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Abstract: Unmanned aerial vehicles (UAVs) are platforms that have been increasingly used over
the last decade to collect data for forest insect pest and disease (FIPD) monitoring. These machines
provide flexibility, cost efficiency, and a high temporal and spatial resolution of remotely sensed
data. The purpose of this review is to summarize recent contributions and to identify knowledge
gaps in UAV remote sensing for FIPD monitoring. A systematic review was performed using the
preferred reporting items for systematic reviews and meta-analysis (PRISMA) protocol. We reviewed
the full text of 49 studies published between 2015 and 2021. The parameters examined were the
taxonomic characteristics, the type of UAV and sensor, data collection and pre-processing, processing
and analytical methods, and software used. We found that the number of papers on this topic has
increased in recent years, with most being studies located in China and Europe. The main FIPDs
studied were pine wilt disease (PWD) and bark beetles (BB) using UAV multirotor architectures.
Among the sensor types, multispectral and red–green–blue (RGB) bands were preferred for the
monitoring tasks. Regarding the analytical methods, random forest (RF) and deep learning (DL)
classifiers were the most frequently applied in UAV imagery processing. This paper discusses the
advantages and limitations associated with the use of UAVs and the processing methods for FIPDs,
and research gaps and challenges are presented.
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1. Introduction
Forests play a fundamental role in human well-being [1]. They are crucial carbon
pools [2], contributing to mitigating the impacts of climate change [3,4] while ensuring
important economic and social benefits, providing soil and water protection, and many
other relevant environmental services [5].
In recent decades, changes in the frequency and severity of meteorological events
seem to be related to a concomitant drop in the vitality of forests, namely with the outbreak
of new insect pests and diseases [5–7]. These environmental disturbances can facilitate a
change in the frequency of the occurrence of forest pests [8], which undoubtedly impacts
the development, survival, reproduction, and dissemination of the species [5]. Insects have
been recognized as the first indicators of climate change [9]. Reducing forest degradation
and increasing its resilience involves managing and preventing these stressors and disturbing agents [10]. In this context, accurate and timely forest health monitoring is needed to
mitigate climate change and support sustainable forest management [11].
Field sampling and symptom observation on foliage and trunks are the main methods
to identify and register forest pests and diseases [11,12]. When remotely sensed data with
high spatial and spectral resolution are collected at ideal times, we can differentiate canopy
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reflectance signals from noise in forests affected by pests and diseases [13,14]. Traditional
field surveys based on forest inventories and observations are restricted by small area
coverage and subjectivity [15]. However, when combined with unmanned aerial vehicles
(UAVs), spatial coverage can be expanded, response time minimized, and the costs of
monitoring forested areas reduced. UAV systems provide images of high spatial resolution
and can obtain updated and timely data with different sensors [16,17]. In addition, they can
complement the already well-known and explored satellites with airborne remote sensing
capabilities [16,18].
UAVs can also be a valuable field data source to calibrate and validate remote sensing
monitoring systems [19]. UAVs offer automatic movement and navigation, support different sensors, provide safe access to difficult locations, and enable data collection under
cloudy conditions [20]. In addition, these systems can be operated to monitor specific
phenological phases of plants or during pest/disease outbreaks [18,21]. In this sense, UAVs
are versatile, flexible, and adaptable to different contexts [22]. Despite the relevant advantageous characteristics of UAVs, some limitations can also be identified, such as limited area
coverage, battery duration, payload weight, and local regulations [23].
Several reviews have already provided critical aspects related to the application
of UAVs to forest insect pest and disease (FIPD) monitoring (Table 1). Some of them
focused on using UAVs in generic subjects, their applications, capabilities, and European
regulations [24]. These authors highlighted only three studies related to forest pests and
diseases. Adão et al. [25] provided another relevant review on UAV-based hyperspectral
sensors and data processing for agriculture and forestry applications. These authors also
included only three studies about FIPDs in their review. Eugenio et al. [26] presented a
global state of the art method for the development and application of UAV technology
in forestry. The authors addressed six studies about forest health monitoring and other
forestry applications. Focusing on the data, processing, and potentialities, Guimarães
et al. [16] presented nine studies related to FIPDs and other forestry applications. In 2021,
a systematic review focusing on forest research applications was completed by Dainelli
et al. [27], highlighting 17 studies in which host–pathogen systems and causal agents have
been classified. The research question was about forest types, pests and diseases, and
their incidence. Torres et al. [28] also proposed a systematic evidence synthesis to identify
and analyze studies about forest health issues by applying remote sensing techniques
from multiple platforms. In their work, 10 UAV studies were included. Recently, Eugenio
et al. [29] proposed a systematic bibliometric literature review about the use of UAVs in
forest pest and disease research. These authors studied the temporal trends of the last
decade using UAVs based on 33 scientific articles. The authors examined the monitored
pests and diseases, focusing on the sensor types, technical flight parameters, and applied
analytical methods.
Table 1. Review studies on unmanned aerial vehicle (UAV) remote sensing for forest insect pests and
diseases.
No.

1

2

Ref.

[24]

[25]

Year

Title

Journal

Contents

2017

Forestry applications of UAVs in
Europe: a review

International Journal of
Remote Sensing

A review of UAV-based forestry
applications and aspects of regulations
in Europe. Three studies about FIPDs
were reviewed.

2017

Hyperspectral Imaging:
A Review on UAV-Based Sensors,
Data Processing and Applications
for Agriculture and Forestry

Remote Sensing

A review on UAV-based hyperspectral
sensors, data processing, and
applications for agriculture and
forestry. Three studies about FIPDs
were reviewed.
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Table 1. Cont.
No.

Ref.

Year

Title

Journal

Contents

3

[26]

2020

Remotely piloted aircraft systems
and forests: a global state of the
art and future challenges

Canadian Journal of
Forest Research

A review of UAV-based forestry
applications. Six studies about FIPDs
were reviewed.

2020

Forestry Remote Sensing from
Unmanned Aerial Vehicles:
A Review Focusing on the Data,
Processing and Potentialities

Remote Sensing

A review focusing on data, processing,
and potentialities. It covers all types of
procedures and provides examples.
Nine studies about FIPDs were
reviewed.

2021

Recent Advances in Unmanned
Aerial Vehicles Forest Remote
Sensing—A Systematic Review.
Part II: Research Applications

Forests

A systematic review of UAV system
solutions, technical advantages,
drawbacks of the technology, and
considerations on technology transfer.
Seventeen studies about FIPDs were
reviewed.

