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Vitality loss of trees caused by extreme weather conditions, drought stress or insect infestations, are expected to
increase with ongoing climate change. The detection of vitality loss at an early stage is thus of vital importance
for forestry and forest management to minimize ecological and economical damage. Remote sensing instruments
are able to detect changes over large areas down to the level of individual trees. The scope of our study is to
investigate whether it is possible to detect stress-related spectral changes at an early stage using hyperspectral
sensors. For this purpose, two Norway spruce (Picea abies) forest stands, both different in age and maintenance,
were monitored in the field over two vegetation periods. In parallel, time series of airborne hyperspectral remote
sensing data were acquired. For each stand 70 trees were artificially stressed (ring-barked) and 70 trees were
used as control trees. The data collected in south-eastern Germany consists of measurements at multiple times
and at different scales: (1) crown conditions were visually assessed in the field (2) needle reflectance spectra
were acquired in the laboratory using a FieldSpec spectrometer, and (3) hyperspectral airborne data (HySpex)
were flown at 0.5 m spatial resolution. We aimed for a simultaneous data acquisition at the three levels. This
unique data set was investigated whether any feature can be discriminated to detect vitality loss in trees at an
early stage. Several spectral transformations were applied to the needle and tree crown spectra, such as spectral
derivatives, vegetation indices and angle indices. All features were examined for their separability (ring-barked
vs. control trees) with the Random Forest (RF) classification algorithm. As result, the younger, well maintained
forest stand only showed minor changes over the 2-year period, whereas changes in the older forest stand were
observable both in the needle and in the hyperspectral tree crown spectra, respectively. These changes could
even be detected before changes were visible by field observations. The tree spectral reactions to ring-barking
were first noticeable 11 months after ring-barking and 6 weeks before they were visible by field inspection.
The most discriminative features for separating the two groups were the reflectance spectra and the spectral
derivatives, over the VIs or angle indices. The tree crown spectra of the two groups could be separated by the RF
classifier with a 79% overall accuracy at the beginning of the second vegetation period and 1 month later with
92% overall accuracy with high kappa index. The results clearly demonstrate the great potential of hyperspectral
remote sensing in detecting early vitality changes of stressed trees.
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1. Introduction
Natural disturbances, such as fires, insect outbreaks and wind
throws, play an important role in forest ecosystems with major
ecological as well as economic impacts. Due to changing climate
conditions the disturbance activity is expected to further increase in

the near future (Seidl et al., 2020, 2017).
To better understand ecosystem functions, but also to ensure sus
tainable forest management, forest disturbances are one of the main
research topics in forestry and ecology. Earth observation (EO) can make
a significant and cost-efficient contribution in this area as it can provide
spatially accurate and yet large-scale information on the extent of the
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disturbances quickly after the event. The remotely derived information
also provides essential input for ecological models as well as for man
agement recommendations. In recent years, the well-known potential of
EO has led to an increased use of various remote sensing platforms and
sensors for the detection of forest disturbances, also summarized in
several review studies (Atzberger et al., 2020; Lausch et al., 2017, 2016;
Rullan-Silva et al., 2013; Senf et al., 2017).
Typically, disturbances that significantly change the forest canopy
can be well identified. Examples are the detection of burned areas
(Barbosa et al., 1999; Giglio et al., 2009; Gitas et al., 2008; Pereira,
2003; Roy et al., 2005; Weirather et al., 2018), windthrows (Chehata
et al., 2014; Einzmann et al., 2017; Elatawneh et al., 2014) but also the
mapping of older bark beetle outbreaks where the trees already show
strong discolorations, e.g. red or grey-attack (Coggins et al., 2011; Fer
nandez-Carrillo et al., 2020; Franklin et al., 2003; Havašová et al., 2015;
Immitzer and Atzberger, 2014; Wulder et al., 2009; Zimmermann and
Hoffmann, 2020). In the case of infestation by biotic pests, however, the
early detection of infested trees is paramount. Only intervention at this
stage helps to prevent further spread and large outbreaks (Wermelinger,
2004). This is also the case for bark beetle infestation on spruce, which is
currently one of the most problematic disturbances in Central Europe.
To tackle this problem, increased efforts have been devoted over the
past 10 years to detect the so-called green-attack phases of bark beetle
infestation which only manifests in small and subtle spectral changes
(Abdullah et al., 2019, 2018; Fassnacht et al., 2014, 2012; Immitzer and
Atzberger, 2014; Lausch et al., 2013). The spectral data for the analysis
of the aforementioned small spectral changes were collected either
through needle sampling (e.g. Abdullah et al., 2018; Cheng et al., 2010;
Einzmann et al., 2014; Reichmuth et al., 2018), by UAVs (e.g., Immitzer
et al., 2017; Klouček et al., 2019; Näsi et al., 2018, 2015; Safonova et al.,
2019), aircrafts (e.g., Fassnacht et al., 2014; Lausch et al., 2013; Nie
mann et al., 2015) or satellites (e.g., Abdullah et al., 2019; Immitzer and
Atzberger, 2014; Meddens et al., 2013). Several of these studies show
the potential of high-quality state-of-the-art remote sensing sensors with
high to very high spectral resolution. The same studies also highlight the
often-limited spatial resolution of the employed sensors which do not
allow an analysis of individual tree crowns. It is well known, however,
that next to the spectral resolution a finer spatial resolution can lead to
higher mapping accuracies (Lausch et al., 2013; Näsi et al., 2018).
The task is further exuberated by the fact that natural ecosystems
often react very differently to biotic disturbances. The infestation of bark
beetles, for example, depends on the one hand on the development of the
beetle population, which is strongly driven by the weather, and on the
other hand on the resistance of the trees. Furthermore, it is possible that
the typical sequence of green, red and grey-attack does not occur and
that the trees lose their needles even before the discoloration (i.e. no redattack is observed). It also has to be considered, that spectro-temporal
signatures of forests are highly variable due to different growing con
ditions, highly variable stand characteristics (e.g. age structure, canopy
density, crown coverage,) and different management regimes (Grabska
and Socha, 2021; Schlerf and Atzberger, 2006). Even without taking
disturbances into account, the research community still struggles to
correctly model the optical properties of forest canopies (Widlowski
et al., 2015). Together, this makes early detection of infestation using EO
more difficult and explains why no operational bark beetle detection
systems are yet available (Atzberger et al., 2020; Zimmermann and
Hoffmann, 2020).
The scope of this study is the early detection of stress-induced
spectral changes in Norway spruce stand with hyperspectral data.
Compared to other studies, the experimental set-up was optimized to
better cover and characterize the stress period. To simulate a bark beetle
infestation, trees were manually stressed by removal of the bark, phloem
and cambium (ring-barking). This treatment interrupts the phloem sap
flow from the needles to the roots. A ring-barked spruce tree will die
after 1–3 years (Roth et al., 2001). The ring-barking simulates a bark
beetle infestation as the Spruce beetles infest the phloem-cambial region

