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ABSTRACT: Crop diseases pose a major challenge to agricultural productivity by reducing crop yield, quality, and 
overall food security. Conventional disease identification methods rely on manual inspection by agricultural experts, 
making them time-consuming, costly, and often inaccessible to smallholder farmers, particularly in rural and remote 
regions. Although artificial intelligence (AI)-based approaches have been explored for automated crop disease 
detection, many existing systems suffer from limited accuracy due to insufficient dataset diversity, poor generalization 
under real-world conditions, and a lack of explainability for end users. To address these limitations, this paper presents 
an innovative crop disease detection system based on advanced deep learning techniques. The proposed approach 
employs an ensemble of convolutional neural network (CNN) architectures, including ResNet50, DenseNet121, and 
MobileNetV2, to classify tomato leaf diseases with improved accuracy and robustness. Advanced image preprocessing 
and data augmentation techniques are applied to enhance dataset diversity and improve model generalization across 
varying backgrounds, lighting conditions, and image quality. Furthermore, an explainable artificial intelligence 
mechanism based on Gradient-weighted Class Activation Mapping (Grad-CAM) is integrated to visually highlight 
disease-affected regions on leaf images, improving model transparency and user trust. To facilitate real-time disease 
diagnosis, an interactive web-based interface is developed using Flask and Tkinter, enabling users to upload crop 
images and receive disease predictions along with confidence scores and actionable recommendations. Experimental 
results demonstrate that the proposed system achieves high classification accuracy and provides reliable, interpretable 
outputs, making it suitable for deployment in smart agriculture and precision farming applications. 
 

KEYWORDS: Crop disease detection, deep learning, ensemble CNN, tomato leaf classification, explainable artificial 
intelligence, precision agriculture. 
 

I. INTRODUCTION 

 

Agriculture remains the backbone of many economies, particularly in developing countries, where a significant portion 
of the population depends on farming for livelihood and food security. Despite advancements in agricultural practices 
and technologies, crop diseases continue to pose a serious threat to agricultural productivity by reducing crop yield, 
degrading crop quality, and causing substantial economic losses. Plant diseases caused by fungi, bacteria, viruses, and 
pests often spread rapidly and remain unnoticed during their early stages, making timely and accurate detection a 
critical challenge for farmers. 
 

Conventional crop disease identification methods primarily rely on visual inspection and expert knowledge. These 
approaches are labor-intensive, time-consuming, and highly dependent on the availability of trained agricultural 
specialists. Moreover, manual diagnosis is prone to subjectivity and human error, particularly when disease symptoms 
are subtle or when monitoring large cultivation areas. In rural and remote regions, limited access to agricultural experts 
further exacerbates the problem, leading to delayed diagnosis and ineffective disease management practices. 
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Recent advancements in artificial intelligence (AI) and computer vision have introduced new opportunities for 
automating crop disease detection. AI-driven systems leverage machine learning and deep learning models, particularly 
convolutional neural networks (CNNs), to analyze digital images of crop leaves and identify disease patterns with high 
accuracy. These models are capable of learning complex visual features such as color variations, texture irregularities, 
and lesion structures that are indicative of specific plant diseases. By training on large-scale labeled datasets, AI-based 
systems can achieve reliable classification performance and continuously improve through optimization and retraining. 
 

The integration of AI technologies with modern agricultural tools such as smartphones, unmanned aerial vehicles 
(drones), and Internet of Things (IoT)-enabled smart farming systems enables real-time and large-scale crop health 
monitoring. Farmers can capture images directly from the field and receive instant diagnostic feedback, allowing early 
intervention and precise application of pesticides or preventive measures. This approach not only minimizes crop 
damage but also reduces excessive chemical usage, promoting environmentally sustainable farming practices. 
 

Furthermore, AI-based crop disease detection supports precision agriculture by optimizing resource utilization, 
reducing operational costs, and enhancing decision-making through data-driven insights. Accurate and timely disease 
diagnosis contributes to improved productivity, increased farmer income, and long-term agricultural sustainability. As 
global food demand continues to rise, the adoption of advanced AI technologies for crop disease management is 
essential for building a resilient, efficient, and technologically advanced agricultural ecosystem. 
 

