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Abstract: The prolonged drought of recent years combined with the steadily increasing bark beetle
infestation (Ips typographus) is causing enormous damage in Germany’s spruce forests. This prelim-
inary study investigates whether early spruce infestation by the bark beetle (green attack) can be
detected using indices based on airborne spatial high-resolution (0.3 m) hyperspectral data and field
spectrometer measurements. In particular, a new hyperspectral index based on airborne data has
been defined and compared with other common indices for bark beetle detection. It shows a very
high overall accuracy (OAA = 98.84%) when validated with field data. Field measurements and a
long-term validation in a second study area serve the validation of the robustness and transferability
of the index to other areas. In comparison with commonly used indices, the defined index has
the ability to detect a larger proportion of infested spruces in the green attack phase (60% against
20% for commonly used indices). This index confirms the high potential of the red-edge domain
to distinguish infested spruces at an early stage. Overall, our index has great potential for forest
preservation strategies aimed at the detection of infested spruces in order to mitigate the outbreaks.

Keywords: bark beetle infestation; green attack detection; temperate forest; hyperspectral indices;
field spectrometer measurements

1. Introduction
1.1. Motivation

Bark beetle infestation is one of the main plagues of spruce forests. In Germany, recent
years were characterized by long lasting drought and high temperatures, which facilitated
the spreading of bark beetles. Spruce is the dominant tree species in the Free State of
Thuringia, Germany, covering almost 40% of the forest area. In 2020, the high dynamics
of the development of the spruce bark beetle has continued, even though precipitations
increased between 2018 and 2020 (the yearly precipitation deficit compared to the reference
period 1961–1990 decreased from 27% to 6%) [1]. The amount of damaged wood has
increased in 2020 to 2.9 million cubic meters, and is around 25% above the total volume
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of 2019 (2.3 million m3) [2]. The duration of the bark beetle attacks and their impact
on trees is characterized by several phases [3–7]. Three main phases named after the
corresponding coloration of the tree are distinguished: the “green attack” corresponds to
the first stage of the attack, whereby the tree is already infested but the needles remain
visually intact. A subsequent discoloration of the needles can be observed (“red attack”)
in the second stage [4,7], until the needles fall completely off the tree (third stage, “grey
attack”). The green attack usually lasts several weeks, depending on the region. In the
Free State of Thuringia, the green attack has been observed by ThüringenForst to take
6–10 weeks. The removal of infested trees should happen before the emergence of the next
bark beetle generation. The early detection of the infested trees during the green attack
phase is therefore the basis for a sustainable reduction in the damaged timber volumes
caused by the spruce bark beetles. The infestation of spruces is accompanied by changed
sap flows and nutrient content of the trees [4–6] that have an influence on their spectral
characteristics [3,7]. So far, infested trees have been identified too late to be removed in a
timely manner [8]. Therefore, new methods are needed for detecting infested trees during
the earlier phase of the infestation, i.e., the green attack. Especially, small scale spectral
variations can be expected in the tree crown as bark beetle attack the nutrient supply of
the trees during the green attack. The approach presented here aims to analyze the small
spectral variations in the tree crown using hyperspectral airborne data for detecting bark
beetle green attack.

1.2. State-of-the-Art

Forest protection includes the diagnosis and monitoring of forest damages caused by
pests. Great attention is drawn to the bark beetles early detection, as it is foreseen that the
damages induced by those insects will increase as a consequence of climate change [9]. In
Europe, timber damages on spruce caused by insect infestations are most of all induced
by the European spruce bark beetle (Ips typographus) [10]. Bark beetles mainly attack trees
that are weakened, e.g., through environmental stress [11,12]. So far, no methods exist with
which these newly infested trees can be timely identified in the green attack phase.

Currently, the identification of the infested trees is carried out by visual examination of
the individual trees [13,14] or monitoring techniques, such as pheromone beetle traps [15]
or trap trees [16]. However, due to the increasing size of damaged areas, ground-based
monitoring methods cause a lag of sufficiency. Therefore, there is a great interest in the
development of timely and cost-effective monitoring approaches using remote sensing (RS)
methods, from close- (e.g., unmanned aerial vehicles (UAV)) to far-range (e.g., satellites), in
order to reduce the terrestrial control efforts in the forest management.

Up to now, RS techniques have been used successfully for mapping the later stages of
the spruce bark beetle infestation, i.e., “red attack” and “gray attack”, which correspond to
phases after the bark beetles have left the host tree and caused its dieback [17].

RS sensors can measure changes in forest traits, including (i) biophysical and biochem-
ical, (ii) functional, (iii) structural and geometrical characteristics of vegetation through the
use of hyperspectral and thermal infrared (TIR) sensors [18]. Several approaches observe
variations in the composition and proportion of photosynthetically-active pigments, such
as chlorophyll A and B, xanthophyll and vegetation greenness [19], water content [20]
and tree structure [21]. Suitable spectral characteristics and indicators for the detection
of infested trees were found in the chlorophyll absorption spectral range from 450 to
890 nm [22], and in particular the red-edge range from 680 to 750 nm [23], as well as in
the water absorption spectral range short wavelength infrared (SWIR) region from 1400
to 1800 nm [23,24]. Especially, hyperspectral data are recommended to be applied for the
detection of changes in foliar biochemical concentrations [23,25–27]. Thermal infrared
data have also proven reliable for mapping spruce bark beetle infestation at the green
attack phase, as infested trees show higher emissivity than healthy trees [28,29]. More-
over, changes in forest structure corresponding to these phases can be mapped using the
close-range, air- and spaceborne RS techniques [14,17,20,21,30–35].
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So far, the most accurate methods for mapping bark beetle infestation based on
multispectral and hyperspectral data still show less than 70% overall accuracy [22,23]. The
spatial, spectral and temporal resolution of the data is hereby a crucial factor for accurate
identification of bark beetle outbreaks [22,36].

Recent approaches show that attacked trees have spectral characteristics correspond-
ing to stress already before infestation and that those differences remain during the at-
tack [37]. As bark beetle preferably infest already weakened trees, it cannot be excluded
that the observable difference in spectral characteristics between healthy and attacked
trees already exist before the infestation [6]. Therefore, it can be difficult to distinguish
the particular changes occurring in the spectral characteristics during the green attack
phase from the one already existing before infestation, which is why observations over the
whole vegetation season are recommended [37]. While such observations are feasible with
satellite data, comparable surveys are more difficult to implement for UAVs or airborne ve-
hicles, due to the required acquisition planning. However, few companies already provide
early infestation software, based on multispectral and UAV data [8]. This software often
generates over classification of infested trees. In contrast to this, investigations of green
attack phases using satellite data often show discrepancies that are related to the mixed
information due to the large pixel size [7,37,38].

Huo et al. [37] provide an exhaustive overview of existing RS methods for the detec-
tion of green attacks, including information about the considered temporal and spatial
resolution as well as relevant bands for the detection. Only few approaches have investi-
gated hyperspectral data [10,22]. One approach focuses principally on the calculation of
several vegetation stress indices using a shorter wavelength in the visible green and red
domain, while the other approach additionally considers red-edge and SWIR bands for
feature selection in a support vector machine. With both approaches, the detection of the
green attack phase was not possible, probably due to the resolution of the airborne data,
which was larger at 4 m and 5 m, respectively.

Näsi et al. [39] developed an approach for the classification of single trees based on
UAV acquired hyperspectral and multispectral data. Besides the detection of individual
trees based on the UAV acquisitions and additional airborne laser scanning data, the
authors defined several indices based on red-edge bands that proved to be helpful for the
identification of infested trees.

1.3. Scope of This Study

In this preliminary study, we present an approach for detecting the green attack phase
using high resolution airborne hyperspectral data acquired from a gyrocopter. Parallel
field spectrometer acquisitions serve as reference for the analysis of the data.

In particular, the following research questions are addressed:

• Is it possible to record early spruce infestation with a high accuracy of estimation
using high resolution hyperspectral RS data?

• Can particular hyperspectral indices be defined that detect and record early infestation
phases, and can those be transferred on other study sites?

• Is it possible to combine field spectrometer measurements and airborne hyperspectral
measurements for the detection of early infestation?

The novelty of this study is in particular the combined analysis of hyperspectral data
with field spectrometer measurements as well as the definition of new spectral indices
in the red-edge domain of the electromagnetic spectrum for the detection of the green
attack phase. In addition, the index with the highest accuracy with regard to green attack
detection is validated at another study site.

The goal of this preliminary study is to lay the path for the creation of a systematic
and integrated approach for early detection of bark beetle pest and its monitoring, con-
sidering RS data at different times and levels of acquisition with sufficient spatial and
temporal accuracy.
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This paper is constructed as follows: After providing an overview of the study area
and the different acquisition systems Section 2 presents the implemented methodology for
our approach. The obtained results for green attack detection based on field and airborne
hyperspectral data are presented and validated in Section 3, and discussed in Section 4.
Section 5 gives a conclusion and sketches possible further development and synergies.

2. Materials and Methods

This section describes the study areas, data collection and types of data. In addition,
the data preprocessing and the defined indices are explained. Finally, the classification
approach for green attack detection, including validation, is presented.

