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A B S T R A C T   

Increasing tree mortality due to climate change has been observed globally. Remote sensing is a suitable means 
for detecting tree mortality and has been proven effective for the assessment of abrupt and large-scale stand- 
replacing disturbances, such as those caused by windthrow, clear-cut harvesting, or wildfire. Non-stand replacing 
tree mortality events (e.g., due to drought) are more difficult to detect with satellite data – especially across 
regions and forest types. A common limitation for this is the availability of spatially explicit reference data. To 
address this issue, we propose an automated generation of reference data using uncrewed aerial vehicles (UAV) 
and deep learning-based pattern recognition. In this study, we used convolutional neural networks (CNN) to 
semantically segment crowns of standing dead trees from 176 UAV-based very high-resolution (<4 cm) RGB- 
orthomosaics that we acquired over six regions in Germany and Finland between 2017 and 2021. The local- 
level CNN-predictions were then extrapolated to landscape-level using Sentinel-1 (i.e., backscatter and inter
ferometric coherence), Sentinel-2 time series, and long short term memory networks (LSTM) to predict the cover 
fraction of standing deadwood per Sentinel-pixel. The CNN-based segmentation of standing deadwood from UAV 
imagery was accurate (F1-score = 0.85) and consistent across the different study sites and years. Best results for 
the LSTM-based extrapolation of fractional cover of standing deadwood using Sentinel-1 and -2 time series were 
achieved using all available Sentinel-1 and –2 bands, kernel normalized difference vegetation index (kNDVI), and 
normalized difference water index (NDWI) (Pearson’s r = 0.66, total least squares regression slope = 1.58). The 
landscape-level predictions showed high spatial detail and were transferable across regions and years. Our results 
highlight the effectiveness of deep learning-based algorithms for an automated and rapid generation of reference 
data for large areas using UAV imagery. Potential for improving the presented upscaling approach was found 
particularly in ensuring the spatial and temporal consistency of the two data sources (e.g., co-registration of very 
high-resolution UAV data and medium resolution satellite data). The increasing availability of publicly available 
UAV imagery on sharing platforms combined with automated and transferable deep learning-based mapping 
algorithms will further increase the potential of such multi-scale approaches.   

1. Introduction 

Tree mortality has immense consequences for forestry, environ
mental protection, and ecosystem services and it is increasing globally 

due to changes in climate and related extreme events (Allen et al., 2010; 
Hartmann et al., 2022). For instance, in Europe recent excess rates of 
tree mortality could be related to intense drought events in the years 
2018 and 2019 (Bastos et al., 2021; Senf et al., 2020, 2021). Still, the 
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mechanisms and factors explaining excess rates of tree mortality are not 
fully understood (Hartmann et al., 2018). For instance, tree mortality 
varies widely depending on tree species composition, forest manage
ment, and site conditions. Furthermore, drivers of tree mortality, such as 
climate extremes, have complex spatial and temporal patterns. They 
may even act in compound events, such as consecutive drought years, 
late spring frosts, and subsequent insect and pathogen outbreaks 
(Hartmann et al., 2018; Huang et al., 2020; Zscheischler et al., 2020). To 
understand recent excess rates of tree mortality or to develop methods to 
forecast such events in the future, we need spatially and temporally 
continuous information on tree mortality (Hartmann et al., 2022). 
However, detecting and quantifying tree mortality over large spatial and 
temporal scales remains challenging. 

Remote sensing is being successfully applied for the detection of 
abrupt and large-scale stand replacing disturbances, such as those 
caused by windthrow, wildfire, or clear-cut harvesting, to be feasible at 
regional and global scales at a 30 m spatial resolution (Hansen et al., 
2013; Senf and Seidl, 2021; White et al., 2017). Less focus has been 
given to non-stand replacing disturbances, where tree mortality occurs 
more subtle and scattered across landscapes, affecting only individual 
trees or smaller groups. For example, this type of disturbance dynamics 
can be triggered by drought or insects (Coops et al., 2020), particularly 
in the initial phase of disturbance. Such patterns are critical to our un
derstanding of tree mortality dynamics, but cannot be accurately 
detected at 30 m spatial resolution (Frolking et al., 2009; Senf et al., 
2021; Trumbore et al., 2015). 

Various studies have demonstrated the potential of higher spatial 
resolution satellite data (Liu et al., 2021) or aerial (ortho-)images 
(Chiang et al., 2020; Fricker et al., 2019; Jiang et al., 2019; Meddens 
et al., 2011; Monahan et al., 2022; Sylvain et al., 2019; Zielewska-
Büttner et al., 2020) to explicitly detect tree mortality. However, such 
datasets are usually limited to small extents, are expensive to acquire, 
and are often only acquired sporadically, which limits the spatially and 
temporally systematic detection of deadwood. Other studies have 
attempted to compensate for the coarse resolution of Earth observation 
satellites by using spectral information to indirectly track tree mortality. 
For example, tree mortality was approximated from relative changes of 
spectral indices (Bárta et al., 2021; Thonfeld et al., 2022) or biochemical 
and biophysical traits obtained from radiative transfer models (Ali et al., 
2021). However, such spectral indices or traits also vary depending on a 
number of factors unrelated to tree mortality (e.g. species composition, 
forest structure), but in a confounding way (Frolking et al., 2009; Glenn 
et al., 2008; Xue and Su, 2017). Such approaches can only provide in
direct information on tree mortality and therefore do not explicitly 
indicate whether tree crowns are dead or not. 

Explicit detection and quantification of tree mortality, for instance in 
terms of cover of dead tree crowns per area, requires spatially explicit 
reference data for model calibration and validation. However, such 
reference datasets are scarce and costly to obtain, and are therefore one 
of the most limiting factors for conducting large-scale remote sensing 
analyses for deadwood detection (Frolking et al., 2009; McDowell et al., 
2015; Schuldt et al., 2020; Trumbore et al., 2015). Moreover, existing in 
situ reference datasets, such as those from national forest inventories, are 
not explicitly designed to study or quantify tree mortality, and often do 
not provide an estimate of canopy cover, which limits their usability for 
remote sensing approaches. 

