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Abstract

Forest ecosystems are shaped by both abiotic and biotic disturbances. Unlike sudden disturbance agents, such as wind, ava-
lanches and fire, bark beetle infestation progresses gradually. By the time infestation is observable by the human eye, trees
are already in the final stages of infestation—the red- and grey-attack. In the relevant phase—the green-attack—biochemical
and biophysical processes take place, which, however, are not or hardly visible. In this study, we applied a time series analysis
based on semantically enriched Sentinel-2 data and spectral vegetation indices (SVIs) to detect early traces of bark beetle
infestation in the Berchtesgaden National Park, Germany. Our approach used a stratified and hierarchical hybrid remote
sensing image understanding system for pre-selecting candidate pixels, followed by the use of SVIs to confirm or refute the
initial selection, heading towards a 'convergence of evidence approach’. Our results revealed that the near-infrared (NIR)
and short-wave-infrared (SWIR) parts of the electromagnetic spectrum provided the best separability between pixels clas-
sified as healthy and early infested. Referring to vegetation indices, we found that those related to water stress have proven
to be most sensitive. Compared to a SVI-only model that did not incorporate the concept of candidate pixels, our approach
achieved distinctively higher producer’s accuracy (76% vs. 63%) and user’s accuracy (61% vs. 42%). The temporal accuracy
of our method depends on the availability of satellite data and varies up to 3 weeks before or after the first ground-based
detection in the field. Nonetheless, our method offers valuable early detection capabilities that can aid in implementing timely
interventions to address bark beetle infestations in the early stage.
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1 Introduction

Environmental data have become increasingly available
over the last decade. However, there remains a significant
challenge in achieving constant monitoring that provides a
comprehensive understanding of ecosystem dynamics and
forest disturbance mechanisms (Fer et al. 2021). Satellite
Earth observation (EO) provides to the ecological commu-
nity a strong tool for understanding ecosystem dynamics,
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filling an important technological niche by serving spatially
explicit information at broad spatial and long temporal
scales (Senf 2022). The launch of the Sentinel-2 satellites
as part of the European Copernicus programme has marked
a paradigm shift in EO-based monitoring capabilities, mak-
ing a significant contribution to ecosystem-related research
(Fer et al. 2021). The ultimate goal of space assets such as
EO is to convert “big Earth data” to valuable information
that contributes to the understanding of—inter alia—natural
processes (Sudmanns et al. 2020).

This study focuses on the detection of one of the most
prominent forest ecosystem drivers in Central Europe, the
European spruce bark beetle (Ips typographus L.), whose
host tree is Norway spruce (Picea abies L.). This distur-
bance agent can have a profound impact on landscapes by
initiating canopy gap dynamics, which may lead to sig-
nificant changes in ecosystem functioning (Stritih et al.
2021). Although such insect disturbances lead to disrupted
structures and alter the composition of the ecosystem, they
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also foster diversity on the landscape (Thom and Seidl
2016). Historically, heavy storms and snow breakages have
resulted in a large surplus of suitable breeding material for
insects, particularly for bark beetles (Giunta et al. 2016;
Seidl et al. 2017). Nowadays, climate change plays a major
role in the increasing frequency and severity of bark beetle
outbreaks (Thom and Seidl 2016). Warmer temperatures
can lead to a more frequent occurrence of drought stress
and increased severity of storms and windthrow, which
in turn negatively impacts forest health (Filchev 2012;
Marini et al. 2013) and results in an increase of annual
bark beetle breeding generations (Jakoby et al. 2019). The
damage mechanism of bark beetle infestation is a typical
tree-killing strategy. The physiological response of trees
to infestation is characterized by xylem embolism, which
disrupts the flow of water and nutrients from the roots to
the canopy. The damaged phloem tissue, responsible for
transporting sugars produced by photosynthesis, reduces
the amount of photosynthate available to the tree and thus
the tree’s photosynthetic activity (Christiansen and Bakke
1988; Edburg et al. 2012; Mikkelson et al. 2013; Wer-
melinger 2004). These biochemical processes ultimately
result in a decreased water content and a reduction in leaf
pigments leading to modifications in the spectral signa-
ture of a tree's canopy. These modifications make infested
trees distinguishable from healthy ones (Ortiz et al. 2013;
Sprintsin et al. 2011). Observing the changes in the bio-
chemical and spectral signal over time, the beginning of
bark beetle infestation (green-attack) is characterised by
the tree’s internal suffering described above, whilst still
appearing green, i.e. with almost no visual signs of stress.
As the process progresses, the tree’s chlorophyll pigments
decrease, resulting in discolouring whilst there is no nee-
dle loss yet, referred to as red-attack. The final stage (grey-
attack) marks dead trees, which may have already lost their
needles and which are clearly visible from both ground
and space (Coulson 1985; Dalponte et al. 2022).

Early detection during the initial green-attack phase of
bark beetle infestation, whilst essential for proactive actions,
remains a challenging endeavour. Both ground-based and
remote sensing-driven detection have human and techni-
cal limitations since early infested trees lack unambiguous
symptoms clearly observable by the human eye (Abdullah
et al. 2019a). Ground-based detection includes visual exami-
nation of bark beetle signs, like sawdust around the bore
hole whilst trees are appearing green, and pheromone bee-
tle traps (Sukovata et al. 2021). Although field surveys are
still the state-of-the-art method for monitoring early signs of
bark beetle calamities, they are time-consuming and insuf-
ficient for larger areas, and their lack of automation limits
their practicality (Fernandez-Carrillo et al. 2020; Lang et al.
2006). Besides, field surveys are not straightforward either,
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as it might be difficult to detect the small boreholes caused
by the beetles (Wulder et al. 2006).

With the advent of aerial photographs in the 1930s, aerial
imageries have been used for the first time for bark beetle
detection (Coppin and Bauer 1996). A few decades later,
remote sensing techniques gradually supplement the man-
ual field work (Koch 2010; McRoberts and Tomppo 2007)
enabling the investigation of ecosystem processes like dis-
turbances at a broader scale (Turner et al. 1995). Relying
on spectral changes of the forests canopy, remote sensing
is able to capture forest traits like biochemical, functional,
structural and geometrical characteristics (Hellwig et al.
2021; Lausch et al. 2016) and hence provide information
about forests health. Some studies rely on chlorophyll and
water stress-based indices to represent the biophysical and
biochemical changes during bark beetle infestation (Verrelst
et al. 2010; Wulder et al. 2006), whilst others employ for-
est structure information for the detection (Sterericzak et al.
2019).

The selection of the indices, bands and forest attributes
for detection is closely linked to the platform (UAVs, air-
borne, and spaceborne) and their specific characteristics.
Especially the use of unmanned aerial vehicles (UAVs) has
become increasingly popular in early bark beetle detection
(Alvarez-Vanhard et al. 2021). The ability for end-user cus-
tomisation, such as mounting different sensors with varying
spatial resolutions and acquisition intervals, and the result-
ing greater flexibility in application compared to space- and
airborne sensors, contributes to promising results. This is
reflected in high accuracies, often >90%, and a better dif-
ferentiation between different stages of bark beetle infes-
tation (e.g. green-attack, red-attack, and grey-attack) in
comparison to air- and spaceborne sensors. Whilst several
studies (e.g. Hellwig et al. (2021), Honkavaara et al. (2020),
Kloucek et al. (2019), Paczkowski et al. (2020) or Schaeffer
et al. (2021)) have highlighted the potential of this emerg-
ing technology, the use of UAVs is only suitable for small-
scale monitoring as not viable for vast geographic regions
(Alvarez-Vanhard et al. 2021).

Sensors mounted on aircrafts bridge the gap between the
use of high-resolution UAVs and satellite data covering large
areas. Most of these studies employed multi- or hyperspec-
tral airborne sensors (e.g. Abdullah et al. (2019a), Fassnacht
et al. (2014), Lausch et al. (2013)). However, despite the
high number of spectral bands for hyperspectral sensors (e.g.
125 bands for HyMap), the potential of airborne hyperspec-
tral data to distinguish early infested from healthy trees has
been ambiguous, as shown by studies such as Fassnacht et al.
(2012) or Wulder et al. (2006).