2.1. Study Area

In this work, we considered two study areas, the first one for the implementation
of our methodology and the second one for testing its transferability and evaluating
its robustness.

The first study area (50◦50′42”N, 11◦40′39”E) is situated in the Free State of Thuringia
(Germany), near the city of Jena (see Figure 1). The area covers approximately 4000 m2 of
a forest situated in the catchment of the Roda river. The area of interest is dominated by
deciduous and spruce trees.

Figure 1. First study area with location of sample spruces within a mixed deciduous and spruce forest (8 July 2019). To
the west of the infested Tree 1 (“green attack”), there are infested trees with a “brown crown”, visible from the brown
discoloration of the tree crown. Infestation stages of the spruces are shown in Table 1.

The study area is located at 260 m above sea level and is covered by sparse, small
shrubs (about 20 cm high), but no dead vegetation. The spruce trees, labeled as T1, T2
and T3, were investigated in more detail with field measurements. The spruces in the
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study area are about 30–40 m high (T1 ≈ 32 m, T2 ≈ 38 m, T3 ≈ 35 m) and approximately
70–100 years old. The crown diameter is about 3–8 m with an average of 5 m (T1 ≈ 4 m,
T2 ≈ 7 m, T3 ≈ 5 m). More details on the collection of the samples from these trees and
their labeling are provided in Section 2.2.1.

Table 1. State of the sampled trees (T = trees). Two spruces are healthy (T2, T3), two are infested in
an early stage (green attack) (T1, T4) and one is infested in a late stage (brown crown) (T5).

Tree
Number Condition Study

Area

Acquisition Date
HySpex

(Airborne)

Logging
Date

Acquisition
Date FS3

(Field)

T1 infested (green attack) 1 08/07/2019 09/07/2019 10/07/2019
T2 healthy 1 08/07/2019 10/07/2019 10/07/2019
T3 healthy 1 08/07/2019 10/07/2019 10/07/2019
T4 infested (green attack) 2 08/07/2019 10/07/2019 10/07/2019
T5 infested (brown crown) 1 08/07/2019 09/07/2019 10/07/2019

The second study area (50◦48′50”N, 11◦41′45”E) is about 4 km south of the first one
and covers approximately 3500 m2 (see Figure 2). As in the first study area, deciduous and
spruce trees are the dominating species. The study area is located at about 340 m above
sea level and the spruces there are much younger (about 50–70 years) than those in the
first study area. Consequently, the tree height (20–30 m) and the crown diameter (2–7 m,
average ≈ 4 m) are also lower.

Figure 2. Second study area within a mixed deciduous and spruce forest (8 July 2019). Infested spruces (“brown crown”),
visible from the brown discoloration of the tree crown, stand next to healthy spruces. Infestation stages of the spruces are
shown in Table 1.
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2.2. Data Acquisition and Instrumentation

The study areas were selected together with foresters and observed within two days
in early July 2019 at different infestation stages, by a combination of hyperspectral sensors—
one operated on the ground and the other in the air. On 8 July 2019, a flight campaign
using a hyperspectral HySpex camera and a thermal camera mounted onboard a gyro-
copter took place (see specifications in Section 2.2.2). Two days later, on 10 July, a field
campaign was conducted in the first study area with a field spectrometer (for more details
see Section 2.2.1). The field campaign was aimed at both mapping the positions of the
investigated trees in the green attack phase, in order to better recognize and analyze them
in the airborne data, as well as the acquisition of needle samples from those trees in order
to analyze their spectral reflectance at different tree heights and age stages. The spectral
reflectances measured in the field on three trees (T1, T2, T3) served as reference for the later
comparison with spectra of the airborne hyperspectral data. The acquisition of spectra
from needle samples of the trees was facilitated by their logging on the same day (10 July),
allowing the sampling on trees laying on the floor. The logging of the trees only happened
in study area 1. To enable a comparison with the second study area and increase the sample
size, foresters shot down a few branches of another tree (T4) in study area 2. The exact
position of T4 is unknown, since no global navigation satellite system (GNSS) measurement
has been performed in the second study area. A fifth tree (T5), situated in study area 1, had
already fallen, so its exact position was also unknown.

The acquisition of both airborne and field hyperspectral data therefore happened al-
most simultaneously, and facilitate the analysis of the green attack at different spatial scales.

2.2.1. Field Measurements
Sampling Strategies

Due to the relatively small area of interest in this preliminary study and even smaller
number of trees in the green attack phase at the time of the flight campaign, five trees were
selected for spectral analysis of their needles, four of which were situated in the first study
area and one in the second study area (see Table 1). From each tree, four needle samples
were taken, corresponding to their position in the tree and their age. Both parameters have
an important impact on the spectral signature of the needles. Thus, two needle samples
were acquired on the top of the tree (“O”; from German “oben”; see Figure 3) and two at
the bottom of the needle canopy, closest to the ground (“U”; from German “unten”). For
each canopy level, we considered each time older needle samples (“A”; from German “alt”)
and young needles (“J”; from German “jung”). From the five considered trees, two were
infested and in the green attack phase (T1 and T4), one already had a discolored tree crown
(T5) and two trees were still healthy and not infested (T2, T3; see Table 1).

The acquisition of four different needle samples per tree is justified, since the samples
may show very different spectral properties, as the upper and lower canopy is exposed
differently to the sun. Moreover, older and younger needles are characterized by different
pigmentation and spectral properties. In our case, additional reasons exist: first, the bark
beetle infestation impacts at first the lower parts of the tree before it spreads towards the top
of the crown. Second, as we want to compare the field data with RS data, it is important to
consider what is visible in the RS data, which is mostly the top of the canopy and possibly
some younger needles in the lower canopy layer.

In total, 20 needle samples were investigated (four positions for five trees).

Field Spectra Acquisition

Aiming at the detection of spectral bands that are suited for a differentiation of needles
of infested and healthy spruce trees based on their spectral properties, theoretical spectra
should be defined under laboratory conditions. Therefore, a mobile lab was set-up in a
car, allowing for a spectral sampling without external disturbance factors immediately
after the harvest of the samples (see Figure 4a). The mobile lab comprised a FieldSpec
3 spectrometer (FS3; Analytical Spectral Devices Inc., Boulder, CO, USA) combined with a
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sample turntable (Analytical Spectral Devices Inc., Boulder, CO, USA), which was placed
in a dark field cabin built of black foil that was impermeable to sunlight (see Figure 4b).

1 

 

Analytical Spectral Devices. FieldSpec 3 User Manual, ASD-Document 600510 Rev. C ; ASD Inc.: Boulder, 

CO, USA, 2005; p. 90 

 

 

I sent to you the picture which should be inserted instead of a figure 3 

 
Figure 3. Position of the different samples on an exemplary tree: “OA” means the needles samples have been taken from
the upper canopy layer and are situated on the older branch parts, “OJ” that the needle samples have been taken from the
upper canopy on the younger branch parts, “UA” from the lower canopy parts on older branch parts, and “UJ” from the
lower canopy on younger branch parts.

Figure 4. Experimental setup. (a) Darkened cabin for the ASD Fieldspec 3; (b) needle sample on the FieldSpec plate.

The FS 3 provides spectral data in the wavelength (λ) range from 350 to 2500 nm. The
full-width-half-maximum spectral resolution was about 3 nm and 10 nm in the visible
near-infrared range (λ = 350–1000 nm) and the SWIR range (λ = 1001–2500 nm), with a
sampling interval of 1.4 nm and 2 nm, respectively [40]. The probe end of the 2 m long
FS3 fiber cable with a 25◦ field-of-view [40] was fixed in the sample turntable at a nadir
angle of 35◦. The perpendicular distance between the fiber cable probe end and the surface
of the rotatable Turntable disk was 0.11 m. At the same height, above the measurement
spot on the turntable disk, a downward radiating halogen lamp (Reflekto EXT/C/A/FG;
Ushio) was installed, enabling the illumination of the sample at a color temperature of
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3000 K. The turntable disk was covered by a circular pool liner with a respective mean and
maximum reflectance factor of 0% and 2%, in the wavelength range that the investigation
will focus on (λ = 400–1000 nm).

For the acquisition of target spectra with the FS3, 5 g of the respective needle sample
was randomly distributed on the circular pool liner. Digital numbers(DN) measurements
were carried out in accordance with the instructions of the manufacturer [40]. In order to
get rid of possible bidirectional reflectance distribution function (BRDF) effects, the rotation
of the turntable disk was activated, and ten measurements were recorded and averaged
for each needle sample in order to get a robust estimation of the spectral properties of the
sample. A measurement of the Spectralon reference panel (SRT-99-050; Labsphere) was
performed before and after each sample, in order to conduct necessary corrections during
post-processing (see Section 2.3.2).

GNSS Measurements

GNSS positions of ground control points (GCPs) and trees located in the first study
area were acquired with a Stonex S9III GNSS receiver. With the help of the GCPs, the
orthophotos acquired with the gyrocopter were georeferenced. The GNSS positions of
the trees were used to identify them in the airborne data (see Figure 1). The usual GNSS
precision of a few centimeters could not be achieved, due to the measurement below
the tree canopy being approximately 2 m. Nevertheless, this precision was sufficient to
determine the position of the sample spruces (T1–T3).

