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ABSTRACT 

Modern agriculture is challenged by climate variability, crop diseases, and inefficient resource use. This paper introduces Smart Agriculture Management, an 

intelligent, modular decision support platform designed to enhance farm productivity through artificial intelligence. It integrates machine learning models such as 

Random Forest for crop recommendation, ARIMA for yield prediction, and MobileNetV2 CNN for disease detection. Smart Agriculture Management supports 

real-time weather forecasts via OpenWeatherMap API and uses rule-based filtering for soil health classification. With 94% accuracy in crop recommendation and 

92% in disease classification, the system empowers farmers with data-driven insights. The platform features multilingual support, edge computing compatibility, 

and a lightweight UI using Streamlit, making it deployable in resource-constrained rural areas. Evaluation metrics confirm high accuracy and usability, 

demonstrating Smart Agriculture Management 's potential to revolutionize sustainable agriculture. 

1. INTRODUCTION 

The agriculture industry, especially in developing nations like India, is undergoing a transformative shift driven by the need to increase productivity, 

ensure food security, and adapt to unpredictable climatic conditions. Traditional farming practices, while rooted in generations of experience, are 

increasingly insufficient to meet the demands of a growing population, shrinking arable land, and environmental challenges such as erratic weather 

patterns, soil degradation, and pest outbreaks. Farmers often make critical decisions—such as which crops to plant, when to irrigate, or how to respond 

to disease—based on limited information, leading to inefficient resource utilization and reduced yields. In this context, the integration of advanced 

technologies such as Artificial Intelligence (AI), Machine Learning (ML), and the Internet of Things (IoT) presents a powerful opportunity to modernize 

agriculture. The process of system is addresses these challenges by combining predictive analytics, deep learning, and real-time data acquisition to guide 

farmers with actionable insights. The system features modules for crop recommendation, disease detection, soil health analysis, and yield forecasting, 

offering a holistic approach to smart agriculture. Unlike traditional systems that operate in silos, Smart Agriculture Management is designed as a unified 

platform that leverages low-cost hardware, scalable software architectures, and user-friendly interfaces to support decision-making at the grassroots level. 

With multilingual support, offline capability, and edge computing compatibility, it is tailored specifically for rural deployment, making cutting-edge 

technology accessible to small and marginal farmers. This project exemplifies how data-driven approaches can revolutionize farming by enabling timely 

interventions, optimizing inputs, reducing crop losses, and ultimately enhancing agricultural sustainability and farmer income. 

2. LITERATURE REVIEW 

Previous studies demonstrate the applicability of AI in various agricultural domains: 

• Crop Recommendation: Decision Trees and Random Forests have shown high performance in tailoring crop suggestions based on 

environmental data. 

• Weather Forecasting: ARIMA and Prophet models are used for accurate time-series forecasting of climate parameters. 

• Disease Detection: CNNs like MobileNet have proven effective in classifying plant diseases from leaf images. 

• Usability:  The deployment of our AI models helps for rural accessibility. 
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3. System Architecture and Methodology 

3.1 Modules Overview: 

• Crop Recommendation: Random Forest classifier using soil (NPK, pH), temperature, rainfall, and humidity data. 

• Disease Detection: Fine-tuned MobileNetV2 model classifying 13 crop diseases from leaf images with 91.41% accuracy. 

• Soil Analysis: Rule-based system classifying nutrient adequacy. 

• Yield Prediction: ARIMA model trained on historical yield data, achieving MAPE of 7.4%. 

• Weather Data Integration: Real-time forecast via OpenWeatherMap API. 

3.2 Technology Stack: 

• Backend: Python, FastAPI 

• Frontend: Streamlit 

• Database: MongoDB 

• Libraries: scikit-learn, TensorFlow, OpenCV, statsmodels, NumPy, Pandas 

4.Data Collection (Expanded Version) 

The effectiveness of any AI-driven agricultural system relies heavily on the quality and diversity of data collected during development. For Smart 

Agriculture Management, a wide range of datasets were sourced from authentic and verified repositories, agricultural research institutions, and open-

source platforms. The data acquisition process focused on ensuring that the datasets were regionally relevant, scalable, and representative of the real-

world challenges faced by Indian farmers. 

1. Crop Recommendation Data 

To build the crop recommendation module, data was gathered from publicly available agricultural databases, government publications (such as those 

from ICAR and Krishi Vigyan Kendras), and international research papers. This data included: 

• Soil parameters: Nitrogen (N), Phosphorus (P), Potassium (K), pH level, and moisture content. 

• Climatic variables: Historical temperature, humidity, and rainfall data specific to agricultural seasons. 

• Crop suitability: Labels indicating which crops performed well under specific soil and climate combinations. 

• Profitability index: Average market rates, cost of cultivation, and yield data. 

2. Plant Disease Detection Data 

For training the MobileNet-based disease detection model, a comprehensive image dataset was curated from: 

• PlantVillage Dataset (an open-source project by Penn State University). 

• Government agricultural universities and disease diagnostic manuals. 

• Field image collections gathered via mobile phone cameras to represent real conditions (including various lighting, background clutter,   and   

disease   stages). Each image was labeled with disease type, crop species, and health status (healthy/infected), covering 13 common crop 

diseases such as leaf blight, powdery mildew, rust, and mosaic virus. 

3. Soil Data 

Soil health reports and soil testing data were sourced from: 

• Indian Council of Agricultural Research (ICAR) soil testing labs. 

• Tamil Nadu Agricultural University (TNAU) datasets. 

• FAO (Food and Agriculture Organization) soil profile datasets. The collected data included parameters like macro and micronutrients, 

organic carbon, electrical conductivity, and pH values. Each record was geotagged where possible to enhance location-based 

recommendations. 
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4. Weather Data 

Weather information was gathered using a hybrid approach: 

• Historical data: 15 years of temperature, humidity, rainfall, and wind speed data were obtained from IMD (India Meteorological Department) 

and NASA POWER datasets. 

• Real-time data: Accessed via the OpenWeatherMap API and WeatherStack 

API. 

This dual-sourcing approach ensured both temporal continuity and current context awareness, which is essential for predictive modeling. 

5. FLOW DIAGRAM: 

 

6. Discussion 

Smart Agriculture Management  offers an accessible, scalable, and farmer- centric solution to agricultural decision-making. Its modular design allows 

customization for different crops, regions, and languages. Edge-compatible models like MobileNet and low-latency APIs ensure usability in rural setups 

with limited internet access. 

7. Conclusion and Future Work 

Smart Agriculture Management significantly improves farming efficiency by integrating AI tools into a unified platform. Future work includes: 
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• Expansion to support more crops and local dialects. 

• Integration with government databases for subsidy and scheme tracking. 

• Voice-based chatbot for illiterate users. 

• Satellite/drone integration for pest  
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