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Abstract
Forest health assessments (FHA) have been carried out at European level since the 1980s in order to identify forest 
damage. The annual surveys are usually conducted without the use of remote sensing tools. However, the increasing 
availability of remote sensing observations potentially allows conduct FHA more wide-spread, more often, or in more 
comprehensive and comparable way. This literature review systematically evaluated 110 studies from 2015 to 2022 
that use remote sensing for FHA in Europe. The purpose was to determine (1) which tree species were studied; (2) 
what types of damage were evaluated; (3) whether damage levels are distinguished according to the standard of the 
International Co-operative Program on Assessment and Monitoring of Air Pollution Effects on Forests (ICP-Forest); 
(4) the level of automation; and (5) whether the findings are applicable for a systematic FHA. The results show that 
spruce is the most studied tree species. Damage caused by bark beetles and drought were predominantly studied. 
In most studies only 2 damage levels are classified. Only four studies were able to perform a comprehensive FHA 
by identifying individual trees, classifying their species and damage levels. None of the studies investigated the 
suitability of their remote sensing approach for systematic forest health assessments. This result is surprising since 
programs such as SEMEFOR analyzed the potential of remote sensing for FHA already in the 1990s. We conclude 
that the availability of new satellite systems and advances in artificial intelligence and machine learning should be 
translated into FHA practice according to ICP standards.
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1. Introduction

Forest health reflects the condition of the entire forest 
(eco)system. The condition of a forest can be described 
in terms of ecosystem diversity (structure, taxonomy and 
functional diversity), capability of forest species to adapt 
to changes, the sustainability of drivers and processes of 
forest dynamics as well as their changes over time within 
reasonable time frames. According to the Food and Agri-
culture Organization of the United Nations (FAO), forest 
health describes the impact of biotic and abiotic environ-
mental factors on the growth, survival, increment and 
quality of timber and non-timber forest products, habi-
tats, recreation, landscape or cultural values (Trumbore 
et al. 2015). Lausch et al. (2016) define forest health as 
the resilience of the forest to external disturbances. To 
assess forest health, various indicators have been devel-
oped such as defoliation and discoloration of leaves. Defo-
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liation is usually used for assessment in temperate and 
boreal regions such as Europe, Canada and the United 
States, (FAO 2021). Since many studies are focusing on 
specific factors like pests that have a negative effect on the 
health of trees or forest the terms “forest damage”, “forest 
degradation” and “forest damage assessment” are used 
in the context of assessing forest health. The ICP defines 
“damage” as an alteration or a disturbance to a part of 
the tree which may have an adverse effect on the ability to 
fulfil its functions (Eichhorn et al. 2020). The designation 
“forest degradation” refers to the reduction of the capac-
ity of a forest to provide goods, socio-cultural and envi-
ronmental services. It is a process that negatively affects 
the quality of a forest (FAO 2024). Often the term “forest 
health” is defined as the absence of damage (Lausch et 
al. 2016), therefore “forest damage assessment” could 
be interpreted as kind of “forest health assessment” with 
specific focus on damages or degradation.
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Since 1985, the health status of forests has been inves-
tigated at the European level by the International Coop-
erative Program on Assessment and Monitoring of Air 
Pollution Effects on Forests (ICP Forests). The ICP has 
developed its own standards and set of variables such as 
defoliation, flowering and foliage transparency, which 
are described in the ICP manual “Visual assessment of 
crown condition and Damaging Agents” (Eichhorn et al. 
2020). While in the 1980s it was mainly air pollution 
and emissions that led to forest degradation, in recent 
years it has been predominantly weather extremes such 
as storms and prolonged drought (Wellbrock & Bolte 
2019) in combination with biotic damage factors such 
as bark beetle infestations.

Most recently, storm Xavier in fall 2017 and hur-
ricane Friederike in February 2018 led to high levels of 
damaged timber in Germany. The damage was exacer-
bated by prolonged drought in the growing seasons from 
2018 to 2020, which significantly affected the vitality of 
forest trees. The German Forest Condition Survey 2020 
attests a significant deterioration of vitality at the federal 
level, which is reflected in a mean crown defoliation of 
26.5% on average for all tree species. Since the beginning 
of the forest condition survey, no comparably high values 
have been detected (BMEL 2022). This trend can also be 
traced for other European Countries like France, Czech 
Republic, Slovakia and Hungary, as well as western Bul-
garia and coastal Croatia (Michel et al. 2022).

Forest health assessments (FHA) are conducted to 
quantify the impact and extent of such changes in for-
est conditions. Surveys are conducted at the state and 
national level using a standardized methodology. The 
surveys are carried out terrestrially at permanently 
defined sampling points by visual assessment of the tree 
crowns (Wellbrock et al. 2020). The procedure is very 
time-consuming and spatially sparse. Random sampled 
trees are assessed in a 16 × 16 km grid or in an 8 × 8 km 
grid in some federal states of Germany such as like Lower 
Saxony. In particular, small forest ownerships such as 
communal forests are not sufficiently represented by the 
grid (Drechsel 2022). In this context, monitoring forest 
condition by remote sensing is an interesting alternative 
to terrestrial methods as it can provide a wide-spread 
monitoring.

