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SUMMARY

Remote sensing from drones facilitates the detection of pests and diseases
in crops. For instance, true color (RGB) and multispectral (ME) images can
be used to generate vegetation indices that indicate particular plant health
conditions. This study aimed to evaluate the potential of RGB and ME images,
captured by drones at a height of 20 m, to detect the presence of Bactericera
cockerelli in a potato (Solanum tuberosum) cv. Fianna plot. One day before the
images were captured, a visual survey was conducted in the plot to locate and
mark 50 potato stems whose leaves had B. cockerelli nymphs or eggs, and 50
stems with pest-free leaves. Orthomosaics were generated using the Pix4D
software and rectified in QGIS. From these orthomosaics, three vegetation
indices derived from the RGB sensor (ExG, GLI, and Vigreen) and two from
the ME sensor (NDVI and NDRE) were calculated. Subsequently, the marked
plants were identified in the orthomosaics, and four categories of pixels were
extracted: plants with B. cockerelli, plants without B. cockerelli, soil, and shade.
The images were processed using Python and the Keras library within a
Multilayer Perceptron (MLP) neural network. The model performance
was evaluated using the Matthews correlation coefficient (MCC), obtaining a
value of 0.60 for the ME sensor bands and the NDVI and NDRE indices. This
result indicates a moderate discrimination capacity, adequate to support the
detection and monitoring of B. cockerelli in the field, although it suggests the
need for further improvements to optimize early detection and timely control.

Index words: Bactericera cockerelli, Solanum tuberosum, deep
learning, drone, remote sensing,

RESUMEN

La teledeteccion mediante sensores remotos montados en drones facilita
la deteccion de plagas y enfermedades en cultivos; por ejemplo, las imagenes
en color verdadero (RGB) y multiespectrales (ME) pueden emplearse para
generar indices de vegetacion que indican estados particulares de la salud
de las plantas. Este estudio tuvo como objetivo evaluar el potencial de las
imagenes RGB y ME, capturadas por drones a una altura de 20 m, para
detectar la presencia de Bactericera cockerelli en un cultivo de papa (Solanum
tuberosum) variedad Fianna. El dia previo a la captura de las imagenes se
realizd un muestreo visual en el cultivo para localizar y marcar 50 tallos, cuyas
hojas presentaban ninfas o huevos de B. cockerelliy 50 tallos con hojas libres
de la plaga. Se generaron ortomosaicos utilizando el software Pix4D y se
rectificaron en QGIS. A partir de estos ortomosaicos, se calcularon tres indices
de vegetacion derivados del sensor RGB (ExG, GLI y Vigreen) y dos del sensor
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ME (NDVIy NDRE). Posteriormente, las plantas marcadas fueron identificadas
en los ortomosaicos y se extrajeron cuatro categorias de pixeles: plantas con
B. cockerelli, plantas sin B. cockerelli, suelo y sombra. Las imagenes fueron
procesadas utilizando Python y la libreria Keras dentro de una red neuronal de
Perceptron Multicapa (MLP). El desempefio del modelo se evalué mediante el
coeficiente de correlacion de Matthews (MCC), obteniendo un valor de 0.60
para las bandas del sensor ME y los indices NDVI y NDRE. Este resultado
evidencia una capacidad de discriminacion moderada, adecuada para apoyar
la deteccion y el monitoreo de B. cockerelli en campo, aunque sugiere la
necesidad de mejoras adicionales para optimizar la deteccion temprana y el
control oportuno.

Palabras clave: Bactericera cockerelli, Solanum tuberosum,
aprendizaje profundo, dron, teledeteccion.

INTRODUCTION

The potato psyllid, Bactericera cockerelli (Sulc, 1909)
(Homoptera: Triozidae), also known as paratrioza, is the
most significant pest in the potato (Solanum tuberosum
L.) crop. This insect was first reported by K. Sulc in 1909,
attacking Capsicum sp. in Colorado, United States of
America (Butler and Trumble, 2012). Bactericera cockerelli
is responsible for transmitting the bacterium Candidatus
Liberibacter solanacearum (Calso), which causes potato
zebra chip disease (Hansen et al., 2008). Furthermore, it
induces potato yellowing (PY), attributed to a toxin injected
into the plant during feeding (Wenninger and Rashed, 2023).

Currently, B. cockerelli is distributed across North
and Central America, New Zealand, Australia, and some
countries in Northern Europe (EPPO, 2025); however,
Calso has only been reported in the Americas and Oceania
(Wenninger and Rashed, 2023).