2.2.2. Gyrocopter Measurements

The hyperspectral airborne data were obtained with a HySpex VNIR 1600 camera
manufactured by the Norwegian company Norsk Elektro Optikk (NEO), mounted onboard
a gyrocopter (see Figure 5). The acquisition range of the camera was λ = 400–1000 nm. In
accordance with the flight plan, the hyperspectral data had a spatial resolution of 0.3 m,
allowing for a detailed inspection of each tree crown (single-tree level). The HySpex camera
acquired the hyperspectral data on 80 bands with a spectral resolution of approximately
7.4 nm. The more narrow the bands, the higher the ability to spot the differences in spectral
reflectance between healthy trees and the ones at the beginning stage of pest infestation.
Both study areas were observed during the flight campaign (see Figures 1 and 2).

Figure 5. Gyrocopter and mounted camera system (a) and the HySpex camera (b).

Dodgy weather conditions during the flight caused changes between cloudy and
sunny periods. This means the weather was mostly sunny with a few scattered clouds,
with both study areas being cloud-free at the time of data acquisition. Nevertheless, the
spectral data needed a thorough atmospheric correction during preprocessing.
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In addition, a Nikon D800e was mounted on board of the gyrocopter, with which
orthophotos with a spatial resolution of 10 cm and 30 cm as well as a digital surface model
(DSM), resampled to a spatial resolution of 12 cm, were created for both study areas.

The orthophoto used for the analysis of the second study area was acquired on
22 September 2019, has a spatial resolution of 20 cm and comes from Google Earth.

2.3. Methodology
2.3.1. Methodological Design

The most important methodological steps including the associated sections of this
work are shown in Figure 6. Basically, airborne and field hyperspectral data as well as or-
thophotos were acquired during a flight and field campaign. These data were preprocessed
accordingly. Subsequently, indices for the first study area were generated based on both
airborne and field hyperspectral data. These indices were applied to both types of data,
compared with each other, and the index with the highest accuracy to distinguish between
healthy and infested spruces was selected. This index was applied to both study areas for
classification, using orthophotos from July as reference. The classification results for the
first study area (AOI 1) were validated with field samples, while an external orthophoto
from September was used for a long-term validation of the second study area (AOI 2).

2.3.2. Processing of the Field Measurements
Data Preprocessing

For a combined interpretation of the field measurements and aerial data, a preprocess-
ing of the hyperspectral field data to the level of absolute reflectance factors is necessary.
A corresponding preprocessing algorithm comprising the following four main steps was
implemented in the programming language R [41]: (1) transform ASD data into ASCII
format; (2) perform linear interpolation between successive white reference measurements;
(3) compute reflectance factors based on the corrected white reference data; (4) computation
of statistical metrics for each needle sample.

The second processing step was carried out to compensate for small deviations from
the instrument calibration that appear during the measurement process (e.g., due to sensor
drift or changes in the illumination conditions). The digital numbers (DNs) of the white
reference measurements acquired before and after the target measurements were compared.
Based on the assumption that the detected changes happened linearly, synthetic white
references were generated by wavelength-dependent linear interpolation between the
DNs of consecutive white reference measurements. In the third step, the synthetic white
reference was deployed to retrieve relative reflectance factors for each sample. Occurring
offsets in the relative reflectance factors between the three FS3 sensors were removed
by adapting the relative reflectance factors of the VNIR (λ = 350–1000 nm) and SWIR2
(λ = 1801–2400 nm) sensor to the level of SWIR1 (λ = 1001–1800 nm) relative reflectance
factors. Afterwards, the relative reflectance factors were multiplied with the reflectance
of the Spectralon reference panel to retrieve absolute reflectance factors (ARF) [42]. In the
fourth step, various statistics were subsequently computed based on the average of the ten
measurements of each sample.

In particular, we visualized the absolute reflectance factors for the different trees,
for the different positions (“OA”, “OJ”, “UA” and “UJ”; see Figure 3), as well as the
average ARFs of healthy and infested tree samples, separately (see Figure 7). Figure 7a
illustrates that T5 is characterized by much lower ARFs than the other trees, due to its
discoloration. In Figure 7b, the ARFs for healthy (“G”) and infested (“K”) trees are averaged
for λ = 350–2500 nm, depending on the sample positions (“OA”, “OJ”, “UA” and “UJ”). T5
was ignored, since the not typical reflectance for the early infestation phase would distort
the averaged ARF. As the aerial hyperspectral data were acquired for λ = 400–1000 nm
only, the following analysis considers only this wavelength range.
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Figure 6. Flowchart of the methodical work steps including section numbers. While Section 2.
describes the data acquisition and the preprocessing, Section 3. presents the results of the analysis
of indices and the classification. Different colors were used for different data types and results
(blue = HySpex data, green = orthophotos, orange = laboratory data, yellow = HySpex and hyper-
spectral vegetation indices, purple = laboratory indices, red = classification results). Solid arrows
indicate data applied or processed on other data, while dashed arrows illustrate a comparison or
validation of the same data.

Laboratory Indices (Field Data)

One aim of this work is to determine a suitable index for the detection of early bark
beetle infestation (green attack). In a first step, we tried to find a suitable index based on
laboratory data.

The red-edge domain is particularly important to distinguish between infested and
healthy spruces [29]. Figure 7a shows that the mean reflectivity of the needles of infested
trees (green attack) show a slightly rounded signature at the end of the red-edge domain
(approximately 750 nm) compared to healthy trees, regardless of the considered position of
the needle samples (see Figure 3) on the tree. However, this tendency cannot be confirmed
if the healthy and infested spruces are not averaged.
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For this reason, in this preliminary study, we have defined indices based not only
on this slightly rounded signature, but also on other properties of the red-edge spectrum,
i.e., a region of the spectrum closer to the red and visible part (see Table 2).

Figure 7. (a) Reflectance spectra of all investigated trees, averaged above all positions (OA, OJ, UA, UJ); (b) averaged
reflectance spectra of healthy (G, green colors, T2 and T3) and infested (K, yellow colors, T1 and T4) trees depending on
their position (OA, OJ, UA and UJ). The red arrows show the wavelength domain where the main differences between
healthy and infested trees can be detected. The wavelength range λ = 400–1000 nm is highlighted, as it corresponds to
the range that is common with the airborne HySpex data. The comparison of the mean absolute reflectance factors of the
needles of healthy trees (mean_G) and those in the green attack phase (mean_K) reveals differences in the red-edge range
(marked with a red arrow).

There were very small differences between the examined positions of all sample
spruces, which were also not uniform for the respective degree of infestation. In order to
enhance these differences and be able to better distinguish between infested and healthy
spruces, only the parts of the spectrum where these differences are more significant are
considered. For this purpose, the difference between adjacent wavelengths, several parts
of the spectrum and various combined weightings of these parts were used.

Following this approach, we have defined three laboratory indices (LI 1–3) that can
distinguish between infested (green attack) and healthy sample spruces (see Table 2).
Since the spectral resolution of the HySpex data is 7.4 nm (see Section 2.2) and that of
the laboratory data is 1 nm, the laboratory data and therefore also the LI were adjusted
to the wavelengths of the HySpex data in order to be able to apply the LI to the HySpex
data later (see Section 3.1.1). It is important to note that the ASD Fieldspec only records
integer wavelengths and thus a maximum deviation of 0.5 nm can occur between the two
data sources.

2.3.3. Processing of the Hyperspectral Data
Processing Atmospheric Correction with Py6S Algorithm

Both the HySpex data and the orthophoto were orthorectified after acquisition. An
atmospheric correction was then applied to convert radiance into reflectance values. Due
to the lack of calibration tarps, we performed the correction using the Python package
Py6S [43], an interface to the 6S radiative transfer model [44]. Unlike commercial soft-
ware, Py6S is open source and allows for more flexible parameter tuning using Python
scripts. Moreover, this fine-tuning is easier and faster to perform, and the analysis is
more reproducible.

The flight campaign was conducted in alternating cloudy and sunny conditions, and
gaps in the metadata made atmospheric correction difficult. Nevertheless, the cloud-free
conditions in both study areas allow an application of the atmospheric correction with
Py6S. Certain model parameters required for the Py6S algorithm, such as the view zenith
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angle, were estimated and others, such as the solar zenith angle and solar azimuth angle,
were derived from other sources [45].

Table 2. Laboratory, HySpex and hyperspectral vegetation indices (R = reflectance). The laboratory indices (LI) and HySpex
indices (HI) are new indices and are presented in more detail in Sections 2.3.2 and 2.3.3. The hyperspectral vegetation
indices (HVI) have been adapted from [22] (see Section 3.3.1). For all indices the reflectance [%] was used as input and
only for HI and HVI the output was multiplied by 1000 [% × 1000], which leads to certain ranges for T1–3 (see second
last column).

