severely than stands characterized by regenerating trees with high crown fuel density and continuity. Overall, our results demonstrate that fused DLS-MLS point clouds can be effective in quantifying post-fire tree structures, which facilitates foresters to develop site-specific management plans. The findings imply that the management of crown fuel abundance and configuration could be vital to controlling burn severities.
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1 INTRODUCTION
Wildfires shape the stand structure, species composition, nutrient cycling, as well as many other processes in forest ecosystems (Reilly et al., 2006; Wieder et al., 2009; McGee et al., 2015; Koontz et al., 2020). Extreme wildfire events can result in extensive tree mortality, posing threats to the ecosystem’s biodiversity, resilience, and stability (Crockett and Westerling, 2018; Stevens-Rumann et al., 2018; Steel et al., 2022). With climate warming, rising temperatures and declining precipitation have facilitated the increased incidence of wildfires in many regions across the globe (Liu et al., 2010; Jolly et al., 2015; Davis et al., 2019). Over the past 3 decades, for example, western North America has seen a significant rise in wildfire occurrences, triggering public concerns about environmental, economic, and social impacts (Bartels et al., 2016; Westerling, 2016; Cascio, 2018; Coops et al., 2018; Walker et al., 2019). The historical practice of fire suppression, in conjunction with climate warming, has altered the regime of contemporary wildfires (Prichard et al., 2017; Hanan et al., 2021). Consequently, wildfires are projected to increase in terms of frequency, extent, severity, and duration in the next 50 years, adding barriers to forest management (Flannigan et al., 2013; Prichard et al., 2017; Hanan et al., 2021). Therefore, it is crucial to better understand the impacts of wildfires on fire-prone forests.
To evaluate the magnitude of wildfire impacts on soil and vegetation, post-fire assessments are needed (Robichaud et al., 2014; Klauberg et al., 2019). At an individual tree level, wildfire impacts can be estimated using crown scorch which measures the fire’s consumption of foliage (Wallin et al., 2003). As crown scorch quantifies the areas of discolored foliage following a fire, it is commonly used to indicate the heat damage on individual trees (Hood et al., 2018; Varner et al., 2021). With increasing crown scorch, for example, the foliage color can change from green and yellow (minor damage) to brown and black (complete damage), suggesting an external fire-induced injury (Hood et al., 2018; Varner et al., 2021). Based on crown scorch, the internal injury of individual trees due to fires can also be interpreted since the reduced foliage is associated with many physiological processes, such as water uptake, photosynthesis, and carbon assimilation (Alonso et al., 2002; Wallin et al., 2003; O’Brien et al., 2010).
At a plot level, wildfire impacts can be categorized into different burn-severity classes, such as low, moderate, and high. A low-severity fire (i.e., surface fire) partially consumes the surface fuel, with most of the trees unscorched or lightly scorched (Keeley, 2009). Following a moderate-severity fire, forest structure is altered due to the burning of multiple vegetation strata from ground to canopy (Keeley, 2009; Ager et al., 2013; Kramer et al., 2016). Low- and moderate-severity fires may benefit residual trees with reduced competition and increased seed germination and sprouting (Collins et al., 2018; Jean et al., 2019; Cannon et al., 2021). By contrast, high-severity fires (i.e., crown fires) are characterized by a major loss in the above-ground biomass due to the consumption of surface, ladder, and crown fuels (Chambers et al., 2016; Jones et al., 2016; Garcia et al., 2017). Meanwhile, the prolonged droughts associated with high-severity fires can also cause delayed mortality of remaining trees, further challenging the survival and recovery of trees in forested habitats (Savage et al., 2013; Ruffault et al., 2018; Rodman et al., 2020).
Due to the interacting effects of fuel availability, weather conditions, and topographic features, wildfires burn with a mixture of severities, generating a mosaic pattern of burned and unburned patches within the fire perimeter (Kane et al., 2013; Foster et al., 2017; Crockett and Westerling, 2018; Walker et al., 2020; Churchill et al., 2022). As a result, wildfires can create complex forest structures with high spatial heterogeneity (Bassett et al., 2017; Carlson et al., 2017; Foster et al., 2017). During the post-fire assessment, the evaluation of wildfire impacts on forests can be based on visual estimations (e.g., percentage of ground scorch) and field measurements (e.g., char height) (Robichaud et al., 2007; Chuvieco, 2009). Many structural attributes of forests that are important to examining post-fire biomass, such as crown volume, can be hard to measure in the field (Karna et al., 2019). Therefore, the post-fire assessment may not fully reflect the structural condition of forest ecosystems. Quantifying the post-fire forest structure is, in this case, critical to improving our understanding of wildfire impacts, especially for large and severe fires.
The use of light detection and ranging (LiDAR) or laser scanning technologies allows the acquisition of three-dimensional point clouds to accurately represent the structure of forest stands and individual trees (Goodwin et al., 2006; Wulder et al., 2008). Previous studies conducted across a range of forest types have utilized airborne laser scanning (ALS) data to examine the characteristics of post-fire vegetation (e.g., Botequim et al., 2019; Kane et al., 2019; Gelabert et al., 2020), evaluate the wildfire effects by comparing burned with unburned forest plots (e.g., Alonzo et al., 2017; Hoffman et al., 2018; Hu et al., 2019; Karna et al., 2020), and assess the mortality and recovery of remaining trees with the aid of multispectral satellite imagery (e.g., Kane et al., 2014; Bolton et al., 2015; McCarley et al., 2017; Klauberg et al., 2019). From ALS data, researchers have examined post-fire forest structures across a wide range of forest types globally to improve our local understanding of the impact of wildfires across landscapes (Botequim et al., 2019; Kane et al., 2019; Karna et al., 2019; Karna et al., 2020). Research has shown, for example, that ALS-derived forest canopy cover decreased by ∼ 30% after moderate- and high-severity fires (Karna et al., 2020). High-severity fires also impacted the spacing of dominant vegetation, leading to stands with decreased canopy height, increased canopy gaps, and increased habitat fragmentation (Karna et al., 2020). At the individual-tree level, several structural attributes (e.g., crown dimensions) can also be calculated (Casas et al., 2016; Hu et al., 2019; Klauberg et al., 2019), with researchers finding that, after high-severity fires, trees had significantly smaller crown width, cover, and biomass compared to trees burned by low- or moderate-severity fires (Karna et al., 2019). Tree crowns burned by high-severity fires also became more elongated and conical-shaped instead of round-shaped, implying their reduced recovery and primary productivity (Karna et al., 2019).
The majority of research on the post-fire stand and tree structures, in general, has been undertaken from piloted airborne systems. As laser scanning technologies continue to evolve, it is possible to utilize these devices on an increased variety of platforms, specifically with advances in drone laser scanning (DLS), terrestrial laser scanning (TLS), and mobile laser scanning (MLS). These three platforms, enable researchers to obtain point clouds of ultra-high densities (e.g., 500—20,000 points/m2), which can capture structural information of stands and trees at much finer spatial scales than conventional piloted ALS datasets, thus opening up new possibilities for studies of wildfire effects. Compared to ALS, DLS systems fly much lower to the ground and can be deployed with greater flexibility, allowing the improved detection of post-fire crown structures (Bruggisser et al., 2019; Vandendaele et al., 2021). Using DLS data, studies have estimated various tree structural attributes, such as leaf area density, crown volume, and crown area, to promote the assessment of crown fuels (e.g., Viedma et al., 2020a; Arkin et al., 2021; Hillman et al., 2021). With these attributes, researchers can differentiate crown fires from surface fires by comparing the degree of damage to vegetation structures at different height strata (Viedma et al., 2020a). To gain even greater detail of the sub-canopy vegetation structure, studies have also utilized TLS or MLS data (e.g., Loudermilk et al., 2012; Chen et al., 2016; Hillman et al., 2021). As the sensors are mounted close to the ground and scan upward, dense point clouds can be acquired to resolve the fine structures of trees at the sub-canopy level. These data, thus, support the retrieval of vital attributes, such as crown base height, and allow a refined characterization of fuel loads horizontally and vertically.