In remote sensing, electromagnetic radiation is used 
to analyze the environment without contact. Thereby 
sensors to measure the electromagnetic radiation are 
mounted either on space-borne systems (satellites), air-
borne systems (planes, helicopters, drones / uncrewed 
aerial vehicles UAVs) or on terrestrials systems (e.g., 
cameras on towers or terrestrial laser scanning). Sensors 
are commonly distinguished into active and passive sen-
sors. Passive sensors record reflected sunlight or radia-
tion that is naturally emitted by the object. In contrast, 
active systems emit radiation itself either in the form of 
laser beams (Light Detection and Ranging LIDAR) or 
microwaves (Radar) and then record the energy of this 

radiation that is reflected at the surface (Lillesand et al. 
2015). Microwave observations from synthetic aperture 
radar (SAR) systems have been widely used to create sur-
face and terrain models and are becoming recently more 
exploited to quantify forest structure at large scales (Par-
dini et al. 2019; Santoro et al. 2022; Liu et al. 2024) but 
is not yet fit for purpose for small scale applications in 
forestry. LIDAR especially airborne laser scanning (ALS) 
is widely used to map forest height or structure (Pirotti 
2011; Wulder et al. 2012).

The spectral, spatial and temporal resolution of the 
sensors plays a decisive role in the detection and evalu-
ation of environmental influences on ecosystems such 
as forests. The spectral resolution provides information 
on which fineness of electromagnetic radiation can be 
recorded by a sensor. A great number of narrow bands 
results in a high spectral resolution, while less or wider 
bands produce the contrary. Sensors with one band are 
referred as panchromatic, sensors with more than two 
bands as multispectral (MS) and sensors with multi-
tude of narrow band as hyperspectral (HS). The radia-
tion recorded by the sensor allows to map properties of 
the surfaces. In this way biochemical and physiological 
properties of leaves and morphological, structural or 
phenological properties of entire canopies of trees can 
be estimated and monitored. Indicators such as leaf area 
index, leaf water content, or chlorophyll content can be 
retrieved from multi- and hyperspectral satellite observa-
tions and allow conclusions about their vitality (Lillesand 
et al. 2015; Lausch et al. 2016).

The spatial resolution indicates the size of an object 
at the Earth surface that can be resolved by a sensor. 
In many cases spatial resolution equals pixel size (e.g., 
the Sentinel-2 satellite has up to 10 m spatial resolution 
and pixel size) but pixel size can be also disaggregated 
to lower values (e.g., 2 m) but this will not increase the 
spatial resolution (e.g., objects < 10 m can still not be 
resolved). Depending on the spatial resolution, infor-
mation about the distribution, size, shape and extent of 
objects or features can be derived. While coarse (> 500 m) 
and medium-resolution (10–500 m) images only allow 
statements at landscape, ecosystem or stand level, high-
resolution (< 10 m) images can be used to differentiate 
between tree crowns or crown components (Lausch et 
al. 2016).

The temporal resolution indicates the period between 
two overflights of the same area (Lillesand et al. 2015). 
The temporal resolution determines the frequency of suc-
cessive surveys and controls if information about annual 
and seasonal changes or at individual disturbance events 
can be derived. A high temporal resolution contributes to 
a better differentiation of species, populations, communi-
ties or forest types based on their phenological changes 
or their response to environmental stress (Lausch et al. 
2016).

The most widely used platforms for forestry remote 
sensing include satellites, aircrafts and uncrewed aerial 
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vehicles (UAVs). Satellites have been used for remote 
sensing for more than 40 years. The Landsat-1 program 
was launched in 1972, followed by SPOT-1 and Ikonos. 
Since then, satellite-based systems have been continu-
ously improved in terms of image performance and better 
spatial and spectral resolution (Wulder et al. 2019). By 
combining the images from several individual satellites, 
the temporal resolution can be increased. Compared to 
airborne platforms, satellites possess a lower spatial reso-
lution, which ranges between 0.3 and 300 m per pixel 
(Jafarbiglu & Pourreza 2022). However, an advantage 
of satellite images is the cost factor and the accessibility 
of the data. Images from medium-resolution satellites 
(e.g., Landsat, Sentinel-2) can be used free of charge. 
Although, high-resolution images from commercial sat-
ellites such as Rapid Eye, Planet, Ikonos or Geoeye are 
only limited available free of charge (e.g., for test users 
or non-commercial application), the costs for those 
images are relatively cheaper compared to aerial images 
(Fassnacht et al. 2016; Wu et al. 2020).

As an addition or alternative to satellite sensors, sen-
sors on airplanes offer a higher spatial resolution of 2 to 
25 cm per pixel and hence can provide much more detailed 
information. On the other hand, airborne sensors operate 
at a regional level and have a smaller ground coverage. 
Since aerial images are generally very cost-intensive and 
the quality of satellite images is constantly improving, 
the use of satellite images is increasing in comparison to 
aerial images (Jafarbiglu & Pourreza 2022).