Index Formula Range for T1–3 Reference

Laboratory Index 1 (LI 1)
LI 1 = 2000×

(((R745 − R738)− (R738 − R731))− ((R731 − R724)− (R724 − R716)))−
3000× ((R549 − R541)− (R490 − R483))

–5.3–14.8 New Index,
Section 2.3.2

Laboratory Index 2 (LI 2) LI 2 = 1000× ((R724 − R716)− (R716 − R709)) + 3000×
((R731 − R724)− (R724 − R716))

–24.3–4.7 New Index,
Section 2.3.2

Laboratory Index 3 (LI 3)
LI 3 = 1500× ((R724 − R716)− (R716 − R709))− 2000×

((R549 − R541)− (R490 − R483)) + 500×
((R541 − R534)− (R520 − R512))

–7–10.4 New Index,
Section 2.3.2

HySpex Index 1 (HI 1) HI 1 = (R752.52− R730.67)
2

1516–2816 New Index,
Section 2.3.3

HySpex Index 2 (HI 2) HI 2 = (R737.96− R723.39)
2

2277–3971 New Index,
Section 2.3.3.

Hyperspectral Vegetation
Index 1 (HVI 1) HVI 1 = R526.74

R657.84
870–1680 [22] Section 3.3.1

Hyperspectral Vegetation
Index 2 (HVI 2) HVI 2 = R708.82 − R759.81 –2420.3−–1731.2 [22] Section 3.3.1

HySpex Indices (Airborne Data)

As mentioned in Section 2.3.2, one aim of the work is to determine a suitable index
for the detection of early bark beetle infestation (green attack). In a second step, we have
therefore tried to find a suitable index based on the atmospheric corrected hyperspectral
airborne data. In fact, we found two HySpex indices (HI 1–2) that can distinguish between
infested and healthy spruce (see Table 2).

As suggested by Lausch et al. [22] and Abdullah et al. [23], we mainly focused on the
red-edge range 680 to 750 nm for the definition of the indices. In addition, we specifically
considered the flattening effect of infested spruces (see Figure 7, red arrow) in the red-edge.
Complex methods such as partial least squares (PLS) or various machine learning methods
could be investigated for this purpose. However, on the one hand, the sample size is too
small for a suitable training of machine learning methods and on the other hand, there
is the risk that the results are difficult to interpret. Therefore, to keep the HySpex indices
simple, only two wavelengths are used, representing the increase in red-edge reflectance.
The steeper this increase, the less likely is a bark beetle attack.

The analysis of the hyperspectral data was performed in ENVI version 5.5.

2.3.4. Classification

Based on the defined indices, we performed classification of the airborne hyperspectral
data in order to detect infested trees in the green attack phase.

Masking

To reduce unnecessary information prior to classification, we masked all pixels that did
not represent spruce canopies. For this approach, we used a Spectral Angle Mapper (SAM)
classification specifically designed for high-dimensional data, such as the hyperspectral
HySpex data used here. Ambiguous objects or pixels identified during the field campaign
of the classes deciduous trees, spruces, soil and grassland were used as training pixels for
the SAM classification. To additionally distinguish between deciduous and spruce trees,
we used high-resolution orthophotos to consider the canopy structure.

Trees with sparse crowns or edge pixels of the canopy are particularly prone to mixed
pixels. We reduced this problem by masking the edge pixels of the spruces and considered
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only central pixels of denser crowns. To achieve this, we examined the crown structure
from high-resolution orthophotos for each spruce in both study areas. By masking the
edge pixels in the later processing stages, the effect of self-shadowing of the spruces can
also be reduced.

Threshold Based Classification Approach

After masking, we applied the index that best distinguishes between infested and
healthy spruces to the atmospherically corrected HySpex data. Using threshold values, one
class is formed for healthy and two for infested spruces. Central pixels of sample spruces
and the adjacent infested spruces with a brown crown were taken into account.

The suitable threshold values are determined with the help of a threshold value
analysis (see Section 3.2.1). Thereby, we examined the variations of the overall accuracy
(OAA) for all central pixels of T1–3 for different threshold values (see Section 3.2.1). The
central pixels of T1–3, which serve as a reference, were manually classified as healthy or
infested based on the information obtained during the field campaign.

To test the transferability of the best index, it was applied to the second study area
(see Section 3.3.3). As there is only one sample spruce (T4) with an unknown position in
this area, a validation was performed with another high-resolution orthophoto acquired
a few months later. Based on the bark beetle’s life cycle according to observations by
ThüringenForst, a spruce loses large amounts of green needles one month after the first
infestation (green attack). After about 6–10 weeks, shortly before or even after the next
bark beetle generation flies out, the tree crown gradually turns brown (gray attack) (see
Section 1.1). Therefore, spruces classified as infested by the best index should show typical
crown discoloration a few weeks later, which can be roughly validated using the second
orthophoto, based on a comparison with reference brown crown spruces. This ensures a
long-term validation of the classification results (see Section 3.3.4).

3. Results

In this section we first compare all laboratory indices (LI 1–3) with the field laboratory
data and then all HySpex indices (HI 1–2) with the airborne hyperspectral data, and analyze
their transferability to the respective other database (see Section 3.1). In this, we investi-
gated whether one of these five indices is suitable for both types of data. Subsequently,
we used the best index to detect an early bark beetle infestation for classification of the
airborne data (see Section 3.2). Finally, the robustness of the best index was examined
by comparing it with other suitable indices, applying it to the second study area and
performing a long-term validation (see Section 3.3).

3.1. Indices
3.1.1. Field Measurements

If the laboratory indices (LI1 1–3, defined in Table 2) are applied to the laboratory data,
LI 1–3 can distinguish well between infested (green attack) and healthy needle samples by
setting a threshold value (see Figure 8, Table A1, Appendix A). However, two of them (LI 1
and LI 2) cannot correctly classify infested spruce samples (brown crown) because T5 UA
and T5 UJ are wrongly classified as healthy. In contrast, LI 3 can distinguish between
infested (green attack and brown crown) and healthy spruces.

To compare the performance of the three laboratory indices on the airborne data,
we defined different scenarios for the influence of the needles (see Table 3) situated on
the different part of the trees (OA, OJ, UA and UJ, see Figure 3). The normalized index
values averaged for all tree positions are shown in Table A1, together with the normalized
distance between the infested and healthy tree values. For the first scenario, it is assumed
that a pixel consists of OA, OJ, UA and UJ in equal proportions, i.e., the mean value is
calculated. In contrast, the ratio 40:40:10:10 was chosen for the second scenario. Especially,
with airborne data, it is expected that the needles situated on the top of the crown (OA and
OJ) have a higher influence on the spectral signature than needles situated on the lower
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parts of the canopy, due to the dense tree canopy being visible in the first orthophoto (see
Figure 1). The third scenario was expanded by the assumption that younger branches are
mainly found at the edge of the tree, and are therefore less relevant for the central pixels.
Hence, the ratio 33:27:22:18 was chosen for the third scenario, which also takes UA and UJ
into account more than second scenario.

Figure 8. Measurements of the laboratory indices LI 1–3 applied on the laboratory data. By using a threshold value (LI 1: 7.6,
LI 2: –16.5, LI 3: 1.8), the laboratory indices can be used to distinguish between healthy and infested spruce samples of
particular positions. While LI 1 (a) and LI 2 (b) misclassify T5 UA and T5 UJ, LI 3 (c) can classify all samples correctly. The
particular positions of the sample spruces (d) are also visible in Figure 3. The laboratory indices are defined in Table 2.

Table 3. Percentage distribution of the averaging scenarios. The scenarios represent assumptions
about the spatial distribution of needles from a nadir perspective. The scenarios are used to calculate
mean values from the laboratory data for the sample spruces (T1–5). (OA = upper canopy layer, old;
OJ = upper canopy layer, young; UA = lower canopy layer, old; UJ = lower canopy layer, young) (see
Figures 3 and 8d).

Scenarios OA OJ UA UJ

Scenario I 25% 25% 25% 25%
Scenario II 40% 40% 10% 10%
Scenario III 33% 27% 22% 18%

In all three scenarios, the smallest normalized distance between infested (green attack)
and healthy needles is significantly greater for LI 3 (mean: 0.52) than for LI 1 (mean: 0.39)
and L2 (mean: 0.34) (see Table A1). However, if infested spruce needle samples (brown
crown) are taken into account, this difference drops drastically for LI 1 (mean: 0.2) and
LI 2 (mean: 0.06), but not for LI 3 (mean: 0.44). This means that LI 3 is less prone to
misclassification than LI 1 and LI 2 due to this larger difference.

Overall, LI 3 proved to be the most suitable for classifying the needles of the sample
spruces measured in the laboratory as infested and healthy.
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If, in a next step, LI 1–3, which worked well for the laboratory spectra, are applied
to the atmospherically corrected HySpex data, a distinction between infested and healthy
sample spruces is no longer clearly possible. When comparing the laboratory indices,
there is a large overlap (grey area), especially for LI 3, between infested and healthy
sample spruces (see Figure 9). This means that no suitable threshold can be found to
differentiate between healthy and infested spruce. Accordingly, the laboratory indices can
only be used to a limited extent to differentiate between healthy and infested spruces in
the airborne data.

Figure 9. Normalized laboratory indices applied on the HySpex data for T1–3 (value range: P5th to P95th). Because of the
unknown positions, only T1–3 were considered. There is a large overlap area, especially for LI 3, between the infested spruce
(T1) and the healthy spruces (T2 and T3). Accordingly, no suitable threshold value can be defined and a differentiation
between infested and healthy spruces based on the laboratory indices (LI 1–3) is only possible to a limited extent.