2021

The Role of Remote Sensing for
the Assessment and Monitoring
of Forest Health: A Systematic
Evidence Synthesis

Forests

A systematic evidence synthesis about
forest health issues with reference to
different remote sensing platforms and
techniques. Ten studies about
UAV–FIPDs were reviewed.

2021

Remotely Piloted Aircraft
Systems to Identify Pests and
Diseases in Forest Species:
The Global State of the Art and
Future Challenges

IEEE Geoscience and
remote sensing magazine

A literature review of UAV-based on
forest pest and disease monitoring.
Thirty-three studies about FIPDs
were reviewed.

4

5

6

7

[16]

[27]

[28]

[29]

Despite the diversity of UAV–FIPD reviews, the rapid growth of these technologies
and related computational advances have led to a need for the constant updating of the
literature. On the other hand, the standards for mapping in the forestry context are unclear,
so it is necessary to aggregate available scientific studies to improve the current UAV
procedures. In this context, we propose this review to address these gaps to analyze the
trends, challenges, and future development prospects for UAV–FIPD.
The main objective of this systematic review is to provide readers with the current
practices and techniques in use and identify the knowledge gaps in UAV remote sensing for FIPD monitoring. For this purpose, we utilized the preferred reporting items for
systematic reviews and meta-analysis (PRISMA) approach to review 49 peer-reviewed
articles. A database was built based on bibliometric data, the taxonomic characterization
of FIPDs, UAVs and sensor types, data collection and pre-processing, data processing
and analytical methods, and software used, in order to find answers to these questions:
(1) Which platforms sensors are commonly used? (2) Which are the optimal flight parameters? (3) What are the main strategies for monitoring FIPDs? The quantitative results of this
systematic review will allow finding new insights, trends, and challenges for UAV–FIPD.
This systematic review is structured as follows: Section 2 presents the method used
to gather data using the main databases, the eligibility criteria, bibliometric analysis, and
quantitative analysis details. Section 3 provides our results and discussions, identifying the
major sources of information, keyword co-occurrence, the taxonomic characterization of
each pest or disease, the frequency of UAV data collection procedures, and the analytical
methods applied. Section 4 outlines the research gaps, challenges, and ideas for further
research. Finally, in Section 5, we present our conclusions and outline future work.
2. Methods
We reviewed studies using UAV-based data to detect and monitor FIPDs published
on the major international journals of remote sensing, drones, plant ecology, and forests
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A total of 471 records were returned by the query in the selected databases (Figure 2).
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process, 277 articles were excluded that were not within the scope of the research, such as
photogrammetric and remote sensing methods for UAV imagery.

UAV pest and disease mapping in crops (e.g., citrus or olive trees). A total of 28 articles
were excluded that were related to other types of forestry damages or disturbances (e.g.
abiotic disturbances, such as windthrow and fire) or lacked the development of appropri
ate photogrammetric and remote sensing methods for UAV imagery.
Subsequently, we extracted the categories, parameters, and detailed descriptions
from each article. To ensure all parameters were included, we considered the procedures
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(Table 2). These categories tried to reflect the vast number of procedures, techniques, and
methods commonly used in forest insect pest and disease monitoring with UAVs. According to the target categories, there was a revision of the full text of each of the selected
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articles retained for the literature review. The dataset created was analyzed using RStudio
[33].
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papers(n(n= =
number
documents).

Subsequently, we extracted the categories, parameters, and detailed descriptions from
each article. To ensure all parameters were included, we considered the procedures and
parameters presented by Eskandari et al. [34] and Dash et al. [35] in their works. Studies
were categorized according to the general characteristics (i.e., source of the study, year,
authors, study location), the taxonomy (i.e., host species, pests, or disease species), UAV
and sensor types (i.e., type of UAV, active or passive sensor, manufacturer and model),
data collection and pre-processing (i.e., study area size, flight altitude, spatial resolution,
frontal and side overlap, field data collection, radiometric and geometric correction), data
processing and analytical methods (i.e., spatial analysis unit, segmentation single tree object,
feature extraction and selection, analysis type, algorithms, overall accuracy) and finally
the software used to pre-process imagery and to perform the analytical methods (Table 2).
These categories tried to reflect the vast number of procedures, techniques, and methods
commonly used in forest insect pest and disease monitoring with UAVs. According to the

Forests 2022, 13, 911

6 of 31

target categories, there was a revision of the full text of each of the selected articles retained
for the literature review. The dataset created was analyzed using RStudio [33].
Table 2. Categories of the parameters extracted from screened articles in the database.
Category

Parameter

Description

General

Source
Year
Authors
Study location

Refereed journals and conference proceedings
The geographic location of the study area

Taxonomy

Specie
Pest or disease

Name of the host tree specie
Name of the pest or disease

UAV and sensor types

UAV type
Sensor type

Type of the UAV (fixed-wing, rotary-wing)
Active or passive sensor, manufacturer, model

Data collection and
pre-processing

Study area size
Flight altitude
Spatial resolution
Imagery Overlap
Field data collection
Radiometric calibration
Geometric calibration

Area coverage in hectares
Measured (m)
Measured centimeters (cm)
Percentage of frontal and side overlap
Ancillary field and laboratory data about FIPD
Calibrated panels
Ground control points (GCPs)

Spatial unit analysis
Segmentation single tree

Analysis type
Algorithms
Accuracy metrics

Pixel-based, object-based
Manual, raster-based, vector-based
No feature extraction, vegetation indices, textural or
contextual image, linear transformations, auxiliary data
Classification, regression, other
Statistical, machine learning, deep learning, other
Measured in percentage

Software brands

Software used to process imagery and analytical methods

Data processing and
analytical methods

Software used

Feature extraction and selection

The keyword clustering analysis was performed using Zotero (George Mason University, Fairfax, VA, USA) [36] to create the Research Information Systems Citation (.ris) file and
VosViewer software (Leiden University, Leiden, The Netherlands) [37]. The quantitative
analysis, focused on acquiring the frequencies of each parameter, was summarized using
tables and figures.
3. Results and Discussion
3.1. General Characterization of Selected Studies
Among the 49 publications selected, 45 were published in peer-reviewed journals, and
4 in conference proceedings. As shown in Table 3, most journals were Q1-quartile-ranked
(40), representing 89%, and the remaining were Q2 articles (5). The top publishers identified
were Multidisciplinary Digital Publishing Institute (MDPI) (Switzerland) (26), Elsevier
(United States, The Netherlands and Germany) (8), Taylor & Francis Ltd. (China and United
Kingdom) (3), and Springer (Germany) (3).
The main journals were the Remote Sensing journal, which published 17 papers related
to FIPD, followed by the Forests journal, with 5 articles. The conference proceedings
identified in this analysis included the International Archives of the Photogrammetry
Remote Sensing and Spatial Information Sciences (ISPRS) Archives with three works, and
the ISPRS Annals Photogrammetry Remote Sensing and Spatial Information Sciences with
one, as shown in Table 4.
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Table 3. Studies published by journal, quartile rank, and publisher. No. indicates the number
of papers.
Journals

No.