Early Calso infection impacts crop yield by reducing the

photosynthetic rate (Gao et al., 2016). It also decreases
starch content in tubers while increasing their reducing
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sugars, which negatively affects their internal appearance
and taste (Wallis et al., 2012). Once inoculated into the
leaves, Cal.so reaches the tuber in just four days, whereas
symptoms of Calso in the plant become visible, both
in foliage and tubers, between the third and fifth week
after infection (Vereijssen et al., 2018). Given this short
time period between inoculation and disease symptom
appearance, controlling B. cockerelli populations is crucial
throughout the entire crop cycle (Rashed et al, 2018;
Sarkar et al., 2023).

The global management of this pathosystem in
commercial agriculture is currently based on insecticide
applications; for instance, up to 16 applications per
growing cycle have been documented in the US, involving
up to 11 different biochemical modes of action (Vereijssen
etal.,2018), and incurring costs as high as $1,235 USD ha'!
(Eigenbrode and Gomulkiewicz, 2022).

Drone image analysis has proven to be an effective
tool for detecting and monitoring insect pests in crops
(Moses-Gonzales and Brewer, 2021; Subramanian et al,
2021). This capability enables more efficient pest control
through localized applications, consequently reducing the
toxicological load on crops and associated costs. This
study focuses on detecting B. cockerelli in potato crops
by analyzing RGB and multispectral (ME) images acquired
by drones under field conditions. The methodological
approach involves the extraction of visible-spectrum
vegetation indices from RGB imagery, including the Excess
Green Index (ExG), Green Leaf Index (GLI) and Green
Vegetation Index (Vigreen), as well as the calculation of
multispectral indices such as the Normalized Difference
Vegetation Index (NDVI) and the Normalized Difference
Red Edge Index (NDRE). These spectral features are used
as inputs to a multilayer perceptron model to discriminate
between potato plants with and without the presence of
B. cockerelli, thereby addressing an identified gap in the
existing literature for this specific crop.

MATERIALS AND METHODS
Study site

The study was conducted in a commercial potato field
located in the municipality of Villa Victoria, State of Mexico,
Mexico (coordinates 19° 30" 3.85" N, 100° 06' 50.15" W)
during the 2024 growing season. Planting was carried out
on July 20" (tuber bulking stage) using the Fianna cultivar,
a white-tuber potato with an intermediate growth cycle
(120 days). The study area had a high prevalence of B.
cockerelli.
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Visual sampling of Bactericera cockerelli in the field

A visual monitoring of B. cockerelli was conducted on the
leaves of individual potato plant stems (sampling unit). The
day before the flights, where images for this study were
captured, allleaves of individual potato stems were examined
to locate (and mark) 50 stems with the presence of nymphs
or eggs, as well as 50 stems free from infestation. Infested
stems were marked with a red flag, while uninfested stems
were marked with a yellow flag. These flags unequivocally
identified the marked stems in the resulting orthomosaics.
We avoided stems with leaves showing typical symptoms
of Alternaria solani, Phytophthora infestans, or any other
symptom that could introduce noise to the model.

Image acquisition

RGB and ME images were captured during separate
flights conducted on October 19", 91 days after sowing
(maturity and harvesting). RGB images were taken with
a DJI Phantom 4 Pro® drone (DJI, Shenzhen, Guangdong,
China), equipped with a 1-inch, 20-megapixel CMOS sensor.
ME images were captured using a Parrot Sequoia Plus®
camera (3D Robotics, Berkeley, California, USA), adapted
to a DJI Matrice 300 RTK drone (DJI Ltd., Shenzhen,
China). Both flights were performed at a height of 20 m.
The ME camera features four sensors: green (550 + 40
nm), red (660 = 40 nm), red edge (735 + 10 nm) and near-
infrared (NIR) (790 = 40 nm), with a single-band resolution
of 1.2 MP (1280 x 960 px). Additionally, it incorporates a
sunshine sensor to compensate for changes in light during
flight, alongside automatic radiometric calibration. This
process corrects for variations in ambient illumination
and sensor response, converting raw digital numbers into
surface reflectance values, which is essential to ensure
consistency and comparability of spectral measurements
across different flights and acquisition conditions.

