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Droughts in recent years weaken the forest stands in Central Europe, where especially the spruce suffers from an increase in defoliation and mortality. Forest surveys monitor this trend based on sample trees at the local scale, whereas earth observation is able to provide area-wide information. With freely available cloud computing infrastructures such as Google Earth Engine, access to satellite data and high-performance computing resources has become straightforward. In this study, a simple approach for supporting the spruce monitoring by Sentinel-2 satellite data is developed. Based on forest statistics and the spruce NDVI cumulative distribution function of a reference year, a training data set is obtained to classify the satellite data of a target year. This provides insights into the changes in tree crown transparency levels. For the Northern Eifel region, Germany, the evaluation shows an increase in damaged trees from 2018 to 2020, which is in line with the forest inventory of North Rhine-Westphalia. An analysis of tree damages according to precipitation, land surface temperature, elevation, aspect, and slope provides insights into vulnerable spruce habitats of the region and enables to identify locations where the forest management may focus on a transformation from spruce monocultures to mixed forests with higher biodiversity and resilience to further changes in the climate system.
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INTRODUCTION

Many parts of the world will suffer increasing tree mortality due to future projected climate change (Dai, 2013; Lausch et al., 2016). However, we are already within this process of higher background tree mortality rates, which have been documented on every vegetated continent and in most bioregions over the past two decades (Anderegg et al., 2013). A large portion of this forest die-off is triggered directly by drought and heat stress or indirectly through infestation-induced mortality, e.g., by the bark beetle (Sproull et al., 2016).

Steinkamp and Hickler (2015) were not able to identify a general drying trend or an increase in extreme drought events in forests globally, but they state that dry forests seem to be affected by decreasing water availability and increasing frequency of droughts. A later study by Senf et al. (2018) found that canopy mortality increased by 2.4% year–1 in Europe, resulting in a doubling of the forest area affected by this phenomenon between 1984 and 2016. Moreover, van Mantgem et al. (2009) reported widespread hydrologic changes for the western United States, such as a declining fraction of precipitation falling as snow, a declining snowpack water content, earlier spring snowmelt, and runoff, and a consequent lengthening of the summer drought. The physiological mechanisms through which drought drives tree death are a rapidly growing research area (Sala et al., 2010), but the impacts of forest die-off remain less well studied.

Even in environments that are not typically considered water-limited, this extensive tree mortality leads to a weakening of the terrestrial carbon sink and provides positive feedback to climate warming (Allen et al., 2010). Moreover, a decline in the sum of plant-level transpiration combined with a reduction of ecosystem photosynthesis leads to a decline in gross primary productivity (Anderegg et al., 2013). Tree mortality events are often “pulsed” due to their links to occasionally but in recent time more frequent drought stress. Two key characteristics determine the magnitude of these impacts, this is the magnitude of the initial “pulse” response and the recovery rate of the ecosystem (Anderegg et al., 2013). Several compensatory mechanisms (e.g., increased resource availability for the remaining trees, niche redundancy and complementarity) explain why substantial tree mortality may not necessarily translate into major changes in ecosystem fluxes (Anderegg et al., 2016).

Tree mortality is a natural ecological process. However, drought- and heat-induced mortality, including associated infestation-related forest die-off, is often a selective force that affects tree species in different ways and rapidly alters the size, age, and spatial structure of forests (Panayotov et al., 2016; Pretzsch et al., 2020). If this increase in mortality persists for a longer period, the average tree age within a forest will be reduced, resulting in a reduced average tree height, stem and crown diameter, and altered forest structure, composition, functioning, architecture, and, consequently, biodiversity and ecosystem service provision (e.g., carbon storage capacity) (van Mantgem et al., 2009; Anderegg et al., 2013). Monitoring and prediction of those tree species that might be most vulnerable are urgently needed to design mitigation strategies (O’Brien et al., 2017).

Spruce is a very fast-growing tree with 15.3 m3ha–1 a–1. The German National Forest Inventory identified an area of 2.7 Mio. ha covered with spruce in Germany (BMEL, 2015). This is about 25% of the forested area (BMEL, 2020). However, the tendency is decreasing, latest by -4% in the period from 2002 to 2012. The dramatic mortality of spruce is estimated to be about 10.5% in 2020 for North Rhine-Westphalia (NRW) (relation of dead trees to total number of evaluated trees), where other tree species show mortalities of 2.1% (MUNLV, 2020). Not only the severe damage but also the warning level for spruce crown transparency has recently been increased (BMEL, 2020). In addition to the general ecologically driven renunciation tendency in spruce monocultures, heat waves, storm impact, and bark beetle outbreaks are the main reasons. Mezei et al. (2017) call the composition of the latter three aspects the infernal trio for spruce stands. However, water limiting conditions may initialize the three aspects (Stadelmann et al., 2014; Netherer et al., 2015).

