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Abstract: The attack of agricultural pests is still considered a significant problem that adversely affects crop production and food
security worldwide. The conventional techniques used to detect agricultural pests rely on manual visual inspection and are time-
consuming, inefficient, and imprecise. This research proposes a sophisticated pest detection approach that uses machine and deep
learning techniques. Traditional techniques used in pest detection include manual inspection and normal farming practices, both of
which tend to consume lots of time and effort. Moreover, such techniques have a higher chance of failing since they cannot detect pests
accurately. Therefore, this research aims to develop an innovative pest detection system through the implementation of a combination of
ML and DL technologies. For this purpose, CNNs will be employed in extracting characteristics from pests' images without the need for
feature extraction. Such techniques involve the use of advanced architectural designs, such as EfficientNet, ResNet, and Inception. Then,
the extracted features are processed by ML algorithms, including SVM and XGBoost. Thus, the use of the hybrid model in pest
classification enhances accuracy and efficiency. In addition, the application of image preprocessing and augmentation techniques will
contribute significantly towards improving the accuracy of pest recognition systems. The evaluation of the developed model will be
performed based-score criteria. Besides that, the effectiveness of the proposed pest detection technology will be proved by the ability of the
model to provide accurate results in real-time. In addition, such an intelligent pest recognition model could be incorporated into user-

firiendly web interfaces in order to enable farmers to upload images and receive accurate pest detection results instantly.
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1. Introduction

It should be pointed out that the agricultural sector has been
crucial for the sustainability of the world economy and food
security of all people. One of the challenges faced by most
farmers across the globe is proper identification of
agricultural pests to help mitigate losses due to damage
caused by these pests.

Traditionally, pest detection involved manual examination of
the crop fields and conventional farming practices.

Nevertheless, these traditional approaches demand a great
deal of time and effort and can be quite susceptible to errors
caused by human influence. In addition to that, an extensive
use of pesticides because of improper insect classification
may lead to deterioration of soils and possible health
hazards. The emergence of machine learning technologies
brought about several improvements as far as pest
classification and identification is concerned. For example,
machine learning techniques including Support Vector
Machines (SVM), Random Forest, and K- Nearest Neighbors
(KNN) have been utilized, resulting in enhanced accuracy in
the identification of agricultural pests.The problem was that
handcrafted feature extraction was employed in these
algorithms which limited their capability to operate under
variable conditions. In addition, the effectiveness of pest
identification through these methods depended on whether
lighting conditions and background environment were ideal.
Modern developments in the field of deep learning,
especially CNNs, have resulted in substantial progress in
classifying images automatically since such systems can
detect important features independently, increasing their
reliability. Thus, such techniques have already shown some

improvements in detecting and classifying pests. In this
work, a modern hybrid approach that combines machine
learning and deep learning approaches will be used for
efficient pest classification.

Such CNN models as Inception, Resnet, and EfficientNets
will be used to extract features while XGBoost and SVM
will perform classification. Additionally, this proposed
solution will offer numerous advantages compared to
traditional methods due to its innovative characteristics. For
example, in addition to automatic classification, this
approach can be integrated into more advanced systems to
provide farmers with an opportunity to input pictures to get
an immediate response concerning detected pests. Data
augmentation will ensure the generality of the algorithm
despite variability in environmental conditions. Another
important characteristic that will make my solution
innovative is the possibility of integrating it with other
platforms, such as websites and applications, to offer insights
on how to deal with pests. This modern approach is
characterized by several advantages, such as accuracy, speed,
low costs, etc.

2. Related Work

Smart agriculture developments have led to increased interest
in agricultural pest detection and classification studies.
Traditional studies in this field have used traditional image
processing methods combined with rudimentary machine
learning algorithms for pest recognition. Specifically,
classification algorithms like Support Vector Machine
(SVM), K- Nearest Neighbor (KNN), and Random Forest
have been used to classify pests into various categories based
on manually extracted features, such as color information,
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texture information, and shape information. The results
showed acceptable performances in laboratory settings but
exhibited weak adaptability to the actual agricultural
environment since the lighting conditions, background
complexity, and species variability played critical roles in
real-world applications.