3.1.2. Hyperspectral Data

In order to compare HI 1 with HI 2, the values of the sample spruces in the atmospher-
ically corrected HySpex data of both indices were normalized and then compared. These
normalized values can be found in Table A2. Because only the position of T1–3 is known,
only these spruces have been taken into account. When comparing the normalized 5th
and 95th percentiles of both indices, the normalized distance between infested and healthy
spruce is higher for HI 1 (0.26) than for HI 2 (0.21) (see Table A2). This means that HI 1
was less prone to misclassification than HI 2. Nevertheless, both indices were suitable for
differentiating between healthy and infested spruce for the HySpex data.

When HI 1 and HI 2 were subsequently applied to the laboratory field data, HI 1
performed significantly better than HI 2. The scenarios defined in Table 3 were used to
calculate the normalized weighted mean values of the indices per tree (see Table 4). If the
normalized distance between healthy (T2 and T3) and infested (T1 and T4) spruces was
calculated, there was a positive difference for HI 1 (see Table 4, last column). This means
that there was no overlap between healthy and infected spruces and therefore a suitable
threshold can be defined to differentiate between healthy and infected spruces. In contrast,
HI 2 had a negative difference (red numbers in Table 4). This means that HI 2 cannot
differentiate between healthy and infested spruces, when applied to the laboratory data,
due to an overlap of both classes. Consequently, only HI 1 was used for further analysis.
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Table 4. Normalized HySpex indices applied to laboratory data of the averaging scenarios for trees
1–5 (see Table 3), where T2 and T3 are healthy and T1 and T4 are infested (green attack). T5 is not
considered due to a different infestation level (brown crown). The last column shows the normalized
distance between healthy (T2 and T3) and infested (T1 and T4) spruces. In context of the laboratory
data, HI 1 shows a positive difference in all three scenarios. There is no overlap between healthy
and infested spruces, so that a threshold value can be used for differentiation. In contrast, HI 2 has
a negative difference (red numbers). Accordingly, HI 2 cannot differentiate between healthy and
infested spruces.

Scenario Index T2 T3 T1 T4 T1,T4–T2,T3

Scenario I
HI 1 0.64 1.00 0.00 0.24 0.40
HI 2 0.63 1.00 0.93 0.00 –0.30

Scenario II
HI 1 0.52 1.00 0.00 0.25 0.27
HI 2 0.63 1.00 0.93 0.00 –0.51

Scenario III
HI 1 0.62 1.00 0.00 0.24 0.38
HI 2 0.60 1.00 0.95 0.00 –0.35

Whilst HI 1 seems to be able to distinguish between healthy and infested spruces
when averaging all tree positions together (“OA”, “OJ”, “UA” and “UJ”), the behavior of
this index for a particular position does not provide sufficient information to distinguish
which part of the tree may be already infested.

HI 1 was able to distinguish between healthy and infested spruce when applied to
both the HySpex data and the laboratory data. A comparison when applying HI 1 to the
laboratory data and HySpex data is shown in Figure 10. This allowed the three mix-pixel
scenarios (see Table 3) to be evaluated. For this purpose, HI 1 was first applied to the
laboratory data of the respective sample spruce and a weighted mean value per spruce
was calculated on the basis of the scenarios (red, blue, green dot). This weighted mean was
then compared with the median of the individual sample spruce in the atmospherically
corrected HySpex data (50th percentile line). The closer the mean value of a scenario was to
the median, the more realistic the scenario was. However, possible remaining measurement
errors in laboratory data (see Section 2.2.1) and gyrocopter data acquisition (see Section 2.2)
can influence these results.

It is noticeable that the normalized mean values of the three scenarios of the HySpex
data moderately to very strongly overestimated the application of HI 1 to the laboratory
data (see Figure 10). While two of the three mean values of the scenarios of T1 lie between
the 50th and 75th percentile of the HySpex data, only one scenario does so for T2. For T3,
the mean values are outside the 5th and 95th percentiles, but close to the 100th percentile
(2816). This means that especially very high values of HI 1, as present in the vital T3, are
strongly overestimated. However, this error can be neglected, as only the lower thresh-
old value of T2 is relevant for the distinction between infested and healthy spruces (see
grey bars).

Furthermore, especially the second scenario overestimated the median of T1 and T3,
while scenarios 1 and 3 led to quite similar weighted mean values.

Although numerical measurements of T4 and T5 are not available due to the unknown
position, these can be estimated using the laboratory spectra in combination with the
scenarios. Accordingly, the median of T4 (HySpex data) could be between T1 and T2, while
the median of T5 is lower than that of T1.

Overall, the laboratory spectra in combination with the scenarios overestimated the
atmospherically corrected HySpex data, but the scenarios for T1 and T2 still fit well, but
not for T3.

To sum it all up, of all laboratory and HySpex indices, HI 1 was the index that could
best differentiate between healthy and infested spruces for the atmospherically corrected
HySpex data. Consequently, HI 1 was used for the classification (see Section 3.2).
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Figure 10. Application of HySpex index 1 (HI 1) to the HySpex data and laboratory data (reflectance
[% × 1000]). The mean values of the three scenarios of the laboratory data are within the range of
values of the HySpex data for T1 and T2 and outside for T3. The mean values of the laboratory data
of T4 and T5 can indicate the approximate values of T4 and T5 of the HySpex data. With the help of a
threshold value (1970–2020), it is possible to differentiate between healthy and infested spruces for
HI 1 when applied to the HySpex data. By accepting a small error tolerance (max. 2.5%), the value
range of this threshold increases to 1911–2220.

3.2. Classification for HySpex Index 1
3.2.1. Threshold Estimation (Study Area 1)

As a result of the analysis of various indices in the last section, HI 1 is by far the best
to distinguish between infested and healthy needles of the sample spruces both for the
HySpex data and for the laboratory spectra. Therefore, we applied HI 1 to the entire first
study area and analyzed the classification results in more detail.

The threshold for differentiating between infested spruces in the early (green attack)
and late stage (brown crown) was determined on the basis of the unambiguous infested
spruces with brown crowns (see Figure 1, west of T1–3). Since the fifth percentile of T1 is
also close to 1550 (see Figure 10), we set this threshold to 1550. Nevertheless, this threshold
cannot be validated appropriately and is therefore only an estimation.

To determine the optimal threshold for HI 1 distinguishing between infested (green
attack) and healthy spruces, we performed a threshold analysis. This also enables a general
validation of the classification results (see Section 3.2.2 and Figure 11).
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Figure 11. State of the spruces in the first study area using HySpex index 1 (HI 1). A total of 16 spruces were found to be
(ambiguously) infested with HI 1. Here, eight spruces belong to the spruces that were not removed, of which two spruces
(northwest and south) were clearly classified as infested (green attack) (yellow circle).

Taking into account all central pixels of T1–3 (181), a threshold between 1970 and 2020
led to an overall accuracy (OAA) of 100% (see Figure 12). The OAA was calculated by
dividing the number of correctly classified pixels by the number of all central pixels. By
increasing the error tolerance to a maximum of 2.5%, the range of values for a potential
threshold increased significantly to 1911–2220 (OAA ≥ 97.5%). A further increase in the
error tolerance to 5% only slightly enlarged the range of the optimal threshold value
(1892–2243). It must be noted here that, due to its size, T1 contains significantly fewer
pixels (27) than T2 (86) and T3 (68), and therefore has a lower overall influence on the OAA.

Considering that the values of HI 1 of T4 are between those of T1 (infested) and T2
(healthy) (see Figure 10), it was advisable to set the threshold value higher. Therefore, we
adjusted the threshold value for distinguishing between infested and healthy spruces to
2175 to find a compromise from the previous results. This means that there was a risk that
healthy pixels were wrongly classified as infested.

3.2.2. Classification Results (Study Area 1)

After applying HI 1 with the adjusted threshold values defined in Section 3.2.1 to the
entire first study area, it is possible to classify all spruces (about 80 trees) (see Figure 11).
As mentioned in Section 2.3.4, only the central pixels of the spruces were considered. It
corresponded to an area of about 3002 pixels or 270.18 m2, depending on the considered
tree. Due to the low number of pixels in spruces with a small crown, a clear distinction
between infested and healthy was not always possible. Therefore, only spruces with a
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crown larger than 22 pixels (>1.98 m2) were considered. Due to subjective errors in the
selection of the central pixels and the adjusted threshold (see Section 3.2.1), a classification
was only considered unambiguous from 90% of a class.

Figure 12. Normalized variations of the overall accuracy (OAA) for all central pixels of T1–3 using
HySpex index 1 (HI 1). If the threshold for differentiating infested and healthy spruces (T1–3) is
between 1970 and 2020, the OAA is 100% (see Figure 10). A large range of values from 1911–2220
still allows a very high OAA of ≥ 97.5% or error tolerance ≤ 2.5% (normalized range = 0.25). The
threshold value 2175 was chosen for the classification (OAA = 98.84%) (see Figure 11).