Each of these laser scanning platforms offers unique information on the post-fire forest structures. However, to date, there have been a limited number of studies exploring how these datasets can be used together to provide both a ground-up and top-down assessment of post-fire forest structure. To examine the combined ability of these perspectives to predict post-fire tree attributes, we created a fused DLS-MLS dataset to reconstruct individual tree structures after fires. To do so, we sampled trees that experienced a range of crown scorch levels from low-, moderate-, and high-severity sites. We investigated the following questions: 1) At the individual tree level, how is crown scorch related to pre-fire tree size and post-fire tree structures? 2) At the plot level, how does tree size change in response to wildfires with different burn severities? And finally, 3) from the structural attributes of post-fire trees, what can be inferred about the wildfire burn-severity pattern? By examining the differences in post-fire tree structures, this research aims to improve the understanding of relationships between burn severities and tree-level responses, therefore informing fire behavior modelling, fire risk mitigation, and fire-prone forest management.
2 MATERIALS AND METHODS
2.1 Study area
The Elephant Hill wildfire started on July 6th, 2017, near Ashcroft, British Columbia (BC), Canada, and was not contained until the end of September 2017 (BC Wildfire Services, 2022). This wildfire burned a total area of 191,865 ha, representing one of the largest fires in the 2017 wildfire season (BC Wildfire Services, 2022). It burned across a broad range of elevations and forest types, including naturally regenerating forests dominated by interior Douglas-fir (Pseudotsuga menziesii var. glauca) and young plantations of lodgepole pine (Pinus contorta). Ponderosa pine (Pinus ponderosa) co-dominates at the lowest elevations, while hybrid spruce (Picea engelmannii X Picea glauca) commonly occurs at mid- and high elevations (Meidinger and Pojar, 1991). Trembling aspen (Populus tremuloides) is also distributed across the elevation range (Meidinger and Pojar, 1991). Natural disturbances and forest management, together with the terrain features, have created forests with diverse stand ages and canopy closure conditions (Meidinger and Pojar, 1991). Historically, lower elevations in the study area experienced frequent fires with low-to-moderate severity, while higher-elevation forests burned at longer intervals but with higher severity (Meidinger and Pojar, 1991). However, fire suppression after the 1940s greatly reduced the annual area burned and effectively eliminated lower severity fires, while industrial forest management increased. From 2000 to 2010, lodgepole pine forests were highly impacted by the mountain pine beetle and forest plantations were established after salvage logging.
In BC, the status of forest resources is regularly assessed through three monitoring programs based on permanent sampling plots on a gridded network, including the Change Monitoring Inventory program, the Young Stand Monitoring program, and the National Forest Inventory program (Government of BC, 2022). These plots provide temporal re-measurements of forest stands throughout the province using consistent sampling methods to inform disturbance impacts, timber supply, silviculture practices, and growth and yield modelling (Government of BC, 2022). The Elephant Hill wildfire burned 23 permanent plots, nine of which were located near the center of the fire and could be safely accessed for re-sampling (Figure 1). These nine study sites ranged in elevation from 1014 to 1219 m above sea level (masl) and all were located in the Interior Douglas-fir biogeoclimatic zone (Meidinger and Pojar 1991). Pre-fire forest inventory data provided by the BC Ministry of Forests showed that six sites included mature forests (age class: > 50 years) and three were regenerating plantations (age class: 15–50 years); all were dominated or co-dominated by interior Douglas-fir and lodgepole pine (Table 1). In the summer of 2019, field work was conducted at these nine study sites to evaluate wildfire impacts at individual tree and plot scales, and each study site was scanned using both DLS and MLS, as described below.
[image: Figure 1]FIGURE 1 | The location of the study area (A) in the Elephant Hill wildfire that burned in 2017. The distribution of the study sites was highlighted using circles and dots in (B) and (C). The area burned was visualized using a Sentinel-2 image (true color composite) with a 0.5 percent minimum-maximum clip and 1.3 gamma stretch to differentiate burned (magenta) and unburned (green) regions.
TABLE 1 | The pre-fire field information of each study site (VRP—variable-radius plot, FRP—fixed-radius plot, masl—meters above sea level, SE—standard error, Fd—Douglas-fir, Pl—lodgepole pine, Sx—hybrid spruce, Py—ponderosa pine, At—trembling aspen)
[image: Table 1]2.2 Data
2.2.1 Pre-fire forest inventory data
The most recent field measurements of the study sites (2015–2016) before the Elephant Hill wildfire were used as the pre-fire forest inventory data. Among the nine study sites, 36 trees were measured in fixed-radius plots (r = 11.28m) in 6 mature forests and 172 trees were measured with prisms in 3 regenerating forests (Table 1). For each tree, its key attributes, including species, diameter at breast height (DBH in cm) and height (H in m) were measured in the field; basal area (BA in m2) for each tree was calculated from DBH (BA = Π (DBH/2)2). To assess the pre-fire biomass of stems and branches of individual trees, we used species-specific allometric equations from Ung et al. (2008):
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where the dry mass (kg) of tree compartments (i.e., wood, bark, stem, and branches) is represented as y, DBH (cm) and height (m) were manually measured in the field, and the species-specific allometric parameters are denoted as β, and estimation errors are represented as e.
2.2.2 Field-based burn severity
The post-fire conditions of the nine study sites were examined in August and September 2019 by relocating the permanent sampling plots and assessing fire effects at both individual tree and plot scales. To measure the tree-level burn severity, the percentage of crown scorch for each tree that could be matched in the pre-fire inventory data was evaluated. In total, 86 trees were recorded with crown scorch, with 80 coniferous trees (i.e., interior Douglas-fir, lodgepole pine, and hybrid spruce) and 6 trembling aspens.
To estimate the plot-scale burn severity, we calculated the Composite Burn Index (CBI) using the post-fire field data by considering the average impacts of wildfires on five vertical vegetation strata (Key and Benson, 2006; De Santis and Chuvieco, 2009). To do so, we used the CBI concept from Key and Benson (2006) and modified some strata to minimize the assumptions of pre-fire conditions. The five strata were: 1) substrates, 2) understory plants (mosses, bryophytes, herbs and ferns), 3) shrubs, 4) sub-canopy trees, and 5) canopy trees. For this study, our modified CBI is referred to as CBI. On the forest floor, we examined the degree of ground scorch, percentage of exposed soil, and depth of burn classes (Ryan, 1982). We also estimated the percentage of understory plants and shrubs affected by the fire. For sub-canopy and canopy trees, we estimated the percentage of crown scorch and measured the char height on individual trees and averaged them to represent each study site. Table 2 shows the CBI scores for each study site across the five vertical vegetation strata. Finally, we categorized the plot-level burn severity into three classes: 1) low (CBI ≤1.5), 2) moderate (1.5 < CBI ≤2.25), and 3) high (2.25 < CBI ≤3). Examples of study sites from different burn-severity levels are presented in Figure 2.
TABLE 2 | The burn severity classification of study sites with CBI scores by vertical vegetation stratum and plot (the dash symbol indicates that there are no sub-canopy trees at the site)
[image: Table 2][image: Figure 2]FIGURE 2 | The fish-eye lens views of three post-fire study sites across the burn-severity levels
2.2.3 Post-fire laser scanning data
Post-fire laser scanning data were collected using DLS and MLS over 2 days in late July 2019. For the DLS data acquisition, a GreenValley LiAir S200 laser scanning system was used with a ±2 cm horizontal range accuracy and ±5 cm vertical range accuracy. The global navigation satellite systems and the inertial navigation system were integrated into LiAir S200 to georeference the point clouds (relative accuracy = ±5 cm). The LiAir S200 was installed on a DJI Matrice 600 drone to fly at ∼ 80 m above the ground for each study site. The collected DLS point clouds had high densities (>1,000 points/m2) and were clipped for further processing (Figure 3).
[image: Figure 3]FIGURE 3 | Examples of DLS, MLS, and fused DLS-MLS point clouds that are classified as different burn-severity levels
