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ABSTRACT :  

Agriculture remains a vital component of the global economy, with crop health directly influencing yield and quality. However, farmers often face challenges in 

identifying diseases and applying effective treatments, particularly in changing climatic conditions. To address this, the Smart Crop Diagnosis and Climate-Based 

Treatment Advisor offers a practical solution using machine learning and real-time weather data for personalized crop management. This system applies image 

processing to analyze leaf images, accurately detecting diseases through a trained deep learning model. Additionally, it integrates environmental data including 

temperature, humidity, and rainfall  to recommend targeted treatments. By considering regional climatic factors, it suggests tailored solutions that optimize the use 

of fertilizers, pesticides, and fungicides. With its intuitive web or mobile interface, farmers can easily upload images of affected crops and receive prompt diagnostic 

results along with actionable treatment advice. The system also provides valuable insights into soil health, seasonal disease patterns, and eco-friendly farming 

practices. By preventing excessive chemical use and reducing crop loss, it promotes sustainable agriculture. The Smart Crop Diagnosis and Climate-Based 

Treatment Advisor empowers farmers with informed decision-making, leading to improved crop productivity and contributing to food security.  
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I.INTRODUCTION 

In modern agriculture, ensuring healthy crop yields is crucial for food security and economic stability. However, identifying crop diseases and 

implementing effective treatment strategies remain significant challenges, especially with unpredictable climatic variations. Farmers often rely on 

traditional, manual inspection methods that can be time-consuming and prone to errors, leading to ineffective disease management and potential yield 

losses. To address these challenges, the Smart Crop Diagnosis and Climate-Based Treatment Advisor leverages advanced machine learning techniques 

and real-time environmental data to provide precise, data-driven crop management solutions. By integrating deep learning for disease detection and 

climate-based recommendations for treatment, this system enhances agricultural efficiency, reduces dependency on chemical pesticides, and promotes 

sustainable farming practices. 

II.LITERATURE SURVEY  

Suma V, et.al [1] have proposed a CNN-based Leaf Disease Identification and Remedy Recommendation System to detect plant diseases and suggest 

treatments using deep learning techniques. The system utilizes Convolutional Neural Networks (CNNs) trained on a dataset of 5000 images categorized 

into bacterial spot, yellow leaf curl virus, late blight, and healthy leaves. Image preprocessing techniques such as feature extraction, noise reduction, and 

edge detection are applied to enhance classification accuracy. The authors integrate Artificial Neural Networks (ANNs) for moisture and soil analysis, 

along with Machine Learning algorithms like CART to predict potential disease outbreaks. The model is implemented using TensorFlow, employing 

multiple convolutional layers, max pooling, and Softmax classification to accurately identify diseases. This approach aims to assist farmers in early 

disease detection and optimized pesticide application, reducing crop loss and improving agricultural productivity. 

 

Shima Ramesh, et.al [2] have proposed a Plant Disease Detection System Using Machine Learning, leveraging Random Forest (RF) classifiers to 

differentiate between healthy and diseased leaves. The methodology involves dataset creation, feature extraction, classifier training, and classification, 

using Histogram of Oriented Gradients (HOG) for feature extraction. Three key descriptors—Hu moments for shape detection, Haralick texture for texture 

analysis, and Color Histogram for color distribution—are employed to enhance classification accuracy. RGB images are converted into grayscale and 

HSV formats for improved feature extraction.  

 

Husnul Ajra, et.al [3] have proposed a Plant Leaf Disease Detection System using Image Processing and Convolutional Neural Networks (CNN) to 

identify diseases in tomato and potato leaves and provide preventive measures. The study utilizes AlexNet and ResNet-50 models, achieving 97% 

accuracy with ResNet-50 and 96.5% with AlexNet for detecting healthy and diseased leaves. The methodology includes image preprocessing, 

augmentation, feature extraction, and classification, applied to Kaggle datasets. Images are converted to grayscale for enhanced contrast, and CNN models 
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classify diseases like early and late blight. Additionally, a graphical user interface (GUI) is designed to suggest preventive measures. This approach 

enhances automated disease detection, helping farmers improve crop yield and food security through efficient, technology-driven solutions. 