Several authors have highlighted this lack of ground reference data 
and emphasized the need for global reference databases on tree mor
tality following standardized protocols (Allen et al., 2010; Buras et al., 
2020; McDowell et al., 2015; Schuldt et al., 2020). Initiatives such as the 
International Tree Mortality Network are compiling harmonized global 
datasets on field-based research plots to study tree mortality (Hammond 
et al., 2022). But even with a well curated dataset of global coverage, the 
integration of ground-based reference data with Earth observation sat
ellite data is challenging: Pixel sizes of suitable Earth observation sat
ellite missions, such as Landsat or Sentinel, do not enable to resolve 

individual trees and, hence, hamper the link with ground reference 
observations. In addition, properties typically measured on the ground 
(e.g., tree stem coordinates) do not necessarily allow for a spatially 
explicit link to what satellites ‘see’ from a bird’s eye perspective (e.g., 
tree canopy reflectance) (Pause et al., 2016; Schiefer et al., 2020). 
Moreover, dense canopy cover or complex topography can considerably 
limit GNSS accuracies of ground measurements, making reliable geo
positioning in the field even more difficult (Kaartinen et al., 2015; 
Valbuena et al., 2010). Overall, both the quality and quantity of com
mon reference data do not facilitate the mapping of tree mortality at 
large spatial scales with Earth observation data. 

These practical limitations and the general scarcity of ground refer
ence data on tree mortality may be compensated by uncrewed aerial 
vehicles (UAV) (Alvarez-Vanhard et al., 2021; Kattenborn et al., 2019; 
Liu et al., 2021; Schiefer et al., 2020). The very-high spatial resolution of 
UAV RGB imagery enables precise segmentation of dead tree crowns, 
and the flexible deployment of UAVs further enables efficient detection 
of tree mortality events over large and even inaccessible areas. Espe
cially in combination with recent advances in pattern recognition and 
deep learning, such as Convolutional Neural Networks (CNN), very ac
curate results for crown segmentation of standing dead trees have been 
demonstrated (Chiang et al., 2020; Sani-Mohammed et al., 2022; 
Schiefer et al., 2020). Because such predictions also emerge from the 
bird’s eye perspective, they may be readily used for subsequent 
satellite-based and thus large-scale analyses (Kattenborn et al., 2019). 
The concerted use of UAVs and CNNs and their efficiency enable the 
generation of ample amounts of reference data over large areas and 
multiple years. This may greatly facilitate the training of robust 
satellite-based models that are transferable across temporal, spatial, or 
environmental conditions. 

Hence, to compensate for the lack of ground reference data on tree 
mortality, we propose an upscaling approach in which fine-scaled pat
terns in UAV imagery are harnessed to create ample reference data at 
local scales for training models that predict standing deadwood at the 
landscape-scale using multitemporal and multispectral information of 
satellite data. In doing so, we seek to answer the following research 
questions: (1) Are CNN-based predictions of standing deadwood from 
UAV imagery robust across a wide range of forest stand characteristics 
and over multiple years? (2) Can these CNN-based predictions from UAV 
imagery serve as reference data to accurately predict fractional cover of 
standing deadwood with Sentinel imagery at 10 m spatial resolution? 
(3) Is this upscaling approach transferable across regions and different 
years? 

2. Material and methods 

The workflow of this study consisted of a local-level and a landscape- 
level part (Fig. 1). In the local-level part we tested the combination of 
UAV RGB imagery and CNN-based pattern recognition for an automated 
extraction of standing dead tree crowns. We then upscaled these UAV- 
based segmentations of standing dead trees to fractional cover at the 
landscape-level using satellite-based time series analysis. For this 
upscaling, we used Sentinel-1 and Sentinel-2 time series together with a 
long short-term memory network (LSTM). 

2.1. Study area and UAV data acquisition 

This study comprised a set of UAV data acquisitions from the six 
study regions Southern Black Forest, Northern Black Forest, Dresden 
Heath, Karlsruhe-Bretten, and Hainich National Park in Germany, as 
well as Helsinki, Finland (Fig. 2). The sites comprise a large heteroge
neity in terms of species composition and forest structure, which results 
from different environments and forest management (see site informa
tion in Table 1). 

In total, we acquired orthoimages over 176 sites across the six re
gions. For each site, we acquired UAV-based RGB photographs and 
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derived orthomosaics using Structure-from-Motion photogrammetric 
processing chains (details see e.g., Schiefer et al. (2020)). The UAV 
orthoimagery was acquired with different UAV platforms, camera sys
tems, flight planning software, acquisition settings, and photogram
metric workflows for orthoimage generation (an overview of the 
different settings for each dataset is given in Table 1). The orthoimagery 
covered a total area of 727.33 ha and the spatial extent of the individual 
orthomosaics ranged from 1.29 to 32.72 ha. The ground sampling dis
tance (GSD) ranged from 0.60 to 3.39 cm and was resampled to a 
common pixel size of 4 cm. 

2.2. CNN-based segmentation of standing deadwood at local level 

For mapping dead trees at the local level, we choose a semantic 
segmentation approach that allows to predict dead tree crowns at the 
original pixel-size of the UAV imagery. The training of common CNN 
segmentation models requires image data that is fully labeled in form of 
masks. We prepared binary masks (absence/presence of dead tree 
crowns) by delineating standing dead trees from all the available 
orthomosaics using visual interpretation in ArcGIS v.10.6.1 (ESRI, 
Redlands, USA). Labeling all sites is not a requirement of the CNN 
approach but is necessary to obtain a comprehensive picture of the 
model performance across sites and years. We delineated trees and 
branches that were clearly identifiable as dead, as indicated by 
degraded, discolored, or entirely absent foliage. Trees that were 
damaged but still had green foliage (e.g., green attack after bark beetle 
infestation) were not included, which facilitates visual interpretation 
and ensures its robustness. 

