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Abstract: The coffee leaf miner (Leucoptera coffeella) is a key pest in coffee-producing regions in
Brazil. The objective of this work was to evaluate the potential of machine learning algorithms to
identify coffee leaf miner infestation by considering the assessment period and Sentinel-2 satellite
images generated on the Google Earth Engine platform. Coffee leaf miner infestation in the field was
measured monthly from 2019 to 2023. Images were selected from the Sentinel-2 satellite to determine
13 vegetative indices. The selection of images and calculations of the vegetation indices were carried
out using the Google Earth Engine platform. A database was generated with information on coffee
leaf miner infestation, vegetation indices, and assessment times. The database was separated into
training data and testing data. Nine machine learning algorithms were used, including Linear
Discriminant Analysis, Random Forest, Support Vector Machine, k-nearest neighbors, and Logistic
Regression, and a principal component analysis was conducted for each algorithm. After optimizing
the hyperparameters, the testing data were used to validate the model. The best model to estimate
miner infestation was RF, which had an accuracy of 0.86, a kappa index of 0.64, and a precision of
0.87. The developed models were capable of monitoring coffee leaf miner infestation.

Keywords: Google Earth Engine; Leucoptera coffeella; artificial intelligence; multispectral image analysis

1. Introduction

Brazil is the largest world producer of coffee, and Minas Gerais is the state with the
highest production in the country. Therefore, the crop holds significant social and economic
importance for Brazil, as well as for Minas Gerais. However, there are several factors
threatening the sustainability of coffee production, among which are pest attacks [1].

The coffee leaf miner (Leucoptera coffeella) (Guérin-Mèneville and Perrottet) (Lepi-
doptera: Lyonetiidae) (CLM) is a coffee-exclusive pest, and it is considered a key pest
due to the extensive damage it causes in coffee plantations [1–3]. The CLM is present
throughout Latin America, causing millions of dollars in losses annually [4]. The damage
caused by the CLM results from injuries inflicted by its larvae, which feed on the palisade
parenchyma of coffee leaves, leading to the formation of mines that later necrotize. This
can cause defoliation and, in more extreme cases, lead to the death of the plant [1,5].

Due to the damage caused by this pest, efforts are being made to monitor the coffee leaf
miner (CLM). Considering the specialized labor and time required for visual inspections
in pest detection, research has been focusing on developing detection methods through
remote sensing. In this context, recent studies have sought to understand the relationships
of alteration in the electromagnetic reflectance of coffee plants when infested by the CLM.
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Vegetation indices are mostly used for analysis. In this pretext, the authors of [6] used
vegetation indices obtained from a multispectral camera mounted on a remotely piloted
aircraft to differentiate and detect areas of coffee infested by the CLM. The results of
this study show that healthy leaves exhibit higher vegetation index values compared
to infected leaves. The Green–Red Normalized Difference Vegetation Index (GRNDVI)
was the most effective factor in differentiating between infected and healthy leaves, with
average values of 0.32 for healthy leaves and 0.06 for infected leaves. In another study [7],
the authors developed a specific vegetation index to estimate coffee leaf miner infestation
using Sentinel-2 multispectral images called the Coffee-Leaf-Miner Index (CLMI). The
authors employed machine learning (ML) techniques to recognize infestation patterns in
coffee plantations. Models based on Random Forest (RF) and Support Vector Machine
(SVM) were trained using CLMI and provided an effective approach to detect the coffee leaf
miner in coffee plantations [7]. The use of aerial images/photos and artificial intelligence
techniques has been shown to be a global trend in modern agriculture, and it is also used
to monitor different pests and diseases in coffee plantations [8–10].

However, despite the preceding studies, little has been deeply explored on the topic.
Currently, there is a lack of a single monitoring model that identifies and relates the
most relevant vegetation indices in CLM detection, and defines, among different machine
learning algorithms, the most efficient one for this purpose. Furthermore, for farmers to
properly manage CLM, continuous monitoring methods should be chosen to indicate the
need for control measures. Taking this into consideration, studies with orbital images
obtained from satellites become the most viable alternative for large-scale CLM monitoring.

