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Combining Multisensor Satellite Remote Sensing
Time Series to Assess Disturbances
in Central European Temperate Forests
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Abstract: Bark Beetle outbreaks are an important disturbance agent in Central European
forests, with strong impacts in recent years. Here, dense time series of Landsat, Sentinel-2,
and Sentinel-1, plus their combinations, were used to detect bark beetle infestations in the
Bavarian Forest National Park, Germany. Various processing steps were applied to all data,
and a consistent data cube was built, of which a variety of parameters were computed. The
parameters with the best ability to separate infested from healthy plots were selected for the
detection. From these, infestation probability time series were derived and classified into
infested/healthy according to increasing probability thresholds, and the respective detections
were evaluated. The results show that Sentinel-2 works best, both in terms of spatial accuracy
and an early detection. Combining Sentinel-2 and Landsat didn’t provide benefits, and
Sentinel-2 SAR data or the fusion of SAR and multispectral data performed worse. The results
of this study have important implications for forest monitoring and management.

1 Introduction

Temperate forests are a major part of the biosphere, hosts of biodiversity, and an important
component of land-atmosphere interactions. If healthy and intact, they serve as net carbon sinks,
and thus are a key asset in the mitigation of climate change. Besides, they provide a variety of
ecosystem services to humankind, including the provision of goods such as timber, regulating
effects like the protection against erosion, or cultural services such as the potential for recreation
(BROCKERHOFF et al. 2017). Natural disturbances are crucial for the dynamics of temperate forest
ecosystems. This includes both abiotic (e.g. windthrow, drought) and biotic disturbances (e.g
insect outbreaks, pathogens). By changing the structure, composition, and function of forests, they
facilitate succession, renewal, and reorganization. Thus, they contribute to forest heterogeneity,
biodiversity, and resilience (SEIDL et al. 2017). In recent decades, disturbance regimes have
changed around the globe, whereby many of these changes can be attributed to climate change.
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Likewise, further shifts in forest disturbance regimes are to be expected under further warming
climate, potentially resulting in so-called “megadisturbances” which may alter temperate forest
ecosystems beyond their resilience (MILLAR & STEPHENSON 2015; SEIDL et al. 2017).

Outbreaks of bark beetles are one of the most important disturbance agents in temperate forests.
These insects reproduce under the bark of their host trees. By feeding on the tree’s phloem, i.e. the
living tissue under the bark, many bark beetle species disrupt water and nutrient transport and
consequently kill their host tree (HLASNY et al. 2021). In Central Europe, the bark beetle species
whose outbreaks have historically caused the most widespread consequences is the European
Spruce Bark Beetle (Ips Typographus L.). In recent years, facilitated by a series of hot and dry
summers and past forest practice resulting in widespread old-growth Norway Spruce (Picea abies
L.), i.e. the main host tree of the European Spruce Bark Beetle, Central Europe has experienced
bark beetle-induced tree mortality levels beyond any historical level. For example, 16 % of all
spruce growing stock have been subject to die-off between 2018 in 2020 in Germany alone
(BUNDESMINISTERIUM FUR ERNAHRUNG UND LANDWIRTSCHAFT 2021).