MLS data was acquired from a GeoSLAM ZEB Horizon laser scanner which is equipped with 16 sensors that collect >300,000 points/sec with a relative accuracy of ∼6 mm. The scanner uses a simultaneous localization and mapping (SLAM) algorithm to perceive unknown environments while tracking the location and movement of the system (Sammartano and Spanò, 2018). As the forests were consistently scanned, new point clouds were sequentially added to and aligned with previous ones during this process (Bosse et al., 2012; Sammartano and Spanò, 2018). At the end of scanning, the system incorporated a closed-loop algorithm to reduce the accumulated errors from the sequential scanning (Bosse et al., 2012; Sammartano and Spanò, 2018). At each study site, an operator held the laser scanner at the plot center and walked outwards spirally to scan the forests.
2.3 Point cloud processing
2.3.1 Registration, fusion, and matching with field plots
The DLS point clouds were used as reference data to register the MLS point clouds with the workflow in Figure 4. After the original DLS and MLS point clouds were clipped (r = 20 m), they were approximately aligned in the CloudCompare software using manual shifting. The features from the DLS point clouds (e.g., the highest tree, trees with large crowns, etc.) guided the process of manual shifting. Once the MLS point clouds roughly overlapped with the DLS point clouds, the iterative closest point (ICP) algorithm from CloudCompare was used to perform the fine registration (Besl and McKay, 1992; CloudCompare, 2015). The ICP algorithm minimized the distance between two paired point clouds, allowing the precise registration of MLS data (Besl and McKay, 1992). To ensure the quality of registration, we calculated the cloud-to-cloud distance in CloudCompare for each pair of MLS and DLS point clouds. If the cloud-to-cloud distance was >5 cm, the steps of approximate alignment and fine registration were repeated. For the final registered MLS point clouds, their distances to the DLS point clouds were ∼3 cm, indicating that they have been precisely aligned. Next, the precisely aligned MLS point clouds were merged with DLS point clouds to create the fused dataset.
[image: Figure 4]FIGURE 4 | The workflow of point cloud registration, fusion, and matching with fixed or variable-radius field plots
As the pre-fire plots were sampled using both fixed- and variable-radius methods, we further clipped the laser scanning data to reduce their geometric inconsistencies compared to the sizes and shapes of field plots. For fixed-radius plots, we directly clipped the fused point clouds to circles with a radius of 11.28 m. For variable-radius plots, we identified the horizontal distance between the plot center and each tallied tree from the field data (Figure 4). The largest center-to-tree distance in each field plot was used as the clipping radius for the laser scanning data (Figure 4). The resulting clipping radii ranged from 6.4 to 10.78 m. The average point density of final fused point clouds ranged from 25,498 to 32,743 points/m2 across the burn-severity levels.
2.3.2 Individual tree segmentation and modelling
The Computree software (Computree, 2021) was used for individual tree segmentation and modelling, as follows. The final fused point clouds were classified into ground and vegetation point clouds (Figure 5). Points tagged as vegetation were then subset into upper (≥1.3 m) and lower canopy sections (<1.3 m). Using the locations of stems identified in the lower canopy section, we applied a Dijkstra-based tree segmentation algorithm, as proposed by Hackenberg et al. (2015), to separate individual trees. This algorithm connects each vegetation point to its closest identified stems using the nearest neighbor search based on the Dijkstra distance (Dijkstra, 1959; Hackenberg et al., 2015).
[image: Figure 5]FIGURE 5 | The key processing steps of vegetation point clouds separation, individual tree segmentation, and QSM reconstruction
Quantitative structure models (QSMs) represent the topology, geometry, and volume of objects using a series of hierarchically ordered geometric primitives, such as cylinders (Raumonen et al., 2013; Raumonen et al., 2015). In forestry, QSMs have been recently demonstrated to be an effective methodology to extract detailed information on tree structures in a non-destructive manner. A broad range of forest structural attributes, such as DBH, height, crown size, and volumes, can be accurately retrieved from well-modelled QSMs at an individual tree scale (e.g., Raumonen et al., 2013; Raumonen et al., 2015; Gonzalez de Tanago et al., 2018; Brede et al., 2019). In this study, we reconstructed the structure of individual trees with QSMs based on the methods proposed by Hackenberg et al. (2014) and Hackenberg et al. (2015). The major steps of the QSM reconstruction are outlined in Figure 5.
First, we applied the basic sphere following algorithm to denoised tree clouds (Hackenberg et al., 2015). During this process, a search sphere was created to partition each tree cloud into small segments. Initial cylinders were then generated inside the search sphere to match the surface points of each segment. As the search sphere moved upwards to the treetop, the initial cylinders were linked following a topological order to form the basic QSM. Meanwhile, we ran the QSM-based tree cloud clustering function (Hackenberg et al., 2015) to align the point clouds with their closest cylinders and separate them into two main clusters: 1) the stem and 2) branch clusters. Next, we performed the advanced sphere following function to improve the modelling of the stem and branches separately using the clustered point clouds (Hackenberg et al., 2015). For each cluster, the cylinders were fit with the surface points iteratively to reduce modelling errors. Cylinders with extra-large or small radii compared to their neighbors were filtered and replaced using the median radii of the adjacent cylinders. To further optimize the modelling of QSMs with accurate cylinder sizes, stem and branch cylinders were corrected based on the allometric relationship between cylinder radii and accumulated cylinder volume, as described by Hackenberg et al. (2015). The individual tree QSMs were grouped based on the plot-level burn-severity of their study sites (Figure 6). To pair individual tree QSMs with post-fire field measurements, we compared their spatial coordinates and used a buffer range of the average crown size in each plot to match the corresponding tree datasets.
[image: Figure 6]FIGURE 6 | Examples of individual tree QSMs from low-, moderate-, and high-severity study sites
2.3.3 Tree attribute extraction
We extracted post-fire biometric, crown, and volumetric attributes at the individual tree level using QSMs (Table 3). In terms of biometric attributes, we retrieved the diameter of stem cylinders at 1.3 m above ground as an estimate of DBH. The coordinates of the highest and lowest cylinders were used to calculate the tree height. Using the DBH and tree height, we computed the biomass using the aforementioned allometric equations (Ung et al., 2008). Eight crown attributes were examined in this study to quantitatively describe the horizontal and vertical structure of tree crowns. The horizontal attributes include crown diameter, crown projection area (CPA), crown compactness, and crown evenness. The vertical attributes include crown base height (CBH), crown length, crown ratio, and crown elongation. To extract the crown attributes, we isolated the branch cylinders from QSMs. The coordinates of the branch cylinders were used to compute the crown diameter, CBH, and crown length. With these three attributes, we further derived crown ratio and crown elongation. Of all the branch cylinders from a QSM, we identified the outermost ones and connected their locations to delineate the 2D shape of crowns on the horizontal plane. From this 2D shape, we calculated the CPA and crown compactness. The crown evenness index was adapted from Åkerblom et al. (2017) to evaluate the lateral distribution of branches. In addition, we also summarized the stem, branch, and total volumes of individual trees using the volumetric information provided by QSMs.
TABLE 3 | The structural attributes of individual trees used in this study
[image: Table 3]2.4 Statistical analyses
We performed an initial Kruskal–Wallis test (Kruskal and Wallis, 1952) using the field data and did not find significant differences among interior Douglas-fir, lodgepole pine, and hybrid spruce in terms of pre-fire DBH, height, and biomass (see Supplementary Figures S1–3). These coniferous trees also experienced similar levels of crown scorch regardless of species (see Supplementary Figure S4). Since there were only six trembling aspens recorded in the field data, their impact on the analyses of post-fire tree structure was anticipated to be minor. Overall, this pre-fire analysis suggests that pre-fire tree species should not be a significant confounding factor in the subsequent analyses.
To understand the impacts of wildfires on individual tree structures, we first examined the relationship between crown scorch and trees of different pre-fire sizes (DBH, height, and biomass) in mature (age class: > 50 years) and young (age class: 15—50 years) stands. We quantified the relationship using Spearman’s rank correlation coefficient considering the non-normal distribution of the data (Gauthier, 2001). This coefficient measures both the direction and strength of the correlation between two variables based on the ranks of the data (Gauthier, 2001).
