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Abstract

Pest infestation remains a significant challenge in agriculture, leading
to reduced crop yield and economic losses. Accurate and timely
identification of pests is essential for implementing effective pest
management strategies. This research proposes a deep learning-based
solution for pest classification using Convolutional Neural Networks
(CNN) integrated with computer vision techniques. A custom dataset
comprising images of various agricultural pests was created and used
to train a CNN model capable of recognizing and classifying pest
species with high accuracy. The trained model is deployed through a
Django-based web application, providing a user-friendly interface for
uploading pest images and receiving real-time classification results via
a RESTful APIL The system was tested with multiple pest images under
different conditions, demonstrating robust performance and rapid
inference capabilities. This approach not only automates pest detection
but also supports early intervention, contributing to smarter and more
sustainable agricultural practices. The model's scalability and ease of
integration make it a valuable tool for farmers, agronomists, and
researchers working in the domain of precision agriculture.

INTRODUCTION

Traditionally, pest identification has relied on

Agriculture is a cornerstone of the global
economy and a critical component of food
security. As the world’s population continues to
grow, there is increasing pressure on
agricultural systems to produce higher yields
with fewer resources. One of the major
challenges affecting agricultural productivity is
the damage caused by pests. Pests can destroy
crops at various stages of growth, leading to
significant economic losses and food shortages.
Effective pest detection and timely intervention
are therefore crucial for maintaining crop health
and ensuring sustainable agricultural practices.

© 2025 The Authors. Published by MRI INDIA.

manual inspection by agricultural experts or
farmers. This approach, while practical in some
contexts, is limited by the availability of expert
knowledge, subjectivity in identification, and the
time-consuming nature of visual inspection.
Furthermore, early-stage pest detection is often
missed, resulting in delayed response and
increased damage. These limitations highlight
the need for automated, accurate, and scalable
solutions in pest detection.

Recent advances in artificial intelligence (Al)
and computer vision offer promising
alternatives to manual pest classification. Deep
learning, particularly Convolutional Neural
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Networks (CNNs), has emerged as a powerful
tool for analyzing image data. CNNs are capable
of learning complex patterns and features from
raw pixel data, making them suitable for tasks
such as object detection, image classification,
and semantic segmentation. By applying CNNs
to pest image classification, it becomes possible
to automate the identification process and
reduce reliance on human expertise.

In this study, we propose a CNN-based system
for the classification of agricultural pests using
computer vision techniques. A custom dataset
comprising images of various pest species was
developed and used to train a CNN model
capable of accurately classifying pest types. To
enhance accessibility and usability, the trained
model was deployed in a Django web
framework, allowing users to upload pest
images and obtain real-time classification
results via a REST APL

The goals of this research include developing a
robust deep learning model for pest
classification, integrating it into a user-friendly
web application, and evaluating its performance
through real-time testing scenarios. The
proposed system aims to support farmers and
agricultural practitioners by providing a reliable
tool for early pest detection, ultimately
contributing to improved crop protection and
sustainable farming.

This research not only demonstrates the
practical application of Al in agriculture but also
sets the foundation for future work in smart
farming systems that leverage data-driven
technologies for real-time decision-making and
precision crop management.

RELATED WORKS
In recent years, the integration of artificial
intelligence and computer vision into

agriculture has gained considerable attention,
especially in the area of automated pest
detection. Several studies have explored the use
of image processing techniques and machine
learning algorithms for identifying and
classifying agricultural pests with varying
degrees of success.

Traditional machine learning methods such as
Support Vector Machines (SVM), K-Nearest
Neighbors (KNN), and Decision Trees have been
applied to pest classification tasks using
handcrafted image features like color
histograms, shape, and texture. While these
techniques provided initial success, they often
lacked the robustness and scalability needed for
real-world agricultural applications. Moreover,
manual feature extraction was both time-
consuming and prone to inconsistency across
different datasets and environmental conditions.
With the emergence of deep learning,
particularly Convolutional Neural Networks
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(CNNs), researchers have achieved significant
improvements in image-based pest
classification. =~ CNNs automatically learn
hierarchical features from raw images, making
them more effective and efficient than
traditional approaches. For example,
researchers have used CNN models to classify
pests such as fruit flies, beetles, and caterpillars,
achieving high accuracy rates on curated
datasets. In one study, a deep CNN trained on
pest images from tomato plants achieved over
90% classification accuracy, demonstrating the
feasibility of using deep learning in agricultural
monitoring.