of tree and the larvae starts to feed on the phloem. By feasting on the
vital tree’s bast fibre, the infested trees start to die off (Foster et al.,
2017; Seybold et al., 2008). Nearby trees from a control group were left
unchanged and two forests were chosen to assess the impact of tree age.
Data were repeatedly collected over two vegetation periods at three
different scales: (i) field observations to visually assess crown condi
tions, (ii) needle sampling and laboratory needle reflectance spectra
(ASD FieldSpec), and (iii) hyperspectral airborne (HySpex) data with
sub-meter spatial resolution. A part of this experiment and preliminary
results were published in Reichmuth et al. (2018) who analyzed needle
spectra of eight ring-barked trees and eight control trees for assessing the
separability of the two groups using spectral reflectance, vegetation
indices and derivative analysis.
Using this unique data set, we investigate the following research
questions
1) Is it possible to reliably detect vitality changes in spruce forests with
hyperspectral data on needle and crown level?
2) When are changes in the spectral behavior due to ring-barking first
noticeable?
3) Which are the most discriminative spectral features?
4) Are findings related to tree age?
2. Material and methods
The study involved a large amount of terrestrial, laboratory and
airborne data (Fig. 1). The data are described in the next sub-sections,
along with a description of the study site and the methods employed
for data analysis.
2.1. Test site
A test site near the town of Altötting (48◦ 13′ N, 12◦ 43′ E) in Bavaria,
Germany was selected for this study (Fig. 2). For our analysis, two spruce
forest stands of different age were selected:
• Standyoung (“Gaderbogen”): a 60 year old forest stand, wellmaintained with an even thinning
• Standold (“Einsiedl”): an 80–100 year old forest stand, denser with
unevenly spaced trees
Both forest stands are located on flat terrain approximately 415 m
above sea level. The forests grow on calcareous gravel fields from the
last glacial period covered with weak podzolic luvisol providing good
root penetration and nutrition. The potential natural vegetation is a
beech forest with few oaks. The current vegetation is spruce in mono
culture stands. The ground cover mainly consists of wood small-reed
(Calamagrostis epigejos), European blackberry (Rubus fruticosus agg.)
and European red raspberry (Rubus idaeus) (LWF, 2014).
The climate of the study area is subcontinental with a mean tem
perature of 7.8 ◦ C and a yearly mean precipitation of 940 mm
(1998–2013). The mean vegetation period (days above 10 ◦ C daily
average temperature) is 158 days per year (LWF, 2014). Detailed
climate analysis shows in particular that the first year of experiments
started with a colder winter, but temperatures began to rise from April
onwards to above the long-term average. During the vegetation period
(April till October), the average air temperature for both years was
higher (13.8 ◦ C in 2013; 14.0 ◦ C in 2014) compared to the long-term
average (12.6 ◦ C).
2.2. Experimental stress induction in Spruce trees by ring-barking
To ensure sufficiently stressed trees next to healthy trees, we artifi
cially stressed trees using the ring-barking (girdling) method (Noel,
1970). Ring-barking was conducted manually with a bark stripper (de
barker) removing an approximate 20 cm broad bark stripe at breast
2
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Fig. 1. Overview of main data sources and processing steps.

height (Fig. 2). This damage disrupts the nutrient flow from the needles
to the roots and negatively influences the vitality of the tree. Healthy
(control) trees were selected in near-by locations to ensure similar
growing conditions (see Fig. 2). While selecting the trees for the study
(both the deliberately stressed and the healthy trees), care was taken to
select predominantly pre-mating trees with a sufficiently large crown, to
ensure unbiased findings and to facilitate the spectral measurements.
In each of the two forest stands, 140 trees have been monitored. All
trees were uniquely numbered and their position was measured using a
GPS device. On each site, 70 trees were ring-barked and 70 control trees
remained untreated. The trees were ring-barked on 13 June 2013 and
monitored until August 2014.

2014.
An overview of the data acquisition can be found in the result chapter
(Fig. 5).
2.3.1. Crown condition assessment
Terrestrial crown conditions were assessed 24 times, visually
appraising the tree vitality. The quality of the crown condition assess
ment depends heavily on the visibility of the tree crown. This informa
tion is important in order to be able to make conclusions about the
reliability of the crown assessment. The visibility of the tree was noted
and classified in one of the five classes reaching from “entire crown
clearly visible” to “crown not visible”. Recorded vitality measures
included yellowing, needle leaf loss, fructification and pest infestation.
Yellowing was recorded in 5% increments. Needle leaf loss was esti
mated and recorded as well in 5% increments and assigned to five
damage classes reaching from “without damage” to “dead”. Fructifica
tion was addressed in four stages reaching from “no fructification” to
“strong fructification”. A distinction was made between old and new
fructification, as well as the stage of development of the new fructifi
cation. Pest infestation for each tree was noted as well, specifying the
type of damage and if possible, the vermin. The foresters used field
glasses for the crown condition assessment and monitored each tree each
time from the same position. More criteria which are not relevant for
this study (for example strength classes) were noted. A detailed
description of the crown condition assessment is given in the standard
recommendations by Bavarian State Institute of Forestry (LWF, 2012).

2.3. Data acquisition and preprocessing
The data acquisition started in May 2013 and included multiple
levels: Satellite data, aircraft data, sampling in tree crowns, and groundbased crown condition assessment. Great care was taken to synchronise
the field activities with the remote sensing data acquisitions. The data
acquisition was mainly done in the summer months. The crown condi
tion assessments were performed as often as possible by a forester. For
the needle sampling a field campaign with tree climbers and several
people on the ground were needed. The hyperspectral data acquisitions
were scheduled once a week but were highly dependent on weather
conditions. WorldView-2 data were taken three times in 2013 and three
times in 2014. However, due to unfavourable weather conditions and
suboptimal acquisition parameters (mainly too large off-nadir angles),
this data was not included in the analysis. It has also to be noted that
bark beetle infestation occurred in early summer 2014 which led to the
felling of the affected trees and to the end of the experiment in July

2.3.2. Needle spectra measurement
In each forest stand, eight trees were selected for sampling: four
control trees and four ring-barked trees. The sampling was done seven
3
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Fig. 2. CIR composition of the test site using HySpex flight line from 5 Aug 2013 (RGB = bands 124, 68,33; grey border) and orthoimage in the background (a).
Location of the test site in South-Germany (b) and detail views of the young (c) and old stand (d) with the control and ring-barked trees. Ring-barking process (e) and
group of ring-barked trees (f).

times during the study period (four times in 2013, three times in 2014).
Experienced tree climbers cut down 1–2 branches per probed tree from
the sun-lit crown. On site, the branches were subdivided into twigs of the
last four vegetation periods (2010–2013, see Fig. 3). The twigs per
vegetation period were immediately refrigerated and brought to the lab.
On the following day, the needles were cut from the twigs and measured
separately for each tree and each vegetation period with an ASD Field
Spec Pro FR spectrometer (Analytical Spectral Devices, Inc., Boulder,
CO, US), covering the range 350–2500 nm. For the spectral measure
ments of the needle samples, a contact probe was used, which measures
directly on the needle surface (see Fig. 3). Using a contact probe over a
dense stack of needles ensures obtaining pure needle spectra. Each
needle spectrum consists of a mean of 16 single spectral measurements.