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where di denotes the difference between the ranks of each pair of observations and n represents the number of observations. The coefficient (R) ranges between -1 and +1, with R > 0 indicating a positive correlation, R = 0 indicating no correlation, and R < 0 indicating a negative correlation. The stronger the correlation, the greater the absolute value of R.
To compare the post-fire tree structures across a range of crown scorch levels, we used pre-fire DBH to separate individual trees into three groups according to the provincial standards of timber cruising (Government of BC, 2021): 1) small (DBH <12.5 cm), 2) medium (12.5 ≤ DBH <30 cm), and 3) large (DBH ≥30 cm). For each group of trees, we examined the relationship between crown scorch and post-fire tree attributes using Spearman’s rank correlation coefficient (Gauthier, 2001).
To further understand the burn severity at the plot level, we aggregated individual trees based on the CBI score of their study sites. We examined the changes in pre-and post-fire tree attributes using the paired Wilcoxon rank-sum test. This test is a non-parametric technique to compare the ranking of observations of two groups of paired samples (Cuzick, 1985; Wilcoxon, 1992). The three biometric attributes investigated were DBH, tree height, and biomass. DBH and height were manually measured in the field before the fire and were derived from QSMs after the fire. Pre- and post-fire biomass were calculated from species-specific allometric equations based on DBH and height, as described above.
Exploratory factor analysis (EFA) is a multivariate technique that aims to uncover the underlying patterns and relationships among the variables (Taherdoost et al., 2014). In this study, we performed EFA on tree attributes to infer the burn-severity pattern of wildfires at the plot level. Before extracting common factors, we assessed the data adequacy and suitability using Kaiser-Meyer-Olkin (KMO) and Bartlett’s tests. The KMO test measures the correlations among variables in the correlation matrix for EFA, which provides information on the sampling adequacy that is important for the grouping of variables (Kaiser, 1970; Taherdoost et al., 2014). The statistic of KMO ranges from 0 to 1, with values below 0.5 meaning that the data are not adequate for EFA (Taherdoost et al., 2014). Bartlett’s test of Sphericity examines whether the correlation matrix is the same as an identity matrix (Bartlett, 1950). A significant result (p < 0.05) is needed to ensure that the data are suitable for EFA (Taherdoost et al., 2014). After confirming the data adequacy and suitability, we extracted uncorrelated factors using a principal component method and they were further rotated using the equamax rotation technique (Manly, 2005). With this orthogonal rotation technique, the data variance was re-distributed across the common factors to minimize the complexity between them and the variables (Akhtar-Danesh, 2017). Using the common factors, we compared their loadings across burn-severity levels to study their correlations with the variables. The meanings of the common factors were then interpreted as each of them encompassed a unique set of relationships with the post-fire tree attributes. We used 0.80 as the cut-off value for strong correlations when defining the meanings of common factors from their loadings. The meanings of common factors across burn severities may indicate the differences in the burn-severity pattern of wildfires.
All statistical analyses were conducted in RStudio (RStudio Team, 2020).
3 RESULTS
3.1 Crown scorch and pre-fire tree size
Figure 7 shows the correlations between crown scorch and trees in mature and young stands with different pre-fire sizes. Overall, we found significant and negative correlations between crown scorch and pre-fire DBH, height, and biomass, indicating that trees with small pre-fire sizes tend to experience higher levels of crown scorch than trees with large pre-fire sizes. In addition, the scatter plots show that young stands (age class: 15—50 years) were mostly occupied by small trees, whereas mature stands (age class: > 50 years) included trees of a range of sizes. Among trees from young stands, the majority of them were severely scorched, while trees from mature stands experienced relatively lower levels of crown scorch (Figures 7A–C).
[image: Figure 7]FIGURE 7 | The scatter plots and trend lines between crown scorch (%) and pre-fire (A) DBH, (B) height, and (C) biomass of trees at mature and young stands
3.2 Crown scorch and post-fire tree attributes
The correlations between crown scorch and post-fire biometric, crown, and volumetric attributes are presented in Figure 8 and Table 4. Among small-diameter trees, post-fire volumetric and crown attributes exhibited significant and moderate correlations with crown scorch levels. The negative trends indicate that trees that experienced higher levels of crown scorch had smaller post-fire volumes, especially the branch volumes (Table 4). Their post-fire crown structures were also smaller both horizontally and vertically, as well as more compacted and uneven (Figure 8; Table 4). Among medium-diameter trees, we found similar patterns in the relationships between crown scorch and post-fire attributes compared to small-diameter trees. Specifically, post-fire DBH, biomass, total and branch volumes, and most crown attributes were significantly correlated with crown scorch levels (Table 4). In contrast, we did not find any significant correlations between crown scorch and post-fire attributes among large-diameter trees (Figure 8; Table 4). These non-significant correlations indicate that large-diameter trees were relatively more resistant to different levels of crown scorch than small- and medium-diameter trees.
[image: Figure 8]FIGURE 8 | The scatter plots and trend lines between crown scorch (%) and post-fire (A) DBH, (B) height, (C) biomass, (D) crown diameter, (E) crown evenness, and (F) CBH among small-, medium-, and large-diameter trees classified using pre-fire DBH
TABLE 4 | Spearman’s rank correlation coefficients (R) between crown scorch (%) and each post-fire tree attribute among small-, medium-, and large-diameter trees (significant correlations (p < 0.05) are highlighted in bold).
[image: Table 4]3.3 Plot-level burn severity and biometric attributes
Impacts of wildfires with different plot-level burn severities on individual tree DBH, height, and biomass are presented in Figure 9. Overall, low-severity fires had negligible effects on individual tree biometric attributes, moderate-severity fires mostly influenced tree height, while high-severity fires significantly reduced the DBH, height, and biomass of individual trees. At low-severity sites, we found no significant differences between pre- and post-fire biometric attributes. At moderate-severity sites, we observed a significant decline (p < 0.05) between pre- and post-fire tree height, with the median values decreasing from 12.5 m to 9.7 m (Figure 9B). By contrast, at high-severity sites, all three biometric attributes were significantly different post-fire from their corresponding pre-fire values. The median values of individual tree DBH, height, and biomass decreased by 16%, 25%, and 29%, respectively (Figure 9A–C).
[image: Figure 9]FIGURE 9 | The comparisons between pre-fire field-measured and post-fire laser scanning-derived (A) DBH, (B) tree height, and (C) biomass across plot-level burn-severity classes. The violin plots show the data range of each attribute, with the curves representing the probability density distribution, the boxes representing the interquartile range, the bars representing the median, and the dots representing outliers. Significant differences among medians (p < 0.05) are indicated with different letters.
3.4 Wildfire burn-severity patterns
The exploratory factor analyses (EFA) (Kaiser-Meyer-Olkin > 0.65; p of Bartlett’s test <0.05) with the equamax rotation revealed a clear factor pattern across the burn-severity levels. Four common factors emerged from the EFA, accounting for ∼80% of the total data variance. Factors 1 and 2 were dominant factors with ∼50% combined contribution to the total data variance, and factors 3 and 4 jointly explained ∼30% of the total data variance. The correlation coefficients between common factors and the post-fire tree attributes (i.e., factor loadings) are summarized in Figure 10.
[image: Figure 10]FIGURE 10 | The loadings of common factors for post-fire attributes in (A) low, (B) moderate, and (C) high plot-level burn-severities. The loadings represent the correlation coefficients between each post-fire attribute and each factor. The factors are ordered in terms of their contribution to the data variance from high to low.