Quartile Rank

Publisher

Remote Sensing
Forests
Forest Ecology and Management
Drones
Forest Ecosystems
Remote Sensing of Environment
Sensors
Australian Forestry
Engineering
Geo-Spatial Information Science
IEEE Journal of selected topics in Applied Earth
Observation and Remote Sensing
International Journal of Applied Earth Observation and
Geoinformation
International Journal of Remote Sensing
ISPRS Journal of Photogrammetry and Remote Sensing
Journal of Forestry Research
Journal of Plant Diseases and Protection
Plant Methods
PLoS One
Urban Forestry and Urban Greening

17
5
3
2
2
2
2
1
1
1

Q1
Q1
Q1
Q1
Q1
Q1
Q2
Q1
Q1
Q1

1

Q2

MDPI
MDPI
Elsevier Inc.
MDPI
Springer
Elsevier Inc.
MDPI
Taylor & Francis Ltd.
Elsevier Inc.
Taylor & Francis Ltd.
Institute of Electrical and Electronics
Engineers Inc.

1

Q1

Elsevier Inc.

1
1
1
1
1
1
1

Q1
Q1
Q2
Q2
Q1
Q1
Q1

Taylor & Francis Ltd.
Elsevier Inc.
Northeast Forestry University
Springer International Publishing AG
BioMed Central Ltd.
Public Library of Science
Urban und Fischer Verlag GmbH und Co. KG

Table 4. Studies presented in conference proceedings by publisher country and publisher. No.
indicates the number of conference proceedings.
No.

Publisher

International Archives of the Photogrammetry Remote
Sensing and Spatial Information Sciences (ISPRS) Archives

Conference Proceedings

3

International Society for Photogrammetry
and Remote Sensing

ISPRS Annals of the Photogrammetry Remote Sensing and
Spatial Information Sciences

1

Copernicus GmbH

Figure 3 illustrates how FIPD monitoring studies using UAV platforms have increased
over seven years. Out of the 49 studies, 18 were published in 2021, corresponding to 37%,
while 11 were published in 2020 (22%) and 7 in 2018 and 2019 (14%). In recent years,
there has been a significant increase in the number of publications, corroborating the result
obtained by Eugenio et al. [29]. The advances in UAV capabilities and miniaturization is an
essential factor contributing to this study’s interest.
With the growing risks to forests worldwide, forest health monitoring is critical to
maintaining forest sustainability [11,38]. Thus, information obtained by UAV offers a
variety of monitoring possibilities. Such opportunities include reaching otherwise inaccessible areas using high spatiotemporal resolution, which could complement or completely
substitute time-consuming fieldwork [39,40].
Figure 4 illustrates the worldwide distribution of the included studies across four
continents (Asia, Europe, Oceania, and North America). As shown, the studies using
UAV-based data were located in China (14), the Czech Republic (6), Portugal (4), Spain (4),
Finland (3), Scotland (2), South Korea (2), New Zealand (2), the United States (2) and
Australia (2). This result may be associated with the type of biome [41] (temperate and
boreal forests) and commercial coniferous and hardwood species in these areas [29].
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long to the same cluster. The link between “Random Forest” and “UAV” is less robust
because they belong to different clusters.
The keyword analysis revealed how UAV technology is used in forestry and forest
health monitoring, with various procedures and approaches for different purposes [42].
For instance, the first cluster (blue color) includes pine wild disease (PWD) detection stud9 of 31
ies using deep learning techniques such as the convolutional neural network (CNN). The
second cluster (green color) contains all the studies about bark beetle (BB) detection and
the classification process of insect outbreaks. Hence, this analysis suggests the types of
cluster.
The link
between
“Random
Forest”
and “UAV” is less robust because they belong
FIPDs
studied
and
the applied
analysis
types.
to different clusters.

Figure5.5.Keyword
Keywordco-occurrence
co-occurrencediagram
diagramfor
forthe
theselected
selectedpapers.
papers.
Figure

The keyword analysis revealed how UAV technology is used in forestry and forest
health monitoring, with various procedures and approaches for different purposes [42].
For instance, the first cluster (blue color) includes pine wild disease (PWD) detection
studies using deep learning techniques such as the convolutional neural network (CNN).
The second cluster (green color) contains all the studies about bark beetle (BB) detection
and the classification process of insect outbreaks. Hence, this analysis suggests the types of
FIPDs studied and the applied analysis types.
3.2. Taxonomic Characterization
The aggregation of the number of publications about pests, diseases and related hosts
is shown in Table 5. We separated the studies considering the taxonomy of the pests,
diseases and related host tree species. Regarding the forest pests, the BB was the most
frequently studied (11), followed by the processionary moth (4), pine shoot beetles (3), and
the Chinese pine caterpillar (2). The remaining studies only mentioned one pest species.
The most frequently studied disease was the PWD (13), followed by the red band needle
blight (2) and pathogenic microorganisms (2). According to this analysis, the remaining
studies only mentioned one pest species.
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Table 5. Summary of common names of pests or diseases and related host tree species in the
studies analyzed.
Common Name

Host Tree Species

Studies

Pests

Bark beetle
Chinese pine caterpillar
Longhorned borer
Mosquito bugs
Mistletoe
Oak splendor beetle
Pine shoot beetle
Processionary moth
Stem borer
Tortrix moth

Abies sibirica, Abies mariesii, Picea abies, Pinus sylvestris, Pinus nigra
Pinus tabulaeformis
Eucalyptus globulus
Eucalyptus pellita
Parrotia persica
Quercus robur
Pinus yunnanensis
Pinus Sylvestris, Pinus nigra, Pinus halepensis
Eucalyptus pellita
Abies mariesii

[43–54]
[55,56]
[57]
[58]
[59,60]
[61]
[62–64]
[39,65–67]
[58]
[53]

Diseases

Armillaria root rot
Alder Phytophtora
Chestnut ink disease
Myrtle rust
Bacterial wild
Pine wild disease
Red band needle blight
White pine needle cast
Simulated

Picea abies
Alnus glutinosa
Castanea sativa
Melaleuca quinquenervia
Eucalyptus pellita
Pinus pinaster, P. desiflora, P. massoniana
Pinus Sylvestris and P. contorta
Pinus strobus and Pinus resinosa
Pinus radiata

