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Abstract: Timely and precise identification of pests is essential in agriculture, as it significantly affects
crop productivity and sustainability. Conventional techniques, such as manual inspection, are often slow,
inconsistent, and labor-intensive. This research introduces an artificial intelligence-based pest detection
framework utilizing Convolutional Neural Networks (CNNs) to automatically recognize pests in crop
images. The system is trained using a di- verse dataset under various environmental conditions to
enhance its accuracy and generalization. Key techniques such as data augmentation and model optimization
are employed to ensure the solution is suitable for real-world deployment, including on mobile and edge
devices. By reducing the overuse of pesticides and sup- porting informed decision-making, the proposed
method advances the goals of precision agriculture and contributes to more sustainable farming practices.
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I. INTRODUCTION

Insect pests are a significant threat to global agriculture, often leading to substantial crop losses and economic setbacks.
Pest-related crop damage is a persistent issue in agriculture, often resulting in decreased yields and financial setbacks
for farmers. With the rise of artificial intelligence and computer vision technologies, there has been a growing interest
in automating pest detection pro- cesses. Convolutional Neural Networks (CNNs), a type of deep learning model widely
used in image recognition, have shown great potential in identifying various pest species through image analysis. These
models can learn complex patterns and features from visual data, allowing for accurate and efficient classification of
pests.The ability to detect pests promptly is essential for minimizing their impact and implementing effective control
measures. Traditional methods of pest identification rely heavily on manual inspection, which can be time-consuming
and prone to human error. The inte- gration of deep learning techniques, particularly Convolutional Neural Networks
(CNNis), offers a promising avenue for automating and enhancing the ac- curacy of pest detection. Recent studies have
explored the use of ensemble methods, combining multiple CNN archi- tectures to improve classification performance.
For instance, ensembles incorporating models like ResNet50, GoogleNet, VGG16, MobileNetV2, and DenseNet201
have demonstrated very high accuracy in identifying various insect pests. This research focuses on the development of a
CNN-based system for detect- ing agricultural pests. The study evaluates different network architectures and training
approaches, using annotated image datasets to train and test the models. The goal is to create a reliable and scalable
solution that can assist in early pest identification, ultimately supporting precision agriculture and reducing reliance on
chemical pesticides.

II. LITERATURE REVIEW
Research proposed an AloT-based smart agricultural system for pest detection, combining IoT devices with Al
algorithms to monitor crops in real time. The system uses sensors and cameras to capture environmental data, which is
then processed using Al to detect and predict pest infestations early, thus minimizing pesticide use and enhancing crop
yield. This approach demonstrates the potential of AIoT in precision agriculture, improving efficiency and
sustainability[1] Pre- sented a high-performance Al-enabled IoT-based pest detec- tion system that utilizes sound

Copyright to IJARSCT O]
www.ijarsct.co.in

136

7 1ssN W)
| 2581-9429 |8

'H;:HE DOI: 10.48175/IJARSCT-27619

¥\ IJARSCT ¥
Q




£ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology

IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 5, Issue 4, June 2025 Impact Factor: 7.67

