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Abstract: The occurrence of extreme windstorms and increasing heat and drought events induced by
climate change leads to severe damage and stress in coniferous forests, making trees more vulnerable
to spruce bark beetle infestations. The combination of abiotic and biotic disturbances in forests
can cause drastic environmental and economic losses. The first step to containing such damage is
establishing a monitoring framework for the early detection of vulnerable plots and distinguishing
the cause of forest damage at scales from the management unit to the region. To develop and
evaluate the functionality of such a monitoring framework, we first selected an area of interest
affected by windthrow damage and bark beetles at the border between Italy and Austria in the
Friulian Dolomites, Carnic and Julian Alps and the Carinthian Gailtal. Secondly, we implemented a
framework for time-series analysis with open-access Sentinel-2 data over four years (2017–2020) by
quantifying single-band sensitivity to disturbances. Additionally, we enhanced the framework by
deploying vegetation indices to monitor spectral changes and perform supervised image classification
for change detection. A mean overall accuracy of 89% was achieved; thus, Sentinel-2 imagery proved
to be suitable for distinguishing stressed stands, bark-beetle-attacked canopies and wind-felled
patches. The advantages of our methodology are its large-scale applicability to monitoring forest
health and forest-cover changes and its usability to support the development of forest management
strategies for dealing with massive bark beetle outbreaks.

Keywords: forests; spruce bark beetle; windstorms; drought; remote sensing; Sentinel-2; spectral
signatures; vegetation indices; supervised image classification; forest-cover change detection

1. Introduction

Due to ongoing global climate change, forest ecosystems are increasingly exposed to
unfavourable environmental conditions, such as droughts and cold spells. Such changes are
linked to contemporaneously rising temperatures and changing precipitation patterns [1].
At the same time, the frequency of disturbances such as major windthrows and snow
damage exposes forest ecosystems to an increase in the frequency and severity of biotic
damage [1]. Thus, native and alien insect, fungal and nematode infestations are expected
to be a major threat to European forests in the future [1]. In this context, the homogeneity
of even-aged monoculture stands of Norway spruce (Picea abies) is a favourable condition
for the diffusion of the European spruce bark beetle (Ips typographus) [2]. Increasing stress
conditions of such forest stands have supported the uncontrolled growth of the bark beetle
population to epidemic proportions to the point that the insect has already destroyed more
forested areas than any other natural disturbance [2,3]. Spruce bark beetle infestations are
affected by rising temperatures due to the exothermic physiology of the insects and the
drought sensitivity of the defence system of trees [4]. Female beetles drill egg galleries
under the bark. Later, larvae emerge and feed in the phloem before changing into pupae.
The adults may move on to another host two to five weeks after the attack. The larvae
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feed in the phloem after hatching and pupate beneath the bark [1]. Each year, up to
three generations are possible [1]. The successful beetle colonisation of a healthy tree
is typically fatal, because hundreds of beetle attacks destroy the inner bark and disrupt
nutrient transport to the roots [1]. If this increase in mortality persists for a more extended
period, large patches of forest (Figure 1) could be affected with a consequently altered forest
structure and composition and losses of biodiversity and ecosystem service provision (e.g.,
hydrological regulation and carbon storage capacity) [5]. To prevent massive outbreaks and
to minimise economic losses induced by a range of cascading impacts on markets, such as
oversupply and decreasing timber prices, the early detection of infestations is crucial, that
is, before the infestation is visible on the ground [6]. Management measures successfully
applied in the past are becoming inefficient under a warmer climate, particularly in forests
dominated by Norway spruce because of their lower resistance to drought stress. On the
other hand, forests managed for diversity have shown lower disturbance rates [7].
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itation harvesting [8]. The phenology of bark beetle attacks can be divided into three 
stages: green, red and grey attacks, with varying degrees of visibility [9,10]. These stages 
were named after the characteristic foliage colour, which is related to the time since the 
phloem damage occurred [9,10]. 

Infested trees in a managed forest are traditionally located during field surveys, but 
the method is laborious and hardly applicable to large or inaccessible areas [11]. An im-
portant new management strategy might be to reduce risks by looking at the whole land-
scape configuration rather than at single stands to account for measures that foster forest 
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Figure 1. An example of combined abiotic (wind-felled patches) and biotic (bark beetle infestations)
disturbances in Norway spruce stands at a site located in the Carnic Alps (picture taken from Mount
Tersadia, 1960 m a.s.l.).

A prerequisite for effective management is understanding forest damage’s spatial
distribution and severity. From a forestry perspective, detecting outbreaks at the initial
stage is the most important, as the management aims to preclude a mass outbreak by
sanitation harvesting [8]. The phenology of bark beetle attacks can be divided into three
stages: green, red and grey attacks, with varying degrees of visibility [9,10]. These stages
were named after the characteristic foliage colour, which is related to the time since the
phloem damage occurred [9,10].