Most of the studies, however, employ commer-
cial and/or non-commercial satellite data. Latifi et al.
(2014a, 2014b) combined Landsat data with higher-reso-
lution SPOT data whilst Latifi et al. (2018) used RapidEye
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and MODIS data. Dense Landsat time series data were
used by Trubin et al. (2022). Since the launch of the Sen-
tinel-2 mission, an increasing number of studies have been
published using these freely available data sources with a
spatial resolution of 10 m, yet there is still some unused
potential to be uncovered. Most of these approaches focus
on spectral vegetation indices (SVIs) which are used as
proxies for biophysical and biochemical changes of the
canopy. Abdullah et al. (2019b) evaluated the potential
of SVIs derived from Landsat and Sentinel-2 and found
a substantial higher accuracy for Sentinel-2 data (67% of
matching pixels compared to 36% for Landsat). Fernan-
dez-Carrillo et al. (2020) used a change detection approach
and bi-temporal regression to estimate forest vitality and
reached high accuracies (> 0.8.) for the late phases of bark
beetle infestation, yet the minor damage class (=early
infestation stage) was often confused with the no dam-
age class (=healthy). Huo et al. (2021) presented another
approach combining Sentinel-1 and Sentinel-2 data, using
SVIs as well as a combination of multiple bands in a non-
parametric model. Seasonal and spectral trajectories of
SVIs derived from Sentinel-2 data were investigated by
Barta et al. (2021). Dalponte et al. (2022) applied a sup-
port vector machine classifier to Sentinel-2 and LiDAR
data and were able to differentiate between early and late
infestation with an accuracy of 83%. Regardless of the
exact approach, a remote sensing-based framework for
early bark beetle detection requires undeniably a high
temporal availability of satellite data (Barta et al. 2021)
as proven by most of the studies mentioned.

In this study, we propose a novel method to detect early
infestation stages of the European Spruce Bark Beetle
combining semantically enriched Sentinel-2 time series
with SVIs in a mountain landscape. Our aim is to assess
the benefit of pre-selecting candidate pixels from seman-
tic Sentinel-2 data compared to a SVI-only approach. To
address this objective, we investigated temporal response
patterns and spectral category trajectories from the seman-
tically enriched Sentinel-2 data and defined candidate pix-
els. We performed two model runs, one combining candi-
date pixels + SVIs and one with SVIs only and compared
the results. Further, we studied the sensitivity of spectral
bands and indices for detecting early stages of bark bee-
tle detection. We evaluated our method not only in terms
of the benefits of a preselection, but also at two different
scales: pixel level and plot level. The plot level provided
information about the general potential of our method to
detect larger infestation areas. The pixel level, however,
shows whether the method also detects smaller infested

areas, such as individual trees. The study was conducted
in a national park, characterized by near-natural forests,
yet with strong past land use legacies.

2 Materials and Methods
2.1 Study Site

The Berchtesgaden National Park, located in the south-
eastern part of Germany (Fig. 1), was chosen as the study
site for this research. Covering an area of 20,808 ha, this
region boasts a wide range in altitude, spanning over
2000 m from Lake Koenigssee (603 m) to Mount Watz-
mann (2713 m) (National Park Administration Berchtes-
gaden 2001). With a rich fundus of reference data, this
area is well-suited for our research purpose. Of the total
area, 11,835 ha (equivalent to 57%) are covered by for-
est, as defined by the FAO forest definition. Within this
forested area, 8154 ha (81.5%) are dominated by conifers,
while 1851 ha (18.5%) are dominated by deciduous trees
(Mandl and Oravec 2020).

2.2 Satellite Datasets

The satellite data used in this study consisted of Coper-
nicus Sentinel-2 level 2 and level 3 data. The latter corre-
sponds to best-available pixel composites computed by the
Weighted Average Synthesis Processor (WASP) (German
Aerospace Center (DLR) 2020). Both level 2 and level
3 data were downloaded from the German Copernicus
exploitation platform code-de.org. With its 13 channels
optimized for land surface observations and a high reso-
lution of up to 10 m and swath width of 290 km, Sen-
tinel-2 is ideal for detecting changes in vegetation. For
this study, ten Sentinel-2 scenes from March to October
2020 were used (for detailed dates, see Table 1). For the
months of March and October, where illumination condi-
tions and snow/shadow cover for mono-temporal imagery
were unfavourable, we used level 3 best-available pixel
composites. These composites allow for (almost) cloud-
less monthly synthesis of land surface reflectance com-
piled from cloud-free pixels within the respective month.
When atmospheric conditions permitted, two images per
month were acquired. For level 2 products, we used the
FORCE data cube analysis-ready collection, provided by
the German Copernicus platform code-de.org (CODE-de.
org 2023; Frantz 2019). FORCE pre-processed data are
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Fig.1 The study site of Berchtesgaden National Park with the
SIAM™ coniferous mask and the bark beetle management zone
(black outlined area) (a), the location of the study site in Central
Europe (b) and the occurrence of the top 10 tree species in the study

Table 1 Sentinel-2 data used for the study with the exact date, the
DOY, the processing level and according cloud coverage

Date Day of year  Processing level Cloud
(DOY) coverage
[%]
2020-03 - Level 3-WASP (BAP) 0
2020-04-23 114 Level 2A-FORCE 4
2020-05-08 129 Level 2A-FORCE 20
2020-05-18 139 Level 2A-FORCE 16
2020-06-12 164 Level 2A-FORCE 0
2020-06-27 179 Level 2A-FORCE 14

2020-07-27 209
2020-08-21 234
2020-09-15 259
2020-10 -

Level 2A-FORCE 9
Level 2A-FORCE 0
Level 2A-FORCE 0
Level 3-WASP (BAP) 0

topographically and atmospherically corrected and feature
advanced cloud and shadow detection, correction of adja-
cent effects, and a bidirectional reflectance distribution
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site (¢) indicating that the host tree spruce accounts for nearly 80% of
the tree species within the National Park. In dark green, coniferous
tree species, in light green deciduous ones. The blue line represents
the cumulative area [%] of tree species in the National Park

function, and deliver quality flags (Frantz 2019). FORCE
considers all data with a cloud cover of less than 70%
(according to the ESA/USGS metadata) for image acqui-
sition. Image chips for which the FORCE internal cloud
masking algorithm determined a cloud cover of more than
90% were discarded. To further reduce cloudy scenes, we
applied a filter that excluded scenes with a cloud cover
greater than 20%. Additionally, Sentinel-2 data were co-
registered with the Landsat data, making FORCE data
suitable for topographically challenging terrain, such as
the Berchtesgaden National Park.

Based on pre-processed Sentinel-2 data, we computed
SIAM™ (Satellite Image Automatic Mapper) spectral cat-
egories (see Sect. 2.4) and spectral vegetation indices (see
Sect. 2.5) used in subsequent analysis. Based on temporal
compositions of according spectral categories, we derived
a coniferous forest dataset as a processing mask (for more
details refer to Sect. 2.4).
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Fig.2 Grey-attack plot in a
colour-infrared aerial imagery
(left) and classification result of
this infested patch (right)

2.3 Reference Datasets

As reference data, we used a colour-infrared aerial imagery
from the maintenance zone of Berchtesgaden National Park
with a spatial resolution of 0.2 m dated September 2020.
Grey-attack stages were derived by a supervised machine
learning approach using a random forest ensemble model
(Breiman 2001) in R’s machine learning package SuperML
(v0.5.3; [Saraswat 2020]). The resulting dataset, referred to
as "grey-attack plots," represents the grey-attack state at the
end of 2020 (see Fig. 2). We used this dataset to derive can-
didate pixels and for spatial accuracy assessment (see Sects.
2.6 and 2.9 for details).

To assess the temporal accuracy, we incorporated ground
reference data collected in the field. Trained field workers
systematically searched for early signs of bark beetle infes-
tation, such as dry dust and holes in the bark, whilst the
needles were still green. The bark beetle management zone
was walked on a 4-weekly basis, and all infested areas were
recorded using a mobile application.

