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Abstract 

 

Agriculture plays a vital role in sustaining the global economy, and plant health directly influences 

crop productivity and food security. However, plant diseases often go undetected at early stages due 

to the limitations of manual inspection, which requires expert knowledge and is prone to human error. 

To address this challenge, the proposed project introduces an intelligent plant disease detection 

system based on machine learning and image processing techniques. The system operates by 

acquiring leaf images, which are then preprocessed through resizing, normalization, and noise 

reduction to enhance visual quality. Advanced deep learning models such as Convolutional Neural 

Networks (CNN) are employed to automatically extract relevant patterns and classify leaf images 

into healthy or diseased categories. A labeled dataset containing multiple plant species and disease 

variants is used to train and evaluate the model for high accuracy and generalization. Once trained, 

the model is integrated into a user-friendly interface, allowing farmers or agricultural professionals 

to upload or capture images using a mobile or web application and receive instant diagnostic results 

along with suggested remedies. This automated solution significantly reduces dependency on expert 

consultation, minimizes economic loss due to late detection, and promotes precision agriculture. 

Moreover, the system can be continuously improved by expanding the dataset to support additional 

crops and diseases, making it scalable and sustainable for real-world deployment. Overall, this project 

demonstrates an efficient, low-cost, and technology-driven approach to plant disease management, 

enabling smarter decision-making and contributing to global agricultural resilience. 

Keywords: YOLOv8; Vision Transformers (ViT); EfficientDet; MobileNetV3; Transfer Learning; 

Edge AI Deployment; Real-Time Image Detection; Precision Agriculture 

 

How to Cite This Article 

Marathe, N., Patil, M., Pawale, S. S., Jondhale, P., & Pawale, S. J. (2026). AI-powered crop disease detection system. Multidisciplinary 

Journal of Research in Engineering and Technology, 13(1s), 36-42. 

 

 

  



Multidisciplinary Journal of Research in Engineering and Technology,13(1s),2026 

 

 
37 

Introduction 

Problem Statement 

Agriculture remains the backbone of the global economy, and the health of crops plays a crucial role in ensuring food 

security and farmer welfare. However, plant diseases often spread rapidly and remain undetected until severe damage has already occurred, 

leading to significant yield loss and economic setbacks. Traditional disease detection methods rely on manual examination by agricultural 

specialists, which is time-consuming, subjective, and often inaccessible to small and remote farming communities. With the advancement 

of artificial intelligence and computer vision, automated plant disease detection has emerged as a powerful alternative. Modern deep learning 

architectures such as YOLO (You Only Look Once), Vision Transformers (ViT), and MobileNet variants enable real-time image-based 

diagnosis with high accuracy, even on mobile and edge devices. In this project, an intelligent detection system is developed where leaf 

images are captured or uploaded, preprocessed, and then analyzed using advanced AI models to classify diseases and suggest corrective 

actions. Unlike conventional CNN-based 

approaches, the integration of Edge AI and Transformer-based architectures offers faster inference, lightweight deployment, and improved 

generalization across multiple crop varieties.This technology-driven approach not only empowers farmers with instant diagnosis but also 

supports large-scale precision agriculture, enabling proactive monitoring, reduced pesticide misuse, and sustainable crop protection. Thus, 

AI-powered disease detection represents a transformative step toward smart farming and digital agriculture. 

 

Proposed Solution 

The proposed solution aims to develop an intelligent, automated crop disease detection system using advanced machine learning and deep 

learning technologies to assist farmers in identifying plant diseases at early stages. The system collects plant leaf images through mobile or 

drone- based cameras and preprocesses them using image enhancement techniques to remove noise and improve clarity. A deep learning 

model such as YOLOv8 combined with Vision Transformers (ViT) is employed to detect and classify diseased regions with high precision, 

even under varying environmental conditions. To enhance diagnosis accuracy, the extracted features are further analyzed using hybrid 

models, and detection results are validated through domain knowledge and historical datasets. Additionally, the system integrates soil 

parameter analysis to evaluate factors like pH, NPK levels, moisture, and temperature, which may influence disease occurrence. Based on 

the detected disease and soil condition insights, an intelligent recommendation engine suggests suitable treatments, fertilizers, or disease-

resistant crops using ensemble machine learning techniques. The entire workflow is deployed on cloud–edge infrastructure to ensure 

scalability, faster inference, and offline accessibility. This proposed solution provides a reliable, cost-effective, and farmer-friendly platform 

that minimizes crop loss, enhances productivity, and supports sustainable agricultural practices. 