Infested trees in a managed forest are traditionally located during field surveys, but the
method is laborious and hardly applicable to large or inaccessible areas [11]. An important
new management strategy might be to reduce risks by looking at the whole landscape
configuration rather than at single stands to account for measures that foster forest resilience
at ecosystem level [12]. Remote sensing data are useful for detecting and monitoring areas
infested by spruce bark beetles, as they provide global, spatially continuous and periodic
data on vegetation conditions [13]. Remote sensing data can also reduce costs associated
with field observations, as there are many freely available data sources with global coverage
and regular revisit times, such as Sentinel-2 [14]. The availability of high-quality (i.e., cloud-
free) Sentinel-2 images is an important prerequisite for the successful monitoring of bark
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beetle damage dynamics, as they show high variability in space and time [15]. Accurate
estimates of leaf pigments, nitrogen, dry matter and water content from remote sensing
can assist in determining the vegetation’s physiological status and serve as bioindicators of
vegetation stress [16–18]. Einzmann et al. [19] found that in an artificially induced stress
experiment on Norway spruce, the spectra of stressed trees differed significantly from the
mean of the control trees. In contrast, the control tree spectral signature did not change over
time. Compared to the mean of the control trees, both the needle and the canopy reflectance
of artificially stressed trees increased in the visible (mainly red) and SWIR ranges, while a
decrease was observed in the Near-Infrared (NIR) range. Furthermore, a slight decrease
in the Red-Edge Inflection Point (REIP) was observed. The primary and secondary effects
of water content on leaf reflectance showed that the sensitivity of leaf reflectance to water
content is greatest in spectral bands in the SWIR region [18]. These changes are caused by a
typical reaction to vitality losses and cell structure alterations when chlorophyll and leaf
water are reduced. In addition to altered leaf optical properties, needle loss affects canopy-
scale spectral signatures [19]. Both the changes in the photosynthetic activity of green leaves
and water content variations triggered by bark beetle can be detected in early infestation
stages using imaging spectroscopy. The resolution of Sentinel-2 imagery was demonstrated
to be advantageous for such purposes [20]. An overall accuracy of 67% in detecting the bark
beetle green attack stage with Sentinel-2 data was obtained for 2016 in the Bavarian Forest
National Park without relying on field data and only on the visual interpretation of aerial
photographs taken in the year following the attack [20]. Reflectance changes in infested
Norway spruce trees were observable, especially in the Red-Edge and SWIR regions, as well
as in vegetation indices calculated from those bands, such as the Normalised Difference
Red-Edge Index (NDREI) and the Normalised Difference Water Index (NDWI), for both
leaf and canopy levels [20,21]. Research in 2020 showed that Sentinel-2 data were able to
accurately distinguish areas with bark beetle disturbances and to detect the individual
phases of the recovery mode of the forest vegetation using the Normalised Difference
Vegetation Index (NDVI), the Normalised Difference Moisture Index (NDMI) and Tasselled
Cap Wetness (TCW) during the period of 2017 to 2019 in the Low Tatras National Park
(Slovakia) and the Sumava National Park (Czech Republic) [22]. The reflectance of healthy
forest vegetation was higher in the NIR band than in the SWIR band; however, the SWIR
reflectivity was higher in the case of bark beetle disturbances. This aspect played an
important role, as the SWIR bands responded sensitively in the case of the degradation
of the forest [22]. Spectral changes in healthy and attacked spruce monoculture stands
within a single vegetation season were monitored in the Bohemian–Moravian Highlands
(Czech Republic) using a dense time series of Sentinel-2 satellite observations to identify the
most sensitive spectral bands and vegetation indices for the early detection of bark beetle
infestation [15]. The highest potential for separation between healthy and infestation classes
was observed for the Red, Red-Edge and SWIR regions of the spectrum, with an overall
accuracy of 78%. In this study [15], NIR bands seemed less appropriate for early bark
beetle detection, despite the recent evidence from Abdullah et al. [20] pointing to significant
differences in leaf-level NIR spectra between healthy and infested trees. Spectral indices
using Red-Edge and Short-Wave Infrared might be potentially useful to detect infestations
even earlier than indices based solely on the VIS/NIR region [15,23]. Approaches based
on multi-temporal spectral analysis have proven to be the most effective in detecting bark
beetle infestations at an early stage with Sentinel-2 data [14–16,22–24].

Herein, we propose a new multi-temporal framework for regional-scale wind and
bark beetle damage mapping from Sentinel-2 imagery and field surveys. In doing this, we
first evaluated the detection of early stages of bark beetle attacks on Norway spruce stands
over four years (2017–2020) by tracking their within-season changes in canopy reflectance.
Individual spectral bands and vegetation indices were used to develop a supervised
image classification model in order to separate classes of healthy, stressed, “red_attack”
stage or windstorm-damaged stands over an area of 1,000,000 ha, of which 120,000 ha is
covered by Norway spruce. Lastly, the results were validated with field reference data and
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implemented for the analysis of forest-cover change by post-classification change detection
over the time series concerning both spruce bark beetle infestations and windstorm damage.

2. Materials and Methods
2.1. Study Area

The chosen study site for bark beetle detection and the analysis of forest-cover change
(2017–2020) is located at the border between Italy, Austria and Slovenia in the Friulian
Dolomites, Carnic and Julian Alps and the Carinthian Gailtal (Figure 2). In Friuli Venezia
Giulia, Norway spruce is the main forest species, covering about 66,100 ha and scattered
in seven main types of mixed and pure forests. The other common diffused tree species
are European beech, Silver fir, and Black and Scots pines [25]. Typical pure and even-aged
spruce forests grow on fertile soils from 1000 to 1500 m a.s.l., and non-native even-aged
spruce forests, sometimes mixed with natural spruce reforestation (secondary stands), grow
from 800 to 1600 m a.s.l. in abandoned pastures. Several areas have been replanted with
Norway spruce owing to market-oriented reforestation management of the XX century.
There has been recent low-altitude spruce reforestation with pure and even-aged spruce
plantations, which normally grow in small stands from 200 to 800 m a.s.l in areas that are
dominated by broadleaved species [26]. In addition, on the Carinthian side of the study
area, Norway spruce, followed by Silver fir, Black and Scots pines, European beech and
Larch are the main tree species [27]. For the purpose of this study, only sites in the study
area with Norway spruce stands (pure or mixed) were considered (Figure 2).
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Figure 2. Location of the study area, with polygons in green representing mixed and pure Nor-
way spruce stands and state borders in yellow (ESRI Satellite base map). Reference system:
WGS84-UTM33N.

The mountain areas of the study area are characterised, at lower latitudes, by high
annual precipitation, ranging from 2700 to 3200 mm per year, while in the internal alpine
area, it only amounts to ca. 1500 mm. The average annual air temperature ranges between
6 and 10 ◦C [28,29]. Regarding the yearly average climate conditions of the study region,
2018 was very hot and dry, having a mean temperature of 13 ◦C in mountain areas, while
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2019 and 2020 had a mean temperature of 10 ◦C [30–32]. Nevertheless, both 2019 and 2020
were characterised by an annual temperature anomaly of 1◦C for 2019 and of 2.4 ◦C for 2020
compared to the last two decades [31,32]. Spring average precipitation strongly impacts
bark beetle population development [33]. While the spring months of 2018 showed a mean
increase in rainfall of 20–40% compared to the average values in 1961–2010 [30,34], the
spring (including June) of 2019 was 20–50% drier than usual [31]. March and April 2020
were even 60–80% drier than the reference period [32].

The Vaia Storm

The Vaia storm hit the northeastern part of Italy and southern Austria between the 28
and 29 October 2018, with winds exceeding 200 km/h and intense rainfall [35]. It caused
extensive forest damage in 494 Italian municipalities, destroying or severely damaging
forests over an area of about 42,500 ha, with the damage estimated to cover 9.6 million
cubic metres across an area of 42,500 ha [35]. For the Friuli Venezia Giulia region, the
local forest service provided estimates of the forest damage using aerial photographs and
ground surveys, which estimated that a surface extending 3700 ha was damaged and that
the volume affected by the storm was 780,000 cubic meters [35]. In Carinthia, Vaia caused
1.5 million cubic metres of damaged wood [30]. Vaia mainly affected pure and mixed
Norway spruce stands, as their roots are relatively superficial and prone to uprooting [36].
In forest stands where trees were more diversified in age and species, the devastating effects
of the wind were more restricted, with better resistance due to the different morphology of
the root system [36].