2.4 Computation of Spectral Categories

We utilized SIAM™, a software that enables a stratified-
hierarchical, physical and model-driven pre-classification
(semantic enrichment) of Sentinel-2 data. The software
incorporates the bands Blue, Green, Red, near-infrared

0 2040  80Meters
A VA DO S |

(NIR), short-wave infrared-1 (SWIR-1) and short-wave-
infrared-2 (SWIR-2) and is capable of categorizing satellite
data into different spectral categories with varying degrees
of granularity (Baraldi et al. 2006). This software — as
opposed to the indices-based approach — considers the
entire feature space of an image and divides it into spectral
categories (SC). For this study, we used L-SIAM, which
pre-classifies a Sentinel-2 scene into 96 spectral categories
(Baraldi 2011; Baraldi et al. 2006, 2022). SIAM™ is a deci-
sion tree-based software that utilizes a priori knowledge of
physical-spectral models to categorize satellite data into dif-
ferent granularities. This process is applied to each pixel
in a satellite scene, resulting in a stable, sensor-agnostic
multispectral colour name for each pixel. The software pro-
duces a discrete finite set of mutually exclusive and totally
exhaustive spectral categories, as shown in Fig. 3 (Baraldi
2011; Baraldi et al. 2022; Sudmanns et al. 2021). The spec-
tral categories are encoded by a spectral type ID, which is
used to compute change values between two time periods.
The change values emerge from the alterations of the spec-
tral categories within the grey-attack plots of the bark beetle
management zone and represent—inter alia—changes in the
tree’s caused by bark beetles.

Each of these spectral categories belongs to a broad set
of land cover classes. These so-called parent classes consist
of “clouds, “either snow or ice”, “either water or shadow”’,
“vegetation”, equivalent to the land cover class set, “either

Fig.3 Spectral endmembers of
the SIAM™ output (modified
after Baraldi et al. (2006) and a
pre-classified Sentinel-2 scene
of the study site

"High" leaf area index (LAI) vegetation types
"Medium" LAl vegetation types

Other types of vegetation

Bare soil or built-up

Deep/shallow water, turbid water or shadow
Thick cloud and thin cloud

Thick smoke plume and thin smoke plume
Snow and shadow snow

Shadow

Flame

Unknowns

Fine granularity map, 96 Spectral categories
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woody vegetation or cropland or grassland (herbaceous veg-
etation) or (shrub and brush) rangeland”, “either bare soil
or built-up” and “outliers”. However, these classes do not
claim absolute uniqueness; several semantic categories may
be valid options derived from one and the same pixel, like
water or shadow. Hence, the output of the semantic enrich-
ment is to be regarded from the semantic context below a
land cover classification (Baraldi et al. 2006). Still, in this
way, even subtle differences or changes in the "greenness" of
vegetation are detected in a spatially and spectrally discrete
manner. In the context of this study, we used semantically
enriched Sentinel-2 data to pre-select potentially infested
pixels (candidate pixels), which are confirmed/refuted in
the subsequent combination with SVIs. In this way, we
account not only for subtle spectral changes, but also for
canopy biophysical and biochemical changes during infesta-
tion. Besides using SIAM™ to select candidate pixels, we
computed a coniferous mask by creating a STAM™ spectral
and temporal composite containing the spectral categories
strong (dense) vegetation with low NIR leaf SC (spectral
category 6), strong (dense) vegetation with very low NIR leaf
SC (spectral category 7), average (dense) vegetation with
low NIR leaf SC (spectral category 12) and average (dense)
vegetation with very low NIR leaf SC (spectral category 13;
for all spectral categories refer to supplementary material
5), which all are related to a coniferous land cover class as
identified by the USGS (Baraldi et al. 2006). To enhance
the robustness of the mask, we computed a multi-year forest
mask consisting of all coniferous-related STAM™ spectral
categories for the leaf-on season (April-September) and for
the years 2018-2020. In this way, we account for pheno-
logical effects and varying illumination conditions and thus

avoid excluding potential coniferous pixels, what is likely to
happen when using a single-year coniferous mask.

As input, the software expects at least radiometrically
calibrated and top-of-atmosphere (ToA) computed data
(Baraldi 2011). For Sentinel-2 level 2 data exhibiting bot-
tom-of-atmosphere (BoA) correction, this requirement was
already given. In order to execute the SIAM™ software,
Sentinel-2 level 2 data were pre-processed including spa-
tial resampling, image stacking, conversion to 8-bit ENVI
format and the creation of noData mask. In case thermal
infrared information is available (as in Landsat sensors),
this dimension is considered in the model as well. Finally,
the semantic enrichment was conducted by calculating the
spectral categories of input data in batch mode.

2.5 Selection and Computation of Spectral
Vegetation Indices

We developed a comprehensive set of spectral vegetation
indices by applying a principal component analysis (PCA)
on eight both uni- and multidimensional indices identified
in a literature research. Tasseled Cap components (Tasseled
Cap Greeness, Tasseled Cap Brightness, Tasseled Cap Wet-
ness) were derived by applying Sentinel-2 specific coeffi-
cients from a principal component-based procrustes analysis
developed by Shi and Xu (2019). For the unidimensional
indices, we included both chlorophyll/cell structure-related
indices and water stress-related indices, which were used as
proxies for biophysical and biochemical processes during
infestation.

A total of 1000 randomly selected pixels were employed
and the respective index values were determined in order to
investigate indices which explain a substantial proportion

Table 2 Selected spectral indices, their abbreviation, grouping into water-stress- and chlorophyll-related indices, their formula as well as the

reference

Spectral index Abbrev  Type Formula References

Disease Water Stress Index DSWI Water stress index (NIR + GREEN)/(SWIR1 +RED) Galvio et al. (2005)

Normalized Difference Water Index NDWI  Water stress index (GREEN-NIR)/(GREEN + NIR) McFeeters (1996)

Normalized Difference Moisture NDMI  Water stress index (NIR-SWIR) / (NIR + SWIR) Buschmann (1993)
Index

Tasseled Cap Wetness (for Senti- TCW Water stress index 0.1763*BLUE+0.1615*GREEN+  Shi and Xu (2019)
nel-2 MSI) 0.0486*RED — 0.0755*NIR-1 —

0.7701*SWIR1-0.5293*SWIR2

Normalized Difference Green Red  NGRDI  Chlorophyll/cell structure index (GREEN-RED)/(GREEN+RED)  Huntet al. (2011)
Index

Normalized Difference Red-Edge-3 NDRE-3 Chlorophyll//cell structure index (NIR-RED EDGE-2)/(NIR+RED Abdullah et al. (2019b)
Index EDGE-2)

Normalized Difference Index Bands NDI45  Chlorophyll//cell structure index (RED EDGEI -RED) / (RED Delegido et al. (2011)
4/5 EDGE1 +RED)

Tasseled Cap Greenness (for Senti- TCG Chlorophyll//cell structure index — 0.2818*BLUE — 0.3020*GREEN  Shi and Xu (2019)
nel-2 MSI) —0.4283*RED +0.4261*NIR-2 +

0.1341*SWIR1 - 0.2538*SWIR2
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of the variance (Wickham and Grolemund 2017). The final
set of indices was subsequently used to confirm or refute,
respectively, the pre-selected candidate pixels determined
by the semantic enrichment approach (see Sect. 2.4). The
indices-based computations (see Sect. 2.5, Table 2) and the
feature engineering for determining index-based feature
importance (see Sect. 2.8) were both conducted using the R
packages sen2r and SuperML (R Core Team 2021; Ranghetti
et al. 2020; Saraswat 2020).