For the CNN model training, we cropped the orthomosaics and the 
corresponding masks into 40451 non-overlapping tiles of 256 × 256 
pixels (edge length of 10.24 m). We used the U-net CNN architecture 
(Ronneberger et al., 2015) to automatically segment standing dead trees 
in the orthomosaics. The U-net features an encoding path to capture 
spatial features and their context and a decoding path to map the 
resembled information to the original image dimensions. Here, we used 
five blocks in the encoding path, each consisting of two 3 × 3 convo
lutions, followed by batch normalization, a linear rectifier unit activa
tion, and 2 × 2 max-pooling operation with a striding of two. In these 
blocks, the convolutional layers had a depth of 1024, 512, 256, 128, and 
64 layers for the encoder path and the same but in reverse order for the 
decoder path. A detailed description of the utilized U-net architecture 
can be found in Schiefer et al. (2020). Here, we used a sigmoid activation 
in the final layer. The CNN was trained with a batch size of 32 tiles over 
60 epochs using binary cross entropy loss and RMSprop optimizer with a 
learning rate of 10− 4. For model regularization, we augmented the 
training tiles using random horizontal and vertical flips and random 
changes in image brightness (90–110%), contrast (80–120%), and 
saturation (80–120%), thereby increasing the size of the training dataset 
to twice its size. 

To avoid biased model performance estimates due to spatial depen
dence between training and test data, we assessed the CNN model per
formance using five-fold spatial block cross-validation (Kattenborn 
et al., 2022). We randomly split the image tiles from the study sites (n =
176) into five folds, thereby ensuring, that from each of the six study 
regions at least one site was included. In each step, the sites from one 
fold served as an independent test set, and the sites from the remaining 
four folds were split into 80% training and 20% validation set. Using the 
independent test set, the final model performance was assessed on a 
per-pixel level based on precision, recall, and F1-score (the harmonic 
mean of the first two). 

2.3. Mapping deadwood cover fractions at landscape level using satellite 
time series 

2.3.1. Satellite time series 
For the extrapolation to landscape-level using satellite data and 

Fig. 1. Schematic workflow of the upscaling approach. CNN-based deadwood 
segmentation from UAV RGB orthomosaics (local-level) are upscaled to frac
tional cover of standing deadwood using Sentinel-1/-2 timeseries date and an 
LSTM model (landscape-level). bCV: block cross-validation. 

Fig. 2. The six study regions: (1) Southern Black Forest, (2) Black Forest, (3) 
Dresden Heath, (4) Karlsruhe-Bretten, (5) Hainich National Park, and 
(6) Helsinki. 

F. Schiefer et al.                                                                                                                                                                                                                                 



ISPRS Open Journal of Photogrammetry and Remote Sensing 8 (2023) 100034

4

LSTM, we used the CNN-based segmentations (not the manually created 
masks) from high resolution UAV imagery and calculated the fractional 
cover (%) of standing deadwood per Sentinel grid cell using a super
imposed Sentinel-2 pixel grid (10 m resolution). Summary statistics for 
all sites are given in the Appendix. To map the fractional cover of 
standing dead trees at the landscape level, we extracted time series from 
Sentinel-1 and Sentinel-2 images acquired between October 1, 2015 and 
September 30, 2021. For Sentinel-2, we used the Level-2A product that 
provides atmospheric- and terrain-corrected Bottom Of Atmosphere 
(BOA) reflectance images (Main-Knorn et al., 2017). We selected bands 
with 10 m GSD (i.e., B2 blue, B3 green, B4 red, and B8 near infrared), 20 
m GSD (i.e., B5–B7 red edge, and B11–B12 short-wavelength infrared), 
and two with 60 m GSD (i.e., B1 aerosols and B9 water vapor). In 
addition to the spectral bands, we calculated the kernel normalized 
difference vegetation index (kNDVI, Camps-Valls et al., 2021) using the 
red (B4) and near infrared (B8) bands, and normalized difference water 
index (NDWI, Gao, 1996) using the narrow near infrared (B8A) and 
short wave infrared (B11) bands. Pixel values with kNDVI <0.1 were 
masked out from the Sentinel-2 bands, as they primarily represent at
mospheric water and clouds. 

For Sentinel-1, we selected Level-1 Ground Range Detected (GRD) 
and Single Look Complex (SLC) data from Interferometric Wide Swath 
Mode (IW) in dual polarization of type VV + VH. We used the Coper
nicus Analysis Ready Data (CARD) processors that provide terrain- 
corrected backscatter (CARD-BS) and interferometric coherence 
(CARD-COH6) data. The CARD-BS processor consists of application of 
orbit file, removal of border and thermal noise, radiometric calibration, 
and terrain correction. The CARD-COH6 processor consists of applica
tion of orbit file, TOPSAR split, back-geocoding, coherence, TOPSAR 
deburst, TOPSAR merge, multilooking, and terrain correction. For 
terrain correction the Copernicus DEM 30m elevation data were used. 
For both Sentinel-1 and -2, all spectral bands were resampled to 10 m 
spatial resolution using nearest-neighbor interpolation. We linearly 
interpolated missing values and converted the time series to 7-day in
tervals using arithmetic mean. Non-forested areas according to the 
Sentinel-2 Global Land Cover (S2GLC) map (Malinowski et al., 2020) 
were excluded from further analysis. All satellite images were accessed 
and preprocessed using Copernicus Data and Information Access Service 
(DIAS) via the CREODIAS platform (CloudFerro, Warsaw, Poland). 