However, obtaining a historical series of orbital images can be challenging, as the
continuous acquisition of orbital data over time is often limited by operational, logistical,
cost, and availability issues. These limitations, in addition to potentially affecting long-term
analysis, can hinder/mask the understanding of changes in different coffee ecosystems. In
this context, Google Earth Engine (GEE) has proven to be a promising multidisciplinary tool
with multiple applications as it provides easy and quick access to a vast catalog of aerial
images and geospatial datasets for any location on the planet, surpassing traditional barriers
to data acquisition [11,12]. Thus, GEE can become an important tool for researchers and
farmers, enabling more comprehensive and efficient analyses in monitoring and evaluating
agricultural variables, such as CLM infestation in coffee plantations.

In agriculture, GEE has been used to monitor and manage land use [13], map coffee
plantations [14], and classify land cover [15]. Therefore, it is possible to observe that the
integration of large geospatial databases enabled by GEE brings with it the advantage of
enabling the development of robust and applicable methodologies, driving the advance-
ment of scientific and technological research in agriculture. Therefore, it is important to
study the application of platforms that enable quick and easy access to a historical series of
aerial images for monitoring the CLM on a regional scale.

The need for more comprehensive studies for the application of vegetation indices in
conjunction with ML algorithms to monitor CLM infestation is evident since the complex
dynamics of this pest require a continuous approach capable of providing information over
time and in different regional contexts. The temporal limitation of previously conducted
studies highlights the need for more extensive investigations, which enable, in addition to
accurate detection, a more comprehensive understanding of seasonal variations and the
evolution of CLM infestation in the field. The hypothesis is that machine learning-based
models, using spectral data (vegetation indices), can accurately identify CLM infestation in
coffee plantations. However, the appropriate selection and validation of algorithms require
further in-depth investigations. Thus, this study aimed to evaluate the potential of different
ML algorithms to identify CLM infestation by considering data from a four-year historical
series of Sentinel-2 satellite images acquired through the Google Earth Engine platform.
This research sought to determine a more effective and comprehensive approach to monitor
and manage this crucial pest affecting coffee production in Brazil.
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2. Materials and Methods

To assess the potential of different machine learning algorithms in identifying CLM
infestation using data from a four-year historical series of Sentinel-2 satellite images ac-
quired through the Google Earth Engine platform, this study was conducted in four stages,
as demonstrated in the flowchart in Figure 1. In the first stage, CLM infestations were
collected/recorded monthly over a period of 4 years. In the second stage, multispectral
images were collected, and vegetation indices were obtained. The third stage involved
the development and selection of variables and the optimization of hyperparameters of
the machine learning models. Finally, the fourth stage comprised the evaluation of the
algorithm’s performance.

Figure 1. A flowchart of the study stages.

Four experimental fields from the Minas Gerais Agricultural Research Agency (Epamig)
located in the municipalities of Três Pontas (CETP), São Sebastião do Paraíso (CESP),
Machado (CEMA), and Patrocínio (CETP) in the state of Minas Gerais were selected
(Table 1, Figure 2).

Table 1. The coffee cultivars and edaphoclimatic characteristics of the experimental research stations.

Characteristics CETP CESP CEMA CEPC

Cultivar Mundo Novo Catuaí 99 Catuaí 99 Rubi
Spacing (m) 2.30 × 0.70 3.20 × 0.70 2.30 × 0.70 3.50 × 0.70

Planting (year) 1999 2000 1999 1996
Elevation (m) 916 880 970 997
Latitude (S) 21◦20′37.014′′ 20◦54′42.023′′ 21◦40′50.848′′ 18◦59′28.284′′

Longitude (W) 45◦28′59.452′′ 47◦7′20.341′′ 45◦56′38.069′′ 46◦59′21.700′′
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Figure 2. Epamig experimental fields: Três Pontas (CETP), São Sebastião do Paraíso (CESP), Machado
(CEMA), and Patrocínio (CEPC). Source: Esri, Maxar, Earthstar Geographics, and GIS User Community.

2.1. Pest Monitoring

CLM infestation was monitored monthly from January 2019 to December 2022, with
the data collection date recorded. To monitor the CLM, leaves from the 3rd or 4th pair
of two branches on opposite sides, located in the middle third of 50 plants per plot, were
evaluated randomly. Counting was only performed on leaves with intact mines.