2.6 Combining Candidate Pixels with SVIs
- Identifying Early Traces of Bark Beetle
Infestation

We computed change detection raster stacks of SIAM™
spectral categories and SVIs consisting of nine bands,
where each band corresponds to one epoch. We defined an
epoch as a set of two consecutive satellite scenes and their
corresponding semantically enriched Sentinel-2 data and
derived SVIs. Within the grey-attack plots, we observed the
change values of spectral categories following the approach
outlined in Mandl and Lang (2022). The grey-attack plots

Early infested = {

1 if SIAM™ candidates == 1 A allindices
0 otherwise

0=no candidate) and intersected all candidate pixels with
the SVI change detection grids. By extracting the change
values from the change detection stacks per SVI and epoch at
the candidate’s pixel locations, we obtained a set of descrip-
tive statistics per SVI and epoch. Based on these statistics,
we tested different thresholds for reclassifying SVIs as either
1 (early infested) or O (healthy). We checked following com-
binations for the lower and upper thresholds of indices: (1)
lower: min, upper: max, (2) lower: 3rd quartile, upper: 1st
quartile, (3) lower: min, upper: 3rd quartile. We found in this
preliminary analysis, that the minimum value serves best as
lower threshold, whilst the 3rd quartile led to best results for
the upper threshold (for detailed descriptive statistics and
used thresholds per index and epoch, please refer to supple-
mentary material 1a and 1b). Based on these thresholds, we
reclassified the SVIs. To address only potential host trees,
we used a coniferous mask derived from the SIAM™ spec-
tral categories composition explained in Sect. 2.4. Just like
the candidate pixels and SVIs, binary reclassification was
applied to the coniferous mask (1 =coniferous, 0 = other).
An expert and rule-based conditional statement based on
reclassified STAM™ indicators, reclassified SVIs and the
reclassified coniferous mask determines a pixel as early
infested, applying following rule set:

== 1 A coniferous mask == @))]

were used to initially determine candidate pixel values as
it is known that there will be bark beetle attack sometime
during the year, yet there is no exact temporal information,
that is when infestation took place. Specifically, we consid-
ered the change value of each pixel classified as one of the
SIAM™ end members (high leaf area index (LAI) vegeta-
tion types, medium LAI vegetation types, and other types
of vegetation) within the grey-attack plots as a candidate
pixel. Our approach is based on two key assumptions: (1)
Changes in the spectral categories of SIAM™ within the
grey-attack plots indicate bark beetle infestation at an early
stage and hence, the changes in these categories act as indi-
cators, referred to as candidate pixels. Initially, all spectral
category changes are considered as candidates. Vegetation
indices determine if changes are due to bark beetle infesta-
tion or other factors like phenology or non-stationary surface
properties (Baraldi 2011), confirming or refuting the candi-
dates. The interaction between the SIAM™ candidate pixels
and the SVIs is the core of our method. Using the SVIs to
check the causality of the pre-selected candidate pixels, we
adopted a "convergence of evidence" approach.

In detail, after defining SIAM™ pixel candidate values,
we binary-reclassified all raster cells featuring the previously
determined candidate values (1 =SIAM™ pixel candidate,

Each pixel must be classified as a SIAM-derived can-
didate, must be a pixel of the class coniferous and must
be within the defined threshold range of selected indices
in order to be included in the infestation grid. The infesta-
tion grid consists of two values where the value 1 indicates
an infested pixel and O a healthy pixel. Figure 4 illustrates
the workflow and the interrelations of its methodological
components.

The workflow was applied to every time step, leading
to one infestation grid per epoch. We also implemented a
double-check mechanism to minimize the potential error that
may result from pixel shift or adverse illumination condi-
tions. That means that all pixels classified as early infested
in a first iteration were re-checked in a second one. If both
iterations classified the according pixel as early infested, the
pixel was considered as infested, otherwise it was reset to
healthy.

2.7 Comparison Between a SVI-Only Approach
and the Candidate Pixel Approach

To evaluate the effectiveness of our candidates approach

compared to SVI-only approach, we investigated the spectral
characteristics and thus the discriminability between healthy
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2 .
Statistics (at the pixel Epoch 1 (e.g.
candidates location) March-April)
Minil -0.354 i
Maximum 0.190 Binary
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Fig.4 Visualization of the workflow, starting with the intersection of
grey-attack plots with the SIAM™ change detection grids, the subse-
quent derivation of SIAM™ candidates and their reclassification, the

and early infested pixels for our combined model and for a
SVI-only model. We performed a second run of our algo-
rithm using only the previously determined SVI thresholds
and the forest mask, without using the candidate pixels. We
then plotted the spectral reflectance of early infested pixels
per band for both the SVI-only and combined (SVI+ can-
didate pixel) models, and compared the results to the base-
line—the median reflectance of healthy pixels. A larger dif-
ference from the baseline indicates a better differentiation
between the two classes and thus a more accurate classifica-
tion of early infested pixels. To avoid bias introduced by the
grey-attack plots, we excluded them in this analysis.

2.8 Statistical Analysis

After computing the infestation grids for each epoch, we
used these grids and generated a representative dataset for
the statistical analysis. We selected pixels from the class
early infested, which are centre pixels of an infestation plot
to ensure a high likelihood, that these pixels really repre-
sent the early infested class. This results in a total of 350
pixels used for subsequent analysis. We also randomly
sampled 350 pixels each from the healthy and grey-attack
(from the ML approach) classes and investigated the spectral
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application of a coniferous mask and finally the determination of SVI
thresholds via statistics. The computation of infestation grids is done
by applying an expert-based rule set

separability and temporal variation of canopy reflectance
under bark beetle infestation, both for the complete year and
stratified by time steps. To evaluate the significance of the
spectral differences between the healthy and early infested
class for selected bands and indices, we applied a t-test. We
also determined the temporal response of vegetation indices
under bark beetle infestation using the same dataset as for
the assessment of the spectral feature space.

Further, we assessed the impact of indices by fitting two
random forest models. The first RF model determined fea-
ture importance of SVIs for the entire year by including the
SVI change detection values at the location of the 350 early
infested pixels and the 350 healthy pixels mentioned above.
The second RF model used the same dataset as the first, but
the model was stratified by epoch to investigate intra-annual
changes in feature importance of SVIs. The relative rank of
SVIs with respect to the predictability to the target variable
“early infested” was computed by the impurity-based feature
importance (Gini importance).

2.9 Validation
A reliable validation in terms of early bark beetle detec-

tion via remote sensing needs to consider both, the spatial
and the temporal dimension. Reference data for the spatial
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accuracy assessment were only available for the maintenance
zone (~ 5300 ha) and for the temporal accuracy only for the
bark beetle management zone (~ 1800 ha) of Berchtesgaden
National Park. Thus, the number of predicted bark beetle
plots being included in the validation is somewhat limited.
The detection algorithm, however, was applied to the entire
national park (for a heatmap of infestation, refer to Material
2 in the supplementary material). The spatial accuracy was
evaluated based on the ML approach detecting grey-attack
stages of bark beetle attack whilst ground truth data was
used for the temporal assessment.

For the spatial accuracy assessment, we converted the
grey-attack vector dataset into a grid with 10 m cell size to
match the spatial resolution of Sentinel-2 data. This resulted
in a total of 238 reference pixels, which were either single
pixels (n=41) or clustered into plots (n =31, & number of
pixels per plot=6) where a plot referred to a larger group
of infested trees, i.e. at least two 10 m pixels. For the subse-
quent accuracy assessment, we kept the subdivision of our
grey-attack reference dataset into these two different scales,
the pixel- and the plot-level. Thereby, we checked the poten-
tial of our method to also detect small-scale infested trees
and not just larger plots. On the plot-level, a plot was con-
sidered to be detected if the infestation grid indicated at least
50% of the reference pixels as infested.

For the temporal validation, we first computed a 20 m
radius around the location to account for potential geoloca-
tion errors due to weak GNSS signal in forests. We then
intersected our detected early infested pixels with the ground
truth data and compared their date of recording with the date
of first detection by the early detection algorithm.

Fig.5 Sankey plot showing the
changes in spectral categories
(expressed by their index ID)
from one time step to the next
time step. The right nodes show

HE

the change values resulting from m11m <y
substracting the first time step L]
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spectral category-based candi-
date pixels. The plot contains
changes from the observation
period March — October. For
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categories, refer to Table 3 or
supplementary material 5
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To assess the use of the combined model not only in
terms of spectral characteristics but also in terms of spa-
tial and temporal accuracy, we further compared the results
of the combined model with the SVI-only model using the
same datasets and methods.