Earth observation (EO) data, i.e., satellite or ground-based observations and geospatial data, is an important source to monitor changes in forest ecosystems, especially to identify tree mortality (Lausch et al., 2016). Although costly and providing just single snapshots, typically airborne color infrared, multispectral or hyperspectral sensors are used to provide information to the authorities at the state level (Fassnacht et al., 2012; Nielsen et al., 2014; Stovall et al., 2019). For scientific research, more and more spaceborne sensor data is used. For instance, Rao et al. (2019) used passive microwave data and retrievals of vegetation optical depth as an indicator of drought-driven tree mortality at a scale of 0.25°. Latifi et al. (2018) combined coarse (250 m) Moderate Resolution Imaging Spectroradiometer (MODIS) and high resolution (5 m) RapidEye data to identify tree mortality, which they attributed to bark beetle outbreaks. It was possible to relate spectral vegetation indices to local beetle counts. Byer and Jin (2017) demonstrated that MODIS data and two-stage Random Forest models were capable of detecting the spatial patterns and severity of tree mortality with an overall producer’s accuracy of 96.3%. By feeding Gaofen-2 and Sentinel-2 data to different machine learning algorithms, Zhan et al. (2020) monitored tree mortality both at the single-tree and forest stand scale. Immitzer and Atzberger (2014) used multispectral WorldView-2 data to identify Norway Spruce mortality. For early detection, the multispectral sensor capabilities are rarely sufficient, but the identification of dead trees performed almost perfectly. Hansen et al. (2013) used the Google Earth Engine for a global assessment of forest loss by Landsat 30 m imagery with good accuracy also at the local scale where clear-cutting is common, and the fire is rare (Linke et al., 2017). Zimmermann and Hoffmann (2020) analyzed Sentinel-2 data to identify bark beetle infestations in German spruce forests, with good results over large areas where the reflectance properties have already been significantly changed. Fleming et al. (2015) used Landsat Thematic mapper data in tandem with forest inventory plot data to provide spatially and temporally explicit estimates of forest carbon stocks. These research examples show the readiness of EO data and related approaches for utilization in tree mortality detection and beyond, however, only little has found its way into the general management of practitioners or governmental monitoring programs in a straightforward operational way. The MODIS-based European forest condition monitor1 may be considered the first step to get an overview but does not provide the timeliness, and spatial resolution potential users need.

In the Northern Eifel we visually observed an increased mortality of spruce stands in the last years due to climate change. This region, therefore, may serve as an example to study the impact of severe droughts, heatwaves, and bark beetle infestation on spruce mortality using remote sensing. The intention of this study is to provide a method to quantify and monitor this process. In order to evaluate the severity of spruce damage in the Eifel region, and to support the governmental monitoring program (also to indirectly inform foresters, politicians, timber wood industry, and conservationists, etc.), up-to-date EO data can be used. However, governmental representatives may not be informed about technological innovations from other fields. The aim of this study is to introduce a cloud processing example to locate damaged spruce in the Northern Eifel region, and to evaluate potential environmental conditions for that damage. We focus here on the tree mortality and spruce health analysis after the 2018 summer drought. After an introduction to the area under investigation, it is necessary to explain the special situation of the spruce in this area to understand the environmental and artificial preconditions.



THE SPECIAL SITUATION OF SPRUCE IN THE NORTHERN EIFEL

The area of investigation has been limited to the Northern Eifel region (50.60°–50.80°N, 6.19°–6.53°E, and 532 km2, see Figure 1). More specific, this study focuses on the Rureifel, which encompasses the Eifel/Lower Rhine Valley hydrological observatory (Hasan et al., 2014; Ali et al., 2015; Bogena et al., 2018), a part of the TERrestrial ENvironmental Observatories (TERENO) (Zacharias et al., 2011; Bogena et al., 2018). The main land cover types are forests and grassland. Forest areas are covering the Venn anticline ranging from West to North and the Kermeter in the South East with forested slopes along the Rur and Kall rivers in the National Park Eifel. The elevation increases from the North East to the South West of the area of investigation. The geology mainly consists of silt- and mudstone sequences as well as sandstones and graywackes with small cavity and groundwater storage volumes (Montzka et al., 2013). The South East belongs to the so-called Mechernich Trias Triangle, where the Devonian basement is covered by variegated sandstone. The characteristic soils for the Eifel are shallow Cambisols and Leptosols.
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FIGURE 1. Location of the area under investigation in the Northern Eifel as provided by the GEE.