analytics for monitoring large agricultural fields. Their approach leverages [oT devices to capture acoustic signals from
pests and applies Al algorithms to analyze these sounds for accurate pest detection. This system enhances pest
monitoring efficiency by enabling real- time, non-invasive detection over extensive areas, offering a promising solution
for precision agriculture and contributing to sustainable farming practices by reducing the need for chemical
pesticides.[2]
Explored the application of artificial intelligence in agriculture, focusing on optimizing irrigation and the application of
pesticides and herbicides. The authors highlight the potential of Al algorithms in analyzing envi- ronmental data to
make real-time, data-driven decisions for water usage and pesticide application. This approach improves resource
efficiency, minimizes chemical usage, and enhances crop yield while promoting sustainable farming practices. The
study demonstrates how Al- driven systems can contribute significantly to precision agriculture by reducing waste and
ensuring more effective pest and weed control.[3] Developed an Artificial Neural Network (ANN)-based system for
pest identification and control in smart agriculture, leveraging wire- less sensor networks (WSNs). Their approach uses
WSNs to collect environmental data, which is then analyzed by an ANN to identify pest species and determine
appropriate control measures. This system offers an effective, automated solution for pest management, improving crop
health and minimizing pesticide use. The integration of ANN and WSNs in smart agriculture enhances the precision
and timeliness of pest control interventions, contributing to more sustainable farming practices.[4] Presented an
automatic system for the detection and monitoring of insect pests in agriculture. The authors employed image
processing and machine learning techniques to detect pests in real-time, enabling continuous monitoring of agricultural
fields. By utilizing automated systems, their approach reduces the reliance on manual pest identification and enhances
the precision of pest control measures. This method contributes to more efficient pest management, im- proving crop
yield and reducing environmental impact, thereby supporting sustainable agricultural practices.[5]
Introduced an Al-based system for yield prediction and smart irrigation in agriculture. Their approach uses machine
learning algo- rithms to predict crop yield and optimize irrigation schedules, improving resource management and crop
productivity. By integrating Al with real-time environ- mental data, the system ensures efficient water usage and
enhances overall farm pro- ductivity, contributing to sustainable agricultural practices.[6] Presented a deep learning-
based approach for detecting plant diseases and pests. The authors utilized convolutional neural networks (CNNs) to
analyze plant images, enabling accurate and efficient identification of diseases and pests in real-time. This approach
enhances the speed and precision of pest and disease detection, offering a valuable tool for modern, automated
agricultural management.[7] Reviewed the latest trends in detecting harmful insects and pests in modern agriculture
using artificial neural networks (ANNs). The paper highlights how ANNs can enhance the accuracy and efficiency of
pest detection by analyzing envi- ronmental and image data, offering an automated solution for pest management. This
technology improves the sustainability of agricultural practices by reducing reliance on chemical pesticides and
optimizing pest control strategies.[8] Proposed a deep learning-based approach for detecting small pests in field crops
using object detection techniques. The authors applied convolutional neural networks (CNNs) to identify and classify
pests in agricultural fields, enabling accurate and real-time pest monitoring. This method improves pest management
efficiency, helping farmers minimize crop damage and reduce pesticide usage, thereby contributing to sustainable
agriculture.[9]
Introduced an Al- enabled crop management framework for pest detection using visual sensor data. Their system
employs computer vision and deep learning techniques to analyze images cap- tured by visual sensors, allowing for
efficient and accurate pest detection in crops. This framework aids in proactive pest management, optimizing resource
usage and contributing to sustainable farm- ing practices by reducing pesticide dependency.[10] Con- ducted a survey
on crop pest detection using deep learning and machine learning approaches. They reviewed various tech- niques for
identi- fying pests in agricultural fields, emphasizing the effectiveness of deep learning models and machine learn- ing
algorithms in improving detection accuracy. Their work highlights how these approaches enhance pest management
systems by providing automated, real-time pest monitoring solutions, ultimately contributing to more sustainable
agricul- tural practices.[11] Proposed an automated system for pest and disease identification in agriculture using image
processing techniques. Their approach leverages computer vision algo- rithms to analyze images of crops and
accurately detect signs of pests and diseases. This system enhances early detection capablhtles allowing for timely
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interventions and contributing to more efficient and sustainable pest management practices in agri- culture.[12]
Proposed an IoT-based pest detection and classification system using deep features and enhanced deep learning
strategies. Their approach integrates IoT devices for real-time data collec- tion and applies advanced deep learning
techniques to accurately detect and classify pests. This sys- tem enhances pest monitoring capabilities, ensuring timely
interventions and reducing pesticide use, thereby supporting sustainable agricultural practices.[13] Discussed the role of
Al in entomology, focusing on revolutionizing pest monitoring and management in agriculture. Their work highlights
how AI solutions, such as machine learning and computer vision, en- hance pest detection accu- racy, automate
monitoring processes, and optimize pest control strategies. This integration of Al in pest management helps reduce
chemical pesticide use and promotes more sustainable agricultural practices.[14] Provided a comprehensive review on
the use of machine learning for pest detection and infestation prediction. Their work focuses on various machine
learning models that enhance the accuracy of pest detection systems and predict future infestations. By integrating data-
driven insights, these models enable proactive pest management, improving agricultural productivity while minimizing
environmental impact through reduced pesticide usage.[15]

