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ABSTRACT— 

Accurate crop selection is essential for sustainable agriculture, particularly in regions where soil fertility, climate variability, and resource limitations affect crop 

productivity. The proposed system leverages machine learning techniques to recommend the most suitable crop based on soil nutrient composition and 

environmental parameters. Using a K-Nearest Neighbours (KNN) classifier, the model analyses nitrogen (N), phosphorus (P), potassium (K), temperature, 

humidity, pH, and rainfall to generate data-driven crop recommendations. The system includes a structured workflow consisting of data preprocessing, feature 

selection, model training, and result visualization, ensuring reliable and interpretable predictions. A user-friendly interface enables real-time input, prediction 

display, and graphical insight generation. The results demonstrate the effectiveness of KNN in identifying optimal crops for specific environmental conditions, 

thereby improving decision-making, supporting precision agriculture, and contributing toward increased crop yield and sustainability. 

INTRODUCTION 

Agriculture continues to play a central role in supporting the economy, yet farmers frequently face challenges caused by changing climate patterns, soil 

deterioration, and unpredictable rainfall. Crop selection is often based on traditional practices or past experiences, which may not accurately reflect present-day 

soil and environmental conditions. As a result, farmers may experience inconsistent yields or inefficient use of resources. 

With the growing need for sustainable and data-driven farming, modern technologies now offer the ability to analyze soil nutrients and environmental variables 

more precisely. Machine learning, in particular, provides a reliable approach for identifying suitable crops by uncovering hidden patterns in agricultural datasets. 

In this work, a K-Nearest Neighbours (KNN) model is used to assess key parameters—such as nitrogen (N), phosphorus (P), potassium (K), pH, temperature, 

humidity, and rainfall—to recommend the crop that best matches the given conditions. 

The system integrates preprocessing, feature selection, model training, and visualization into a unified pipeline. A user-friendly interface ensures that predictions 

are easy to interpret, enabling farmers and agricultural stakeholders to make more informed and confident decisions. 

LITERATURE REVIEW 

Recent advancements in digital agriculture highlight the growing use of machine learning techniques to enhance crop planning and resource management. 

Researchers have explored supervised learning algorithms—including Decision Trees, Random Forests, Support Vector Machines, and K-Nearest Neighbours—

to evaluate crop suitability based on soil quality and environmental indicators. These models rely on structured datasets containing essential features such as 

nutrient levels, rainfall, temperature, and humidity, enabling more accurate predictions than traditional rule-based methods. 

Several studies emphasize that soil nutrients like nitrogen, phosphorus, and potassium serve as fundamental components influencing plant growth. Environmental 

factors such as pH, climate variations, and moisture conditions also contribute significantly to determining crop performance. Combining these variables allows 

models to capture a more complete representation of agricultural conditions. 

The literature additionally highlights the importance of proper preprocessing—such as normalization, managing missing data, and selecting relevant features—to 

ensure model efficiency. Some researchers have demonstrated that decision-support systems built upon these models can make complex agricultural insights 

accessible through visual dashboards and interactive interfaces. These findings collectively show that machine learning plays an increasingly crucial role in 

supporting precise and sustainable crop production. 

METHODOLOGY 

The proposed crop recommendation system is designed to transform raw agricultural inputs into accurate and interpretable predictions through a structured 

machine-learning workflow. The methodology integrates data processing, feature refinement, model development, and user-oriented output generation. 
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3.1 Data Collection and Preprocessing 

The dataset used in this work contains essential agricultural attributes, including nitrogen (N), phosphorus (P), potassium (K), temperature, humidity, soil pH, and 

rainfall. Since data quality directly affects model behaviour, several preprocessing steps were applied: 

• Missing Value Handling: Any incomplete or inconsistent entries were resolved using statistical imputation to preserve dataset reliability. 

• Outlier Treatment: Abnormal values that could distort the model’s learning process were identified and removed. 

• Normalization: All features were scaled to a uniform range using Min–Max normalization to ensure fair contribution during distance-based 

classification. 

• Train–Test Split: The dataset was divided into separate training and testing subsets to enable unbiased model evaluation. 

These preprocessing steps ensure that the model receives clean and well-structured inputs, improving prediction stability and performance. 

3.2 Feature Selection 

To identify the most relevant contributors to crop classification, feature selection techniques were employed: 

• Correlation Study: Relationships among input variables were examined to detect redundant or weakly associated features. 

• Importance Ranking: A Random Forest–based analysis highlighted the relative influence of each parameter, with nitrogen, pH, and rainfall 

emerging as highly impactful. 

• Dimensionality Analysis: PCA observations were used to verify that essential information is preserved even when dimensionality is reduced. 

This stage ensures that the final model focuses on meaningful attributes, reducing noise and improving training efficiency. 

3.3 KNN Model Development 

The core predictive engine of the system is a K-Nearest Neighbours (KNN) classifier due to its interpretability and consistent performance on structured 

datasets. 

Model training involved: 

1. Loading the normalized training samples. 

2. Experimentally identifying the optimal k value through performance comparison. 

3. Computing Euclidean distances between new inputs and stored samples. 

4. Selecting the nearest neighbours based on distance ranking. 

5. Predicting the crop label through majority voting. 

Model evaluation included metrics such as R² score, MAE, and RMSE to assess accuracy and prediction reliability. 

3.4 Recommendation Pipeline 

Once a user enters the environmental and soil parameters, the system performs the following: 

1. Normalizes inputs using previously fitted scaling parameters. 

2. Computes similarity with existing data points. 

3. Identifies the nearest neighbours. 

4. Generates a crop prediction along with a confidence estimate. 

5. Produces visual explanations to support the suggested result. 

This transparent pipeline ensures that users understand not only the output but also the reasoning behind it. 