[12]
[68]
[69]
[70]
[58,71]
[72–83]
[84,85]
[86]
[15,40]

The research provided by Briechle et al. [87] did not present a formal pest or disease, only the host tree species (Pinus sylvestris), because this work was performed in the
Chernobyl Exclusion Zone. Otherwise, Dash et al. [15,40] conducted a simulated disease
outbreak using herbicide on pinus radiata.
Due to the high number of hosts, the BB, PWD, and the processionary moth have been
widely studied. Moreover, they have a tremendous economic impact worldwide. The BB
was mainly studied in temperate forest ecosystems, while coniferous defoliators such as
processionary moths were mostly studied in boreal and Mediterranean forests [41].
Despite the most studied species in this field being coniferous, we verified an increase
in the study of hardwood species studies (3), such as Eucalyptus sp. [57,58,71]. The Eucalyptus genus is one of the most planted worldwide [88,89], especially in temperate regions [90].
3.3. UAV and Sensor Types
3.3.1. UAV Types
Figure 6 shows the circular packing graph where each circle is a group of UAV types
considering the number of propellers and architecture. The bubbles inside the circles
represent the sub-groups. Each bubble’s size is proportional to the UAV categories used
in the studies. We extracted the quantities of each UAV type considering the number of
propellers and based on commercial brands. Therefore, it was found that 84% of the studies
used multirotor drones. Fixed-wing drones represented 12%, and 4% did not indicate
the type, while the remaining 2% used both (fixed-wing and multirotor). Quadcopters
were used in 58% of the studies, while hexacopters comprised 15%, octocopters 15%, and
fixed-wing drones represented 12%.
Regarding the models used by the number of propellers, the quadcopter model DJI
Phantom 4 Pro was used in 30% of the studies and DJI Phantom 3 in 14%. With regard to
octocopters, the most used models were the DJI S1000 (25%), Arealtronics (25%), and the
MicroKopter Droidwors AD-8 (25%). Thirteen percent made no distinction based on the
model used. The hexacopter DJI Matrice 600 model was used in 36% of the works. Finally,
in the fixed-wing segment, the most popular was the eBee Sense Fly model with 71% usage,
followed by the Quest UAV Qpod (14%) and DB-2 (14%).
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which may be related to the low-cost acquisition and lesser complexity, size, and weight
market, and the assessment of FIPD in small areas [26]. For example, the DJI Phantom
series was the most frequently used in this segment. The hexacopters and octocopters
from the DJI series choice were due to the payload capabilities in the remaining studies.
Finally, eBee Sense Fly stands out for its maturity in the market. The arguments presented
indicate that rotary-wing drones are the most suitable for FIPD monitoring. However,
more comparative studies are needed to support the appropriate UAV architecture for this
forestry application. Despite these facts, platform choice depends on the survey requirements, the budget, and the experience of the researcher or practitioner. An important point
to mention is the market offer of hybrid VTOL (vertical take-off and landing), of which the
only disadvantage is the complex system mechanism [95,96]. We anticipate that this UAV
type will be used in FIPD studies in the near future.
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3.3.2. Sensor Types
Figure 7a illustrates the number of remote sensing sensors, and Figure 7b shows the
top 10 model camera brands coupled with UAVs. The passive remote sensor quantities
were grouped into four categories: (i) RGB, i.e., the simplification of multispectral red–
green–blue (RGB); (ii) multispectral, including RGB, near-infrared, and red-edge bands;
(iii) hyperspectral; and finally, (iv) thermal sensors. Light detection and ranging (LiDAR)
was the only active sensor found in the studies. As shown in Figure 7a, RGB sensors were
used in 12 studies, multispectral cameras in 10, hyperspectral in 3, and thermal sensors
in one study. The most widely applied remote sensing technology combination was the
RGB and multispectral combination in nine studies, followed by RGB and hyperspectral
in three studies, and hyperspectral and LiDAR in three. The remaining combinations of
RGB and thermal multispectral and thermal, and multispectral and LiDAR were used
in one study. The most relevant sensors found operated in visible light (RGB) and NIR
Forests 2022, 13, x FOR PEERregions,
REVIEW which may be related to the low-cost acquisition and lesser complexity,
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other hand, there is the possibility to transform RGB cameras into NIR cameras by changing the filters [20,98,99]. For instance, Lehmann et al. [60] removed the visible light filter,
and a neutral glass filter was placed to capture NIR radiation. A similar approach was
applied by Brovkina et al. [12], who used an infra-red filter after removing the visible
filter.
As for the hyperspectral sensors—Nano-Hyperspect, the Pika L. imaging spectrom-
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Micasense series. This camera collects four discrete bands: green, red, red-edge, and NIR
(530–810 nm). The interest in this type of camera is due to its ability to obtain information
on the state of vegetation, thereby offering the chance calculate vegetation indices, since
vegetation is more reflective in the infrared region [97] for disease detection [21]. On the
other hand, there is the possibility to transform RGB cameras into NIR cameras by changing
the filters [20,98,99]. For instance, Lehmann et al. [60] removed the visible light filter, and a
neutral glass filter was placed to capture NIR radiation. A similar approach was applied by
Brovkina et al. [12], who used an infra-red filter after removing the visible filter.
As for the hyperspectral sensors—Nano-Hyperspect, the Pika L. imaging spectrometer,
and the UHD S185 spectrometer—these were the most used because they are adopted on
a considerable variety of professional drone types. These sensors have a much broader
spectrum than multispectral sensors, which allows the discrimination of small changes in
pigmentation and minor anomalies [43], such as water content, and the structure of the tree
crown [55]. For these reasons, their use is growing. Despite this, the authors of [72] stress
that operational efforts, storage needed due to the high dimensional data and noise, and
weight [100] are the main constraints of this type of sensor.
We found three studies that used thermal cameras. Smigaj et al. [84,85] associated
the temperature of the vegetation, using a thermal camera, with red band needle blight
severity. Using infrared thermography, Maes et al. [60] studied the canopy temperatures of
mistletoe plants and infected and uninfected trees.
Active sensors such as LiDAR were used in five studies, mainly to extract structural
features of the forest such as tree segmentation, tree crown delineation, and height percentiles for combination with passive sensors [63,81]. LiAir 200 and LR1601-IRIS LiDAR
model brands were the most used in the studies analyzed. These models have compatible
gimbals with the DJI Matrice series.
Notwithstanding the author’s preferences and costs, hyperspectral sensors register
more precise spectral information and are more sensitive to small changes than multispectral sensors [56]. Therefore, they are suitable for identifying changes in vegetation at early
stages [55,56,80], mid-term, and post-disturbance. In spite of this, the spatial resolution is
lower than multispectral and RGB cameras, and they have a complicated process of imagery
registration [22]. According Tmušić et al. [92], multisensor combination for FIPDs has been
particularly advantageous. For instance, the authors of [79] used airborne hyperspectral
and LiDAR to detect PWD.
3.4. UAV Data Collection
3.4.1. Area Coverage
We identified 35 experimental studies with specified area coverage and 14 without
references. The largest mapped area was 16,043 ha, distributed over four sections of 3397
ha, 3825 ha, 5283 ha, and 3537 ha. The smallest area size mapped was 0.12 ha. Eighty
seven percent of the studies carried out mappings up to 200 ha, and the remaining were
exclusively above 200 ha. The median amount of covered area was 12.25 ha.
The parameters analyzed indicate that most of the studies were carried out in relatively small geographical areas (median = 12.25 ha). However, Xia et al. [78] mapped
16,043 ha in China, distributed in four sections at 700 m altitude, using a fixed-wing UAV
to detect dead or diseased trees with PWD. This remarkable mapping shows the high
capacity of professional civil UAVs. However, despite UAVs’ technological improvements
and operational capabilities, there are barriers to research and development due to the
regulatory frameworks adopted by countries worldwide [101]. Due to the recent European
regulations of the Commission Implementing Regulation (EU) 2019/947 [102], the factors
of area coverage, flight height, and UAV type are complicated. Firstly, remote pilots need to
have a specific category course for performing this type of flight. Any UAV flight above 120
m and operating beyond visual line of sight (BVLOS) is only possible through a declaration
of operational authorization. A risk analysis carried out through a Specific Operations Risk
Assessment (SORA) is also required. This harmonized legislation poses a significant chal-
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lenge to researchers, foresters, and practitioners, since the bureaucracy around operation is
very complex.
3.4.2. Technical Flight Parameters
Table 6 shows the flight height and GSD descriptive statistics by sensor type used in
the studies. GSD results from the combination of flight height, focal length, and sensor
resolution [92]. According to this study, it is crucial to define the camera settings to
determine GSD, which corresponds to the distance between pixel centers. The highest
flight altitude was 700 m, and the lowest was 20 m performed with a hyperspectral sensor.
The median of flight height for thermal sensor was 75 m, and the highest was 100 m using
multispectral sensors.
Table 6. Flight height and GSD descriptive statistics by sensor type.
Flight Height (m)