With the emergence of computer vision, pest identification
systems began to leverage machine vision-based methods,
which enabled automated image segmentation, edge
detection, and feature extraction. Some studies employed
high- definition imaging technology in combination with
several image processing algorithms to recognize crop
disease and pest infestations. While such a solution helped
reduce manual effort, it still demanded substantial
knowledge of the domain and was not scalable for large
datasets. Currently, there is a growing trend to adopt deep
learning methods, which perform exceptionally well in image
recognition tasks. Some researchers have developed CNN-
based models like LeNet, ResNet, and Inception models to
identify pests. The CNN architecture allows extracting
hierarchical features directly from raw images without
human intervention. Furthermore, various transfer learning
strategies have become popularized in recent years to
optimize CNN models by leveraging pretrained networks.
Such methods are particularly useful when labeled datasets
are limited. In addition to this, there have been some hybrid
algorithms created which include both machine learning and
deep learning methods for the classification of agricultural
pests. Specifically, convolutional neural networks (CNN) are
used for feature extraction, whereas classification algorithms
such as XGBoost or support vector machine (SVM) can be
used to make predictions. These solutions outperform single
algorithms in terms of accuracy and efficiency. Recently,
some novel approaches have emerged to detect pests using
region-based models like Faster R-CNN and YOLO. Despite
recent improvements, current systems suffer from several
drawbacks. First, these methods require large training
datasets and significant computational resources to train
models. Moreover, these models cannot be deployed in the
real time to support farmers in making timely decisions.

Finally, most previous studies only focused on developing
pest classification models but did not offer any practical
guidance for farmers. This study attempts to overcome the
limitations associated with current approaches and introduces
a hybrid CNN model that leverages machine learning
classifiers.

3. Literature Review

Detection of agricultural pests has been extensively studied
due to its direct impact on productivity. Early literature has
considered traditional agricultural practices and manual
inspection. Farmers manually observed crops' appearance
and decided about the presence of a pest based on visual
observations. The problem with that approach is that it relies
on human expertise and knowledge, which makes detection
rather laborious, subjective, and inaccurate. The emergence
of computational approaches has led to using machine
learning algorithms in pest detection.

Various classification techniques have been explored for this

purpose, including Support Vector Machines (SVM),
Decision Trees, Random Forest, and K- Nearest Neighbors
(KNN), to effectively identify and categorize pest instances.

Such approaches require extracting meaningful features for
training a machine learning classifier, for example, using
color histograms, texture attributes, and shape information.
Those techniques helped improve the classification accuracy
significantly in comparison with the traditional inspection
methods. However, feature engineering is still labor-
intensive and requires a lot of trial and error.

Computer vision techniques became popular since they
allowed for extracting information about pests directly from
images. Image processing techniques like segmentation, edge
detection, morphological transformations, etc. helped to
detect insects on a photo but also required considerable effort
and produced poor results when environmental factors
changed.

Finally, modern advances in computer vision gave impetus
to the rise of deep learning (DL) methods to perform image
classification and detection tasks.

Convolutional Neural Networks (CNN) became very popular
since they can extract hierarchical features automatically.
Some popular networks that were successfully applied to
pest classification include LeNet, AlexNet, VGGNet,
ResNet, and inception. Transfer learning was extensively
employed in this domain to leverage pre-trained models and
reduce computational costs.

Moreover, hybrid deep learning models were created in order
to achieve even higher accuracy rates. Hybrid systems
employ CNN for features extraction and then use machine
learning algorithms to classify pests. For example, SVM and
XGBoost can be used in addition to CNN in order to
improve accuracy. Despite considerable advances, some
challenges remain unresolved — those approaches usually
need large annotated training sets and cannot operate in real-
time conditions.

Moreover, many researchers concentrate only on
detection/classification tasks leaving aside recommendations
for farmers on what actions to undertake in case pests appear.

The novelty of the present research lies in the development
of hybrid architecture that integrates advanced DL models,
takes into account real-time requirements, and offers action-
recommendations based on detection results.

4. Research Gap

Although great improvements have been achieved in
agricultural pests detection using machine learning and deep
learning models, certain aspects of the problem have not yet
been fully addressed and require further investigation.
Manual detection techniques that involve inspecting crops or
other plants manually by a farmer or any other human being
are highly dependent on human labor and experience.
Although this approach is very easy to implement, the
process takes too long due to manual work involved and the
probability of errors in detection is high, hence leading to
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damage of the crops.

Machine learning models have greatly increased the ability
to detect pests accurately in agricultural environments. The
major problem with these models is that they are dependent
on handcrafted features like colors, shapes, and textures,
making them not very adaptable to varying environmental
conditions such as changing light, background noise, and
different pests. Therefore, their performance in real- world
settings has become increasingly unpredictable.

More recent models have adopted the use of deep learning
models such as CNNs to increase detection and classification
abilities. Many of these models, however, focus on
classification rather than practical problems like
computational efficiency and real-time processing. Also,
most of the proposed models depend on large data sets and
are not easily available. In addition, most models require
extensive computation and storage capacity, rendering them
unusable in resource- constrained environments.

