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Abstract— Pests in agriculture lower crop yields and jeopardize the world’s food security. Thus, quick and
precise pest identification is crucial for successful pest management. Convolutional Neural Networks (CNN)
and other deep learning techniques have made it possible to automatically classify pests thanks to
developments in digital image processing and artificial intelligence (Al). Using three optimization algorithms,
Adam, RMSprop, and SGD, this study assesses three transfer learning architectures, ResNet50V2, Xception, and
EfficientNetB0. This study’s primary contribution is a comparative analysis of CNN architectures and
optimization techniques to determine the best configuration for classifying agricultural pests. The dataset,
which includes 5494 pest photos from 12 classes, was acquired via Kaggle. A ratio of 80%, 10%, and 10% was
used to separate the data into training, validation, and testing sets. The performance of feature extraction and
classification was enhanced by applying transfer learning with fine-tuning. According to findings, Xception
with Adam and RMSprop has the highest accuracy of 94%. Adam and EfficientNetB0 both achieved competitive
results with the same precision. These results suggest that the performance of agricultural pest classification
models is influenced by both optimizer and architecture choices.

Keywords: Agricultural Pests, Classification, CNN, Deep Learning, Optimization.

Intisari— Hama dalam pertanian menurunkan hasil panen dan mengancam ketahanan pangan dunia. Oleh
karena itu, identifikasi hama yang cepat dan akurat sangat penting untuk keberhasilan pengendalian hama.
Jaringan Saraf Konvolusional (CNN) dan teknik pembelajaran mendalam lainnya telah memungkinkan
klasifikasi hama secara otomatis berkat kemajuan dalam pemrosesan gambar digital dan kecerdasan buatan
(Al). Dengan menggunakan tiga algoritma optimasi, yaitu Adam, RMSprop, dan SGD, penelitian ini
mengevaluasi tiga arsitektur pembelajaran transfer, yaitu ResNet50V2, Xception, dan EfficientNetB0.
Kontribusi utama penelitian ini adalah analisis komparatif terhadap arsitektur CNN dan teknik optimasi
untuk menentukan konfigurasi terbaik dalam mengklasifikasikan hama pertanian. Dataset yang terdiri dari
5.494 foto hama dari 12 kelas diperoleh melalui Kaggle. Perbandingan 80%, 10%, dan 10% digunakan untuk
membagi data menjadi set pelatihan, validasi, dan pengujian. Kinerja ekstraksi fitur dan klasifikasi
ditingkatkan dengan menerapkan transfer learning disertai fine-tuning. Berdasarkan temuan, Xception
dengan Adam dan RMSprop memiliki akurasi tertinggi sebesar 94%. Adam dan EfficientNetB0O sama-sama
mencapai hasil yang kompetitif dengan presisi yang sama. Hasil ini menunjukkan bahwa kinerja model
klasifikasi hama pertanian dipengaruhi oleh pilihan optimizer dan arsitektur.

Kata Kunci: Hama Pertanian, Klasifikasi, CNN, Pembelajaran Mendalam, Optimasi
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INTRODUCTION

Agricultural pests are a major factor
contributing to declining crop yields and pose a
serious threat to global food security [1]. The Food
and Agriculture Organization (FAO) reported in
2022 that insect and plant disease assaults cause
20-40% of the world’s crop production to be lost
each year [2]. In Indonesia, data from the Ministry
of Agriculture in 2024 reported that pest attacks
affected approximately 217,259 hectares of
agriculture land, with 2,612 cases in rice crops
remaining uncontrolled [3]. These conditions
indicate that agricultural pests have a significant
impact not only on local crop production but also on
national and global food security.

Rapid and accurate pest identification plays
an important role in pest management. Early
detection enables farmers to implement
appropriate control strategies more quickly and
effectively, thereby minimizing potential crop
losses [4]. However, conventional techniques for
identifying pests are frequently laborious and
highly dependent on specialized expertise. In order
to facilitate quicker and more accurate pest
detection, technical solutions are thus required.

