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Abstract: Wood-boring insect pests pose a significant threat to orchards, potentially leading to tree
mortality. In the initial stages of infestation, no visible symptoms are apparent, but as infestations
progress, rapid and widespread symptoms emerge, resulting in accelerated tree decline. Therefore,
the timely detection of early wood-boring insect symptoms is critical for effective pest control,
necessitating advanced methods such as remote sensing. In this study, remote sensing is utilized to
identify the early symptoms of peach flatheaded root borer (PFRB) infestation in trees. A multispectral
sensor attached to a UAV captures aerial imagery data from stone fruit and pome fruit orchards. These
data undergo processing in photogrammetric and GIS programs, where NDVI, NDRE, and the tree
crown area are computed. On-site observations confirm PFRB infestations. Various machine-learning
models, including logistic regression (LR), artificial neural network (NN), random forest (RF), and
extreme gradient boosting (XGBoost), are compared using mean NDVI values, mean NDRE values,
crown area, mean temperature, and mean relative humidity. Mean NDVI values emerge as the most
crucial factor for predicting PFRB infestation across all machine-learning models. The XGBoost model
proves the most effective, achieving an accuracy of 0.85, with marginal variations from the other
tested models.

Keywords: machine-learning model; multispectral imagery; peach flatheaded root borer; prediction;
remote sensing; UAS; wood-boring insect

1. Introduction

Buprestidae is a family within the order of Coleoptera that includes mainly wood-
boring species, which feed on the vascular bundles of the plants. Some species feed on the
phloem, while others on the xylem of the plants; either way, their eating habits result in
blocking the transportation of plants’ nutrients and water, leading to the withering and
death of the infested trees [1,2]. Young trees in the nursery are more susceptible to attacks
by these pests as well as the weakened or already diseased trees [2–4]. The peach flatheaded
root borer (PFRB), Capnodis tenebrionis Linnaeus (Coleoptera: Buprestidae), is one of the
main representatives of this family, which prefer to attack cultivated trees, such as stone
fruit and pome fruit trees [4]. This pest is present in Central Europe, the Mediterranean
region, and the Middle East [4–6]. It overwinters as larva inside the tree, and emerges as
an adult in spring, feeding on the buds, the stalk of the leaves, and the bark of the small
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branches. The adults lay eggs in soil cracks, under stones close to the trunk, or in bark
crevices [4,5], and the newly hatched larvae immediately bore through the bark to feed
on the phloem layer [3–5]. When larvae complete their development, they pupate in the
tunnels. Usually, the life cycle of the insect lasts from one to two years [2].

The damage to the vascular bundles of the trees by the activity of the larvae causes a
decrease in photosynthetic capacity, which gradually leads to decline and in many cases, the
death of the trees. Even the death of an adult tree may occur within two years [4,5,7]. Yellow
leaves, dry branches, bark injuries produced by the activity of the larvae, expulsion of sap
oozes and larval frass from the produced cracks, and adult emergence holes on the trunk
and the branches of the tree during spring are only a few of the symptoms that indicate the
presence of this kind of pest [2]. Unlike more apparent harm caused by other tree pests, the
effects of PFRB presence are manifested as delayed symptoms, becoming evident in the
middle and late stages of infestation. Consequently, there is a critical necessity for early
detection tools for PFRB damage. Detecting the infestation early enhances the efficacy of
treatment, as highlighted by [8]. In this context, remote sensing has emerged as a viable
option for both small- and large-scale monitoring. Monitoring a crop remotely has some
noteworthy advantages. First of all, a map of the area of interest can be generated with
remote sensing data, easily giving the agronomist a view of the orchard and in a short
period of time. This map helps the expert to choose candidate zones or plants of the orchard
that need to be visited for more thorough inspection [9–11]. Furthermore, depending on
the sensor that is used, it is feasible to detect the infestation in early stages, even before the
occurrence of visible symptoms, such as in the case of wood-eating pests [9,10]. Last but
not least, according to the report of the United Nations, remote sensing secures food safety,
and therefore consumers’ safety, as well as the protection of the environment, because the
use of plant protection products is significantly reduced due to more targeted treatment of
the infested plants [9].