2.3.2. LSTM modelling 
We used a long short-term memory network (LSTM) to predict 

fractional cover of standing deadwood based on the Sentinel-1 and 
Sentinel-2 time series. As a baseline to the deep learning method, we 

trained random forest models (Breiman, 2001), but these models per
formed worse (see Appendix). 

LSTM is a special kind of recurrent neural network (RNN) capable of 
learning long-term dependencies from sequences of data without 
suffering from the vanishing or exploding gradient problem that can 
occur when training RNN (Hochreiter and Schmidhuber, 1997). LSTM 
units take temporal dependencies into account by controlling the 
network memory (or memory cell) using three sigmoid gate units (σ): a 
forget gate, an input gate, and an output gate (Fig. 3). Depending on the 
output of the previous cell (ht-1) and the current input (xt) the forget gate 
controls whether the previous memory cell state (Ct-1) will be kept by 
means of a sigmoid function. The input gate, similarly, controls which 
part of the memory cell will be updated using a sigmoid function, 
combined with a tanh function that creates weights that are then used to 
update the new cell state (Ct). Finally, the output (ht) is determined by 
the output gate that decides which information of the cell state will be 
forwarded by means of a sigmoid function and a tanh function that 
scales the output between − 1 and 1. 

Using a bidirectional implementation of LSTM, the network trains in 
both time directions, thereby learning temporal dependencies from past 
and future time steps (Schuster and Paliwal, 1997). We used two bidi
rectional LSTM layers of 100 LSTM units each, followed by a fully 
connected layer and a sigmoid activation that predicts the final class 
probabilities. 

We tested four different input band sets to the LSTM, namely only 
Sentinel-2 (S2), Sentinel-1 and Sentinel-2 (S1+S2), Sentinel-2 and 

Table 1 
Summary of the regions, sites, and the corresponding UAV acquisitions.  

Study region Site information UAV data 

Number of 
sites n = 176 

Forest type (management) Dominant tree species UAV system (camera) GSD [cm] covered 
area [ha] 

year(s) of 
acquisition 

Southern 
Black Forest 

141 mixed and coniferous (managed 
for timber production) 

Picea abies L., Fagus sylvatica L., 
Abies alba Mill. 

HiSystems MK Okto- 
XL (Sony Alpha 7R) 

0.65–3.12 375.13 2017–2021 

Northern 
Black Forest 

14 mixed and coniferous (managed 
for timber production; 
unmanaged) 

Picea abies, Abies alba, Fagus 
sylvatica 

DJI Phantom 4 Pro 
(FC6310S) 

1.08–2.68 169.00 2019, 2021 

Dresden 
Heath 

8 mixed and coniferous (managed 
for timber production) 

Picea abies, Fagus sylvatica, 
Quercus spec., Betula pendula 
(Roth) 

DJI Phantom 4 Pro 
(FC6310S) 

1.92–2.60 46.41 2021 

Karlsruhe- 
Bretten 

6 mixed (managed for timber 
production) 

Pinus sylvestris L., Quercus rubra 
L., Carpinus betulus L., Fagus 
sylvatica 

HiSystems MK Okto- 
XL (Canon 100D) 

1.62–2.76 37.57 2019 

Hainich 
National 
Park 

4 mixed deciduous (unmanaged) Fagus sylvatica DJI Phantom 4 Pro 
(FC6310S) 

0.80–1.35 8.58 2019 

Helsinki 3 mixed and coniferous (managed 
for path safety) 

Picea abies, Pinus sylvestris, 
Betula pendula, Populus tremula 
L. 

DJI Phantom 4 Pro 
(FC6310S) 

2.97–3.39 90.63 2020  

Fig. 3. Structure of an LSTM unit.  
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vegetation indices (S2+VI) and the combination of all available data 
(S1+S2+VI). We assessed the predictive performance of the LSTM 
models using a five times repeated ten-fold spatial block cross- 
validation. Here, the blocks were corresponding to the individual sites 
(an area covered by an individual orthomosaic). In each repetition, we 
randomly split the data on a site-basis (n = 176) into ten folds. In each 
cross-validation step, data from one fold served as independent test data 
and data from the remaining nine folds were split into 80% training and 
20% validation data. Every LSTM model was trained for 150 epochs with 
a batch size of 64 using Adam optimizer. A subset (n = 6300) was 
sampled from the entire dataset to ensure a balanced distribution of 
fractional coverage values (0–100%). Because the spectral signal of bare 
ground can be similar to that of dead tree canopies, we added such 
observations (i.e., open forest floor and sparsely vegetated areas) 
delineated from national aerial surveys to avoid misclassification (a total 
area of approximately 10.14 ha). 

To further validate the upscaling from high resolution UAV imagery 
to satellite time series, we compared the LSTM predictions with frac
tional cover values obtained from an aerial orthophoto (GSD = 20 cm) 
for the Saxon Switzerland National Park, which was not part of model 
training and validation. Therefore, we semi-automatically classified the 
standing deadwood in the orthophoto (i.e., red-green band ratio, 
thresholding, manual refinement), calculated the fractional cover of 
standing deadwood with the superimposed Sentinel-2 grid, and 
compared it with the LSTM predictions. All analyses were conducted in 
R language (R Core Team, 2022) and the code is available are https:// 
github.com/FelixSchiefer/TreeMortality. Landscape-level prediction 
maps for Germany are available at https://doi.org/10.5445/IR/10001 
55244 and will be continuously expanded. 