Since the 15th century, the Northern Eifel was shaped by a pre-industrialized iron smelting economy, where the tree population provided the energy for the blast furnaces and the rivers the energy for the steel works. Extensive shifting cultivation and livestock farming put additional pressure on the forests. When the iron industry was disrupted in the region in 19th century due to the strong competition to the black coal in the Ruhr area, a large portion of the Eifel forests was cut and heathland dominated. At the Congress of Vienna in 1815, Prussia took over the former French Rhineland, including the Eifel region and started planting fast-growing trees on fallow areas to develop the economy of this poor region. Especially the Norway Spruce (Picea abies (L.) H. Karst.), since then known in the region as Prussian Tree, was established against initial refusal, which is native from Scandinavia to Northern Russia until the Ural, but also in the Alps and East European mountain ranges. Few generations later the cultivated spruce became the bread (i.e., high-yielding) tree of forestry, able to cover demands for (softwood) timber and to provide pulp for the developing paper industry. During the fierce battles of World War II in the Northern Eifel (Hurtgen Forest), tree stock was severely damaged so that, again, fast-growing spruce was planted in the 1950s to cover the bare hills. When in the 1960s many smallholders quit their business, the government of NRW supported the transfer of grassland and fields, even if not suited, to spruce monoculture. As a result of the major storm disasters of the early 1990s that laid waste to large areas of spruce forests, rethinking began. The latest disturbance to the spruce grown in the Eifel was frequent and severe droughts (see Figure 2). This is true especially for the 2018 drought, when a high-pressure system was established over central Europe and persisted nearly continuously from April to October (Buras et al., 2020). For further information about the European drought conditions we refer to the European Drought Observatory reports (Masante and Vogt, 2018).
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FIGURE 2. Typical situation of a spruce stand in the Northern Eifel in fall 2020. After the 2018 summer drought many spruce stands died and the forest management was not able to quickly remove and substitute the huge amount of affected trees.


The growing spruce forests suppressed the understory, and as a consequence, affected the biodiversity of the area. Moreover, the spruce with its shallow root system, is not well prepared for drought conditions, which become also in the Eifel more severe during recent decades. The weakened spruce stands are suffering from bark beetle attacks, the most significant natural mortality agent of mature spruce. That is why the current aim of forestry is to transform non-site-appropriate pure spruce stands into more stable and natural mixed stands or deciduous forest comprising native deciduous trees (Umweltbundesamt, 2019; Holzwarth et al., 2020). Therefore, the increased spruce mortality after the 2018 drought has, on the one hand, tragic impacts on forest management and timber wood prices, but on the other hand provides a chance for fastened forest structure transformation.



GOOGLE EARTH ENGINE FOR CLOUD PROCESSING AND AVAILABLE DATA SETS

An easy way to step into the field of EO application is to use the Google Earth Engine (GEE2). The user does not need to download and store large EO data sets, to work with unknown or complex file formats, to check the localization of different data sources, or to care about adequate information technology infrastructure such as high-performance computing facilities (supercomputers). All data is available and accessible to be processed on Google’s cloud infrastructure, from local to global geospatial scales. GEE is also designed to support the dissemination of results to other stakeholders or even the general public via Earth Engine Apps (Gorelick et al., 2017). Many solutions based on JavaScript are available, and the number is continuously increasing. Via Application Programming Interfaces (APIs) also Python and R code can be implemented. Small changes in location or time scale make published code easy to apply for own purposes. In this study, we use GEE also to analyze the data and for the preparation of figures.


Sentinel-2 Multispectral Data

The main analysis is based on the multispectral imaging mission Sentinel-2. With four bands at 10 m, six bands at 20 m, and three bands at 60 m spatial resolution Sentinel-2 covers the visible and near-infrared as well as the shortwave infrared regions of the electromagnetic spectrum (Drusch et al., 2012). The mission consists of two satellites launched in June 2015 (Sentinel-2A) and March 2017 (Sentinel-2B), resulting in a revisit time of 2–3 days at mid-latitudes. The data set available at the Earth Engine Data Catalog (S2_SR) is bottom-of-atmosphere surface reflectance (Level 2A) product already corrected for atmosphere, terrain and cirrus impact by sen2cor toolbox (Richter et al., 2012). The image collection was filtered by the cloudy pixel percentage property with values lower than 10% and the median was calculated based on available data in July and August for selected years. Bands B2 (Blue), B3 (Green), B4 (Red), B5 (Red Edge 1), B8 (Near Infra-Red), B11 (Shortwave Infrared 1), and B12 (Shortwave Infrared 2) are used for the analysis by calculating the band-wise temporal median, Bands B4 and B8 of the median were used to calculate the Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1973).