In contrast to satellites and airplanes, UAVs have only 
been used in remote sensing for around 10 years (Minařík 
& Langhammer 2016). They are significantly cheaper 
and more flexible to use, which is why their importance 
in remote sensing is increasing. UAVs offer a consider-
able increase in spatial resolution (1 to 5 cm / pixel). 
However, UAVs are used only at a local level and hence 
have a small ground coverage compared to satellites and 
airplanes. However, the low flight altitudes close to the 
tree canopies enable their use for tree species classifica-
tion and vitality monitoring (Näsi et al. 2018; Kampen 
et al. 2019; Wu et al. 2020).

Already in the 1990s the European Commission 
founded projects to complement the forest health assess-
ment at ICP plots by the use of remote sensing. For exam-
ple, the SEMEFOR (Satellite Based Environmental 
Monitoring of European Forest) project used medium to 
coarse resolution satellites such as Landsat TM, IRS-1C 
and SPOT4 to assess forest health using indicators such 
as defoliation and discoloration. Defoliation and damage 
levels could be determined with an error rate of 3–10% in 
spruce and pine dominated stands (European Commis-
sion 2001). However, inadequate results were obtained 
for plots in steep terrain, with roads running through 
them or with a proportion of dominant tree species not 
exceeding 50%. The project illustrated the advantage of 
satellite images in terms of good spatial and temporal 
availability for periodic surveys. However, it also showed 

the disadvantage of the medium to coarse spatial resolu-
tion, which does not allow a more precise evaluation of the 
condition of individual trees or mixed stands (European 
Commission 2001). Other international efforts such as 
Global Forest Watch (https://www.globalforestwatch.
org/) make use of satellite-based approaches using multi-
spectral observations (Hansen et al. 2013) or Radar 
observations (Reiche et al. 2018) to provide frequent 
information about deforestation. The European Earth 
observation program “Copernicus” offers through its 
Land Monitoring Service (https://land.copernicus.eu/
en) information about land and tree cover, forest type, 
and biophysical properties of vegetation. However, there 
is not yet any portal that uses satellite observations to 
serve the need of forest health assessment according to 
the ICP standards.

In recent years, there have been several literature 
studies dedicated to the analysis of forest damage using 
remote sensing. Lausch et al. (2016, 2017, 2018) present 
in detail the methods, approaches as well as necessary 
further developments that should enable remote sensing 
to survey forest condition. Torres et al. (2021) give a good 
overview of remote sensing methods used worldwide in 
the years 2015 to 2020. Other authors, however, focus on 
country-specific application or specific damage factors.

Holzwart et al. (2020) analyzes the history of remote 
sensing at the German level during the last 20 years. Other 
authors focus on remote sensing of forest damage caused 
by insect feeding (El-Ghany et al. 2020). However, no 
review studies were found to summarize the practicality 
of remote sensing for operational forest health assess-
ment. Therefore, the aim of this literature review is to 
examine studies on forest health assessment conducted 
in Europe using remote sensing. Of particular interest 
is the question of the practicality of the approaches for 
operational monitoring. Specifically, we address the fol-
lowing questions:
1. 	Which tree species were investigated?
2. 	What types of damages are evaluated?
3. 	Are damage levels collected according to ICP standard?
4. 	What is the level of automation?
5. 	How relevant are the results for forest health assess-

ment?

2. Methodology

The Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) method was used for the 
systematic evaluation of the studies (Fig. 1). The method 
provides a systematic evaluation and meta-analysis of lit-
erature. Possible sources are first identified and reduced 
by a pre-selection. Their suitability for the study is then 
assessed (Moher et al. 2009).

We searched for literature in English language in 
order to analyze international studies. Selected period 
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Fig. 1. PRISMA flowchart for selection and inclusion of studies in the analysis.

Fig. 2. Number of publications by years.
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of consideration was between 1st January 2015 and 31st 
December 2022, using the search terms “remote sens-
ing AND (tree OR forest) AND (health OR stress OR 
dieback OR vitality OR mortality)” in the Web of Science 
online library. Searches were conducted on 12/07/2022 
and repeated on 12/07/2023 and returned 3282 articles.
First, the titles of the articles were screened. Excluded 
were all studies that referred to plants other than trees, 
such as palms, that investigated at other habitats such as 
aquatic forests (mangroves) or savannas, or that primar-
ily focused at forest fires or wind throws. This selection 
resulted in 360 articles.

Second, since the literature review is focused on 
assessment of forest health in Europe, we further selected 
only publications relating to countries in geographic 
Europe. The remaining 133 studies were examined in 
detail. In a further step, 23 articles were excluded from 
the evaluation because they were not related to remote 
sensing or did not make statements about tree vitality 
or forest health. In addition, eight further studies were 

included that were found in the literature of the inves-
tigated articles journals and fulfilled the criteria of the 
search query.

3. Results

3.1 Location and time of publications

A total of 110 studies were evaluated for the period from 
1st January 2015 to 31st December 2022. Most of the stud-
ies were published in the years from 2019 to 2022 (Fig. 2). 
In this context, remote sensing was used to assess tree and 
forest vitality in 24 countries in Europe. Most studies were 
conducted in Spain (24), followed by Poland (12), Czech 
Republic (10), and Germany (8) (Fig. 3, Table 1). Some 
studies were conducted in multiple locations, so the total 
number of studies shown in Table 1 is 117. An overview 
of all the results is shown in Table S1.