The ASD spectrometer was selected to ensure that all channels of the
aircraft-mounted hyperspectral sensors are covered (see Table 1). For
details of needle collection and needle measurements see Einzmann
et al. (2014). This work highlighted also the importance of a separated
analyses of the needle age classes.
2.3.3. Hyperspectral airborne data acquisition
The hyperspectral data were collected from an imaging spectrometer
system being mounted on a Cessna C 208 aircraft. The aircraft had a
flight height of approximately 600 m and was operated by the German
Aerospace Center (DLR) in Oberpfaffenhofen. The imaging spectrometer
system consists of two individual HySpex sensors from Norsk Elektro
Optic. The visible and near infrared (VNIR) spectral domain is recorded
by HySpex VNIR-1600 and the short-wave infrared (SWIR) domain is
covered by SWIR-320 m-e (Köhler, 2016). Details are reported in
Table 1. Since there is an overlap of the two sensors (968–992 nm), the
Table 1
Main HySpex sensor characteristics (based on Köhler (2016)).

Fig. 3. Needle sampling and measurement: Needle age classes 2010–2013 (a)
and spectral measurement with the contact probe (b).

HySpex sensor

VNIR-1600

SWIR-320 m-e

Spectral range
Spectral bands
Spectral sampling interval
Field of view (FOV)
Spatial resolution at 600 m above ground

416–992 nm
160
3.6 nm
16.7◦
0.5 m

994 (968a)–2498 nm
252 (256a)
6 nm
13.2◦
1m

a

4
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first four channels of the SWIR sensor have been removed, resulting in a
total of 412 analyzed channels. During the experimental period, the
study area was overflown eleven times (green dots in Fig. 5).
The hyperspectral sensor surveys were conducted eight times in
2013 (once before ring-barking) and three times in 2014. The data was
preprocessed at DLR using well-established processing routines (Hab
ermeyer et al., 2005; Holzwarth et al., 2011; Krauß et al., 2013), leading
to top-of-canopy spectral bi-directional reflectances. The processing
steps included an automatic system correction, a parametrical orthor
ectification (Müller et al., 2005), merging of the data of both sensors and
a scene-based atmospheric correction (ATCOR) (Richter et al., 2011).
Data taken within the ozone and water vapor absorption regions (760
nm, 940 nm, 1130 nm, 1400 nm and 1900 nm) were removed and refilled with interpolated values. As part of the georectification, the data
of the SWIR sensor with 1 m spatial resolution were resampled to 0.5 m
resulting in the same spatial resolution as VNIR data and merged to a full
data cube. Finally, quality control was carried out (Bachmann et al.,
2007).
Based on the GPS measurements the corresponding tree crown were
selected and to minimize shadow influences, the well-lit part of the tree
crown of all monitored trees were manually delineated in all hyper
spectral airborne data sets (Fig. 4). Afterwards, mean reflectance spectra
of the individual tree crowns were extracted.

Table 2
Vegetation indices used for the present study.
Index

Equation

Reference

Leaf pigment and canopy density indices
R(554)
Greenness Index
GI =
R(677)
Modified
MCARI = [(R700) − R(670) ) −
)
Chlorophyll
R(700)
0.2*(R(700) − R(550) ]*
Absorption
R(670)
Ratio Index
R(750) − R(445)
Modified Red Edge
MRESR =
Simple Ratio
R(750) − R(445)
Normalized
Difference
Lignin Index
Normalized
Difference
Vegetation
Index
Photochemical
Reflectance
Index
Plant Senescence
Reflectance
Index
Red Edge
Normalized
Difference
Vegetation
Index

2.4. Hyperspectral data smoothing and feature extraction
To minimize noise, the extracted data were smoothed with a modi
fied Whittaker Smoother (Atzberger and Eilers, 2011). We used standard
settings of the Whittaker smoother with lambda set to 10 and using the
2nd derivative for roughness calculations. After application of the
Whittaker smoother, first and second order derivatives were calculated
from the needle and HySpex spectra using first difference transformation
(FDR) (Dawson and Curran, 1998). The analysis of the derivatives helps
to distinguish spectral features that would otherwise not be visible in the
original spectral signatures. Derivatives are also usually more robust
against illumination differences compared to the input spectra (Tsai and
Philpot, 1998).
To further enhance different traits of the vegetation cover (e.g., leaf
area index (LAI), water content, cell structure, leaf chlorophyll content),
fifteen vegetation indices (VIs) were calculated (Table 2), for both
needle and HySpex data. The calculated VIs can be separated in four
groups:

)
(
)
1
1
− log
R(1754)
R(1680)
)
(
)
NDLI = (
1
1
log
+ log
R(1754)
R(1680)
(

log

NDVI =

PRI =

R(800) − R(680)
R(800) + R(680)

R(531) − R(570)
R(531) + R(570)

PSRI =

R(677) − R(500)
R(750)

RENDVI =

R(750) − R(705)
R(750) + R(705)

Water stress indices
R(819) − R(1649)
Normalized
NDII =
Difference
R(819) + R(1649)
Infrared Index
R(857) − R(1241)
Normalized
NDWI =
Difference
R(857) + R(1241)
Water Index
Water Band Index
R(970)
WBI =
R(900)
Angle indices (*)
Angle at NIR
Shortwave
Angle Slope
Index
Red edge indices
Red Edge
Inflection Point
REIPFDR (**)

Red Edge
Inflection Point
REIPGuyot

(

)
a2 + b2 + c2
2*a*b)
(
)
a2 + b2 + c2
SASI (βSWIR1 ) = cos− 1
*
2*a*b

ANIR (αNIR ) = cos−

1

Smith et al.
(1995)
Daughtry et al.
(2000)
Datt (1999),
Sims and Gamon
(2002)
Fourty et al.
(1996), Melillo
et al. (1982),
Serrano et al.
(2002)
Rouse et al.
(1974)
Gamon et al.
(1997, 1992)
Merzlyak et al.
(1999)
Gitelson and
Merzlyak (1994)

Hardisky et al.
(1983)
Gao (1996)
Champagne et al.
(2001), Penuelas
et al. (1993)
Khanna et al.
(2007)