Remote sensing is the detection and measurement of the electromagnetic radiation
of the sun, which is reflected by objects—such as plants, soil, and buildings—from a
distance (by a satellite or a UAS) [9,12]. A few of its applications in agriculture include crop
health monitoring, soil fertility monitoring, estimation of crop yield, irrigation equipment
monitoring, and identification of invasive species of weed [10,13]. Crop health monitoring
is based on the fact that stressed plants have a different spectral signature than healthy
ones [14]. Normally, healthy vegetation absorbs 70–90% of the radiation of the visible
spectrum (400–700 nm, or photosynthetic active radiation, PAR) [9,14]. More specifically,
radiation of the blue and red bands of the visible spectrum is used in photosynthesis by
the leaves, while radiation of the green band is mostly reflected by chlorophylls of the
leaves. The large amount of NIR (near-infrared) radiation is also reflected by the healthy
leaves (Figure 1). On the contrary, stressed vegetation absorbs a smaller amount of blue
and red radiation and at the same time, the reflection of green and NIR radiation is lower,
mainly due to the fact that chlorophylls and many cell structures of the leaves have been
destroyed. Vegetation indices combine the reflectance of the spectral bands; thus, they
provide information on the health of crops [14].

The most common index used to detect plant stress is the Normalized Difference
Vegetation Index (NDVI) which combines the reflectance in the NIR and red bands of
radiation but presents some limitations [9,10,13,15]. More specifically, at very high concen-
trations of chlorophyll, this index saturates so that its value does not change with subtle
changes in its concentration. Another important index that was used in this study is the
Normalized Difference Red Edge Index (NDRE), which combines the reflectance in the NIR
and the red edge bands of the spectrum. The red edge band is a particularly important
region of the spectrum around 700 nm (690–740 nm), between the red band of the spectrum
(660–680 nm) and the NIR band (700–1400 nm), which is associated with the concentration
of chlorophyll [9,15]. It is a zone of high interest for detecting plant stress at an early stage
because it is part of the spectrum where the reflectance increases sharply from the strong
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red absorption zone to the strong near-infrared (NIR) reflection zone. For this reason, the
NDRE index is very sensitive to changes that occur in chlorophyll concentration [15].
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Figure 1. The structure of a healthy leaf and the part of the radiation it absorbs and reflects. As the
figure shows, red and blue radiation of the visible spectrum is mostly absorbed by the mesophyll of
the leaf while the NIR (near-infrared) and green radiation (visible spectrum) is reflected [14].

In the current study, airborne data were collected from the orchards of the Agricultural
University of Athens with a multispectral camera, which was attached to a UAV, and they
were validated with the data that were collected in the field. The main purpose of this
study was to determine whether remote sensing imagery data could detect infestations
of PFRB early in stone and pome fruit trees through a machine-learning model in the R
programming language.

2. Materials and Methods

The flights took place during 2021, 2022, and 2023 in the orchards of the Agricultural
University of Athens, with simultaneous on-site observations on the same dates.

2.1. Flight Schedule

Six UAV flights were conducted in total in stone fruit and pome fruit orchards during
May and September of 2021, July and September of 2022, as well as June and September
of 2023.

These dates were selected based on the biological cycle of C. tenebrionis. Specifically,
these flights were scheduled to coincide with the beginning of summer, a period when
the insect has completed its adulthood and the adults are very active. During this time,
the infested trees typically do not exhibit severe stress symptoms. During the summer,
while the wood-boring larvae are active, there is a gradual interruption in the flow of the
ascending and descending sap. Consequently, at the beginning of autumn, the trees tend
to exhibit more pronounced weakening and potential drying symptoms. The collection
of multispectral data during these critical stages of the growing season allows for the
monitoring of the distribution of the pest in the field and the assessment of the severity of
the infestation.

