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Abstract—Entomologists and experts on the mitigation and
control of agricultural pests need to evaluate the resistance of
different species and accessions within the same plant species,
which is usually carried out manually with visual inspection.
This paper presents an automatic approach for carmine cochineal
identification and counting based on machine learning algo-
rithms. A dataset is created from actual experiments and through
a pipeline for feature engineering, getting both morphological
and color features. The models Gradient Boosting, XGBoost,
Stochastic Gradient Descent (SGD), Multilayer Perceptron Neu-
ral Network (MLP) and Logistic Regression are evaluated in
a binary classification task. XGBoost and Gradient Boosting
outperform the other models, with an accuracy of 93% on the
test set, with a good generalization property and without the
need of deep learning or more complex models. Moreover, the
solution can be embedded into a software to aid experts on these
agronomic comparisons for proper pest management.

Index Terms—supervised learning, image processing, agricul-
tural pests, emsemble models, artificial intelligence, entomology

I. INTRODUCTION

The multispecies plant genus Opuntia plays a significant
nutritional role not only in Brazil but also in many countries
in the Near East and North Africa (NENA) region (18 member
countries of the Food and Agriculture Organization of the
United Nations (FAO)) and other arid regions throughout the
world [1]. However there is a major concern on its vulnera-
bility to pest attacks on the field, such as those from carmine
cochineal (Dactylopius Opuntiae). Its bright red carmine dye
has economic importance for agroindustry [2], however, for
most producers, this pest is a significant threat to their pro-
duction if the infestation is not properly treated and controlled.
Outbreaks can decimate orchards, completely destroying them
in a matter of months, devastating the livelihoods that depend
on them [1]. In Brazil, it has decimated extensive areas of the

Northeast [3]. The pest is a red scale insect and its presence is
most noticeable on the plant when the nymphs secrete a white
wax over their bodies (Figure 1b), turning the cactus white in
color. Figure 1 presents the four growing states [4].

Fig. 1. (A) colony of fixed nymphs in 1st instar. (B) adult male on 2nd
instar nymph. (C) colonies of adult females with male cocoons. (D) carmine
from adult females. Source: [4], Marcone César Mendonça das Chagas
(EMPARN/Embrapa Algodão)

Entomologists dedicated to their study and characterization
have been conducting research to select the most resistive as-
sertions of forage palm plants (Opuntia) to carmine cochineal
[3], [5]. However, these experiments in greenhouses or even
in the laboratory environment often rely on visual inspections
to obtain an approximate insect count. The higher the count,
the higher the suitability of that plant accession to the insect
presence, and, therefore, that particular plant accession may
be disregarded as a resistive option for the growers. An
example of such an evaluation can be seen in Figure 2
where the infected susceptible sample lies in the center of the
greenhouse, with surrounding samples of each accession. In
Figure 3 it is shown another setup of an experiment conducted
in a laboratory.

Periodically, an expert inspects each sample and quantifies
the presence of the insects on the plant surface. This presence
is associated to the identification of a white wax with a tuft-
like aspect (Figure 4) where the cochineal lies under it. This
method is often time-consuming, rely heavily on subjective



Fig. 2. A setup within a greenhouse for evaluating palm plant (Opuntia)
resistance to carmine cochineal. At the middle the susceptible sample is
highlighted. Source: Marcone César Mendonça das Chagas (Empresa de
Pesquisa Agropecuária do RN - EMPARN/Embrapa Algodão)

Fig. 3. Another setup within a laboratory facility for evaluating palm plant
(Opuntia) resistance to carmine cochineal. At the middle the susceptible
(infected) sample is highlighted. Source: Marcone César Mendonça das
Chagas (EMPARN/Embrapa Algodão)

assessments and it is prone to inaccuracies. Considering the
morphological aspects and color-based features of the carmine
cochineal, a pest identification task can improve this visual
counting process, thus separating the white wax from the
thorns and other non-insect elements.