In order to simplify the model development, the CLM infestation data were cate-
gorized into two classes: “infested,” which denotes when the infestation record in the
experimental field was greater than or equal to 10%, and “healthy”, which denotes when
the infestation record in the experimental field was less than 10%. The threshold value of
10% was determined based on the work in [2], which indicated that CLM infestation per-
centages exceeding 10% already indicated productivity losses due to pest infestation. This
simplification aimed to make subsequent analyses more objective by transforming the CLM
monitoring proposal in the model into a binary classification through the identification of
infested areas (≥10% infestation) or healthy areas (<10% infestation).

2.2. Spectral Data Acquisition

The selection of multispectral images from the Sentinel-2 Satellite was carried out
monthly from January 2019 to December 2022, corresponding to the dates of the CLM
measurements. A maximum interval of 12 days between the evaluation date and the
satellite image date was adopted to ensure cloud-free conditions in the area. The acquisition
of satellite images for each experimental field, on the date closest to the field infestation
record, was carried out by observing the dates of available cloud-free images. Months
in which it was not possible to select a satellite image within a 12-day interval after field
data collection were excluded from the study. A total of 143 images from the study areas
were selected for analysis. From the selected images, 13 vegetation indices were generated
(Table 2). The Google Earth Engine platform was used for image selection, and vegetation
index calculations were performed through the JavaScript programming language. The
vegetation indices were calculated from the mean reflectance in each experimental plot.
The delimited areas of the experimental fields were sufficient to meet the proposed analyses
in the study. The vegetation indices were calculated from the mean reflectance in each
experimental plot, as well as the mean infestation of the plot.
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Table 2. Vegetation indices applicable in agricultural areas.

Vegetation Index Equation Remarks Reference

Normalized difference
vegetation index (NDVI)

NIR−RED
NIR+RED

It measures the greenness and the density
of the vegetation [16]

Enhanced vegetation index (EVI) 2.5 ∗ NIR−RED
NIR+6∗RED−7.5∗BLUE+1

It measures the greenness and accounts for
atmospheric influences and the vegetation
background signal, and it is sensitive in areas
with dense vegetation

[17]

Simple ratio (SR) NIR
RED It is sensitive to the vegetation presence [18]

Green normalized difference
vegetation index (GNDVI)

NIR−GREEN
NIR+GREEN

It is sensitive to the detected
chlorophyll concentration [19]

Infrared percentage
vegetation index (IPVI)

NIR
NIR+RED

It can be used as an indicator of the
photosynthetic activity of the canopy cover
and the total chlorophyll content in the leaves

[20]

Modified chlorophyll absorption
ratio index (MCARI) (RE1 − RED)− (0.2 ∗ (RE1 − GREEN)) ∗ RE1

RED

It is used to measure chlorophyll
concentrations, including variations in the
leaf area index

[21]

MERIS terrestrial chlorophyll
index (MTCI)

NIR−RE1
RE1−RED

It is sensitive to high values of
chlorophyll content [22]

Red edge inflection point (REIP) 700 + 35 ∗
NIR+RED

2 −RE1
RE2−RE1

It can be used as an indicator of
vegetation stress [23]

Plant senescence reflectance
index (PSRI1)

RED−GREEN
RE1

It has been proposed to determine the stage
of leaf senescence and fruit ripening [24]

Soil-adjusted vegetation
index (SAVI)

(1+L) ∗ (NIR−RED)
(NIR+RED+L)

It is a vegetation index that minimizes the
effect of the soil’s brightness [25]

Coffee-leaf-miner index (CLMI) (842−490)∗(RED−BLUE)−(665−490)∗(NIR−BLUE)
2

It was developed to detect coffee leaf miner
infestation [7]

Normalized difference moisture
index (NDMI)

NIR−SWIR
NIR+SWIR It is an indicator of water stress in crops [26]

Normalized difference water
index (NDWI)

GREEN−NIR
GREEN+NIR

It is an indicator that measures the
moisture content [27]

Near Infrared (NIR); Red-edge 1 (Re1); Red-edge 2 (Re2); Shortwave Infrared (SWIR).

2.3. Model Development

The model development stage of machine learning involved developing and selecting
variables and optimizing hyperparameters.