3.5 User Interface and Visualization 

A Streamlit-based interface presents: 

• Input fields for agricultural parameters 

• Prediction results 

• Feature importance charts 

• Confidence distribution graphs 

• Comparative analysis of possible crop outcomes 

These visual elements help users interpret how the model arrived at its recommendation. 
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SYSTEM ARCHITECTURE & DATA FLOW 

The system architecture provides a modular design that integrates data processing, machine learning prediction, and user interaction into a unified workflow. 

Each component contributes to accurate crop recommendation by ensuring smooth data transformation, efficient model execution, and clear presentation of 

outputs. The architecture is designed for scalability, ease of use, and real-time operation. 

6.1 System Architecture Overview 

The architecture consists of three major layers: 

A. Input Layer 

This layer handles all user interactions. 

• Users enter soil nutrient values (N, P, K), environmental parameters (temperature, humidity, pH, rainfall), and initiate the prediction process. 

• Input validation ensures that values fall within acceptable ranges. 

• The interface is built to be simple, intuitive, and accessible to both technical and non-technical users. 

B. Processing Layer 

This is the core analytical engine of the system, responsible for machine learning operations. 

 It includes: 

• Preprocessing Module: Normalizes inputs and formats them according to model requirements. 

• Feature Selection Unit: Applies statistical methods to determine feature relevance. 

• KNN Prediction Engine: Classifies the most suitable crop based on nearest-neighbour similarity. 

• Evaluation Unit: Computes supporting metrics and provides insights for interpretability. 

This modular design allows seamless updating or replacement of individual components if needed. 

C. Output Layer 

This layer displays prediction results and visual analytics. 

• Recommended crop name 

• Confidence level 

• Parameter distribution graphs 

• Feature importance charts 

• Additional insights generated by the model 

Outputs are formatted to help users understand not only the prediction but the reasoning behind it. 

6.2 Data Flow Description 

The data flow of the system progresses through the following stages: 

1. User Input Acquisition: Users enter soil and environmental parameters into the interface. Inputs are validated and passed to the backend. 

2. Data Preprocessing: The system normalizes the input data using Min–Max scaling and ensures compatibility with the trained KNN model. 

3. Model Execution: The processed data is fed into the KNN classifier, which calculates Euclidean distances and identifies the most suitable crop class. 

4. Prediction & Confidence Calculation: 

 The system outputs the recommended crop and generates a confidence score based on neighbour distribution. 

5. Visualization Generation: Various charts (feature importance, confidence distribution, parameter analysis) are generated to support the 

recommendation. 

6. Result Delivery: The dashboard presents all results together, enabling the user to review insights before taking action. 

6.3 Block Diagram 

The block diagram in the project report represents the end-to-end workflow: 
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At each stage, the output of the previous block becomes the input of the next, ensuring organized data movement and predictable behaviour. 

IMPLEMENTATION 

The implementation of the KNN-Based Crop Recommendation System focuses on integrating machine learning techniques with an intuitive user interface to 

provide accurate and real-time crop suggestions. The system is developed using Python and Streamlit, leveraging widely used data-processing and machine 

learning libraries for efficiency and scalability. 

7.1 Model Development 

The dataset containing soil nutrients (N, P, K), temperature, humidity, pH, and rainfall is preprocessed to handle missing values, remove outliers, and normalize 

feature ranges. The K-Nearest Neighbours (KNN) algorithm is implemented due to its simplicity and strong performance with multi-feature agricultural datasets. 

The model is trained using the prepared dataset, and the optimal value of k is determined experimentally. Evaluation metrics such as accuracy, MAE, and RMSE 

are used to validate model reliability. 

7.2 System Integration 

Once trained, the model is integrated into an interactive Streamlit dashboard. Users provide the required soil and environmental inputs through a simple interface. 

These inputs are normalized and passed to the KNN classifier, which predicts the most suitable crop based on similarity to known data points. The system also 

generates supporting visualizations, including feature importance and confidence scores, to help users interpret the model’s output. 

7.3 User Interaction & Output 

The dashboard presents prediction results in real time. It displays: 

• The recommended crop 

• Model confidence level 

• Visual graphs summarizing user inputs and prediction rationale 

The streamlined implementation ensures minimal computational overhead while maintaining clarity and usability, making the system practical for real-world 

agricultural use. 

RESULTS : 

The results of the KNN-based crop recommendation system show that the model is able to accurately predict suitable crops based on soil nutrients and 

environmental conditions. After entering values such as N, P, K, temperature, humidity, pH, and rainfall, the system quickly processes the inputs and 

displays the recommended crop along with a confidence score. The dashboard also presents helpful visualizations including feature importance graphs 

and confidence distribution charts, making it easier for users to understand how the model arrives at its prediction. These outputs demonstrate that the 
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system performs reliably and provides clear, interpretable results. The predictions are consistent across multiple tests, and the model responds quickly, 

proving effective for real-time agricultural decision-making. 

CONCLUSION 

The KNN-based crop recommendation system developed in this study demonstrates the value of data-driven decision-making in agriculture. By 

analyzing soil nutrient levels and environmental factors, the model provides reliable guidance on crop suitability, helping reduce uncertainty in 

cultivation planning. The integration of preprocessing, feature selection, and visual analytics contributes to a user-friendly platform capable of 

supporting real-time predictions. 

The results indicate that the system performs consistently across various test inputs, offering accurate recommendations supported by graphical explanations. 

With further enhancements such as expanded datasets or hybrid models, the system has the potential to evolve into a more comprehensive tool for precision 

farming and sustainable agricultural practices 
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