‘l, International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 12 Issue: 10 | Oct 2025

www.irjet.net

p-ISSN: 2395-0072

Al-Driven Insect Recognition for Field Crop Management

Yuktha N S1, Dr. Suresh D S2

1PG Scholar, Department of ECE, Channabasaveshwara Institute of Technology, Gubbi-572216, India
2Professor, , Department of ECE, Channabasaveshwara Institute of Technology, Gubbi-572216, India

Abstract - Leveraging artificial intelligence (Al), we
propose an advanced insect recognition system designed to
revolutionize field crop management and boost sustainable
pest control. This initiative employs deep learning and
computer vision techniques, utilizing models extensively
trained on diverse agricultural pest datasets, to achieve
rapid and precise identification of insect species from on-site
images or live video. The primary goal is to deliver real-time
field surveillance and early detection capabilities,
empowering farmers to implement prompt, targeted pest
management strategies. This approach minimizes the use of
conventional, broad-spectrum chemical treatments,
effectively reduces crop losses, and fosters both increased
productivity and ecological responsibility in agriculture.

Key Words: CNNs-Convolutional Neural Network, Deep
Learning, CNN Architecture, Train-Val Split.

1.INTRODUCTION

Agriculture contributes significantly to food security,
livelihood, and economy in most parts of the globe,
especially in developing nations. Of the various crops, rice
serves as a primary staple food to more than half of the
global population. Its productivity is, however, adversely
affected by various insect pests attacking at more than a
single development stage, from seedling to harvesting stages.
Visual assessment and human recognition by skilled
entomologists or field specialists have constituted the
traditional means of pest management, but they are time-
consuming and may be ineffective and subjective, even in
commercial production. The incorporation of prevailing
technology trends, more so artificial intelligence (AI), and
machine learning (ML), offers potential solutions to the
autonomous recognition and categorization of insect pests
under agricultural scenarios.

Over the past few years, DL approaches, and more
importantly, CNNs have shown outstanding effectiveness
recognition of data patternsand image classification
applications. These approaches have the capacity to learn
autonomouslycomplex visual patterns from images without
the significance for hand-crafting of features. For the task of
pest detection, CNNs have the potential to distinguish insect
species from subtle dissimilarity of shape, colour, texture,
and posture. The proposed system is aiming to implement a
system of classifying pests using CNNs and train them to
learn and recognize four key pests of rice. All the pests are

significant threats to rice plants. The Brown Planthopper
does damage by feeding on phloem sap and by vectoring
viral infections like ragged stunt and grassy stunt. Its
infestations can induce an incidence of "hopper burn" such
that the entire plant turns brown and dies prematurely. The
Rice Ear Bug, which occurs during the period of grain filling,
feeds on ripening grains and produces unfilled or
discoloured grains, thereby affecting the quality of grains.
The Rice Leaf Folder larvae roll the leaves and feeds inside,
masking the plant’'s photosynthetic potential and causing
losses of yield. The Rice Stem Borer, probably the most
feared pest, enters the stem and cuts off the supply of
nutrients, producing dead hearts (in seedlings) and
whiteheads (in mature plantations).

1.1 Problem Statement

Accurate and timely detection of insect pests is critical to
successful integrated pest management of rice crops. At
present, however, integrated pest management relies heavily
on the field experts' eye, through training, which is laborious
and subject to human failure. Since most pest species, such as
Brown Planthopper, Rice Ear Bug, Rice Leaf Folder, and Rice
Stem Borer, are morphologically related, even seasoned
experts are likely to mistake them, more so under harsh field
situations. Additional environmental elements such as
changing light sources, overlapping of insects, and even
natural cover hinder the visualization of insects and lead to
late or incorrect responses, thus causing extensive damage to
the crops.

In addition, traditional machine learning approaches
employed in pest classification rely significantly on
handcrafted features and tend to perform poorly in practical
field situations with sophisticated backgrounds. Furthermore,
large, balanced, and annotated datasets of specific rice pests
are few, with still fewer resources accessible for less-studied
species such as the Rice Ear Bug. Furthermore, a majority of
these deep learning models require costly computational
laboratories, limiting their use in field applications where
hand-held or embedded devices are of choice. For this reason,
creating an efficient, semi-automated system of classification
consisting of CNN, which are in a position to learn from
realistic agricultural observations and give accurate, online
pest recognition straight from images acquired in the field,
continues to be of utmost significance.
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1.2 Objectives

This project aims to design an intelligent and automated
system capable of detecting and classifying key rice pests,
including the Brown Planthopper, Rice Ear Bug, and Rice
Leaf Folder, and Rice Stem Borer, using C N Ns. The system
aims to accurately identify each pest species from digital
images captured under real-world agricultural conditions.
This encompasses overcoming obstacles such as background
complexity, insect pose variation, and low inter-class
distinction. The project further seeks to implement effective
image preprocessing and augmentation techniques to
enhance dataset quality and improve model generalization.
Another goal is to integrate segmentation methods to isolate
pest regions from cluttered backgrounds, enabling more
precise detection. Ultimately, the objective of the system is to
provide a robust, scalable solution that can assist farmers
and agronomists in early pest identification, reduce
dependency on manual surveillance, and contribute to more
efficient and sustain able to management practices in rice
cultivation.