II. RELATED WORK 

 

Recent advancements in artificial intelligence, computer vision, and precision agriculture have led to significant 
research efforts focused on automated crop disease detection. Early studies in this domain primarily relied on 
traditional image processing techniques, where handcrafted features such as color histograms, texture descriptors, and 
shape-based attributes were extracted from leaf images. These features were then classified using conventional machine 
learning algorithms such as k-nearest neighbors (KNN), support vector machines (SVM), and decision trees. While 
these approaches demonstrated moderate success under controlled conditions, their performance was highly sensitive to 
variations in lighting, background noise, and image quality, limiting their applicability in real-world agricultural 
environments. 
 

With the emergence of deep learning, particularly convolutional neural networks (CNNs), researchers have increasingly 
adopted data-driven approaches for plant disease classification. CNN-based models automatically learn hierarchical 
feature representations directly from raw images, eliminating the need for manual feature engineering. Several studies 
have utilized architectures such as AlexNet, VGGNet, and Inception for crop disease identification, reporting 
significant improvements in classification accuracy when trained on benchmark datasets like PlantVillage. However, 
many of these models were trained on laboratory-curated datasets with uniform backgrounds, which often resulted in 
poor generalization when deployed in field conditions. 
 

To address scalability and efficiency concerns, lightweight CNN architectures such as MobileNet and EfficientNet have 
been explored for mobile and edge-device deployment. These models reduce computational complexity while 
maintaining reasonable accuracy, making them suitable for resource-constrained agricultural applications. Nevertheless, 
lightweight models often face challenges in distinguishing visually similar diseases and may underperform when 
exposed to complex backgrounds or varying illumination conditions commonly encountered in outdoor environments.  
 

Recent research has also investigated ensemble learning techniques that combine multiple deep learning models to 
improve robustness and classification performance. By aggregating predictions from diverse architectures such as 
ResNet, DenseNet, and MobileNet, ensemble-based systems have demonstrated enhanced accuracy and stability 
compared to single-model approaches. Despite these improvements, ensemble methods increase system complexity and 
are often evaluated without sufficient emphasis on interpretability or user trust, which are critical for practical adoption 
by farmers. 
 

Another emerging research direction focuses on explainable artificial intelligence (XAI) to improve transparency in 
deep learning-based crop disease detection. Techniques such as Gradient-weighted Class Activation Mapping (Grad-

CAM) have been employed to visualize disease-affected regions on leaf images, helping users understand model 

http://www.ijirset.com/


|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710| 

Volume 14, Issue 12, December 2025 

|DOI: 10.15680/IJIRSET.2025.1412134| 

IJIRSET©2025                                        |     An ISO 9001:2008 Certified Journal   |                                      23421 

predictions. While these methods enhance interpretability, many existing systems integrate explainability only as a 
post-processing step without combining it with real-time user interfaces or actionable recommendations. 
 

Although substantial progress has been made in AI-driven crop disease detection, several challenges remain 
unresolved. These include limited dataset diversity, insufficient generalization to real-world conditions, lack of 
integrated explainability, and absence of user-friendly deployment platforms. The proposed work addresses these gaps 
by combining ensemble deep learning models with advanced image augmentation, explainable AI mechanisms, and a 
real-time interactive web interface, thereby offering a comprehensive and practical solution for intelligent crop disease 
management. 
 

III. PROBLEM STATEMENT, SCOPE AND OBJECTIVES 

 

A. Problem Statement 
Crop diseases represent a persistent challenge to agricultural productivity by adversely affecting crop yield, quality, and 
overall food security. Existing disease detection practices largely depend on manual inspection and expert intervention, 
making the process slow, labor-intensive, and costly. Such approaches are often impractical for continuous large-scale 
monitoring and are highly dependent on the availability of trained agricultural professionals. In rural and remote 
regions, where access to expert support is limited, farmers frequently experience delayed diagnosis, leading to 
ineffective disease management and increased crop loss. 
 