3. Results 

3.1. CNN-based deadwood segmentation in UAV-orthomosaics (local 
level) 

The CNN-based segmentation of standing deadwood in the UAV 
imagery was very accurate with precision = 0.9, recall = 0.82, and F1- 

score = 0.85 derived from the five-fold block cross-validation (Fig. 4a). 
Model performance was relatively consistent across all study sites, as 
shown by the median F1-score of 0.82 (interquartile range: IQR = 0.15) 
(Fig. 4b). Model performance was also consistent across different years, 
with median F1-scores of 2017: 0.79 (IQR = 0.20, n = 56), 2018: 0.66 
(IQR = 0.30, n = 5), 2019: 0.82 (IQR = 0.16, n = 60), 2020: 0.81 (IQR =
0.15, n = 35), and 2021: 0.87 (IQR = 0.07, n = 20). The median F1- 
scores per study region were Southern Black Forest: 0.82 (IQR =
0.15), Northern Black Forest: 0.87 (IQR = 0.07), Dresden Heath: 0.87 
(IQR = 0.08), Karlsruhe-Bretten: 0.61 (IQR = 0.16), Hainich National 
Park: 0.11 (IQR = 0), and Helsinki: 0.78 (IQR = 0.04) (see Appendix for 
site-specific values). Low F1-scores for standing deadwood were mainly 
observed at sites with very low area-related proportions of standing 
deadwood and at sites where the UAV acquisition was very late in the 
growing season (e.g., Hainich National Park). For the latter, deciduous 
trees that had already shed some of their foliage were partly mis
classified as standing deadwood. Low F1-scores together with low pre
cision but high recall were observed for sites where there were many 
dead branches on the forest floor after very recent logging, which could 
easily be mistaken for standing deadwood. 

3.2. Mapping fractional cover of standing deadwood from sentinel time 
series using LSTM (landscape level) 

Fig. 5 shows the Pearson’s correlation coefficient (r) and the slope 
value of the total least squares (TLS) regressions for the different input 
band sets to the LSTM models. The highest median r value (0.62) was 
observed for the S2+VI input band set with 12 Sentinel-2 bands from the 
five times repeated ten-fold block cross-validation. Total least squares 
regression slope values closest to 1 were observed for the S1+S2+VI 
input band set but with all available Sentinel-2 bands (median slope =
1.56). In general, additional information from Sentinel-1 alone (i.e., 
backscatter and interferometric coherence) reduced model performance 
compared to the models using only Sentinel-2 data. Contrary, model 
performance increased when vegetation indices (i.e., kNDVI and NDWI) 
were added to the Sentinel-2 data. Using all available input band sets 
especially improved the regression slope values. LSTM model 

Fig. 4. a) Illustration of the CNN model performance for the semantic segmentation of standing deadwood in UAV orthoimagery for a Southern Black Forest site. 
(Coordinate reference system: WGS84/UTM zone 32N, EPSG:32632). b) Distribution of F1-score values across study sites from the five-fold block cross-validation. 
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performance increased with more spectral information from the 20 m 
Sentinel-2 bands (i.e., 10 bands) and even more with the 20 m and 60 m 
Sentinel-2 bands (i.e., 12 bands). 

Based on the TLS slope value closest to 1 (slope = 1.58, Pearson’s r =
0.66), the LSTM model with the S1+S2+VI and 12 Sentinel-2 bands 
input band set was selected for landscape-level predictions (Fig. 6). 
Uncertainties in the predictions were evenly distributed across the entire 
value range (Fig. 6), except for observed values close to 0 and 1, where 
we observed overpredictions near 0 and underpredictions near 1. Model 
performance was stable across the study regions with RMSE values for 
the Southern Black Forest: 0.21, Northern Black Forest: 0.21, Dresden 
Heath: 0.22, Karlsruhe-Bretten: 0.23, Hainich National Park: 0.21, and 
Helsinki: 0.19 (see Appendix for site-specific values). 

Fig. 7 shows the Sentinel-based prediction map of standing 

deadwood cover for the year 2020 using the previously selected best- 
performing LSTM model (S1+S2+VI with 12 Sentinel-2 bands) exem
plarily for the Saxon Switzerland National Park and its surroundings in 
Germany. The latter was largely affected by the drought events of 2018 
and 2019 and thus provides a suitable test region with large gradients in 
deadwood cover. As expected, the map overview (center) reveals ample 
occurrences of tree mortality in the National Park, with 24.1% of the 
Sentinel pixels showing more than 50% standing deadwood cover and 
6.6% of the pixels showing more than 75% standing deadwood cover. As 
can be seen in comparison with independently acquired aerial orthoi
magery in the close-up panels (top and bottom), crown cover of standing 
deadwood was accurately predicted from Sentinel data with a high 
spatial detail (10 m spatial resolution). 

Annual LSTM prediction maps of standing deadwood cover in an 
example region in the Saxon Switzerland National Park for the years 
2018–2021 are shown in Fig. 8. The lower left panel displays histograms 
of fractional cover values of standing deadwood for each year between 
2018 and 2021. After an initial crown dieback in 2018, most of the area 
was affected by tree mortality in 2019. The number of pixels classified 
with high fractions of standing deadwood subsequently decreased in the 
years 2020 and 2021. In the same years, more pixels with small values of 
standing deadwood cover can be observed in the histogram and are also 
apparent in the LSTM prediction maps as dark blue patches. 

4. Discussion 

4.1. UAV- and CNN-based deadwood segmentation as a reference data 
source 

With an F1-score of 0.85 from independent five-fold block cross- 
validation, the automated segmentation of standing deadwood in UAV 
imagery based on CNN models was confirmed to be very accurate. The 
very low median F1-score for the Hainich National Park sites (0.11) can 
be explained by the small proportion of standing deadwood for the 
respective sites, since even small areas can have a large relative effect on 
the model results (e.g., small branches that were classified as deadwood 

Fig. 5. Pearson’s r (upper panel) and total least squares regression slope (lower 
panel) of the five times repeated ten-fold cross-validations of the LSTM models 
for different inputs of Sentinel-1 and Sentinel-2 band sets (S2: Sentinel-2; 
S1+S2: Sentinel-1 and Sentinel-2; S2+VI; Sentinel-2, kNDVI, and NDWI; 
S1+S2+VI: Sentinel-1, Sentinel-2, kNDVI, and NDWI), each with different 
Sentinel-2 bands (4: 10 m bands; 10: 10 & 20 m bands; 12: 10, 20 & 60 
m bands). 