2.3.1. Machine Learning (ML)

After assembling the database comprising infestation data, 13 vegetation indices,
the month in which the infestation was measured in the field, and the number of days
between the date the data were measured and the date of satellite image generation, various
machine learning algorithms were employed. The following algorithms were included:
Random Forest (RF), Support Vector Machine (SVM), k-nearest neighbors (KNN), Logistic
Regression (LR), and RF with Linear Discriminant Analysis (LDA). These algorithms were
also evaluated using a principal component analysis (PCA) to reduce the variable set to
just two dimensions. In the end, nine machine learning algorithms were used (RF, RF-PCA,
SVM, SVM-PCA, KNN, KNN-PCA, LR, LR-PCA, and RF-LDA). The implementation was
carried out in the Python language (version 3.9) utilizing libraries such as Numpy [28],
Pandas [29], and SciKit learn [30].

2.3.2. Variable Selection and Hyperparameter Optimization

Variable selection and hyperparameter optimization were conducted for each ML
model after the database was split into training data (data from January 2019 to December
2021) and testing data (data from January 2022 to December 2022), as illustrated in Figure 1.
The training data accounted for 76%, while the testing data accounted for 24% of the
total. During the training stage, variable selection for use in the model was performed,
and the most parsimonious algorithms were used. Accuracy was used as the selection
criterion by employing cross-validation with K folds equal to 5 (Figure 1). Hyperparameter
optimization was carried out using cross-validation with K folds equal to 5 (Table 3). The
definitions of hyperparameters and values were based on the SciKit-learn library [30].
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Table 3. Optimized hyperparameters in machine learning algorithms.

Algorithm Hyperparameter Valor Algorithm Hyperparameter Valor

RF number of trees 91 RF-PCA Number of trees 171
Criterion Gini Criterion gini

Maximum depth 9 Maximum depth 18

SVM C 1 SVM-PCA C 1
Kernel Poly Kernel Rbf
Degree 3 Degree 3
Gamma Auto Gamma scale

LR Tol 6 LR-PCA Tol 3
C 4 C 3

Max iter 172 Max iter 163
Intercept scaling 8 Intercept scaling 5

KNN N neighbors 29 KNN-PCA N neighbors 8
Leaf size 10 Leaf size 37

RF-LDA Number of trees 79
Criterion Gini

Maximum depth 14

2.4. Model Performance Evaluation

The performance of the CLM monitoring models was evaluated based on the main
performance metrics used in machine learning algorithms, including confusion matrix,
overall accuracy, precision, specificity, recall, and F1, according to Equations (1)–(5):

Accuracy = (TN + TP)/(TN + FP + FN + TP) (1)

Specificity = TN/(TN + FP) (2)

F1 = 2 (precision × recall)/(precision + recall) (3)

Precision = TP/(TP + FP) (4)

Recall = TP/(TP + FN) (5)

where True Negative (TN) represents data that were predicted and observed as healthy;
True Positive (TP) represents data that were predicted and observed as infested; False
Negative (FN) represents data that were predicted as healthy but observed in the field
as infested; and False Positive (FP) represents data that were predicted as infested but
observed in the field as healthy.

3. Results
3.1. Monitoring of Coffee Leaf Miner Infestation and Image Selection

A descriptive analysis of CLM infestation monitoring in the experimental plots in Três
Pontas, São Sebastião do Paraíso, Machado, and Patrocínio from 2019 to 2022 is presented
in Table 4.

Table 4. An annual descriptive analysis of coffee leaf miner infestation in the experimental plots in
Três Pontas, São Sebastião do Paraíso, Machado, and Patrocínio.

Year Minimum Q1 Median Mean Q3 Maximum Se

%

2019 0.000 0.500 1.500 4.417 4.750 30.00 1.33
2020 0.000 1.25 8.00 13.25 20.00 76.00 2.59
2021 0.000 0.500 3.00 7.829 9.00 46.00 1.74
2022 0.000 1.00 4.50 10.75 17.50 41.50 2.23

Q1: Quartile 1; Q3: Quartile 3; Se: mean standard error.
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The year with the highest CLM infestation was 2020, reaching a maximum value of
76%, while 2019 had the lowest infestation with a maximum of 30% of CLM. The years
2021 and 2022 reached maximum infestation levels of 46% and 41.5%, respectively. The
annual average between 2019 and 2022 ranged from 4.41% to 10.75%. The pattern of CLM
infestation data was similar in 2021 and 2022, showing similar quantities of points that
were considered infested. However, in 2019, there were significantly fewer points with
infestation compared to the other years (Table 4).