Images from both sensors were acquired under clear sky
conditions with 75 % side overlap and 85 % front overlap for
both flights. The captured images were processed using
Pix4D software (Pix4D SA, Lausanne, Switzerland); for ME
images, the software corrected the estimated reflectance
and performed radiometric calibration (sharpness) via
a calibration panel. The resulting pixel size was 0.5 cm/
pixel for the RGB orthomosaic and 3 cm/pixel for the
ME orthomosaic. The latter was selected to reduce the
computational resource demand during model training;
resampling was performed in QGIS by defining the grid
extent and cell size within the Raster Calculator.

Orthomosaic rectification was performed using the QGIS
Version 3.34.8-Prizren Georeferencer tool. This process
utilized easily identifiable ground control points (GCPs),
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including plant marking flags and checkered square plates,
which were present in the original images. A first-degree
polynomial transformation was applied employing the
nearest neighbor resampling method. The resulting RGB
orthomosaic demonstrated strong agreement with the
corresponding ME images, exhibiting a root mean square
error (RMSE) of 0.76 pixels.

Data processing

Several vegetation indices were computed from the
orthomosaic bands using the Raster Calculator in QGIS (v.
3.34.8-Prizren). The Excess Green Index (ExG), Green Leaf
Index (GLI) and Green Vegetation Index (Vigreen) were
derived from the RGB imagery. Additionally, the Normalized
Difference Vegetation Index (NDVI) and the Normalized
Difference Red Edge Index (NDRE) were calculated from
the multispectral (ME) data (Table 1).

Band and index values were extracted in QGIS by
manually delineating a polygon shapefile layer over the
RGB orthomosaic. Each polygon was assigned to one of
four target categories: soil, shade, plants infested with B.
cockerelli, and healthy plants. The training dataset was
generated by extracting pixel values within these polygons
and aggregating them at the plant level prior to data
partitioning (Figure 1).

Prediction map and detection of Bactericera cockerelli

The prediction map was generated through the
development and training of a Multilayer Perceptron (MLP)
artificial neural network. This network was configured with
four target classes: a) plants with B. cockerelli (nymphs or
nymphs and eggs), b) plants without B. cockerelli, c) soil,
and d) shade. The predictor variables included ME and
RGB sensor bands, both individually and combined with
their respective derived indices (Table 1).
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The prediction map generated from the MLP was
constructed with five densely connected layers. This
network included an input layer with 256 units and three
hidden layers containing 128, 54 and 8 units, respectively.
The output layer consisted of four neurons, corresponding
to the four classes, with a softmax activation function
(Goodfellow et al, 2016). Adam (Adaptive Moment
Estimation) (Kingma and Ba, 2015) served as the
optimization algorithm.

The MLP was trained for a maximum of 200 epochs
with a batch size of 32. To mitigate overfitting, L2 kernel
regularization was integrated into the architecture, and
an EarlyStopping callback was implemented to monitor
validation loss. Training was automatically halted if no
improvement in validation loss occurred within a predefined
period (patience values of 5, 10 and 20 were evaluated),
after which the best-performing weights were restored.
Furthermore, various L2 regularization coefficients
(0.0001, 0.001 and 0.01) were assessed to determine the
optimal configuration. A dedicated validation set was
used throughout the process to guide model selection and
ensure convergence control.

The model was implemented in Python using the Keras
(TensorFlow) library (Chollet, 2017) and Google Colab. To
prevent data leakage, 30 % of the digitized polygons were
reserved for model testing; this ensured that all pixels from
a specific polygon were assigned exclusively to a single
subset of data, preventing spatial correlation between
training and testing data. All hidden layers in the MLP
utilized the Rectified Linear Unit (ReLU) activation function.

Metrics
The metrics used to evaluate the model were derived

from the confusion matrix, which indicates the proportion
of correct or incorrect classifications for each class.

Table 1. Vegetation indices derived from RGB and multispectral sensors used as predictors for the presence of Bactericera

cockerelli in potato plants.

Index Name Formula Reference
ExG Excess green 2g-r-b Woebbecke et al. (1995)
GLI Green leaf index (2G-R-B)/(2G+R+B) Louhaichi et al. (2001)
Vigreen Green vegetation index (G-R)/(G+R) Gitelson et al. (2002)
NDVI Normalized difference Vegetation  (NIR-RED)/(NIR+RED) Rouse (1973)

index
NDRE Normalized difference Red edge (NIR-RD)/(NIR+RD) Barnes et al. (2000)

NIR: near-infrared, RD: red edge, RED: red.
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Figure 1. Training data based on visual field inspection one day before the flight. Red: plants with Bactericera cockerelli,

yellow: plants without B. cockerelli, black: shade and blue: soil.