Most of the proposed models for pest detection and
classification also do not integrate them into user-oriented
applications. In particular, many solutions proposed by
researchers involve back-end models without any provision
of application-level software to interact with them. Besides,
most systems only offer classification of images without
providing any additional information such as advice on what
to do once the pests are detected.

Hybrid models have been successfully used in pest detection.
However, not much effort has been put into improving the
accuracy and efficiency of these models through
optimization techniques. Also, advanced techniques such as
real-time object detection, localization, and smart farming
based on IoT have not received as much attention from
researchers.

Thus, a complete solution is needed that combines advanced
machine learning techniques together with real-world
considerations such as practicality, usability, and
computational efficiency.

5. Objectives

One of the important objectives of this research study is the
design and development of a smart system that can detect
and classify pests found in agriculture using machine
learning and deep learning concepts to aid in the process of
decision making. This proposed methodology addresses
some of the shortcomings of the existing conventional pest
detection techniques. To achieve this goal, it is necessary to
create a hybrid framework, which involves the use of a
combination of CNN models and traditional machine
learning algorithms.

The first models should be applied for the automatic
extraction of features from images of different pests, while
the classifiers SVM and XGBoost should be used to achieve
high-quality classification of the objects under consideration.

Improving the quality of the dataset is another objective of
this work. By applying several preprocessing operations to

training images, including normalization, rotations, flips,
noise additions, and others, the developers can ensure that
the models are resistant to certain changes in the
environmental conditions.

Another important aspect of this work is related to designing
a system that can detect pests in real time and perform
accurate classifications of images uploaded by users. This
aspect may require designing a convenient user interface that
would allow users to upload images and receive instant
responses about their nature.

Also, it is possible to integrate the system with a web page,
mobile app, or both, in order to make the solution easily
accessible to users and encourage them to download the
application and install it on their devices.

Additionally, in the developed system, it is important to
consider the problem of pest management by implementing
intelligent decision-making capabilities into it. In particular,
the system should be able to suggest appropriate measures to
mitigate the potential damage done by identified pests.

Finally, one more objective is the assessment of the
performance of the developed system in accordance with
established metrics.

6. Methodology

This research methodology suggests creating a pest detection
system through applying an integrated approach base on
machine learning and deep learning algorithms to ensure
high accuracy and efficiency. Firstly, data collection would
include retrieving images of different pests and non-pests
from public datasets available at, e.g., Kaggle. It is vital to
have a variety of samples because they would contain
different shapes, sizes, and environments. Such variability is
necessary to develop a flexible model to cope with the
challenges of real-world agricultural practices.

Image preprocessing includes various techniques to prepare
data for further modeling, including resizing and
normalization of the images, noise reduction. Moreover, such
data augmentation techniques as rotating images, flipping
images, cropping images, and scaling images will be applied
to artificially increase the amount of input data, allowing
increasing the flexibility and generality of the future model.

Another important stage of the research includes feature
extraction and selection that allows enhancing the
performance of the model. In this case, deep learning
models, including such architectures as EfficientNet, ResNet,
Inception, and others that showed high performance for
classifying various objects will be employed. At the same
time, feature selection algorithms such as Chi2 or
SelectKBest are expected to be used to identify the most
relevant features.

The key stage of the methodology is developing a model
based on both machine learning and deep learning methods.

Firstly, CNN will be used to perform feature extraction from
images; the extracted features will serve as the basis for
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further classifying objects by such models as Support Vector
Machines, Random Forest, XGBoost, and other machine
learning algorithms. Such a hybrid approach will be effective
to improve performance and allow achieving higher accuracy
and predictability.

The last stage of this methodology involves the process of
analyzing the developed model based on various metrics. For
instance, it is important to evaluate how the system performs,
assessing its accuracy, precision, recall, and F1-score.

Moreover, to ensure that the developed model functions
effectively, a confusion matrix will be employed to evaluate
classification results.

All in all, this research methodology proposes a solution that
aims to build a scalable and efficient system capable of
detecting various types of pests.

7. Results

The hybrid agricultural pest detection system proposed
earlier in this paper was tested to examine its efficacy and
efficiency concerning accurate classification of diverse pests.
The obtained experimental results indicate the considerable
increase in performance due to the implementation of deep
and machine learning approaches within one algorithm.
More specifically, the use of advanced CNN algorithms
made it possible to improve the quality of feature extraction
and classification of pest species according to input images.

The combination of CNNs and other machine learning
algorithms such as SVM and XGBoost allowed achieving
high-level accuracy in classifying input data.