Automated pest detection systems now have
more options because to recent advancements in
digital image processing and Artificial Intelligence
(AI) [5]. Convolutional Neural Networks (CNN) are
one type of Al approach that automatically learns
hierarchical characteristics from visual input [6]. In
agricultural pest classification, CNN can identify
distinctive morphological and texture patterns in
pest images, making them suitable for
distinguishing different pest classes [7].

Although CNN models have achieved
promising result, they usually require large datasets
and substantial computational resources during
training. Transfer learning provides an efficient
approach by using parameters from models pre-
trained on extensive datasets like ImageNet [8].
This approach can improve feature extraction and
classification performance, especially when the
available agricultural pest dataset is limited.
Previous studies have shown that transfer learning
based CNN models are effective for agricultural pest
identification and can reduce the limitations of
conventional identification methods that are often
subjective and biased [9], [10].

Numerous prior studies have investigated
the application of deep learning models for the
categorization of agricultural pests. For instance,
research conducted by [11] evaluated multiple CNN
architectures using the I[P102 dataset, which
contains 102 classes of insect pests. The study
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compared DenseNet101, MobileNetV2,
InceptionV3, and Xception models, achieving
accuracies of 70%, 66%, 67%, and 69%,

respectively, using the Adam optimizer.

Using the same dataset, [12] divided the pest
classes into 5, 10, and 15 categories and applied
Faster = R-CNN  with  EfficientNetB4 and
EfficientNetB7 architectures using the SGD
optimizer. Their results showed that EfficientNetB4
achieved accuracies of 98%, 95%, and 90%, while
EfficientNetB7 achieved 99%, 96%, and 93%,
respectively.

Other studies have also investigated pest
detection in crops such as corn, jatropha, rice, and
wheat using deep learning models, including
ResNet18, ResNet34, VGG16, and ResNet50. The
AdamW optimizer was used to train these models,
using 0.0001 as the learning rate and 0.00001 as the
weight decay, producing classification accuracies
below 80% [13].

The studies show that the choice of CNN
architecture and the optimization technique
employed during training are two important factors
that affect model performance in pest classification
tasks.

ResNet50V2 has become more well-known
among CNN designs due to its enhanced residual
training process, which addresses the vanishing
gradient issue and facilitates the effective training of
deeper networks [14], [15]. Another widely used
architecture is Xception, which applies depthwise
separable convolution to reduce computational cost
while maintaining strong feature extraction
capability [16], [17]. Additionally, EfficientNetBO
balances input resolution, network depth, and
breadth via compound scaling, which enables the
model to perform well with fewer parameters and
reduced computational cost [18].

In addition to model architecture, the
optimizer plays an important role in determining
training performance. Optimizers update network
parameters based on gradients and loss values,
which affects convergence speed and training
stability [19]. Common optimizers with distinct
features include Root Mean Square Propagation
(RMSprop), Adaptive Moment Estimation (Adam),
and Stochastic Gradient Descent (SGD). RMSprop
modifies the learning rate according to gradient
magnitude, Adam integrates momentum and
adaptive learning rate mechanisms, and SGD is
renowned for its ease of use and steady
convergence [20], [21, ][22].

The combination of transfer learning and an
appropriate optimizer can improve prediction
performance [10]. However, inappropriate learning
rate selection and limited dataset variation may
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increase the risk of overfitting [23]. To address this
issue, fine-tuning can be applied to pre-trained
models by adjusting selected final layers so that the
model can better learn task spesific features. This
strategy has been used to optimize architecture
such as ResNet50V2, Xception, and EfficientNetBO,
improve classification accuracy, and reduce
computational requirements [24], [25].

MATERIALS AND METHODS

This study used transfer learning approach
based on three CNN architectures, namely
ResNet50V2, Xception, and EfficientNetB0O. Adam,
RMSprop, and SGD were the three optimizers used
to train each architecture. Comparing the
effectiveness of various architecture and optimizers
in the categorization of agricultural pests was the
goal.