SMAP Soil Moisture Data and Soil Moisture Anomalies

In order to visualize the drought conditions during the summer of 2018 and 2019 in relation to normal years, Soil Moisture Active and Passive (SMAP) satellite soil moisture retrievals were selected. The available data set at the Earth Engine Data Catalog has been developed by the Hydrological Science Laboratory (HSL) at NASA’s Goddard Space Flight Center in cooperation with the United Stated Department of Agriculture (USDA) Foreign Agricultural Services and USDA Hydrology and Remote Sensing Lab (Sazib et al., 2018). SMAP is a passive microwave sensor providing spatially enhanced soil moisture estimates at 9 km resolution with overpasses in mid-latitudes of 2–3 days. The product at hand is based on the SMAP Level 3 product which was transferred to a 10 km grid. This data is assimilated into the two-layer Palmer water balance model by a one-dimensional ensemble Kalman filter approach to reduce forcing and observation errors as well as to provide a root zone soil moisture product (Bolten et al., 2010). Here the depth of the effective root zone is defined according to the Food and Agriculture Organization of the United Nations (FAO) digital soil map of the world. The anomalies consider the deviation of the current conditions relative to the average of the available period standardized by the climatological standard deviation, where the climatology values are estimated based on the full data record of the satellite observation period over a 31-day moving window.



Statistical Forest Data of Crown Transparency

The evaluation of the forest conditions in Germany is performed yearly through the national forestry inventory (BMEL, 2020). The vitality of German forests is characterized by a visual inspection of treetops in the months July and August in a systematic 16 km∗ 16 km sampling grid. This is enhanced (to a 4 km∗ 4 km scheme) for the federal state of NRW (MUNLV, 2020). Sentinel-2 scenes have been selected during these inspection months.

As tree health cannot be easily characterized, and as multiple definitions exist, the forest inventory makes use of a single indicator, the tree crown transparency. Tree canopies may have been affected by damaging insect pests or fungal pathogens, so that the impact is often manifested through changes in tree crown conditions. In particular the attributes foliage discoloration and crown defoliation are found to provide good indicators of tree health leading to crown transparency (Metzger and Oren, 2001; Borianne et al., 2017).

During national forestry inventory, experts group trees by international standards into 5% steps of crown transparency. These are again grouped into five stages of tree damage, and these again into three groups indicating healthy trees (no increased crown transparency), a warning level (slightly increased crown transparency) and seriously damaged trees (considerably increased crown transparency) (Wellbrock et al., 2018). The standard error of the statistics is given with 2.3% (BMEL, 2020).



Auxiliary Data for Analysis of Mortality-Dependence

Land surface temperature (LST) at daytime has been selected from the Terra LST and Emissivity 8-Day Global 1km data set provided in the Earth Engine Data Catalog. Thermal infra-red bands 31 and 32 of MODIS were fed into a generalized split-window LST algorithm, where first-order topographic information (i.e., elevation) is considered in radiative transfer simulations. We analyzed LST data from June to September in 2018 and 2020 with a focus on summer droughts.

In addition, the dependence of crown transparency on precipitation is analyzed. The long-term monthly precipitation of the years 2007–2018 are provided at 1 km in the OpenLandMap data set (Hengl, 2018). The approach behind uses METOP Advanced Scatterometer (ASCAT) soil moisture information fed into the SM2RAIN processor to retrieve precipitation (Brocca et al., 2019). Via cubic splines it has been downscaled to 1 km and averaged between WorldClim, CHELSA, and IMERGE precipitation products. The long-term August precipitation is selected for spatial spruce health analysis here.

Elevation data is taken from the Shuttle Radar Topography Mission (SRTM) V3 C-band product at a resolution of 1 arc-second, i.e., ∼30 m at the equator (Farr et al., 2007). Gaps and voids have been filled by additional data such as the ASTER Global Digital Elevation Model 2 (Fujisada et al., 2012). Aspect and slope were calculated from the elevation data by GEE terrain functions.



APPROACH

The approach makes use of the forest health statistics applied to an analysis of the NDVI obtained by Sentinel-2. Two main assumptions provide the foundation of the analysis: The first assumption considers the spruce health statistics of NRW to be representative also for the spruce stands in the Northern Eifel. Noteworthy spruce stands can be found in the South of NRW only. Next to the Northern Eifel region, especially in the Sauerland and to a lower extent the Bergisches Land and the Weserbergland have spruce coverage. Those regions have comparable elevations (100–600 m), similar geology being German low mountain ranges developed in Devon and Trias, and with this comparable soil genesis. I.e., the environmental conditions are similar to the Northern Eifel. If more specific spruce crown transparency level data for the region of interest is available, this can be implemented similarly. Second, it is assumed that the tree health continuously increases with NDVI. With the previously mentioned crown transparency damage levels and their related foliage discoloration and crown defoliation, a reduction in chlorophyll content can be observed. Therefore, the assumption of reduced NDVI with increasing tree damage is in general valid and supported by many studies (Lausch et al., 2013; Misurec et al., 2016; Spruce et al., 2019; Gomez et al., 2020; Bryk et al., 2021).

