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[bookmark: _Toc221523992]1. Introduction
The agricultural systems work as vital components which help to reach food security goals, yet crop diseases present a major threat which results in global production losses. The agricultural industry requires plant disease identification at its earliest stages to safeguard crops from extensive harm while minimizing pesticide applications.Farmers face difficulties in accessing traditional disease identification methods because these methods depend on expert inspections which require a significant amount of time to complete. The project introduces an artificial intelligence system which uses computer vision technology to detect plant diseases through leaf photo analysis while providing interactive explanations via a chatbot system.
[bookmark: _Toc221523993]2. Problem Statement
The process of manual crop disease detection needs more time to complete because it depends on personal judgment and its results are not accessible to people who work in distant locations. Farmers fail to recognize initial signs of diseases which results in their treatment delays and subsequent loss of crop production. The development of a system which operates automatically and uses intelligent technology needs to emerge as an intuitive solution that can process leaf pictures to determine plant diseases while offering instant results to users.
[bookmark: _Toc221523994]3. Research Question
How can a CNN-based leaf disease detection system integrate with a chatbot provide accurate disease classification, explainable predictions, and effective decision support for agricultural users?
[bookmark: _Toc221523995]4. Project Objectives
Aim:
This project develops an AI leaf disease detection system which uses computer vision and deep learning technology to identify plant diseases through its chatbot interface which delivers accurate disease identification and understandable test results together with operational assistance to its users.
The main objectives of this project are:
· To develop a CNN-based model for accurate leaf disease detecting classification.
· To preprocess and augment leaf image data for improved model performance.
· To classify disease severity levels (Healthy, Mild, Severe).
· To integrate a chatbot that explains results and answers user questions.
· To deploy the trained model using backend APIs for real-time inference.
[bookmark: _Toc221523996]5. Literature Review 
[bookmark: _Toc221523997]5.1 Deep Learning for Plant Leaf Disease Detection
The agricultural system requires efficient methods which can determine plant diseases which result in crop losses through their effect on farming operations. The field of plant disease detection has reached a crucial point where artificial intelligence technology enables deep learning systems to use Convolutional Neural Networks as their primary method for identifying plant diseases through leaf image analysis. The system uses CNN technology because it allows image processing to extract various spatial features which include texture and color variations and lesion types from unprocessed images.
The most important research in this field showed that CNNs which learned from the PlantVillage dataset could achieve very high accuracy rates when they classified various crop diseases (Mohanty et al., 2016). This research established an industry standard for plant disease diagnosis through image analysis while showing that AI systems can replace or support traditional expert-based diagnosis methods. The research team found that most images in the dataset were taken in controlled settings which restricted their ability to demonstrate performance in real-world conditions.
The following studies have developed on this initial research which has shown that CNN methods produce better results than traditional machine learning methods which depend on manually developed features. CNNs have become the standard approach which researchers use to study plant leaf disease detection.
[bookmark: _Toc221523998]5.2 Transfer Learning and Model Architecture Optimization
Numerous studies have implemented transfer learning methods to address their challenges with limited dataset quantities and insufficient dataset variety. Agricultural datasets use transfer learning to improve performance through the process of fine-tuning pretrained deep learning models, which include ResNet, VGG, MobileNet, and EfficientNet. The models use information obtained from large image databases to develop skills that they will use for their specific tasks.
The systematic reviews that analyze studies about crop and rice leaf disease detection show that transfer learning brings better results with improved training speed and increased system resilience when compared to training CNNs from the beginning (Simhadri et al., 2024). The research field commonly recognizes MobileNet-based lightweight models as the most appropriate solution to enable system operation in environments with limited processing power, which includes mobile and edge computing environments.
The literature highlights the value of using iterative testing and model assessment to reach research goals. The process of training multiple models enables researchers to identify the strongest model through validation testing, which demonstrates MLOps methods that enable researchers to create AI solutions which need to be reproduced and expanded.
[bookmark: _Toc221523999]5.3 Dataset Constraints and Generalization Challenges
The PlantVillage dataset suffers from environmental variability issues which researchers have examined through multiple studies even though the dataset receives common usage. The dataset images show continuous uniform backdrops with unchanging light conditions which fail to represent actual farming environments. The research shows that PlantVillage data training leads to decreased performance when models face evaluation using field images.
Researchers create multiple data augmentation methods to handle domain shifts which involve performing random rotations and making brightness and contrast adjustments and adding background noise and performing color jittering. Some studies recommend using curated datasets together with a small number of real-world images to create more robust systems. The results demonstrate that high benchmark accuracy does not serve as a complete measure of evaluation since assessment needs to include both robustness testing and error examination.