2.2. Data

We utilised satellite imagery to detect forest stress due to bark beetle attacks and to
monitor forest change over the study period. For this purpose, we made use of Sentinel-2A
and Sentinel-2B images in the form of Level-2A products (atmospherically corrected to
bottom-of-atmosphere reflectance) [37]. We collected Sentinel-2 tiles with the R package
“getSpatialData” (version 0.1.0), selecting images with less than 10% cloud cover. Images
were cropped to the area of interest, and bands with an original resolution of 20 m × 20 m
(B05, B06, B07, B11 and B12) were resampled to 10 m × 10 m pixels. We did not use
bands with a 60 m spatial resolution (B01 and B09) because they are mainly relevant for
atmospheric corrections [38]. The dataset was collected with a monthly time step for
the period from July to September from the years 2017 to 2020. We included May based
on data availability due to higher cloud cover in spring (Table 1). The timeframe was
chosen according to the bark beetle life cycle phenology in the study area, which begins
in May for overwintered beetles, expands to July for the second generation and ends in
September. The attacked trees are initially stressed (“green_attack”) and later encounter
a browning process, the timing of which is diverse, depending on the time of the year at
which the trees were initially attacked. The culmination of such a browning process is
commonly called a “red_attack”. Stands attacked in May usually show visible symptoms
such as needle loss and initial discolouration in July, while those infested in summer show
“red_attack” symptoms in the following spring [39]. Forest cover masks were obtained from
the Copernicus Land Monitoring Service [40], which provides the tree cover density (TCD)
and dominant leaf type (DLT), indicating a broadleaf or needle-leaf majority. These datasets
are available with 20 m resolution starting from the year 2018. Secondly, we merged these
datasets with the forest cover polygons—which include the dominant tree species—from
the Autonomous Region Friuli Venezia Giulia and Land Kärnten to increase the accuracy
and to include the specific forest cover type.
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Table 1. Sentinel-2 data.

Number Date Data

1 20 June 2017 Sentinel-2 L2A
2 2 August 2017 Sentinel-2 L2A
3 29 August 2017 Sentinel-2 L2A
4 6 May 2018 Sentinel-2 L2A
5 30 July 2018 Sentinel-2 L2A
6 17 August 2018 Sentinel-2 L2A
7 28 September 2018 Sentinel-2 L2A
8 24 May 2019 Sentinel-2 L2A
9 30 June 2019 Sentinel-2 L2A
10 27 August 2019 Sentinel-2 L2A
11 21 September 2019 Sentinel-2 L2A
13 7 July 2020 Sentinel-2 L2A
14 29 July 2020 Sentinel-2 L2A
15 15 September 2020 Sentinel-2 L2A

We gathered information about the bark beetle population counts from pheromone
traps in Friuli Venezia Giulia for the years from 2017 to 2020 (Figure 3). This dataset,
provided by the Regional Agency for Rural Development (ERSA FVG), contains the location
and altitude of the trap, its installation date, captures per week and total captures. Bark
beetle captures by pheromone traps in the northern part of the region showed an increase
in the population and diffusion in 2019, especially related to areas covered by wind-
felled trees [41]. On the Austrian side of the study area, we used the PHENIPS model
and trap captures from the Austrian Federal Forest Office (BFW) [42]. Additionally, we
included polygons of sites damaged by bark beetle infestations with information about the
stand species and the age and volume of damaged trees and polygons representing wind-
felled sites from the Vaia storm of 2018, located during field surveys and provided by the
Regional Forestry Service (Friuli Venezia Giulia) and the Carinthian Institute for Geographic
Information Systems (KAGIS) (Figure 3). Orthophotos from 2017–2020 provided by the
Regional Infrastructure of Environmental and Territorial Data (Irdat FVG) [43] were used
for the photointerpretation of wind-felled areas and sites affected by bark beetle damage.
We extracted the topographic parameters from a digital elevation model (Global Digital
Elevation Model from the NASA Earth Data Portal) [44] for the areas affected by bark beetle
attacks and wind damage.

Additionally, we exploited the Soil Water Index (SWI) from the Copernicus Global
Land Service [40] to quantify the moisture conditions. Moreover, we gathered land surface
temperature (LST) data from the Sentinel-3 mission from the Copernicus Open Access
Hub [45]. We carried out the analysis for this study in the R programming language
(version 4.1.2).

2.3. Methods

Cloud masks were applied to every scene according to the native cloud cover infor-
mation of Sentinel-2 Level 2-A products [37] (Figure 4). Such masks do not account for
shadowed areas, which can be easily distinguished by unusually low reflectance in the
visible part of the spectrum. Consequently, such areas were treated as a separate training
site class for each dataset during the classification process.
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2.3.1. Single Bands and Vegetation Indices

Single-band pixel values from Sentinel-2 images were analysed for each available acqui-
sition date (Figure 4) considering ground-truth reference data and photointerpretation from
RGB and false-colour products. Especially the reflectance trends of the NIR (B08) and SWIR
(B12) bands were taken into account because they are the most sensitive ones to chlorophyll
decreases (B08 band) and water stress/lower absorption rates (B12 band) [15,21]. Training
data, i.e., training polygons drawn for the classes of healthy, stressed and “red attack” stage
canopies from 2020, were used to extract spectral profiles for both bands (B08 and B12) in
order to quantify the variables’ separability and seasonal changes over time.

From the Sentinel-2 imagery, we extracted the time series of vegetation indices (Figure 4
and Table 2) for the growing seasons of 2019 and 2020 to detect forest health changes using
training polygons from 2020.

Table 2. Vegetation indices tested in this study.

Index Sentinel-2 Bands Application

NDWI NIR, SWIR2 Water content
NDVI NIR, Red Greenness
DWSI NIR, Red Greenness
NMDI NIR, Green, SWIR1, Red Water content
NDRS Red, SWIR1 Greenness, water content
REIP Red, RedEdge2, RedEdge1 Greenness, water content

NDREI1 RedEdge2, RedEdge1 Chlorophyll, biomass
NDREI2 RedEdge3, RedEdge1 Chlorophyll, biomass
RENDVI Red, RedEdge1, RedEdge2 Greenness, biomass

TCW Blue, Green, Red, NIR, SWIR1, SWIR2 Water content



Remote Sens. 2022, 14, 6105 8 of 29Remote Sens. 2022, 14, 6105 8 of 32 
 

 

 
Figure 4. Workflow diagram. 

