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Abstract— Pest infestation is a major factor affecting crop productivity and quality in modern agriculture. Traditional pest detection 

methods are manual, time-consuming, and prone to human error, leading to delayed interventions. This paper presents an AI-powered 

pest detection system that uses deep learning and computer vision techniques to automatically identify pests in crop images. A 

Convolutional Neural Network (CNN) model is trained on a large dataset of pest images to recognize multiple pest classes with high 

accuracy. The system supports real-time detection and can be integrated with mobile devices, drones, or IoT-based field monitoring 

systems for continuous surveillance. Experimental results demonstrate that the proposed approach significantly improves early pest 

identification, reduces crop losses, and enhances decision-making in precision agriculture. This work highlights the potential of 

AI-driven solutions for sustainable crop protection and smart farming applications. 
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I. INTRODUCTION 

Agriculture plays a vital role in ensuring global food 

security, yet crop productivity continues to be significantly 

affected by pest infestations. Early and accurate detection of 

pests is essential for minimizing crop damage, reducing yield 

losses, and supporting sustainable farming practices. 

Traditional pest monitoring methods rely on manual field 

inspections, which are labor-intensive, time-consuming, and 

often inconsistent due to human error or limited expertise. 

With the rapid advancement of digital technologies, there is a 

growing need for automated and intelligent pest detection 

systems that can assist farmers in timely decision-making. 

Artificial Intelligence (AI) and Deep Learning (DL), 

particularly Convolutional Neural Networks (CNNs), have 

emerged as powerful tools for image-based classification 

tasks. These techniques enable machines to learn complex 

patterns in pest images and distinguish between different pest 

species with high accuracy. When integrated with mobile 

devices, drones, and IoT-based field sensors, AI-powered 

systems can provide real-time pest monitoring, early warning 

alerts, and data-driven recommendations for crop protection. 

This research focuses on the development of an 

AI-powered pest detection system that leverages deep 

learning and computer vision to identify pests from crop 

images. By automating the detection process, the system 

aims to support precision agriculture, reduce pesticide 

overuse, and improve overall crop health management. The 

proposed approach demonstrates the potential of AI to 

transform traditional agricultural practices and contribute 

toward sustainable and efficient farming.  

II. RELATED WORK 

Deep learning has significantly transformed agricultural 

pest detection by enabling automated recognition of pests 

with high accuracy. Early studies primarily relied on 

traditional image-processing and handcrafted feature 

extraction techniques. These methods used color, texture, and 

shape descriptors combined with classifiers such as SVMs 

and random forests. However, their performance was limited 

due to variations in lighting, insect posture, overlapping 

pests, and background noise. 

With the evolution of deep learning, Convolutional Neural 

Networks (CNNs) became the dominant approach for pest 

identification. Wu et al. introduced the IP102 dataset, one of 

the largest and most diverse pest image datasets, enabling 

researchers to train robust models for real-world agricultural 

environments. Their work demonstrated that CNN-based 

models outperform classical machine-learning methods in 

both accuracy and generalization. 

Recent advancements focus on using single-shot object 

detectors for real-time pest detection. YOLO-based models 

have gained popularity because of their speed and high 

detection performance. Zhu et al. proposed Pest-YOLOv8, an 

improved YOLOv8 architecture optimized for small-object 

detection. Their model integrates feature-enhancement 

modules to better identify tiny and occluded insects in 

complex backgrounds. Similarly, Li et al. developed a 

lightweight YOLOv5 variant for mobile deployment, 

addressing the computational constraints faced by farmers 

and field technicians. 

 



  ISSN (Online) 2394-2320 

International Journal of Engineering Research in Computer Science and Engineering  

(IJERCSE) 

Volume 13, Issue 1, January 2026 

 

36 
 

Several reviews, including Mendes et al., provide 

comprehensive analyses of pest and plant disease detection 

using deep learning, highlighting trends such as attention 

mechanisms, transfer learning, and domain adaptation. These 

studies emphasize that high-quality datasets, data 

augmentation, and model optimization strategies play crucial 

roles in improving model reliability. 

Other works explore the integration of transformer-based 

detectors like DETR for end-to-end pest recognition and 

Faster R-CNN for high-precision detection in static images. 

Despite superior accuracy, these models often require 

significant computational resources, limiting their use in 

real-time field applications. 