Overall, six spruces were unambiguously infested (green attack, dotted yellow circle),
five spruces were infested (green attack, yellow circle), three spruces were unambiguously
infested (brown crown, dotted red circle) and two spruces were infested (brown crown, red
circle). It is also worth mentioning that infested spruces usually do not appear individually,
but in groups.

To validate this classification, we used threshold analysis again (see Figure 12). The
threshold value of 2175 resulted in a very good OAA of 98.84%, with T1 and T3 correctly
classified as infested or healthy by 100%.

3.3. Transfer of HySpex Index 1

As mentioned in the last section, HI 1 can differentiate very successfully between
infested and healthy spruces. To test the transferability of HI 1, common indices for bark
beetle detection were defined (see Section 3.3.1), tested and compared with HI 1 in both
study areas (see Sections 3.3.2 and 3.3.3). An external second orthophoto of the second
study area enabled the long-term validation of HI 1 and the other indices (see Section 3.3.4).

3.3.1. Investigation of Other Suitable Indices

Lausch et al. [22] and Abdullah et al. [23] have found that there are several indices
that can be used to distinguish between infested and healthy spruces. After applying the
indices for the wavelength range 417–992 nm to the atmospherically corrected HySpex data,
two hyperspectral vegetation indices (HVI 1 and HVI 2) turned out to be promising. These
spectral derivatives defined by Lausch et al. [22] were adapted to the HySpex wavelengths
and are listed in Table 2.

3.3.2. Comparison of HySpex Index 1 with Other Suitable Indices (Study Area 1)

Using the threshold analysis approach from Section 3.2.1 (see Figure 13b,d), the
threshold value between infested and healthy spruces was set to the value with maximum
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overall accuracy (HVI 1: 1109 and HVI 2: −2030.1). The lowest or highest value of the
respective index of T1 was set as the threshold value from infested (green attack) to infested
(brown crown) (HVI 1: 865 and HVI 2: −1731.1). The classification results for the first study
area based on these threshold values are also shown in Figure 13a,c.

Figure 13. State of the spruces in the first study area using hyperspectral vegetation index 1 (HVI 1) (a) and HVI 2 (c). A
total of eight spruces were found to be (ambiguously) infested by HVI 1, none of which did not belong to the removed
spruces (a), whereas a total of nine spruces were found to be (ambiguously) infested by HVI 2, of which one spruce did
not belong to the removed spruces (c). Normalized variations of the overall accuracy (OAA) for all central pixels of T1–3
using hyperspectral vegetation index 1 (HVI 1) (b) and HVI 2 (d). A small range of values from 1097–1163 still allowed
a very high OAA of ≥97.5% or error tolerance ≤2.5% (normalized range = 0.08) for HVI 1 (b), while for HVI 2 the range
of values is larger (−2106.3–1996.4 and 0.13, respectively) (d). The threshold value 1105 was chosen for the classification
(OAA = 99.6%) (b) and −2030.1, respectively (OAA = 99.6%) (d).

If only spruces with a crown larger than 22 pixels (>1.98 m2) were considered, using
HVI 1, three spruce were unambiguously infested (green attack, dotted yellow circle), one
spruce was infested (green attack, yellow circle), one spruce was unambiguously infested
(brown crown, dotted red circle) and three spruce were infested (brown crown, red circle)
(see Figure 13a). Apart from the spruces that were removed, no spruces were classified as
infested (green attack).

In contrast, using HVI 2, three spruces were unambiguously infested (green attack,
dotted yellow circle), two spruces were infested (green attack, yellow circle), one spruce
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was unambiguously infested (brown crown, dotted red circle) and three spruces were
infested (brown crown, red circle) (see Figure 13c). Apart from the removed spruce, one
large spruce in the northwest was classified as unambiguously infested (green attack).
However, this spruce was classified as healthy for HVI 1. HVI 2 therefore finds more
infested spruces than HVI 1, which leads to a slightly different classification.

When evaluating the accuracy assessment, it was noticeable that both indices can
achieve the same, very high level of accuracy (99.61%) (see Figure 13b,d). Both indices can
classify T1 and T3 with 100% accuracy, but not T2. However, the normalized span of the
range of values where both indices have an accuracy of more than 97.5% was greater for
HVI 2 (0.13) than for HVI 1 (0.08). This means that HVI 2 had more possibilities to set an
appropriate threshold.

Overall, HVI 2 appeared to be slightly superior to HVI 1. However, both indices had
the same very high accuracy.

When HVI 1 and HVI 2 are compared with HI 1, all three indices detect the same
eight larger infested spruces and have a similar very high OAA (≥98.84%). It is also
noticeable that HVI 2 and HI 1 both identify the same infested spruce (northwest), which
was not removed later, that HVI 1 does not. HVI 2 detected the beginnings of an infestation
(<10%) in the same three spruces as HI 1 (northwest of T1 and in the south), although HI 1
classified them as ambiguously infested (green attack) (≥10%). HI1 also recognized more
(ambiguously) infested spruces overall (16) than HVI 2 (9) and HVI 1(8), four of which
(north of T1 and in the south) were only classified as infested in a small proportion (<20%).

3.3.3. Comparison of HySpex Index 1 with Other Suitable Indices (Study Area 2)

To further test the transferability of HI 1, it was applied to the second study area (see
Figure 14c) and compared to the suitable HVI 1 (see Figure 14a) and HVI 2 (see Figure 14b).

As for the first study area, the spruces in the second study area were classified accord-
ing to the same minimum pixel size and threshold values for HVI 1 and HVI 2 as defined
in Section 3.3.2, and for HI 1 in Section 3.2.1, respectively. In the second study area there
were about 60 spruces, which corresponded to an area of about 1432 pixel or 128.88 m2. For
HVI 1, four spruces were unambiguously infested (green attack, dotted yellow circle), one
spruce was unambiguously infested (brown crown, dotted red circle) and six spruces were
infested (brown crown, red circle) (see Figure 14a). For HVI 2, on the other hand, only one
spruce was unambiguously infested (green attack, dotted yellow circle), one spruce was
unambiguously infested (brown crown, dotted red circle) and six spruces were infested
(brown crown, red circle) (see Figure 14b).

When comparing these two classification results, it is worth mentioning that on the
one hand both indices detected the same spruces in the same infestation stage. On the other
hand, HVI 1 additionally classified two spruces in the southern center as unambiguously
infested (yellow dotted circle), which HVI 2 classified as healthy.

When HVI 1 and HVI 2 were compared again with HI 1, HI 1 classified the same
spruces as HVI 2 in an almost identical infestation stage (see Figure 14c). Only the spruce
in the northwest (white circle) was classified more as an ambiguous late infestation (brown
crown). In contrast to HVI 1 and HVI 2, however, HI 1 classified another large spruce
in the southwest as ambiguously infested (green attack, yellow dotted circle) and two
small spruces in the northwest (white circles) as infested (green attack). Interestingly, HI 1
recognized other spruces as ambiguously infested than HVI 1.

3.3.4. Long-Term Validation of HySpex Index 1 and Other Indices (Study Area 2)

To ensure long-term validation of the second study area, we used an external or-
thophoto from 22 September 2019. Due to the life cycle of bark beetles according to ob-
servations by ThüringenForst, typical canopy discoloration occurs no earlier than around
6–10 weeks after the initial infestation. Since there were 76 days between the day of acqui-
sition of the HySpex data and the external orthophoto, the infested spruces (green attack)
in the classification result must be clearly recognizable by a brown crown in the external
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orthophoto. Due to this time lag, however, it is possible that the spruces were only infested
after the HySpex data collection. This means that the spruces were healthy on 10 July but
infested (brown crown) on 22 September. A conclusion from the infestation status in the
second orthophoto to that of the first was therefore only possible to a limited extent. On the
other hand, a spruce that was infested (green attack) in the first orthophoto must inevitably
be infested (brown crown) in the second.

Figure 14. State of the spruces in the second study area using hyperspectral vegetation index 1 (HVI 1) (a), HVI 2 (b) and
HI (c). Long-term validation of the spruces in the second study area. Comparison with a second orthophoto 76 days after
the first infestation (d). Using the Spectral Angle Mapper (SAM) classification, five spruces (white circle) were clearly
identified as infested (“brown crown”) in the second orthophoto (22 September 2019) that had no “brown crown” in the
first orthophoto (10 July 2019) (d). A total of eleven spruces were found to be (ambiguously) infested with HVI 1. Of these,
one out of five spruces was detected in an early stage of infestation (green attack) (white circle) (a). For HVI 2, there were
eight spruces and one out of five spruces, with two others showing a tendency to infestation (b). For HI 1, there were nine
spruces and definitely three out of five spruces (c).

Based on the clearly identified pixels of infested spruces (brown crown) detected as
such during the field campaign, a SAM classification was used to identify additional, similar
pixels (see Figure 14d). After the field campaign in July, almost all of the infested spruces
were removed, only two spruces in the southwest and one in the southeast remained
in place. The crowns of these large spruces were classified as infested (brown crown)
according to the SAM classification. Because these three spruces were clearly classified, this
proves the applicability of this SAM classification. In addition to these three spruces, five
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spruces in the northwest and one in the center were also clearly classified as infested (brown
crown) (white circles). Since one of these spruces (northwest), like the three previously
mentioned spruces, was already obviously infested (brown crown) at the time of data
acquisition in July, this spruce was not considered further. Furthermore, not taken into
account were the spruces that were ambiguously infested in the SAM classification (two
spruces in the center).