A Descriptive analysis using measures such as minimum, maximum, quartiles, and
the mean standard error provided a comprehensive overview of the distribution of CLM
infestation data in the areas over the evaluated period. The minimum and maximum values
provided information about the variability of CLM occurrence in the areas. A minimum of
0% was observed in all analyzed years, indicating areas without infestation. However, the
maximum values ranged from 30% to 76% during the analyzed period, with the highest
being in 2020 at 76%, reflecting significant infestation in at least one of the areas.

The quartiles helped us to understand the distribution of infestation, where Q1 and Q3
evidenced the dispersion of infestation in the areas. In 2020, Q1 was 1.25%, suggesting that
25% of the dataset had low infestation, while Q3 was 20%, indicating that 75% of the dataset
had infestation below 20%. In the other years, the maximum values were lower, indicating
relative stability. For the mean and median, which are measures of central tendency, it was
observed that the mean varied from 4.41% in 2019 to 10.75% in 2022, suggesting a trend
of increasing infestation over the years. The median, which is less sensitive to extreme
values, remained relatively stable. The mean error reflected the dispersion of data around
the mean, showing that moderate values indicate consistency in results over the years.

Following the infestation monitoring, satellite images were selected for vegetation
index calculations and subsequently used for identifying infested and non-infested areas
(Table 5).

Table 5. A summary of the classification performed on the satellite image database for Três Pontas,
São Sebastião, Machado, and Patrocínio.

Infestation 2019 2020 2021 2022 Total

Yes 3 17 10 11 41
No 27 21 31 23 102

Total 30 38 41 34 143

Based on Table 5, it is possible to observe that the year 2021 had the highest number of
available images, with 41 records, followed by 2020 and 2022, presenting about 1/3 of the
total data framed in the infested class, also known as “Positive”. At the end of the period, a
database was generated with data on vegetation indices, CLM monitoring, and sampling
dates totaling 2304 entries.

3.2. Machine Learning

For the selection of the number of variables in the machine learning algorithms, greater
precision and a smaller number of variables were taken into account. For RF and SVM,
eight variables were selected for each algorithm. For LR, only one variable was selected
(Figure 3A). The most important variables, selected in at least two algorithms, were CLMI,
EVI, SAVI, SR, NDVI, and PSRI1 (Figure 3B).

The most important variable for the Logistic Regression model was the CLMI in-
dex (100%). For the Random Forest model, three indices stood out, namely the NDVI
(18.1%), EVI (16.4%), and NDMI (15.2%), representing approximately 50% of the model’s
importance. For the Support Vector Machine model, two indices had values exceeding
20%: PSRI1 (33.3%) and EVI (24.2%). For this model, the attributes with the least impor-
tance in classification were month (1.52%), SR (4.55%), IPVI (7.58%), NDVI (7.58%), and
SAVI (7.58%).
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Figure 3. Selection of most important variables for estimating coffee leaf miner infestation in coffee
plantations. (A) Determination of number of variables. Lines represent average of 5-fold cross-
validation. (B) Variable importance in percentage, with recursive feature elimination. Dashes indicate
variables not selected in each model.

Variable selection is important because it reduces the number of input variables,
returning the most individually influential variables in a ranking. This simplifies the model,
resulting in a shorter computational processing time.

Algorithm Performance

The SVM, LR, and RF algorithms were efficient in discriminating healthy plants with
up to 95.83% accuracy. However, these algorithms underestimated CLM infestation in
coffee plantations, achieving a maximum accuracy of 63.64% (Figure 4). When a PCA
was used with the algorithms, there was improved performance in discriminating coffee
plantations with CLM infestation, with accuracy rates ranging from 70% (SVM-PCA) to
90% (KNN-PCA) (Figure 4).

The models based on PCA exhibited a higher number of correct identifications of areas
with CLM infestation (True Positives), although they also displayed a higher number of
False Positive (FP) errors, where areas were predicted to be infested but observed in the
field as healthy, reaching 62.5% for the KNN-PCA model. On the other hand, models that
did not utilize PCA were more proficient at identifying True Negative (TN) areas, where
the class was predicted and observed as healthy, reaching a 95.83% accuracy for the SVM,
LR, and RF models. However, these models also showed a higher False Negative (FN) error
rate, where areas were predicted to be healthy but observed in the field as infested.
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Figure 4. The confusion matrices of machine learning algorithms to predict coffee leaf miner infesta-
tion (CLM—coffee plants with leaf miner infestation; healthy—plants without leaf miner infestation).
The applied algorithms were Random Forest (RF), k-nearest neighbors (KNN), Support Vector Ma-
chine (SVM), Logistic Regression (LR), and PCA. The confusion matrices indicate the numbers of
correct and incorrect predictions for each class as percentages.