Moreover, the adoption of effective preprocessing algorithms
improved model performance since they made it possible to
overcome the dependence on orientation, lighting, and
background. Thus, the presented model managed to
generalize well across various conditions and provide similar
performance on both training and validation sets.

The performance of the hybrid model was examined by
means of measuring accuracy, precision, recall, and F1-score
values, as well as creating confusion matrices. These results
suggest that the combination of deep and machine learning
techniques within one model is more advantageous than
applying each technique individually. Moreover, it can be
noted that most pests were classified with relatively low
error rates with little misclassification between similar pests.

Considering the presented model's capabilities, it is important
to mention that the possibility of using the system in real- life
conditions is provided due to the low prediction time. With
this respect, it is necessary to emphasize that image pre-
processing and feature selection helped reduce computation
complexity and, thus, make it possible to create an efficient
prediction model.

To conclude, the conducted research allows claiming that the
developed agricultural pest detection system proves its
efficacy and efficiency in terms of accuracy and reliability.
Its real-life implementation can contribute to minimizing

crop damage. In this regard, it can be expected that such a
system would be beneficial for agricultural producers.

8. Discussion

The results achieved by the presented agricultural pest
detection system reveal how powerful the usage of deep
learning algorithms and approaches can be in solving
classification problems. In particular, the implementation of
Convolutional Neural Networks for feature extraction
revealed its great performance since the deep learning
approach used allowed learning features independently
without the need for manual feature engineering.

It should also be emphasized that hybridization of deep
learning algorithms and machine learning approaches
allowed achieving better results. In particular, the application
of CNN feature extraction combined with such classification
models as SVM or XGBoost outperformed separate
approaches. It proves that it is possible to leverage the
benefits of both approaches to improve efficiency. Feature
selection also played an important role since the application
of such strategies as Chi-Square and SelectKBest helped
reduce the computational complexity of the algorithm.

Finally, it should be said that data preprocessing and image
augmentation greatly improved the ability of the model to
generalize, which was achieved due to the introduction of
additional image variations such as flips and rotations and
even the addition of noise. All these measures allowed
increasing robustness of the system to such factors as
different light conditions and backgrounds.

However, there are several limitations associated with the
proposed approach that should be mentioned. First of all, the
performance of the presented system greatly depends on the
amount and quality of the dataset used because in case of
insufficient or poor quality of input images, the algorithm
can make mistakes in classifying similar pest types. The
same problem might arise due to the fact that deep learning
models required large amounts of computing power.

Moreover, in order to apply the model in practice, it is
necessary to provide users with a convenient way to access
it, for example, creating a web application or at least
implementing an API for connecting it. Finally, in order to
extend the capabilities of the system and achieve the goal of
detecting pests in real time, it is recommended to use such
approaches as YOLO.

9. Conclusion

In this research paper, an efficient approach to detecting pests
in agriculture is offered, which uses machine learning and
deep learning algorithms as its components. The present
approaches in pest detection face limitations related to their
reliance on primitive computing methods, visual analysis of
the situation, and low precision. In order to overcome the
mentioned drawbacks, the research offers an intelligent
framework for pest detection, which uses the power of the
CNN and machine learning algorithms like SVM and
XGBoost.

Volume 14 Issue 5, May 2026

Licensed Under Creative Commons Attribution CC BY

Paper ID: ME26509114302

DOI: https://dx.doi.org/10.70729/M E26509114302

64 of 65


https://d.docs.live.net/d6a8c8057f9144eb/Documents/www.ijser.in
http://creativecommons.org/licenses/by/4.0/

International Journal of Scientific Engineering and Research (IJSER)
ISSN (Online): 2347-3878
SJIF (2025): 8.036

As it turns out, the results produced by the suggested
approach are highly efficient in terms of precision and
reliability. This happens thanks to CNN architectures, which
allow for automatic feature extraction from images. Machine
learning models are also important when it comes to making
decisions in classification processes. Preprocessing and data
augmentation are additional aspects to consider.

Another significant factor that should be taken into account
in the development of a tool for detecting pests is modern
functionality, such as the ability to process images in real-
time and user-friendly interface. The use of the developed
intelligent system helps make decisions in the agricultural
sector, which reduces crop loss and eliminates the
unnecessary use of pesticides, leading to sustainability in
agriculture and higher productivity.

Nevertheless, there are also some challenges associated with
the need for large amounts of annotated datasets and high
computing power for training deep learning models. The
solution to these problems through the development of
algorithms and techniques for deploying such systems would
be key.

In conclusion, the above system represents an essential
milestone in the creation of smart systems for precision
agriculture.

The opportunities presented by hybrid machine learning and
deep learning models provide grounds for future
developments in the field of smart agriculture technology.
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