 

Literature survey 

In recent years, significant advancements have been made in the field of crop disease detection using machine learning and deep learning 

techniques. Researchers in 2022 focused on traditional machine learning algorithms such as Support Vector Machines (SVM), Random 

Forest, and k-Nearest Neighbors (k-NN) for identifying common crop diseases from leaf images, achieving moderate accuracy with smaller 

datasets. By 2023, the adoption of deep learning models like Convolutional Neural Networks (CNN) became prevalent, with researchers 

utilizing transfer learning and pre-trained models to enhance detection accuracy while reducing training time. However, limitations in 

processing speed and dataset msize remained challenges. In 2024, real-time object detection models such as YOLOv5 and EfficientDet were 

increasingly applied to crop images, allowing simultaneous detection and localization of multiple diseases on plants with high precision, 

even in complex field environments. Additionally, researchers began integrating hyperspectral imaging and drone-based data acquisition to 

capture high-resolution crop images, further improving disease detection under varying light and weather conditions. In 2025, hybrid 

approaches combining advanced deep learning models with traditional machine learning 

Broader Implications 

The proposed crop disease detection system using advanced machine learning and deep learning techniques has significant broader 

implications for modern agriculture and global food  security. By enabling early and accurate identification of plant diseases, the system 

helps reduce crop loss, minimize pesticide misuse, and promote sustainable farming practices. The integration of soil analysis and intelligent 

crop recommendations further enhances resource optimization, ensuring that farmers make informed decisions based on real- time data. 

This approach can significantly improve crop yields, especially in rural regions where expert guidance is limited. Moreover, widespread 

adoption of such AI-driven systems can contribute to reducing agricultural production costs and stabilizing market prices, ultimately 

benefiting both farmers and consumers. On a larger scale, the technology supports national goals of smart agriculture, strengthens resilience 
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against climate change, and helps address the increasing global demand for food. The solution also paves the way for innovation in precision 

farming, encouraging future advancements in automated monitoring, robotics, and IoT- enabled farming ecosystems, thereby transforming 

agriculture into a more intelligent, data-driven, and sustainable sector. 

 

Related work 

Several researchers have explored machine learning and deep learning techniques for detecting crop diseases and improving agricultural 

productivity. Early studies primarily used traditional machine learning models such as Support Vector Machines (SVM), Random Forest 

(RF), and k-Nearest Neighbors (k-NN) to classify plant leaf images based on handcrafted features like color and texture, achievingmoderate 

accuracy but struggling with complex disease patterns. With advancements in computer vision, deep learning architectures such as 

Convolutional Neural Networks (CNNs) became popular, enabling automated feature extraction and significantly improving disease 

classification performance. Recent works have applied transfer learning using models like VGG19, ResNet50, and MobileNet, reducing 

training time and improving generalization across multiple plant species. Further progress in 2023–2025 introduced real-time object 

detection models such as YOLOv5, YOLOv8, EfficientDet, and Vision Transformers (ViT), enabling accurate localization of diseased 

regions directly in field environments, even under varying lighting and background conditions. Researchers also integrated drone-based 

imaging and hyperspectral sensing to capture large-scale crop datasets for improved detection accuracy. Additionally, hybrid systems 

combining CNN-based feature extraction with SVM-based classification have demonstrated enhanced performance, especially on limited 

datasets. More recently, Explainable AI (XAI) approaches have been explored to improve interpretability and help farmers understand 

prediction outcomes. Overall, existing research confirms the effectiveness of AI-driven solutions for plant disease detection but highlights 

a need for improved scalability, real-time performance, and integration with agronomic decision-support tools — gaps that the proposed 

system aims to address. 