Although artificial intelligence (AI) and deep learning techniques have demonstrated promising results in automating 
crop disease detection, their effectiveness is heavily influenced by the availability of large and diverse datasets. 
Agricultural image data is often scarce, difficult to collect, and lacks sufficient variation in terms of lighting, 
background, and environmental conditions. As a result, many AI-based models exhibit reduced accuracy and poor 
generalization when deployed in real-world farming environments. These limitations highlight the need for a robust, 
data-efficient, and generalizable crop disease detection system that can deliver accurate and timely diagnosis across 
diverse agricultural settings. 
 

B. Scope 

The scope of this work is to develop an AI-powered crop disease detection system that: 
• Accepts crop leaf images captured under real-world conditions using cameras or mobile devices. 
• Performs image preprocessing and data augmentation to handle variations in lighting, background noise, and image 
quality. 
• Utilizes an ensemble of deep learning models, including ResNet50, DenseNet121, and MobileNetV2, to classify 
tomato leaf diseases with improved accuracy and robustness. 
• Identifies and visually highlights disease-affected regions on leaf images using explainable artificial intelligence 
techniques based on Grad-CAM. 
• Provides real-time disease prediction results along with confidence scores to assist farmers in informed decision-

making. 
• Enables user interaction through an intuitive graphical user interface (GUI) and an optional web-based interface for 
image upload and result visualization. 
 

C. Objectives 

The primary objectives of the proposed crop disease detection system are: 
• To design and implement an artificial intelligence–based solution for accurate and timely identification of crop 
diseases using deep learning techniques applied to leaf images. 
• To develop an ensemble learning framework employing convolutional neural network (CNN) architectures such as 
ResNet50, DenseNet121, and MobileNetV2 to improve disease classification accuracy and robustness. 
• To enable early detection of crop diseases in field conditions in order to minimize crop loss, prevent disease spread, 
and enhance overall crop health. 
• To integrate explainable artificial intelligence mechanisms, including Grad-CAM, for visualizing disease-affected 
regions on leaf images and improving transparency and trust in model predictions. 
• To provide a user-friendly graphical and web-based interface that allows farmers to upload leaf images and receive 
real-time disease predictions along with confidence scores. 
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• To support informed decision-making by incorporating disease-related descriptions, treatment options, and 
preventive recommendations, while ensuring continuous improvement of model performance through preprocessing 
and data augmentation techniques. 
 

IV. SYSTEM DESIGN AND ARCHITECTURE 

 

A. Overall Architecture 

The proposed system adopts a layered architecture consisting of a user interface layer, an application processing layer, 
and a data and knowledge management layer. The frontend is implemented as a desktop-based graphical user interface 
using Tkinter, with an optional web-based interface developed using Flask to support image upload and result 
visualization. This layer enables users to interact with the system in a simple and intuitive manner without requiring 
technical expertise. 
 

The application processing layer is responsible for handling the core functionalities of the system, including image 
preprocessing, deep learning–based disease classification, explainable artificial intelligence operations, and 
recommendation generation. Image preprocessing pipelines are employed to resize, normalize, denoise, and augment 
uploaded leaf images to ensure consistent and reliable input for the deep learning models. The disease classification 
module utilizes an ensemble of convolutional neural network architectures, namely ResNet50, DenseNet121, and 
MobileNetV2, to improve prediction accuracy and robustness under real-world conditions. 
 

To enhance transparency and interpretability, an explainable artificial intelligence module based on Gradient-weighted 
Class Activation Mapping (Grad-CAM) is integrated into the architecture. This module generates heatmap 
visualizations that highlight disease-affected regions on crop leaf images, enabling users to better understand the basis 
of the model's predictions. In addition, a recommendation module provides disease-specific treatment options and 
preventive measures, supporting informed decision-making for crop disease management. 
 

The data and knowledge management layer maintains labeled crop image datasets, trained model parameters, disease 
metadata, and treatment guidelines. This centralized data repository supports model training, inference, and 
recommendation retrieval while ensuring consistency and scalability. The modular design of the overall architecture 
allows future extensions, such as the inclusion of additional crop varieties, mobile platform support, and integration 
with smart agriculture or IoT-based farming systems. 
 

