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Abstract:  

Agriculture faces several challenges, including optimizing crop selection and managing plant diseases, 

which significantly affect productivity and sustainability. This project leverages artificial intelligence (AI) 

to provide data-driven solutions that address these issues. By analyzing environmental data, the AI system 

recommends suitable crops based on factors such as climate, soil conditions, and weather patterns, 

improving crop yield and minimizing resource wastage. Additionally, the project incorporates plant 

disease prediction models, enabling early detection of diseases and reducing the need for chemical 

treatments. collecting sensor data from agricultural environments, such as soil moisture levels, 

temperature, and humidity. This data-driven approach not only aids in effective irrigation control but also 

optimizes farming practices, promoting efficiency, sustainability, and long-term agricultural resilience. 
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1. INTRODUCTION 

Agriculture is a vital sector that supports the livelihood of millions, yet it faces continuous challenges such 

as low productivity, inefficient resource use, and inconsistent crop selection. Traditional methods heavily 

rely on experience or seasonal assumptions, which may not align with changing environmental conditions. 

In response to these challenges, Artificial Intelligence (AI) has emerged as a transformative tool in smart 

agriculture. This project focuses on building a machine learning-based predictive model to assist in smart 

agricultural decision-making, specifically in recommending the most suitable crop based on 

environmental factors such as temperature, humidity, soil pH, rainfall, and nutrient levels (N, P, K). By 

analyzing historical data, the model can help farmers make more informed decisions, increase crop yield, 

and support sustainable agriculture practices without the need for physical sensors. 
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The integration of advanced technologies in agriculture, particularly the Internet of Things (IoT) and 

Artificial Intelligence (AI), has given rise to the concept of smart agriculture. This transformation aims to 

enhance productivity, sustainability, and resource efficiency by enabling real-time monitoring and 

intelligent decision-making. Among the various applications, predictive maintenance of agricultural 

machinery and infrastructure has emerged as a critical component. By anticipating equipment failures 

before they occur, predictive maintenance helps reduce downtime, minimize repair costs, and extend the 

life cycle of farming assets. 

 

To address this issue, Explainable AI (XAI) has gained attention as a means to make AI decisions more 

transparent and comprehensible. XAI techniques, such as SHAP (SHapley Additive exPlanations) and 

LIME (Local Interpretable Model-agnostic Explanations), allow users to understand which input features 

most influenced a model’s prediction. Integrating XAI with predictive maintenance in smart agriculture 

not only enhances the model’s transparency but also supports more informed and confident decision-

making. 

 

2. PROPOSED WORK 

1. Eliminates the need for costly physical sensors by relying on pre-recorded agricultural data. 

2. Utilizes machine learning algorithms such as Decision Tree, Random Forest, and SVM to predict 

suitable crops. 

3. Requires environmental inputs like nitrogen, phosphorus, potassium levels, temperature, humidity, 

soil pH, and rainfall. 

4. Provides optimal crop suggestions based on data-driven analysis, enhancing farming decisions. 

5. Minimizes the chances of crop failure by enabling better crop selection and planning. 

6. Operates on basic computing infrastructure, making it affordable and easy to scale across regions. 

7. Can be deployed in diverse geographical locations, especially in resource-limited rural areas.. 

 

3. METHODS 

The proposed system for predictive maintenance in smart agriculture using Explainable AI is composed 

of several interconnected modules, each performing a distinct role to ensure accurate predictions and 

transparent explanations. The system architecture consists of the following core modules. 

 

Data Acquisition Module  

 

This module collects real-time data from IoT-enabled agricultural machinery and sensors. Parameters such 

as temperature, vibration, pressure, humidity, operating hours, and error logs are continuously monitored 

and transmitted to a central database for processing. 

 

Data Preprocessing Module  
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Raw data is often noisy and inconsistent. This module performs data cleaning, normalization, handling of 

missing values, and feature extraction. It ensures the data is formatted correctly and ready for use by 

machine learning models. 

 

Predictive Maintenance Module (ML Engine) 

 

This core module utilizes supervised machine learning algorithms such as Random Forest, XGBoost, or 

deep learning models to predict the likelihood of equipment failure or maintenance needs. It classifies the 

health status of machinery and predicts time-to-failure based on historical patterns and real-time data. 

 

Explainable AI Module (XAI Engine) 

 

To enhance transparency, this module integrates XAI techniques such as SHAP and LIME. These tools 

analyze the predictive model’s output and highlight which input features contributed most to a specific 

prediction. This interpretability helps stakeholders understand why a failure is expected and what 

operational factors influenced that decision. 

 

User Interface Module  

 

The user interface provides a visual dashboard for farmers and technicians to monitor the status of 

machinery. It displays predictions, maintenance alerts, and explainability reports in an intuitive and 

accessible format. Color-coded risk indicators and graphical feature importance charts aid in decision-

making. 