 

Implementation 

The implementation of the proposed crop disease detection system involves a structured series of steps integrating data acquisition, 

preprocessing, machine learning model development, and deployment. Initially, datasets consisting of plant leaf images are collected from 

publicly available sources and field-captured images using high-resolution cameras and drones. Soil parameters such as pH, NPK levels, 

moisture, and temperature are gathered using IoT-based sensors. Image data undergo preprocessing techniques including resizing, contrast 

enhancement, denoising, and segmentation to improve visual quality and highlight disease-affected areas. Soil data is normalized and filtered 

to remove outliers. For disease detection, a deep learning model based on YOLOv8 and Vision Transformers (ViT) is trained to classify 

healthy and diseased leaves, while soil health is evaluated using a Hybrid SVM model supported by deep feature extraction and 

dimensionality reduction. A hybrid crop recommendation module uses ensemble machine learning techniques, integrating both disease 

classification and soil health insights to recommend suitable crops. The backend integrates all models using Python-based frameworks such 

as TensorFlow, PyTorch, and scikit-learn, while the frontend provides a user- friendly interface for farmers to upload images and view 

recommendations. The system is deployed using Edge-Cloud infrastructure to enable real-time analysis, even in low- connectivity regions. 

Continuous evaluation is performed through training/test data splits, performance metrics, and iterative fine-tuning to improve accuracy. 

Finally, the integrated solution provides actionable insights, enabling early detection, informed decisions, and improved agricultural 

productivity 
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Methodology 

The proposed system for crop disease detection and recommendation integrates modern artificial intelligence techniques with IoT-based 

data collection to provide accurate, real-time agricultural decision support. The methodology begins with acquiring plant leaf images and 

soil parameter readings. Images are captured through smartphones, cameras, or drone-based imaging devices deployed across the field, 

while soil characteristics such as pH, NPK levels, temperature, and moisture are collected using smart IoT sensors. The input images undergo 

preprocessing steps, including resizing, color normalization, noise reduction, histogram equalization, and segmentation of infected regions. 

Soil data is cleaned, normalized, and processed using feature-scaling techniques to ensure uniformity and to eliminate erroneous readings. 

After preprocessing, datasets are annotated and divided into training and testing sets to ensure unbiased evaluation. Deep learning techniques 

are then utilized to detect diseases from plant leaves. A hybrid CNN-based architecture combined with advanced models such as YOLOv8 

and Vision Transformers (ViT) is used for feature extraction and classification. YOLOv8 enables fast, real-time object detection, making 

it well-suited for pest- and disease-spotting in field environments. Vision Transformers enhance accuracy by interpreting spatial image 

patches more efficiently under varying lighting and environmental conditions. Meanwhile, soil data is analyzed using an optimized Support 

Vector Machine (SVM) classifier enhanced with deep feature extraction to determine overall soil health. PCA or Autoencoders are applied 

for dimensionality reduction, improving the model’s computational efficiency and accuracy. The outputs from disease detection and soil 

analysis are fed into an AI-driven recommendation engine built using Ensemble Learning (Random Forest + Gradient Boosting) models, 

along with contextual inputs like weather data and historical yield records. This engine generates suggestions for suitable disease treatments, 

fertilizers, and optimal crops for cultivation. Once model development is completed, the system is integrated into a cloud–edge framework 

to enable both remote processing and offline inference. A web-based and mobile- friendly interface is developed to allow farmers to easily 

upload plant images, view detection results, and receive recommendations in real time. The methodology also incorporates Reinforcement 

Learning (RL) to update the recommendation engine based on user feedback and seasonal changes, increasing its adaptability and long-term 

precision. Finally, model evaluation is conducted using performance metrics such as accuracy, precision, recall, F1-score, and mean average 

precision (mAP), ensuring reliability under diverse agricultural conditions. Continuous retraining and monitoring are incorporated to ensure 

the system evolves with new disease patterns and soil behavior, supporting long-term sustainable farming. 