Based on these preconditions, our simple approach evaluates the NDVI of the reference year and identifies NDVI thresholds for the groups damaged spruce and spruce at warning level. Applying the same thresholds to the target year instead of the reference one, data can be classified accordingly. In this study, we selected 2018 as the reference year and 2020 as the target year. All data is clipped to the area of interest to provide the regional statistics. Without this selection, the analysis can also be applied to larger scales, but the statistics calculation in GEE is limited to a certain number of pixels. A workaround is to reduce the spatial resolution of the analysis.

First, for the reference year the median Sentinel-2 data was classified by a supervised support vector machine (SVM) method. Training polygons were provided for the classes spruce, other forest, water and others. The last class includes polygons for built-up areas, grassland and agriculture. The Radial Basis Function (RBF) kernel is used to solve non-linear problems with intermediate hyperplane (gamma of 0.5) and margin (cost of 10) parameters (Cortes and Vapnik, 1995). Our classification approach has been employed before, for instance, Wessel et al. (2018) successfully implemented a similar method for tree species classification using Sentinel-2 data. The area of the resulting spruce class for the reference year is then further analyzed, the other classes are neglected. All spruce class NDVI values are used to calculate the histogram and the related CDF. In correspondence with the forest statistics indicating the percentage of damaged (warning level) spruce, the NDVI threshold for the specific percentage of pixels is retrieved. The CDF in the physical NDVI domain provides the probability that the NDVI is below the threshold value for damaged spruce (NDVID). Here for the reference year 2018 the NRW forest statistics indicate that 37% of the spruce is damaged:

[image: image]

Similarly, the statistics indicate that 36% of the spruce forest in 2018 has reached the warning level. This level is used to retrieve the respective threshold NDVIW:

[image: image]

Due to the large number of pixels and histogram bins we omitted fitting a CDF function and used the original spruce NDVI CDF, i.e., the empirical CDF, instead with a negligible error.

Once NDVID and NDVIW have been retrieved based on the reference year, with a random selection of respective pixels (here 10% of each level) in the three levels, a supervised SVM was trained based on the reference year Sentinel-2 median composite bands. The same parameters for the classification into spruce transparency levels were used as in the previous SVM application for the land cover classification. In addition to the classes provided in the forest statistics, we wanted to separately identify removed spruce stands. The SVM was trained on representative areas of the 2020 Sentinel-2 data. This information is then applied to classify the 2020 target year Sentinel-2 median composite. However, intermediate results showed significant differences in the reflectance values of the median composites of the reference and target years. The calculation of the median was not able to fully compensate for that. Therefore a CDF matching approach was applied for each median composite band to correct for biases and to map a target image pixel value to a corresponding value in the reference CDF that has the equivalent cumulative probability value. This approach ensures full comparability of Sentinel-2 data from different years, where atmospheric conditions were not fully corrected, or where observation angles or illumination conditions were different. Note that this CDF matching was applied to the full median image and not for the spruce class only.

The area fractions of the three classes of spruce health conditions are calculated for the target year. In addition, the classes are evaluated regarding their frequency in specific levels of LST, elevation, slope, and aspect. The processing of the Sentinel-2 data is performed at 20 m scale for performance reasons. The histogram analysis related to the mentioned environmental preconditions is performed at 50 m resolution.



RESULTS AND DISCUSSION


Drought Conditions

The root zone soil moisture anomalies (dating back to 2015) spatially averaged for the Northern Eifel region are presented in Figure 3. They indicate the relative differences between the years to rate the relative dryness during the seasons. Whereas 2016 had a very wet summer and 2017 was a normal year, the recent years exhibit serious drought conditions. In late May 2018 the significant drought began and lasted until the end of the year. During the winter 2018/2019 rainfall was not sufficient to restore the soil water storage capacity. Already in March 2019 soil moisture conditions were slightly lower than the average, but here the specific preconditions from 2018 and the long duration of 7 months was a challenge for some ecosystems. The year 2020 was characterized by a very dry spring separated by few precipitation events from a dry summer.
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FIGURE 3. SMAP subsurface soil moisture anomalies for the years 2016–2020 averaged over the area of investigation. Anomalies were calculated with respect to the reference period 2015–2020. Due to the non-continuous 2–3 day acquisitions of SMAP it is shown as a point diagram.