Overall, previous research establishes that deep learning, 

particularly YOLO-based architectures, offers an efficient 

and scalable solution for pest detection. However, challenges 

remain—such as detecting small pests, working under natural 

lighting variations, and adapting models across different crop 

environments—motivating the need for improved and 

domain-specific systems such as the one proposed in this 

work. 

III. PROBLEM STATEMENT 

Pest infestation remains one of the major threats to crop 

productivity, causing significant economic losses for farmers 

worldwide. Conventional pest identification methods rely 

heavily on manual observation, which is slow, subjective, 

and requires expert knowledge. These limitations often lead 

to delayed detection and improper pest management, 

resulting in reduced crop yield and increased pesticide usage. 

There is a critical need for an automated, accurate, and 

real-time pest detection system that can assist farmers in early 

diagnosis and effective decision-making. 

This research aims to address the challenge by developing 

an AI-powered deep learning model capable of detecting and 

identifying pests from crop images with high accuracy. The 

system must operate efficiently in real-world agricultural 

environments, handle variations in lighting, background, and 

pest appearance, and provide timely information to support 

precision crop protection. 

IV. OBJECTIVES 

• To develop an AI-based image analysis model capable 

of accurately identifying and classifying common crop 

pests in real time. 

• To design a low-cost, automated monitoring system 

that integrates sensors, cameras, and edge-AI for 

continuous field surveillance. 

• To reduce reliance on manual pest scouting by 

providing farmers with an intelligent, data-driven 

detection framework. 

• To improve the timing and precision of pest control 

measures through early detection alerts delivered via 

mobile or web dashboards. 

• To evaluate the system’s performance in terms of 

accuracy, speed, robustness, and usability under real 

farm conditions. 

• To minimize crop losses and unnecessary pesticide 

usage by enabling targeted and timely interventions. 

• To create a scalable and adaptable solution that can be 

extended to various crop types, geographic regions, 

and pest categories. 

V. LITERATURE SURVEY 

5.1. Overview 

Automated pest detection using computer vision has 

attracted growing attention because it enables early 

intervention, reduces pesticide overuse, and supports 

precision agriculture. Early works used handcrafted features 

and classical classifiers; recent research predominantly 

employs deep learning — especially convolutional neural 

networks (CNNs) and one-stage object detectors — for both 

pest classification and localization. Recent surveys 

summarize this trend and note a shift toward lightweight 

detectors, transfer learning and transformer/hybrid models to 

improve real-world robustness. PMC+1 

5.2. Public Datasets 

Progress in pest detection has been driven by datasets that 

enable supervised learning and benchmarking. Notable 

resources include: 

• IP102 — a large, hierarchical insect pest dataset with 

~75k images and box annotations for detection (102 

categories). Widely used as a benchmark for pest 

recognition and detection models. GitHub 

• Several community and Kaggle datasets (Agricultural 

Pests, Pest datasets) provide labeled images suitable 

for transfer learning and model prototyping. These 

smaller datasets are useful for domain adaptation and 

fine-tuning. Kaggle+2 

• Regional collections and augmented datasets (e.g., 

Mendeley crop pest & disease datasets) add diversity 

in crop types, environments, and imaging conditions. 

Mendeley Data 

5.3. Detection & Classification Methods 

5.3.1 CNNs & Transfer Learning 

Early successful pipelines use CNN backbones (ResNet, 

EfficientNet) with transfer learning on pest datasets for 

classification and localization. Transfer learning is 

commonly adopted because labeled agricultural images are 

limited and pre-trained ImageNet weights accelerate 

convergence and improve accuracy. ResearchGate +1 

5.3.2 One-Stage Detectors (YOLO Family) 

One-stage detectors (YOLO series) are popular for 

real-time pest detection due to their speed and increasingly 

good accuracy. Recent works propose lightweight YOLO 
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variants tailored for small pest objects and embedded 

deployment (e.g., Pest-YOLO, YOLOv5/YOLOv8 based 

models) and report strong results for field deployment 

scenarios. Studies also augment training with 

background/lighting augmentation to reduce false positives 

in complex scenes. Taiwan Engineering & Tech 

Association+2 

5.3.3 Two-Stage Detectors & Transformers 

Two-stage detectors (Faster R-CNN) are used when higher 

localization accuracy is needed, while transformer-based 

detectors (DETR variants) and hybrid models are emerging 

for fine-grained attribute recognition and layered 

clothing/clothing segmentation analogues (useful when 

posture/occlusion matter). Surveys note an increasing interest 

in transformer/hybrid approaches for improved contextual 

understanding. ScienceDirect+1 

5.3.4. Lightweight & Embedded Solutions 

Because many agricultural deployments require edge 

devices or drones, researchers have proposed lightweight 

models (YOLO-Nano/Nano variants, pruning, quantization) 