2.3.1. Single Bands and Vegetation Indices 
Single-band pixel values from Sentinel-2 images were analysed for each available ac-

quisition date (Figure 4) considering ground-truth reference data and photointerpretation 
from RGB and false-colour products. Especially the reflectance trends of the NIR (B08) 
and SWIR (B12) bands were taken into account because they are the most sensitive ones 
to chlorophyll decreases (B08 band) and water stress/lower absorption rates (B12 band) 
[15,21]. Training data, i.e., training polygons drawn for the classes of healthy, stressed and 
“red attack” stage canopies from 2020, were used to extract spectral profiles for both bands 
(B08 and B12) in order to quantify the variables’ separability and seasonal changes over 
time. 

From the Sentinel-2 imagery, we extracted the time series of vegetation indices (Fig-
ure 4 and Table 2) for the growing seasons of 2019 and 2020 to detect forest health changes 
using training polygons from 2020. 

  

Figure 4. Workflow diagram.

The indices were chosen based on the bands’ sensitivity to stress-induced variations
in chlorophyll content (VIS), biomass (NIR) and water content (SWIR). For the green-attack
stage detection, mainly water-content-based indices are suitable, such as the Normalised
Difference Water Index (NDWI, Equation (1)), which is dimensionless with a range of ±1,
where high values indicate high leaf water content and high vegetation cover. This index is
handy in early stress detection. It allows the more accurate mapping of temporal changes,
as it exhibits faster feedback than the Normalised Difference Vegetation Index (NDVI,
Equation (2)) for decreasing leaf water content [46,47]. Additionally, the NDWI is more
robust to atmospheric influences, as atmospheric aerosol scattering effects are stronger in
the VIS spectral wavelengths [46,47]:

NDWI =
(NIR− SWIR2)
(NIR + SWIR2)

(1)

NDVI =
(NIR− Red)
(NIR + Red)

(2)
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Disease Water Stress Index (DWSI, Equation (3)) was calculated, as it proved to be
able to detect changeable climatic conditions, especially the impact of drought on forest
ecosystems, in which case DWSI decreases. DWSI values range between 0 and 2.5 for
forests, according to a previous study. In the case of pure conifers, there is a distinct
difference in the DWSI index for dry sites, especially for the first part of the vegetation
period, from April to July [48]:

DWSI =
(NIR−Green)
(SWIR1 + Red)

(3)

The Normalised Multi-band Drought Index (NMDI, Equation (4)) was adopted for
detecting vegetation water by using three channels centred near 860 nm, 1640 nm and
2130 nm. By combining information from multiple NIR and SWIR channels, NMDI en-
hances the sensitivity to drought severity and is well suited to estimate the water content
for both soil and vegetation [47]. NMDI values are within the range of 0.7 to 1 when soil
moisture is less than 0.1, which means dry soil conditions. NMDI values are around 0.6
when soil is under intermediate moisture conditions. When NMDI is less than 0.6, the soil
is under wet conditions. Lower NMDI values indicate the increasing severity of vegetation
drought [47].

NMDI =
(NIR− (SWIR1− SWIR2))
(NIR + (SWIR1 + SWIR2))

(4)

The Normalised Distance Red and SWIR (NDRS, Equation (5)) vegetation index, which
was recently implemented for the early detection of forest stress from spruce bark beetle
attacks, was also used in this research [24]:

NDRS =

(
DRS−DRS′min

)(
DRS′max−DRS’min

) (5)

where
DRS =

√
(Red)2 + (SWIR1)2 (6)

DRS’max and DRS’min are the ranges of the DRS values for all spruce pixels in the
image, and a threshold of 0.5 is applied to classify pixels as stressed or healthy if lower [24].

Red-Edge-based vegetation indices were calculated for bark beetle detection, too.
Among them is the REIP (Equation (7)), as with increasing stress, the abrupt transition that
is typically seen between the visible and NIR bands in the Red-Edge range in green vegeta-
tion begins to shift towards shorter wavelengths [49]. The Normalised Difference Red-Edge
Index (NDREI, Equation (8)) can be applied to estimate chlorophyll concentrations, min-
imising the effects of background soil reflectance, with values below 0.5 indicating stress
conditions [23]:

REIP =
0.705 + 0.35 (

Red+RedEdge3
2−RedEdge1 )

RedEdge2− RedEdge1
(7)

NDREI1 =
(RedEdge2− RedEdge1)
(RedEdge2 + RedEdge1)

(8)

NDREI2 =
(RedEdge3− RedEdge1)
(RedEdge3 + RedEdge1)

(9)

The Red-Edge Normalised Difference Vegetation Index (RENDVI, Equation (10)), also
called Red-Edge NDVI or NDVI 705, which was used to assess post-fire regeneration
and based on Red and Red-Edge bands in another study [50], was compared with other
indexes in this study. Both bands B04 and B05 and bands B04 and B06 were used. In the
following formula, R represents the bottom-of-atmosphere (BOA) reflectance observed by
the satellite sensor:

RENDVI =
(R750 nm− R705 nm)

(R750 nm + R705 nm)
(10)
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This index proved to be useful, as it considers a narrower waveband at the edge of the
chlorophyll absorption feature (e.g., 705 nm). NDVI 705 is more affected by the chlorophyll
content when compared to the NDVI, and typical applications include precision agriculture,
forest monitoring, forest fires and vegetation stress detection [51].

Additionally, Tasselled Cap Wetness (TCW, Equation (11)) was calculated to further
distinguish between disturbed and undisturbed forest areas with the specific parameters
from the Index Database [52]:

TCW = 0.1509× B02 + 0.1973× B03 + 0.3279× B04 + 0.3406× B08− 0.7112× B11− 0.4572× B12 (11)

TCW has previously proven to be helpful for the detection of forest stands attacked by
bark beetles, showing negative values for infested forest sites [22].

2.3.2. Supervised Classification of Multi-Temporal Imagery

We first performed supervised image classification (Figure 3) to assign each pixel to
a particular forest class of interest (“healthy”, “stressed”, “red_attack” or “vaia”) based
on the statistical characteristics of the reflectance values of the training samples. Four
non-parametric machine learning methods were used: Random Forest (RF), Support Vector
Machine (SVM), Artificial Neural Networks (ANNs) and k-Nearest Neighbours (KNN).
Training polygons were manually selected based on RGB and false-colour composites, as
well as single-band reflectance values and reference data (trap captures, areas damaged by
bark beetles, wind-felled areas and orthophotos) for each dataset. The training polygons
were based only on reference data (Figure 4) available at the time of the respective image
acquisition to avoid taking a retrospective approach through ground-truth information
gathered afterwards, as it would have compromised the green-attack stage detection. At
least ten polygons per class, 30 m × 30 m each (3 × 3 pixels), were drawn. We chose the
size of the training dataset based on a rule of thumb according to which a subset size of at
least ten times the number of bands used during the classification (in this case, 9) has to be
considered for each training class [53].