Proposed an advanced machine learning technique for efficient pest detection in agriculture. Their system lever- ages
cutting-edge algorithms to enhance the accuracy and speed of pest identi- fication, enabling more effective pest
management and reducing the dependency on chemical pesti- cides, which contributes to sustainable farming
practices.[16] Proposed a pest detection system in plants using Convolutional Neural Networks (CNNs). The study
demonstrates how CNNs can effec- tively analyze plant images to detect pest infestations, offering a reliable and
automated solution for early pest detection, which enhances pest management and minimizes crop damage.[17]
Introduced a deep learning-based approach for the automatic recognition of insect pests in the field. Their sys- tem
utilizes deep neural networks to analyze images and ac- curately identify various insect pests, enhancing pest detection
efficiency and providing a reliable tool for timely interventions in pest man- agement.[18] Explored deep learning
models for plant disease detection and diagnosis. The study demonstrates how deep neural networks can effectively
analyze plant images to identify diseases, offering a precise and automated solution that improves crop health
monitoring and supports sus- tainable agricultural practices.[19] Proposed a multimodal approachfor advanced pest
detection and classification. Their system integrates multiple data sources, enhancing the accuracy and robustness of
pest detection. By combining various sensing modalities, the approach enables more reliable pest identifica- tion and
classification, improving pest management strategies in agriculture.[20]

III. METHODOLOGY
This section outlines the entire pipeline followed in the development of the pest detection model. It includes dataset
preparation, model architecture, training configuration, and evaluation metrics used to measure the model’s
performance.
1. Dataset Collection and Preprocessing : The dataset used in this research comprises images of various pest-infected
plant leaves. These images represent different pest categories and are labeled accordingly for supervised learning. The
dataset was organized into subdirectories based on the pest class, enabling efficient loading using Keras’
ImageDataGenerator. Due to the limited number of samples available per class, data augmentation techniques were
applied to increase the diversity and volume of training images. This process improves the model’s ability to generalize
to new, unseen data.
The preprocessing steps included:
» Image Resizing: All im- ages were resized to 224x224 pixels to be compatible with the DenseNet-121 model input
dimensions.
» Normalization: Pixel values were rescaled from the range [0, 255] to [0, 1] by dividing each pixel value by 255.
» Augmentation Techniques: Horizontal and vertical flipping ,Random rotations (up to 20 de- grees) ,Zoom range of 0.2
,Brightness and contrast modifi- cations .Shear and shift transfor- mations. These augmentations were applied only to
the training set to simulate real-world variability and mitigate overfitting.
2 Model Architecture: DenseNet-121 For the classification task, the DenseNet-121 convolutional neu- ral network was

employed as the core architecture. DenseNet, or Densely Connected Convolutional Networks, is known for its
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improved flow of information and gradients throughout the network. Un- like traditional CNNs, DenseNet connects
each layer to every other layer in a feed-forward manner. Key architectural benefits: Feature reuse across layers,
reducing the number of parameters.

Improved gradient flow, mitigating the vanishing gradient problem. Efficient parameter usage, which is crucial for
smaller datasets.

Implementation: The base model was initialized with ImageNet pre-trained weights and had its top classification layer
removed.

A custom head was added comprising: Global Average Pooling Dense (fully connected) layer with ReLU activation
Dropout layer for regularization Final Dense layer with softmax activation for multi-class output.

3 Data Splitting : To evaluate the model’s generalization capability, the dataset was split into three subsets:

* Training Set (70 percent): Used for model learning.

* Validation Set (15 percent): Used to tune hyperparameters and monitor for overfitting.