Research Stages

Data collection, data preprocessing, model
training, and model assessment were the phase of
the study procedure. Accuracy, precision, recall, and
Fl-score were used to evaluate the model’s
performance. Figure 1 shows the complete research
procedure.

e
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Source: (Research Results, 2025)
Figure 1. Research Workflow

Data Collection

The Kaggle website provided the dataset for
this study, which included 5494 pictures of
agricultural pests. Ants, bees, beetles, Caterpillars,
earthworms, earwigs, grasshoppers, moths, slugs,
snails, wasps, and weevils are among the twelve
classes into which the pictures are divided. The
suggested classification models were trained,
validated, and tested using dataset, which offers a
varied collection of pests photos. Tabel 1 displays
the quantity of pictures in each class.
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Table 1. Number of Images per Class

No Class Number of Images
1. Ants 499
2. Bees 500
3. Beetle 416
4. Caterpillar 434
5. Earthworms 323
6. Earwig 466
7. Grasshopper 485
8. Moth 497
9. Slug 391
10. Snail 500
11. Wasp 498
12. Weevil 485
Total 5494

(Research Results, 2025)

Table 1 displays pictures from the dataset
that were obtained from the Kaggle website
(https://www.kaggle.com/datasets/vencerlanz09/a
gricultural-pests-image-dataset).

Data Splitting and Preprocessing

This stage was an important step before the
image data entered the training process. Image
resizing was performed to ensure that all input
image had consistent dimensions suitable for the
CNN models. Next, normalization was applied to
scale pixel values into a uniform range, which
helped improve training stability.

The dataset distribution was first analyzed
identify potential class imbalance. With 500 photos
in the largest class and 323 in the lowest, the
imbalance ratio was around 1.55, this indicates that
the dataset was relatively balanced. During training,
data augmentation techniques such rescaling,
rotation, width shift, height shift, shear, zoom, and
horizontal flipping were used to further increase
data variety and lessen the possible consequences
of class imbalance.

The dataset was divided into training,
validation, and testing sets at ratios of 80%, 10%,
and 10%, respectively, after augmentation and
preprocessing. Table 2 displays the final data
distribution for each subgroup.

Table 2. Image Data Splitting

No Data Spliting Class Amount
1. Ants 399
2. Bees 400
3. Beetle 333
4. Caterpillar 347
5. Training Earthworms 258
6. Earwig 373
7. Grasshopper 388
8. Moth 398
9. Slug 313
10. Snail 400
1403
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No Data Spliting Class Amount Class Image Example
11. Wasp 398
12. Weevil 388
Total Training 4395 Caterpillar
13. Ants 50
14. Bees 50
15. Beetle 41
16. Caterpillar 43
17. Earthworms 32
18. . Earwig 47
19. Testing Grasshopper 49 Earth
20. Moth 50 arthworms
21. Slug 39
22. Snail 50
23. Wasp 50
24. Weevil 49
Total Testing 550
25. Ants 50 Earwig
26. Bees 50
27. Beetle 42
28. Caterpillar 44
29. Earthworms 33
30. g Earwig 46
31. Validation Grasshopper 48
32. Moth 49
33 Sl“g 39 Grasshopper
34. Snail 50
35 Wasp 50
36. Weevil 48
Total Validation 549
Source: (Research Results, 2025)
Where the data has been categorized based
on class. The following are sample images for each Moth
class of agricultural pests, presented in table 3.
Table 3. Image per Class
Class
Slug
Ants
Snail
Bees
Wasp
Beetle Weevil
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Source: (Research Results, 2025)
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Architecture Model CNN

Residual Network (ResNet) is a CNN
architecture intended to solve the issue of the
vanishing gradient through the use of residual
connection. Convolutional, pooling, and fully
connected layers make up the network, with skip
connections that enable more effective training of
deep networks. An improved version, ResNet50V2,
introduces modifications of the residual block
structure that enchance training performance on
large dataset such as ImageNet [14], [24].