GSD (m)

Sensor Type

No.

Max

Min

Median

Max

Min

Median

RGB
Multispectral
Hyperspectral
Thermal

29
27
12
4

700
200
140
122

30
50
20
60

90
100
95
75

0.080
0.170
0.560
0.980

0.015
0.020
0.047
0.150

0.028
0.070
0.200
0.211

In terms of GSD, the maximum value was 0.98 m with the thermal sensor, and the
minimum was 0.015 m, acquired by an RGB sensor. The median flight height for thermal
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Figure 8. Ground control sampling distance (GSD) versus flight height for different sensor types:
Figure 8. Ground control
sampling distance (GSD) versus flight height for different sensor types:
(a) hyperspectral sensor (R2 = 0.16); (b) multispectral sensors (R2 = 0.39); (c) RGB sensors (R2 = 0.44).
2
(a) hyperspectral sensor (R = 0.16); (b) multispectral sensors (R2 = 0.39); (c) RGB sensors (R2 = 0.44).

A positive correlation between flight height and spatial resolution by sensor type was
found, excluding the thermal sensors due to the low number of samples. The increase in
flight height decreased the GSD [103]. However, there was not always a proportional relationship because GSD is comprised of a combination of flight height, sensor resolution,
and focal length [92]. Thus, lower spatial resolution may affect the feature delineation resulting from a high flight height. Nevertheless, low flight height from an insufficient field
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Radiometric calibration and correction to reduce the atmospheric effects (for instance,
cloud percentage and illumination) were performed in 71.4% of the studies. Another critical
aspect is geometric correction using GCPs, which consists of determining the absolute
vertical and horizontal errors of the artificial or natural features with known locations [98].
However, only 53% of the studies performed geometric correction.
Most authors used empirical line methods such as Lambertian targets (calibration
panels) to avoid radiometric problems in multispectral and hyperspectral images. This
procedure is fundamental to reducing noise and avoiding vignetting effects and lens
correction. However, in multitemporal studies, it is difficult to avoid this issue due to
the imprecise calibration of the imagery, as referenced by Fraser and Congalton [86].
The illumination and atmospheric conditions are not the same.
With respect to thermal sensors, the authors performed the calibration in laboratory
conditions against a thermally controlled blackbody radiation source [84,85]. The studies
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that used RGB sensors performed the gimbal calibration and adjusted the parameters
according to the meteorological conditions. Finally, we notice that the studies did not
provide the LiDAR calibration.
The authors used the traditional method based on GCPs for georeferencing. Even
Forests 2022, 13, x FOR PEER REVIEWthough it is time-consuming, this still presents an accurate and low-cost solution. 17 of 32
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Ancillary data for FIPDs are essential for fully understanding the spatio-temporal
processes and validation model procedures. The strategy is highly dependent on the goals
of the research. For example, the study of Briechle et al. [87] was conducted using only the
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Combining a visual field assessment with a forest inventory allows us to determine
the defoliation rates for each sample tree [55] and characterize the stand using fundamental
dendrometric variables, such as diameter at breast height (DBH), tree height, and the social
categorization of trees [12]. In addition, a preexisting continuous forest inventory may be
helpful to complement monitorization and generate collections of trees to use in studies as
ground references [86].
Classical damage identification and sampling methods are limited in detecting changes
after infections or pest attacks. In this sense, other field collection strategies can be applied,
such as biochemical parameters using spectrometers [80] to measure the leaf chlorophyll
content (Cab) and water content (WC) of each tree, spectral measurements, laboratory
analysis [72], and the assessment of leaf area index (LAI) using a plant canopy analyzer [62].
3.5. Data Processing and Analytical Methods
3.5.1. Spatial Unit Analysis
Regarding spatial unit analysis, 67.4% (33 studies) used an object-based approach
and 22.4% used a pixel-based approach (11 studies), and both were applied by 10.2%
(5 studies). As a minimal unit in a digital image, pixels may be used for every scale
study. However, only spectral properties are considered in analytical methods, while
object-based approaches are performed using segmentation approaches that group objects
based on statistical or feature similarities. This approach is mainly performed before
feature extraction and applying classifiers, since these methods cannot add contextual
information [28].
The authors preferred the object-based approach due to its high-resolution imagery and
submeter resolution (<1 m), making it possible to perform an individual tree crown extraction
and delineation by substituting the traditional fieldwork [19,44,50]. Zhang et al. [55] stress that
tree crown extraction is a prerequisite for diseased detection and mapping.
3.5.2. Segmentation of Single Tree Objects
Table 7 summarizes the segmentation single tree methods used in the studies. Individual tree crown delineation (ITCD) studies using photogrammetric or LiDAR point-cloud
utilize a canopy height model (CHM) or digital height model (DSM) to calculate the local
maximum height value. For example, they find treetops or locate trees using algorithms
such as local maxima filtering, image binarization, scale analysis, and template matching.
Tree delineations are grouped in valley following, region growing, and watershed segmentation. Treetops are usually used as a seed for region growing and watershed segmentation.
Therefore, this process is required prior to crown delineation [106]. Many studies combine
tree detection and crown delineation to extract the crown shape [107,108].
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Table 7. Summary of segmentation single tree methods in the studies.
Segmentation Single Tree