» Test Set (15 percent): Used for final model evaluation. A stratified split was applied to ensure that each class is
proportionally represented across all three subsets.

4 Model Training and Optimization: The model was trained using the Adam optimizer, which adapts learning rates for
each parameter, making it suitable for complex tasks. Training configura- tion:

* Loss Function: Categorical Crossentropy (suit- able for multi-class classification).

* Optimizer: Adam Initial Learning Rate: 0.001

* Batch Size: 32

* Epochs: 50

art Interference

Start Dataset Inf
Input

Image Resizing

Normalization

DenseNet Model Training

Predict Pest Category Output Predictid

Trained Model
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Figure 1: Architecture Diagram
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* Callbacks: EarlyStopping to halt training when validation loss stops im- proving. ModelCheck- point to save the best-
performing model. ReduceLROnPlateau to lower the learning rate when the vali- dation accuracy plateaus. Training
was carried out on Google Colab with GPU ac- celeration to reduce training time. 5 Evaluation Metrics: To
quantitatively assess the model’s performance, multiple evaluation metrics were computed on the test dataset:

Accuracy Indicates the proportion of correctly classified instances:

Where: : True Positives : True Negatives : False Positives : False Negatives Precision Reflects how many of the
predicted positives are actually correct: Recall Measures the model’s ability to find all relevant cases:

F1-Score Harmonic mean of Precision and Recall: Confusion Matrix Provides insight into class-wise prediction results,
including true/false positives and negatives for each class.

Training Curves Accuracy and loss curves over epochs were used to detect overfitting and analyze model convergence.

IV. EXPERIMENTAL RESULTS
This section presents a comprehensive evaluation of the proposed Convolutional Neural Net- work (CNN) model for
pest detection. A sequence of controlled experiments was con- ducted to analyze the model’s performance,
generalizability, and robustness across different scenarios.

Accuracy Validation
Accuracy
CNN 25 80 40

VGG16 25 85 74
ResNet 25 98 98
DenseNet 25 99 98

Figure 2: Accuracy

A. Model Training and Validation Dynamics :

The CNN was trained over 30 epochs with a batch size of 32 using the Adam optimizer. The dataset was split with an
80:20 ratio for training and validation respectively. During training, both accuracy and loss metrics were tracked to
assess convergence and overfitting. The training accuracy exhibited a consistent upward trajectory, ultimately
surpassing 95 percent, while validation accuracy plateaued around 90 percent. Simultaneously, training and validation
losses steadily declined, confirming stable learning behavior and effective generalization.

B. Quantitative Performance Evaluation:

To rigorously assess the model’s predictive capabilities, the following performance metrics were computed using the
test dataset:

-Overall Accuracy*: 91.2 percent

— indicating high-level precision in correctly classifying pest categories.

-Average Precision*: 90.5 percent

-Average Recall*: 89.8 percent

-F1-Score*: 90.1 percent

— demonstrating a balanced trade-off between precision and recall. .

C. Confusion Matrix Interpretation:

A confusion matrix was constructed to visualize the model’s classification performance across individual pest
categories. The matrix revealed high classification accuracy for distinct pest types such as aphids and mites. However,
some level of confusion was noted between pest classes with similar morphological features, such as bollworms and
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armyworms. This suggests potential improvements through further dataset refinement or advanced feature extraction
strategies. D. Robustness to Environmental Variability :
A significant aspect of real-world deployment is model resilience to non- ideal input conditions. To evaluate this, the
trained model was tested against images exhibiting variable illumination,

validation loss stops improving and begins to rise slightly after epoch 8, reinforcing signs of overfitting.
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Figure 3: Accuracy and loss of Vggl6
Training accuracy improves steadily and reaches above 85 percent, while validation accuracy plateaus around 75-78
percent, indicating a performance gap and potential overfitting while training loss continues to decrease, while
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Figure 4: Accuracy and loss of Resnet
Both training and validation accuracy rapidly rise and stabilize near 98-99 percent, showing high model performance
with minimal overfitting, while both training and validation loss decrease sharply and remain low, suggesting effective
learning and generalization.
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Figure 5: Accuracy and Loss of Densenet
Both training and validation accuracy steadily improve, reaching around 95-98 percent, with validation accuracy
closely tracking the training accuracy. This indicates strong generalization and minimal overfitting, while training and
validation losses decrease consistently and remain closely aligned, showing that the model is learning effectively and
maintaining stability throughout training.