The accuracy ranged from 0.54 to 0.86. The model that performed best was Random
Forest with an accuracy of 0.86, a kappa index of 0.64, and a precision of 0.87 (Figure 5).
The model with the lowest performance was the KNN with PCA, with an accuracy of 0.54,
a kappa index of 0.21, and a precision of 0.4.

The models that utilized PCA tended to have lower values in performance metrics
when compared to their respective models without PCA. Among the models that used
PCA, the Random Forest and Logistic Regression algorithms were the ones that exhibited
the best performances.
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Figure 5. Validation of performance metrics (precision, kappa, AUC, recall, and F1 score) of machine
learning algorithms: Random Forest (RF), Logistic Regression (LR), k-nearest neighbors (KNN), and
Support Vector Machine (SVM). These algorithms were tested to predict coffee leaf miner infestation
based on vegetation indices generated by satellite images.

With the data containing all variables, a PCA was performed, and the first two princi-
pal components explained 80.2% of the total variance in the data. The distinct separation
between infested and non-infested coffee plantations became evident in the PCA scores
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(Figure 6). However, the algorithms did not define the decision boundaries well between
the classes, especially the KNN algorithm (Figure 6).

Figure 6. Decision boundaries of machine learning algorithms using principal component analysis
(PCA). PCA was applied to vegetation index data, month, and days between assessment and satellite
image, with principal components (PC1 and PC2) explaining 69.5% and 10.7% of total data variation,
respectively. Applied algorithms were Random Forest (RF), k-nearest neighbors (KNN), Support
Vector Machine (SVM), and Logistic Regression. Numbers 1 and 2 indicate coffee with coffee leaf
miner infestation (red) and coffee without coffee leaf miner infestation (green), respectively.

The algorithms that presented a better decision limit between classes were the SVM
and LR algorithms. It can be seen that it is possible to separate infested areas from non-
infested areas, although the models need to be adjusted.

4. Discussion
4.1. Monitoring the Coffee Leaf Miner Infestation and Image Selection

The infestation range varied from a minimum of 0% to maximum values ranging
from 30% to 76% during the analyzed period, with the highest occurring in 2020 at 76%.
The periods with the highest pest populations are during dry seasons [1]. In large coffee
plantations in regions with hot and dry climates, it is advisable to initiate control measures
when 20% or even 10% of leaves are infested [2].

For the mean and median, which are measures of central tendency, it was observed
that the mean varied from 4.41% in 2019 to 10.75% in 2022, suggesting a trend of increasing
infestation over the years. The median, which is less sensitive to extreme values [31],
remained relatively stable.

The temporal variation in the CLM infestation levels highlights the complexity of fac-
tors influencing the prevalence of this pest [1]. The year 2020 stood out as critical as it had
the highest infestation, indicating possible environmental and/or agronomic conditions
favoring this increase. On the other hand, the year 2019 revealed the lowest infestation,
demonstrating considerable annual variability in infestation conditions during the study
period. Understanding these variations is crucial for implementing more targeted manage-
ment practices and, consequently, more effective ones. The year 2020 can be considered a
warning point for the need for specific interventions, while subsequent years indicate the
importance of continued monitoring of and adaptations to agricultural practices.
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Regarding the selection of satellite images for calculating the vegetation indices for
the study period, the year 2021 stood out with the highest number of images (41). This
number was higher than those in 2019 and 2022, demonstrating a more extensive temporal
coverage for this period. The years 2020 and 2022 had relatively smaller numbers of
images, indicating that during this period, there was less coverage compared to 2021.
The availability of variables from images over the years directly influences the analysis
of CLM infestation conditions, as a broader range of images can affect the accuracy and
representativeness of models, considering that more extensive coverage over time tends to
provide a more complete view of infestation fluctuations.

Table 3 shows that even with the variation in the number of images, there was a
considerable number of periods when the areas were classified as being infested in all years.
In this context, the developed models not only took into account the quantity of images
but also the temporal representativeness to ensure that the results were the most robust,
generalizable, and reliable in identifying infested and non-infested areas.