 

Notification and Alert System 

When a potential failure is detected, this module generates automated alerts via SMS, email, or in-app 

notifications. These alerts include recommended actions and insights from the XAI module to guide timely 

and effective interventions.. 

 

Figure 1: System architecture 

https://www.ijsat.org/


 

International Journal on Science and Technology (IJSAT) 

E-ISSN: 2229-7677   ●   Website: www.ijsat.org   ●   Email: editor@ijsat.org 

 

IJSAT25026209 Volume 16, Issue 2, April-June 2025 4 

 

The AI-Based Crop Suggestion System using Environmental Data is built using a systematic approach 

that ensures accuracy, reliability, and efficiency in crop recommendation. This section outlines the 

methodology followed in data collection, preprocessing, model selection, training, and evaluation. 

Data Collection  

To build an accurate machine learning model, the system collects data from multiple sources, including:  

Environmental and Soil Data   

Soil Composition – pH level, nitrogen (N), phosphorus (P), and potassium (K) content. Climate Conditions 

– Temperature, rainfall, and humidity. Topographic Data – Elevation and land slope. 

Data Sources  

Government agricultural databases. IoT-based soil sensors and satellite imaging. Historical farming 

records. Open-source climate and weather APIs. 

Data Preprocessing  

Raw agricultural data may contain inconsistencies, missing values, and noise. The preprocessing steps 

ensure high-quality input for the machine learning model.  

Handling Missing Data  

Scaling numerical features (e.g., soil pH, temperature) using Min-Max normalization.  

Feature Engineering  

Creating derived features such as average rainfall over a period, soil nutrient index, and temperature 

variations. 

Machine Learning Model Selection  

Different machine learning models are evaluated to identify the most effective algorithm for crop 

recommendation. 

Algorithms Considered   

Random Forest – Robust for handling complex decision-making.  

Support Vector Machines (SVM) – Effective for classification tasks.  
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K-Nearest Neighbors (KNN) – Useful for similarity-based predictions.  

Deep Neural Networks (DNN) – For high-dimensional feature learning. 

Model Training and Optimization  

Splitting data into training (80%) and testing (20%) sets. Using Grid Search or Random Search for 

hyperparameter tuning. Implementing cross-validation techniques (e.g., k-fold cross-validation). 

Model Evaluation Metrics 

To ensure the model performs well, various evaluation metrics are used :  

Accuracy – Measures the percentage of correct predictions.  

Precision and Recall – Assess the quality of recommendations. 

F1-Score – Balances precision and recall. 

Confusion Matrix – Provides insight into false positives and false negatives. 

Mean Absolute Error (MAE) and Root Mean Squared  Error (RMSE) – Evaluates regression model 

performance (if applicable). 

System Deployment 

After model validation, the system is deployed using the following approach : 

Integration with Web and Mobile UI : Flask or Django backend to serve machine learning predictions. 

Frontend using HTML, CSS, and JavaScript for user interaction. 

Cloud and API Integration : Deploying the model on cloud services such as AWS, Google Cloud, or 

Microsoft Azure. • Providing an API interface for external applications to access crop recommendations. 

Testing and Validation : Conducting real-world tests with actual farmer input data. Comparing AI-

generated recommendations with expert agronomist suggestions. Refining the model based on user 

feedback and field trials 

4. RESULTS 

This section presents the results obtained from the implementation of the AI-Based Crop Suggestion 

System and analyzes the effectiveness of the machine learning models used. It includes performance 
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evaluation, comparison of different models, system usability, and the impact of AI-driven crop 

recommendations on agriculture.  

Crop Prediction Input Form (Empty State) : Initial form interface of the Smart Farming System, 

prompting users to enter soil and environmental parameters for crop prediction.  

 

Crop Prediction Input Form (Filled State) : Smart Farming System form filled with sample data for 

temperature, humidity, nitrogen, potassium, and phosphorus content 

 

Predicted Crop Output : Prediction result screen of the Smart Farming System displaying the 

suggested crop based on the entered parameters 
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5. CONCLUSION 

The integration of predictive maintenance with explainable AI in smart agriculture presents a 

transformative step toward more efficient, reliable, and transparent farming practices. By leveraging real-

time sensor data and machine learning algorithms, the proposed system effectively anticipates equipment 

failures, reducing downtime and optimizing maintenance schedules. More importantly, the incorporation 

of Explainable AI techniques such as SHAP and LIME addresses the critical challenge of interpretability, 

enabling farmers and stakeholders to understand, trust, and act upon AI-driven insights. This fusion of 

predictive analytics with human-understandable explanations bridges the gap between advanced 

technology and practical field applications. As a result, it empowers users with actionable intelligence, 

supports informed decision-making, and fosters greater adoption of AI in agriculture. Future work may 

focus on expanding the system to support a wider range of equipment types, incorporating real-time edge 

processing, and refining XAI methods for even more intuitive explanations tailored to non-expert users. 
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