Moreover, several deep learning architectures
like VGGNet, ResNet, and MobileNet have been
fine-tuned for pest detection tasks, leveraging
transfer learning techniques to enhance
performance even with limited datasets. Real-
time systems using CNNs embedded in mobile
and IoT devices have also been proposed to
enable in-field pest detection and rapid
decision-making.

In terms of deployment, some studies have
integrated deep learning models with mobile or
web-based platforms, though many remain in
the experimental phase. The combination of
Django, REST APIs, and cloud-hosted deep
learning models is emerging as a promising
approach  for scalable, real-time pest
classification.

Despite these advancements, most existing
solutions are limited by either low usability,
narrow pest categories, or lack of real-time
support. The present study addresses these gaps
by proposing an end-to-end pest classification
system using CNN integrated into a Django-
based web application with real-time inference
capabilities. This makes it accessible to non-
expert users such as farmers and agricultural
workers, thus bridging the gap between Al
research and practical agricultural needs.

1. Existing System

Existing pest classification systems primarily
rely on traditional machine learning techniques
or early-stage deep learning models.
Conventional systems use image processing
methods to extract features such as color, shape,
and texture, which are then fed into classifiers
like Support Vector Machines (SVM), Decision
Trees, or K-Nearest Neighbors (KNN). While
these models can classify pests to a certain
extent, they often struggle with large datasets
and real-world variability in image quality,
lighting, and pest posture. More recent
advancements have adopted Convolutional
Neural Networks (CNNs), which significantly
improve  classification  performance by
automatically learning features from raw image
data. Some of these systems use pre-trained
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models like VGGNet or ResNet for pest
detection. However, most of these models are
tested in controlled environments and lack user-
friendly interfaces, real-time processing, and
scalability for broader deployment in
agricultural settings.

1.1 Limitations of the Existing System:

e Require manual feature extraction, which is
time-consuming and error-prone.

¢ Limited to a small number of pest categories
or specific crop types.

e Lack real-time classification capabilities or
user interactivity.

¢ Do not support deployment through web or
cloud platforms for remote access.

e Often not accessible to end-users such as
farmers due to complex interfaces or
hardware requirements.

¢ Inability to easily scale or update datasets
and model outputs dynamically.

2. Proposed System

To overcome these limitations, this research
proposes an advanced pest classification system
using a Convolutional Neural Network (CNN)
integrated with a Django-based web interface.
The system is trained on a custom pest image
dataset to recognize and classify multiple types
of pests with high accuracy. It is deployed as a
web application where users can upload pest
images, which are then processed in real-time
using a REST API to deliver instant classification
results. The model eliminates the need for
manual feature extraction, supports real-time
image analysis, and offers a user-friendly and
scalable solution for practical use in agricultural
fields. By leveraging the power of deep learning
and web technologies, the proposed system
ensures ease of access, robustness, and practical
applicability for smart farming and precision
agriculture.

21 Advantages of the Proposed System:

e Automated Feature Extraction: Utilizes CNN
to automatically learn and extract important
features from pest images without manual
intervention, reducing time and effort.

e Real-Time Pest Classification: Provides
instant classification results through a REST
API, enabling faster decision-making for
pest control.

e Web-Based Accessibility: The Django-
integrated web interface allows users to
access the system from any location, making
itideal for remote agricultural areas.

e Scalable and Flexible: The system can be
easily expanded to include more pest
categories or integrated with IoT-based
agricultural monitoring systems.
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e High Accuracy: Deep learning enhances
model precision, improving reliability even
under diverse environmental and lighting
conditions.

e User-Friendly Interface: Designed for
farmers and non-technical users, ensuring
ease of use without needing specialized
training.

e Cloud Deployment Support: Can be hosted
on cloud servers to support multiple users
and real-time operations at scale.

¢ Easy Maintenance and Updates: Dataset and
model can be updated periodically to
improve performance and adapt to
emerging pest threats.

PROPOSED METHODOLOGY

The proposed methodology focuses on
developing an intelligent pest classification
system using Convolutional Neural Networks
(CNN) and deploying it through a Django-based
web application for real-time use. The system is
designed to assist farmers and agricultural
workers by providing quick and accurate pest
identification,  thereby  enabling timely
intervention.