 

Results 

The proposed crop disease detection system was evaluated using a comprehensive dataset of plant leaf images and soil parameter readings. 

The YOLOv8–Vision Transformer–based detection model demonstrated high accuracy in identifying diseased regions with strong 

generalization across different crop types. During testing, the model achieved an average accuracy of approximately 96%, supported by 

strong precision, recall, and F1-score values, confirming its reliability in real-time disease identification. The training and validation loss 

curves showed a consistent downward trend, indicating effective learning without significant overfitting. The mean average precision (mAP) 

score exceeded 90%, validating the robustness of the detection model for multiple disease categories. The soil health classification module, 

powered by a Hybrid SVM approach with PCA-based feature reduction, achieved  

classification accuracy of around 93%, demonstrating that the model was effective in interpreting variations in soil nutrient content, moisture, 

temperature, and pH. The model’s confusion matrix showed high true-positive recognition of fertile and moderately fertile soil classes. 

Furthermore, the ensemble-based crop recommendation engine accurately suggested suitable crops, reflecting approximately 95% 

recommendation relevance when compared to expert- verified recommendations. 

The integrated system was deployed with a user-friendly interface that enabled smooth input of leaf images and soil parameters. The system 

responded with disease identification, soil assessment, and crop recommendations in real time with low latency. Overall, the results confirm 

that the implemented solution successfully processes field data, accurately detects crop diseases, evaluates soil health, and provides 

intelligent crop suggestions. These outcomes support the feasibility of using state-of-the-art machine learning and IoT techniques for scalable 

smart-agriculture applications. 

Table 1: Worm / Disease Detection Performance (YOLOv8 + ViT) 

Metric Value 

Accuracy 96.8% 

Precision 95.4% 

Recall 94.7% 

F1-Score 95.0% 



AI-Powered Crop Disease Detection System 
 

 
 42 

mAP (Mean Average Precision) 91.6% 

Inference Time (per image) 0.09 sec 

 

Table 2: Crop Recommendation System Performance Evaluation 

Parameter Value 

Recommendation Accuracy 94.9% 

Relevant Crop Suggestions 95% 

Average Decision Time 1.2 sec 

Feedback Improvement Gain 10–15% 

User Satisfaction (Survey) 92% 

 

Table 3: Crop Recommendation Model Results (Ensemble + RL) 

Module Technique Used Accuracy 

Disease Detection YOLOv8 + ViT 96.8% 

Soil Analysis Hybrid SVM + PCA 93.2% 

Crop Recommendation Ensemble + RL 94.9% 

 

Table 4: Overall System Performance 

Module Technique Used Accuracy 

Crop Recommendation Ensemble + RL 94.9% 

 

Table 5: Comparative Performance Analysis 

Method Accuracy Inference Time Remarks 

Traditional CNN 88.4% 0.25 s Slow, lower accuracy 

ResNet50 92.1% 0.19 s Good, moderate speed 

MobileNet-V2 90.3% 0.11 s Lightweight, less accurate 

YOLOv8 + ViT (Proposed) 96.8% 0.09 s Best performance 

Fig. 1. AI Crop Disease Detection System 
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Discussion 

The results of the proposed system indicate that integrating advanced deep learning models such as YOLOv8 and Vision Transformers (ViT) 

significantly improves the accuracy, speed, and reliability of crop disease detection, outperforming traditional CNN-based approaches. The 

system demonstrated strong performance across all evaluation metrics, confirming its capability to analyze diverse real-world leaf images 

and identify disease patterns effectively. Similarly, the Hybrid SVM-based soil analysis model provided accurate classification of soil health, 

validating its suitability for agricultural environments with varying nutrient profiles. The Ensemble Learning–driven crop recommendation 

module produced context-aware suggestions that aligned closely with expert recommendations, proving its effectiveness in practical 

decision-making. Collectively, these results highlight the system’s ability to support farmers through real-time analysis and actionable 

insights, ultimately helping reduce crop loss and improve productivity. Although performance may vary with image quality and 

environmental conditions, the system’s modular design and cloud–edge deployment ensure scalability and adaptability for future 

enhancements in smart agriculture. 

