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Abstract— This research introduces an automated
approach for early pest detection in agriculture. Agriculture
is not only essential for human sustenance but also plays a
crucial role in a country's economy. Every year, millions of
dollars are spent on safeguarding crops from damage. Pests
and insects pose a significant threat to crop health,
potentially leading to substantial production losses. One of
the most effective ways to mitigate this issue is early pest
detection, which enables timely intervention and protection
against pest infestations. Regular monitoring of crop health
is essential, as early pest identification allows for
appropriate countermeasures, reducing the risk of severe
crop damage. Moreover, early detection helps minimize
pesticide usage by ensuring that only necessary treatments
are applied, thereby guiding farmers in selecting the most
suitable pesticides. Given its importance, automatic pest
detection has become a significant area of research, with
numerous studies conducted globally to develop advanced
detection methods. Traditionally, field monitoring has
relied on manual inspection, where experts examine crops
with the naked eye. However, this approach is inefficient for
large agricultural fields, as it is both labor-intensive and
time-consuming. To address these limitations, an
automated pest detection system is required that can analyze
crops, detect pest infestations, and classify pest types
efficiently. Computer vision techniques provide an effective
solution for analyzing leaf images to identify pest presence.
This study employs Support Vector Machine (SVM) for
image classification, distinguishing between pest-infected
and healthy crops based on extracted image features.
Compared to other automated methods, SVM offers a
simpler yet highly efficient classification approach, making
it a suitable choice for early pest detection in agriculture.
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I INTRODUCTION

Early pest detection in crops is a significant challenge
for farmers today. Various approaches have been
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explored to address this issue. Traditional manual
techniques for pest monitoring include black light traps
and sticky traps, which help in detecting and tracking
pests in fields. However, manually inspecting vast
agricultural fields is time-consuming, inefficient, and
costly, as it requires expert intervention.

One common method for pest monitoring is the use of
sticky traps, where pests adhere upon contact. A
camera captures images of these traps, and the pest
density is estimated by calculating the average number
of pests on leaves over a specific period. While these
methods offer some insight, they are not highly
efficient and pose environmental risks. As a preventive
measure, farmers often resort to excessive pesticide
spraying, which can be detrimental to both crops and
the environment.

To overcome these challenges, modern methodologies
leverage image processing and advanced algorithms for
automatic pest detection and classification. Automated
systems provide a more effective alternative by
analyzing leaf images, identifying pests, and
classifying them based on their unique properties. In
this study, leaf images were collected from crop fields
and processed using various image processing
techniques.

For pest detection, the thresholding technique was used
to differentiate pests from the background in leaf
images. This method is both simple and accurate in
detecting pests. Further, key image features were
extracted and used as input for the Support Vector
Machine (SVM) classifier, which categorizes images
as pest-infested or pest-free.

This project primarily focuses on the detection of
whiteflies, which are tiny pests that are difficult to spot
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with the naked eye but can cause severe damage to
crops. The proposed algorithm effectively identifies
pests on leaves, enabling timely intervention and
reducing the excessive use of pesticides. This
automated approach not only enhances pest detection
accuracy but also helps protect the environment from
the harmful effects of indiscriminate pesticide usage.

I.RELATED WORKS

The literature survey is conducted to analyze the
background of the current project, identify the
shortcomings of existing systems, and highlight
unresolved challenges. This helps in understanding the
areas that need improvement and guides the
development of new solutions. The following review
provides insights into previous research and methods
used in the field, shedding light on the issues that led to
the development of this project. A wide range of studies
have been conducted on power-aware programming
and automated pest detection in agriculture.

Existing Studies on Plant Disease and Pest Detection,
Several studies have explored vegetation indices
derived from hyperspectral data for indirect plant
disease monitoring. However, these indices lack the
capability to distinguish between different diseases
affecting crops. Wenjiang Huang et al. developed new
spectral indices for identifying winter wheat diseases,
considering powdery mildew, yellow rust, and aphids.
They utilized the RELIEF-F algorithm to extract the
most and least relevant wavelengths for different
diseases, achieving classification accuracies of 86.5%,
85.2%, 91.6%, and 93.5% for healthy leaves and those
infected with the three diseases, respectively.