The training polygons were sampled for each Sentinel-2 dataset and split into a training
(70%) and a test (30%) dataset. Spectral signatures were extracted for each date to detect a
reflectance trend for each class. The classification algorithms were trained using both single
bands and vegetation indices as explanatory variables, as in a recent study [15]. Variable
importance was calculated in order to evaluate which explanatory variables were the most
significant during the classification process in distinguishing between classes based on
their reflectance values. The classifications were finally assessed with confusion matrices,
overall accuracy and the kappa coefficient (Figure 4).

2.3.3. Post-Classification Forest-Cover Change Detection

We carried out post-classification change detection (PCC) by Intensity Analysis (IA)
to quantitatively analyse Land-Use Capability (LUC) maps at several time steps using
cross-tabulation matrices, where each matrix summarises the LUC change at each time
interval (Figure 4). IA evaluates in three levels the deviation between the observed change
intensity and the hypothesised uniform change intensity. As a result of this, each level
details information provided by the previous analysis level. Firstly, the interval level
indicates how the size and rate of change vary across time intervals. Secondly, the category
level examines how the size and intensity of gross losses and gross gains in each category
vary across categories for each time interval. Thirdly, the transition level determines how
the size and intensity of a category’s transitions vary across the other categories available
for that transition. At each level, the method tests for the stationarity of patterns across time
intervals [54]. The discrete variables obtained from the results of supervised classification
were used for this purpose. The R-package “OpenLand” (version 1.0.2) was used to
calculate the number of times a pixel changed during the analysed period. A raster with the
number of changes in the pixel value and a table containing the areal percentage of every
pixel value (number of changes) were obtained. Further, the calculation of differences in
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the frequencies of pixels assigned per class for each dataset was performed. Changes in
land cover area per class were plotted to visualise changes in forest cover before and after
the Vaia storm and how it affected bark beetle infestations. Finally, we used classification
maps from 2017 to 2020 to evaluate two focus areas showing relevant changes in forest
cover and health.

3. Results
3.1. Single Bands and Vegetation Indices Reflectance Values

The results obtained from single-band change detection over time using training data
from 2020 showed that in the NIR band (B08) (Figure 5A) and in the SWIR band (B12)
(Figure 5B), there is a significant variation in reflectance within areas damaged by bark
beetles compared to the reflectance values of healthy forest stands. On the other hand,
the differences between healthy and stressed stands are more significant in the B08 band,
with values of the stressed sites being more similar to the spectral profile of stands in the
bark beetle “red_attack” stage than to the healthy ones (Figure 5A). In addition, healthy
stands displayed seasonal variation in reflectance, with values increasing until July (2019)
or August (2020) and decreasing from summer to early autumn (September 2019 and
2020). Considering the seasonal reflectance of the summer months in the B08 band, while
healthy stands witnessed a significant increase in NIR reflectance, the stands of stressed
and “red_attack” sites only showed a slight rise in reflectance (Figure 5A). In the B12 band,
forest stands in the bark beetle “red_attack” stage can clearly be distinguished by higher
reflectance values, while healthy and stressed stands had very similar spectral responses
for both seasons.
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Nevertheless, a slight increase in reflectance was observed in stressed stands beginning
in August 2020 compared to the values of healthy stands (Figure 5B). Stands identified as
being in the bark beetle red-attack stage in 2020 already showed significantly deviating
values in 2019 compared to the healthy canopies for both bands (Figure 5A,B). Forest
areas selected as stressed according to training data from 2020 exhibited similar spectral
responses for both 2019 and 2020, however, with overall lower values in 2020 in the B08
band (Figure 5A) and higher reflectance in August and September 2020 in the B12 band
(Figure 5B).

The vegetation indices NDWI, DWSI, NMDI, NDRS, NDREI2 and TCW, among the
ten that were later considered for classification, were found to be suitable to successfully
distinguish between healthy and stressed or damaged forest stands. The most frequently
used band for these indices is the B12 band. The reported indices further rely on the B08
band, B05, B06 and B07 (Red-Edge bands), B03 (green band) and/or B04 (red band). For
all vegetation indices and for both considered seasons, the values of healthy and stressed
stands are more similar to each other compared to forests undergoing “red_attack” bark
beetle infestation, which show very significant differences (Figure 6). For normalised
indices (NDWI, NDMI and NDREI2), in all cases, healthy stands displayed the highest
values, followed by samples from stressed stands, with the lowest values for stands in the
bark beetle “red-attack” stage (Figure 6A,B,E). NDRS was found to have very similar values
for healthy and stressed stands, while forest stands in the “red_attack” stage resulted
in significantly higher values (Figure 6D). TCW exhibited positive values for healthy
stands, values between 0 and −250 for stressed stands and an even lower range (between
−125 and −625) for “red_attack” stage canopies (Figure 6F). NDWI, NMDI, DWSI and
TCW showed the largest difference between healthy and stressed pixels (Figure 6A–C,F).
While healthy and stressed stands showed very similar seasonal trends for both seasons,
stands already in the “red-attack” stage in 2020 showed the most significant decreases
beginning in July 2020 for NDWI, NMDI, DWSI and NDREI2 compared to the values of 2019
(Figure 6A–C,E). However, both stressed and “red_attack” stage canopies from 2020 already
showed deviating values in 2019 compared to the reflectance of healthy crowns (Figure 6).
The seasonal trajectories showed reflectance changes in absolute values from one year to
another independently of bark beetle infestations (healthy forest stands were also affected),
which indicates that an absolute threshold of discrimination between classes cannot be
applied and that the specific seasonal reflectance of healthy forest stands should instead be
used as a reference baseline to differentiate between the variables (Figure 6).

3.2. Supervised Classification
3.2.1. Spectral Signatures

Spectral signatures were extracted for the chosen classes of each dataset in order to
identify changes in reflectance between bands for each class (Figure 7). For the visible
region of the electromagnetic spectrum, an increase in both green (B03) and red (B04) was
found for the “red_attack” stage class compared to the reflectance values of healthy stands,
while the Red-Edge bands (B06 and B07) showed a significant decrease (Figure 7A,C). In
the SWIR bands (B11 and B12), an increase in reflectance is shown for the “red_attack” class
(Figure 7A,C). The “stressed” class showed a decrease in reflectance for the green band
(B03) towards values of the red band (B04) (Figure 7A,C). The Red-Edge region (B05, B06
and B07) is characterised by lower reflectance values compared to those of the “healthy”
class, while the SWIR bands (B11 and B12) are characterised by similar values to those
of healthy stands (Figure 7A,C). The “stressed” class was also the one with the lowest
variation for all bands (Figure 7B,D).
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3.2.2. Maps of Damage

Supervised classification was performed over the entire area of interest at once. For
demonstration purposes, we focus on two cropped areas to highlight the classification
results (Figure 8). The maps were compared with validation ground surveys and the visual
interpretation of orthophotos from 2020 provided by Irdat FVG [43].