An expansion of the Inception architecture,
Xception uses depthwise separable convolution in
favor of normal convolution to increase
computational efficiency while preserving robust
features extraction capabilities. Entry flow, middle
flow, and exit flow are the three primary flows that
make up the architecture and incorporates residual
connections to facilitate deeper network training.
This design enables Xception to capture complex
image features with reduced computational cost
[27].

EfficientNetBO is a CNN architecture that
introduces a compound scaling technique that
balance the simultaneous scaling of network
breadth, depth, and input resolution. This approach
allows EfficientNet to achieve strong classification
performance while maintaining computational
efficiency and a relatively small number of
parameters. EfficientNetBO0, the foundational model
of the EfficientNet family, successfully balances
computational cost and accuracy [18].

All models were trained for 50 epochs with a
batch size of 32 and learning rate of 0.0001 using
Adam, RMSprop, and SGD optimizers with the
categorical cross-entropy loss function. The final 30
layers of the pre-trained models were unfrozen
while the preceding layers were frozen in order to
do fine-tuning. ReduceLROnPlateau was utilized
with a patience value of three epochs to lower the
learning rate by a factor of 0.5.

Optimizer

Adam is a well-liked deep learning
optimization method that combines the advantage
of Adaptive Gradient (AdaGrad) and RMSprop.
Adam computes adaptive learning rates for each
parameter using estimates of the gradient’s firstand
second moments. This mechanism allows Adam to
achieve faster convergence and stable training
performance, particularly when working with big
datasets and intricate neural network architecture
[22]. The following is a definition of Adam update
rules.

my = Byme_y + (1 — B1)g: €8]
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Ve = Povig + (1 — B gt (2)
_ _ mg
Or41 = 0 U\/v—tﬁ ()

where 1) is the learning rate, g, is the gradient
at step t, m; is the first moment estimate, v, is the
second moment estimate, and € is a tiny constant to
avoid division by zero.

RMSprop is an optimization technique that
accelerates neural network training convergence by
using adaptive learning rate modifications for each
parameter. It divides the gradient by the average
root while monitoring a moving average of the
squared gradient. This approach helps stabilize the
learning process and prevents the learning rate
from becoming excessively large, making RMSprop
effective for handling nonstationary objectives in
deep learning models [28]. The RMSprop update
rule defined as.

St =P1St-1+ (1 - ,31)91,g (4)
Orr1 =0 — —’;Z?gt )

where 7 is the learning rate, f; is the decay
rate, g, is the gradient at step t, and € is a tiny
constant to avoid division by zero.

One of the most straightforward and popular
optimization algorithms in machine learning is SGD.
The model parameters are updated iteratively
based on gradients calculated from individual
samples or small bacthes of training data. Although
SGD may converge more slowly compared to
adaptive optimizer, it is known for its simplicity,
computational efficiency, and strong generalization
performance when properly tuned [21]. The SGD
formula is given as follows.

Ve = Pre—g + 0V, f(W) (6)
Wip1 = W — Ut (7)

Where 7 is the learning rate, w is the model
weight, v, is the momentum at iteration t, and
V,f(w) is the gradient of the loss function with
respect tow.

Mathematical Formulation

Next, we will explain the important
components that make up the CNN model
architecture, as follows.
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1. Convolution Layer

The convolution layer generates feature
maps by applying a kernel (filter) to the input image
matrix. This operation multiplies each element of
the kernel with the corresponding region of the
input image and sums the results. The convolution
operation is represented by the symbol (*) [29]. The
formula can be follows as.

Y(Ii(,j) .
Zm=1 Zn=1 I(i—l)-s+m,(j—i)-s+n * K(m,n)
(8)

From equation (8), where K is the kernel, I is
the input image matrix, and Y; ; is the value of the
generated features at location (i, j).

2. Rectified Linear Unit (ReLU)

Following the convolution procedure, the
network is given nonlinearity using an activation
function known as ReLU. It removes negative values
from the feature map and retains only positive
values. The definition of the ReLU function is.

o(x) = max(0,x) 9)

where x is the input value and o(x) is the
output of the activation function.