This illustrates that in recent years 2018–2020 several ecosystems affected by dry weather conditions. In addition, the spruce stands were placed on the barren Eifel regions with shallow soils (Montzka et al., 2008a,b), which were even less productive for agriculture. The shallow soils over the bedrock have a very low total water storage capacity so that longer dry periods cannot be bridged. These two corresponding factors lead to the increased spruce mortality in the Northern Eifel. Another driver is bark beetle infestation, e.g., Netherer et al. (2019) report for Austrian forests that dry and shallow soil conditions are typically less affected, but acute drought proved to raise the probability of bark beetle attacks. As the low soil depth is not adequately reflected by the higher resolution soil information provided by the Earth Engine Data Catalog, e.g., the OpenLandMap soil texture map, a more detailed analysis may provide misleading results within GEE. Interested analysts may implement the NRW soil map 1:50.000 for this purpose.



Identification of the Area Covered by Spruce

The SVM classification results of the reference year 2018 were evaluated with independent validation samples. The kappa coefficient (Hudson and Ramm, 1987) for the classification is given with 0.965. The confusion matrix indicates that only the class other has misclassifications, the class spruce was perfectly classified. The separability of spruce is remarkable, especially when using the full potential of the Sentinel-2 bands. Visual inspection of the classification results indicate minor spruce misclassifications at the coastlines of the lakes, where the spectral signature of mixed pixels and the re-greening of fallen dry areas after the summer period is closest to the spruce class. The classification is shown in Figure 4, in line with the multispectral Sentinel-2 data of 2018 and 2020 (Figure 5).
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FIGURE 4. Support Vector Machine (SVM) classification result of the Sentinel-2 2018 median composite of the Northern Eifel (dark green, spruce; light green, other forest; blue, water; and white, other).
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FIGURE 5. Sentinel-2 July/August median composite (RGB = B4, B3, and B2) (A) for the year 2018, and (B) for the year 2020 (CDF-matched).




Quantifying Tree Health Classes

From the 2018 forest statistics, the damaged and warning level percentages for spruce (i.e., 37% and 36%, respectively) were applied to the NDVI CDF to obtain the threshold values to differentiate between the three treetop transparency levels. The corresponding 2018 histogram and CDF are presented in Figure 6. The spruce NDVI histogram for 2018 is close to Gaussian with a mean of 0.78, but slightly skewed with a tail to lower NDVI. The CDF provides the resulting thresholds NDVID and NDVIW with 0.774 and 0.808, respectively. This is in line with other studies evaluating spruce health or bark beetle outbreaks (Lastovicka et al., 2020; Zimmermann and Hoffmann, 2020).
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FIGURE 6. GEE histogram (top) and CDF (center) of spruce NDVI 2018 and CDF (bottom) of spruce 2020. The CDF 2018 is used to identify the NDVI threshold for damaged and warning level spruce according to the forest statistics.


In 2020, the CDF delivered a different picture (Figure 6). Here, the CDF is continuously increasing from 0.15, where removed spruce stands are characterized with low NDVI. After the 2018 drought and later tree removal the NDVI is increasing in some locations according to the occasional re-greening of the understory.

After identification of the spruce health levels based on the CDF matched Sentinel-2 median composite for 2020, their fractions were calculated (Table 1). The estimation of the area fraction falling into the healthy class was close to that of the forest statistics, i.e., 28.4% and 26%, respectively. The class warning level is overestimated and the class damaged is underrepresented in the remote sensing estimation, i.e., the high amount of 45% of damaged spruce is not fully captured with an area fraction of 38.3%. In this class, the damaged and removed spruce stands are combined. 13.8% of the spruce can be considered damaged as they have been already removed.


TABLE 1. Fractions of classified spruce health conditions by the forest statistics and by the proposed remote sensing approach.

[image: Table 1]The band-wise CDF matching of the target year Sentinel-2 data to the reference year is very important. Otherwise, not adequately compensated atmospheric conditions may impact the threshold application and, therefore the relative area fractions of the three main classes. Here, advanced atmospheric correction methods, e.g., using pseudo-invariant features (Schott et al., 1988) or the iteratively re-weighted multivariate alteration detection (Canty and Nielsen, 2008), may improve the accuracy of the method applied.

Figure 7 shows the spatial extent of the spruce health levels in the Northern Eifel. The removed and damaged classes appear more compact than the warning level and healthy classes. For removed this is clearly related to the forest management activities typically applied at larger patches, whereas for the damaged class this might be an indication for the environmental preconditions on spruce vitality. Figure 7 and the visual inspection of the landscape, such as in Figure 2 suggest that no single trees are affected, but large patches of spruce monocultures. In addition to the genotype of the spruce stand in a parcel, which may show a specific resilience to droughts, also common factors such as soil water storage capacity or precipitation levels may affect a parcel of spruce as a whole. Further analysis of these environmental preconditions is provided in section “The Dependency of Spruce Health on Environmental Conditions.” The division between the warning level and healthy classes is not that clearly localized, and gradually draws through the parcels. Here, more research is needed if the NDVI is the adequate vegetation index to identify transparency levels of still dense spruce canopies.
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FIGURE 7. 2020 spruce health classes removed (black), damaged (red), warning level (yellow), and healthy (green) estimated by this study in respect to the CDF matched Sentinel-2 median composite of 2020. The region of interest covers an area of 533 km2.