Forest stands in cropped area nr. 1 already showed conditions of stress and the
“red_attack” stage in June 2017 (Figure 9A). The sites detected as stressed in June 2017
(Figure 9A) were classified as “red_attack” stage stands in the classification map of July 2018
(Figure 9B). The area was already suffering from bark beetle infestations before the Vaia
storm occurred. However, a significant increase in damage can be seen in the “after Vaia”
situation in 2019 and 2020, especially beginning in September 2019 (Figure 9E) and July 2020
(Figure 9F). Some of the stands that were already stressed in May 2019 (Figure 9C) changed
into the “red_attack” stage in July 2019 (Figure 9D), and others changed in September 2019
(Figure 9E). Not all of the stands detected as stressed turned into the “red_attack” stage, but all
of those which eventually turned out to have been infested by bark beetles had previously been
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classified as stressed. The bark beetle spread that occurred after the Vaia storm progressed
along forest edges and/or in proximity to wind-felled patches (Figure 9D–F). At the same
time, according to the classification results (Figure 9), forest stands that suffered damage
from Vaia were located along forest edges and/or next to forest stands that were already
suffering from bark beetle infestations before the storm occurred.

As in cropped area nr. 1, the forest stands of cropped area 2 (Figure 10) also already
showed conditions of stress and the “red_attack” stage in June 2017 (Figure 10A). The sites
detected as stressed in June 2017 (Figure 10A) were classified as “red_attack” stage stands
in the classification map of July 2018 (Figure 10B). Some of the canopies detected as stressed
in May 2019 (Figure 10C) turned into the “red_attack” stage class as early as in July 2019
(Figure 10D), while most of them changed class in September 2019 (Figure 10E) or even in
the following season (Figure 10F). Orthophoto details from 2020 showed that several forest
stands located near wind-felled areas (top-right corner of the orthophoto details) were
classified as stressed in 2019 (Figure 10C–E) and turned into the “red_attack” stage in July
2020 (Figure 10F). According to the classification results, bark beetle infestations generally
intensified after the Vaia storm, especially in 2020, two years after the event (Figure 10F),
and spread in proximity to wind-felled patches (Figure 10E).
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Figure 10. Classification maps of cropped area 2 (June 2017 (A), July 2018 (B), May 2019 (C),
July 2019 (D), September 2019 (E) and July 2020 (F)) according to forest cover classes (“healthy”,
“red_attack”, “shadows”, “stressed” and “vaia”) and details showing orthophotos from 2020 with a
spatial resolution of 10 cm provided by IRDAT. The orthophotos were overlayed by classification
products in the form of polygons and transparent rasters. Reference system: WGS84-UTM33N.

The overall accuracies of all supervised classifications reported varied between 0.8
and 1, with kappa values between 0.7 and 1 (Appendix A Table A1). The variable im-
portance slightly varied between the different classification algorithms, of which ANN
and RF were found to be the most suitable for forest health detection and forest-cover
change detection. The most important variables for ANN classification were the Red-Edge
bands (B06 and B07) and the green band (B03), as well as vegetation indices containing
Red-Edge bands, such as NDREI1, NDREI2 and REIP, as well as TCW (Figure 11B,D;
Appendix A Figures A1B,D and A2B,D). The RF algorithm mainly relied on the Red-Edge
band (B06), the NIR band (B08) and the NDRS index containing the red (B04) and SWIR
(B12) bands, as well as on vegetation indices containing Red-Edge bands (NDREI2 and
REIP) (Figure 11A,C; Appendix A Figures A1A,C and A2A,C).

3.3. Post-Classification Change Detection

Considering forest-cover changes that occurred in cropped areas 1 and 2 affected
by both Vaia and bark beetle infestation damage, while the first change, represented in
yellow, includes damages by both Vaia and bark beetles, the second change, represented
in red, was caused only by bark beetle damage (Figure 12A,C). Cropped area 1 witnessed
a change in forest cover of approximately 36% in the two years following the Vaia storm
(Figure 12A), while cropped area 2 suffered a decrease in forest health of 65% from 2018 to
2020 (Figure 12C). As shown by the classification results and ground monitoring, we could
confirm that both areas experienced an increase in bark beetle damage in the two years
following the Vaia storm (mostly in 2020) compared to before the Vaia situation in 2018
(Figure 12B,D). In both cases, several forest stands were already suffering from stress in 2018,
a year characterised by exceptionally high drought and low levels of precipitation [34,38],
which led to a further increase in stressed canopies in 2019 (Figure 12B,D).
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Figure 11. Variable importance for RF and ANN for two classification datasets (June 2017 (A,B) and
July 2018 (C,D). Importance values for each explanatory variable for RF are expressed on a scale
from 0 to 100 and were calculated with the R “caret” package (version 6.0.91). Variable importance
for ANN was calculated with the R “NeuralNetTools” package (version 1.5.3) based on the relative
importance of input variables in neural networks as the sum of the products of raw input–hidden and
hidden–output connection weights, proposed by Olden et al. [55]. The importance values assigned to
each variable are in units based directly on the summed product of the connection weights. The actual
values should only be interpreted based on the relative sign and magnitude between explanatory
variables, and comparisons between different models should be avoided [55].
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Figure 12. Forest-cover change maps in % (A,C) and land cover change per class in km2 (B,D) for
cropped areas 1 and 2 from 2018 to 2020 according to forest cover classes (healthy, red_attack, shadows,
stressed and Vaia).
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4. Discussion

According to the study results, Sentinel-2 data are suitable for the evaluation of for-
est health (forest condition before, during and after disturbance events), and the process
of forest decline is detectable at the spatial resolution of a Sentinel-2 pixel. For this reason,
the study areas represent a forest under different circumstances and development (Vaia
storm damage, stressed forest stands, infested and dead trees after a bark beetle outbreak
and forest vegetation without any significant influence). We could quantify an increase in
forest loss after the Vaia storm, which triggered the outbreak of bark beetle populations
(Figures 9, 10 and 12), also induced by increasing temperatures, low spring precipitation
and drought, as indicated by climate reference data [28–34]. This scenario confirms that
stands already suffering from biotic disturbances (e.g., bark beetles) are weakened and
predisposed to suffer further damage from abiotic disturbances (e.g., windstorms and
drought), which, again, trigger bark beetle infestations. This is consistent with previous
studies [3,4,12,56].