If HVI 1 and HVI 2 are long-term validated, HVI 1 recognizes only one out of five
spruces in an early infestation stage (green attack) (white circle), while HVI 2 also detects
only one out of five spruces, but in addition detects the tendency to infestation in two
spruces. However, HVI 1 still identifies two spruces in the center as unambiguously
infested (yellow dotted circle), which were classified as ambiguously infested in the second
orthophoto. Due to the time lag between the two orthophotos, however, these spruces
should be definitely infested (brown crown). Since this is not the case, HVI 1 overestimated
the bark beetle infestation accordingly. Additionally, HVI 1, in contrast to HVI 2, did not
recognize at least the beginning of the infestation. Consequently, HVI 2 in combination
with the chosen threshold can detect the bark beetle infestation more effectively than HVI 1.

On the other hand, HI 1 detected three out of five spruces in an early stage of infestation
(green attack) (white circle), and also at the beginning of an infestation in another spruce
(see Figure 14c). It is possible that this spruce and the other spruce not detected were not yet
sufficiently infested at the time of data acquisition (10 July 2019). As for HVI 1, there was a
(small) risk of overestimating the infestation for HI 1, since HI 1 detected an ambiguously
infested spruce (green attack, yellow dotted circle) in the southwest, which was not infested
according to the SAM classification. However, since it is only an ambiguous infestation,
this error can be neglected and compensated for by adjusting the threshold value.

When comparing all three investigated indices in the long-term validation, HI 1
recognized more spruces (three out of five) in the early infestation stage (green attack)
than HVI 1 and HVI 2 (one out of five). Consequently, HI 1 is superior to other suitable
indices, such as HVI 1 and HVI 2 for detecting bark beetle infestation at an early stage
(green attack).

Overall, HI 1 proves to be robust and superior to the other suitable indices, not only
in the first study area (OAA = 98.84%), but also when transferred to another study area
and in long-term validation. HI 1 therefore has the potential to detect an early bark beetle
infestation (green attack) relatively successfully.

4. Discussion
4.1. Comparison of the Laboratory and HySpex Indices

The laboratory indices (LI 1–3), especially LI 3, work well when applied to the labora-
tory data (see Section 3.1.1 and Table A1); and the hyperspectral indices (HI 1–2), especially
HI 1, work well when applied to the HySpex data (see Section 3.1.2 and Table A2), but not
vice versa, except for HI 1.

LI 3 represents on the one hand a combination of LI 1 and LI 2. On the other hand,
LI 3, similar to LI 1, uses bands in the green and blue spectrum in addition to the red-
edge region to account for photosynthetically-active pigments. The chlorophyll content,
represented by chlorophyll absorption (at about 490 nm), can provide information about the
presence of bark beetles, as the feeding behavior of the bark beetles impairs the transport
of nutrients from the needles to the roots of the infested spruces. This causes a nutrient
deficiency in the needles, which is manifested by a chlorophyll reduction [13]. HI 1–2, in
contrast, used only the red-edge region. HI 1 produced better results than HI 2 because it
considers the area immediately at the edge of the red-edge (731–753 nm), instead of the rise
before it (723–738 nm). This allowed HI 1 to fully account for the flattening of the spectral
signature at the red-edge, which was also visible in the laboratory data of infested spruces
(see Figure 7, red arrow).

However, when the laboratory indices (LI 1–3) were applied to the HySpex data,
they could only distinguish between healthy and infested spruces to a limited extent
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(see Section 3.1.1 and Figure 9). There are many reasons for this. First, in our analysis,
20 needle samples (four positions for five trees) were considered for the laboratory data
(see Section 2.2.1). Since there are very small differences between the examined positions
within and between the infestation classes, relatively complex indices had to be developed
(see Section 2.3.2). This led to the fact that LI 1–3 were strongly adapted to the laboratory
data. However, when the scale was increased from needle level (1–2 cm) to the pixel
level (30 cm) of the HySpex data, other elements, such as twigs, bark, shadowing effects
and the underlying vegetation and soil were included. An averaging of all these spectral
signatures took place and additional BRDF effects occurred. This caused the differences in
the laboratory data between the needle samples to disappear. Furthermore, we analyzed
the needle samples under laboratory-like conditions, clumping the needles on the turning
table to extract a needle spectrum that corresponds to a theoretical spectrum of the needles
only. The laboratory indices were likely to be too fine-tuned, and therefore only transferable
to the HySpex data to a limited extent.

HI 1 was again superior to LI 1–3 in application to the HySpex data because of
its simplicity. Despite this simplicity, HI 1, when applied to the laboratory data, could
distinguish the averaged needle samples well, unlike HI 2. However, without averaging
the needle samples, certain individual needle classes could not be correctly classified.
For detecting early bark beetle infestation, overall LI 3 was best at the needle level when
considering individual needles, and HI 1 was best at the pixel level when considering
mixed signatures of spruce elements. It would be worthwhile in the future to measure
spectral signatures from branches with needles the size of the spatial resolution of the
HySpex data instead of or in addition to individual needles.

4.2. Composition of the Crown Structure

The central pixels of T2 probably consisted of fewer needles from the lower positions
(“UA”, “UJ”, see Figure 3) than T1 and T3 (see Figure 10).

Assuming that the bias due to atmospheric correction is negligible (see Section 4.3),
the canopy structure of the sample spruces can be derived from Figure 10. The central
values of all three scenarios (red, blue, green dots) were closer together at T2, while the
second scenario (blue dot) was characterized by slightly higher HI 1 values at T1 and
significantly higher HI 1 values at T3. The second scenario estimated the influence of the
lower needles (“UA”, “UJ”) at 10% each, much lower than the other scenarios at around
20–25% (see Table 3). This means that for T2, whether the lower needles were frequent
or less frequent, similar central values resulted and therefore the influence of the lower
needles was negligible. Thus, when viewed from above, the needles and branches in the
upper canopy of T2 likely overlapped with the lower needles and branches, which is not
the case for T1 and T3. This described crown structure can also be recognized on the basis
of the high-resolution orthophoto (see Figure 1).

This further means that the selection of the central pixels plays a crucial role in the
detection of the bark beetles. This means specifically selecting central pixels of upper
branches with needles could improve the accuracy of bark beetle detection, as these
are often located centrally in the tree crown and are thus less prone to mixed pixels
and shadowing effects. High resolution orthophotos and information about the canopy
structure of the spruces are therefore advantageous (see Section 4.4). The smaller the crown
diameter, the higher the spatial resolution of the hyperspectral data should be.

4.3. Comparison of HySpex Index 1 with Other Suitable Indices

For early bark beetle detection in the green attack phase, HI 1 was superior to
other commonly used indices defined by Lausch et al. [22] and Abdullah et al. [23]
(see Section 3.3.1), such as HVI 1 and HVI 2, for the data used in this study.

Of all the indices defined by Lausch et al. [22] and Abdullah et al. [23] for detecting
bark beetle infestation, two indices (HVI 1 and HVI 2) were promising. For the first study
area, although all three of the above indices had a similar very high OAA (≥ 98.84%) (see
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Section 3.3.2 and Figure 12), differences were noted based on the threshold analysis (see
Figures 12 and 13). The normalized range of values in which the indices with corresponding
thresholds correctly classify the sample spruces by more than 97.5% was significantly larger
for HI 1 (0.25) than for HVI 2 (0.13) and HVI 1 (0.08). In other words, the threshold for
differentiating between infested and healthy spruces can be set more flexibly for HI 1,
with a maximum error tolerance of 2.5%, than for HVI 1 and HVI 2. As a result, different
early bark beetle infestation scenarios can be designed for HI 1. In this study, a moderate
infestation was assumed with a threshold of 2175. The exact threshold value should
probably be adjusted for other study areas. However, an optimistic (1911) or pessimistic
infestation (2220) would also be conceivable (see Figure 10, light grey area). Considering
the bark beetle’s rapid reproductive potential, a rather pessimistic scenario should be used.
This implies that it should be accepted that healthy spruces are mistakenly removed.

Comparing the long-term validation from the second study area (see Figure 14a–c),
HI 1 could fully detect three of the five spruces and partially identify one that were infested
(green attack) on 10 July 2019, and infested (brown crown) on 22 September 2019. In
contrast, HVI 1 could only partially detect one spruce and HVI 2 can fully identify one
spruce and partially identify two. However, for HI 1 and HVI 1, there was a risk that
healthy spruces would be classified as infested. Here, the threshold values used can be
adjusted accordingly to counteract this.

Since the canopy discoloration (brown crown) can theoretically begin about 6 weeks
after infestation, and the time period used for long-term validation is 76 days, there is a risk
of misclassification. On the one hand, the spruces could have been infested after the HySpex
data acquisition. This means that these spruces were healthy at the time of data acquisition,
were incorrectly classified as infested and then a short time later actually became infested.
On the other hand, it is also possible that the indices incorrectly classified infested spruces
as healthy. Accordingly, it is not clear whether or not the indices detected all potentially
infested spruces at the time of data acquisition. Nevertheless, the indices can be compared
with each other and in the case of long-term validation, HI 1 was superior to the other
indices (HVI 1 and HVI 2). This also confirms the previous findings of Lausch et al. [22]
and Abdullah et al. [23] that the red-edge area in particular is relevant for bark beetle
detection, as HI 1 uses the increase in reflectance in the red-edge.