In Figure 8 we show a detailed example for the period July to August in 2018 and 2020. The upper panel depicts Sentinel-2 median composite for the reference year 2018 and the changes after two years for the same period of the year (middle and lower panel). First, the two RGB images appear very similar as a result of the CDF matching. This is not only the case for the bands B2–B4 used to construct the RGB, but also for the other bands including B8 which has been selected for calculating the NDVI (B4 and B8). Second, the cleared patches in 2020 are very prominent, and by comparing with the classification at the bottom, it is indeed the spruce that has been removed only. Those locations are very well captured by the procedure presented before. Moreover, the severely damaged spruce sites are dominating in the Eastern part of this section, originating from both the lower elevated area with generally less precipitation and the lee side to the prevailing West winds, with relatively dryer downward oriented air masses. The relationships of the spruce vitality levels toward environmental conditions is discussed in section “The Dependency of Spruce Health on Environmental Conditions”.
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FIGURE 8. Sentinel-2 data (RGB = B4, B3, and B2) of the Wehe dam area in the Venn anticline for 2018 (top), 2020 (middle, CDF matched), and estimated spruce health classes in 2020 (bottom, removed = black, damaged = red, warning level = yellow, and healthy = green).


Foresters confirm that the main reason for the spruce mortality in the Northern Eifel is the drought conditions in recent years. Earlier studies in German spruce forests already reported the impact at dryer sites, where crown transparency was higher in years following hot summers (Seidling et al., 2012). However, small fractions are also affected by windfall, which may not be directly considered by the forest statistics applied here. A special incidence may support this interpretation: On March 13, 2019 a tornado devastated houses and forests close to the village of Roetgen in the South West of the investigated area. Figure 9 shows the conditions before and after the tornado and the corresponding spruce health classification for 2020. The damages within the tornado track is clearly visible in the 2020 Sentinel-2 scene, but a 4 km sampling scheme of the forest statistics would not be able to identify the full dimension.
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FIGURE 9. Sentinel-2 median composite (RGB = B4, B3, and B2) for the year 2018 before the tornado (top), 2020 after the tornado (middle, CDF matched), and estimated spruce health classes in 2020 (bottom, removed = black, damaged = red, warning level = yellow, and healthy = green).




The Dependency of Spruce Health on Environmental Conditions

The different levels of Norway Spruce vitality in the Northern Eifel were analyzed with respect to their dependency on precipitation, LST, elevation, slope, and aspect. Figure 10 shows both the absolute pixel counts at 50 m resolution in the function of these factors as well as the relative fractions normalized by total spruce.
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FIGURE 10. Histograms of spruce health levels expressed in number of pixels showing a specific health level for 2020 in relation to the environmental conditions such as precipitation in August (A,B) summer land surface temperature from June to September 2018–2020 (C,D) elevation (E,F) slope (G,H) and aspect (I,J). Both absolute pixel counts (left) and relative spruce area fractions (right) are shown.


Figure 10A shows the typical August precipitation (X-axis) ranging between 77 and 93 mm (panels A and B). The importance of precipitation with respect to spruce vitality was already demonstrated with its related soil moisture in Figure 3. The Y-axis shows the absolute pixel counts classified as spruce. Most spruce trees receive precipitation between 82 and 92 mm. Figure 10B shows that there is a clear trend in increasing fractions of removed and damaged spruce with lower precipitation. This indicates that precipitation (deficit) might be considered as one of the main drivers of spruce mortality, and that dryer areas require higher attention for transforming a monoculture spruce forest into a resilient mixed broadleaved forest. However, wetter areas are classified in the warning level already predicting further impacts of anticipating changes in the climate system.

The analysis of the summer LST distribution over the spruce locations shown in Figures 10C,D has been performed in order to clarify the impact of relative energy portions through insolation and a loss in transpirable water for plant cooling. This yields that most spruce forests receive a LST of 22°C. When ignoring the few stands with summer LST < 21°C and >26°C, also a trend becomes visible. Increasing mortality is documented with increasing summer LST. Similar to precipitation, the spruce at warning level is evenly distributed over the area, predicting that also lower summer LST may not help to reduce mortality in the future.

Figures 10E,F supports the hypothesis that removed and damaged trees can be increasingly found with lower elevations from 600 m to 200 m asl. The general perception in Figure 7 is that the negative impact increases from South West to North East, which may be in line with a general decrease in elevation. This hypothesis is supported by Figure 10. It is obvious that the same patterns arise from elevation and from summer precipitation and LST, which coincide in the area of investigation.