The NIR (B08) and SWIR (B12) bands (Figure 5), as well as the vegetation indices NDWI,
DWSI, NMDI, NDRS, NDREI, NDREI2 and especially TCW (Figure 6), were able to distinguish
between healthy and stressed or damaged forest stands. The Red-Edge band (B06) and the NIR
(B08) band exhibited the greatest potential for identifying stress and forest change during the
classification process (Figure 11; Appendix A Figures A1 and A2). This can be explained by
the fact that the Red-Edge and NIR parts of the electromagnetic spectrum are sensitive
to changes in leaf pigments and canopy structure [15]. Red-Edge values were found to
be helpful in estimating the chlorophyll concentrations as well as minimising the effects
of background soil reflectance [23]. Furthermore, Red-Edge spectral reflectance indices
should be used to increase the accuracy of mapping green-attacked trees since they
are less correlated with changes in the forest structure, needle age, leaf intercellular
structure of air-to-cell wall interfaces, forest floor moisture content and tree physiology
over the growing seasons in healthy forests [23]. Vegetation indices relying on the Red-Edge
(B06 and B07), SWIR (B12) and red (B04) bands performed better in identifying stressed forests
during classification (Figure 11; Appendix A Figures A1 and A2). Pixels covering forest stands
in the bark beetle “red_attack” stage showed an increase in reflectance values in the red (B04)
and SWIR (B12) bands (Figure 7). A reduction in chlorophyll decreases the spectral absorption
in the visible region, resulting in higher reflectance, especially in the red band [57]. Further,
bark beetle attacks are known to decrease the canopy water content [20], affecting the SWIR
part of the spectrum by causing an increase in reflectance [46]. Previous studies indicate
that reflectance changes in infested Norway spruce trees were observable, especially in the
Red-Edge and SWIR regions for both leaf and canopy levels, and that spectral vegetation
indices calculated from the Red-Edge and SWIR spectral bands were able to differentiate
between healthy and infested trees earlier than the other indices [15,20,21].

The classification results showed a high mean overall accuracy (89%) (Appendix A
Table A1) for forest stand stress detection and proved the suitability of Sentinel-2 image
processing, as differences in reflectance in comparison to healthy forest stands can already
be detected when there are no visible changes at the ground level. Pixels covering
forest stands identified as being in the bark beetle “red_attack” stage already showed
symptoms of stress in the previous season (Figures 5, 6, 9 and 10). Since spectral
differences between healthy and stressed trees could very well exist without an ongoing
bark beetle infestation, it is insufficient to conclude that the green-attack stage was
successfully detected with our Sentinel-2 monitoring framework. The results of previous
studies [24,58,59] indicate that spectral differences can already exist at the beginning of
the vegetation season, before attacks, or even in previous years. The spectral difference
existing before attacks may be related to weakness and stress, which make the trees
vulnerable to the selection and then successful infestation by the bark beetles [24].
Indeed, a study has shown that these stress-induced spectral changes could be more
efficient indicators of early infestations than green-attack symptoms [24]. Similar spectral
trait variations observed for bark beetle attacks are produced by various other types of
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disturbances [60]. However, bark beetle spots develop at a certain speed that is greater
than that of most abiotic stresses [61].

The availability of cloud-free Sentinel-2 images is essential for assessing bark beetle
activity. Unfortunately, mountain areas are frequently cloud-covered in spring, and
therefore, only two cloud-free images were found for May within the study period
(Table 1). Actually, this period can be used as an initial reference, especially for for-
est stands already showing stress before being attacked later on in the season or for
forest stands affected by infestation from the previous season. We assume that for-
est stands classified as in the “red_attack” stage in July include canopies attacked in
the previous season and classified as stressed according to our classification results
(Figures 9 and 10D,F), as well as trees newly infested by the first bark beetle generation,
which, according to the PHENIPS model, starts swarming in May [42]. Stands suffering
from the bark beetle “red_attack” stage in September (Figures 9 and 10E) likely cor-
respond to infestations by the second bark beetle generation, which, according to the
PHENIPS model, starts swarming in July [42]. A survey conducted in the southeastern
US suggested the high activity of bark beetles in June, with observed signs of infesta-
tion and spots in August 2019, two months after the activity [61]. The period between
mid-June and early July was found to be appropriate for mapping beetle-induced early
stress in trees in Central Europe [21]. For this reason, for the early estimation of forest
vulnerability, Sentinel-2 image processing in late spring and early summer is also of
great use in detecting spectral differences related to the bark beetle green-attack stage or
general conditions of weakness and stress in tree canopies, as they could later be selected
and successfully infested by bark beetles or harmed by abiotic disturbances. This would
theoretically give forest managers sufficient time to proceed with salvage logging [62].
However, due to the current high outbreak levels, it is not feasible to monitor large areas
in a timely manner [15], and costs for punctual sanitary cuts are not sustainable for the
forest management sector, especially in mountain areas [1].

Including information about the forest stand structure (e.g., tree age and density) using
auxiliary data, such as biomass maps, tree species maps and stand attribute tables [24], and
relying only on pure Norway spruce forest stands rather than forest mixtures would most
likely increase the accuracy of the overall results and, even more, the ability to detect early
infestations. Furthermore, according to a previous study [63], the accuracy of infestation
detection drastically decreases with the decreasing number of infested trees within a mixed
pixel. A real qualitative change could already be caused by an improvement in the spectral
or spatial resolution, as shown by the discussion of the results or the non-pixel but object-
oriented approach, which analyses not only information from a given pixel but also the
context in which it is located [64]. Despite that, the general aim of this research was to
perform image processing in an area with a vast extent and including mixed spruce strands
to test Sentinel-2′s suitability for early stress detection and general forest-cover change
detection over broad areas affected by abiotic and biotic disturbances. In addition to
generating static bark beetle infestation maps, the spatial spread could also be predicted by
including data such as wetness and brightness slopes, which improved the predictive ability
of bark beetle infestation models in a recent study [65]. The proportion of stand borders
exposed to the south and west should also be considered, as they are more susceptible to
bark beetle attacks [8].

Furthermore, attacks frequently occur at sites with higher vegetation surface temper-
atures at the border of forest stands, where exposure to sunlight creates warmer condi-
tions [20]. Accurate and high-resolution data on soil moisture and land surface temperature
could significantly improve the predictive ability of bark beetle infestation models [66,67].
Therefore, interpolated SWI and LST data from currently available low-resolution open-
access imagery and evapotranspiration data [68] and prediction models such as PHENIPS-
TDEF [69] could be implemented. Information about solar radiation, rather than commonly
used meteorological variables, since increasing canopy surface temperature was found at
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attacked stands, is also recommended as a future research direction for early bark beetle
infestation detection [20,70].