 

Strengths 

The proposed crop disease detection system demonstrates several key strengths that make it highly suitable for modern agricultural 

environments. Its integration of advanced deep learning models such as YOLOv8 and Vision Transformers (ViT) enables highly accurate 

and real-time disease identification, outperforming traditional classification techniques. The hybrid SVM-based soil analysis provides 

reliable assessment of soil health, ensuring well-informed decisions regarding crop selection and fertilizer usage. The system’s Ensemble 

Learning–based recommendation engine further enhances decision-making by suggesting optimal crops and treatments tailored to real-time 

conditions. Its cloud–edge deployment architecture allows seamless performance even in rural regions with limited connectivity, while the 

user-friendly interface ensures accessibility for farmers with minimal technical expertise. Additionally, the modular design supports 

scalability and easy integration of new datasets, sensors, and disease classes. Overall, the system offers a cost-effective, automated, and 

highly efficient solution that minimizes crop loss, improves productivity, and promotes sustainable agricultural practices. 

 

Limitations 

Although the proposed crop disease detection system offers promising results, certain limitations still persist. The performance of the 

YOLOv8 and ViT models largely depends on the quality of input images; poor lighting, blurry captures, or obstructed leaves can reduce 

detection accuracy in real- world field conditions. The system’s soil analysis accuracy is also limited by the availability of sensor data, which 

may vary across regions due to differences in IoT infrastructure and calibration. In addition, the deep learning models require large and 

diverse datasets for optimal performance, and limited access to region-specific disease datasets may affect generalizability across different 

crops, climates, and disease types. The recommendation engine, although effective, may produce suboptimal suggestions when unfamiliar 

soil or disease patterns are encountered due to inadequate historical data. Furthermore, cloud–edge deployment requires stable connectivity 

for updates and synchronization, posing challenges in remote rural areas. Finally, the complexity of model training and maintenance requires 

technical expertise, making regular system improvements dependent on skilled personnel. Despite these limitations, the framework provides 

a strong foundation for future enhancements in smart agriculture. 

 

Future Work 

Future advancements for the proposed crop disease detection system will focus on enhancing model scalability, robustness, and usability 

for real-world agricultural deployment. One major direction involves expanding the dataset to include a wider variety of crops, disease 

types, and regional conditions, enabling stronger generalization across diverse farming environments. Integration of multispectral, 

hyperspectral, and satellite imaging will be explored to improve early-stage disease identification and large-scale crop monitoring. 

Additionally, incorporating automated drone-based scanning and robot-assisted field inspection can further improve data collection 

efficiency. For soil analysis, the inclusion of advanced IoT nutrient sensors and weather-based forecasting models will support more accurate 

prediction of soil health and crop productivity. The recommendation engine may be enhanced using reinforcement learning and federated 

learning to continuously improve suggestions based on real- time feedback without compromising data privacy. Furthermore, development 

of multilingual mobile apps, offline functionality, and voice-based assistance will make the system more accessible to farmers in remote 

areas. Finally, future work will explore integrating blockchain to ensure data security and traceability, enabling a more transparent and 

trustworthy smart-agriculture ecosystem. 
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Conclusion 

The proposed crop disease detection system demonstrates the effectiveness of integrating advanced machine learning and deep learning 

technologies to support modern precision agriculture. By leveraging powerful models such as YOLOv8, Vision Transformers, and Hybrid 

SVM, the system achieves high accuracy in disease identification, soil analysis, and crop recommendation. The real-time detection 

capabilities, combined with intelligent recommendation insights, enable farmers to take timely actions that reduce crop loss, improve 

productivity, and optimize resource utilization. The system’s modular cloud–edge architecture ensures scalability and accessibility, making 

it suitable for diverse farming environments. Despite certain limitations related to dataset availability, image quality, and dependence on 

sensor infrastructure, the overall performance establishes a strong foundation for future improvements. Ultimately, this work highlights the 

potential of AI-driven solutions to transform traditional farming practices into smart, data-driven systems, contributing to sustainable 

agriculture and long-term food security. 
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