Satellite remote sensing has been proven to be a highly valuable tool in the monitoring of forest
disturbances, very much including bark beetle infestations (SENF et al. 2017). Bark beetle
disturbances happen in three distinct stages: during the green attack phase, the tree foliage does
not visibly change. This changes in the second, i.e. red attack phase: as the die-off of the tree
proceeds, its needles first turn yellow and then proceed to a red color. As time progresses, the tree
starts to lose its needles and the tree bark slowly starts to detach. This constitutes the grey attack
phase. The detection of dead trees in the grey attack phase is relatively easy using satellite imagery
(WULDER et al. 2006). However, the early detection of infested trees at the beginning of the red
attack or even in the green attack phase is more challenging while at the same time very important,
because in managed forests, infested trees should be logged and removed quickly to prevent further
spread. Bark beetle infestations induce physiological changes in a tree, including loss of water and
chlorophyll content in the needles, but these changes induce only subtle shifts in the reflectance,
at least in the beginning of an infestation (ABDULLAH et al. 2018). A variety of approaches exist
for the detection of bark beetle infestations. Many of these relied on multispectral data, e.g. from
Landsat and Sentinel-2 (ABDULLAH et al. 2019; BARTA et al. 2021; HAIS & KUCERA 2008; MEIGS
etal. 2011). SAR imagery from sensors such as Sentinel-1 or TerraSAR-X has only seldomly been
applied (HOLLAUS & VREUGDENHIL 2019). In addition, approaches using high time series density
have not frequently been applied (BARTA et al. 2021; HuoO et al. 2021), even though a high
observation density is beneficial to ensure an early detection of bark beetle infestations (SENF et
al. 2017). The same holds true for the combination of different kinds of data to increase the density
of applied time series, which is especially important for forestry applications in cloud-poor regions
(REICHE et al. 2018). This study tries to close these gaps by using full time series of multiple
satellites. Its goal is to assess how well data of different sensors, as well as their combinations, can
be used to detect bark beetle infestations. This refers to both the spatial accuracy of detection as
well as the date on which a detection happens. Assessing the capabilities of dense time series as
well as such derived from multiple satellites is crucial for a potential future development of large-
scale near-realtime bark beetle infestation monitoring systems.
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2 Data and Methods

21 Study Area

The Bavarian Forest National Park in Southeastern Germany served as a study area for the
approach. Founded in 1970, Germany’s oldest National Park comprises an area of ca. 250 km?.
The park is located at altitudes between 600 and 1450 m and largely dominated by coniferous
forests (HEURICH et al. 2010). Mostly characterized by old-groth Norway, the park has strongly
been affected by disturbances of the European Spruce Bark Beetle. In the park’s core zone, infested
trees are not cleared, which enables the longterm monitoring of bark beetle outbreaks (LATIFI et
al. 2021). Yearly infested areas in the park have been documented in a spatially explicit manner
based on aerial imagery since 1988 (HEURICH et al. 2010). This is a unique dataset that served as
a reference dataset for this study.

a b 1000
49.10°N i
£, 750
49.05°N ®©
2
49.00°N S 500
9
48.95°N o
(0]
::: b I ||II
48.90°N I I I
13.2°E 13.3°E 13.4°E 13.5°E 1990 2000 2010 2020

Year

_-L

ar Removal left removed
1990 2000 2010 2020 . .

Fig. 1:  Overview of bark beetle disturbances in the Bavarian Forest National Park. a) shows a map of
all disturbances in the National Park since the 1980s. b) is a summary of the total area infested
per year

2.2 Satellite Data

The following satellite data was used: the Landsat satellite family, providing data since 1982 with
a spatial resolution of 30 m, as well as Sentinel-2, providing data since 2015 with a spatial
resolution of 10 to 20 m, were used as sources of multispectral imagery, whereby Landsat has a
repeat interval of 16 days, and Sentinel-2 offers a three-day revisit. Sentinel-1 was included as
well, delivering SAR data with a spatial resolution of approximately 10 m and a revisit of six days.
In total, 3177 multispectral and 1081 SAR images were used.
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2.3 Methods