Palacios-Orueta
et al. (2006)

slope
slope = SWIR2 − NIR
dR
=
dW
reflectance bandi+1 − reflectance bandi
wavelenght bandi+1 − wavelenght bandi
( )
d2R
d
dR
′
=
R′ =
dW2
dW dW

R =
′

REIPGuyot = 700 + 40*
⎡
⎢
⎣

Dawson and
Curran (1998),
Mutanga and
Skidmore (2007)
Guyot et al.
(1988)

⎤
R(670) + R(780)
− R(700)
⎥
2
⎦
R(740) − R(700)

The thirteen indices were broadly subdivided in ‘leaf pigment and canopy
density indices’, ‘water stress indies’, ‘angle indices’ and ‘red edge indices’.
(*) For ANIR a, b and c are Euclidian distances between the vertices RED (R646)
and NIR(R858), NIR and SWIR1(R1237), and RED and SWIR1 (Palacios-Orueta
et al., 2006). Whereas for SASI a, b and c are Euclidian distances between the
vertices NIR(R858) and SWIR1(R1237), SWIR1 and SWIR2(R1639), and NIR
and SWIR2 (Khanna et al., 2007).
(**) REIPFDR = R’ is the 1st derivative and R´ is the 2nd derivative. dR is the
difference of reflectance of spectral bandi+1 and spectral bandi. dW corresponds
to the difference in wavelength between spectral bandi+1 and spectral bandi.

Fig. 4. Example for the manual delineation of tree crowns (polygons) in
Standold for the airborne HySpex data from 05 August 2013 (CIR composition:
RGB = bands 124, 68,33).
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• VIs related to leaf pigments or cell structure (‘leaf pigment and
canopy density indices’),
• VIs related to water content (‘water stress indices’),
• VIs designed to parameterize the shape of the recorded spectra
(‘angle indices’), and
• VIs looking specifically at the red edge of vegetation spectra (‘red
edge indices’).

year. Eleven months after ring-barking, the crown condition assessment
on 22 May 2014, showed only minor changes in yellowing, fructification
and needle loss. During the last two assessments in June 2014 bark
beetle attacks could be detected in several trees (see dark blue line in
Fig. 5).
Tree climbers detected a bark beetle attack in two ring-barked tree
tops during needle sampling (05 June 2014) in Standold. The infestation
was not visible from the ground, also no boring dust was visible on the
tree foot. During the last two field surveys (13 and 18 June 2014) bark
beetle infestations were found in several, predominantly ring-barked
trees in both forest stands: 49 trees in Standold and 35 trees in Stand
young (see Table 3). Only four control trees were infested in the older
forest stand (Standold) and two control trees were infested in the younger
forest stand (Standyoung). In both forest stands, needle loss increased
significantly between the last two field assessments (13 and 18 June
2014) for the ring-barked trees. For some of these trees with minor
needle loss, it was assumed that the bark beetles just recently drilled into
the trees. The infestation led to the end of the experiment, as all infested
trees had to be removed to secure the remaining forest.

2.5. Class separability and classification: T-test and Random Forest
classifier
For assessing the separability of the two groups of ring-barked and
control trees, a modified statistical t-test (Welch-test) was utilized. In
this respect, VIs, REIPs and angel indices of the two groups for each date
were statistically examined.
To further examine the separability of control and ring-barked trees,
we also used a classical Random Forest classifier (Breiman, 2001). This
allowed to examine the individual features for their respective
discriminative power, as well as to 1) examine which input data is best
suitable to distinguish stressed and unstressed trees, and 2) to determine
the time at which differences between the spectra of the two groups
(ring-barked trees and control trees) are at first recognizable. All fea
tures were tested to determine the highest importance for separating the
two vitality levels/groups by using feature importance measures in
Random Forest.(all individual bands, VIs, REIPs, angle indices, and
derivatives).
.The Random Forest classifications were applied in R Version 3.4 (R
Core Team, 2017) using the randomForest (Liaw and Wiener, 2002)
package. The models were trained with the often used standard values
for mtry (square root of the number of input data) and 1000 trees
(Immitzer et al., 2019, 2018).

3.2. Changes of needle and tree crown spectra between start and end of
experiment
To localize changes in both needle and tree crown spectra over time,
the mean spectra of ring-barked trees and mean control trees (± stan
dard deviation) were examined (Fig. 6). The graphs on the left show a
significant change in vitality of the needle spectra (needle year 2010) of
the older forest stand (Standold). At the time of the first sampling (16
July 2013, Fig. 6a), the averaged spectra of the control trees and the
stressed trees were almost alike. At the last sampling date (23 June
Table 3
Overview of temporal development of bark beetle infestation in Einsiedl
(Standold) and Gaderbogen (Standyoung) in 2014 during field assessment.

3. Results
3.1. General reactions of the two forest stands to the artificial stress

Date

Although the two forest stands grow under very similar site condi
tions, they reacted differently to ring-barking. The younger, wellmaintained forest stand (Standyoung) was found less susceptibility to
the artificial stress, compared to the older, denser forest stand (Standold),
where trees are planted irregularly.
Within the first growing season (2013), no significant changes of the
stressed trees could be detected during field surveys. Only in a few
sampled trees a slightly higher loss of needles was recorded, especially
concerning the needles from older age classes. All monitored trees were
nevertheless able to withstand the artificially induced stress for almost a

10.01.2014
25.02.2014
27.03.2014
11.04.2014
22.05.2014
14.06.2014
17.06.2014

Standold

Standyoung

Attacked ringbarked trees

Attacked
control trees

Attacked ringbarked trees

Attacked
control trees

0
0
0
0
0
40
49

0
0
0
0
0
4
4

0
0
0
0
0
28
35

0
0
0
0
0
0
2

Data from 2013 are not shown since there were no infestations recorded.

Fig. 5. Overview of data acquisitions from airborne platform and field activities. The vertical lines indicate important dates: ring-barking (red), vitality change
detected in needle spectra (yellow), vitality change detected in the hyperspectral airborne data (green) as well as bark beetle infestation visible in the field (dark
blue). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Mean spectral signature of needles (left) and mean spectral signature of tree crowns (right) of the forest Standold: spectral signatures of the needle year 2010
from 16.07.2013 (a) and 23.06.2014 (c) and spectral crown signatures from 15.05.2013 (b) and 18.07.2013 (d).