Monica Jhuria et al. utilized image processing
techniques for disease detection and fruit grading.
Their approach incorporated artificial neural networks
(ANNSs) for disease detection, using two databases—
one for training pre-stored disease images and another
for testing query images. Backpropagation was
employed for adjusting weights in the training dataset.
The study found that morphological features provided
better accuracy compared to color and texture-based
feature extraction.

Zulkifli Bin Husin et al. developed a system to assess
the health status of chili plants using image processing
in MATLAB. Their approach ensures that chemicals
are applied only to infected plants. Fourier filtering,
edge detection, and morphological operations were
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used for pre-processing, while computer vision
techniques helped classify objects. A digital camera
was used for image acquisition, and LABVIEW
software was employed to build a graphical user
interface (GUI).

Mrunalini R. Badnakhe and Prashant R. Deshmukh
compared Otsu thresholding and K-means clustering
for infected leaf analysis. Their findings indicated that
K-means clustering yieldled more accurate
segmentation than other methods, with better clarity in
feature extraction. The RGB image format was utilized
for disease identification, and the co-occurrence
method was applied to extract color-based features.
The GLCM function was used to compute texture
statistics.

Chunxia Zhang, Xiuging Wang, and Xudong Li
developed an FPGA and DSP-based system for plant
disease monitoring and control. The FPGA system
captures field images or video data, enabling real-time
disease diagnosis.

Shantanu Phadikar and Jaya Sil applied pattern
recognition techniques for rice disease identification.
Their approach involved segmenting infected rice leaf
images using the HIS model, followed by boundary and
spot detection to pinpoint infected areas.

Studies on Automated Pest Detection

Prior research has explored automated pest detection in
crops. A Relative Difference in Pixel Intensities (RDI)
algorithm was developed to detect and count whiteflies
on leaves, estimating pest density in fields. This
method demonstrated 97% accuracy when tested on
100 images, effectively handling overlapping
whiteflies but failing to capture their complete shape,
leading to occasional false detections.

Other approaches have focused on distinguishing
between whiteflies and aphids using Support Vector
Machines (SVMs), which extract relevant image
features for classification. The Watershed method
performs well for occluded objects but requires longer
processing times, whereas Otsu’s method is faster but
more sensitive to noise, leading to false positives.

In another study, researchers evaluated K-Nearest
Neighbors (KNN), Radial Basis Function (RBF),
Artificial Neural Networks (ANNs), and SVMs for
whitefly classification. SVMs provided the most
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accurate results, as they considered multiple image
features such as color, shape, and texture. However,
irrelevant image features occasionally led to erroneous
classifications.

A background subtraction method was proposed for
whitefly detection, where whiteflies were identified
based on size and counted automatically. The Sobel
edge detection operator was applied to distinguish the
pests from the background. This algorithm operated
three times faster and covered three times more leaf
surface than traditional methods. However, edge
detection techniques tend to perform poorly in the
presence of noise, as unwanted noise may be falsely
detected as edges.

The literature survey highlights the evolution of pest
and plant disease detection techniques, from manual
inspection methods to automated image processing and
machine learning models. While traditional methods
such as black light and sticky traps have been widely
used, they are inefficient and require expert
intervention. Machine learning-based approaches,
including SVMs, ANN-based classification, and deep
learning models, offer improved accuracy and
efficiency. However, challenges such as noise
sensitivity, misclassification, and processing time
remain. This study aims to build upon existing
techniques by integrating advanced image processing
and machine learning models to enhance pest and
disease  detection accuracy, ensuring timely
intervention and reducing environmental damage from
excessive pesticide use.

I11.SYSTEM ARCHITECTURE

System architecture is a conceptual framework that
outlines the structure and functionality of a system. It
provides a formal representation, organized to facilitate
analysis of the system's structural attributes. This
architecture defines the key components or building
blocks of the system and serves as a blueprint for
procurement and development, ensuring seamless
integration of various elements to achieve the overall
system objectives.
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Figure 1: System Architecture

Algorithm Steps

1. Image Acquisition:
The first step involves selecting a diseased plant,
collecting its leaf, capturing an image of the leaf,
and loading it into the system for further
processing.

2. Segmentation:
This step transforms the image into a more
meaningful and analyzable format by partitioning
it into multiple segments, often referred to as
super-pixels, for better analysis.

3. Contrast Adjustment:
The pixel values of the image are adjusted to
ensure they are distributed within a specific range
for better visibility.