SK Mahmudul Hassan, et.al [4] have proposed a lightweight CNN-based Plant Disease Identification Model that improves classification accuracy while 

reducing computational complexity. The model integrates Inception and Residual connections, using depthwise separable convolution to minimize 

parameters and training time. The approach is designed to work efficiently on low-resource devices, making it suitable for real-time agricultural 

applications without relying on high-powered GPUs. The proposed model was tested on three datasets: PlantVillage (99.39% accuracy), Rice Disease 

Dataset (99.66% accuracy), and Cassava Dataset (76.59% accuracy). By replacing standard convolution with depthwise separable convolution, the model 

achieves a 70% reduction in parameters while maintaining performance. Comparative analysis with state-of-the-art deep learning models demonstrates 

that this approach outperforms existing methods, especially on imbalanced datasets. Future work aims to expand this model for weed detection, pest 

identification, and disease recognition across different geographical regions. 

 

Garima Shrestha, et.al [5] have proposed a CNN-based Plant Disease Detection System using deep learning techniques to classify plant diseases and 

suggest remedies. The model is trained on a dataset of 3000 images across 15 classes, including 12 diseased plant leaves and 3 healthy leaf categories. 

The dataset is split 80:20 for training and testing, with the model achieving 97.42% training accuracy and 88.80% test accuracy. Image processing 

techniques such as feature extraction and background elimination are applied to enhance classification. The system is implemented using Python, Deep 

Learning, and Neural Networks, with a Dropout layer to prevent overfitting. The proposed model enables farmers to quickly detect plant diseases using 

images captured via a webcam, providing accurate diagnosis and treatment recommendations. This work aims to reduce crop loss, improve agricultural 

productivity, and can be expanded into a mobile app for real-time disease tracking and remedy suggestions. 

 

S. Yegneshwar Yadhav, et.al [6] have proposed a CNN-based Plant Disease Detection and Classification Model with an optimized activation function to 

enhance accuracy and performance. Traditional activation functions like ReLU suffer from neuron inactivity for negative values, leading to inefficiencies. 

To address this, the authors developed a new mathematical activation function, improving CNN accuracy to 95% and increasing training speed by 83% 

on an ARM processor. The model was implemented in TensorFlow and deployed in real-time using a Raspberry Pi with OpenCV. Additionally, K-means 

clustering was applied to quantify the affected area, enabling optimized fertilizer usage. Comparative analysis showed that the Adam and Adamax 

optimizers outperformed others in fine-tuning the model. Future work includes developing an Android app for real-time plant disease detection and 

treatment recommendations. 

III.METHODOLOGY 

Machine Learning Process 

Data Collection 

Gather a diverse dataset of plant leaf images, labeled with different diseases and healthy samples. 

 

Preprocessing Image Data 

Enhance image quality, normalize dimensions, and apply augmentation techniques to improve model robustness.  

 

Dataset Splitting 

Divide the dataset into training, validation, and testing sets to ensure balanced model evaluation. 

 

Model Training 

Utilize a deep learning model (e.g., CNN) to train on labeled images for disease classification. 

 

Model Evaluation 

Test the model's performance using metrics such as accuracy, precision, recall, and F1-score to validate effectiveness. 

Web UI Development 

Frontend 
Implemented using HTML, CSS, and JavaScript, with ReactJS for a dynamic and responsive interface. 

Backend 

Developed using Flask, which handles image uploads, processes data, and communicates with the trained model. 

 

Botpress 

Used to  create  a  multilingual chatbot. 

 

Render 

Used to deploying the application. 
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IV.EXISTING SYSTEM 

Common Lookups 

Traditional crop disease diagnosis primarily relies on manual observation by farmers , agricultural experts. This approach involves visually inspecting 

plant leaves for disease symptoms and applying treatments based on experience or expert recommendations.  