Agriculture relies on detecting false negatives because diseases that go undetected result in major agricultural damage. Current research recommends that studies should focus on measuring both recall and false negative rate together with their primary accuracy metric.
[bookmark: _Toc221524000]5.4 Explainable AI in Agricultural Decision Support
The agricultural sector needs system explainability as a basic requirement because artificial intelligence systems now operate in essential decision-making areas. Through its XAI techniques Explainable AI (XAI) aims to provide transparent prediction results by indicating which image regions and specific characteristics most affect classification outcomes.
The researchers employed explainability techniques in their research to investigate leaf disease detection systems which should guide CNNs towards identifying actual disease symptoms instead of background noise (Rashid et al., 2024). The authors of survey papers demonstrate that explainability builds user trust while making it easier to fix problems and enabling non-technical users to implement AI systems in a responsible manner.
The existing literature demonstrates a divide between technical explainability and its actual implementation in real-world situations. The majority of XAI systems provide researchers with visual explanations which do not serve the needs of regular users. The system lacks sufficient attention to create user-friendly explanations that farmers can easily comprehend and implement into practice.
[bookmark: _Toc221524001]5.5 Chatbot-Based Agricultural Assistance Systems
Agricultural advisory services use conversational AI technology as their economical solution to provide agricultural advisory services through their scalable system. The chatbots serve as an interactive platform which users can access to obtain information and ask additional questions while receiving tailored support.
Researchers have conducted multiple studies which combine CNN-based disease detection methods with chatbot systems to deliver real-time support to users. Jain et al. (2022) developed a deep learning framework for rice disease detection which includes a chatbot system that provides ongoing assistance to farmers. The system from Sri et al. (2025) discovered that its automatic disease detection system which used disease classification together with chatbot explanations and recommendations resulted in improved user engagement and understanding.
Many chatbot systems which have been developed so far still function as basic information retrieval systems because they lack complete decision support capabilities. Model outputs need to establish deeper connections with explainability and severity assessment and conversational logic according to existing literature.
[bookmark: _Toc221524002]5.6 End-to-End and Deployment-Oriented AI Systems
The current research field demonstrates a new tendency toward developing complete AI systems which researchers can implement in real-world settings instead of using experimental prototypes. Current research studies increasingly focus on developing service-based architectural systems which provide real-time inference capabilities and support application integration with user-facing systems.
The research field that focuses on deployment needs lightweight model development together with optimized inference systems and modular design of complete systems. The field still lacks complete systems which integrate disease detection methods with explainable systems and chatbot capabilities and severity-based alert systems and backend application programming interfaces.
[bookmark: _Toc221524003]5.7 Research Gap and Contribution of the Present Study
The reviewed literature shows that researchers have achieved important advancements in three areas which include CNN-based leaf disease detection and transfer learning and chatbot-assisted agricultural systems. The research still contains multiple unaddressed gaps. The majority of models fail to extend their capabilities beyond specific datasets while users cannot access test results in straightforward formats and chatbot systems maintain basic connections to AI decision-making processes. The research field has not sufficiently studied end-to-end deployment requirements.
The project establishes an integrated system which unites CNN-based leaf disease detection and severity classification and chatbot-driven explainability and deployment-ready inference services to solve these research deficiencies. The study creates user-centered agricultural decision-support systems through its combination of technical accuracy and real-world usability and practical implementation.
[bookmark: _Toc221524004]6. Proposed Dataset Sources
[bookmark: _Hlk220838701]Dataset: PlantVillage Leaf Disease Dataset
Source: Kaggle
Link: https://www.kaggle.com/datasets/emmarex/plantdisease
The dataset includes labeled pictures which show both healthy and diseased plant leaves from different crop types. The project uses only those leaf images which are necessary for its objectives. The dataset enables supervised learning and serves as a common research resource for academic studies which focus on plant disease detection.
[bookmark: _Toc221524005]7. Proposed System Block Diagram
The proposed system follows an end-to-end architecture starting from dataset ingestion to user interaction and alert generation. This is an End-to-End AI Pipeline with Inference & Decision Support Layer.
System Flow Overview:
The proposed system implements an entire artificial intelligence system which starts with data input and ends with user engagement and warning generation. First, leaf images from a Kaggle dataset are obtained and then they undergo preprocessing to create training data for a Convolutional Neural Network (CNN) which will classify plant diseases. The training process generates multiple model versions which include v1 and v2 and v3 to determine which model achieves the highest performance according to established assessment criteria. The system uses backend services to implement the selected model for conducting immediate real-time predictions. The system provides users with a frontend interface and an integrated chatbot which enables them to submit images display results and understand prediction outcomes. The decision support system activates alerts and creates reports when the system identifies dangerous disease conditions to keep users informed for making appropriate decisions.