2. METHEDOLOGY

The block diagram illustrates a systematic approach for
classifying rice pests using a CNN-based model, specifically
CaffeNet. The procedure commences with the acquisition of
data, where insect images of pests such as the Brown
Planthopper, Rice Ear Bug, Rice Leaf Folder, and Rice Stem
Borer are gathered from the field. These images undergo
preprocessing steps where they are resized to a fixed
dimension suitable for inputinto the CNN. Once standardized,
the images are passed through a proposed CNN model that
performs feature extraction, identifying critical visual
attributes such as body shape, wing patterns, and texture.
The features extracted in this step are subsequently refined
and analyzed for further use, through a classification module
that categorizes each input into its respective pest class. The
final output is analyzed to evaluate performance and ensure
accurate identification. This closed-loop system effectively
combines image preprocessing, deep learning, and result
validation to supportautomated pest detection in agricultural
fields.

Resizing images
into a fixed size

Image
Accumulation
Applying
Result Proposed CNNN
Analysis Model
Classification Feature Extraction
CaffeNet

Fig -1: Block Diagram of Proposed System
3. HARDWARE DETAILS

The implementation and training of the The CNN-based rice

pest classification system was evaluated on a standard
computing setup configured for deep learning applications.
The system was developed using a computer equipped with
an Intel Core i5 processor (2.3 GHz) and 16 GB of RAM,
providing sufficient processing capability for moderate-sized
datasets. A dedicated NVIDIA GPU such as the GeForce GTX
1050 Ti (4 GB) was utilized to accelerate the training of the
CaffeNet model, significantly reducing computation time
during convolutional and backpropagation operations. The
software environment included Python language with
TensorFlow, Keras, and OpenCV libraries for building,
training, and validating the neural network model. All
experiments, including image preprocessing, augmentation,
model training, and testing, were conducted on this
hardware setup to ensure efficient and reproducible
performance suitable for academic research and prototype
development.
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4.SOFTWARE DETAILS high accuracy. For instance, the Rice Ear Bug was detected
with a confidence of 97.9%, while the Brown Planthopper
4.1 Flow Chart and Rice Stem Borer were classified with 85.5% and 73.5%
accuracy respectively. These strong accuracy results
demonstrate the model's capability to effectively identify
distinguishing features, even in natural lighting and complex

backgrounds.

[ Dataset

b 4 The use of the CaffeNet-based CNN architecture, combined
. with appropriate image preprocessing and augmentation,

[Image Preprocessmg] Played a key role in enhancing the prediction accuracy.
Furthermore, the inclusion of multiple object detection
< capability allows the model to identify more than one pestin
) . a single frame, adding to its practical utility in real field

[ Train-Val Spllt ] conditions. The achieved accuracy of up to 97% confirms the
robustness of the trained model and its suitability for

deployment in pest surveillance systems for rice cultivation.

[Model Construction ]

[ Data Augmentation ]

G Detected Objects

1 Riceearbua (97 0%)

[ Model Training ]

A 4

[ Model Evaluation J

Q Zoom Preview

Fig-2: Flow Chart Fig-3 Result Ricebug

The development and execution of the rice pest classification
system were supported by a combination of powerful and
widely used software tools in the area of machine learning,
deep learning, and image processing. The entire
implementation was primarily done using the Python
programming language (version 3.7+), recognized for its
flexibility and extensive library support. Tensor Flow and
Keras used as the core deep learning frameworks.
Kerasxwas used for building the Caffe Net-inspired CNN . q

architecture due to its user-friendly API, while TensorFlow ‘ N s
served as the backend engine to perform tensor
computations and optimize the training process. For image
manipulation tasks such as resizing, augmentation, and
contour detection.

@ Detected Objects

Q Zoom Preview

4.2 Results

The performance of the developed pest the classification
system underwent evaluation usinga real-time image-based
testing environment, as shown in the detection dashboard. Fig-4 Result Brown Plant Hopper
The system successfully identified multiple pest classes with
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Chart-1: Result Comparison Chart

Here is the bar graph showing detection accuracy for each
rice pest class:

e Rice Ear Bug: 97.9%
e  Brown Planthopper: 85.5%
e Rice Stem Borer: 73.5%

CONCLUSIONS

The proposed pest classification system using a CNN-based
model has demonstrated its effectiveness in accurately
identifying major rice pests such as Brown Planthopper, Rice
Ear Bug, and Rice Stem Borer from real-time images. By
incorporating DL methods like Caffe Net architecture, image
preprocessing, and feature extraction, the model achieved
high classification accuracy—up to 97.9% in some cases. The
GUI-based application allows users to upload, capture, and
process pest images efficiently, making it applicable for
practical agricultural use. The results confirm that
automated pest detection using DL methods not only
reduces human dependency and error but also enhances the
decision-making process in pest management, contributing
to more sustainable and timely crop protection strategies.
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