1. Data Collection and Preprocessing

A custom dataset comprising various pest
species was curated from online open-source
repositories and agricultural image databases.
Each image was labeled according to its pest
category. Preprocessing steps included resizing
all images to a fixed dimension, converting them
to a standard format, and applying
normalization. Image augmentation techniques
such as rotation, zooming, flipping, and shifting
were also applied to enhance the dataset and
improve model generalization.

2. CNN Model Architecture
The classification model was built using a
Convolutional Neural Network (CNN). The CNN
architecture consists of:
¢ Input Layer for image intake
e Multiple Convolutional Layers for extracting
features like edges, textures, and patterns
e Pooling Layers to reduce the spatial
dimensions and retain essential features
e Flatten and Fully Connected Layers for
classification logic
o Softmax Output Layer to provide probability
scores across pest categories
The model was trained using a categorical cross-
entropy loss function and optimized with the
Adam optimizer.

3. Model Training and Evaluation

The model was trained on a split of training and
validation datasets. Performance was evaluated
using metrics such as accuracy, precision, recall,
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and Fl-score. A confusion matrix was also
generated to analyze classification performance
across categories. The model demonstrated high
accuracy, indicating its potential for reliable pest
recognition.

4. Web Interface Integration (Django)

To ensure practical usability, the trained CNN
model was integrated into a Django web
application. The web interface allows users to
upload pest images and view classification
results through a simple, intuitive interface.
Backend logic processes the image and returns
real-time predictions.

5. REST API for Real-Time Prediction

A RESTful API was created within the Django
framework to handle real-time communication
between the frontend and the model. When an
image is uploaded, it is passed through the AP],
which invokes the model, processes the image,
and returns the classification output with
confidence scores.

6. Deployment and Testing

The system was deployed locally for testing and
validated using a variety of pest images under
different lighting and background conditions.
The model proved to be efficient, responsive,
and accurate in real-time image classification
tasks.

RESULTS
To evaluate the performance of the CNN-based
pest classification system, extensive

experimentation was conducted using the
Kaggle Agricultural Pests Dataset. The dataset
contains 12 pest categories, each with more
than 500 labeled images. The images were pre-
processed by resizing to a uniform size,
normalizing pixel values, and shuffling. The
dataset was then split in an 80:20 ratio for
training and testing purposes, respectively.
The model was trained over multiple epochs,
and key performance metrics such as accuracy,
loss, precision, recall, and F1l-score were
computed.
1. Overall Performance Metrics
Table I summarizes the performance of the CNN
model after the training process was completed.
Table I: Model Performance Metrics

Metric Value
Accuracy | 93%
Precision | 92.5%
Recall 91.8%
F1-Score | 92.1%
Loss 0.12

The model achieved a 93% accuracy on the test
dataset, which confirms its effectiveness in pest
classification. Precision, recall, and F1-score
values are all above 91%, indicating a balanced
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performance in terms of true positive
identification and minimizing false
positives/negatives. The low loss value of 0.12
further supports the model's learning efficiency.

2. Training Progress Over Epochs
To track the model’s learning behavior, accuracy
and loss values were recorded for each epoch

during training. Table II illustrates the
improvement in performance over time.
Table II: Training Progress Over Epochs
Epoch | Traini | Validati | Trai | Valid
ng on ning | ation
Accura | Accurac | Loss | Loss
cy y
1 0.65 0.62 0.58 0.60
5 0.80 0.78 0.32 0.34
10 0.89 0.87 0.19 0.21
15 0.93 0.91 0.12 0.15

As observed, training and validation accuracy
steadily increased while the corresponding loss
values decreased. This indicates that the CNN
model effectively learned the essential features
of the pest images with minimal overfitting.

3. Sample Prediction Results
To validate the practical utility of the model,
various pest images were tested using the
Django-based web interface. The prediction
results for a few sample images are shown in
Table III.

Table I1I: Sample Prediction Results

Input | True Label | Predicted Confidence
Image Label Score
Image | Beetle Beetle 0.96

1

Image | Caterpillar Caterpillar 0.94

2

Image | Wasp Wasp 091

3

Image | Grasshopper | Grasshopper | 0.93
4

Image | Armyworm | Armyworm | 0.89

5

The model correctly classified various pest types
with high confidence levels ranging from 0.89 to
0.96, validating the system’s reliability in real-
world usage. The classification results were
visually displayed on the uploaded images in the
web application, making it user-friendly and
accessible for farmers.