3 Results

3.1 Determining Candidate Pixels via Spectral
Categories

The intersection of semantically enriched Sentinel-2 change
detection grids with the grey-attack plots revealed the most
common changes in the SIAM™ spectral categories. Fig-
ure 5 depicts these changes in a Sankey plot. The plot shows
the shifting proportions and change values between spectral
categories when comparing time step n and time step n+ 1.
However, the change values do not represent real quanti-
ties, but are an indirect measure of the (semantic) differ-
ence between the spectral categories. The most frequent
changes occur from the spectral categories 5, 12, 13 and 24
to the spectral categories 11, 12, 13, 24 and 32. For detailed
description of these spectral categories, refer to Table 3. To
define the final set of candidate pixel values, we used the
resulting values consisting of the change values — 11, — 8,
-1,1,6,7,8, 11, 12 and 70.
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Table 3 Description of spectral categories (SC) shown in Fig. 5. For a list of all SIAM™ spectral classes, refer to supplementary material 5

Fine semantic granularity, 96 | (L)SC name (spectral-based

Land cover classes (identified by the USGS index, | Pseudo-

or Wetland in Shadow or
Turbid water or Shadow Leaf

spectral types (Large set) semi-concept) if any) likely to overlap with that (L)SC color

5 Strong (Dense) Vegetation (Dense) evergreen forest land, especially broadleaved
with Medium NIR Leaf SC forests (dense) deciduous forest land (41).

6 Strong (Dense) Vegetation Evergreen forests, especially coniferous forests.
with Low NIR Leaf SC

11 Strong (Dense) Vegetation (Dense) evergreen forest land, especially broadleaved
with Medium NIR Leaf SC forests, (dense) deciduous forest land.

12 Average (Dense) Vegetation | Evergreen forests, especially coniferous forests.
with Low NIR Leaf SC

13 Average (Dense) Vegetation Evergreen forests, especially coniferous forests.
with Very Low NIR Leaf SC

16 Rangeland (Sparse vegetation) | Non-forested wetland.

areas or Shrub Rangeland
(Sparse vegetation) Leaf SC

SC
17 (Dense) Vegetation in shadow | Shadow areas with (Dense) Vegetation.
Leaf SC
23 Average Shrub Rangeland Mixed (open) forests, olive groves, herbaceous
(Sparse vegetation) with Low | rangeland.
NIR Leaf SC
24 Average Shrub Rangeland Mixed (open) forests, olive groves, herbaceous
(Sparse vegetation) with Very | rangeland.
Low NIR Leaf SC
32 (Dense) Vegetation in water Vegetation in water or shadow
or shadow (including algae)
Leaf SC
83 Thin Cloud on Vegetated Thin clouds (e.g., “popcorn” clouds, stratus, edges of

cumulus) upon vegetated areas.

84 Thin Cloud on Vegetated
areas or Herbaceous
Rangeland (Sparse vegetation)
Leaf SC

Thin clouds (e.g., “popcorn” clouds, stratus, edges of
cumulus) upon vegetated areas.

3.2 Selection of Suitable Indices

The results of the PCA analysis revealed that Tasseled Cap
Greenness (TCG) and NDRE3, as well as DSWI and NDMI,
are strongly interrelated (Fig. 6). The loading plot depicts
each input variable (SVI) as a vector and plots its coefficients
for the first and second components. The length of the vector
represents the corresponding loading values per principal
component. This plot helped to identify which SVIs have
the strongest effect on each component. The PCA results
indicated a strong positive correlation between DSWI and
NDMI, as well as between TCG and NDRE3, suggesting
spectral dependence. Consequently, we excluded TCG and
NDMI from further analysis, as these two indices have
shorter vectors compared to their correlated indices, indi-
cating that they explain less of the variance.

The final set of indices, based on the PCA, consisted of
NDWI, TCW and DSWI for water stress-related indices and
NDRE3, NGRDI and NDI45 representing the group of chlo-
rophyll and cell structure-related indices.
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Fig.7 Mean reflectance of
pixels classified as healthy
and corresponding confidence
intervals. The blue squares
indicate reflectance of pixels
classified as early infested for
the combined model (SIAM™
candidates + SVIs) and their
corresponding error bars,
whereas green triangles show
reflectance of early infested
pixels for the SVI-only model
and their error bars
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Fig.8 Spectral behaviour

of pixels of the classes early
infested, grey-attack and
healthy in the electromagnetic
spectrum. The ribbons show
confidence intervals

3000
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3.3 Comparison of Spectral Characteristics
for the Combined and the SVI-Only Model

Comparing the spectral characteristics of the SIAM™ can-
didates + SVI model (combined model) to the SVI-only
model, we consistently observed larger differences from the
baseline, which is the median reflectance of pixels from the
healthy class. The increased differences suggested that the
combined model had a greater potential for distinguishing
pixels from the healthy and early infested classes, as the
spectral differences became more apparent. Whilst we found
only slight differences in the visible (bands 2—4) and red-
edge (bands 5-7) parts of the electromagnetic spectrum, we
observed stronger differences in the NIR and SWIR regions
(Fig. 7). Detailed differences in reflectance per band of the
SVI-only model and the combined model can be found in
the supplementary material 3. In contrast to the healthy
class, the early attack class demonstrated higher standard
deviations in both models. However, the combined model
consistently exhibited lower standard deviations than the
SVI-only model. Based on these results, we performed

baseline (mean reflectance of the

A Mean reflectance of SVIs only

Mean reflectance of SIAM candidates + SVIs

early infested — grey attack — healthy

further analysis only for the combined model and not for
the SVI-only model.

3.4 Spectral Separability and Temporal Variation
of Canopy Reflectance Under Infestation

Our analysis of the combined model revealed distinct dif-
ferences in pixel spectra between those classified as healthy
and grey-attack pixels (Fig. 8). These differences were
particularly prominent in the red-edge and NIR regions of
the electromagnetic spectrum, spanning from band 5 to 8,
but less pronounced in the visible (bands 2-4) and SWIR
(bands 11 and 12) range. The comparison between pixels
of the healthy and early infested class showed significantly
smaller differences across all spectral bands. We found the
best separability between the two classes in bands 8 and 8A
(NIR-1 and NIR-2), where pixels classified as early infested
showed lower reflectance, and in bands 11 and 12 (SWIR-1
and SWIR-2), where we observed higher reflectance com-
pared to the healthy class.

The stratification by the single time steps of available
Sentinel-2 data (Fig. 9) revealed intra-annual differences in
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Fig.9 Reflectance for pixels of Apr-23

the class healthy and early- 4000
infested per band and stratified )
by time steps. The black hori- 3000
zontal lines indicate the mean,

the boxes the interquartile range 2000
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quantile). Black points show
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Table 4 Significance levels of the single epochs for the bands 8 (NIR-1), 8A (NIR-2), 11 (SWIR-1) and 12 (SWIR-2) as well as for the indices

p-values were computed by applying a 7 test

Epochs B8 BSA Bl11 B12 DSWI NDWI TCW  NDI45 NDRE3 NGRDI
2020-03/2020-04-23 0.491  0.001 <0.001 <0.001 0.051 0.188 0.292  0.103 0.032 0.218
2020-04-23/2020-05-08 0.211  0.102 <0.001 <0.001 <0.001 0.164 0.037  0.021 0.125 0.093
2020-05-08/2020-05-18 0.101  0.034 <0.001 0.002 <0.001 0235 0.204  0.042 0.072 0.113
2020-05-18/2020-06-12 0.02  0.026 0.013 0.004 <0.001 0.046 0.048  0.022 0.094 0.088
2020-06-12/2020-06-27 <0.001  0.003 0.065 0.002 0.009 0.002 0.045  0.098 0.172 0.048
2020-06-27/2020-07-27 0.005 0.001 0.205 0.004 <0.001 0.058 0.062  0.191 0.021 0.101
2020-07-27/2020-08-21 0.195  0.02 <0.001 <0.001 <0.001 0.022  0.047  0.039 0.095 0.042
2020-08-21/2020-09-15 0.306 0.172 <0.001 <0.001 <0.001 <0.001 0.038  0.050 0.062 0.105
2020-09-15/2020-10 0.003  0.004 0.667 0.938 <0.001 <0.001 0.053 0.133 0.047 0.182

In bold: values with p <0.05

the spectral behaviour of pixels classified as healthy and
early infested, respectively.