Manually

Raster-based

Method

Synopsis

Studies

Manually segmented trees

Digitalization of each tree crown above imagery using GIS software.

[15,39,40,50,54,56,60,64,68,79,80]

Local maxima filter and Buffer

Local maxima filter within a rasterized CHM to detect the treetops, then a buffer applied on
the treetop using GIS software.

[39,46,48,84,85]

Mean shift algorithm

GEOBIA method. Multispectral image segmentation using ArcGIS segment mean shift tool.

[66]

Multiresolution segmentation

GEOBIA method. Multispectral image segmentation using eCognition software
multiresolution segmentation tool.

[12,61,83]

Local maxima filter and mean shift algorithm

Local maxima of a sliding window using the brightness of the multispectral image. Then,
the select by location tool is used between treetops and for large-scale mean shift algorithm
segments (GEOBIA).

[57]

Safonova et al. Wavelet-based local thresholding

Tree crown delineation using RGB images. The steps are contrast enhancement, crown
segmentation based on wavelet transformation and morphological operations, and
boundary detection.

[52]

Safonova et al. Treetop detection

RGB images are transformed into one grey-scale band image; next, the grey-scale band
image is converted into a blurred image; finally, the blurred image is converted into a
binary image.

[47]

Voronoi Tesselations

Local maxima filter within a rasterized CHM calculates the treetops and then uses a Voronoi
tessellation algorithm [110].

[65]

Dalponte individual tree segmentation

Local maxima within a rasterized CHM calculates the treetops and then uses a
region-growing algorithm for individual segmentation [111,112].

[50,59]

Vicent and Soille original algorithm [113]. When the CHM is inverted, tree tops or
vegetation clusters look like “basins”.

[49]

Marker-controlled watershed [109]. Marker and segmentation functions are used for
multi-tree identification and segmentation using rasterized CHM [114].

[50,86]

Binary watershed analysis and the Euclidean distance using rasterized CHM or NIR band.

[69,79]

Hyyppä et al. [115] methodology.

[43]

Nyguen Treetops in nDSM data

Based on pixel intensity, an iterative sliding window is passed over the nDSM. Finally, the
refinement is applied to eliminate treetops that are too close to each other.

[53]

3D region-growing algorithm

3D region-growing algorithm applied in a point cloud (LiDAR or photogrammetric) using a
built-in function for treetop detection [116].

[50,63,79]

3D segmentation of single trees

Point cloud-based method with tree segmentation using a normalized cut algorithm [117].

[87]

Voxel-based single tree

Lidar point cloud data are converted into voxels in order to estimate the leaf area density
and the construction of the 3D forest scene.

[63]

Watershed segmentation

Vector-based
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The data aggregation was performed using Zhen et al.’s [109] categories. The segmentation of single tree classes established were manually digitalized, raster-based, and
vector-based.
We highlight the manual method that was used in 12 studies, which consisted of manual tree crown delineation using geographic information system (GIS) software. The local
maxima filter with a posterior buffer was applied in five studies.
The most frequently used raster-based method was watershed segmentation in six
studies, with the original and marker-controlled variants. Concerning the region-growing
algorithms used, the Dalponte individual tree segmentation was applied in two studies and
Voronoi tessellation in one. Subsequently, geospatial object-based image analysis (GEOBIA)
using multispectral or RGB image segmentation methods were used with multiresolution
segmentation (3) and the mean shift algorithm (1). Original approaches such as waveletbased local thresholding and treetops using normalized digital surface model (nDSM) data
were also found in the studies.
The vector-based approaches were the 3D region-growing algorithm (4) and the
normalized cut algorithm (1).
The analysis of the summarized methods revealed that the manual approach was
preferred since it avoids background noise such as shadows and other vegetation types.
On the other hand, using the manual approach prevented missing tree crowns or potential
errors from interpolation and smoothing procedures [109], which are the disadvantages of
raster-based methods. However, the manual approach could be unsustainable when areas
have many trees.
Raster-based methods are easy to implement, despite the drawbacks mentioned earlier.
Vector-based techniques could be useful for detecting small and understory trees, despite
being harder to implement [118].
3.5.3. Feature Extraction and Selection
Table 8 summarizes the feature extraction techniques for UAV imagery applied in the
studies. The investigated features used in the studies were catalogued according to the types
suggested by the authors in [119,120]. These features are obtainable attributes or properties
of objects and scenes [121]. They are computed from original bands or a combination
of bands [122]. They include spectral features, textural features, linear transformations,
multisensors and multitemporal images. Geo-auxiliary features extracted from LiDAR [118]
or photogrammetric point clouds [103] include digital surface models (DSM), canopy height
models (CHM), individual tree detection, and topographic features. Spectral features,
including statistics of original bands, ratios between bands, and vegetation indices, were the
most popular feature type, followed geo-auxiliary features. Variables including multisensor
and multitemporal imagery were used in three studies. Textural and linear transformations
were also used in three studies.
Table 8. Summary of feature extraction techniques of UAV imagery applied in the studies.
Feature Type

Description

Studies

Spectral features

Statistics of original bands, ratios between
bands, vegetation indices

[12,15,39,40,43–46,48–51,54–64,66,68–72,75,77,79–87]

Textural features

Gray level co-occurrence matrix (GLCM),
grey level difference vector (GLDV)

[48,68,86]

Linear transformations

Hue, saturated and intensity (HSI), principal
component analysis (PCA)

[55,61,79]

Geo-auxiliary

Original and normalized digital surface
models (DSM) such as digital elevation
models (DEM), canopy height models
(CHM), slope, aspect, height percentiles