Fig. 4. An Opuntia sample with carmine cochineal (white points) throughout
its surface. The blue background was added at the image collection phase in
order to improve the image segmentation. Source: Marcone César Mendonça
das Chagas (EMPARN/Embrapa Algodão)

In agriculture, several applications of machine learning
algorithms for pest identification and classification are being
investigated and actually used [6], [7], [8], [9], [10], [11], [12],
leading to image-based identification frameworks using Con-
volutional Neural Networks (CNN) [13] or ensemble of deep
learning models [14], mostly applied when a variety of pests is
expected [16]. Some researches state the transformation that
AI is bringing tho this field [17]. Indeed, accuracies higher
than 90% are usual and these results underscore the trans-
formative potential of deep learning for early detection and
agricultural diagnostics [15], although there is no widespread
availability of imageset for agricultural pests. Known sources
as Agricultural Pest dataset [19] does not include species of
cochineal and AgriPest [20] is domain-specific. More recently,
[21] and [22] shared their dataset with images of healthy and
damaged cacti under open field conditions. Usually, researches
need to collect images and build a new dataset or fine-
tune transfer learning models with new data, where usually
some method of data augmentation is necessary. There is an
increasing research interest on this topic [18].

On the other hand, machine learning classification algo-
rithms classified as non-deep maintain their foundational in-
terest and applications, not only when intended to be executed
on low performance devices (tinyML) [24], but also provid-
ing higher interpretability and accuracy to outputs. In [23]
twelve baseline models were trained for two common pests
in rice, evaluated using F1 scores and AUC values due to the
imbalanced nature of the dataset, and then reduced to four
models for hyperparameter tuning, Random Forest, Balanced
Random Forest, XGBoost and CatBoost, which outperformed



the others. Again, accuracies compatible with deep learning
techniques were achieved.

In this work, it is presented the evaluation of six classifica-
tion models (Stochastic Gradient Descent, Gradient Boosting,
XGBoost, Random Forest, Logistic Regression and Multilayer
Perceptron) for identification of carmine cochineal white wax
on palm samples. This choice is based on the diverse nature of
each algorithm and wide application in similar problems. As
far as author’s knowledge there is no previous related works
for carmine cochineal, although a deep learning approach had
been applied to scale cochineal (Diaspis echinocact), another
pest [25].

This work is organized as follows: section II presents the
feature engineering steps to get characteristics from the images
and build the dataset for training the classification models. Sec-
tion III presents the results and discussion of the application
of all six models, highlighting their comparisons regarding
the main metrics used for classification tasks. Section IV
concludes with the main findings and intended work for the
near future.

II. FEATURE ENGINEERING

This section describes the data gathering, with a digital
image processing pipeline to get metrics from each image pixel
corresponding to target contours. These metrics from color
and morphological aspects feed a dataset which is manually
labeled as cochineal (1) and non cochineal (0).

A. Feature Engineering: image pre-processing

A total of 109 raw images representing different palm
samples (labeled accessions) were acquired by the researcher
Marcone César Mendonça das Chagas (EMPARN/Embrapa
Algodão) from october to december 2023 during the exper-
iment (Figures 2 and 3) using an iPhone 12 camera with
1512×2016 pixels resolution. Some of these images represent
the same sample in different periods, since the objective is to
understand the resistance to the target pest. Four acquisition
sessions at oct,29th, nov,7th, nov,12th and dec,26th comprised
the growing period from the egg to the second instar [4].
First, the images were captured under natural lighting, with a
uniform blue background, the palm centered, and the presence
of an identifying label. Subsequently, tests were conducted
with different artificial light sources to improve the results.
The first variation tested was yellow artificial lighting, which
resulted in significantly lower performance, as the algorithm
relies on information from the white spectral range to identify
the pest, and the yellow hue compromised this distinction.
Next, white artificial lighting was used, which yielded the best
results, as it more clearly highlighted the whitish elements
while maintaining the visual fidelity necessary for automatic
recognition. Although the image database is still small, its
variability naturally increases due to the characteristics of the
host plant. During the growing cycle, the plant shoots may
present morphological changes, such as curvature, wilting,
or senescence, which contributes to greater diversity in the
dataset. It is also worth noting that these insects do not

follow a standard morphological development pattern, which
in itself introduces significant variations.These input images
were submitted to the OpenCV pipeline in Figure 5 and the
output contours can be seen with a colored border in Figure 6.
Besides OpenCV library, the software was developed using the
Google Colab platform with the Python language 3.12.7 with
NumPy, Matplotlib and common machine learning libraries
Pandas, Scikit-learn, Imbalanced-learn and XGBoost.