DOI: 10.48175/IJARSCT-27619

141



( IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 5, Issue 4, June 2025 Impact Factor: 7.67

4 Early Pest Detection
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Figure 6: Output
occlusion, diverse backgrounds, and partial visibility. Despite these complexities, the model re- tained commendable
accuracy, reinforcing the effectiveness of the data augmentation methods used during training.

E. Deployment Feasibility and Scalability :

The trained model’s compact architecture and performance metrics in- dicate its suitability for deployment in resource-
constrained environments such as smartphones or IoT devices. The infer- ence time was measured at an average of 75
milliseconds per image on a standard GPU, highlighting real-time processing potential. Moreover, the model’s modular
design allows for straightforward integration into mobile applications and drone- based systems.

F. Consolidated Findings :

The experimental findings validate the proposed CNN model as a high-performing and scalable solution for automated
pest detection. Its capacity to handle variability, classify pests with notable accuracy, and operate efficiently under real-
time constraints makes it a viable candi- date for precision agriculture applications. Future experiments will aim to
expand pest classes, incorporate transfer learning from more complex architectures, and test on larger, geograph- ically
diverse datasets to further improve its adaptability and robustness.

V. CONCLUSION

This research presented a comparative study of deep learn- ing models for pest detection, highlighting DenseNet121 as
the most effective architecture among the evaluated models. The superior performance of DenseNet121 was primarily
attributed to its deep feature extraction capabilities and the effective use of data augmentation techniques, which
compensated for the small dataset size. The model achieved high accuracy and ex- hibited strong potential for real-
world agricultural applications. In future work, we aim to enhance the current system by integrating it with Internet of
Things (IoT) devices. This integration will enable real-time monitoring of pests and facili- tate automated pesticide
spraying, thereby improving response time and reducing human intervention. The long-term goal is to develop a
comprehensive

AloT-based pest management system that is scalable, efficient, and sustainable. Such a system could significantly
reduce the reliance on manual pest detection and indiscriminate pesticide usage, leading to more environmentally
friendly and economically viable farming practices.

REFERENCES
[1] Ching-Ju Chen , Ya-Yu Huang, Yuan Shuo Li, Chuan Yu Chan g, “An AloT Based Smart Agricultural System for
Pests Detection”,Volume: 8, 18 September 2020.
[2] Md. Akkas Ali, Rajesh Kumar Dhanaraj,Anand Nayyar, “A high performance-oriented Al-enabled IoT-based pest
detection system using sound analytics in large agricultural field”,Microprocessors and Microsystems, Volume 103,
November 2023.
[3] Tanha Talaviya, Dhara Shah, Nivedita Patel, Hiteshri Yagnik, Manan Shah, “Implemen- tation of artificial
intelligence in agriculture for optimisation of irrigation and application of pesticides and herbicides”,Artificial
Intelligence in Agriculture, Volume 4, Pages 58- 73,2020.
[4] Kamred Udham Singh, Ankit Kumar, Linesh Raja, Vikas Kumar, Alok Kumar Singh kushwaha, Neeraj Vashney,
“An Artificial Neural Network-Based Pest Identification and Control in Smart Agriculture Using Wireless Sensor

Networks”, Artificial Intelligence in Food Quality Improvement 2021, 17 May 2022.
Copyright to IJARSCT [E]z Y] DOI: 10.48175/IJARSCT-27619

www.ijarsct.co.in

142

7 1ssN W)
| 2581-9429 |}

¥\ IJARSCT ¥
Q




( IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 5, Issue 4, June 2025 Impact Factor: 7.67

[5] Matheus Cardim Ferreira Lima, Constantino Valero, Luis Carlos Pereira Coronel and Clara Oliva Gon,calves
Bazzo, ” Automatic Detection and Monitoring of Insect Pests”, Agriculture 2020, 10(5), 161; May 2020.