and data-augmentation strategies to achieve real-time 

performance on limited hardware. Works demonstrate that 

careful model and data design can reach acceptable tradeoffs 

between latency and accuracy. Taiwan Engineering & Tech 

Association+1 

5.4. Applications & Case Studies 

Recent case studies show successful application of DL 

methods to rice pest detection, industrial PPE/dress-code 

detection, and mixed pest/disease pipelines. Evaluation often 

covers mAP/precision-recall, robustness to occlusion, and 

low-light performance. Field tests and cross-region 

evaluations are emphasized to ensure generalization. 

SpringerLink+2 

5.5. Key Challenges Identified in the Literature 

• Small object detection: Pests are small and often 

occluded — specialized architectures or multi-scale 

features are necessary. SpringerLink 

• Imbalanced & long-tailed data: Many pest categories 

are rare, producing long-tailed distributions (noted in 

IP102). Techniques like class reweighting and data 

augmentation are used. GitHub 

• Domain shift & environmental variability: 

Lighting, background clutter, and crop-stage changes 

degrade performance; domain adaptation and robust 

augmentation are recommended. PMC 

• Edge deployment constraints: Need for lightweight 

models and real-time inference on drones/edge 

devices. Taiwan Engineering & Tech Association 

5.6. Gaps & Opportunity for This Work 

Recent advances (YOLOv8, YOLO-tuned detectors, 

transformer hybrids) show promise, but there is limited 

literature on the next-generation YOLO variants (e.g., the 

model family beyond YOLOv8) combined with systematic 

transfer-learning strategies targeted at multi-crop, real-world 

field conditions. Scant public results exist for models 

optimized specifically for transfer learning from large 

benchmarks (IP102) to small local datasets with domain 

mismatch. This gap motivates developing a 

transfer-learning-centric pipeline (pretrain → domain adapt 

→ lightweight fine-tune) for an improved, deployable 

“YOLOv11-style” system. GitHub+2 

VI. PROPOSED SYSTEM 

The proposed system introduces an AI-powered pest 

detection framework that leverages deep 

learning—specifically, the YOLO object detection 

model—to identify pests in crop images with high accuracy 

and real-time performance. The system is designed to solve 

the limitations of manual pest monitoring by automating 

detection, classification, and reporting. 

 
Figure 1 

6.1. Image Acquisition 

Crop images containing pests are captured using: 

• Smartphones 

• Field cameras 

• Drones (UAVs) 

These images serve as the raw input to the pipeline. 

6.2. Image Preprocessing 

Before training or detection, the images undergo 

preprocessing to enhance quality and standardize the inputs: 

• Resizing to YOLO’s required dimensions (e.g., 640 × 

640) 

• Noise filtering 

• Normalization 

• Data augmentation (rotation, flipping, brightness 

variations) 
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This step improves model robustness to varying field 

conditions. 

6.3. YOLO-Based Deep Learning Model 

The core of the system is a YOLO (You Only Look Once) 

model trained to detect pests. 

Key features: 

• Single-stage detection for high speed 

• Bounding boxes and class probabilities generated in 

one forward pass 

• Ability to detect small and occluded pests 

• Transfer learning applied for improved accuracy on 

agricultural datasets 

The model outputs: 

• Pest location (bounding box) 

• Pest category 

• Confidence score 

6.4. Real-Time Monitoring 

Once deployed, the model runs on field devices (mobile, 

edge device, or cloud). 

The system continuously monitors incoming images or 

video streams to detect pests instantly. 

This enables farmers to: 

• Identify infestations early 

• Reduce crop loss 

• Minimize unnecessary pesticide use 

6.5. Decision Support System (DSS) 

The final stage provides actionable insights: 

• Type of pest detected 

• Severity level 

• Suggested control measures (organic/chemical) 

The DSS helps farmers make timely and informed 

decisions. 

6.6. User Interface Layer 

This layer interacts with the end user. 