2.3.1 Data Processing

Since one major goal of this study was to compare and combine multiple kinds of satellite data, a
first important step was the generation of analysis-ready data (ARD) to ensure that all data can be
used in conjunction. Therefore, extensive processing steps were applied to both the multispectral
and the SAR data. Landsat and Sentinel-2, besides their differences regarding spatial and temporal
resolution, are spectrally similar and can hence be regarded as a “virtual constellation” (WULDER
et al. 2015). If appropriate processing steps are applied, data from both satellites can be used in
conjunction. Here, the Framework for Operational Radiometric Correction for Environmental
monitoring (FORCE) was used to ensure this appropriate processing (FRANTZ 2019). FORCE
applies a consistent processing scheme to both Landsat and Sentinel-2 (FRANTZ et al. 2016). This
includes the radiometric correction and harmonization of the data as well as the generation of
quality flags to remove pixels covered by clouds, cloud shadows, snow, etc. Thereby, the software
uses a modified version of the popular Fmask algorithm (ZHU & WooDCOCK 2012) that considers
parallax effects in the Sentinel-2 imagery to overcome the lack of a thermal band of this satellite
(FrRANTZ et al. 2018). Using the same software, the spatial characteristics of both types of data
were aligned, i.e. all data were projected into one common coordinate system, resampled to the
same resolution of 10 m, and subdivided into tiles of 30 x 30 km. As the study area fits in one of
these tiles, all other tiles were disregarded to reduce data volume.

Likewise, Sentinel-1 was processed extensively as well data as well, whereby the majority of
processing was performed on the Google Earth Engine cloud processing platform (GORELICK et
al. 2017). The Sentinel-1 GRD imagery available on this platform is already preprocessed,
including thermal noise removal, radiometric calibration, and terrain correction. This data was
further processed using one consistent workflow (MULLISSA et al. 2021). Specifically, a border
noise correction was applied, as well as a multitemporal Quegan speckle filter. To account for
terrain and use both ascending and descending Sentinel-1 orbits in conjunction, radiometric terrain
flattening was applied as well (VOLLRATH et al. 2020). The processed data was exported from
Google Earth Engine, and using the FORCE software again, its spatial characteristics were aligned
with Landsat and Sentinel-2. Thereby one consistent data cube of all available Landsat, Sentinel-
2, and Sentinel-1 images, with a spatial resolution of 10 m, was created. A total of 25 parameters
were computed from this data, including 10 “traditional” vegetation indices, 11 indices based on
Sentinel 2’s red edge channels, and 4 SAR parameters from Sentinel-1. An overview of the
parameters is listed in Table 1. To remove seasonal fluctuations and noise from the data, every
time series of every index in every pixel were smoothed using locally estimated Scatterplot
Smoothing (LOESS) models. LOESS is an implementation of local regression (HASTIE et al.
2009).

2.3.2 Sampling and Class Separability Assessment

The fitting of the detection algorithm implemented in this study requires data representing both
healthy and disturbed forests. This data was gathered with the reference dataset mentioned above.
Yearly median composites for the years 2014 to 2018 were computed for all 25 parameters, and
these were sampled according to the following strategy: to gain data representing disturbed forests,
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these composites were sampled with the reference data of the previous year. Vice-versa,
composites were sampled with the reference data of two years afterwards to gain data representing
healthy forests. E.g. the median composite of 2017 was sampled with areas that were subject to
bark beetle infestations in the year before to ensure that the sampled values definitely represent
infested forests. The same composite was also sampled with areas that were infested in 2019 based
on the assumption that forests infested in this year had still been healthy in 2017. To assess which
of the 25 parameters separate healthy and infested forests best, the Jeffries-Matusita (JM) distance
was computed for any of them. This measure has a finite range of 0 to 2, with 0 indicating complete
inseparability and 2 indicating full separability (LALIBERTE et al. 2012). The multispectral
parameter vl and SAR parameter v2 with the highest separability, respectively, were selected for
further analysis.

2.3.3 Disturbance Detection

Disturbances were detected for all pixels that were subject to bark beetle infestations in 2019 as
well as an equal number of pixels that were known to be still healthy during this year. To detect
disturbances, a Bayesian approach was applied (REICHE et al. 2018, 2015). From the distributions
of the sampled values for the two best-performing variables, Gaussian probability density
functions were computed, and the probability densities p(v1|H) and p(v2|H) that a pixel belongs
to a healthy forest as well as densities p(v1|I) and p(v2|I) that it belongs to an infested forest
were computed. From these, the conditional probability of an infestation could be derived using
Bayes’ theorem (MCELREATH 2020), assuming equal priors for healthy and infested:

p(v1|I)
p(W1 D) + p(vl|H)

where t is the date in the time series of a given satellite observation (REICHE et al. 2015).
Analogously, the parameter time series of both selected variables for every pixel were transformed
into infestation probability time series. This procedure is illustrated for one example pixel in Fig.
2. The detection itself was performed by binarily classifying the time series into healthy and
infested using 100 increasing probability thresholds between 0.01 and 1. Thereby, the detection
capabilities of five different sensor configurations were examined:

e Multispectral, i.e. all observations of P(I|v1,).