At low-severity sites (Figure 10A), factor 1 exhibited strong and positive correlations with two crown attributes (i.e., crown diameter and CPA). This factor, thus, reflected the relationship between horizontal crown size and burn severity. Factor 2 showed strong correlations with total, stem, and branch volumes (loadings = ∼ 0.90), which served as an indicator of post-fire tree volumes. Factor 3 was positively correlated with crown ratio (loading = 0.86) and negatively correlated with crown elongation (loading = - 0.83), indicating the vertical crown size of post-fire trees. The last factor recorded great correlations with DBH and biomass, which provided information on the sub-canopy tree size.
At moderate-severity sites (Figure 10B), factor 1 directly correlated with tree height and crown length (loadings >0.89), suggesting an indicator of vertical crown size. Similar to trees from low-severity sites, factor 2 was also strongly and positively correlated with tree volumes, with loadings ranging from 0.89 to 0.94. Factor 3 indicated the sub-canopy tree size as it exhibited substantial correlations with DBH and biomass, with loadings >0.96. Factor 4 reflected the amount of crown fuel as it was positively correlated with CBH (loading = 0.86) and negatively correlated with crown ratio (loading = - 0.82).
At high-severity sites (Figure 10C), the strongest factor became an indicator of tree volumes, with positive loadings ranging from 0.80 (branch volume) to 0.92 (total volume). The next strongest factor offered information on the sub-canopy tree size with direct correlations with DBH and biomass (loadings >0.93). We found no post-fire tree attribute strongly correlated with factor 3 but moderate correlations with crown compactness and elongation, which can be viewed as a reflection of crown shapes. Similar to trees from moderate-severity sites, the last factor also indicated the amount of crown fuel as it was strongly correlated with CBH (loading = - 0.94) and crown ratio (loading = 0.87).
In general, following low-severity fires, we found that the variations in tree characteristics were mainly driven by large horizontal crown sizes and tree volumes, which reflected the relatively greater size and wider spacing of trees in low-severity sites. Following moderate-severity fires, the dominant factors driving the variations in tree characteristics changed to vertical crown sizes and tree volumes, indicating a more prevalent fire impact along the stem. Following high-severity fires, the dominant factors further changed to reduced tree volumes and sub-canopy tree sizes, emphasizing the remaining tree structures with deeply burned crowns.
4 DISCUSSION
In this research, we fused DLS and MLS point clouds to examine the structure of post-fire trees using QSMs. Through QSMs, we retrieved biometric, volumetric, and crown attributes of post-fire trees to compare the effects of the tree- and plot-level burn severities. Our method can, thus, be complementary to studies that investigated wildfire impacts on stand and tree structures via computing metrics (e.g., height percentiles, skewness, kurtosis, etc.) directly from ALS point clouds. The findings of this research could refine our understanding of the variation in wildfire impacts on dry forests at both individual tree and plot scales. As with other studies that investigate the chronological impacts of wildfires, we acknowledge that we cannot completely rule out the potential influence of pre-fire conditions on post-fire forests (Kane et al., 2013; Kane et al., 2014). Therefore, we focused on the general trends when interpreting the burn-severity effects and their patterns.
4.1 Effects of burn severities on tree structures
At the individual tree level, our results suggest that trees with small pre-fire sizes tend to be more susceptible to higher levels of crown scorch than trees with large pre-fire sizes. Among small- and medium-diameter trees (DBH <30 cm) that were severely scorched, they tend to have smaller post-fire volumes and crowns compared to the ones that were slightly scorched or unburned. A potential explanation is that, as crown scorch levels increased, a greater amount of branches and foliage was consumed by fires which may result in the compacted and uneven shape of post-fire crowns. We also observed that many small- and medium-diameter trees had relatively low CBH after experiencing low to moderate crown scorch (<60%). The low CBH indicates that fires may have resulted in a degree of crown kill, which triggered basal and epicormic resprouting of trees (Hood et al., 2018; Woodward et al., 2020; Varner et al., 2021). Yet, as the crown scorch level further increased, small- and medium-diameter trees could have post-fire crowns with high CBH and little to no branch volumes. This implies that a high crown scorch could damage trees with top-kill and reduce the occurrence of epicormic resprouting (Hood et al., 2018; Bär et al., 2019). Thus, the structure of smaller and younger trees could be simplified by high levels of crown scorch, and their post-fire survival and recovery could also be threatened due to the severe injury. Larger and more mature trees, however, could be more resistant to fires, which is likely related to the protection of their thick bark.
At the plot level, low-severity fires had relatively minor impacts on tree structures as they mostly consumed surface fuels. Although younger trees may be charred during the burn, their subsequent growth can mask fire effects (Kane et al., 2014; Hoffman et al., 2018). This finding is similar to multiple studies (e.g., Becker and Lutz, 2016; Kauffman et al., 2019; Klauberg et al., 2019). Yet, it is contrary to the findings of Kane et al. (2013) who found that low-severity fires significantly modified the canopy structure of coniferous forests in comparison with unburned sites in Yosemite National Park, United States. The major difference between the two studies is that we examined the effects of a single fire, whereas they analyzed the combined effects of fires over 2 decades. As Kane et al. (2013) noted, the unburned reference sites that they selected outside fire perimeters may not fully represent the pre-fire conditions of burned forests, which can contribute to the differences in post-fire tree structures. Additionally, the tree species composition, topography, and the classification of burn severities can also contribute to the different interpretations of burn severity effects on tree structures.
Principally, low- and moderate-severity fires burn more surface than crown fuels, and may remove small-diameter trees (Keeley, 2009; Kane et al., 2013). Consequently, the average post-fire DBH and tree height increase due to the larger residual trees. In our study, 2 years post-fire, we did not find changes in DBH but detected a decreasing trend in tree height following moderate-severity fires, consistent with several studies (Kane et al., 2014; Hoffman et al., 2018; Karna et al., 2019). This suggests that tall trees can also be affected by moderate-severity fires. Possible explanations include that, during the stem exclusion phase, trees invested in vertical growth to compete for growing space and resources (Agee and Huff, 1987), yet their bark may not be thick enough to tolerate moderate-severity fires. As a result, in places with aggregated ladder fuels, shorter trees may help fires spread into the canopy, causing the adjacent taller trees to be charred, snapped off, or killed. With moderate burn severity, fires could remove thin-bark trees, which might lead to greater dominance of thick-bark trees (e.g., Douglas-fir) in post-fire forests.
In contrast, following high-severity fires, the study sites were characterized by abundant standing dead trees (i.e., snags) that were completely or near-completely charred. These trees had significantly smaller DBH, height, and biomass after the fire, implying that high-severity fires might have substantially altered their structures, similar to findings from multiple studies that were conducted across different types of forests (Kane et al., 2014; Karna et al., 2019; Kauffman et al., 2019; Karna et al., 2020). The decreased DBH after high-severity fires was likely due to the removal of large-diameter trees, and the damage to roots and boles causing hydraulic dysfunction of xylem (i.e., the inability of water transport) in the remaining trees (Midgley et al., 2011; Bär et al., 2019).
4.2 Tree characteristics and wildfire burn-severity patterns
The interactions among vegetation, weather, and topography influence the burn-severity pattern of wildfires (Kane et al., 2013; Foster et al., 2017; Walker et al., 2020). Research has demonstrated that pre-fire vegetation has a vital impact on burn-severity patterns and post-fire vegetation resembles its pre-fire condition (Kane et al., 2014; Viedma et al., 2020a; Walker et al., 2020). Yet, we also acknowledge that both weather and topography could have critical impacts on burn-severity patterns.