All flights were conducted around 13:00, when the sun is directly above the trees,
ensuring optimal lighting conditions while minimizing unwanted shadows that could
potentially corrupt the data. This approach guarantees maximum accuracy and reliability
in the acquisition of multispectral information. Furthermore, scheduling flights during
midday hours is advantageous as this timeframe aligns with the heat peak of the day,
thereby enhancing the exhibition of stress symptoms on the trees.
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2.2. Flight Materials

The flights were performed with Mera quadcopter (UcanDrone S.A., Koropi Attica,
Greece), an EASA flying Class C2 drone (Figure 2). All the flight missions were designed
and executed in the Mission Planner program (Version 1.3.76) (ArduPilot Development
Team, New York, NY, USA).
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Figure 2. Mera quadcopter (UcanDrone S.A., Koropi Attica, Greece) which was used in the flights.

The multispectral RedEdge MX camera (AgEagle Aerial Systems Inc., Wichita, KS,
USA) was attached to the Mera UAV. This camera has a weight of 231.9 g and is equipped
with a Downwelling Light Sensor 2 (DLS 2). The DLS 2 sensor enhances the reflectance
calibration under varying lighting conditions during the flights. The RedEdge MX camera
is equipped with a Global Shutter System, allowing all pixels of the multispectral sensor to
be simultaneously exposed to light. This camera utilizes five distinct spectral bands: blue
(centered at 475 nm), green (centered at 560 nm), red (centered at 668 nm), red edge (centered
at 717 nm), and near-infrared (NIR, centered at 842 nm). Additionally, the RedEdge MX
camera offers a high spatial resolution, with a ground sampling distance (GSD) of 8 cm per
side of a pixel, when operated at a height of 120 m above the ground level.

2.3. Flight Parameters

Utilizing the Mission Planner program (Version 1.3.76), the flight parameters were
configured for all of the flights. The parameters of the flight were the following: flight
altitude of 70 m, flight speed of 5 m/s, and image forward and side overlap of 80% [16,17].
This percentage of overlap was chosen in order to minimize potential data loss during the
image acquisition. The RedEdge MX camera was programmed to capture multispectral
images every 2 s. The flight path for these missions was precisely delineated by establishing
concrete waypoints on the map, with the corresponding data being transmitted to the UAV
autopilot. All of the flights were executed by a certified pilot of the A2 category, under
the prevailing legislation; thus, the flight operations were meticulously executed in strict
accordance with the regulatory guidelines.

2.4. Multispectral Data Processing

For the processing of the image data, Metashape (Version 1.7.3) (Agisoft LLC., St.
Petersburg, Russia) and QGIS (Version 3.32.0) (QGIS Development Team, London, UK)
software were used.

The first step of the image processing was the alignment of the photos. During this
step, the software automatically identifies common features among the images, allowing
for the precise calculation of their relative positions and orientations both in relation to
one another and within the spatial context, generating a sparse point cloud. The aligned
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images serve as the fundamental dataset for generating the dense point cloud, which is the
second stage of image processing. The dense point cloud essentially represents the spatial
information of the target area in three dimensions, denoted by X, Y, and Z coordinates of
the individual points.

Generated from the dense point cloud, the next phase involved the creation of the
digital surface model (DSM). The DSM is a comprehensive representation of the Earth’s
surface, encompassing all reflective elements, whether natural or man-made. These ele-
ments include vegetation, water bodies, buildings, roads, bridges, and more. The DSM
serves as a depiction of the Earth’s topography, providing elevation data for both terres-
trial and aquatic features, as well as vegetative and man-made components. Additionally,
each pixel of the DSM is embedded with georeferencing, enhancing its geographical and
spatial accuracy.

Utilizing the dense point cloud once more, the digital terrain model (DTM) was
generated, which delineates the Earth’s surface, providing elevation information pertaining
to the topographic features, excluding both natural vegetation and man-made structures.
This model represents the elevation characteristics of the bare terrain while imparting
additional topographical information, including slope, orientation, and both the horizontal
and vertical curvature of the terrain.