e Landsat, i.e. P(I|v1;) with a subset of t corresponding to the Landsat observation dates.

e Sentinel-2, i.e. P(I|v1,) with a subset of t representing the Sentinel-2 observation dates.

e Sentinel-1, i.e. all observations of P(I|v2;).

e Fused, i.e. P(I|vl;) and P(I|v2;) combined, arranged by t.

P(Ivl,) = forteT, (1)

By comparison to areas in the national park that were still healthy and pixels that were infested in
2019, the spatial accuracy of detections was assessed. If a pixel was detected as infested under a
given threshold, the date of the satellite observation during which the detection occurred was
recorded. Infestations that were recorded before April 1%, 2019 (the approximate beginning of the
bark beetle season) were regarded as false detections and consequently not counted. The same
holds true for observations detected later than September 30", 2020 (one year after the approximate
end of the bark beetle season in 2019). Besides, to increase confidence in the results, only
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detections were counted that were confirmed by two additional observations that were higher than
the applied threshold. The overall spatial accuracies, omission and commission error of the infested
class, and summary statistics on the detection date were computed.
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Fig. 2: lllustration of the derivation of infestation probabilities for one random example pixel infested in
2019, for the Multispectral sensor configuration. a) the original NBR time series. Colors indicate
the satellite of the respective observation, the black line is the LOESS-smoothed time series. b)
the derived healthy probabilities, c) the derived infested probabilities, d) conditional probabilities
of an infestation

3 Results and Discussion

Fig. 3 depicts the results of the class separability according to the JM distance. The Normalized
Difference Burn Ratio (NBR) was the parameter with the highest separability, scoring a Jeffries-
Matusita Distance of 1.6 on a scale of 0 to 2. In general, the NBR and other vegetation indices that
incorporate the Landsat/Sentinel-2 Shortwave Infrared (SWIR) bands, i.e. the Normalized
Difference Moisture Index (NDM) and Normalized Difference Tillage Index, achieved the best
results, as did some Sentinel-2 red-edge indices. This is in line with existing literature documenting
the sensitivity of SWIR bands of Landsat and Sentinel-2, as well as the red edge region of the
electromagnetic spectrum, to physiological changes in trees induced by bark beetle disturbances
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(ABDULLAH et al. 2018; GOODWIN et al. 2008; MEIGS et al. 2011). Other parameters performed
considerably worse, especially the SAR-based metrics, all of which achieved JM distance values
below 0.5. Thereby, the VV band offered the relative highest separability (Jeffries-Matusita
Distance of 0.3) of all four SAR parameters. According to the methodology described above, the
NBR and the VV backscatter were selected as v1 and v2 for the detection.
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Fig. 3:  Jeffries-Matusita Distance for all 25 computed parameters. Colors represent the origin of the
parameter