Across the nine sites in this study, trees from mature stands (age class: > 50 years) experienced relatively lower levels of crown scorch compared to trees of similar sizes in young stands (age class: 15—50 years). This is broadly consistent with previous work (e.g., Lydersen et al., 2016; Alonzo et al., 2017; Stephens and York, 2017; Bowd et al., 2021). At the plot level, our results of EFA also imply that burn severities were lower in stands dominated by mature trees with low densities and large horizontal crown structures. In contrast, stands that tended to burn more severely were those occupied by regenerating trees with high densities of vertical crown fuels. This finding implies that the differences in fuel abundance and configuration could play a critical role in driving the burn-severity patterns across the study sites.
In general, a primary factor that likely contributed to the different burn-severity patterns between mature and young stands is related to pre-fire tree size and fuel density. In the six mature stands, trees had larger pre-fire sizes and were less densely distributed compared to those in the three young stands. For large-diameter trees, their thick bark can resist heat during the fire, which increases their survival following the fire (Agee, 1993). In addition, as we observed, trees from the six mature stands had experienced stem exclusion and reached a relatively closed canopy. High canopy closure blocks sunlight from directly infiltrating the understory, and limits the growth of sub-canopy trees and ladder fuels (Hoffman et al., 2018; Karna et al., 2019), which did not favor the vertical or horizontal spread of high-severity crown fires. Yet, during the understory re-initiation phase of closed-canopy stands or in open-canopy stands, the increasing abundance of understory vegetation and surface fuels could make them more susceptible to moderate-severity fires due to torching or passive crown fires.
Among the three young stands, we noticed that they were characterized by trees of smaller sizes and higher densities. As these stands also had a low canopy closure, surface fuels might be exposed to sunlight and wind, decreasing their moisture content and increasing their flammability (Lyons-Tinsley and Peterson, 2012). Meanwhile, short tree heights and the closeness of adjacent tree crowns enhanced the fuel continuity vertically and horizontally, allowing fires to spread into and across the canopy. As a result, these trees- and stand-level characteristics could support the incidence and propagation of fires with increasing burn severities.
4.3 Limitations and implications
Overall, the structural attributes derived from individual tree QSMs were effective in quantifying burn-severity effects and patterns across the study sites. Our findings may inform site-specific management decisions regarding fuel load monitoring and treatment. Yet, we acknowledge that a major limitation of this research is related to the measurements of pre-fire forest conditions. Ideally, bi-temporal laser scanning data are required to compare forest structures pre- and post-fire. Since wildfires have legacy effects on coniferous forests that persist over decades (Bolton et al., 2015), multi-temporal laser scanning data are needed to monitor the long-term change in forest structures. To our knowledge, however, only a few studies have obtained bi-temporal or multi-temporal laser scanning data when investigating wildfire impacts (e.g., Alonzo et al., 2017; McCarley et al., 2017; Hu et al., 2019; Karna et al., 2020). This is mainly because of the operational challenge in acquiring high-quality data before wildfires (Viedma et al., 2020a), as they tend to be unpredictable in space and time.
In this research, we relied on field measurements to examine the pre-fire tree and stand structures. Both fixed- and variable-radius sampling strategies were employed due to different site characteristics. As a result, inconsistencies existed between variable-radius plots in the field and the inclusion of the relevant laser scanning data. Although we accounted for this during data processing, it still influenced the comparison between pre- and post-fire tree attributes to some extent. Since variable-radius sampling can be efficient in the field, more research should aim to develop methods that can reduce errors in matching the shape and size of these plots with laser scanning data. To compare pre- and post-fire biomass, we used species-specific allometric equations. As these equations were based on unburned trees, they may not reflect the actual change in biomass due to wildfires. Hence, new allometric equations should be developed in the future to compute post-fire biomass using field measurements or to transform QSM-derived volumes into biomass.
Another limitation is that we were not able to differentiate tree species or their mortality using laser scanning data alone. To consider this, we used pre- and post-fire field data to broadly evaluate the impacts of wildfires on recorded tree species and their mortality status. Since changes in tree species composition and mortality can be crucial to understanding forest recovery and fire-caused secondary succession (Kane et al., 2013; Hood et al., 2018; Steady et al., 2019), we recommend that future studies should combine DLS/MLS data with high-resolution optical images from satellites or drones to distinguish fire effects or other tree mortality drivers (e.g., infestation, drought) on different species. This would, therefore, allow foresters to identify species-specific plans in terms of forest management and restoration.
In this study, we inferred the wildfire burn-severity patterns using post-fire tree attributes. As several studies pointed out, the role of vegetation on burn-severity patterns could be overwhelmed if fires propagated under extreme weather conditions (Schoennagel et al., 2004; Viedma et al., 2020b). Therefore, for future research, detailed weather information during fire propagation should be integrated to investigate the interactions among weather, vegetation, and burn-severity patterns. In addition, as we mainly focused on trees that represent ladder and crown fuels, the role of surface fuels was not fully considered. Research has shown that the abundance and moisture in surface fuels may determine fire behavior and burn severities (Lyons-Tinsley and Peterson, 2012). With highly dense TLS/MLS data, we suggest that future work also extract point clouds of forest floor and understory vegetation to examine the effects of surface fuels on driving burn-severity patterns.
5 CONCLUSION
Post-fire tree structures reflect the impacts of wildfires on forest ecosystems. This research compared pre-fire field measurements with QSM-derived post-fire tree attributes to assess the burn severity of the 2017 Elephant Hill wildfire. At the individual tree level, we found significant and negative correlations between crown scorch and pre-fire DBH, height, and biomass, suggesting that smaller pre-fire trees tend to experience higher levels of crown scorch than larger pre-fire trees. Meanwhile, we also noticed that trees at mature stands (age class: > 50 years) experienced relatively lower levels of crown scorch than trees with similar pre-fire sizes at young stands (age class: 15—50 years). Among pre-fire small- and medium-diameter trees, we found that many post-fire volumetric and crown attributes were significantly and negatively correlated with crown scorch, indicating that trees following high crown scorch could have smaller volumes and crowns compared to the ones that were slightly scorched or unburned. In contrast, among pre-fire large-diameter trees, no post-fire attribute exhibited significant correlations with crown scorch, indicating that they can be more resistant to fires. At the plot level, the effects of low-severity fires were probably masked by the subsequent growth of trees since we did not detect structural changes in DBH, height or biomass. At moderate-severity sites, we observed a major reduction in tree height, implying that moderate-severity fires could consume tall trees with thin bark in places where aggregated ladder fuels existed. At high-severity sites, we found a large number of completely charred trees with smaller DBH, height, and biomass compared to their pre-fire condition. Further, our results suggest that stands with trees of low densities and large crown sizes tend to burn less severely than stands with trees of high crown fuel density and continuity.
In this study, the QSMs generated from the fused DLS-MLS point clouds enabled us to effectively quantify post-fire tree structures, which promotes our understanding of burn severities at a fine scale. The findings of this research support foresters and scientists to develop site-specific plans for fuel treatments. Moving forward, we suggest that future work improve the biomass estimation of burned trees to better evaluate the changes in post-fire carbon dynamics. In addition to DLS/MLS data, high-resolution optical images can also be used to assist with the analyses of fire effects on different tree species. Detailed weather data during the fire event should be incorporated to examine the interacting effects of weather and vegetation on controlling burn-severity patterns. Moreover, the role of surface fuels in moderating burn severities needs to be further investigated using the highly-dense point clouds.
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Type Tree attribute (unit) Description