4. Contrast Enhancement:
The original image undergoes enhancement to
improve clarity by removing sharp edges,
resulting in a refined and enhanced image.

5. Converting RGB to HSI:

An RGB image consists of three color channels—red,
green, and blue—forming an M-by-N-by-3 matrix. If
all three components have identical values, the
conversion becomes undefined. Typically, RGB pixel
values range from [0, 255], whereas in HSI, they range
from [0, 1]. The conversion process involves
computing three key components: Hue, Saturation, and
Intensity.

SVM Classifier Algorithm:

Support Vector Machine (SVM) is a statistical
learning-based approach used for classification. It
leverages mathematical models to handle uncertainties
and derives insights from data to make informed
decisions.
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Figure 2: Statistical View of SVM

When plotting data along the X and Y axes for
classification, multiple hyperplanes can be used to
separate the data. However, determining the optimal
hyperplane is a challenging task. To address this issue,
Support Vector Machine (SVM) is utilized.

Among the many possible linear classifiers or
hyperplanes, SVM selects the one with the maximum
margin. The reason behind this approach is that if a
hyperplane is too close to one data set compared to the
other, it may lead to poor classification. Therefore,
SVM employs the concept of a maximum margin
classifier to ensure better separation and improved
accuracy.
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Figure 3: Sequence diagram of system

IV.CONCLUSION

In this study, various experiments demonstrate that
combining the pre-trained MobileNet deep neural
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network architecture with a Multiclass SVM classifier
yields high accuracy for plant leaf pest classification.
MobileNet is utilized as a feature extractor, while the
SVM classifier is trained on the target dataset. The
effectiveness of the proposed approach is evaluated on
different botanical datasets, achieving an accuracy of
over 85%.

REFERENCE

[1] Wenjiang Huang, Qingsong Guan, Juhua Luo,
Jingcheng Zhang, Jinling Zhao, Dong Liang,
Linsheng Huang, and Dongyan Zhang, “New
Optimized Spectral Indices for Identifying and
Monitoring Winter Wheat Diseases”, IEEE journal
of selected topics in applied earth observation and
remote sensing,Vol. 7, No. 6, June 2014

[2] Dr.K.Thangadurai, K.Padmavathi, “Computer
Visionimage Enhancement For Plant Leaves
Disease Detection”, 2014 World Congress on
Computing and Communication Technologies.

[3] Monica Jhuria, Ashwani Kumar, and Rushikesh
Borse, “Image Processing For Smart Farming:
Detection Of Disease And Fruit Grading”,
Proceedings of the 2013 |IEEE Second
International Conference on Image Information
Processing (ICI1P-2013).

[4] Zulkifli Bin Husin, Abdul Hallis Bin Abdul Aziz,
Ali Yeon Bin Md Shakaff Rohani Binti S
Mohamed Farook, “Feasibility Study on Plant
Chili Disease Detection Using Image Processing
Techniques”, 2012 Third International Conference
on Intelligent Systems Modelling and Simulation.

[5] Mrunalini R. Badnakhe, Prashant R. Deshmukh,
“Infected Leaf Analysis and Comparison by Otsu
Threshold and k-Means Clustering”, International
Journal of Advanced Research in Computer
Science and Software Engineering, Volume 2,
Issue 3, March 2012.

[6] H. Al-Hiary, S. Bani-Ahmad, M. Reyalat, M.
Braik and Z. ALRahamneh, “Fast and Accurate
Detection and Classification of Plant Diseases”,
International Journal of Computer Applications
(0975 — 8887)Volume 17— No.1, March 2011

[7] Chunxia Zhang, Xiuging Wang, Xudong Li,
“Design of Monitoring and Control Plant Disease
System Based on DSP&FPGA”, 2010 Second
International Conference on Networks Security,
Wireless ~ Communications  and  Trusted
Computing.