[12,39,48,50,53,54,62,63,65,68,71,81,85–87]
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Table 8. Cont.
Feature Type

Description

Studies

Multisensor

Inclusion of data obtained from different
sensors in analytical methods

[44,62,79,84,87]

Multitemporal

Inclusion of multitemporal data classification
in analytical methods

[15,40,48,59,69]

Spectral features are applied to explain differences in particular symptoms of canopy [19,123].
For instance, Klouček et al. [46] calculated selected vegetation indices and evaluated
them based on visual differences in the spectral curves of infested and healthy trees.
The classification included Greenness Index (GI), Simple Ratio (SR), Green Ratio Vegetation
Index (GRVI), Normalized Difference Vegetation Index (NDVI), and Green Normalized
Difference Vegetation Index (GNDVI).
In terms of geo-auxiliary features used to improve the analytical methods, Minařík
et al. [50] extracted elevation features (crown area, height percentiles) and three vegetation
indices (NDVI, Normalized Difference Red-Edge Index (NDRE), and Enhanced Normalized
Difference Vegetation Index (ENDVI)) to detect a bark beetle disturbance in a mixed urban
forest. We highlight Nguyen et al. [53], who used nine orthomosaics and normalized
digital surface models (nDSM) to detect and classify healthy and declining fir trees and
deciduous trees.
Considering the inclusion of multitemporal features in the analytical methods, we
noticed that Abdollahnejad and Panagiotidis [48] used a combination of bi-temporal integrated spectral and textural information to discriminate tree species and health status,
achieving a satisfactory result. Using multisensor features, Lin et al. [63] assessed the potential of a hyperspectral approach, a lidar approach, and a combined approach to characterize
individual trees’ pine shoot beetle (PSB) damage.
Although less applied, the authors used textural features such as GLCM by GuerraHernández [65] and linear transformation through HSI [61].
Regarding feature selection, 83.7% of the studies selected variables without reduction
techniques. The authors of [52,57,83] used the mean decrease in impurity (MDI) test to
quantify the importance of features and excluded the less critical features. For example,
Yu et al. [79,81] and Zhang et al. [56] used principal component analysis (PCA) to reduce
the data dimensionally. Recursive feature elimination (RFE) for each flight campaign
was applied by Pádua et al. [69]. Finally, Yu et al. [80] calculated the Pearson’s correlation coefficient between the features and used a stepwise regression method to test the
multicollinearity between them, excluding redundant variables.
The above studies show that feature extraction and selection may improve the analytical methods applied to discriminate between unhealthy and healthy canopies. However,
a small portion of the studies used a feature reduction or selection technique. This result
can be explained by the high use of a stable image classification algorithm such as random
forest, which is insensitive to the dimensionality of data [124,125]. On the other hand, most
authors probably calculated a limited number of features due to high correlation. Other
reasons may have been to avoid overfitting, a decrease in classification accuracy, or high
computational costs [126].
3.5.4. Analysis Type, Algorithms, and Overall Accuracy (OA)
Figure 11 summarizes the algorithms used in the studies by analysis method. We have
considered only the best performance of the algorithms in terms of accuracy or shared
metric for the ease of describing the different algorithms used.
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ITCD: individual tree crown delineation; KNN: K-nearest neighbor; LOGR: logistic regress
regression; MLC: maximum likelihood; MSS: multiscale segmentation; PLS: partial least squares;
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regression; MLC: maximum likelihood; MSS: multiscale segmentation; PLS: parti
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treme gradient boosting.
The classification approach is broadly used for quantifying trees. Regarding the
analysis methods, most of the studies (79.6%) used a classification approach, 12.2% used
regression and other methods such as statistical analysis and histogram analysis, and 8.2%
used damage by stressors, different types of species, and the total area affected. Regression studies focus on a different level of damage and provide statistical significance for
regression coefficients and the relation between classes. Statistical methods, physically
based models such as radiosity applicable to porous individual objects to calculate different vegetation variables, and specific frameworks were also used to estimate the level
of damage.
As previously stated, most of the studies used the classification approach. The classifiers most used in the classification approach were the random forest (RF) and convolutional
neural network (CNN), with 11 studies (Figure 12). Five studies applied the support vector
machine (SVM) algorithm, and three applied K-Nearest Neighbor (KNN) and the individual tree crown delineation (ITCD) algorithm. We found three studies using linear regression
(LR), one using logistic regression (LOG), and two using RF regression models. We also
highlighted the class “Others”, which included the radiosity applicable to porous individual objects (RAPID) model, the ISIC-SPA-P-PLSR framework, histogram analysis, and Getis
Order GI among the different analytical methods.

Figure 12. The overall accuracy of the different classifiers.
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The main CNN architectures used were R-CNN [77], AlexNET [74], YOLOv3 [76],
ResNet50 [53,82], DeepLabv3+ [78], PointNet [87], 3D-ResCNN [81], 3D-CNN [51],
SCANet [75], and other types [47].
Out of 32 studies that calculated OA, we used only 28 for this analysis (Figure 12).
Some algorithms, such as logistic regression, linear regression, the 3D rapid model, the
ISI-SPA-P-PLSR framework, and thresholding analysis, were ruled out of the study because
they had only one sample. Figure 12 shows that the median overall accuracy for all
algorithms used was higher than 0.85. SVM achieved the highest median (0.93), followed
by ITCD and CNN with 0.90 and 0.88, respectively. The best algorithm performance was
SVM (0.99) and ITCD (0.99). The worst performance was RF (0.55).
A wide range of non-parametric and parametric algorithms have been applied in FIPD
monitoring. Non-parametric machine learning algorithms that input data are not limited to
normal distribution, such as RF, CNN, and SVM, and are preferred to quantify and detect
damages. RF can be used for classification and regression problems, allowing a straightforward interpretation of the model structure and determining the variable importance. For
example, the authors of [72] used pixel-based RF to classify three levels of PWD infection
(infected, suspicious, and health) and achieved 95% accuracy. Duarte et al. [57] performed
large-scale mean shift segmentation (LSMSS) on a single-date multispectral image to extract
tree crowns with binary classification (healthy or dead trees) and achieved 98% overall
accuracy using a RF algorithm.
CNN is a class of deep learning algorithm most used for spatial pattern analysis in
remote sensing imagery. Classification and regression approaches could be used in remotely
sensed data in the following tasks: scene-wise classification, object detection, semantics,
and instance segmentation [127,128]. We highlight the work of Safonova et al. [47] which
includes two steps to detect bark beetle damage in a fir forest using an RGB image. First,
the authors applied a strategy to find the tree crowns, and in the second step, a new
CNN network architecture was used to classify each canopy. The authors using data
augmentation achieved 95% accuracy. Briechle et al. [87] performed classification using 3D
Deep Neural Network PointNet ++ using UAV-based LiDAR and multispectral imagery of
multiple species and standing dead trees. The overall accuracy was 90.2%.
The SVM method based on statistical learning theory has been commonly used in
FIPD detection and monitoring [48]. An example is a study by Safonova et al. [52], which
automated individual tree crown delineation and Gaussian SVM to extract particular
species pixel by pixel and assess the tree canopy vitality. The authors achieved 99% overall
accuracy applying this methodology in a multispectral image.
In the first stage, the strategies adopted in different classification approaches—manual
or automated tree segmentation—were applied to process the tree crown delineation. Next,