2014, Fig. 6c), however, the spectra of stressed trees differed signifi
cantly from the mean of the control trees, while the control tree spectra
had not changed over time. Compared to the mean of the control trees,
the needle reflectance of artificially stressed trees increased in the visible
(mainly red) and SWIR range, while a decrease was observed in the NIR.
This is a typical reaction to vitality losses where contents of photosyn
thetic pigments (i.e. chlorophyll) and leaf water are reduced, while the
cell structure is altered (Carter and Knapp, 2001; Entcheva Campbell
et al., 2004; Meiforth et al., 2020).
The crown spectra behaved in a similar way (Fig. 6b,d). At the
beginning of the experiment (15 May 2013, Fig. 6b) the spectra of ringbarked trees and the control group are very similar while changes be
tween the two groups are clearly visible 14 month later (18 July 2014,
Fig. 6d). The spectral reflectance decreased both in the visible and NIR
and increased in SWIR range. Hence, in addition to altered leaf optical
properties, a needle loss is evident from those spectra.
These stress-induced changes were mainly visible in the older forest
stand (Standold), whereas in the well-maintained younger forest stand
(Standyoung) only minor changes were observed (not shown).

there is a clear difference between the two groups. The averaged spec
trum of the control trees is almost unchanged, while the spectrum of the
stressed trees has changed. We notice that the green peak has moved
from 550 to 554 nm while the REIPFDR has decreased from 719 to 712
nm. The same behavior is observable for the other needle age classes
(not shown) of Standold, whereas the changes are less distinct in the
younger forest stand Standyoung (not shown).
The hyperspectral tree crown data display a similar trend (Fig. 8). As
an example, the spectra and derivates of a ring-barked tree are plotted
(tree no. 81, Fig. 8b and d). This tree was infested by bark beetles in
2014. The green peak shifted from 556.1 to 563.3 nm, while the REIPFDR
decreased from 721.7 to 714.5 nm. Whereas the spectra of a control tree
(tree no. 87) from the same stand (Fig. 8a and c) shows only small
changes in spectral reflectance. Green peak and REIPFDR do not change.
The needle spectra of this tree, as well as REIPs, change in a similar
way (Fig. 9). Shown is the first sample of 2013 together with three
sampling dates of the second vegetation period. Both REIPFDR (grey) and
REIPGuyot (red) decrease continually over time, with REIPFRD revealing a
slightly stronger decrease.
Bean plots of the pooled data combining observations from all trees
and the two test sites, show the temporal development of the REIPGuyot
values for both needle (Fig. 10) and tree crown spectra (Fig. 11). Even if
the sample size for the needle spectra is small, the temporal develop
ment of both needle spectra and tree crown spectra is shown with bean
plots for better visual comparison. For the needle data of Standold
(Fig. 10a), the REIPGuyot values for the stressed trees (orange) decrease
from 01 April 2014 onwards for all needle age classes (only needle age
class 2013 shown in Fig. 10), while the control trees (green) remain
constant or experience a slight increase. For the needles of Standyoung
(Fig. 10b), the two groups are significantly different from 05 June 2014
onwards.

3.3. Temporal changes of spectral features
3.3.1. Derivatives and red edge parameters
The derivative analysis and the two red edge parameters show
similar results for needle and tree crown data (Figs. 7 and 8). For the
needle spectra, needle year 2010 of the older forest stand is displayed as
example (Fig. 7). When comparing the mean control spectra (Fig. 7a,c)
with the mean spectra of the ring-barked trees (Fig. 7b,d), the spectra of
the two groups are very similar at the beginning of the measurement
campaign (16 July 2013). Likewise, the green peak and the REIPFDR
have similar values. At the end of the measurement campaign, however,
7
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Fig. 7. Mean needle spectra (needle year 2010) of the forest Standold with 1st and 2nd derivative of control trees (left) and ring-barked trees (right) from 16.07.2013
(a, b) and 23.06.2014 (c, d). The green and red dots indicate the location of green peak and REIPFDR. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

8

K. Einzmann et al.

Remote Sensing of Environment 266 (2021) 112676

Fig. 8. Tree crown spectra of a ring-barked tree in Standold (tree no. 81, right) and a control tree (tree no. 87, left) with 1st and 2nd derivative from 15.05.2013 (a, b)
and 11.06.2014 (c, d). Also shown are the location of green peak (green dot) and REIPFDR (red dot). The grey areas represent those areas that were interpolated in the
preprocessing due to gaseous absorptions in the atmosphere (O3, H2O, CO2). (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

The REIPGuyot values for the tree crown spectra behave similarly
(Fig. 11). In 2013, the two groups show comparable values and remain
nearly unchanged during the first vegetation period. From May 2014
onwards the two groups differ, especially in the older forest stand
(Standold, Fig. 11a). Note that the apparent separability of the two
groups in Standyoung (Fig. 11b) on 21 August 2013 are artefacts, due to
cloud shadows in the HySpex data over that area.

3.3.2. Vegetation indices
Analyzing the various VIs (Table 2), we found that the water stress
indices generally react less clearly to the artificial weakening, whereas
the leaf pigment and cell structure indices respond stronger.
For the needle analysis of the older forest stand (Standold) most of the
VIs (GI, PRI, MCARI, MRESR, MSI, NDII, NDLI, NDWI, RENDVI and
WBI) show significant difference towards the end of the study period
(last two measurements 04 and 23 June 2014). However, the VIs vary
9
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Fig. 9. Temporal development of needle reflectance spectra, 1st and 2nd derivative and two inflection points of a ring-barked tree in Standold (tree no. 54 - needle
year 2010): REIPFDR of the first derivate (grey) and REIPGuyot (red) for 16.07.2013 (a), 01.04.2014 (b), 05.06.2014 (c) and 23.06.2014 (d). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. Development of REIPGuyot derived from needle spectra (needle year 2013) of control trees (green) and ring-barked trees (orange) Standold (a) and Standyoung
(b). In a single bean, the short horizontal lines represent measured values. The black thick lines are the means of the particular group. The symbol * indicates
statistically significant differences. Note: The sample size of needle spectra (2 × 8) is small for bean plots but they are used for an easy visual comparison with the
bean plots of the tree crown spectra. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

slightly within the different needle years. For the younger forest stand
(Standyoung) the two groups are significantly different starting from 05
June 2014 for GI, MCARI and MRESER. Again, some variations between
needle classes are seen. In some cases, the VIs are only significantly
different for the last measurement date (23 June 2014).
The two most reactive indices PRI and MCARI are shown as bean
plots for both forest stands (Fig. 12). The PRI values of the stressed trees
are steadily decreasing in 2014. For the needle years 2013 and 2012, this
is significant as of 05 June 2014 in Standold (Fig. 12). The PRI of
Standyoung does show similar changes without being significant.
For Standold the mean values of the ring-barked trees increase for
MCARI in both forest stands from 01 April 2014 onwards. The two
groups show a significant change for the younger needle years (2013 and
2012) starting from 05 June 2014. The same development was found for
the needle spectra in Standyoung.
Similarly, the tree crown spectra showed changes between the con
trol and ring-barked trees over time using the leaf pigment and canopy
density indices (GI, MCARI, MRESR, PRI, PRSI and RENDVI). The results
for PSRI and MRESR are shown as example (Figs. 13 and 14). From the
first measurement in the second vegetation period (05 May 2014)