The last step in the multispectral data processing was the generation of the orthomo-
saic map, which can be generated from either the DSM or DTM. This map is composed of
smaller orthophotos and was constructed utilizing the spectral bands of the visible spec-
trum of electromagnetic radiation, specifically the red, green, and blue (RGB). Each small
orthophoto is precisely georeferenced, resulting in each pixel in the final map correspond-
ing to a specific geographic point on the Earth’s surface with well-defined coordinates (X,
Y, Z). The orthophotos essentially represent aerial images that have undergone correction
processes to eliminate distortions induced by various factors, including lens characteristics,
capture angles, and the Earth’s topographical variations. Therefore, the orthomosaic map
provides a highly detailed and accurate representation of the Earth’s surface, encompassing
both natural and man-made features, all presented with high spatial resolution. Subse-
quently, the multitemporal creation of orthomosaic maps from the target area can facilitate
the extraction of valuable insights regarding the temporal and spatial changes evolving
over time (Figure 3).
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of Athens, as it was generated in Metashape program and visualized in QGIS.

The digital surface and terrain models (DSM, DTM), as well as the orthomosaic map,
were exported for subsequent processing within the GIS program, QGIS. This program is
open-source software that provides the necessary tools for geospatial information process-
ing, analysis, and map creation (Figure 4).
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Utilizing the QGIS tools, the DSM and DTM were employed to generate the final
surface and topography maps, respectively. These maps provide important elevation data
for the target area, in this case for the stone fruit and pome fruit orchards.
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Figure 4. (a) Digital surface model (DSM) and (b) digital terrain model (DTM) of the orchard of
Agricultural University of Athens. The stone and pome fruit orchards can be seen with a black border.

Upon importing the orthomosaic map into QGIS, the essential vegetation indices
(VIs) for assessing tree health were calculated. In this experiment, two vegetation indices,
the NDVI (Normalized Difference Vegetation Index) and NDRE (Normalized Difference
Red Edge Index), were computed. The NDVI was calculated according to the following
expression [15,18,19]:

NDVI = (RNIR − RRED)/(RNIR + RRED)

where “RNIR” is the reflection of solar radiation within the near-infrared band, specifically at
842 nm, and “RRED” denotes the reflection within the red band, at 668 nm. The NDVI values
range from −1 to +1, with the negative values signifying surfaces devoid of vegetation,
such as bare terrain, rocky or sandy areas, water bodies, and urban areas. A value of
zero signifies very sparse or stressed vegetation, as well as desiccated or senescent plant
cover. Within the positive range of the index, values approaching the value +1 indicate
increasingly robust and healthy vegetation, whereas low positive values indicate sparse or
weakened vegetation.

For the NDRE index (Normalized Difference Red Edge Index), the mathematical
expression is [15,20,21]:

NDRE = (RRED EDGE − RRED)/(RRED EDGE + RRED)

where “RRED EDGE” represents the reflection of solar radiation in the red edge zone, at
717 nm, while “RRED” signifies the reflection of solar radiation in the red band, at 668 nm.
Like NDVI, the NDRE index values have the same range, between −1 and +1. Elevated
index values on a map are indicative of healthier vegetation, characterized by higher
chlorophyll content. Conversely, lower index values reflect weakened or stressed vegetation,
associated with lower chlorophyll content (Figure 5).
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Figure 5. Map of the area of the study with the calculated NDVI (a) and NDRE (b) for the flight of
24 September 2021. Similarly, the same maps were generated for all of the flights. On this date, NDVI
values ranged from −0.17 to 0.92 while NDRE values ranged from −0.25 to 0.58.

With the help of Orfeo Toolbox Plugin of QGIS, the trees were digitized and finally, the
mean NDVI and mean NDRE values were calculated through QGIS and then exported for
each tree (Figure 6). The area of the crown of each tree was also calculated and exported.
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2.5. On-Site Observations

On the day of the airborne data acquisition, extensive on-site observations were
conducted in both stone fruit and pome fruit orchards by an agronomist. The primary
objectives were to document the health condition of each individual tree, record possible
symptoms, and scrutinize stress factors that could have affected the health of the trees.
These stressors include nutrient deficiencies, symptoms indicative of fungal diseases, insect
infestations, weeds, and other pertinent factors.