Fig. 4 shows the overall spatial accuracies of the five different sensor configurations, depending
on the applied thresholds, together with the corresponding omission and commission errors. Here,
Sentinel-2 achieved the best results, with a maximum overall accuracy of 0.86 at a probability
threshold of 0.9. Landsat and the combination of Landsat and Sentinel-2 achieved somewhat
inferior results, whereby both sensor configurations are highly similar. The commission errors for
Sentinel-2 are slightly higher, but this is more than compensated by the lower omission errors,
making Sentinel-2 the best-performing sensor configuration. Sentinel-1 and the combination of all
sensors by comparison perform much worse. While the maximum overall accuracies of the all-
sensor configuration are still relatively good for some of the thresholds, Sentinel-1 only barely
reaches a maximum overall accuracy of 0.55, and for lower probability thresholds, the overall
accuracy is 0.5 (i.e. as good as a random classifier). This is the case because — while commission
errors are comparably low, the omission errors are very high, i.e. 100 % for thresholds < 0.25. This
means that in general, very few disturbances are detected at all by both sensor configurations.
Since the better-performing multispectral data is included as well, the fusion configuration based
on all datasets exhibits somewhat lower omission errors at least for thresholds > 0.5
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Fig. 4: Overall accuracies (top) as well as omission (center) and commission errors (bottom) for the
infested class, according to the applied probability threshold. Colors represent the five sensor
configurations

If the date of detection is compared between Landsat, Sentinel-2, and their combination for the
respective threshold of highest spatial accuracy (Fig. 5), Sentinel-2 is at an advantage here as well.
The median detection date of Sentinel-2 is nearly 1 month earlier compared to Landsat and the
combination of both, whereby the two latter sensor configurations achieve very similar results
once again. A detailed assessment of the time it takes from an infestation in the field to be detected
by the applied satellite configurations was not possible, because the reference dataset only
documents the year of an infestation, but not the infestation date at a sub-annual level. Yet, the fact
that Sentinel-2 on average detects the same infestations one month earlier than Landsat or the
combination of both leads to the conclusion that Sentinel-2 is indeed better equipped for an early
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detection. The approach developed here allows for the choice of a threshold that suits user needs:
if a lower threshold is applied, earlier detections are possible, at the price of higher errors, whereby
the commission errors are generally very low and with Sentinel-2, omission errors are low as well
even with relatively low thresholds (e.g. 0.25). If very high spatial accuracies (> 0.8) are the goal,
e.g. for detailed damage inventories, higher probability thresholds can be applied, even though this
leads to disturbances being detected later.
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Fig. 5: Detection Dates of all pixels infested in 2017 according to the reference data. Top: Landsat and
Sentinel-2 combined, center: Landsat only, bottom: Sentinel-2 only. Dashed lines represent
mean detection dates

The overall good performance of Sentinel-2 can be attributed to its relatively high spatial,
temporal, and spectral resolution, confirming the high potential that this satellite has for forestry
applications. With similar spectral characteristics, Landsat achieves somewhat inferior results
probably due to its lower spatial and temporal resolution, which also impacted the combination of
both. The worse performance of the two configurations that included SAR data are likely a result
of the suboptimal suitability of Sentinel-1 due to its C-band radiation not being able to penetrate
forest canopy, as well as topographic and speckle effects that were not fully removed. This
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however is a result of the approach applied here, relying on the automated processing of a large
number of images. Possibly, more elaborate processing of fewer Sentinel-1 images and the tryout
of different speckle filters may improve its results in the future.

4 Conclusion

This study utilized full time series of Landsat, Sentinel-2, and Sentinel-1 as well as a combination
of multispectral and SAR data to detect forest disturbances induced by bark beetle infestations in
the Bavarian Forest National Park, Germany. As elaborated in the results, all multispectral sensor
configurations produced sensible results, with Sentinel-2 as the best-equipped satellite for the
detection of bark beetle disturbances in terms of both time and space. The combination of Landsat
and Sentinel-2 provided good results but is not necessary as it yields no advantage over applying
Sentinel-2 alone. By comparison, using SAR data did not provide meaningful results, and neither
did the combination of SAR and multispectral data. With the approach developed here, different
probability thresholds can be applied for the detection, allowing potential users of an operational
monitoring based on this approach to decide whether the goal is to detect infested trees very early
(i.e. in Near-Realtime) or if a highly accurate inventory of disturbances is the goal. This is a key
advantage of a potential monitoring tool based on this study. To conclude, the results of this study
gave important insights about the usage of satellite data in the detection of bark beetle infestations.
This is an important step in a better monitoring of these disturbances in Central Europe.
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