onwards, all these indices were significantly different for the two groups
for the older forest stand. On the contrary, for the younger forest stand,
only the PRI values showed a significant reaction. For the other indices
in Standyoung the difference between the two groups appeared first at 11
June 2014.
For the needle spectra, only the SASI shows significant differences
between the ring-barked trees and the control trees (Fig. 15), whereas
ANIR is insignificant. The SASI mean values differ significantly in
Standold starting at 05 June 2014 for needle age class 2013 (Fig. 15a), for
the needle age classes 2010–2012 starting from 23 June 2014 (not
shown). In Standyoung, there are significant differences between the two
groups, but less uniform than in Standold. However, a constant, signifi
cant change is seen in needle year 2013 from 05 June 2014 onwards
(Fig. 15b).
The temporal development of the angle indices for the tree crown
spectra is in comparison to the needle spectra for both forests stands and
both angle indices (SASI and ANIR) equivalent. The two tree groups
differ from 06 November 2014 for both angle indices in Standold,
whereas no significant difference can be seen in Standyoung. The tem
poral evolution of SASI is shown in Fig. 16.
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K. Einzmann et al.

Remote Sensing of Environment 266 (2021) 112676

Fig. 11. Development of Red Edge Inflection Point (REIPGuyot) derived from tree crown spectra of control trees (green) and ring-barked trees (orange) as a function of
time for Standold (a) and Standyoung (b). The symbol * indicates statistically significant differences. Note: At the last acquisition date (18 July 2014) infested trees have
already been removed from the forest stands, therefor the change between the two groups is not significant any more. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

Fig. 12. Development of Photochemical Reflectance Index (PRI) of control trees (green) and ring-barked trees (orange) for needle spectra over time in Standold
separated for the needle years 2013 (a), 2012 (b), 2011 (c) and 2010 (d). The symbol * indicates statistically significant differences. Note: The sample size of needle
spectra (2 × 8) is small for bean plots but they are used for an easy visual comparison with the bean plots of the tree crown spectra. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

3.4. Feature importance for vitality loss detection (Random Forest)

two tree groups could be separated for needle age classes 2013, 2012
and 2010 for both forest stands with 75% overall accuracy at 05 June
2014. For all needle age classes in both forest stands the two groups are
discriminable with a high accuracy (88%) and a high kappa coefficient
(0.75) at the last sampling date (23 June 2014). In most cases, the
spectra or the first or second derivative were chosen as the best variables
for separating the two groups, over the VIs or angle indices.
Whereas for the needle spectra only a few measurements were
available, a large amount of airborne data could be used for the tree
crown analysis: for each forest stand, 70 ring-barked trees and 70 control

The Random Forest (RF) classification algorithm was applied sepa
rately for the two forests, the spectra of single needle age classes
(Table 4) and the tree crown spectra (Table 5), respectively. For the
classification, the individual spectra and their first and second de
rivatives, and all VIs were used. The overall accuracy and the kappa
index were calculated to validate the classification.
In both forests stands the needle spectra of the two groups could not
be separated in the first vegetation period (2013). In the second year, the
11
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Fig. 13. Development of Plant Senescence Reflectance Index (PSRI) of control trees (green) and ring-barked trees (orange) for tree crown spectra over time for
Standold (a) and Standyoung (b). The symbol * indicates statistically significant differences. Note: At the last acquisition date (18 July 2014) infested trees have already
been removed from the forest stands, therefor the change between the two groups is not significant any more for the Standyoung. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 14. Development of Modified Red Edge Simple Ratio (MRESR) of control trees (green) and ring-barked trees (orange) for tree crown spectra over time for
Standold (a) and Standyoung (b). The symbol * indicates statistically significant differences. Note: At the last acquisition date (18 July 2014) infested trees have already
been removed from the forest stands, therefor the change between the two groups is not significant any more for the Standyoung. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 15. Development of Shortwave Angle Slope Index (SASI) of control trees (green) and ring-barked trees (orange) for needle spectra (needle year 2013) in Standold
(a) and Standyoung (b). The symbol * indicates statistically significant differences. Note: The sample size of needle spectra (2 × 8) is small for bean plots but they are
used for an easy visual comparison with the bean plots of the tree crown spectra. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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Fig. 16. Development of Shortwave Angle Slope Index (SASI) of control trees (green) and ring-barked trees (orange) for tree crown spectra for Standold (a) and
Standyoung (b). The symbol * indicates statistically significant differences. Note: At the last acquisition date (18 July 2014) infested trees have already been removed
from the forest stands. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Table 4
Overall accuracy and kappa coefficient values of the Random Forest classification for the four needle classes (2013− 2010) for Standold (Einsiedl) and Standyoung
(Gaderbogen).
Date
Standold

Standyoung

Needle year 2013

16.07.2013
20.08.2013
10.09.2013
12.11.2013
01.04.2014
05.06.2014
23.06.2014
16.07.2013
20.08.2013
10.09.2013
12.11.2013
01.04.2014
05.06.2014
23.06.2014

Needle year 2012

Needle year 2011

Needle year 2010

Accuracy

Kappa

Accuracy

Kappa

Accuracy

Kappa

Accuracy

Kappa

0.25
0.25
0.25
0.38
0.38
0.75
0.88
0.25
0.25
0.25
0.25
0.38
0.75
0.88

− 0.50
− 0.50
− 0.50
− 0.25
− 0.25
0.50
0.75
− 0.50
− 0.50
− 0.50
− 0.50
− 0.25
0.50
0.75

0.00
0.25
0.38
0.38
0.25
0.75
0.88
0.00
0.25
0.38
0.38
0.50
0.75
0.88

− 1.00
− 0.50
− 0.25
− 0.25
− 0.50
0.50
0.75
− 1.00
− 0.50
− 0.25
− 0.25
0.00
0.50
0.75

0.50
0.13
0.63
0.25
0.50
0.63
0.88
0.50
0.13
0.63
0.25
0.63
0.38
0.88

0.00
− 0.75
0.25
− 0.50
0.00
0.25
0.75
0.00
− 0.75
0.25
− 0.50
0.25
− 0.25
0.75

0.13
0.38
0.13
0.38
0.00
0.75
0.88
0.00
0.50
0.13
0.38
0.00
0.75
0.88

− 0.75
− 0.25
− 0.75
− 0.25
− 1.00
0.50
0.75
− 1.00
0.00
− 0.75
− 0.25
− 1.00
0.50
0.75

Nobs = 2 × 8.
Table 5
Overall accuracy and kappa coefficient values of the Random Forest classification for the tree crown
spectra for Standold (Einsiedl) and Standyoung (Gaderbogen).