4.2. Machine Learning

The careful selection of the number of variables in ML algorithms plays a crucial
role in the effectiveness and interpretability of the models. The adopted approach aimed
to maximize the model’s accuracy with the fewest possible variables. When analyzing
Figure 3, interesting results are observed regarding the number and importance of selected
variables. Regarding the choice of the number of variables, the RF and SVM algorithms
were more parsimonious with the selection of eight variables each, demonstrating to be
more efficient and less susceptible to overfitting. However, LR stood out by selecting only
one variable, indicating an even more simplified approach, possibly based on the choice of
the most informative variable.

When using a large number of variables, the algorithm may lose its learning gener-
alization (overfitting) [32]. ML models can be simplified by selecting a limited number
of variables and not only contribute to interpretability, but also to the reduction in the
computational processing time. The processing time is a relevant factor in the agricultural
context, considering that operational efficiency is crucial in intervention management.

Among the 15 considered variables, it can be highlighted that 6 variables (CLMI,
EVI, SAVI, SR, NDVI, and PSRI1) were the most relevant for classifications. Each of these
variables plays a specific role in characterizing coffee leaf miner infestation conditions. The
CLMI was created to be a more sensitive index to identify coffee leaf miner infestation [7]
and was the only index selected by the LR model. The CLMI possibly relates to the
mean chlorophyll in the maximum entropy index, thus indicating that variations in the
chlorophyll concentration are affected by the presence of CLM. Other indices, such as
the NDVI, which is widely used to monitor agricultural crops as a standard indicator of
vegetation health; the SAVI, which seeks to reduce soil influence; as well as EVI, which aims
to optimize the vegetation signal [33], were other indices selected in at least two algorithms.
All of these indices present NIR and RED bands in their compositions.

The ranking of variable importance (Figure 3B) highlights that certain variables, such
as CLMI, EVI, and NDVI, are the most considered in the algorithms, and these vegetation
indices play key roles in the classification process of areas that are infested or not infested
by CLM.

Algorithm Performance

ML algorithms using a principal component analysis (PCA) achieved 90.91% True
Positives, indicating that they were more sensitive to identifying plants infested with CLM;
however, they showed a lower precision, meaning they had the highest number of errors in
False Positive cases, where the model indicated the area as infested, but in reality, the area
was not infested. These cases are less concerning, as classifying an area without infestation
as infested can serve as an alert to the producer.
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Recall was higher when ML and a PCA were used, indicating that among all observed
infestation cases, the average prediction of these models was correct in 82%.

On the other hand, ML algorithms without PCA achieved the majority, namely 95.83%
True Negatives, indicating that they were more sensitive to identifying plants without CLM
infestation and showed higher precision. However, they presented lower recall, indicating
that they made more errors in identifying plants infested with CLM; in other words, the
model predicted the area as a non-infested area, but in reality, infestation was occurring
in the area. This error would be more problematic, as it may deter the rural producer
from going to the field to assess the area when, in reality, infestation with CLM is already
occurring. These results indicate that ML-based approaches can detect patterns to identify
CLM-infested plants that were not found in other analyses.

The Kappa value ranged from 0.21 to 0.64. Values of Kappa between 0.4 and 0.6 are
considered good [34]. Cohen suggested interpreting the Kappa result as follows: 0.21–0.40
as fair, 0.41–0.60 as moderate, 0.61–0.80 as substantial, and 0.81–1.00 as almost perfect
agreement [35]. Accuracy (0.86) was higher in the RF algorithm, indicating that among
all predictions the model made, considering areas with and without CLM infestation, the
model was correct 86% of the time. The precision (0.88), Kappa index (0.64), and AUC
(0.8) were also the highest for the RF model. Among the ML algorithms used to identify
CLM infestation, RF was the algorithm that presented the best results among most of the
metrics used.

5. Conclusions

The development of models, such as the one in this work, contributes substantially
to the advancement of knowledge on the control and monitoring of pests and diseases of
large crops around the world. The developed models were able to monitor CLM infestation
in coffee areas, serving as a warning of CLM infestation on a regional scale. The model
that showed the best results was RF. However, there are limitations to the use of these
models, such as different crop management practices, soil variations, and the effects of
other diseases and pest species, among other factors. This makes the detection of CLM
through remote sensing complex. Therefore, further studies on the remote monitoring of
CLM infestation in coffee plants that consider the inclusion of more variables and that take
into account environmental factors should be carried out to improve the monitoring of
CLM infestation.
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