Hits from keyword search in Web of Science

After screening the titles and exclusion of studies from 
different ecosystems

Studies with reference area Europe

102 studies from search query plus 8 additional studies 
found in literature are evaluated

 

5

1

6

15

20 19

24

20

0

5

10

15

20

25

30

2015 2016 2017 2018 2019 2020 2021 2022

N
um

be
r o

f p
ub

lic
at

io
ns

year



Fig. 3. Distribution of studies on monitoring of forest damage by remote sensing.
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Table 1. Publications per country.

Country Number of 
publications Investigated tree species

Europe 3 No data
Austria 2 Picea abies, Fraxinus excelsior, Fagus sylvatica, Abies alba, Pinus nigra, Pinus sylvestris

Belarus 1 No data
Belgium 3 Alnus glutinosa, Aesculus spp., Tilia spp., Acer spp., Platanus

Bulgaria 6 Picea abies, Pinus sylvestris, Pinus nigra, Fagus sylvatica, Ailanthus altissima, Abies alba, Cercis siliquastrum, Diospyros lotus, 
Fraxinus ornus, Tilia argentea, Tilia platyphillos, Sambucus nigra, Sophora japonica

Croatia 2 Quercus, Carpinus betulus, Robinia pseudoacacia

Czech Republic 9 Picea abies, Fagus sylvatica, Abies alba 

Finland 3 Picea abies

France 2 Abies alba, Picea abies, Pseudotsuga menziesii

Germany 9 Picea abies, Pinus sylvestris, Fagus sylvatica, Quercus robur, Tilia cordata, Tilia × europaea, Acer platanoides,  
Robinia pseudoacacia

Great Britain 5 Quercus robur, Quercus petraea, Betula pubescens, Larix kaempferi, Larix eurolepis, Fraxinus excelsior, Pinus sylvestris,  
Pinus contorta

Greece 4 Abies cephalonica, Olea europaea

Ireland 1 Quercus robur, Quercus petraea, Betula pubescens

Italy 9 Pinus pinea, Olea europaea, Quercus robur, Quercus frainetto, Quercus pubescens, Quercus cerris, Fagus sylvatica,  
Quercus ilex, Picea abies, Abies alba, Pinus nigra, Pinus sylvestris

Latvia 1 Picea abies

Norway 2 Picea abies

Poland 12 Quercus robur, Quercus petraea, Carpinus betulus, Tilia cordata, Picea abies, Acer platanoides, Betula pendula, Betula pube-
scens, Pinus sylvestris, Alnus glutinosa 

Portugal 4 Quercus suber, Alnus glutinosa, Eucalyptus spp.
Romania 3 Fagus sylvatica, Picea abies, Abies alba

Slovakia 3 Picea abies

Slovenia 1 Fagus sylvatica, Larix decidua, Pinus sylvestris, Picea abies, Abies alba 



19

J. Drechsel & M. Forkel / Cent. Eur. For. J. 71 (2025) 14–39

3.2 Investigated ecosystem  
and forest types and levels

Most studies investigate trees in forests (101 studies) 
(Table 2). Five studies examined trees in plantations, four 
the vitality of trees in parks. Within the forest ecosystem, 
primarily coniferous forests (37 studies) and mixed for-
ests (35) were investigated. Deciduous forests, on the 
other hand, were the subject of 29 studies. Nine studies 
consider all forest types, which is mainly the case when 
the vitality of forest trees is analyzed on a country level 
or Europe-wide.

More than half of the studies assess the health of 
trees or forests at the level of the individual tree. About 
one third of the studies analyze vitality at the stand level. 
This means that no distinction is made between individu-
als but several neighboring trees are considered as one 
unit. Five studies use both individual tree and stand level. 
A total of seven studies consider forest vitality at the eco-
system level (Table 2).

Table 2. Sites of the studied trees and considered levels.
Sites Number
Forest
Plantation
Park

101
5
4

Type of forests Number
Deciduous forest
Coniferous forest
Mixed forest
All types
No data

24
37
35
9
5

Level Number
Single tree
Forest stand
Single tree and forest stand
Forest stand and ecosystem
Ecosystem
No data

58
36
5
2
7
2

3.3 Type and level of damage

Regarding the type of damage, most studies differenti-
ate between biotic and abiotic damages. The majority 
of publications (48) examined biotic damage. The most 
important damaging organisms are insects, especially 
bark beetles. In comparison, abiotic damage was rarely 
investigated. In 16 available studies, mainly drought-
related damage was identified. A total of seven publi-

cations consider the interaction of abiotic and biotic 
damage, such as the influence of drought on fungal 
infestations, or the effects of storm events on bark beetle 
calamities. It is noteworthy that 36 studies do not provide 
information on the type of damage determined (Table 3).