Standold
Date
15.05.2013
08.07.2013
22.07.2013
27.07.2013
01.08.2013
05.08.2013
16.08.2013
21.08.2013
05.05.2014
11.06.2014
18.07.2014

Standyoung

Accuracy

Kappa

Accuracy

Kappa

0.56
0.56
0.50
0.43
0.56
0.51
0.49
0.55
0.79
0.92
0.94

0.11
0.12
0.00
-0.13
0.11
0.03
-0.01
0.10
0.58
0.84
0.88

0.52
0.55
0.44
0.54
0.41
0.55
0.43
0.54
0.51
0.58
0.50

0.04
0.10
-0.13
0.07
-0.17
0.10
-0.14
0.07
0.03
0.16
0.00

The last row is marked grey, since at that date (18 July 2014) some infested trees were already
removed. Nobs = 2 × 140.
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trees were available. In the first vegetation season (2013), in both forest
stands the ring-barked trees and control trees could not be separated. At
the beginning of the second vegetation season (05 May 2014), however,
the two groups were distinct separable with 79% overall accuracy and a
kappa coefficient of 0.58 in the older forest stand (Standold); 1 month
later (11 June 2014) even with 92% accuracy. On the contrary, in
Standyoung the two groups could not be separated clearly.
The best performing features for needle spectra were the 1st and 2nd
derivatives, followed by spectral bands. In contrary to the needle spectra
some VIs were also chosen as best performing variables. For Standold PRI
and WBI (WBI only for the last date) showed best results, whereas for
forest Standyoung MRESR was chosen.

demonstrated both experimentally (Andreu et al., 2007; McElhinny
et al., 2005; Ratcliffe et al., 2015; Rautiainen et al., 2018) and using
physically based radiative transfer models (Rautiainen et al., 2004;
Schlerf and Atzberger, 2006).
4.2. Most discriminative features for separating stressed and healthy trees
For separating the two groups (stressed and healthy trees) a large
variety of features were tested including spectra, derivates, classical VIs,
angle indices and red edge parameters. The measured healthy and
stressed spruce spectral signatures match related studies (Abdullah
et al., 2018; Brovkina et al., 2017; Foster et al., 2017). Changes in needle
and tree crown hyperspectral signatures were detectable in the older
spruce stand, in particular in VIS, red-edge region and SWIR. This
finding is in line with other studies of spruce. Abdullah et al. (2019)
investigated the early-stress detection induced by bark beetles. Reflec
tance changes of infested Norway spruce trees were observable espe
cially in the red-edge and shortwave infrared regions both for leaf and
canopy levels. Entcheva Campbell et al. (2004) detected initial damage
using hyperspectral airborne data in the red-edge region (673–724 nm)
showing maximum sensitivity to the beginning damage. Foster et al.
(2017) examined early-stage bark beetle infestation in Engelman spruce.
They particularly found the SWIR region important.
In our study, especially derivatives and REIP contained valuable
information to separate the two groups. On the contrary, for the younger
stand, only minor changes were observed.
The analysis of the needle spectra revealed clear differences between
the two groups. The temporal changes could be seen in the derivatives
and derivable measures, like green peak and REIP. The green peak
shifted to higher wavelength (from 556 to 638 nm), while the REIPs
moved to shorter wavelength with increasing stress. The shift to shorter
wavelength ranges is referred to as ‘blue shift’ (Slonecker, 2011) and a
clear stress indicator as it indicates a loss of chlorophyll and leaf area
(Carter, 1994; Rock et al., 1988).
Besides the derivatives, several (classical) VIs were relevant to
separate the two groups for needle spectra. Good separations were
possible using for example the Photochemical Reflectance Index (PRI)
and Modified Chlorophyll Absorption Ratio Index (MCARI). For the last
two samplings the older forest stand showed significant differences be
tween the groups, but the separability also emerged in earlier samplings.
For needle spectra, the angle index SASI was also a helpful feature,
whereas with the second tested angle index, ANIR, the two groups could
not be separated.
Regarding the crown spectra, the two groups could be differentiated
in the older forest stand beginning from May 2014 (12 months after the
ring-barking) – at a time very similar to the leaf level analysis. The
spectral signatures of the ring-barked trees had lower reflectance values
compared to the healthy trees. Like for the needle spectra, REIP was a
valuable measure to differentiate the two groups. Also, green peak
values shifted to longer wavelength over time, whereas REIP values
shifted to shorter wavelength. For the tree spectra, the following VIs
were most suitable to differentiate the two groups: GI, MRESR, PSRI and
RENDVI. Both angle indices, ANIR and SASI, were able to detect a
change of the ring-barked group in the older forest stand.
The RF classification models confirmed the separability of the two
groups in the second vegetation period. The needle spectra had a high
overall accuracy (75–88%), but it must be noted that for the needle
analysis only a small sample size was at hand due to the costly and
complex needle sampling (for each forest stand, only four ring-barked
trees and four control trees were probed). The spectra or the first or
second derivative were chosen as the best variables for separating the
two groups. For a future study, however, a higher sample size would be
advantageous.
For the old forest stand (Standold, see Table 5) but not the younger
stand, the tree crown spectra of the two groups spectra could be sepa
rated by the RF classifier with a 79% overall accuracy at the beginning of

4. Discussion
The study showed that vitality changes in Norway spruce forests can
be reliably detected with hyperspectral remote sensing data. Most
importantly, the stressed and control trees could be distinguished by
airborne data earlier, then by field observations from the ground.
4.1. Detection of spectral changes with remote sensing data
The manually induced stress (ring-barking) did only show noticeable
changes after nearly 1 year. In the first vegetation period, the crown
condition assessments as well as remote sensing data did hardly show
any changes. Only during needle sampling a higher needle loss of the
stressed trees was detectable, mainly for the older needle age classes. In
the second vegetation period, however, the stressed trees of the older
forest stand had an increased susceptibility to bark beetle infestation.
Those trees often showed changes in their spectral behavior. The spec
tral response of stressed trees could be seen in both needle and tree
crown hyperspectral data, and this well before changes in the field were
visible. The largest change was found in ring-barked trees with addi
tional bark beetle infestation. To what extent the detected changes are
connected to the additional bark beetle infestation or whether the higher
susceptibility is due to the artificial weakening, must be examined
further. Answering this question is of high importance with respect to
the detection of the “green attack” stadium (Abdullah et al., 2018;
Meddens et al., 2011; Wulder et al., 2006).
Please note that these results do not fully coincide with the publi
cation of the first results of the needle spectra analysis of the same
experiment in Reichmuth et al. (2018). However, it should be noted that
there are some methodological errors and misinterpretations in the
mentioned paper. Therefor we would like to set some of its content and
methodological description right, for example, the number of test trees
is incorrect and the measurement method is inaccurately described. We
want to make clear, that the bark beetle infestation in the test site was
first discovered by the tree climber and some of the authors during the
needle sampling on 5 June 2014.
We found rather strong differences between the young and old
stands, with the older stand reacting stronger to the stress. In the
younger forest stand (Standyoung) we found only minor detectable dif
ferences between the two groups. This might be due to a higher vitality
of the younger trees (Moore, 2013), which are not as easily harmed by
ring-barking compared to the older spruce stand.
Even if it was clearly possible to differentiate the two groups in the
second vegetation period with the tested approaches, it should be kept in
mind that the early determination of the tree vitality is a very complex
topic influenced by many factors (site characteristics, water supply,
severity and type of injury). During the same period (2013–14) ringbarked Scot pine trees in Czech Republic survived also for 2 years
after stem girdling (Fajstavr et al., 2017). In addition, trees may show
different signs of damage due to their current (vitality) status and the
comparability between ring-barking and a bark beetle infestation is
difficult to discriminate. Moreover, trees (even of a given species and
growth stadium) show a large natural variability, as can be
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the second vegetation period and 1 month later with 92% overall ac
curacy. The first or second derivative were chosen as the best variables
for separating the two groups followed by the spectra, nearly out
performing all VIs (expect PRI, WBI and MRESR) including the angle
indices and REIP.