Biometric  DBH (cm) The outside bark diameter of a tree at breast height (1.3 m)
Tree height (m) ‘The height of a tree from the ground to treetop
Biomass (kg) The weight of the dry mass of tree stem and branches Ung et al. (2008)
Crown Crown diameter (m) The maximum width of the crown of a tree

Crown projection area (m?)  The projected area of the crown of a tree on the horizontal plane Xu et al. (2013); Karna et al. (2019)

Crown compactness (0-1)  The ratio of the crown projection area to its perimeter Kunz et al. (2019); Madsen et al. (2021)

Crown evenness (0-1) ‘The branch cylinders were separated into four angular bins. Crown evenness measures the ratio of maximum and minimum
heights of the lowest branches across the bins Akerblom et al. (2017).
Crown base height (m) ‘The height from the ground surface to the lowest live or dead branch
Crown length (m) ‘The distance from the treetop to the lowest branch
Crown ratio (0-1) ‘The ratio of the crown length to tree height
Crown elongation (0-1)  The ratio of the crown width to crown length
Volumetric  Total volume (m’) ‘The volume of the stem and all branches of a tree
Stem volume (m?) ‘The volume of the stem of a tree

Branch volume (m*) The volume of all branches of a tree
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Site CBI score by vertical vegetation stratum and plot Burn severity