Table 3. Types of damage.
Type of damage Pests / abiotic impact Number

Biotic

Bark beetles 
Leaf beetles

Moth 
Protista

Nematodes
Bacteria

Fungi

21
1
4
6
1
2

13

Abiotic

Drought
Storm

Nutrient deficiency
Stone impact

16
1
1
1

Biotic  
and abiotic

Storm and bark beetle
Drought and fungi or bark beetle or interaction 3

Without data 36

The classification of the damage levels on the reference 
plots is mainly based on the loss of leaves or the discolora-
tion of the foliage. The majority of the studies do not make 
any statement on damage levels (Table 4). In most cases, 
only vegetation indices were collected without a classifi-
cation. 30 studies distinguish between two damage lev-
els, according to “dead” and “living” or “healthy” and 
“diseased” trees. When classifying three damage levels, 
22 publications differentiate between “healthy”, “dis-
eased” and “dead” or “light damage”, “moderate dam-
age” and “dead trees”. Studies with four or five damage 
levels show further vitality classes according to the foliage 
or leaf discoloration of the considered trees. Two studies 
distinguish six different levels of damage although these 
classifications differ from conventional vitality classes for 
trees (Table 4). Recanatesi et al. (2019) investigates six 
risk classes for tree death based on vegetation indices. 
Baders et al. (2022) classifies trees according to different 
crown damage, dead trees and trunk and root damage.

3.4 Investigated tree species

Among the most studied genera is the spruce (Picea). 
It was mentioned in 39 studies. All studies, except one, 
refer to the species Picea abies [L.] Karst.. Pine (Pinus) 
is also frequently addressed in 24 studies. This genus is 

Spain 24 Pinus halapensis, Pinus pinaster, Pinus nigra, Pinus sylvestris, Pinus pinea, Pinus radiata, Quercus ilex, Quercus suber,  
Phillyrea latifolia, Arbusto unedo, Ulmus pumila, Fagus sylvatica, Prunus dulcis

Sweden 2 Picea abies

Switzerland 5 Picea abies, Fagus sylvatica, Abies alba, Pinus sylvestris, Alnus glutinosa, Larix decidua, Acer pseudoplatanus, Quercus robur, 
Pinus mugo, Castanea sativa, Quercus petraea, Pseudotsuga menziesii, Tilia cordata, Betula pendula

Ukraine 1 Pinus spp., Alnus glutinosa, Betula spp.



Fig. 4. Studied tree genus (number of publications).
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represented by many more species (Pinus sylvestris L., P. 
halapensis Mill., P. pinaster Aiton, P. pinea L., P. nigra J. 
F. Arnold, P. radiate D. Don, and P. mugo Turra). Among 
the deciduous tree genera, oak (Quercus) is the most fre-
quently genera studied, which encompass species such 
as Quercus ilex L., Q. robur L., Q. petraea [Matt.] Liebl., 
Q. suber L., Q. frainetto Ten., Q. pubescens Willd. and 
Q. cerris L.(Fig. 4).

The studies differ greatly in terms of the number of 
tree species investigated. The majority (62) of the publi-
cations investigates only the vitality of one tree species. 
13 studies determine the vitality of two tree species and 
eleven studies three different tree species. No informa-
tion about the tree species investigated is provided in 17 
studies (Table 5).

Table 5. Number of evaluated tree species.
Number of evaluated tree species in studies Number of publications

1
2
3
4
5
 9
11
14

No data

62
13
11
2
2
1
1
1

17

3.5 Technologies used to evaluate  
forest damage

Satellites represent the most used platform for forest 
health assessment with 45%. UAV (19%) and aircraft 

(17%) are used significantly less. Purely terrestrial meth-
ods were used in only one publication and combined 
with aircraft in another. Combining aircraft and satellite 
imagery, on the other hand, is a frequently used method 
(12%). In 89 studies, vitality is surveyed using passive 
sensors, and another 20 studies combine passive and 
active sensors. In contrast, the use of exclusively active 
sensors plays a minor role with only one study. Multi-
spectral remote sensing data are used most frequently (79 
studies). Ten studies use hyperspectral data and a total 
of 20 studies combine different technologies (Table 6).

In the period from January 2015 to December 2022, 
satellite images from the Copernicus mission Sentinel-2 
(33) and Landsat (19) were predominantly used. Prod-
ucts from “World-View” and “Terra and Aqua” (MODIS) 
were used far less often. Other high-resolution commer-
cial satellite imagery is barely used (< 4 studies) (Fig. 5).

As a method for inferring tree damage, classifica-
tion approaches (52) was used far more frequently 
than regression approaches (19). In seven studies, both 
methods were combined. About one third of the stud-
ies, on the other hand, did not provide any information. 
Machine learning methods were used most frequently. In 
particular, the random forest algorithm (28), principal 
component analysis / partial least square discriminate 
analysis (17), and support vector machine (15) were used 
most often (Table 7).

The majority of the studies assessed the vitality of 
trees at the individual tree level or at the individual and 
stand level (Table 2). We then assessed which steps of the 
analysis were conducted in an automatic way (Table 8). 
Most frequently, individual trees are first extracted from 
the remote sensing data and then assessed in terms of 

Table 4. Examination of damage levels.
Number of damage levels Number of publications Damage level designation

No level
2
3
4
5
6

34
30
22
16
6
2

healthy/diseased or alive / dead
healthy/diseased / dead or slight / moderate / dead

No damage / slight / moderate and heavy damages or dead trees 
No damages to dead trees

Different classes according to vegetation indices or crown damages or other types of damages 
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their vitality (32 studies). In eight studies, only the vitality 
is assessed without having previously performed a single 
tree detection or tree species classification. Three stud-
ies classify tree species and vitality without a previous 
single tree extraction. Only four publications both detect 
individual trees, classify them by tree species, and then 
assess the vitality.