Fig. 6. Scatterplot of observed and predicted fractional cover values of stand
ing deadwood [%] at landscape level from the selected LSTM model 
(S1+S2+VI, 12 Sentinel-2 bands). Each dot represents a 10 m Sentinel-2 pixel 
with reference data available from the UAV-based segmentation. 
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but were not labeled as such in the reference data due to their small 
size). It should be noted that the model performance is based on refer
ence data derived from a human interpreter. While the generation of 
reference data from visual interpretation of high-resolution imagery is a 
very common approach, it also comes with uncertainties that may likely 
result in an underestimation of the model performance (Kattenborn 
et al., 2021). Consistent with our results, Sylvain et al. (2019) reported 
an F1-score of 0.95 for classifying tree health status (live or dead trees) 
using a VGG16 CNN on RGB aerial photos (20 cm GSD) over 990 1 ha 
sites in south-central Quebec, Canada. Jiang et al. (2019) also reported 
very high accuracies for the segmentation of standing dead trees using 
an FCN-DenseNet CNN, based on two airborne color-infrared orthomo
saics (20 cm GSD) from the Bavarian Forest National Park, Germany. 
Sani-Mohammed et al. (2022) used a Mask R-CNN for an instance seg
mentation of standing dead trees from an airborne color-infrared 
orthomosaic (20 cm GSD) over the Bavarian Forest National Park, 
Germany, and reported an F1-score of 0.87. Yet, the dataset used here 
likely comprises a higher variability in site and data conditions than in 
the aforementioned studies. In this study, the RGB-orthomosaics were 
acquired in six study regions over 176 sites that differ in forest stand 
composition and structure. Imagery was acquired with different drone 
platforms and sensors and at different times of the day over a five-year 
period, resulting in very different sun-sensor geometries and environ
mental and atmospheric conditions. Given this heterogeneity of the 
dataset, our results show that the CNN-based segmentation of standing 

deadwood was spatially and temporally robust and that the CNN models 
generalized well. 

While the present study focuses solely on RGB imagery due to its 
relative ease of acquisition and wide availability, other sensor types are 
also commonly used for dead tree detection, including multispectral 
(Jiang et al., 2019; Meddens et al., 2011; Sani-Mohammed et al., 2022; 
Zielewska-Büttner et al., 2020), hyperspectral (Einzmann et al., 2021; 
Fricker et al., 2019), and LiDAR (Briechle et al., 2021; Hell et al., 2022). 
While higher spectral resolution remote sensing data may be advanta
geous for separating spectrally similar classes (e.g., tree species), we 
have shown that RGB data are sufficient for separating live and dead 
trees in very high-resolution UAV imagery. It should be noted, however, 
that we only defined dead trees or trees with clear signs of dieback or 
foliage discoloration as deadwood and that we did not consider early 
stages of tree mortality (e.g., green attack following bark beetle infes
tation). Alternative detection methods, such as instance segmentation 
(Chiang et al., 2020; Sani-Mohammed et al., 2022) or object detection 
(Safonova et al., 2019, 2022) would even allow to map tree individuals. 
However, this would not have added value to this study, because for the 
landscape-level upscaling we targeted the fractional cover of deadwood 
per Sentinel-2 pixel rather than the number of dead trees. An instance 
segmentation approach would have further complicated the labeling of 
reference data and increased model complexity (see review by Hoeser 
and Kuenzer, 2020). 

An often-reported problem in deadwood detection tasks is the 

Fig. 7. Sentinel-based LSTM prediction map of fractional standing deadwood cover for the year 2020 in Saxon Switzerland National Park (red outline), Germany 
(Coordinate reference system: WGS84/UTM zone 33N, EPSG:32633; center coordinates: 450795.3, 5638435.7). Close-ups in the panels show amplified examples of 
forest condition in Color infrared-orthophotos (Staatsbetrieb Geobasisinformation und Vermessung Sachsen, GeoSN) and corresponding prediction maps. 
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difficulty in separating deadwood from bare ground (Fassnacht et al., 
2014; Meddens et al., 2011; Zielewska-Büttner et al., 2020). While these 
findings have primarily been reported for pixel-based classification al
gorithms, we did not encounter substantial misclassifications in the 
CNN-based deadwood segmentation, suggesting that high-resolution 
textures are sufficient to separate bare ground from dead trees. For the 
time series-based upscaling approach, we added reference data from 
open forest floor and areas with sparse herbaceous vegetation. LSTM 
model performances clearly improved compared to an LSTM without 
these additional data (results not shown). 

Overall, the described procedure can be used as an effective tool for 
rapid generation of reference data for large areas. This not only fosters 
research in remote or inaccessible areas, but also allows for the collec
tion of larger amounts of reference data than field-based data collection 
would allow. The models can also be used to continuously append 
reference datasets with predictions from newly acquired orthomosaics, 
despite varying site and scene characteristics (e.g., environmental and 
atmospheric conditions, sun-sensor geometry). In this context, it is 
important to note that there are several platforms that curate openly 
available UAV orthoimagery (mostly RGB data) contributed by research 
groups or citizen scientists (e.g., geonadir.com, opendrop.de or openaeri 
almap.org). In combination with the described CNN-based methods, 
these databases and their spatiotemporal coverage can greatly stimulate 
the potential of using UAV-based reference data for satellite-based ap
plications (Kattenborn et al., 2019). 