 

Time-Consuming and Labor-Intensive 

Farmers must inspect large crop areas manually, which is inefficient and impractical for large-scale farming. 

 

Error-Prone 

Diagnoses depend on human judgment, leading to potential errors and misidentifications. 

 

Lack of Real-Time Data  

Traditional methods do not incorporate environmental factors such as temperature, humidity, and rainfall, which influence disease prevalence. 

 

Inefficient Treatment Plans 

Without real-time data, farmers may overuse pesticides and fertilizers, leading to increased costs and environmental harm. 
 

V.PROPOSED SYSTEM 

Common Lookups 

The Smart Crop Diagnosis and Climate-Based Treatment Advisor aims to overcome the limitations of existing methods by integrating machine learning 

and real-time environmental data. 

 

Automated Disease Detection 

Farmers can upload images of affected crops for instant disease identification. 

 

Climate-Based Treatment Suggestions 

The system recommends optimized treatments based on current weather conditions. 

 

User-Friendly Web/Mobile Interface  

Provides an intuitive platform for farmers to receive diagnostic results and expert guidance. 

 

Sustainable Farming Practices 

Promotes the responsible use of fertilizers and pesticides, reducing environmental impact. 

VI.ARCHITECTURE EXPLANATION 

Dataset Collection (Kaggle) 

The dataset is collected from Kaggle, which is a popular platform for datasets and machine learning competitions. 

 

Data Preprocessing 

The raw dataset undergoes cleaning, normalization, augmentation, and other preprocessing steps to ensure it is suitable for training. 

 

CNN Algorithm 

A Convolutional Neural Network (CNN) is used for image classification and feature extraction. This suggests that the application involves image-based 

disease detection. 

 

Model Generation (Keras) 

The CNN model is implemented using Keras, a deep learning framework built on TensorFlow. The trained model is evaluated and optimized for accuracy.  

 

Deployment using Flask 

The trained model is deployed using Flask, a lightweight Python web framework. This allows the model to be accessed via an API for real-time 

predictions. 

 

Database (MongoDB) 

MongoDB is used as the database to store 

User data 
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Disease prediction results 

Environmental conditions affecting diseases 

 

Environmental Data (OpenWeather) 

OpenWeather API is integrated to fetch environmental data like temperature, humidity, and rainfall.  This data may help refine disease predictions. 

 

React.js for Frontend 

React.js is used to develop the frontend interface, where users can upload images, view predictions, and interact with the system. 

 

Bot Integration (Botpress) 

Botpress, an open-source chatbot framework, is integrated for user interaction. The chatbot can help users by providing disease prevention measures, 

treatment suggestions, and guidance. 

 

Cloud Integration (Render) 

Render is used for cloud deployment, allowing the web application and backend services to be hosted online.  

 

 

 



International Journal of Research Publication and Reviews, Vol (6), Issue (4), April (2025) Page – 4814-4819                         4818 

 

VII.RESULT: 

 

 

VIII.CONCLUSION 

The Smart Crop Diagnosis and Climate-Based Treatment Advisor presents a transformative approach to modern agriculture by leveraging artificial 

intelligence and climate-based analysis. By automating disease detection and optimizing treatment recommendations, the system significantly improves 

efficiency, reduces human error, and promotes sustainable farming practices. The integration of machine learning and real-time environmental data 

ensures that farmers can make informed decisions, enhancing crop yield and quality while minimizing excessive pesticide use. This innovative solution 

bridges the gap between technology and agriculture, empowering farmers with actionable insights for better crop management.  

IX.FUTURE SCOPE  

Expansion of Dataset 

Incorporating a wider variety of crop types and diseases to improve model accuracy. 

 

Integration with IoT Devices 

Using smart sensors for real-time soil and climate monitoring, enhancing data precision. 

 

Multilingual Support 

Implementing regional language options to make the system accessible to farmers worldwide. 

 

Mobile App Development 

Expanding functionality through an offline-capable mobile application for remote farming locations. 

 

Predictive Analysis 

Enhancing AI models to forecast potential disease outbreaks based on climate trends and historical data.  
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