During the on-site observations, infestations from PFRB were detected in the orchards,
something that was reinforced by the presence of adult pests on the trunks of the trees
(Figure 7). The trees were classified as infested (category 1, presence of infestation) or
healthy (category 0, absence of infestation).
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2.6. Statistical Analysis

Machine-learning algorithms were employed to construct a predictive model for the
identification of the infestation by PFRB, by considering variables such as mean NDVI,
mean NDRE, mean temperature, mean relative humidity, and the tree crown area. Initially,
preprocessing steps such as cleaning and scaling were performed on the variable data,
followed by separation into training and testing sets to evaluate the model’s performance
on independent data. The evaluated models were the following: logistic regression (LR),
neural network (NN), random forest (RF), and extreme gradient boosting (XGBoost). Every
model underwent training on 70% of the observations, utilizing the remaining 30% of
the observations for validation purposes. To assess the performance of the models, four
different evaluation metrics were employed: accuracy, precision, recall, and F-measure.

Accuracy was calculated to determine which model was the most appropriate for
utilization in the present study and is defined as follows [22–24]:

Accuracy = (TP + TN)/(TP + TN + FP + FN)

where TP = true positive, TN = true negative, FP = false positive, and FN = false negative.
Precision measures the accuracy of positive predictions made by a model and is

defined as [22–24]:
Precision = TP/(TP + FP)

Recall is a metric that measures the ability of a model to capture all the relevant
instances of a particular class and is defined as [22–24]:

Recall = TP/(TP + FN)

F-measure is a metric that combines both precision and recall and is defined as [22–24]:

F-measure = 2 × ((Precision × Recall)/(Precision + Recall))

For the construction and evaluation of the models, the R programming language and
the packages caret, VGAM, RF, and XGBoost were used [25].

Logistic regression (LR) is a statistical model that describes the relationship between
a categorical and one or more independent variables. The independent variables are
considered the predictor factor. LR is used when the effect of the predictor variables on
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the outcome of the categorical variable needs to be studied; therefore, it is widely used in
binary classification studies [26].

The artificial neural network (ANN or just NN) is a deep-learning algorithm that
resembles the neural system of humans and the way that neurons transmit a signal to one
another [27]. Neural networks have many applications, and classification tasks are one
of them. Neural networks have many different layers, and if the data do not fulfill the
requirements of the layer, then the information does not pass on to the next layer of the
network. Neutral networks can identify patterns in data and classify them, which is why
they are used for classification and forecasting [28].

Random forest (RF) is a supervised machine-learning classifier. Supervised learning
refers to the building of a prediction model from a set of labeled training data and the
subsequent application of this model to new, unseen data. It uses multiple decision trees
to end up at a prediction. Lately, it is widely used in pest and disease prediction due to
excellent classification results and fast implementation [27,29].

Extreme gradient boosting (XGBoost) is a supervised decision tree algorithm. It is a
tree-boosting model that can be used for both regression and classification [30].

3. Results

Table 1 provides a summary of the descriptive statistics for the predictor variables
in the study: meanNDVI, meanNDRE, Tmean, RHmean, and tree crown area. The initial
examination of variable values through both graphical and statistical tests revealed the
absence of missing, duplicate, and extreme outlier values.

Table 1. The descriptive statistics of the predictor variables (mean NDVI, mean NDRE, Tmean,
RHmean, and tree crown area).

Mean NDVI Mean NDRE Tmean (◦C) RHmean (%) Area (m2)

mean 0.53 0.22 24.46 55.00 2.15

std 0.22 0.26 2.60 6.76 3.00

median 0.57 0.086 24.05 52.87 1.11

min −0.02 −0.15 20.09 47.56 0.01

max 0.88 0.74 27.94 65.94 19.75

N 252 252 252 252 252

Figure 8 displays the correlation matrix depicting relationships among the vari-
ables. The most noteworthy statistically significant correlation was found between the
variables meanNDVI and meanNDRE (r = 0.78, p-value < 0.001), followed by the Pear-
son correlation coefficients between the temperature and mean NDRE, as well as mean
NDVI, which were 0.42 and 0.39, respectively, and both exhibited statistical significance
(p-value < 0.001). The correlation matrix suggests that there were no significantly strong cor-
relations among our predictors (greater than 0.9) that might have influenced the employed
machine-learning algorithms.