We found that pixels classified as early infested gener-
ally had a larger interquartile range (IQR) for most time
steps, indicating greater signal heterogeneity compared to
the healthy class. As the year progressed, we observed a

@ Springer

trend towards more distinct signals from pixels classified
as early infested, as evidenced by a decreasing interquartile
range (IQR) and more pronounced differences between the
two groups. Outliers were observed in April and October,
such as high reflectance in the SWIR range (bands 11 and
12) for the early infested class in April. The visible range
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Fig. 10 Temporal response

of indices for healthy (green)
and early infested (yellow)
plots. The first row shows
water stress-related indices, the
second one chlorophyll-related
indices. The vertical error bars
indicate the standard devia-
tion per index and time stamp.
Pixels of the class healthy show
lower standard deviation whilst
pixels of the class early infested
exhibit stronger deviation from
the mean

DSWI

0.5
0.4
0.3

of the EM spectrum (bands 2—4) had low intra-class and
inter-class variability. Whilst the red-edge bands (bands 5-7)
showed slightly stronger inter-class differences compared
to April, these differences became even more distinctive
for the near- and shortwave infrared ranges (bands 8—12),
indicating better separability between the healthy and early
infested classes. This is consistent with the overall evalua-
tion of separability throughout the entire bark beetle season
(see Fig. 8). From May to August, our results consistently
showed lower reflectance for the early infested class in the
NIR bands and higher reflectance in the SWIR bands. Dif-
ferences in the SWIR range equalized at the end of the grow-
ing season (October). The t-test performed for each time
step for the NIR and SWIR bands revealed statistical sig-
nificance in separating early infested versus healthy pixel
spectra, particularly for the SWIR range. These wavelength
ranges indicated significant differences between the healthy
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and early infested classes at an earlier stage compared to the
NIR bands (see Table 4). However, the NIR bands showed
good sensitivity from June onwards.

3.5 Temporal response of vegetation indices

Moving from the entire reflectance spectrum to proxies
for biophysical and biochemical properties represented
by vegetation indices, we found that water stress-related
indices were more sensitive to early bark beetle infesta-
tion than chlorophyll- and cell structure-related ones are
(Fig. 10). This was also confirmed by the t-test (Table 4),
which revealed a much more frequent significant differ-
ence between the healthy and early infested class for water
stress indices.

At the beginning of the season, differences between the
classes healthy and early infested were less pronounced for

Apr-23 May-8 May-18

02 04 0600 02 04 0600 02 04 06

feature importance

Fig. 11 Feature importance for the entire year (a) and for all single time steps (b). Blue colours indicate water stress-related indices, green col-

ours chlorophyll-related ones
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Table5 Accuracy of the random forest model for determining the
epochs feature importance of SVIs

Epochs Accuracy OOB error
2020-03/2020-04-23 36.22% 0.67
2020-04-23/2020-05-08 54.67% 0.23
2020-05-08/2020-05-18 72.00% 0.16
2020-05-18/2020-06-12 62.50% 0.27
2020-06-12/2020-06-27 81.67% 0.11
2020-06-27/2020-07-27 66.67% 0.24
2020-07-27/2020-08-21 70.59% 0.14
2020-08-21/2020-09-15 78.29% 0.11
2020-09-15/2020-10 37.99% 0.68

both index groups, yet DSWI showed the largest differences
from the pixels classified as non-infested, both in the t-test
and when investigating the trajectories in the seasonal course
(Fig. 10). The gap between the healthy and early infested
class became more pronounced earlier in the year for water
stress-related indices (DSWI, NDWI, and TCW) compared
to chlorophyll- and cell structure-related indices. Chloro-
phyll- and structure-related indices (NDI45, NDRE 3, and
NGRDI), however, showed stronger parallel trajectories for
the two classes healthy and early infested than water stress-
related indices did, indicating less sensitivity to predict
bark beetle infestation. The results from the t-test for these
indices confirmed this observation (Table 4). As the year
progressed, the chlorophyll and structure indices showed
increased relevance, with more frequent significant differ-
ences between healthy and early infested classes from July
onwards. However, water stress indices still outperformed
chlorophyll and structure indices in discriminating between
the two classes.

3.6 Impact of Indices on the Classification Result
Based on Impurity-Based Feature Importance

The importance of different vegetation indices in predict-
ing early bark beetle infestation was evaluated by assess-
ing feature importance, both for the entire season (Fig. 11a)

and for each time step (Fig. 11b). DSWI was found to be
the most important index for the entire year, followed by
NDI45 and NDWI, whereas the impact of TCW, NDRE3
and NGRDI was relatively low. The intra-annual comparison
showed substantial variation in index ranking, accuracy and
out-of-bag (OOB) error (Table 5). DSWI consistently ranked
first or second in all time steps, whilst the importance of
chlorophyll-related indices, such as NGRDI, NDRE3, and
NDI45, remained moderate throughout the season. For water
stress-related indices, DSWI had consistently high feature
importance, whilst the importance of other water stress indi-
ces increased significantly from June onwards.

The RF model had high accuracy (>70%) and low OOB
errors for time steps in May, June, August and September.
However, the accuracy was weak and OOB errors were
high for April and October, which represent the beginning
and end of the bark beetle season. June 12th and July 27th
showed relatively lower accuracy despite being in the mid-
dle of the season.
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Day of ground truth
recording (mapped to a fix
temporal scale)

Fig. 12 Graphical representation of the aggregated temporal accu-
racy. We mapped all predictions and associated field recordings to a
fix point in time, which is shown as a dashed line. Deviations from
these reference dates are distinguished between earlier detection (left)
and later detection (right)

Table 6 Site-specific accuracy

- A # of early # of grey- # of PA (%) UA (%) Errorof  Error of
metrics for the pixel- and the infested (pre-  attack (refer- matching omission  commission
plot-level. PA =Producer’s diction) ence) pixels (%) (%)
accuracy, UA =User’s accuracy

Combined model
Pixel-level 103 238 41 17 40 83 61
Plot-level 57 46 35 76 61 24 39
SVI-only model
Pixel-level 312 238 54 23 17 77 83
Plot-level 69 46 29 63 42 39 58
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3.7 Validation

We employed a validation approach that incorporated both
spatial and temporal dimensions using the grey-attack (spa-
tial validation) and ground reference dataset (temporal vali-
dation) as reference data, as outlined in Sect. 2.3. The vali-
dation process assessed accuracy at both the pixel and plot
levels and included evaluation of the accuracy metrics for
both our combined model and the SVI-only model.

Starting with the spatial accuracy assessment of the
combined model, we found that the site-specific pixel-level
validation yielded a low producer's accuracy of only 17%
and a user's accuracy of 40% (see Table 6). The error of
omission was high, indicating that the majority of infested
grey-attack pixels were not matched by the prediction, whilst
the error of commission was 61%, meaning that pixels were
incorrectly assigned to the wrong class. On the other hand,
for the plot-level validation, the producer's accuracy was
76%, and the user's accuracy was 61%. Both plot validation
metrics showed distinctively higher accuracies compared to
the pixel-level assessment. The error of omission at the plot-
level was 24 %, whilst the error of commission was 39%.

In contrast, for the SVI-only model, we found substan-
tially lower producer's and user's accuracy, with values of
23% and 17%, respectively, at the pixel-level. Accordingly,
the errors of omission and commission were high, at 77%
and 83%, respectively. Even though the differences in the
plot-level accuracy metrics between the two models were
smaller compared to the pixel-level, the combined model
still revealed distinctively higher accuracy.

From a temporal perspective, earlier and later detection,
respectively, scattered from 3 weeks earlier until 3 weeks
later compared to ground truth data (Fig. 12). The results of
the temporal accuracy assessment revealed no clear trends
in temporal accuracy between months. The share of pixels
classified before field sighting was fairly balanced with those
representing the period afterwards. For detailed dates about
ground truth recording and related remote sensing-based
detection, please refer to supplementary material 4.