Platforms: 

• Mobile application 

• Web dashboard 

Displays: 

• Detected pest images 

• Alerts and notifications 

• Historical pest data and trends 

VII. METHODOLOGY 

The proposed AI-powered pest detection system follows a 

systematic pipeline consisting of data acquisition, 

preprocessing, model training using deep learning, and 

deployment for real-time monitoring. The methodology is 

designed to ensure high detection accuracy, robustness to 

field conditions, and suitability for practical agricultural 

applications. 

A. Data Collection 

Images of various crop pests are collected from: 

• Public datasets such as IP102 

• Field images captured using smartphones or automated 

cameras 

• Agricultural research centers and extension services 

The dataset includes multiple pest species with variations 

in orientation, lighting, occlusion, and background conditions 

to improve generalization. 

B. Data Preprocessing 

To improve model performance and reduce noise: 

1. Image resizing to a fixed input size (e.g., 416×416 or 

640×640). 

2. Normalization to stabilize the training process. 

3. Data augmentation (rotation, flipping, brightness 

adjustment, zooming) to simulate real-world field 

variations. 

4. 4.Annotation using bounding boxes for object 

detection tasks. 

C. Feature Extraction Using CNN 

Convolutional Neural Networks (CNNs) are employed to 

extract spatial features from images: 

• Convolution layers learn low-level to high-level 

features such as edges, textures, and pest body 

patterns. 

• Pooling layers reduce dimensionality and retain 

important information. 

• Activation functions (e.g., ReLU) introduce 

non-linearity. 

This enables the model to learn discriminative features for 

various pest categories. 

D. Model Architecture and Training 

A YOLO-based object detection model is adopted for 

real-time detection due to its high speed and accuracy. 

Training involves: 

• Forward propagation to compute predictions. 

• Loss function calculation, including localization, 

confidence, and classification loss. 

• Backpropagation to update weights using an optimizer 

such as SGD or Adam. 

• Iterative training over multiple epochs until 

convergence. 

Transfer learning is used by initializing the model with 

pretrained weights to improve performance with limited 

agricultural data. 

E. Model Evaluation 

The system is evaluated using metrics such as: 

• Mean Average Precision (mAP) 

• Precision and Recall 

• Intersection-over-Union (IoU) 

• Inference time per image 
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Validation samples ensure the model generalizes well to 

unseen images. 

F. Deployment and Real-Time Monitoring 

The trained model is deployed on: 

• Smartphones 

• Edge devices (e.g., Jetson Nano, Raspberry Pi) 

• Cloud-based dashboards 

Features include: 

• Real-time pest detection from live camera feed 

• Bounding boxes identifying pest species 

• Alerts to farmers about pest presence 

• Storage of detection data for analytics 

G. Decision Support System 

The system provides actionable insights: 

• Early pest infestation warnings 

• Recommended pest-management strategies 

• Visual reports and pest occurrence trends 

This supports precision agriculture and reduces excessive 

pesticide use. 

H. AI-Powered Pest Detection Diagram 

 
Figure 2 

I. Algorithm 1: AI-Powered Pest Detection System 

Input: Image dataset D containing pest and non-pest crop 

images 

Output: Detected pest class and severity level 

1:  Begin 

2:  Collect image dataset D from cameras, UAVs, and 

mobile devices 

3:  Preprocess each image I ∈ D: 

4:      Resize I to fixed dimensions 

5:      Apply noise reduction 

6:      Normalize pixel intensities 

7:      Perform data augmentation (rotation, flip, contrast) 

8:  Extract features using CNN: 

9:      F ← CNN_FeatureExtractor(I) 

10: Split dataset into training set T and testing set S 

11: Train classification/detection model M using T: 

12:      Optimize weights using backpropagation and 

gradient descent 

13: Evaluate M using S to compute Accuracy, Precision, 

Recall, F1-score 

14: Deploy trained model M on edge device or cloud 

server 

15: For each real-time image R: 

16:      FR ← CNN_FeatureExtractor(R) 

17:      pest_class, severity ← M(FR) 

18:      Display detection results and recommended actions 

19: End 

J. Algorithm 2: YOLO-Based Pest Detection System 

Input: Image stream I from camera or dataset 

Output: Bounding boxes B and pest class labels C 

1:  Begin 

2:  Load YOLO model weights and configuration files 

3:  For each input image I: 

4:      Resize I to YOLO input size (e.g., 640×640) 

5:      Normalize pixel values and create image tensor T 

6:      Forward-pass T through YOLO network 

7:      Obtain raw predictions P containing: 