Additionally, Matthews correlation coefficient (MCC) was
used for imbalanced classes (Tharwat, 2018) (Table 2).

Permutation importance

The importance of predictor variables on estimation
accuracy was determined using the Permutation
Importance method within scikit-learn. This method
randomly shuffles the values of each variable, one at atime,
and assesses the resulting change in estimation accuracy.
If shuffling a variable lead to a decrease in accuracy, it
indicates that the variable is important (Breiman, 2001).
This calculation was performed using the scikit-learn
machine learning library (Pedregosa et al., 2011).

RESULTS
Visual detection of Bactericera cockerelli in the field

In the sample of 50 stems infested, there was an average
of 5.16 nymphs per stem, with a range from one to 18;
more than 50 % of stems had only one to three nymphs.

Multilayer perceptron training

The combination of ME bands with the NDVI and
NDRE indices yielded the highest Matthews correlation
coefficient (MCC) at 0.60 and accuracy of 0.73. With this
same combination of predictor variables, the 'without B.
cockerelli' class was classified with a precision of 0.64,
a recall of 0.69, and an F1-score of 0.67. For the ‘with B.
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cockerelli class, all metrics (precision, recall, and F1-score)
were 0.68, 0.63 and 0.65, respectively (Table 3).

The combination that produced the second-best metrics
involved the ME sensor. Its MCC was 0.59. For the 'without
B. cockerelli' class, precision was 0.62, recall was 0.70 and
F1-score was 0.66. For the 'with B. cockerelli' class, these
metrics were 0.67, 0.58 and 0.63, respectively (Table 3).

Hierarchy of predictors for the studied classes

Among the predictor variables derived from the ME
sensor + indices (Red, NIR, Red Edge, Green, NDVI and
NDRE), the NIR (0.3498 + 0.0050) and Red (0.1325 +
0.0047) bands showed greater relative importance than
the others for all classes (‘with B. cockerelli’, ‘without B.
cockerelli', soil, and shade). For the variables derived from
the ME sensor, spectral bands (Red, Green, Red Edge and
NIR), Red (0.2648 + 0.0044) and NIR (0.1512 + 0.0046)
were the most relevant.

Prediction map

Using the combination of variables that yielded the
best results (ME + NDVI and NDRE), a prediction map
was created, encompassing the four analyzed categories
(Figure 2). On this map, pixels indicating B. cockerelli
infestation are shown in yellow, uninfested pixels in green,
shade in black, and soil in brown. This prediction achieved
an MCC of 0.60.
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Table 2. Metrics used to evaluate the multilayer perceptron model and their corresponding formulas.

Name Formula

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

Recall TP /(TP + FN)

Precision TP/ (TP +FP)

F1-score 2TP / (FP + 2TP + FN)

MCC [(TP x TN) - (FPx FN)/~ ([(TP+FP)(TP+FN)(TN+FP)(TN+FN)])

TR TN, FN and FP are true positives, true negatives, false negatives and false positives, respectively. MCC: Matthews correlation coefficient.

Table 3. Metrics obtained from processing presence and absence data of Bactericera cockerelli nymphs in potato using
the Multilayer Perceptron model.

Class
Predictor variables Metrics
Without B. cockerelli With B. cockerelli Soil Shade

RGB Precision 0.59 0.57 0.95 0.94
Recall 0.46 0.68 0.90 1.00
F1-score 0.51 0.62 0.92 0.97
Accuracy 0.67
MCC 0.51

RGB+EXG+GLI+VIgreen Precision 0.60 0.61 0.97 0.99
Recall 0.59 0.62 0.98 1.00
F1-score 0.60 0.61 0.97 0.99
Accuracy 0.70
MCC 0.55

ME Precision 0.62 0.67 0.95 0.97
Recall 0.70 0.58 0.95 0.98
F1-score 0.66 0.63 0.95 0.98
Accuracy 0.72
MCC 0.59

ME + NDVI + NDRE Precision 0.64 0.68 0.96 0.97
Recall 0.69 0.63 0.93 0.99
F1-score 0.67 0.65 0.94 0.98
Accuracy 0.73
MCC 0.60

RGB: red, green and blue, ExG: excess green, GLI: green leaf index, Vigreen: green vegetation index, ME: multispectral bands including red, near-
infrared, red edge and green, NDVI: normalized difference vegetation index, NDRE: normalized difference red edge, MCC: Matthews correlation
coefficient.
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DISCUSSION

To the best of our knowledge, this is the first report of
an effort to detect B. cockerelli using remote sensors (drone-
captured images). Previous studies of this type (analysis of
drone-captured field images and machine learning tools) in
potatoes have focused on detecting either diseases (Ledn-
Rueda et al, 2022; Rodriguez et al, 2021) or physiological
disorders (Ledn-Rueda et al,, 2022). Another research analyzed
tuber slice laboratory images to evaluate zebra chip severity
using neural networks (Hernandez-Deheza et al., 2020).