4 Discussion
4.1 Methodological Perspective

We have demonstrated that our proposed method is able to
detect early stages of bark beetle infestation through the use
of semantically enriched Sentinel-2 data and the candidate
pixels concept, coupled with spectral vegetation indices
(SVIs) and their interactions. We have shown that the com-
bined model, e.g. the STAM™ candidates + SVI model out-
performs the SVI-only model in terms of spectral separabil-
ity and accuracy. Despite inherent limitations in pixel-level

prediction of early bark beetle infestation, our method offers
several advantages. First and most important, the introduc-
tion of candidate pixels by applying semantic enrichment of
Sentinel-2 data distinctively improved the accuracy of the
model and reduced the error of commission, meaning false-
positive pixels. Although the input parameters for the rule set
were meticulously prepared through feature engineering, the
proportion of false positives in the SVI-only model remained
considerably high. Specifically, the combined model had a
39% share of false positives, whilst the SVI-only model had
an even higher rate of 58% at the plot level. In complex
topographies such as Berchtesgaden National Park, where
the large height gradient, steep terrain, and resulting frag-
mentation of canopy cover lead to disconnected and patchy
infestation plots, pre-selection of candidate pixels seems
to be essential for achieving a relatively high success rate.
Moreover, shadowing, snow cover fragments, and frequent
cloud cover necessitate novel approaches beyond SVIs for
early detection. In contrast to the study sites of most other
studies (e.g. low mountain range in Abdullah et al. (2019b)
or Barta et al. (2021) and lowlands in Huo et al. (2021)), the
topography in Berchtesgaden National Park hampered the
remote sensing-based detection of bark beetle infestation.
Therefore, the pre-selection of candidate pixels is crucial in
challenging terrains, although the exclusive use of SVIs may
prove sufficient in topographically simpler areas.

The SVI-only model classified a substantially larger num-
ber of pixels as early infested than the combined model.
Nevertheless, the number of matching pixels was lower,
resulting in lower accuracy. The larger number of pixels
classified as early infested could be attributable to other
stress indicators such as drought-induced stress, to micro-
climatic effects in mountain forests (Hofmeister et al. 2019)
or to a general lack of sensitivity of SVIs in highly frag-
mented and diverse landscapes. SVIs alone did not seem to
be informative enough to distinguish such biophysical and
biochemical changes caused by biotic disturbance agents like
bark beetles. However, in interaction with the changes in the
spectral categories of STAM™, many of the pixels classified
as false positives were filtered out. Whilst the spectral reflec-
tance differences between pixels classified as early infested
by the combined model and the SVI-only model were rela-
tively small, these differences had a significant impact on
the higher accuracy of the combined model. This is likely
due to the naturally subtle spectral variations between pixels
classified as early infested and those classified as healthy.

Besides the higher accuracy and the reduction of false
positives of the combined model, another advantage of our
approach is the use of dynamic thresholds (compare sup-
plementary material 1), which were adapted to the respec-
tive atmospheric and phenological conditions and not
determined by trial-and-error, as e.g. in Zimmermann and
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Hoffmann (2020). This allows the thresholds to be adjusted
if the results of the model are not considered satisfactory.

The proposed method's usability is enhanced by the use
of freely available Sentinel-2 data, which can be employed
by everyone. There is no need for commercial VHR satellite
datalike SPOT-5 or RapidEye data (as e.g. in Abdullah et al.
2019a), WorldView data (as e.g. in Immitzer and Atzberger
(2014)) or hyperspectral data (as e.g. in Einzmann et al.
(2021) or Hellwig et al. (2021)). Moreover, the semantic
enrichment and computation of Sentinel-2 derivates can be
executed in a highly automated and efficient manner, allow-
ing for quick and easy implementation of this approach in
operational settings.

Finally, the spectral categories resulting from the seman-
tic enrichment allow for computing a reliable coniferous
mask, representing the forest type targeted by bark beetles.
Although the coniferous mask does not claim to enhance
detection per se, it still helps to narrow down the potentially
infested pixels and thus increases the computational effi-
ciency of the rule set. Despite a more detailed forest dataset
at the species level might improve the results, such a dataset
is often not available, which restricts the application in data-
poor regions. Given that most other studies (amongst others
Abdullah et al. (2019b), Barta et al. (2021) and Huo et al.
(2021)) make use of very detailed forest stand delineation
or even species compositions maps, our approach’s accuracy
can be deemed satisfactory.

With these advantages in mind, we want to emphasize
several factors important to consider when applying this
method. First, the workflow relies on alterations in SIAM™
spectral categories. Undoubtedly, the semantic enrichment
can only indicate changes that are related to the spectral
behaviour of vegetation and does not incorporate sophis-
ticated concepts of biophysical or biochemical changes.
Therefore, the term green-attack may be somewhat mislead-
ing here, which is why we used the term early detection in
this study. Moreover, bark beetle attacks are a continuous
process, meaning that various environmental factors drive
this particular ecosystem dynamic in time and space (Barta
et al. 2021), which further impedes the reliable detection
and evaluation. That said, the temporal accuracy assessment
should only be considered as a first indicator but should
not be over-interpreted. The fairly wide-scattering of +3
weeks from the day of ground truth recording is assumed
to be mainly related to the number of satellite scenes per
month and thus to data availability. Earlier detection com-
pared to ground truth data might indicate previously acting
stressors like drought or nutrient deficiency which leads to
reduced tree vitality. Another influencing factor is certainly
the interval of the ground surveys. Within the study site,
the areas of the bark beetle management zone are walked
every 4 weeks by field workers. The relatively large interval
might lead to biases of the temporal accuracy assessment
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(in both directions). This depends primarily on how well
the acquisition date of the Sentinel-2 data matches the field
data recording.

From a spatial perspective, the high error of commis-
sion (39%) at the plot level in the spatial accuracy assess-
ment might be attributed to the relatively early image flight
campaign (early September), to which the grey-attack
machine learning approach is applied to and from which
the grey-attack reference dataset results. Especially from
July onwards, the accuracy assessment is subject to uncer-
tainties, as it is highly likely that trees will not have discol-
oured when reference data was acquired and thus will not
be detected by the grey-attack algorithm, even if these trees
are infested. All pixels classified as early infested from July
and later, but not appearing in the grey-attack dataset, would
thus require re-analysis with data from subsequent years.
Moreover, field recording of early infestation is not always
“obvious”, meaning that even field sights are error-prone.
Thus, the absence of reference data on a spot classified as
early infested does not necessarily indicate an error of omis-
sion, but may equally be due to difficulty in locating infested
spruce trees, especially in a challenging terrain such as in the
Berchtesgaden National Park.

In addition, indices used as proxies need to be viewed
critically, regardless of whether they are multi-dimensional
indices such as the Tasseled Cap components or uni-dimen-
sional indices. The “lack of confidence” is attributable to
the difficult understanding and interpretation of them. Of
course, they indicate processes like a decrease in the water
availability. However, they also reflect atmospheric and
landscape variations that are hard to filter out or to map to
fixed points on the index scale (Moffiet et al. 2006). Hence,
there is no guarantee that these proxies actually represent
what they are intended to be used for and their information
content is therefore limited. The double check with repre-
sentative STAM™ candidate pixels tries to counteract this
with a ‘convergence of evidence’ strategy, but a reliable and
space-based determination of the water or chlorophyll con-
tent of trees is not yet possible via satellite remote sensing
(Van Leeuwen and Orr 2006). These uncertainties are also
reflected in the high error of commission in the SVI-only
model and in the mismatch between the spectral separabil-
ity and the accuracy of the RF model of SVIs, which we
discuss in more detail in chapter 4.2. That said, approaches
incorporating SVIs or any other proxies for biochemical
and biophysical changes in the canopy are subject to uncer-
tainties whose investigation is still not fully explored. Even
though the use of indices has proven its great potential over
decades and in a variety of application (Huo et al. 2020,
2021; Immitzer and Atzberger 2014; Kefalas et al. 2018;
Potterf et al. 2015), one should be aware of the ambiguities
associated with the use of SVIs.
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Regarding our assessment of feature importance of SVIs
using RF, we found strong fluctuations of accuracy and OOB
error for some epochs. The results suggested low accuracy
and hence high OOB errors for the epoch March—April and
September—October, which indicates a less reliable deter-
mination of feature importance in these months. The low
accuracy might be attributable to the use of best-available-
pixel-composites in March and October for deriving SVIs.