Forests 2022, 13, 911

23 of 31

the authors used spectral indices, topographic variables, texture, or contextual information
based on different image types.
3.6. Pre-Processing and Analysis Software
Most of the studies used more than one processing and analysis software. Therefore, to
count them, all the software brands in each paper were considered. Figure 13a illustrates the
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Our systematic review analysis highlights that the first research gap is related to the
lack of flight parameter standards in FIPD monitoring, since each case is unique. Moreover,
there is no base protocol for different UAV systems or sensor types. Therefore, the UAV type,
sensor type, flight parameters, pre-processing and processing steps, weather conditions,
and regulations can affect the results. Hence, providing a detailed description of all flight
parameters and processing activities is essential to be taken as a reference for practitioners,
researchers, and forest professionals [29,92].
A second research gap is how to take advantage of different UAV imagery and point
clouds to detect pests and diseases. Many features can be extracted from UAV-based images
and point clouds, such as spectral indices, gray level co-occurrence matrices (GLCMs),
digital surface models (DSMs), digital terrain models (DTMs), and point cloud metrics, to
integrate classification or regression models. We found a lack of studies using data fusion
between optical sensors and LiDAR. Combining these technologies is advantageous for
studying vegetation structure, especially tree crown delineation [54,85]. One obstacle is the
difficulty in performing image alignment due to the repeated patterns in forests [129]. On
the other hand, the high price of sensors is also an important constraint.
In terms of feature extraction, we noticed that genetic programming (GP) was used
in the studies to combine spectral bands in satellite imagery [130], to improve the process
of land use and land cover (LULC) classification [131], and to identify burned areas [132].
Although the work of Mejia-Zuluaga et al. [133] is outside of the time interval of this
study, we verified that the GP algorithm applied achieved an overall accuracy of 96% for
classifying mistletoe. In this sense, this approach shows the ability to extract features and
improve damage classification. However, to the best of our knowledge, multiclass genetic
programming (M3GP) has not been used in UAV images to classify different vegetation
vitality.
Deep learning approaches such as CNN may be a robust option for segmentation tasks
and identifying different levels of tree crown vitality, as revealed in the studies performed
in [47,51,53,74,78].
The third research gap is the limitation of UAV-based imagery to cover large scales.
This limitation was highlighted by Eugenio et al. [26,29], who noted that UAVs can be
“upscaled” for satellites for expansion without losing accuracy.
The challenges of FIPD monitoring include the recently imposed UAV regulations.
Flight altitude is limited to 120 m and a maximum radius of 500 m, and BVLOS rules are
problematic for forest surveys.
Each year, UAV technologies are improved. UAV and sensor miniaturization bring
new challenges. For example, the battery duration issues are now a reality (for instance, the
Matrice 300 battery has a duration of 55 min); however, increasingly efficient drones such
as VTOLs may be used to improve research (Wingtra drone series). However, the miniaturization of hyperspectral cameras and their image collection process is being increasingly
improved so, in the short term, costs may drop importantly.
One of the biggest challenges is the vulgarization of drones to complement or substitute field data collection. Eugenio et al. [26,29] stress that breaking resistance and
disseminating UAVs in the forest community is essential to monitoring our forests.
Future research will benefit from upscaling with satellite imagery to increase area
coverage and improve early detection systems. Dash et al. [40] found that RapidEye satellite
data can expand stress monitoring and be improved with UAV sensor data. Therefore,
area coverage can be increased by combining these different platforms [39]. To this end,
intelligent algorithms based on deep learning and genetic programming are necessary for
detecting and monitoring disturbances in forest contexts.
5. Conclusions
This systematic literature review aimed to identify the contribution of UAVs to forest insect pest and disease monitoring. Using a PRISMA protocol, we reviewed 49 peer-reviewed
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articles on FIPD monitoring to provide readers with the current practices and techniques
and to identify knowledge gaps and challenges.
We conclude that the number of papers has increased in recent years, especially in
2021 (18 articles). Based on our analysis, China and European Union (EU) countries are the
ones with more studies about FIPD monitoring using UAV-based data. The most studied
diseases were pine wilt disease (PWD) and the most common pests were bark beetles (BB).
Pine, European spruce, and fir were the conifers most frequently studied, while the most
common hardwoods were eucalypts.
Rotary-wing drones were the most frequently used due to the market and costs.
Our findings document that multispectral and visible light is preferred to monitor FIPDs.
Regarding RGB sensors, the DJI Phantom series camera was the most widely used, while
the Micasense series was most used for multispectral segments. In addition, we noticed an
increase in hyperspectral and LiDAR sensors in the research of FIPDs.
Despite the lack of standards for UAV data collection for FIPDs, our findings may
constitute a reference for further research. We found a positive correlation between GSD and
flight altitude by sensor type and the median of frontal and side overlap concerning visible,
multispectral, and hyperspectral sensors. Most studies included fieldwork to validate the
research, and a significant number performed radiometric and geometric calibration.
Concerning the methodological approach of the studies, most works used an objectbased analysis unit. Due to the high spatial resolution of the images, the authors of these
studies applied several types of methods for tree crown delineation. Tree crown delineation
is an essential prerequisite for FIPD detection and monitoring. The spectral and geoauxiliary features were most used in feature extraction and selection. Regarding analytical
methods, random forests (RF) and deep learning (DL) classifiers were the most frequently
applied in UAV imagery processing.
Our literature review suggests the lack of flight parameter standards in FIPD monitoring. Data fusion procedures for studying vegetation structure could potentially be
improved by combining optical and LiDAR technologies. Other possible improvements
for feature extraction include evolutionary algorithms, such as multiclass genetic programming. Deep learning algorithms can be fundamental for pattern recognition and automatic
data processing regarding classification or regression.
Finally, upscaling UAV data for satellites to expand data collection without losing
accuracy is essential for monitoring our forests.
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