The classification of damage levels is mainly based on 
needle and leaf loss (defoliation) or yellowing of foliage 
on the reference plots. These characteristics are mostly 
derived using vegetation indices, texture, and or individ-
ual spectral bands (e.g., near infrared (NIR), Red edge, 
and visual bands). 77 studies use vegetation indices to 
determine damage levels. The Normalized Difference 

Table 6. Applied remote sensing technologies.
Technology Number Platform Number Sensor Number
Active
Passive
Active / passive

1
89
20

Satellite
Aircraft
UAV
Earth born 
Satellite / aircraft / UAV 
Satellite / aircraft
Satellite / UAV
Aircraft / UAV

50
19
21
1
1

12
1
5

ALS
ALS / Thermal
Hyperspectral / Thermal
Hyperspectral
Hyperspectral / ALS
Hyperspectral / Multispectral
Hyperspectral / Thermal
Multispectral
Multispectral / ALS
Multispectral / Radar
Multispectral / Thermal / ALS

1
1
1

10
4
2
1

79
7
3
1

Table 7. Data analysis techniques for determining the damage level or vitality.
Classification / Regression Number Method of evaluation Number
Classification
Regression
Classification / Regression
No information

52
19
7

 32

Random Forest (RF)
Support Vector Machine (SVM)
Principal component analysis (PCA), partial least square discriminate analysis (PLS-DA)
Neutral Networks (NN)
Maximum Likelihood (MLE)
Convolutional Neural Network (CNN)
Geographic Object-based Image Analysis (GEOBIA)
Boosted regression trees
k-Mean-Clustering
k-nearest neighbors (kNN) 
Principal component gradient analyses (PCGA)
Classification and Regression Trees algorithm (CART)
Bayesian estimator
Cumulative distribution function (CDF)
Multi-Pyramid Features Extraction
Machine learning (without further designation)
No data

28
15
17
7
6
4
2
1
1
3
1
1
1
1
1
1

35
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Fig. 6. Average overall accuracy achieved in relation to the number of damage levels.

Vegetation Index is mostly applied and used in 70 stud-
ies. Texture features are used to evaluate damage levels 
in only seven studies (Table S2).

3.6. Accuracies of the forest damage  
level classification

In the following, the achieved overall accuracies of the 
damage level classification are considered in order to 
show which factors influence the accuracy of the classi-
fication. Looking at the overall accuracy of the classifica-
tions in damage levels, it can be seen that the accuracy 
varied between 80% and 88% for 2 to 5 damage levels. 
A clear relation between the accuracy and the number 
of damage levels is not recognizable. With a number of 
six damage levels, the accuracy achieved is significantly 
lower at 56%, but there is only one reference study for 
this value (Fig. 6). The algorithms used for classification 
seem to have a stronger effect on accuracy. While meth-
ods such as Object-Based Image Analysis (GEOBIA) and 
k-nearest neighbors achieve an overall accuracy of 80% 
and 78%, respectively, artificial neural networks, maxi-
mum likelihood and multi-pyramid feature extraction 
achieve significantly higher values with accuracies of over 
90%. Table 9 shows the average values of the achieved 
overall accuracies. In contrast, the use of multispectral 
(82%) and hyperspectral (83%) sensors hardly differs in 

terms of accuracy. The accuracy of both multispectral and 
hyperspectral sensors can be substantially increased by 
combining them with thermal sensors or radar (Table 9).

Regressions were used in 19 studies. In seven further 
studies, both regression and classification were used. 
However, only eight studies made a statement about the 
performance of the regression analysis (based on the 
coefficient of determination). The coefficient lies between 
R2 = 0.52 and R2 = 0.93 in the studies considered. Due to 
the small number of studies, it is difficult to identify a rela-
tionship between the coefficient of determination and 
the number of damage levels or sensors used. However, 
the study by Smigaj et al. (2015) achieves a significantly 
worse result (R2 = 0.52) than the other studies, which 
have a coefficient of determination between R2 = 0.79 and 
R2 = 0.93. This could be related to the use of a thermal 
sensor instead of multispectral or hyperspectral sensors. 
The studies by Barka et al. (2018) with R2 = 0.86 and 
Rodes et al. (2021) with R2 = 0.93 achieved the highest 
coefficient of determination for the derivation of damage 
based on defoliation.

Table 9. Overall accuracies of the algorithms and applied 
technologies.
Algorithm Overall accuracy [%]
k-nearest Neighbors
Ordinary least squares Regression
CNN
Support Vector Machine (SVM)
Random Forest (RF)
GEOBIA
Artificial neural networks
Maximum-Likelihood
Multi-Pyramid Features Extraction

78
80
80

83.5
85.9

80
90

90.5
93.8

Technology Overall accuracy [%]
Multispectral
Hyperspectral
Multispectral / radar
Hyperspectral / thermal

82
83
91
90

Table 8. Performed data analysis steps in assessing the vitality 
of trees at the individual tree level.
Working steps Number
No statement about work steps
Classification of damage level
Tree detection + classification of damage level
Tree species classification + classification of damage level
Tree detection + tree species classification + damage level

11
8

32
3
4
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4. Discussion

4.1. Investigated tree species and type  
of damage

The results of the literature search show that the genus 
Picea was the most frequently studied (39 studies). 
According to the FAO (2020), spruce is one of the most 
important main tree species of 14 of the 23 countries 
examined in this study. Both the distribution and the 
economic interests associated with spruce seem to put the 
tree species in the focus of studies. Directly related to the 
frequent mention of spruce is the high number of stud-
ies (19) on bark beetle damage. In particular, the species 
Ips typographus L. represents the most important pest of 
the tree species (Bayerische Landesanstalt für Wald und 
Forstwirtschaft 2020).