etc.). If changes are not visible form the ground the tree can still be
infested at that time. The spectral response of stressed trees was evident
in both, needle and tree crown spectra.
The younger, more vital forest stand was more resistant to ringbarking than the older forest stand. In the latter, vitality changes were
clearly visible in the hyperspectral data. In the second vegetation period
some trees, mainly ring-barked trees, were infested by bark beetles,
which led to the end of experiment. Those infested trees were spectrally
different from the control trees. Primary trees with bark beetle infesta
tion showed changes in the spectral behavior. It is not clear whether the
reaction to the infestation or the predisposition is seen in the hyper
spectral data. In any case the vitality change is visible well earlier in the
spectral domain than in the field. Further research is needed to establish
a better link between stress (predisposition) and bark beetle infestation.
Several optical features (spectra, derivatives, classical vegetation
indices (VIs), angle indices and red edge parameters) were tested to
detect changes of the reflection behavior of the stressed trees compared
to the control trees. The spectra of the ring-barked trees changed in the
visible, red-edge and SWIR range. For both needle and tree crown data,
the derivatives, Red Edge Inflection parameter, as well as some VIs
(especially PRI and MSRI) were reliable features to separate the two test
groups.
The Random Forest (RF) models further confirmed the difference
between the two groups as in the beginning of the second vegetation
period the tree crown spectra of the two groups were already separated
with 80% accuracy. Thereafter, the separability was even better and
reached values >90%.
Remote sensing can help to detect changes from above earlier than
from field. Which might be especially the case for six toothed bark
beetles (Pityogenes chalcographus), which primary attacks the tree top of
spruce forests.
Due to the high costs, airborne hyperspectral data acquisitions are
only partially practicable. Also, the optimal timing of the flight is very
difficult to coordinate. For this reason, satellites with high revisit fre
quency (like Sentinel-2 or Doves from Planet) are probably better suited
for detecting hotspots within large areas. A synergetic use of this data
with flexible and low cost UAV systems for confirmation and fine scale
verification of the hot spots is a promising approach.

4.3. Application scenarios
The unexpectedly late reaction of the spruce trees to ring-barking
made it necessary to extent the time span of the experiment from one
to two growing seasons. This unforeseen development led on the other
hand to several additional hyperspectral overflights, creating a scientific
revealing/valuable data set. For practical commercial applications,
however, such dense airborne data acquisitions are probably too costly.
Further, in commercial forestry, timing matters to detect weakened
trees, which should be removed immediately. Probably, only a space
borne (with high and regular revisit frequency) imaging spectrometer
with high spatial resolution would be cost-effective. Further in com
mercial forestry, timing matters to detect weakened trees. It should be
noted, that our analyses were all done retrospectively. For a practicable
implementation the vitality change recognition would have to be done
with one overflight, whereby the determination of the optimum date
remains a challenge. Currently, for a regular monitoring, and due to cost
reasons/restraints, only freely available multi-spectral satellite data
(like Sentinel-2 or Landsat-8 data) with high revisiting frequency are
suitable. Abdullah et al. (2019) evaluated Sentinel-2 and Landsat-8 for
mapping green-attacked Norway spruce, with Sentinel-2 data giving
promising results. However, due to deca-metric spatial resolution of the
mentioned scanners (10–30 m), it is not possible to analyze individual
trees. Such deca-metric data is hence only applicable when several
adjacent trees are affected or when single trees are so strongly affected
that they have a measurable impact on the entire pixel (Immitzer et al.,
2016). Despite these difficulties, establishing a permanent monitoring
system for detecting vitality changes in forests should be further pur
sued, including the analysis of the future spaceborne image spectrom
eter missions such as EnMAP (Guanter et al., 2015; Hill et al., 2019).
Further, the new fleet of commercial satellites (e.g. 2nd generation
Doves from Planet) should be examined as they offer daily acquisitions
at metric spatial resolution – with however radiometric and spectral
deteriorations.
The detected changes can help to identify hotspots which thereafter
can be closer observed with data of even higher spatial resolution. Here,
multispectral cameras mounted on unmanned aerial vehicles can be a
valuable source, being applied in several forest related studies during
the last years (Lehmann et al., 2015; Näsi et al., 2018; Nevalainen et al.,
2017). UAV’s main advantage is the extremely flexible operation – while
costs are prohibitively high if used to monitor areas larger than a few
hectares (Torresan et al., 2016). The use of UAV data is therefore only
applicable for very small areas (<0.1–1 km2). Probably, a synergetic use
of freely available satellite data (for detecting hotspots within large
areas) and low cost UAV (for confirmation and fine scale verification) is
a promising approach. A combined use of free satellite data for “hot spot
vitality change detection” together with UAVs for “verification” should
be investigated as a future approach to detect and monitor tree vitality.
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5. Conclusion
The hyperspectral data used in this study have a high potential for
the detection of subtle changes in the reflection behavior of stressed
trees. We monitored two forest stands over two vegetation periods,
following a ring-barking. In the first vegetation period, the artificially
stressed trees did not show any change. In the second year, the stress was
detectable in the hyperspectral data, well before the changes were
recognized during the field assessments.
It must be taken in consideration that the ground-based crown con
dition assessment has certain limitation (due to shadows, viewing angle
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Borkenkäferbefall mittels Unmanned Aerial Vehicle (UAV). Endbericht von
StartClim2016.E, StartClim2016: Weitere Beiträge zur Umsetzung der
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