4.2. LSTM-based modeling of standing deadwood from satellite time 
series 

Our results from the LSTM-based modeling of standing deadwood 
showed that using all available spectral information from Sentinel-2 

increased model performance. We observed the highest model perfor
mance (according to TLS-regression slope) when integrating all spectral 
bands from Sentinel-2, Sentinel-1 backscatter and interferometric 
coherence, and the vegetation indices kNDVI and NDWI. While it is 
generally assumed that neural networks do not require pronounced 
feature engineering, our results indicate that adding vegetation indices 
to the raw spectral information can further refine the model. This may be 
explained by the fact that vegetation indices are often based on physical 
principles (e.g., NDVI as a ratio of light absorption and scattering). 
Indirectly incorporating such physical consistency may constrain the 
complexity of a model and facilitate the learning process (Reichstein 
et al., 2019). While Sentinel-1 information alone decreased model per
formance when added to the Sentinel-2 bands (S1+S2), incorporating 
physical constraints into the model by means of vegetation indices 
(S1+S2+VI) also allowed the radar information to be used and thus 
showed the best model performance. At first glance, LSTM model per
formance in upscaling, with a Pearson’s r of 0.66 and an RMSE of 22% 
(S1+S2+VI), may not appear very high. Nevertheless, we consider these 
model performances promising considering the following aspects: 

Standing deadwood may appear very differently for different species 
and also for different stand characteristics. For instance, the different 
growth forms of broadleaf and needleleaf trees not only have different 
textural and spectral characteristics of healthy tree individuals but are 
also reflected in the appearance of dead tree crowns, complicating the 
modeling task. Different temporal signatures (e.g., deciduous and 
evergreen species) may further add complexity to the model, although 
little is known about this effect and its interactions with the textural and 
spectral properties. Moreover, in the UAV-based reference data acqui
sition, standing dead tree crowns were segmented by an area corre
sponding to a convex hull of the branches (see Fig. 4). Thus, due to gaps 
within branches or holes in the canopy, the segmented canopy area may 

Fig. 8. Sentinel-2 Color infrared image (CIR; top row; R = B8, G = B3, B––B2) and LSTM prediction maps of standing deadwood cover (center row) in an example 
region in Saxon Switzerland National Park (see Fig. 7 for the extent) across the years 2018, 2019, 2020, and 2021 (Coordinate reference system: WGS84/UTM zone 
33N, EPSG:32633; center coordinates: 444628, 5643575). The histogram shows the standing deadwood cover values for each year. The grey box shows an inde
pendent validation of the LSTM predictions based on fractional cover values derived from an aerial orthophoto. Source CIR-orthophoto: Staatsbetrieb Geo
basisinformation und Vermessung Sachsen (GeoSN). 
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not exactly match the true cover of a dead tree crown, and thus the 
relationship between cover and reflectance signals may be compro
mised. This effect adds even more complexity when dense understory 
distinctly shines through the dead tree crowns (Frolking et al., 2009), 
which further constrains the isolation of unique spectral features of dead 
tree crowns in an already subtle process of non-stand replacing tree 
mortality. Thus, the task of mapping dead tree crowns may appear more 
trivial than it actually is, particularly for large environmental gradients. 

Other studies have attempted to map tree mortality at landscape- 
level using upscaling approaches from high-resolution aerial images to 
coarser-resolution Landsat imagery (Campbell et al., 2020; Hart and 
Veblen, 2015; Meddens et al., 2013; Schwantes et al., 2016). Reported 
accuracies for the local-level predictions were comparably high but 
required more sophisticated input data (e.g., additional LiDAR data) or 
(pre)processing than the UAV RGB imagery and the end-to-end learning 
CNNs used here. Although these studies reported higher accuracies for 
landscape-level predictions, comparison of the results is limited because 
the coarser resolution of Landsat hardly accounts for subtle and 
small-scale deadwood occurrences and because of different definitions 
of deadwood (e.g., grey stage was excluded in Meddens et al. (2013)). 

Model performance was estimated using spatial block cross- 
validation, where each individual site with available UAV data was 
treated as a block during the cross-validation. Although several methods 
have been recommended to alleviate optimistically biased model per
formance (Burman et al., 1994; Roberts et al., 2017), recent studies 
suggest that spatial dependence in the raw data is often overlooked 
(Ploton et al., 2020). This is particularly the case in deep learning-based 
studies, where random cross-validation schemes prevail and spatial in
dependence between training and validation data is not always ensured 
(Kattenborn et al., 2022). Thus, the model performance assessed in this 
study may not be directly comparable to similar approaches using other 
biased validation schemes that do not account for the spatial depen
dence between training and test datasets. It should also be noted that the 
model performance was tested across years and regions, while growing 
seasons, and thus temporal patterns of the spectral signatures, may 
largely deviate across time and space (Hufkens et al., 2012; Verbesselt 
et al., 2010). 

Linking the two data sources is essential for model training, so the 
data must be spatially and temporally matched. Reference data from 
UAV orthomosaics were acquired throughout the entire growing season 
(April to November), while the end of a satellite time series was set to 
October 30 of the respective year. Setting a specific end date was 
motivated by the LSTM modeling, which is facilitated by equidistant and 
synchronized time series. Consequently, a standing dead tree crown 
visible in a UAV scene was considered to be dead for the entire year of 
the acquisition. However, this may not be completely true for all ob
servations, and such temporal mismatches may further reduce the esti
mated model performance. 