Due to the low number of central pixels (181) used for the calculation of the OAA, the
resulting OAA is probably too optimistic. Nevertheless, HI 1 can be successfully transferred
to the second study area, and, in the long-term validation, detect more spruce in early bark
beetle infestation than other suitable indices. Accordingly, we assume that the accuracy
might be slightly lower when transferred to a further external study area, but that the early
bark beetle infestation can still be detected. Consequently, HI 1 can also be transferred to
another similar forest stand in order to be applied at forest level for early detection of bark
beetle infestation (green attack). For this, a very high spatial resolution of the hyperspectral
data should be given (≤0.3 m) and the threshold value of HI 1 should be adjusted. For
this purpose, our defined threshold value (2175) can be used as a reference value. Overall,
since HI 1 detected infested spruces that visually did not have a brown crown both during
validation based on the sample spruces (see Figure 11) in the first study area and when HI 1
was transferred to the second study area during long-term validation (see Figure 14c,d),
HI 1 has great potential for forest protection strategies aimed at identifying infested spruce
in order to mitigate outbreaks.

4.4. Limitations

The main limitation of this preliminary study was the small sample size with five
sample spruces (see Section 2.2.1), of which only three had a unique GPS assignment. The
crucial point was that bark beetle infestation in the investigated forest was only selective.
Especially, the early bark beetle infestation (green attack) represented only a fraction of
the infested spruces and was difficult to detect even for experts, which led to the small
sample size.
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In addition, spectral measurements of needles with branches with spatial resolution
of the HySpex data would be beneficial (see Section 4.1). Supplementary to this, other
needle classes could also be introduced. For example, a class for mean canopy height
and a distinction into sun-exposed needles could be created. Moreover, extending the
wavelength range of the HySpex data from 1000–2500 nm was beneficial to establish and
verify other indices. Furthermore, a second orthophoto with higher resolution would be
beneficial for better long-term validation.

On the one hand, we recommend a very high spatial resolution of the hyperspectral
data for early bark beetle detection, in order to specifically identify individual spruce
branches. This makes it easier to avoid mixed pixels and shadowing effects. Orthophotos
with an even higher resolution can also greatly improve the accuracy of masking and thus
the classification. In this study, a spatial resolution of the hyperspectral data of 0.3 m in
combination with 0.1 m spatial resolution of the orthophotos proved to be sufficiently high
resolution and useful, respectively. Since information on canopy structure was crucial for
the selection of central pixels (see Section 4.1), LiDAR data could also be beneficial.

On the other hand, we recommend a high temporal resolution for continuous moni-
toring. Considering the life cycle of the bark beetle, the temporal resolution should take a
maximum of 2 weeks in order to identify infested spruces at a very early stage during the
next acquisition, before the new bark beetle generation flies out. For one-time monitoring,
two data acquisitions with a time interval of about 30 days were advantageous. In the
first acquisition, a suitable index, such as HI 1, can be applied and verified using field
data. The second acquisition is then used for long-term validation of the index. If this is
successful, the index can be applied to the second acquisition and the detected infested
spruces can be removed.

5. Conclusions

The aim of this preliminary study was to clarify whether it is possible to detect an
early bark beetle infestation (green attack) with high spatial resolution hyperspectral data
(0.3 m). For this purpose, indices based on hyperspectral data (HySpex indices) as well
as field spectrometer measurements (laboratory indices) were developed. Finally, it was
examined whether potential indices can be transferred to other study sites. The novelty of
this study is the linkage of close-range ASD spectrometer with airborne HySpex RS data
and a long-term validation for the detection of an early bark beetle infestation.

For this purpose, hyperspectral airborne data, field laboratory data from needles of
healthy and infested spruces and orthophotos were acquired in a flight and field campaign
on 8 and 10 July 2019. The data were then preprocessed accordingly and hyperspectral
indices (HI 1–2) and laboratory indices (LI 1–3) were defined for bark beetle detection.

The analysis results show that for the laboratory data the laboratory indices, especially
LI 3, and for the hyperspectral data the hyperspectral indices, especially HI 1, are the most
suitable. The reason for this is that the laboratory data at the needle level (1–2 cm) did not
match the hyperspectral data at the pixel level (30 cm). Not only needles but also other
elements, such as twigs, bark, shadowing effects and the underlying vegetation and soil
were present at pixel level. Overall, the laboratory indices were overly sensitive to the
subtle differences between needle samples.

Compared to other commonly used hyperspectral vegetation indices (HVI 1–2),
HI 1 is superior to them when validated against field data, and in long-term validation
HI 1 can not only correctly classify more infested spruces in early bark beetle infesta-
tion (green attack), but also has greater range to set the threshold between classes so
that different scenarios can be defined, for example, simulating more optimistic or more
pessimistic infestations.

Furthermore, it can be noted that the results of this study were limited by a lack of
reference data in terms of quantity and quality, e.g., unfavorable conditions during data ac-
quisition, an undersized sample size and the lack of another field campaign for validation.
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In the future, it is planned to evaluate thermal data that were also obtained during the
flight campaign and to combine the resulting findings with the results presented here. For
this purpose, indices could be designed on the basis of the thermal data. A combination
of these with the indices presented here is also conceivable. It would also be advisable to
manufacture a special “bark beetle camera” that only takes into account the spectral bands
in the red-edge, according to HI 1 and provides a high spatial resolution.

In summary, based on the high-resolution hyperspectral data in combination with
laboratory data, a suitable index (HI 1) could be determined, which can detect an earlier
bark beetle infestation (green attack). This index is superior to other commonly used
indices and achieves a very high accuracy (OAA = 98.84%) in the validation with field
data, and can also identify a large proportion of the infested spruces in time in the long-
term validation when applied to another study area. Due to a lack of reference data, it is
recommended to further verify the results presented here.

Given the reproductive potential of the bark beetle and the damage it has caused so
far, as well as drought conditions causing further forest degradation, forest monitoring
with RS is a relevant approach. HI 1 has great potential for identifying infested spruces at
an early stage of infestation (green attack).

In the future, the linking of the different scales of laboratory measurements, close-
range, airborne and spaceborne data for the cal/val of airborne and spaceborne data has
to be optimized. Furthermore, multitemporal and multisensoral RS approaches (hyper-
spectral/TIR) are needed to comprehensively monitor and quantify forest health and
green attack detection of bark beetle infestation through biochemical, functional as well as
structural forest traits [35].
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Appendix A

Table A1. Normalized laboratory indices of the averaging scenarios for tree 1–5. The last two columns show the normalized
distance between infested (green attack, T1 and T4) and healthy (T2 and T3) spruces (normalized from T1–4) and the
normalized distance between infested (T1, T4 and T5) and healthy (T2 and T3) spruces (normalized from T1–5). In the
context of the laboratory data, all laboratory indices can be used to differentiate between healthy and infested spruces due
to the positive difference. For LI 1 and LI 2, the difference decreases strongly when T5 (infested, brown crown) is taken
into account (blue numbers). For LI 3, however, the difference decreases only slightly (red numbers). LI 3 is less prone to
misclassification than LI 1 and LI 2 due to the larger difference.

Scenario Index T2 T3 T1 T4 T5 T1,T4–T2,T3 T1,T4,T5–T2,T3

Scenario I
LI 1 0.45 0.00 0.86 1.00 0.59 0.41 0.14
LI 2 0.52 1.00 0.14 0.00 0.64 0.37 0.13
LI 3 0.59 1.00 0.03 0.00 0.18 0.55 0.41

Scenario II
LI 1 0.44 0.00 0.81 1.00 0.71 0.37 0.26
LI 2 0.53 1.00 0.21 0.00 0.49 0.32 0.04
LI 3 0.56 1.00 0.07 0.00 0.09 0.49 0.48

Scenario III
LI 1 0.43 0.00 0.81 1.00 0.64 0.38 0.21
LI 2 0.54 1.00 0.21 0.00 0.57 0.33 0.02
LI 3 0.59 1.00 0.07 0.00 0.16 0.52 0.43

Table A2. Normalized HySpex indices for tree 1–3. The last column shows the normalized distance between infested (T1)
and healthy (T2 and T3) spruces. Due to the positive difference (see red numbers), both indices are suitable for differentiating
between healthy and infested spruce. Due to the larger difference, HI 1 is less prone to misclassification than HI 2.

Index Numerical
Measurements T1 T2 T3 T1–T2,T3

HI 1 P5th–P95th Range 0.00–0.31 0.57–0.87 0.66–1.00 0.26
HI 2 P5th–P95th Range 0.00–0.37 0.58–0.91 0.66–1.00 0.21
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32. Kycko, M.; Stereńczak, K.; Bałazy, R. Detekcja posuszu kornikowego z wykorzystaniem zobrazowań BlackBridge na przykładzie
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