Figure 9 illustrates the variables that significantly influenced the prediction in each
model. The prediction models indicated that the most crucial variables were the mean
NDVI, the mean NDRE, and the crown area. In contrast, the meteorological data utilized
in the models, including mean temperature and mean relative humidity, did not have a
significant impact. Based on importance, the variable mean NDVI ranked first, followed
by the crown area and the mean NDRE. Figure 10 displays the confusion matrix for the
machine-learning algorithms.
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The metrics of the different algorithms used are shown in Figure 11. In terms of
accuracy, the XGBoost model exhibited the highest performance, registering a value of 0.85,
followed closely by the NN model, with an accuracy of 0.84. The RF and LR models yielded
accuracy values of 0.81 and 0.79, respectively. Concerning the F-measure, the NN model
achieved the highest score at 0.83, while both the XGBoost and LR models scored 0.82. The
RF model exhibited the lowest F-measure with a value of 0.79. Regarding precision, the
XGBoost model led with the highest value of 0.78, followed by the NN model at 0.76. The
RF and LR models both had a precision value of 0.72. In terms of recall, the NN model
attained the highest value of 0.91. The XGBoost, RF, and LR models achieved recall values
of 0.86, 0.85, and 0.84, respectively.
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4. Discussion

Wood borers play a significant role as pests in global agro- and forest ecosystems.
The early stage of their infestation often exhibits no visible symptoms, posing a threat
that can escalate into widespread infestations and eventual tree mortality. Remote sensing
has emerged as a potent technology for monitoring various stages of pest infestation on
both large and small scales, offering a continuous and timely assessment. When coupled
with expert on-site confirmation, this technology becomes a reliable means of accurately
determining infestation occurrence. Thus, it establishes a scientific approach for effective
wood borer insect management. The results of our study show that multispectral remote
sensing can provide accurate early detection of PFRB infestation in stone and pome fruit
trees. This study represents the inaugural exploration of early wood-boring insect detection
in cultivated trees utilizing remote sensing. While prior research has delved into the early
monitoring of wood-boring insect pests in forests, employing airborne data collection as
the primary technology, the focus has been on gathering single-date airborne hyperspectral
data [31–39]. While these data offer highly accurate detection with flexible and efficient
acquisition, expanding the study area increases the number of bands and images to be
scanned in airborne hyperspectral data acquisition, thereby escalating the costs and com-
plexity of image processing. Additionally, geographic registration and image stitching
become necessary [39].

Contrary to these approaches, previous studies [40,41] utilizing UAV-based multi-
spectral data to identify pine trees with early-stage damage caused by the pine wood
nematode, Bursaphelenchus xylophilus (Steiner & Bührer) Nickle (Nematoda: Aphelenchoi-
didae), yielded less promising results. These studies noted that, despite the utility of
near-infrared (NIR) or red edge bands, the bandwidth of multispectral bands was too broad
for successful application in early monitoring.

In this current study, even when utilizing a multispectral sensor, the accuracy of
the data collected for the early detection of PFRB reached 0.85. To assess whether re-
mote sensing data could serve as a predictor for early pest infestation detection, four
machine-learning models were employed. Among these, the XGBoost prediction model
demonstrated the highest effectiveness, followed by the NN model. XGBoost, since its
inception, has consistently proven to be a superior classifier compared to many other
machine-learning models, outperforming the majority. Notably, XGBoost exhibits strong
performance with less data in comparison to NN, and its incorporation of regularization
techniques helps to prevent overfitting, enhancing its robustness when dealing with limited
datasets [42,43].

Two types of models are employed in the early monitoring of wood-boring pests:
parametric and nonparametric models. In the context of the present study, the NN model
falls within the category of parametric models, alongside linear regression. Parametric
models, including the NN model, are characterized by robust mathematical and statistical
foundations, facilitating the fitting of practical data with ease. However, these models
necessitate that the input data adhere to specific prerequisites, such as the homogeneity of
variance, which may not always be achievable.