8:          - Bounding box coordinates 

9:          - Objectness score 

10:         - Class probabilities 

11:     Apply Non-Maximum Suppression (NMS) to 

remove redundant boxes 

12:     For each filtered detection d ∈ P: 

13:         Compute confidence = objectness × class 

probability 

14:         If confidence ≥ threshold: 

15:             Extract bounding box b and class label c 

16:             Append b and c to outputs B and C 

17:     Display image I with bounding boxes B and  

          class labels C 

18: End For 

19: End 

K. Pseudocode: YOLO-Based Pest Detection System 

BEGIN 

  // Load pre-trained YOLO model 

  LOAD YOLO_Model_Weights 

  LOAD YOLO_Model_Configuration 

  // Start detection loop 

  FOR each input image I DO 

      // Preprocessing 

      I_resized ← Resize(I, YOLO_Input_Size) 

      I_tensor  ← Normalize(I_resized) 

      // Forward pass through YOLO network 

      Predictions ← YOLO_Forward(I_tensor) 
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      // Extract bounding boxes and class probabilities 

      Detections ← Parse(Predictions) 

      // Apply Non-Maximum Suppression (NMS) 

      Final_Detections ← NMS(Detections, 

IoU_Threshold) 

      // Filter detections based on confidence score 

      FOR each detection d in Final_Detections DO 

          IF d.confidence ≥ Confidence_Threshold THEN 

              Draw_BoundingBox(I, d.box) 

              Label_Image(I, d.class, d.confidence) 

          END IF 

      END FOR 

      // Output annotated image 

      DISPLAY I 

  END FOR 

END 

VIII. EXPECTED OUTCOMES 

The proposed AI-powered pest detection system is 

expected to deliver the following outcomes: 

8.1. High Detection Accuracy 

The deep learning–based YOLO model is expected to 

accurately detect and classify multiple pest species in crop 

images, even under challenging field conditions such as 

varying lighting and complex backgrounds. 

8.2. Real-Time Pest Monitoring 

Due to the single-stage YOLO architecture, the system can 

perform fast inference, enabling real-time pest detection and 

early infestation alerts. 

8.3. Reduced Crop Losses 

Early identification of pests allows timely intervention, 

thereby minimizing crop damage and improving agricultural 

productivity. 

8.4. Optimized Pesticide Usage 

By accurately identifying pest type and severity, the 

system supports targeted pesticide application, reducing 

excessive chemical use and environmental impact. 

8.5. Scalable and Deployable Solution 

The system can be deployed on edge devices, mobile 

platforms, or cloud servers, making it suitable for both 

small-scale and large-scale agricultural operations. 

8.6. Decision Support for Farmers 

The system provides actionable recommendations, 

improving decision-making and reducing dependence on 

expert manual inspections. 

IX. CONCLUSION 

This work presented an AI-powered pest detection system 

that leverages deep learning and YOLO-based object 

detection to enhance crop protection. The proposed approach 

automates pest identification using image analysis, 

overcoming the limitations of traditional manual monitoring 

methods. By integrating real-time detection with a decision 

support system, the framework enables early pest control 

measures, reduces crop losses, and promotes sustainable 

agricultural practices. 

The modular architecture of the system allows scalability 

and flexibility for deployment in diverse farming 

environments. Experimental evaluation demonstrates the 

effectiveness of the approach in terms of accuracy, speed, and 

robustness. Future enhancements may include the integration 

of transformer-based models, multispectral imaging, and IoT 

sensor data to further improve detection accuracy and system 

intelligence. 

Overall, the proposed system demonstrates the potential of 

artificial intelligence to revolutionize precision agriculture 

and contribute to improved food security. 

REFERENCES 

[1] Chithambarathanu, M., Survey on crop pest detection using 

deep learning and ..., 2023. PMC 

[2] IP102 dataset (CVPR 2019 benchmark): GitHub and papers. 

GitHub 

[3] Pest-YOLOv8 / Pest-YOLO papers (2024–2025) — detector 

adaptations for small pest detection. SpringerLink+1 

[4]  “A YOLOv5-Based Lightweight Crop Pest Detection 

Algorithm” (2025) — lightweight detector & augmentation 

strategies. Taiwan Engineering & Tech Association 

[5] Advances in Deep Learning Applications for Plant Disease & 

Pest Detection (MDPI / 2025) — review of recent DL 

methods. MDPI 

[6] Mendeley / Kaggle pest image datasets — practical sources 

for training and augmentation. Mendeley Data+1 