B. Data Flow 

When a user interacts with the crop disease detection system, the following sequence of operations is executed: 
1. The user accesses the application through the desktop-based GUI or web interface and uploads an image of a crop 
leaf for disease analysis. 
2. The uploaded image is transmitted to the backend processing module, where it is resized to a standard resolution, 
normalized, denoised, and prepared for model inference. 
3. The preprocessed image is simultaneously forwarded to the ensemble of deep learning models, including ResNet50, 
DenseNet121, and MobileNetV2, for disease classification. 
4. Each model generates an individual prediction, and the ensemble mechanism aggregates these outputs to produce a 
final disease classification along with a confidence score. 
5. Upon disease detection, the explainable artificial intelligence module is activated, generating Grad-CAM heatmap 
visualizations that highlight disease-affected regions on the leaf image. 
6. Based on the predicted disease, the recommendation module retrieves relevant treatment guidelines and preventive 
measures from the knowledge database. 
7. The final results, including the disease label, confidence score, Grad-CAM visualization, and recommended actions, 
are presented to the user through the application interface. 
 

C. Functional and Non-Functional Requirements 

Key functional requirements of the proposed crop disease detection system include: 
• Image Upload and Input Handling: Secure and reliable upload of crop leaf images through a graphical user 
interface or web-based platform. 
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• Image Preprocessing: Automated preprocessing of uploaded images, including resizing, normalization, noise 
reduction, and data augmentation. 
• Disease Classification: Accurate identification of crop diseases using an ensemble of deep learning models such as 
ResNet50, DenseNet121, and MobileNetV2. 
• Explainable AI Visualization: Generation of Grad-CAM heatmaps to visually highlight disease-affected regions 
on leaf images. 
• Prediction Confidence Scoring: Display of confidence scores associated with disease classification results to assist 
user decision-making. 
• Recommendation and Guidance: Provision of disease-specific treatment options and preventive measures using a 
knowledge-based or NLP-driven recommendation module. 
• User Interface: Intuitive graphical and web-based interfaces that allow users to easily submit images and view 
results without technical expertise. 
Non-functional requirements ensure the system's reliability and effectiveness: 
• Performance: Low-latency processing of images and fast generation of prediction results and visual explanations. 
• Scalability: Ability to support increased data volume, additional crop categories, and multiple concurrent users. 
• Security: Secure handling of uploaded images and protection of system resources through controlled access 
mechanisms. 
• Reliability: Consistent system operation with fault tolerance and stable performance under varying workloads. 
• Usability: User-friendly design suitable for farmers with diverse technical backgrounds, including rural and small-
scale users. 
• Maintainability: Modular and extensible architecture that allows straightforward updates, model improvements, 
and feature expansion. 
 

 

 

Fig. 1. System Architecture of the Medicure Platform 

 

V. IMPLEMENTATION AND TESTING 

 

A. Technology Stack 

The proposed crop disease detection system is implemented using a modular software architecture based on Python. 
The frontend interface is developed as a desktop-based graphical user interface using Tkinter, with an optional web-

based interface implemented using Flask to enable image upload and result visualization. The user interface is designed 
to be intuitive and lightweight, allowing farmers and agricultural practitioners to interact with the system with minimal 
technical expertise. 
 

The backend processing layer utilizes deep learning frameworks such as TensorFlow and Keras to implement 
convolutional neural network architectures including ResNet50, DenseNet121, and MobileNetV2. These models are 
combined using an ensemble learning strategy to improve classification accuracy and robustness. Image preprocessing 
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operations, including resizing, normalization, noise reduction, and data augmentation, are implemented using OpenCV 
and NumPy to ensure compatibility with the trained models. An explainable artificial intelligence module based on 
Grad-CAM is integrated to generate heatmap visualizations that highlight disease-affected regions on leaf images. 
 

A lightweight SQLite database is used to store user authentication details, session history, and prediction records. The 
recommendation module employs natural language processing techniques, such as TF-IDF and SentenceTransformer 
models, to generate disease descriptions, treatment guidelines, and preventive measures based on the predicted disease 
class. 
 