On the flip side, XGBoost belongs to the category of nonparametric models, alongside
random forest and support vector machine. Nonparametric models, including XGBoost,
exhibit minimal dependence on data distribution and types. This characteristic makes them
versatile and adaptable to various datasets without strict adherence to specific distribution
assumptions. While there are existing studies exploring the correlation between remote
sensing data and disease detection in crops, insufficient research has been conducted on the
relationship between remote sensing data and the identification of pest damage in crops
using machine-learning techniques. Moreover, in the majority of these studies, regression
stands out as the predominant model employed [44–46]. The current study highlights
XGBoost as a highly promising machine-learning model for predicting pest infestation in
crops, but further investigation is warranted. Since its inception, XGBoost has consistently
proven itself as a superior classifier compared to many other machine-learning models,
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surpassing most of them, with the NN model following closely behind. Notably, XGBoost
exhibits strong performance even with limited data, outperforming NN, and incorporates
regularization techniques to prevent overfitting, thereby enhancing its robustness in dealing
with constrained datasets [42,43]. In all of the four models that were performed, the mean
NDVI, mean NDRE, and crown area of the tree were the most important factors in the
prediction of the infestation. Even though meteorological data affect the biological cycle of
the insects and they are essential for the infestation, they seem to have no impact on the
models. This is likely due to the volume of the study data. If there was a greater dispersion
of the studied data over time, which would mean a greater variation in the meteorological
data, then temperature and relative humidity may have played a more important role
in the models. NDVI is an index of the biomass of the plants; therefore, NDVI values
and crown area are two interconnected variables, which explains the fact that in all of
the models, the crown area was the second most crucial factor for the prediction of the
infestation. Damaging the vascular bundles of the trees, PFRB causes a great reduction in
the photosynthetic capacity of the host, so the decrease in biomass results in lower NDVI
values. Since NDVI is the most important predictor of the infestation, it stands to reason
that the crown area is just as important [47–49].

Moreover, it is crucial to note that obtaining ground truth data through independent
site measurements is essential for constructing a wood-boring pest detection model. The
quantity and quality of such ground truth data play a pivotal role in determining the
model’s generalization and accuracy. However, acquiring these data can be costly, leading
to their absence in previous studies. In contrast, our study addressed this gap by collecting
ground truth data from both pear and stone fruit orchards, confirming tree infestations
through the presence of pest larvae in the trunks.

In conclusion, the spread of PFRB typically extends from a single tree to a vast area.
Swiftly removing individual infested trees in the early stages can effectively curtail its
propagation. The timely detection of PFRB holds paramount importance for orchard man-
agement, and remote sensing proves instrumental in achieving this. The present study
demonstrated that utilizing multispectral data collected by a UAV with an attached XG-
Boost sensor holds promise as a machine-learning model for predicting pest infestation
in crops. However, further research is needed to explore and refine its potential. Never-
theless, current remote sensing technology can monitor tree symptoms but falls short in
precisely identifying the specific causal agent—whether it is an insect, another agent, or
the exact wood-boring insect species. Establishing a clear link between tree symptoms
and wood-boring insect species necessitates additional research. This involves developing
detailed databases through high-resolution mapping of tree species, documenting the
seasonal and historical occurrences of damage, and consistently gathering ground truth
and laboratory observations.

5. Conclusions

The aim of this study was to explore the potential for the early detection of C. tenebrio-
nis infestations in stone and pome fruit trees using remote sensing imagery data through a
machine-learning model in the R programming language. To the best of our knowledge,
this is the inaugural investigation utilizing remote sensing for the early identification of
peach flatheaded root borer infestations in an orchard, and one of the few studies employ-
ing multispectral imaging to detect the early stages of wood-boring insect infestations in
trees. The crucial variables identified included the mean NDVI, mean NDRE, and crown
area. Notably, the XGBoost model demonstrated superior performance in terms of accuracy
and precision, closely followed by NN. In terms of F-measure and recall, NN led, followed
by XGBoost. Our findings indicated that multispectral remote sensing achieved discrimina-
tion between healthy and damaged trees with 85% accuracy, establishing it as a reliable
method for the swift and accurate prediction of PFRB infestations in stone and pome fruit
orchards. While the study unveiled promising applications, several future challenges, such
as distinguishing wood-boring insect infestations in different cultivations, need attention.
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Despite the necessity for further validation, this research provides compelling evidence
that multispectral imaging holds potential for integrated pest management (IPM) strategies
targeting wood-boring insects, contributing to a reduction in pesticide use.
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