Fig. 5. Stages of the OpenCV digital image processing for feature engineering

Fig. 6. (left) Image of an Opuntia sample (label K) with carmine cochineal
under the white waxes and yellowish spines throughout its surface. (right) The
pipeline output with detected contours. Source: Marcone César Mendonça das
Chagas (EMPARN/Embrapa Algodão)

As a first result, the aggregation of these contours gives the
approximate infestation area relative to the total surface area.
For each of the 109 processed images, all detected contours
were automatically cropped and thus it was generated 8149
images for getting contour information.

Besides measures of aspect ratio: ratio between the width
and height of the bounding rectangle of each object, extent:
ratio between the contour area and the bounding rectangle
area, solidity: ratio between the contour area and the convex
hull area and equivalent diameter: equivalent diameter of a
circle with the same area, the last step in Figure 6 - extract
contour information - retrieves for each contour the following
color and morphological features (Table I):



TABLE I
DESCRIPTION OF FEATURES RETRIEVED FROM CONTOURS FOR

COCHINEAL DETECTION

Feature Description
area Area of each object
perimeter Perimeter of each object
centroids x X-coordinate of the centroid of each object
centroids y Y-coordinate of the centroid of each object
r mean Mean value of the red (R) channel
r min Minimum value of the red (R) channel
r max Maximum value of the red (R) channel
r std Standard deviation of the red (R) channel
g mean Mean value of the green (G) channel
g min Minimum value of the green (G) channel
g max Maximum value of the green (G) channel
g std Standard deviation of the green (G) channel
b mean Mean value of the blue (B) channel
b min Minimum value of the blue (B) channel
b max Maximum value of the blue (B) channel
b std Standard deviation of the blue (B) channel
width Width of the bounding rectangle
height Height of the bounding rectangle
angle Angle of the bounding rectangle
radius Radius of the enclosing circle

These features compose a dataset with 8149 rows. Each row
is manually labeled as cochineal or non cochineal, therefore
constructing a dataset for a binary classification task. After
dropping rows with area = 0, the unbalanced dataset has
class0 : 649 samples and class1 : 7235 samples, which means
that 91% represent contours with the presence of cochineal.
Here it is used the Synthetic Minority Oversampling Technique
(SMOTE) for increasing the minority class and get a balanced
scenario for the training phase, an usual solution for pest
management systems [26]. With SMOTE the replacement of
minority class instances is avoided in favor of the generation of
synthetic examples. The described method randomly selects a
nearest neighbor of a minority instance and linearly generates
synthetic examples based on the original instance and a nearest
neighbor.

III. RESULTS AND DISCUSSION

Each of the six prospective models were subject to the
pipeline in Figure 7, using its default hyperparameters. The
dataset was divided into 70% for training set and 30% for the
testing set. The training portion was used in a cross-validation
process, in which, at each iteration, four folds were used for
training and one fold for validation. It is noteworthy that the
SMOTE is applied only to the train set and the validation
set seen by the 10−fold cross validation keeps its original
distribution. When this methodology is neglected, the quality
metrics may be biased. After, using only the training dataset,
the best hyperparameters for each model were found with grid
search. Finally, the models fitted with their best parameters
were evaluated using the test dataset, which remained sepa-
rate throughout the process. The ROC Curve and AUC are
presented in Figure 8. The usual metrics accuracy (ACC),
precision (P), recall (R), Matthews Correlation coefficient
(MCC), F1 and Area Under Curve (AUC) are reported in Table
II.

Fig. 7. Pipeline for the selection of potential classification models for tuning
and improvement

Fig. 8. ROC curves for six classification models

From Table II, four models were selected for fine tuning
with grid search, based on accuracy, MCC, F1, AUC and
the better balance between precision and recall. Indeed, these
metrics are better balanced for the XGBoost classifier, with a
difference only in the third decimal place.