3. Max Pooling

Max pooling decreases the spatial size of
feature maps by selecting the biggest value inside a
constrained region of the input feature map. This
operation helps reduce computational complexity
while preserving important features [30]. The
expression for the max pooling operation is.

Pool; jy = max (Ci—1)s+m,(j—1)s+n)
(10)

Where Pool; j is the final pooled feature at
location (i,j) and C is the input feature map.

4. Global Average Pooling (GAP)

GAP is a pooling method that creates a single
representative value by calculating the average
value of every element in a feature map. At the
conclusion of CNN architecture, this procedure is
frequently employed to replace completely
connected layer [30], with the following formula.

1
——Xiz1 Xj=1 1

GAP(LJ) = e (11)
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Where [; ; represents the input feature map
and m X n denotes its spatial dimensions.

5. Softmax

An activation function called Softmax is
utilized in the neural network last layer for
multiclass categorization. It convert the output
values into probability distribution for each class
[28]. The softmax function is defined as.

exp (z;)

softmax(z;) = 5 exp (7))

(12)

Model Evaluation

The last step is model assessment, which is
carried out using the test dataset. Accuracy,
precision, recall, and Fl-score are among the
evaluation metrics that are derived from the
categorization report. Precision is the accuracy of
the projected positive occurrences, recall assesses
the model's ability to correctly identify samples of
each class, and F1-score is the harmonic mean of
precision and recall. Accuracy displays the model's
overall ability to correctly classify each test sample
[31]. The following is the formula for accuracy,
precision, recall, and F1-score.

TP

Precision = (13)
TP+FP
TP
Recall = (14)
TP+FN
Precision-Recall
F1—Score=2- — (15)
Precision+Recall
TP+TN
Accuracy = " (16)

True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN) are
explained.

RESULTS AND DISCUSSION

The experimental outcomes of the transfer
learning models employed in this investigation are
shown in this section. Training accuracy, training
loss, confusion matrices, and classification metrics
were used to assess the model's performance.

Training Accuracy and Loss Curve

The training accuracy and training loss
curves of ResNet50V2, Xception, and
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EfficientNetBO0, optimized across 50 training epochs
using Adam, RMSprop, and SGD, are displayed in
Figures 2 and 3.

ACCURACY

TRAINING /

Source: (Research Results, 2025)
Figure 2. Training accuracy curves of ResNet50V2, Xception, and EfficientNetB0 using Adam, RMSprop,
and SGD optimizers.

Figure 2 illustrates how all models training  trained with SGD. In contrast, SGD showed a slower
accuracy rose quickly in the early epochs and increase in accuracy and reached lower final
stabilized in the later ones. Models trained with  accuracy values.

Adam and RMSprop achieved higher training
accuracy and converged faster than those

=—Adam ==——RMSprop =——SGI —AdAI —MEpTO]  — G —Adam

Source: (Research Results, 2025)
Figure 3. Training loss curves of ResNet50V2, Xception, and EfficientNetBO using Adam, RMSprop, and
SGD optimizers.

Figure 3 demonstrates how the training loss  Classification Performance
rapidly dropped in the early epochs before steadily Precision, recall, and F1-score are the three
stabilizing as training went on. Adam and RMSprop  main metrics used to evaluate the performance of
reduced the loss more quickly and reached values classification models.
close to zero in earlier epochs.

Meanwhile, SGD showed higher initial loss
values and a more gradual decrease throughout the
training process.

Table 4. Classification performance of transfer learning models using different optimizers.