The distribution of spruce vitality levels according to the steepness of slopes shown in Figures 10G,H has its origin in the assumption, that soils at steeper hangs are shallower than soils in flat areas due to gravity forces and erosion. Those shallow soils above bedrock may have lower water holding capacity indicating a lower resilience of the cultivated trees to drought conditions. With slopes up to 8° in the Northern Eifel according to the 1 arc-second resolution SRTM elevation model, no trend is visible. Damaged spruce might be slightly increasing with slope, but this is not significant.

Figures 10I,J shows the relation between the orientation of the hillslope toward the sun expressed in degrees counting clock-wise with 0° and 360° being North and the various health levels. Examining this relationship foots on the assumption that the direction toward direct solar radiation relatively modifies evapotranspiration and, therefore, the soil water storage. Here, no significant trend is visible, but there is a small tendency of damaged spruce showing higher fractions at 160–200°, i.e., the orientation toward South.

In summary, there is evidence for trends in the spatial distribution of impact on spruce stands, where precipitation and the corresponding LST and elevation dependencies are most significant. A smaller trend is visible for the aspect according to the insolation, but the slope does not seem to have an effect.



CONCLUSION AND OUTLOOK

In this study, we presented an approach that allows to transfer forest monitoring statistics of a reference year (2018) to Sentinel-2 data to identify different spruce crown transparency levels. We made use of the spruce vegetation index CDF to identify parcels with severe crown transparency and a warning level where the tree health was already affected. In addition, their area fraction was estimated for a target year (2020) as well to support the statistical evaluation and reporting. Within two years, in the Northern Eifel region 14% of the spruce had to be removed, as they fell victim to the extreme drought conditions in recent years. The fraction of trees with severe crown transparency has increased to 38.3% (by including those of removed ones), which shows the dramatic situation in the typical Norway Spruce monocultures in the area. Only 28.3% remains in good condition. The area fractions are supported by the recent forest statistics of 2020. Against the background that the Norway Spruce is not endemic in the Eifel, current and future forest management needs to move toward alternative species such as Chestnut and American Red Oak.

An extension or transfer of the study to Federal State level or further Central European spruce areas such as the Thuringian Forest, the Erzgebirge, Hunsrück, Taunus, Westerwald, Rothaargebirge, Harz or the Southern regions of the Eifel is possible by selecting few adequate training data. Conducting the statistical evaluation of the results on GEE, however, is a limiting factor for selecting the region size. Besides that, also national-scale evaluations of the spruce health are feasible to identify spruce locations under pressure. The utilization of the so-called Level II environmental monitoring sites for forest vitality for that purpose could lead to a standardized spruce monitoring tool (Seidling, 2004). Similarly, machine learning approaches may be trained by data obtained at the 4×4 km sampling grid to predict actual spruce vitality levels.

Although it was the interest to provide a robust tool to evaluate the spruce health conditions in German low mountain ranges, several improvements are still possible. For example, while the NDVI is a robust metric, it may have problems with saturation and non-linearity with forest canopies (Stone and Mohammed, 2017). Alternative vegetation indices may improve the results at hand and may better differentiate affected and non-affected spruce stands by overcoming NDVI saturation effects. Red-edge dependent indices, water-related indices involving a SWIR band, or a combination of multiple indices may improve the method’s performance (see e.g., Hawrylo et al., 2018; Abdullah et al., 2019; Lastovicka et al., 2020). Our approach was to support the statistical evaluation of tree health, so that the timing of the observations was aligned to the in situ survey. However, Solberg (2004) discussed the causal mechanisms of Norway spruce crown conditions and droughts and observed that the defoliation resulted from increased needle-fall in the autumn after dry summers. Therefore, postponing the in situ and remote observations may identify the most recent effects of droughts on spruce stands. Moreover, technical improvements such as the implementation of the Python API instead of JavaScript application would increase the flexibility of the tool in terms of data processing as well as the secondary analysis of the environmental preconditions.

In this study a significant dependency of cut and damaged spruce was reported to precipitation and elevation, a clear sign for the limited resilience of the Norway spruce to increasing drought conditions and a climate change. The spruce mortality stands as well as their environmental conditions identified here can be used to develop a variety of transformation scenarios (Hilmers et al., 2020) and to predict potential secondary infestation (Lausch et al., 2013). The proposed method may support the in situ forest evaluation as well as governmental monitoring programs in order to prioritize management practices or to identify highly vulnerable spruce stands. The approach implemented for the Northern Eifel case study may serve as a blueprint for similar analyses in spruce forests affected by climate change.
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