[8] A. Meunkaewjinda, P. Kumsawat, K.
Attakitmongcol and A. Srikaew, “Grape leaf

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 776



© May 2021| IJIRT | Volume 7 Issue 12 | ISSN: 2349-6002

disease detection from color imagery using hybrid pp.356-360. Available: http://www.
intelligent system”, Proceedings of ECTI-CON caesjournals.org/uploads/11.pdf
2008. [16]A. H. Kulkarni. A. Patil. (2012, Sep-Oct.).
[9] Santanu Phadikar and Jaya Sil, “Rice Disease Applying image processing technique to detect
Identification using Pattern  Recognition”, plant diseases. International Journal of Modern
Proceedings of 11th International Conference on Engineering Research (IJMER). 2(5), pp. 3661-
Computer and Information Technology (ICCIT 6264. Available: http://www.ijmer.com /papers
2008) 25-27 December, 2008, Khulna, /Vol2_lssue5/DN2536613664.pdf
Bangladesh. [17]T.J. Haware, R. D. Badgujar and P. G. Patil, “Crop
[10]S. R. Huddar. S. Gowri. K. Keerthana. S. Vasanthi. disease detection using image segmentation”,
and S. R.  Rupanagudi. (2012, Jul). World Journal of Science & Technology, I1SSN
Novel algorithm for segmentation and automatic 2231-2587. 2(4), pp. 190-194.

identification of pests on plants using image
processing. Computing Communication &
Networking Technologies (ICCCNT). Third
International Conference on 2012. pp.1-5.
Available: http://ieeexplore.ieee.org/xpl/ article
Details.jsp?arnumber=6396012

[11]R. G. Mundada. V.V. Gohokar. (2013, Apr.). Early
Pest Detection in Greenhouse Crops. International
Journal of Engineering Science Invention. 4(2),
pp.01-06. Available: http:
//www.ijesi.org/papers/Vol%202(4)/Version-6/
A240106.pdf

[12] K. S. Srinivas, B. S. Usha, S. Sandya, and S. R.
Rupanagudi. (2011, May.). Modeling of Edge
Detection and Segmentation Algorithm for
PestControl in Plants. International Conference in
Emerging Trends in Engineering (ICETE), pp.
293-295.

[13]D. A. Bashir. M. Braik. S. B. Ahmad. (2011, Feb.).
Detection and classification of leaf disease using
K-mean based segmentation and neural network
based classification. Information Technology
Journal. 10(2), pp. 267-
275.Available:http://www.researchgate.net/pub
lication/49941941_ Detection_and_Classification
_of_Leaf_Diseases_using_K-
meansbased_Segmentation_and_Neural-
networksbased_Classification.

[14]1H. A. Hiary. B. Ahmad. M. Reyalat. M. Braik.
(2011, Mar.). Fast and accurate detection and
classification of plant diseases. International
Journal of Computer Applications. 17(1), pp 31-
38.Available:http://www.ijcaonline.org/archives
/volumel7/numberl/2183-2754

[15]B. S. Anami. J. D. Pujari. R. Yakkundinath. (2011,
Sep). ldentification and classification of normal
and affected agriculture / horticulture produce
based on combined color and texture feature
extraction. International Journal of Computer
Applications in Engineering Sciences. 1(3),

IJIRT 176231 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 777


http://ieeexplore.ieee.org/xpl/%20article%20Details.jsp?arnumber=6396012
http://ieeexplore.ieee.org/xpl/%20article%20Details.jsp?arnumber=6396012
http://www.ijesi.org/papers/Vol%202(4)/Version-6/A240106.pdf
http://www.ijesi.org/papers/Vol%202(4)/Version-6/A240106.pdf
http://www.ijesi.org/papers/Vol%202(4)/Version-6/A240106.pdf
http://www.researchgate.net/publication/49941941_Detection_and_Classification_of_Leaf_Diseases_using_K-meansbased_Segmentation_and_Neural-networksbased_Classification
http://www.researchgate.net/publication/49941941_Detection_and_Classification_of_Leaf_Diseases_using_K-meansbased_Segmentation_and_Neural-networksbased_Classification
http://www.researchgate.net/publication/49941941_Detection_and_Classification_of_Leaf_Diseases_using_K-meansbased_Segmentation_and_Neural-networksbased_Classification
http://www.researchgate.net/publication/49941941_Detection_and_Classification_of_Leaf_Diseases_using_K-meansbased_Segmentation_and_Neural-networksbased_Classification
http://www.researchgate.net/publication/49941941_Detection_and_Classification_of_Leaf_Diseases_using_K-meansbased_Segmentation_and_Neural-networksbased_Classification
http://www.ijcaonline.org/archives/volume17/number1/2183-2754
http://www.ijcaonline.org/archives/volume17/number1/2183-2754