4. Visual Analysis
Additionally, a graphical representation of
training accuracy and loss was plotted. In this
graph:
e The x-axis represents the number of
epochs.
e The y-axis represents accuracy and loss
values.
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e The green line represents training
accuracy, which consistently rises.
e The red line represents loss, which
steadily declines.
This visual trend further affirms the model's
successful convergence during training.

5. Output Screens

To better understand the training dynamics, the
accuracy and loss were tracked across 35
epochs and plotted graphically, as shown in Fig.
1.

CNN Training Accuracy & Loss Graph
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Figure 1: CNN Training Accuracy and Loss Graph

The green curve in the graph represents the
model's accuracy, which shows a steady
increase with each training epoch, ultimately
stabilizing around 93%. In contrast, the red
curve depicts the loss, which consistently
decreases throughout the training process,
approaching nearly zero after approximately 30
epochs. This inverse relationship between
accuracy and loss clearly illustrates the model's
effective learning behavior. As the training
progresses, the model becomes increasingly
capable of extracting and understanding the
relevant features from the pest images, thereby
improving its classification performance.

100 300 400 500
Figure 2: Pest Image Classified as Beetle by the
CNN Model

The figure below illustrates a sample output
from the CNN-based pest classification system.
The uploaded image was correctly identified by
the model as a beetle, as annotated in blue text
at the top of the image. The classification result
demonstrates the model’s ability to accurately
identify pests based on visual characteristics. In
this example, the distinct shape, texture, and
color patterns of the beetle were effectively
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recognized by the CNN model, leading to a
confident and correct prediction. This visual
feedback feature, integrated into the web
application interface, enhances user
understanding by providing immediate and
clear classification results directly on the image.

0 -‘

50 1% v .
. R
100 1- rﬂ
1504
200 1
2501 =
300 4
350 ‘
&‘ -
Y :
0 1(I)0 260 30IO 4(I)0 560
Figure 3: Pest Image Classified as Wasp by the

CNN Model

Figure 3 presents another prediction example
generated by the CNN-based pest classification
model. In this instance, the system accurately
classified the pest as a wasp, as indicated by the
blue label at the top-left corner of the image.

The model effectively identified unique features
of the wasp, including its elongated body,
distinctive black and yellow striped pattern,
transparent wings, and antennae, which
differentiate it from similar insect classes. These
visual characteristics were captured by the
model during the feature extraction phase using
convolutional layers and were used to make the
correct classification decision.

This result again validates the reliability and
robustness of the CNN model in identifying
visually complex and similar-looking insects.
The direct visual output provided on the image
enhances user interpretability and facilitates
swift validation of model predictions in real-
world agricultural or environmental
applications.

CONCLUSION

This paper presents a Convolutional Neural
Network (CNN)-based approach for the
classification of pests using image data. The
proposed system was trained and evaluated on
a labeled dataset comprising various pest
categories  sourced from Kaggle. The
experimental  results  demonstrate  the
effectiveness of the model, achieving an overall
accuracy of 93.90%, with -corresponding
precision, recall, and F1-score values that reflect
strong classification performance.

The training progress, visualized through
accuracy and loss plots, indicates successful
learning and convergence of the CNN model.
Furthermore, the system's capability to
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accurately classify real-time pest images—such
as beetles and wasps—uvalidates its practical
applicability. The deployment of the model in a

web-based interface further enhances its
usability by providing immediate visual
feedback, thereby supporting field-level

decision-making in agriculture.In summary, the
proposed CNN-based pest classification model
offers a reliable and efficient solution for
automated pest identification. The approach
holds significant potential for integration into
intelligent agricultural systems aimed at
improving pest monitoring, minimizing crop
damage, and supporting sustainable farming
practices.

Future Work

In future work, the model can be extended to
classify a larger variety of pest species using
more diverse datasets. Integration with real-

time video surveillance and IoT-based
monitoring systems can enhance its field
applicability. Additionally, implementing

explainable Al (XAI) techniques can improve
model transparency and trust, aiding in
decision-making by agricultural experts.
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