Figure 1: Proposed System Block Diagram
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[bookmark: _Toc221524006]8. Methodology
8.1 [bookmark: _Toc221524007]Data Preparation
Import dataset from Kaggle. Split data into training and validation sets. Apply image preprocessing techniques such as resizing, normalization, and noise reduction. Perform data augmentation (rotation, flipping, brightness adjustment) to improve model generalization.
8.2 [bookmark: _Toc221524008]Model Building
Develop a Convolutional Neural Network (CNN) using TensorFlow. Use tf.data pipelines for efficient data loading. Train and evaluate the model using accuracy, precision, recall, and confusion matrix.
8.3 [bookmark: _Toc221524009]Model Optimization
Apply quantization techniques. Convert the trained model into TensorFlow Lite (TFLite) format to reduce size and improve inference speed. Compare original and optimized models.
8.4 [bookmark: _Toc221524010]Backend Server & MLOps
Use TensorFlow Serving to host the trained model. Build a FastAPI backend to accept leaf images from the frontend, send images to the model, and return disease prediction and confidence score
8.5 [bookmark: _Toc221524011]Chatbot Integration
Implement a chatbot module that:
· Explains disease predictions in simple language
· Answers questions such as “What disease is this?” and “What should I do next?”
The chatbot will use predefined templates and AI outputs (no medical advice).
8.6 [bookmark: _Toc221524012]Decision Logic & Alerts
Apply rule-based logic to categorize severity: Healthy, Mild, and Severe. Generate alerts for severe cases. Flag low-confidence predictions for review.
8.7 [bookmark: _Toc221524013]Frontend Development
Develop a React JS web interface for image upload, displaying prediction results and confidence, and Chatbot interaction. (Optional extension) React Native mobile app using TFLite for offline inference.
[bookmark: _Toc221524014]9. Models / Techniques Used
The research uses a Convolutional Neural Network (CNN) to learn and identify visual patterns present in plant leaf images which are used for detecting diseases. The system uses TensorFlow together with the tf.data API to enable efficient data loading and preprocessing tasks and model training activities. The research team implements data augmentation methods to create different training image variations which assist in building better generalization capabilities for the model. The model versioning system enables the team to keep three different model versions (v1 and v2 and v3) which they use to assess model performance and choose the most precise deployment model. The team uses TensorFlow Lite (TFLite) to transform the final model into a lightweight system that delivers faster prediction results. The trained model operates as a prediction service which FastAPI and TensorFlow Serving powers while the system includes a chatbot interface that functions as a decision-support tool to present disease prediction results in an understandable way.
[bookmark: _Toc221524015]10. Evaluation Methods / Metrics
The proposed model performance assessment will use standard classification metrics which include accuracy, precision, recall and F1-score to measure total predictive accuracy. The confusion matrix will provide the necessary tools for examining prediction patterns across different classes while detecting incorrect predictions. The false negative rate will be tracked because it serves as an essential metric which determines how effectively diseases can be identified since all missed disease cases result in major consequences.
[bookmark: _Toc221524016]11. Expected Results and Result Analysis Considerations
The expected results of the project will produce a system that can identify leaf diseases. The chatbot will help users understand the system better through its ability to provide clear explanations. The main focus of the study will examine false negative results because undetected diseases lead to crop destruction. The researchers will study how dataset diversity limitations and image quality restrictions impact their research.
[bookmark: _Toc221524017]12. Scope and Limitation
The project boundaries extend to plant disease identification through leaf image analysis which receives support from a chatbot that delivers explanations and basic assistance through a web platform. The study excludes real-time drone-based monitoring and IoT sensor integration and medical or pesticide dosage recommendations and commercial-scale deployment as these elements fall outside its research boundaries.
[bookmark: _Toc221524018]13. Future Enhancement
Future work will proceed with two main objectives, which involve creating mobile camera capabilities for immediate field operations and developing the system to support more crop varieties and adding multilingual features to the chatbot. The project will benefit from better results through IoT sensor integration, which will enable the system to gather environmental data for its disease research purposes.
[bookmark: _Toc221524019]14. Project Timeline and Gantt Chart
Figure 2: Gantt Chart: AI-Based Leaf Disease Detection System (Jan 13, 2026 – May 14, 2026)
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[bookmark: _Toc221524020]15. Conclusion
The End-to-End AI Pipeline with Inference and Decision Support Layer AI-based solution for leaf disease detection through advanced deep learning and chatbot interaction and deployment-ready system architecture represents a practical and expandable solution. The system not only detects diseases but also enhances decision-making through explainability and alerts, making it suitable for real-world agricultural applications.
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1 1 Setup & Data 4 days Tue 26-01-13 Fri 26-01-16
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