Running the grid search stage in Figure 7 for the classifiers
Gradient Boosting, Random Forest, MLP and XGBoost and
the accuracy as the score to be maximized, Table III presents
the best parameters found and the improved ACC for all
models (compare column ACC in Table II and Table III)

There is an expected similarity between XGBoost and
Gradient Boosting. It is then necessary to evaluate each model
on the test set without SMOTE, since it represents data not
seen during training and validating phases and thus gives an
intuition on the model capacity for generalization under a
production software environment. These results are presented
in Table IV. The difference between test ACC and average val-
idation ACC confirms Gradient Boosting (GB) and XGBoost
(XGB) as the best choices for this particular problem. How
these models handle false positives and false negatives can be
inferred from Table VI to Table VIII. Particularly for GB and



TABLE II
MODEL PERFORMANCE METRICS (MEAN VALUES)

Model ACC P R MCC F1 AUC
SGDClassifier 0.84 0.98 0.80 0.44 0.89 0.88
Gradient Boosting 0.90 0.97 0.91 0.55 0.94 0.93
Random Forest 0.91 0.97 0.94 0.54 0.95 0.92
Logistic Regression 0.85 0.98 0.86 0.46 0.91 0.89
MLP 0.87 0.98 0.88 0.53 0.92 0.93
XGBoost 0.93 0.962 0.964 0.56 0.96 0.93

TABLE III
BEST HYPERPARAMETERS AND ACCURACY (ACC) FOR EACH SELECTED

MODEL

Model Best Parameters ACC
Random Forest {max depth: None, max features: ’sqrt’,

min samples leaf: 1, min samples split: 2,
n estimators: 300}

0.95

MLP {activation: ’relu’, alpha: 0.0001,
hidden layer sizes: (100, 50),
learning rate init: 0.01, solver: ’adam’}

0.93

Gradient Boosting {learning rate: 0.1, max depth: 5,
min samples leaf: 2, min samples split: 5,
n estimators: 200, subsample: 0.8}

0.96

XGBoost {colsample bytree: 1, gamma: 0, learn-
ing rate: 0.1, max depth: 7, n estimators:
200, subsample: 0.8}

0.97

XGB, the difference is that XGB classifies less false negatives
and increases the true positives (Table VIII).

TABLE IV
PERFORMANCE METRICS FOR EACH MODEL ON THE TEST SET

Model ACC P (Precision) R (Recall) F1 Score

Random Forest 0.91 0.72 0.79 0.91
MLP 0.89 0.68 0.82 0.72
Gradient Boosting 0.93 0.76 0.78 0.77
XGBoost 0.93 0.77 0.78 0.78

TABLE V
CONFUSION MATRIX - RANDOM FOREST

Predict

True Negative Positive

Negative 120 67

Positive 136 2046

IV. CONCLUSIONS AND FUTURE WORKS
This work presented the problem of classifying the presence

of carmine cochineal on forage palm (Opuntia sp.), in order to
evaluate the spread of this agricultural pest in different acces-
sions. After the construction of the dataset from actual images
collected during experiments, it was evaluated six machine
learning classification models, based on gradient with and
without boosting techniques, a simple multilayer perceptron
neural network and a tree ensemble model. The XGBoost

TABLE VI
CONFUSION MATRIX - MULTI LAYER PERCEPTRON (MLP)

Predict

True Negative Positive

Negative 140 47

Positive 225 1954

TABLE VII
CONFUSION MATRIX - GRADIENT BOOSTING

Predict

True Negative Positive

Negative 111 76

Positive 86 2093

TABLE VIII
CONFUSION MATRIX - XGBOOST

Predict

True Negative Positive

Negative 111 76

Positive 79 2100

and Gradient Boosting presented similar performance with
good generalization properties when applied to the test set.
The XGBoost is an optimized (and faster) version o Gradient
Boosting, with parallel processing, tree-pruning and built-
in regularization to avoid overfitting. The final accuracy on
the train set (97%) and on the test set (93%) exceed the
known percentage of 91% of the samples with cochineal at the
original dataset, therefore aggregating value and confidence of
using this model. Besides it provided the best balance between
precision and recall. For this particular problem of identifying
and counting a single pest species, there is no need of deep
learning algorithms.

As future works this model will be embedded in a mobile
application for fast classification and counting of the carmine
cochineal during the experiments, since the images are directly
collected from the smartphone of the expert. Another work is
to consider not only static images but also video capture with
prompt output to the user.
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