The pine genus has also been considered in numerous 
studies. Similar to spruce, it is widespread in Europe and 
is one of the main tree species in 12 of the 23 countries 
listed (FAO 2020). Most studies on damage to pines were 
published in Spain (11 of 24 publications). The species 
considered were Pinus halepensis Mill., P. pinea L., 
P. pinaster Aiton, P. nigra J. F. Arnold, and P. sylvestris 
L. The tree damage described therein was attributed to 
numerous pest groups, including nematodes, moths, 
bark beetles, bacteria, fungi, and drought, in contrast 
to spruce.

Among the deciduous tree species, the genus Quercus 
was the most frequently studied (15 publications). Most 
publications on damage to oaks were also from Spain 
(6 publications) and considered the species Quercus ilex 
L. as well as Q. suber L. Biotic damage by protists (Phy-
tophthora cinnamomi Rands) was evaluated. In Central 
Europe, the genus was studied in only four publications 
and was represented by the species Quercus robur L. and 
Q. petraea [Matt.] Liebl.

The genus Fagus was investigated nine times. In all 
studies, the species Fagus sylvatica L. was considered. It 
is noteworthy that four out of eight studies do not men-
tion the type of damage. In three publications, damage 
caused by drought is examined and related to the extreme 
weather events, as confirmed by studies of Thonfeld et al. 
(2022) and Lukeš (2021). With regard to research ques-
tions 1 and 2, it can be summarized that mainly biotic 
damage, in particular bark beetles, were investigated. 
Although the ratio of coniferous to deciduous tree spe-
cies investigated is balanced, the genera Picea and Pinus 
were investigated much more frequently.

4.2. Remote sensing technologies 
used to evaluate forest damage

Satellites are the most widely used platform - especially 
the Copernicus Sentinel-2 and the US Landsat satellite 

programs. This widespread used is likely because of the 
free access to these data and the relatively easy use and 
interpretation for forest applications of those optical mul-
tispectral imagery.

The use of drones for damage assessment plays an 
increasingly important role. 21 of the 101 studies used 
UAV, and seven other studies combined UAV with other 
platforms. According to Torres et al. (2021), in the period 
from 2015 to 2020, only seven studies worldwide used 
UAV and four others combined UAV with other systems. 
The increasing use of UAVs in environmental monitor-
ing is related, among other things, to decreasing cost of 
acquisition and operation, flexible deployment and inde-
pendence from cloud cover, and very high resolution of 
the imagery (Hu et al. 2021). Nevertheless, the use of 
crewed airborne vehicles is still a proven tool. In 19 pub-
lications, remote sensing data were collected using air-
craft, and in 18 other studies, images from aircraft were 
combined with those from satellites or UAVs.

Multispectral sensors have been predominantly used 
for the detection of tree damage (79). Multispectral sen-
sors can measure electromagnetic radiation in the range 
from 400 to 2,500 nm. They are therefore suitable for 
analyzing vegetation. The reflection and absorption 
behavior of plants in the wave range between 430 and 
660 nm allows conclusions to be drawn about their vital-
ity (Curran 1980). However, the high number of stud-
ies using multispectral sensors seems to be related to 
the Sentinel-2 and Landsat satellite programs, which 
exclusively use multispectral sensors. Although hyper-
spectral sensors are particularly well suited to quantify 
a high number of different biochemical and biophysical 
spectral features in forest ecosystems and are also capa-
ble of distinguishing more than 20–30 different tree 
species (Lausch et al. 2016), they have only been used 
15 times. The high spectral resolution of hyperspectral 
instruments is more crucial than spatial resolution for 
assessing spruce health (Abdollahnejad et al. 2021). The 
limited use of hyperspectral imagery is likely caused by 
the availability of hyperspectral data which was not freely 
available from a satellite platform. The German hyper-
spectral Environmental Mapping and Analysis Program 
(EnMap) satellite, launched in 2022, might enable the 
development of further methods for forest health assess-
ment (Dotzler et al. 2015; Guanter et al. 2015) but data 
availability is yet limited. This situation will improve with 
the advent of Copernicus Hyperspectral Imaging Mission 
(CHIME), a pair of satellites to be launched in 2028 and 
2030, respectively (Rast et al. 2021).

Most studies (77) use vegetation indices for dam-
age detection. The most commonly applied was NDVI, 
which is one of the most used vegetation indices accord-
ing to Hawryło et al. (2018). The accuracy of damage 
level classification seems to depend more on the algo-
rithm used than on the number of damage levels differ-
entiated between or the type of data used. Multispectral 
and hyperspectral data hardly differed from each other 
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identification, tree species classification, and damage 
assessment (Stereńczak et al. 2020; Briechle et al. 2021; 
Chan et al. 2021; Safonova et al. 2021), which answers 
research question 4.