B. Hardware and Deployment 
The system is designed to operate efficiently on standard desktop and laptop computers commonly used by students, 
researchers, and agricultural practitioners. Minimum hardware requirements include an Intel i5 or equivalent processor, 
at least 8 GB of RAM, and sufficient storage to accommodate trained deep learning models and image datasets. For 
inference and graphical interface operations, CPU-based systems are sufficient; however, systems equipped with 
dedicated graphics processing units (GPUs) significantly improve model loading time, image preprocessing speed, 
Grad-CAM heatmap generation, and overall prediction responsiveness. 
 

On the backend, multi-core processors and optional GPU acceleration are utilized for model training, evaluation, and 
testing. Solid-state storage (SSD) is employed to reduce latency during dataset access, model loading, and result 
visualization. An active internet connection is required for optional web-based deployment, system updates, and access 
to external libraries. The hardware configuration ensures stable, scalable, and efficient system operation across diverse 
computing environments. 
 

C. Testing Strategy 

A comprehensive testing strategy was adopted to validate the reliability, accuracy, and robustness of the proposed 
system under real-world conditions. Unit testing was conducted on individual software modules, including image 
preprocessing, ensemble model inference, Grad-CAM visualization, and NLP-based recommendation generation, to 
verify functional correctness. Integration testing ensured seamless interaction between the graphical user interface, 
backend processing modules, deep learning models, and database components. 
 

System-level and end-to-end testing were performed to evaluate complete workflows, such as image upload, disease 
classification, explanation generation, and recommendation delivery. Performance testing measured inference latency, 
image loading time, and system responsiveness under multiple consecutive prediction requests and concurrent usage 
scenarios. Hardware testing assessed system behavior across different configurations, including CPU-only and GPU-

enabled environments, varying memory capacities, and high-resolution image inputs. 
 

Usability testing was carried out with both technical and non-technical users to assess ease of navigation, clarity of 
visual outputs, and overall user experience. Security and integrity tests were conducted to validate authentication 
mechanisms, input validation, error handling, and secure access to stored prediction records. Experimental results 
demonstrated stable system performance, low latency, accurate disease classification, and reliable explainable visual 
outputs, confirming the suitability of the proposed system for deployment in practical agricultural environments. 
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VI. RESULTS AND OUTPUTS 

 

 

 

VII. CONCLUSION AND FUTURE WORK 

 

This paper presented an innovative crop disease detection system based on advanced artificial intelligence techniques to 
support early and accurate diagnosis of plant diseases. By leveraging an ensemble of deep learning models, including 
ResNet50, DenseNet121, and MobileNetV2, the proposed system effectively classifies crop diseases from leaf images 
captured under diverse real-world conditions. The integration of advanced image preprocessing and data augmentation 
techniques enhances model robustness and generalization, while the incorporation of explainable artificial intelligence 
through Grad-CAM enables visual interpretation of disease-affected regions, improving transparency and user trust. 
 

The developed system addresses several limitations of traditional crop disease detection methods, such as reliance on 
manual inspection, delayed diagnosis, and limited access to agricultural experts. The user-friendly Tkinter and Flask-

based interfaces allow farmers to upload leaf images and receive real-time predictions, confidence scores, visual 
explanations, and actionable recommendations. Experimental evaluation confirms that the system delivers reliable 
performance, low inference latency, and consistent accuracy across different hardware configurations, demonstrating its 
suitability for practical deployment in smart agriculture environments. 
 

Future work will focus on extending the system's capabilities to further enhance its applicability and impact. Planned 
enhancements include the development of a mobile application to improve accessibility for farmers in rural regions, 
expansion of the system to support multiple crops and region-specific disease patterns, and integration of Internet of 
Things (IoT) sensors to incorporate environmental parameters such as temperature, humidity, soil moisture, and rainfall 
for predictive disease analysis. In addition, the use of generative adversarial networks (GANs) for synthetic data 
generation will be explored to address data scarcity and improve model generalization. 
 

Further enhancements may include real-time camera-based disease detection, multilingual and voice-assisted interfaces, 
cloud-based deployment for scalability, and tighter integration with agricultural information portals. These future 
directions aim to strengthen the system's role as a comprehensive, scalable, and intelligent solution for sustainable and 
precision agriculture. 
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