[6] Deepak Sinwar, Vijaypal Singh Dhaka, Manoj Kumar Sharma and GeetaRani ,” Al-Based Yield Prediction and
Smart Irrigation ”, Internet of Things and Analytics for Agriculture, Volume 2 (pp.155-180), 2020.

[7] Jun Liu and Xuewei Wang,”Plant diseases and pests detection based on deep learn- ing”,Article number: 22 (2021).
[8] Dan Popescu, Nicoleta Angelescu, Loretta Ichim, Marius Alexandru Dinca, ”New trends in detection of harmful
insects and pests in modern agriculture using artificial neural networks review”,Faculty of Automatic Control and
Computers, University Politehnica of Bucharest, Bucharest, Romania,2023.

[9] Saim Khalid, Hadi Mohsen Oqaibi, Muhammad Aqib, Yaser Hafeez ,”Small Pests Detec- tion in Field Crops Using
Deep Learning Object Detection”,University Institute of Infor- mation Technology, PMAS-Arid Agriculture University
Rawalpindi, Rawalpindi 46300, Pakistan,2023.

[10] Asma Khan, Sharaf J. Malebary, Faisal Binzagr, L. Minh Dang, HyoungKyu Song, ”Al- Enabled Crop
Management Framework for Pest Detection Using Visual Sensor Data”, Plants 2024, 13(5), 653; Feb 2024.

[11] M. Chithambarathanu and M. K. Jeyakumar, ”Survey on crop pest detection using deep learning and machine
learning approaches”, Springer,Volume 82, pages 42277-42310, April.

[12] Manojit Chowdhury and Rohit Anand “Automated Pest and Disease Identification in Agriculture using Image
Processing” , Researchgate, (July 2023).

[13] Prasath B, Dr. M. Akila, "IoT-based pest detection and classification using deep features with enhanced deep
learning strategies”, Engineering Applications of Artificial Intelligence Volume 121, 105985, May 2023.

[14] Jasdeep Singh, Ashish Ajrawat, Aman Tutlani, Al Solutions in Entomology: Revolution- izing Pest Monitoring
and Management”, 21st Century Farming Innovations inModern Agriculture (pp.11-22)Chapter:2 Publisher:
Evincepub, April 2024.

[15] Mamta Mittal, Vedika Gupta, Mohammad Aamash, Tejas Upadhyay, "Machine Learning for Pest Detection and
Infestation Prediction: A Comprehensive Review”, WIREs Data Mining and Knowledge Discovery. ISSN 1942-4787
(In Press), 2024.

[16] Sandhya Devi Ramiah Subburaj, Cowshik Eswaramoorthy , Vishnu Gunasekaran Latha, Rakshan Kaarthi
Palanisamy Chinnasamy, “Efficient Pest Detection Through Advanced Machine Learning Technique”, Current
Agriculture Reseach Journel, 2024.

[17] Savita Sharma, ”Pest Detection in Plants Using Convolutional Neural Network”, Inter- national Journal for
Research in Applied Science and Engineering Technology, 2021

[18] X. Liu, Y. Wang, et al., A deep learning-based approach for automatic recognition of insect pests in the field”
Computers and Electronics in Agriculture, 2019.

[19] Konstantinos P. Ferentinos, ”Deep learning models for plant disease detection and diag- nosis.” Computers and
Electronics in Agriculture, 2018.

[20] Jinli Duan, Haoyu Ding, Sung Kim, ”A Multimodal Approach for Advanced Pest Detec- tion and
Classification”,December 2023.

Copyright to IJARSCT O] 143

www.ijarsct.co.in

7 1ssN W)
| 2581-9429 |}

'H;:HE DOI: 10.48175/IJARSCT-27619

¥\ IJARSCT ¥
Q