Substrates Understory plants Shrubs Sub-canopy trees Canopy trees Plot
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Type Post-fire attribute (unit) Spearman’s rank correlation coefficient (R)
Small-diameter trees Medium-diameter trees Large-diameter trees
Biometric DBH (cm) -0.30 -055 ~0.03
Tree height (m) -0.19 -0.15 -020
Biomass (kg) -0.35 -045 0.01
Crown Crown diameter (m) -0.60 -0.44 009
CPA (m?) -0.68 -051 016
Crown compactness (0-1) -0.35 0.10 -0.15
Crown evenness (0-1) -0.58 -039 -037
CBH (m) 039 046 026
Crown length (m) -0.46 -0.11 004
Crown ratio (0-1) -0.50 -038 009
Crown elongation (0-1) -0.54 -041 026
Volumetric Total volume (m’) ~0.42 -038 014
Stem volume (m’) -0.38 -032 031
Branch volume (m?) ~0.50 ~0.56 -020





OPS/images/fenvs-10-949442-t001.jpg
Site Sampling #

Y - S

e i

method

VRP
VRP
VRP
VRP
VRP
VRP
FRP
FRP
FRP

Of trees
measured

103
34

Elevation
(masl)

1156
1049
1189
1126
1219
1103
1014
1199
1132

Age
class
(years)

> 50
> 50
> 50
> 50
> 50
> 50
15-50
15-50
15-50

Density
(trees/ha)

2177
308
244
1382
1901
241
876
2577
851

DBH (cm)

(mean +
SE)

217 %37
369 £ 49
376+76
235+18
286+53
343+36
149 + 1.0
115 £ 07
177 £ 18

Height (m)
(mean + SE)

169 23
22+31
243%35
161 £ 06
169 + 14
154 + 44
105 +05
120 + 04
121 £06

Species
composition (%)

Fd

25
67

100
57
37
100

Pl

33

13

21

Sx Py At
0 0 12
= B 0
0 0 0
10 0 10
12 0 0
0 0 0
0 ;|

39 0 3
0 0 0





OPS/images/fenvs-10-949442-g010.gif
A Low Burn Severity B Moderate Burn Severity © High Bum Severity.
Factor facor? Factor3 Focord  Factor 1 Fctor2 facor Factord | Facto . Fcto2 facor3 Fctor

(R e e
I o o
i T i
B S e e S

AN ¢ DS G e = CAL - S o aw o e ok o









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
& frontiers | Frontiers in Environmental Science





OPS/images/fenvs-10-949442-g005.gif





OPS/images/fenvs-10-949442-g006.gif





OPS/images/fenvs-10-949442-g003.gif





OPS/images/fenvs-10-949442-g004.gif





OPS/images/fenvs-10-949442-g009.gif





OPS/images/fenvs-10-949442-g007.gif





OPS/images/fenvs-10-949442-g008.gif





OPS/images/cover.jpg
& frontiers | Frontiers in Environmental Science






OPS/images/fenvs-10-949442-g001.gif





OPS/images/fenvs-10-949442-g002.gif





OPS/images/math_3.gif
Vaen = Yuoad + Viark + Coom





OPS/images/math_2.gif
Viark = Py gy DBHM  HP vt 400 (2)





OPS/images/math_5.gif
©





OPS/images/math_4.gif
Yivanches = Bryop g DBH wosei Hvwrer 4 g 0 (4)