The targeted application of remote sensing for forest 
health assessment was only subject of research in Barka 
et al. (2018). Nevertheless, most studies focus on the 
detection of specific damages or damage events of one 
or a few tree species in limited study areas. It can therefore 
be concluded that remote sensing was not used for the 
forest condition survey regarding the study period from 
2015 to 2022 (research question 5).

5. Conclusions

The studies published in the period from 1st January 
2015 to 31st December 2022 mainly consider the vitality 
or damage of forest trees of the genera Picea, Pinus and 
Quercus (Research question 1). Primarily biotic damage 
factors were determined of which Ips typographus L. was 
the most abundant pest mentioned (Research question 
2). Satellite images from Landsat and from Copernicus 
Sentinel-2 were mostly used as a basis, although UAV 
are becoming increasingly important for forest health 
assessment. Although about half of the studies consider 
forest condition at the single-tree level, the majority of 
publications do not differentiate between damage levels 
or only between “dead and living” trees. Only 6 stud-
ies classify 5 damage levels according to ICP standard. 
An approach that is able to assess more indicators for 
tree crown assessment such as needle or leaf loss, leaf 
discoloration, crown transparency, flowering and fruit 
formation was not found (research question 3). An auto-
mated derivation of tree crown, tree species and damage 
levels was implemented in only four studies, and this only 
applies to a maximum number of three undifferentiated 
tree species (research question 4). Remote sensing was 
specifically applied for forest health assessment in only 
a few studies like Barka et al. (2018) and the SEMEFOR 
project in the 1990s (research question 5). Nevertheless, 
most studies focus on the detection of specific damages or 
damage events of one or a few tree species in limited study 
areas. Those results demonstrate the need for a more 
targeted research and exploitation of remote sensing 
to quantify and describe forest health. Thereby, meth-
odologies should be developed and tested that serve the 
need for forest health assessment according to ICP For-
est standards. Such a targeted approach would not only 
facilitate an easier and more widespread standardized 
forest monitoring but could also help the remote sensing 
community to satisfy the call for more ground observa-
tions, which are available from ICP. This requires build-
ing bridges between remote sensing science and forestry 
through improved cooperation, communication and the 
willingness to share data, algorithms and finally services.

on average, while methods such as Artificial Neural 
Networks, Maximum-Likelihood and Multi-Pyramid 
Feature Extraction with accuracies above 90% showed 
large differences to other algorithms such as k-Nearest 
Neighbors (78%). The highest overall accuracies were 
obtained by Duarte et al. (2020) with 98.5% and Poblete 
et al. (2021) with 98%, which relied on Random Forest 
and Support Vector Machines for classification. How-
ever, recent approaches using Deep Learning methods 
also achieve very good results. The convolutional neu-
ral networks (CNNs) Silvi-Net of Briechle et al. (2021) 
achieves an overall accuracy of 95%.

The assessment of tree vitality was carried out at 
different levels. In the evaluation of the studies, a differ-
entiation was made between individual tree, stand and 
ecosystem levels.

While some studies focused on stand or ecosystem 
level, 54 studies investigated vitality at the single tree 
level. This level is important because it allows to differen-
tiate forest vitality in terms of (i) diversity at taxonomic, 
structural, and functional levels, (ii) genetic diversity 
affecting adaptive capacity, and the (iii) factors, pro-
cesses, and their traits affecting vitality (Lausch et al. 
2016).

33 of the 58 studies exclusively examine vitality of 
monocultures of tree species or pure stands, which sim-
plifies the analysis because a prior identification of tree 
species is not required. Consequently, these studies do 
not provide information about the usefulness of methods 
for determining tree damage in mixed stands, as indi-
cators for damages such as vegetation indices are tree 
species-specific (Barka et al. 2018).

In contrast, the annual forest health assessment 
according to ICP standard distinguishes between tree 
species and vitality at individual tree level. For this pur-
pose, indicators such as foliage (needle or leaf) loss, leaf 
discoloration, crown transparency, flowering and fruit 
formation are assessed. In addition, biotic and abiotic 
damage factors such as drought and insect feeding are 
documented. From the information of needle and leaf 
loss, damage levels from 0 (no crown defoliation) to 
4 (dead tree) are evaluated (BMEL 2021).

As an answer to research question 3, it can be noted 
that none of the evaluated studies could accomplish this 
set of indicators and damage levels according to ICP 
standard. However, six out of 110 studies (Dimitrov 
et al. 2018; Kampen et al. 2019; Algeet Abarquero et al. 
2020; Hornero et al. 2020; Rodes et al. 2021; Ho et al. 
2022) were able to distinguish five damage levels equal 
to ICP standard.

In order to generate statements regarding vitality 
or damage at the level of individual trees, various data 
analysis steps are necessary. The results show that only 
a small part of the studies was able to automatically detect 
single trees or delimit their canopy, classify the tree spe-
cies and determine the vitality or damage of the tree. Only 
four studies performed all three mentioned steps of tree 
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