4.2 Impact of Early Infestation on Spectral Features

The results of the spectral separability between pixels classi-
fied as healthy and early infested for the entire year (Fig. 8)
revealed best separability for the NIR and SWIR range of
the EM spectrum. Both, bands and SVIs showed varying
sensitivity for differentiating between pixels classified as
early infested and healthy in the course of the year. Whilst
the SWIR bands uncovered consistently good separability
(see Table 4) in the early months of the year, the NIR bands
became increasingly important from June onwards. The
SWIR ranges are particularly useful in detecting changes
in leaf water content, which can be an early indicator of
tree stress (Bowman 1989). During infestation, bark beetles
bore into the bark and create galleries in the phloem tis-
sue, which is responsible for transporting sugars and other
nutrients throughout the tree. As a result, the tree's ability
to transport water and nutrients is compromised, leading
to changes in its physiological and biochemical properties.
Besides damaging the phloem, bark beetles also introduce
a fungus into the tree, which can further damage the vascu-
lar system. The fungus can cause discoloration and decay
of the wood, which leads to a reduced structural integrity
of the tree (Ayres and Lombardero 2000). These changes
can be detected by analyzing the reflectance spectra of the
tree in the SWIR range, which is sensitive to changes in the
water content and biochemical composition of plant tissues.
The reflectance spectra of infested trees show a decrease in
water content and an increase in the absorption of light by
organic compounds such as lignin and tannins (Abdullah
et al. 2019b; Raffa et al. 2008). As the year progresses, the
relevance of the NIR ranges in detecting the physiological
changes caused by bark beetle infestation increased. One
common response of trees to bark beetle attacks is a reduc-
tion in photosynthetic activity, which can cause a decrease
in NIR reflectance (Coops et al. 2009). Additionally, the
disruption of the flow of sap and water through the tree lead
to changes in the structure of the bark and tissues. These
changes can affect the interaction between NIR radiation
and the tree, leading to alterations in the reflectance signal
that can be detected by remote sensing instruments (Raffa
et al. 2008).

Regarding the SVIs, DSWI showed by far the high-
est potential for separability, independent from time (see

Table 4). The other two water stress-related indices (NDWI
and TCW) revealed less clear temporal patterns, yet they
still proved medium to high separability for most of the
time steps observed as shown by the t-test. The separability
of spectral bands may not be reflected in SVIs (e.g. water
stress-related indices are assumed to be related to SWIR-1/2)
due to band aggregation and offsetting with other bands (see
Table 2). The DSWI, for example, includes NIR, green and
red in addition to SWIR, and the NDWI includes green and
NIR.

The partially observable mismatch between the accuracy
of the RF model for determining feature importance for
some epochs (e.g. April 23rd, May 8th and June 12th) and
the nevertheless high separability in the SWIR range (Fig. 9)
can be attributed to the potential information loss when
aggregating spectral values to a scalar variable (SVIs). In the
specific case of May 8th and June 12th, it appears that rel-
evant information carried by certain wavelength regions was
lost when computing according water stress-related SVIs.
The apparently good spectral separability of the classes early
infested and healthy in April (see Fig. 9), especially in the
SWIR ranges might additionally be driven by the use of sat-
ellite composites. That said, it is rather unlikely that enough
trees are already infested between March and April, leading
to such a clear signal as it is the case here. The recorded
mean daily temperatures of 12.8 °C at 1000 m and 11.1 °C
at 1400 m during April, as obtained from two weather sta-
tions in the national park, confirmed our assumption. These
temperatures were below the 16.5 °C threshold required for
bark beetle swarm activity (Wermelinger 2004). Besides the
use of best-available-pixel composites which might intro-
duce some bias, it is cloud (and partly snow) coverage, that
affects the separability between pixels classified as healthy
and early infested.

Referring to chlorophyll- and cell structure-related indi-
ces, NDI45 showed good separability in May and June,
whilst NDRE3 and NGRDI exposed higher separability
in the further course of the year. The overall clearer and
stronger signal of the SWIR bands and the water stress
dependent indices in terms of separability of pixels classi-
fied as healthy and early infested fits well with the results
in Figs. 9 and 11, which show the intra-annual differences
in the reflectance of the bands and the feature importance
of the individual indices. For most time steps, the variation
of SWIR reflectance was smaller than for the NIR bands
(Fig. 9) and feature importance of water stress-related indi-
ces was consistently high (Fig. 11). This corresponds with
findings in Huo et al. (2022), who found larger variations for
early infested pixels in the NIR ranges.
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4.3 Spatial and Radiometric Resolution
of Sentinel-2 Data

A common phenomenon in remote sensing of ecosystems is
the mismatch between the resolution of the sensor and the
ecological process being observed (Senf 2022). The same
applies for our study, where mixed pixels are expected due
to Sentinel-2’s spatial resolution of 10 m. Detection meth-
ods—no matter if early detection or grey-attack detection—
may come to its limit when there are pixels present that do
not purely represent spruce stands (Meddens et al. 2013).
An assessment of spectral mixture effects would require
very high resolution (VHR) data and the development of
a representative spectral library to apply a spectral unmix-
ing approach and hence to disentangle the fractional cover
types contained in one pixel (Okujeni et al. 2017). However,
further research is needed to assess the potential of spec-
tral unmixing approaches for early detection of bark beetle
infestation. Commonly, high spatial resolution is necessary
when bark beetle infestations occur at endemic levels, as
the infested areas are usually smaller, isolated patches. In
contrast, the relevance of spatial resolution decreases when
the infestation is epidemic, since the infested areas are
then mostly large, contiguous patches (Fernandez-Carrillo
et al. 2020; Kautz et al. 2011). As shown by our results, the
spatial accuracy at the pixel level is insufficient. Both the
error of omission and commission is high, at 83% and 61%,
respectively, indicating that it is not possible to make reli-
able predictions at the pixel level. This can be attributed to
the spatial resolution of Sentinel-2 data and the challenges
associated with mixed pixels. Nevertheless, when using plot-
level (defined as > =2 pixels) accuracy metrics, the accuracy
distinctively improves, highlighting the potential of freely
available medium-resolution satellite data in detecting epi-
demic bark beetle infestations.

5 Conclusion and Outlook

Our proposed method provides a novel prototypical tool to
detect forest stress caused by bark beetles leveraging spa-
tial, temporal and spectral characteristics of remotely sensed
data. The method can be considered a form of “hybrid AI”
(Gevaert 2022), i.e. combining a deductive, teaching-by-
rules approach with an inductive, learning-from-samples
method. The distinctive feature of the method is the use
of semantically enriched Sentinel-2 data via the highly
advanced, knowledge-based software STAM™ and the deri-
vation of indicator values, which contributed significantly to
the success of this study. Unlike the use of vegetation indices
alone, which aggregate spectral values to a scalar variable,
SIAM’s spectral categories consider the full feature space.
This unique research design gets along with a minimum
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number of additional data, e.g. there is no need for a detailed
species composition map or commercial high-resolution
satellite data, promoting broad application options. Further
advantages of using SIAM™ is the complete automation of
the software, which does not require any parameters from
users or samples. In addition to Sentinel-2 data, all other at
least top-of-atmosphere reflectance optical satellite data can
be potentially used as input, including VHR data exhibiting
infrared bands. Thus, the workflow can also be adapted for
other scale levels.

Results from our approach proved that especially water
stress-related indices as well as the SWIR ranges of the
EM spectrum show high sensitivity for early bark beetle
detection. Future development shall focus on building up
a samples database in order to apply more sophisticated
and self-adaptive learning algorithms, which are currently
state-of-the-art in recognition performance. This allows
also to run the tool in real-time, i.e. without a priori data
(here the grey-attack dataset). Alternatively, this approach
can be repeated for several years to derive more robust
index-specific thresholds, thus staying with a purely index-
and semantic enrichment-based method. Regardless of the
choice of the methodology, a monitoring system that detects
bark beetle infestations at an early stage makes an important
contribution both to the prevention of large-scale tree mor-
tality and to ecological research. The interaction of modern,
satellite-based technologies and the on-site knowledge of
forest experts has proven to be very beneficial and shows that
ecological field research and remote sensing-based monitor-
ing complement each other very well and profitably.
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