In this study, an MLP artificial neural network was
employed to detect B. cockerelli in potato plants by
integrating RGB and multispectral (ME) sensor data
along with their vegetation-derived indices. Prior research
has reported that MLP models achieve competitive
performance in classification tasks compared to
algorithms such as Random Forest or Support Vector
Machines (Benos et al.,, 2021). This is largely because the
relationship between information captured by sensors and
a plant physiological state is often non-linear (Ballesteros
et al., 2020), but MLP are well-suited for identifying non-
linear relationships between input and output datasets
(Popescu et al., 2009).

2156680
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2156640
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The ME sensor bands demonstrated predictive capability
for the presence (current or recent) of B. cockerelli in
potato plants (MCC = 0.59) (Table 3); however, including
the NDVI and NDRE vegetation indices, derived from
its bands, substantially increased the neural network
predictive capability (MCC = 0.60). This observation aligns
with findings by Ledn-Rueda et al. (2022) in their study on
detecting diseases and physiological disorders in potatoes.

From the ME sensor, the NIR and Red bands provided the
most information to the model for detecting B. cockerelli
infestations, 0.34 and 0.13 respectively. It was previously
known about insect-induced changes in the spectral
characteristics of leaves in the infrared (Kharuf-Gutierrez
et al, 2018; Marston et al., 2020; Vanegas et al., 2018). It
is also known that a single B. cockerelli nymph can cause
a physiological disorder (Carter, 1939) manifested by
slight leaf curling and chlorosis of the leaves (Sengoda
et al, 2010), caused by salivary secretions during stylet
penetration into plant tissues (Hansen et al., 2008).

While B. cockerelli is the primary pest in the study
area, plants showing symptoms of other diseases or
physiological disorders were excluded during dataset
curation. Consequently, a fifth category was not

Classification

[ Without Bactericera cockerelli
[ With B. cockerelli

Il Shadow

I Soil

2156688 2156691

2156685

383076

383079 383082

Figure 2. Prediction map of the presence/absence of Bactericera cockerelli in field-grown potato cv. Fianna, generated by
using the Multilayer Perceptron model with multispectral bands and the NDVI and NDRE indices as predictor variables. A)
full map, B) enlarged segment of the map to improve class visualization.
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defined, and the model was trained only on the four pre-
stablished classes. This approach may limit the model
robustness under field conditions where multiple stresses
simultaneously co-occur; therefore, future research should
incorporate additional classes representing other biotic
and abiotic factors to facilitate multi-stress discrimination.

In the study region, producers usually apply systemic
and contact pesticides every 3-4 days to control B.
cockerelli, ate blight and other pathogens. This intensive
management, often exceeding 30 applications per season
(Rubio et al., 2006), underscores an urgent need to reduce
the crop pesticide load. The results of this study contribute
to this objective by enabling the spatial identification
of infestation foci through the MLP model, marking a
significant step toward site-specific pest management.
Nevertheless, these findings should be treated as a proof
of concept. Further validation involving larger sample
sizes, diverse geographic locations, multiple growing
seasons, and different potato varieties is essential before
its operational deployment in integrated pest management
programs.

CONCLUSIONS

This study developed an MLP-based classification
model to detect the presence of Bactericera cockerelli
nymphs on potato plants, achieving an MCC of 0.60 for
identifying pixels with current or recent infestation. The
best performance was obtained using ME sensor bands
with NDVI and NDRE indices, demonstrating the potential
of drone-acquired multispectral imagery for detection of
damage by nymphs and site-specific pest management.
This level of performance is suitable for decision support
and field monitoring, although not yet for fully autonomous
deployment. Nevertheless, as the study was conducted
on a single cultivar, location and growing season,
further validation across diverse environments, growing
seasons, and cultivars is necessary prior to operational
implementation.
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