Model Optimizer Accuracy Precision Recall F1-Score
Adam 0.90 0.90 0.90 0.90
ResNet50V2 RMSprop 0.89 0.89 0.89 0.89
SGD 0.89 0.89 0.89 0.89
Adam 0.94 0.94 0.94 0.94
Xception RMSprop 0.94 0.94 0.94 0.94
SGD 0.91 0.91 0.91 0.91
Adam 0.94 0.94 0.94 0.94
EfficientNetBO RMSprop 0.93 0.93 0.93 0.93
SGD 0.89 0.89 0.89 0.88

Source: (Research Results, 2025)

Based on Table 4, Xception with Adam and accuracy, precision, recall, and F1-score values of
RMSprop achieved the highest performance, with  0.94. EfficientNetBO with Adam also achieved
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comparable performance, with an accuracy of 0.94.
Meanwhile, ResNet50V2 showed relatively stable
results across the three optimizers, with accuracy
valuesranging from 0.89 to 0.90. Overall, the results
indicate that adaptive optimizers, particularly
Adam and RMSprop, produced better performance
than SGD in most model combinations.

Confusion Matrix

A matrix that offers crucial details regarding
a classification model's performance is called
confusion matrix. A confusion matrix can show
locations where the model might make prediction
errors in addition to a classification report.

Table 5. Result of Confusion Matrices of transfer learning models using Adam, RMSprop, and SGD
optimizers.

ResNet50V2

Xception

EfficientNetBO

Adam

RMSprop

SGD

Source: (Research Results, 2025)

Table 5 presents the confusion matrix results
of the ResNet50V2, Xception, and EfficientNetB0
models optimized using Adam, RMSprop, and SGD.
The confusion matrices illustrate the distribution of
predicted classes compared to the actual classes for
each model and optimizer combination. In general,
most predictions were concentrated along the
diagonal elements of the confusion matrices. This
indicates that most samples were correctly
classified. The Xception and EfficientNetBO models
showed stronger classification patterns,
particularly when trained with Adam and RMSprop.
Misclassifications appeared in several classes, but
the number of incorrect predictions was relatively

1408

small compared with the correctly -classified
samples.

Discussion

The experimental results show that both
model architecture and optimizer selection affected
classification performance. Xception achieved the
best overall results when combined with Adam and
RMSprop. This performance may be related to its
depthwise separable convolution mechanism,
which supports efficient feature extraction while
reducing computational complexity. EfficientNetBO
also produced competitive results, especially when
trained with Adam. Its compound scaling
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mechanism allows the model to balance network
depth, width, and input resolution, which may
contribute to its strong classification performance
with relatively efficient computation. ResNet50V2
produced slightly lower results than Xception and
EfficientNetBO0, but its performance remained stable
across all optimizers. This indicates that the
residual connection mechanism still provides
reliable feature extraction for agricultural pest
classification, although it did not achieve the highest
performance in this experiment. The optimizer
comparison shows that Adam and RMSprop
generally provided faster convergence and better
classification performance than SGD. This pattern is
also reflected in the training accuracy and loss
curves, where Adam and RMSprop reached stable
performance earlier than SGD. Overall, the results
suggest that Xception with Adam or RMSprop
provides the most effective configuration for
agricultural pest classification in this study.

CONCLUSION

Based on the research results, this study
primary contribution is the comparative analysis of
three CNN architectures, ResNet50V2, Xception,
and  EfficientNetBO, for agricultural pest
classification  utilizing  three  optimization
algorithms, Adam, RMSprop, and SGD. The
experimental  findings demonstrate  that
classification performance and convergence
behavior during training are influenced by the
choice of both optimizer and architecture. With
accuracy, precision, recall, and F1-score values of
0.94, Xception optimized using Adam and RMSprop
performed the best among the assessed models.
EfficientNetBO optimized using Adam also achieved
comparable performance with an accuracy of 0.94,
while ResNet50V2 produced stable but slightly
lower results across the evaluated optimizers. In
general, adaptive optimizers such as Adam and
RMSprop provided better performance than SGD,
which showed slower convergence and lower
overall results. These findings indicate that
selecting an appropriate combination of CNN
architecture and optimization algorithm is
important for improving the performance of deep
learning models in agricultural pest classification.
Based on the presented results, Xception combined
with Adam or RMSprop can be considered the most
effective configuration among the evaluated
models.
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