In addition to a temporal mismatch between UAV and Sentinel data, 
a spatial mismatch can also hinder model training and reduce model 
performance estimates. In this regard, spatially more accurate UAV ac
quisitions using real-time kinematic (RTK) GNSS data may be very 
promising (not available in this study). However, it should be noted that 
RTK base stations are not always easy to deploy in forest environments, 
and RTK-based surveys only improve the absolute positional accuracy of 
the UAV data. A spatial mismatch between UAV and satellite data may 
remain, as the absolute geolocation accuracy of, for example, Sentinel-2 
is specified at 12.5 m (Gascon et al., 2017). Additionally, automatic 
co-registration methods, such as Scale-Invariant Feature Transform 
(Lowe, 2004), are not suitable for remote sensing data with very 
different spatial resolutions, since the extracted image features will not 
be found in both images. Therefore, we tested a simple optimization 
method that co-registers resampled UAV imagery and the Sentinel-2 
RGB-bands by iteratively shifting and rotating the UAV data and 
finding the maximum correlation of the spectral bands available in both 
datasets (i.e., red, green, and blue). Gränzig et al. (2021) presented a 

similar optimization approach where the optimal position is determined 
by the optimal fit between UAV-derived land cover fractions and 
Sentinel-2 spectral information. Independent validation of such opti
mization methods is difficult outside of dedicated experiments, and we 
assumed the method to be valid if the LSTM model performance 
improved in the upscaling approach. Contrary to our assumption, the 
LSTM model performance did not improve (presumably due to the 
different UAV acquisition times compared to the constant Sentinel-2 
overpass time and the resulting differences in lighting situation and 
shadows), and we decided to discard the co-registration approach in this 
study. Yet, future studies may address the co-registration problem to 
further improve the potential of the presented approach. 

Despite the presented sources of uncertainty, our results indicate a 
high transferability across the individual study regions with evenly 
distributed RMSE values ranging from 0.23 for the Karlsruhe-Bretten 
region to 0.19 for Helsinki. An independent comparison between the 
extrapolations and aerial orthophotos in space (Fig. 7) and time (Fig. 8) 
also suggests a robust and consistent predictive performance of the 
LSTM model. Time series approaches are particularly useful for 
capturing dynamic processes such as tree mortality, since a static se
lection of acquisition dates introduces selection bias and hence uncer
tainty (Frantz et al., 2022). For instance, after disturbance, increased 
light availability on the ground facilitates rapid (re)growth and greening 
of understory vegetation (Frolking et al., 2009; Meng et al., 2018). In 
addition, visibility of the understory from a bird’s-eye perspective is 
enhanced by the sparse canopies of standing dead trees (particularly for 
deciduous trees). Modeling approaches based on single image acquisi
tions might easily confuse this regrown understory with a vital over
story. Time series approaches, on the other hand, capture the context 
and dynamics prior to canopy mortality and should detect canopy 
mortality more robustly. 

The LSTM is specifically designed to detect temporal features of tree 
mortality throughout the time series and to indicate whether standing 
deadwood was present in the year of interest. This might be particularly 
relevant under common forest management practices (i.e., salvage log
ging and sanitation harvest after disturbance), where standing dead 
trees may have already been removed and thus may be missed by single 
time-step algorithms. For example, it is possible that standing dead 
wood has already been removed by foresters (e.g., for timber usage or 
path safety), but the algorithm can still detect the temporal presence of 
standing deadwood based on corresponding features in a period of the 
time series. Thus, the presented time series-based approach is also 
capable of detecting rapidly evolving and short-lived occurrences of 
standing deadwood. 

An often-reported advantage of deep neural networks are their end- 
to-end learning capabilities without the need of enhanced preprocessing 
steps. In this study, the preprocessing for the LSTM modeling was 
confined to linear interpolation of missing values in the satellite time 
series and cloud masking. Results from Ruβwurm and Körner (2018) 
indicate that the latter can be learned jointly with the classification task, 
further reducing preprocessing. Thus, in concert with cloud platforms 
where massive amounts of raw satellite data are stored (e.g., DIAS, 
Google Earth Engine), models may be trained that indirectly learn data 
quality features and transformations analogous to data preprocessing, 
which in turn could enhance the data processing efficiency and 
robustness for applications over large spatial and temporal scales. 

In this study, we demonstrated the upscaling from standing dead
wood segmentation maps at local-level (centimeter range) to continuous 
cover fractions at coarser resolution (10 m resolution) and large areas by 
combining pattern recognition in UAV imagery and satellite time series 
analysis. This approach exploits both the high spatial information of 
UAV imagery and the high spectral and temporal information of satellite 
data. The quantitative performance assessment using spatially explicit 
validation data (Fig. 6) as well as the continuous and multi-temporal 
prediction maps (Fig. 7) showed that the predicted continuous cover 
fractions do not only resemble large-scale tree mortality rates (e.g., of 
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entire forest stands), but also robustly predict transitions of tree mor
tality cover fractions or scattered occurrences at small spatial scales. The 
fractional cover maps presented here do specifically reflect the presence 
of dead trees, but do not indicate other sources of forest loss, e.g., due to 
logging or intense forest fires. This can be particularly important for 
monitoring the typically widespread and patchy patterns of tree mor
tality events associated with climate extremes such as drought, disease, 
pathogens, and their combined effects. 

5. Conclusion 

Spatio-temporal information on forest mortality and associated 
processes is scarce, but urgently needed for understanding climate 
change risks on forests. Earth observation satellites could provide 
spatially and temporally explicit information on tree mortality, but 
mapping tree mortality with such data requires ample training data. In 
this study, we presented a workflow that enables large-scale mapping of 
tree mortality. The automated generation of reference data from high- 
resolution UAV imagery enables spatially explicit training and valida
tion of landscape-level models, which is hardly possible with most 
existing reference data sources. Opportunities for optimization exist, 
particularly regarding the spatial and temporal consistency between 
UAV and satellite products, and the representation of natural variability 
in the appearance of dead tree crowns in corresponding remote sensing 
signals and should be subject to further research. Precise estimates of 
fractional cover of standing deadwood could be used with other prod
ucts, e.g., biomass estimates, canopy height, or species maps, to estimate 
tree mortality-related changes in carbon dynamics. Deadwood is also an 
important forest structural parameter and large-scale continuous infor
mation on its fractional cover may foster forest biodiversity research and 
management. With the appropriate UAV data for reference data gener
ation, the approach can be adapted to a wide range of applications in 
vegetation remote sensing (e.g., tree species or habitat mapping). In the 
future, the increasing availability of openly available UAV data in con
cert with automated and transferable deep learning-based mapping al
gorithms will further increase the potential of such multi-scale 
approaches. 
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