5. Conclusions

This research confirmed that windstorms trigger bark beetle infestations, especially
in relation to increasing temperatures and drought conditions caused by climate change.
The multi-temporal remote sensing analysis conducted with Sentinel-2 data was useful for
studying forest canopy trajectories according to their health status. Single bands, vegetation
indices and supervised image classification could discriminate between areas affected by
stress and bark beetles compared to those of healthy forest stands. Our results suggest
that remote monitoring is suitable for providing spatial information about stressed stands,
even in an early stage when there are no visible changes at the canopy level but changes
can be detected in spectral signatures beyond the visible spectrum. Overall, the results
obtained by processing a Sentinel-2 multi-temporal series confirmed its suitability for early
stress detection in forest stands and the evaluation of forest-cover changes over vast areas
affected by both abiotic and biotic disturbances. Still, there is a need for further research
for the early and accurate detection of bark-beetle-attacked forest stands to distinguish
infestations from other stress factors, which is mandatory for the operational application of
remote monitoring to bark beetle control strategies on a large scale. Indeed, a regional-scale
assessment of damage is crucial for planning any measure, such as trapping and sanitation
felling or managing the landscape structure for containing the spread. In addition, the
proposed multi-temporal monitoring framework for wind and bark beetle detection and
damage mapping is an initial but necessary step for better understanding regional-scale
population dynamics. Such action is crucial, considering that abiotic and biotic disturbances
are predicted to occur with an increasing frequency in the future due to the impacts of
climate change.
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Appendix A

Table A1. Confusion matrices and overall statistics for RF and ANN for each classification dataset.

06/2017 RF

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed

healthy 24 1 0 0

red_attack 0 31 0 3

shadows 0 0 26 0

stressed 1 1 0 32

Overall Statistics

Accuracy 0.9535

95% CI (0.9015, 0.9827)

No-Information
Rate 0.2713

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.9377

06/2017 ANN

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed

healthy 33 1 0 1

red_attack 0 31 0 6

shadows 0 0 26 0

stressed 2 1 0 28

Overall Statistics

Accuracy 0.9147

95% CI (0.8525, 0.9567)

No-Information
Rate 0.2713

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.8859

07/2018 RF

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed

healthy 23 1 0 0

red_attack 0 24 0 1

shadows 0 0 23 0

stressed 4 2 0 26
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Table A1. Cont.

Overall Statistics

Accuracy 0.9231

95% CI (0.854, 0.9662)

No-Information
Rate 0.2596

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.8973

07/2018 ANN

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed

healthy 26 0 0 3

red_attack 0 26 1 0

shadows 0 0 22 0

stressed 1 1 0 24

Overall Statistics

Accuracy 0.9423

95% CI (0.8787, 0.9785)

No-Information
Rate 0.2596

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.9229

05/2019 RF

Confusion Matrix and Statistics

Reference

Prediction healthy shadows stressed vaia

healthy 23 0 1 0

shadows 0 19 0 0

stressed 0 0 23 0

vaia 0 0 0 19

Overall Statistics

Accuracy 0.9882

95% CI (0.9362, 0.9997)

No-Information
Rate 0.2824

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.9843
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Table A1. Cont.

05/2019 ANN

Confusion Matrix and Statistics

Reference

Prediction healthy shadows stressed vaia

healthy 23 0 0 0

shadows 0 19 0 0

stressed 0 0 24 0

vaia 0 0 0 19

Overall Statistics

Accuracy 1

95% CI (0.9575, 1)

No-Information
Rate 0.2824

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 1

07/2019 RF

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed vaia

healthy 45 0 0 0 0

red_attack 0 23 0 2 5

shadows 0 0 10 0 0

stressed 0 3 0 59 0

vaia 0 2 0 0 8

Overall Statistics

Accuracy 0.9236

95% CI (0.8703, 0.9588)

No-Information
Rate 0.3885

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.894

07/2019 ANN

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed vaia

healthy 27 1 0 1 0

red_attack 0 21 0 1 2

shadows 0 0 11 0 0

stressed 2 3 0 32 1

vaia 0 3 0 0 13
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Table A1. Cont.

Overall Statistics

Accuracy 0.8814

95% CI (0.809, 0.9366)

No-Information
Rate 0.2881

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.8462

09/2019 RF

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed vaia

healthy 25 0 0 1 0

red_attack 1 17 0 2 1

shadows 0 0 3 0 0

stressed 1 0 0 24 0

vaia 0 1 0 0 20

Overall Statistics

Accuracy 0.9271

95% CI (0.8555, 0.9702)

No-Information
Rate 0.2812

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.9042

09/2019 ANN

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed vaia

healthy 24 4 0 2 0

red_attack 2 12 0 3 0

shadows 0 0 3 0 0

stressed 1 1 0 21 0

vaia 0 1 0 1 21

Overall Statistics

Accuracy 0.8438

95% CI (0.7554, 0.9098)

No-Information
Rate 0.2812

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.7939
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Table A1. Cont.

07/2020 RF

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed vaia

healthy 31 0 0 3 0

red_attack 0 28 0 2 0

shadows 0 0 43 2 0

stressed 4 7 0 28 0

vaia 0 0 0 0 7

Overall Statistics

Accuracy 0.8839

95% CI (0.8227, 0.9297)

No-Information
Rate 0.2774

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.8487

07/2020 ANN

Confusion Matrix and Statistics

Reference

Prediction healthy red_attack shadows stressed vaia

healthy 27 0 0 4 0

red_attack 1 28 0 6 0

shadows 0 0 43 6 0

stressed 7 7 0 19 0

vaia 0 0 0 0 7

Overall Statistics

Accuracy 0.8

95% CI (0.7283, 0.8599)

No-Information
Rate 0.2774

p-Value
(Acc > NIR) <2.2 × 10−16

Kappa 0.7389
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to 100 and were calculated with the R “caret” package (version 6.0.91). Variable importance for ANN 
was calculated with the R “NeuralNetTools” package (version 1.5.3) based on relative importance 
of input variables in neural networks as the sum of the products of raw input–hidden and hidden–
output connection weights, proposed by Olden et al. [55]. The importance values assigned to each 
variable are in units that are based directly on the summed product of the connection weights. The 
actual values should only be interpreted based on relative sign and magnitude between explanatory 
variables. Comparisons between different models should not be made [55]. 
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from 0 to 100 and were calculated with the R “caret” package (version 6.0.91). Variable importance
for ANN was calculated with the R “NeuralNetTools” package (version 1.5.3) based on relative
importance of input variables in neural networks as the sum of the products of raw input–hidden
and hidden–output connection weights, proposed by Olden et al. [55]. The importance values
assigned to each variable are in units that are based directly on the summed product of the connection
weights. The actual values should only be interpreted based on relative sign and magnitude between
explanatory variables. Comparisons between different models should not be made [55].
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