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Abstract 

Agriculture is the backbone of India’s economy, with millions of farmers dependent on timely insights 

into crop productivity for sustainable livelihoods and national food security. However, crop yields are 

highly sensitive to multiple interacting factors, including climatic variability, soil health, and input 

management. This project focuses on developing an intelligent, data-driven machine learning system for 

predicting crop yield across Indian states, integrating historical agricultural, environmental, and 

meteorological data into a unified predictive framework. 

The primary objective of this project is to build an accurate, interpretable, and scalable model that can 

forecast the yield of diverse crops based on factors such as area of cultivation, fertilizer and pesticide use, 

temperature, rainfall, humidity, soil nutrient composition (Nitrogen, Phosphorus, Potassium), soil pH, and 

seasonal patterns. The system leverages supervised machine learning algorithms - including XGBoost, 

Random Forest, and Histogram Gradient Boosting - to identify the complex, nonlinear dependencies 

between these input features and observed crop yields. Through model comparison and hyperparameter 

tuning, the XGBoost model was found to deliver superior predictive accuracy and generalization, making 

it the foundation of the final deployed pipeline. 

The dataset used for training and evaluation was compiled from authentic government and open data 

sources, encompassing multiple years and covering a wide variety of crops, states, and seasons. 

Preprocessing steps included data standardization, feature scaling, label encoding for categorical attributes 

(such as crop, season, and state), and normalization of temporal data using a YearTransformer to capture 

long-term yield trends. The final pipeline integrates all preprocessing and transformation steps with the 

trained model to ensure seamless, real-time prediction on new data. 

To enable accessibility and practical usability, the model has been deployed as an interactive Streamlit 

web application. This app allows users - including farmers, agronomists, and policymakers—to input 

real-world parameters and instantly obtain yield predictions (expressed in quintals per hectare). The 

interface automatically handles encoding, scaling, and transformation, ensuring consistent predictions 

aligned with the trained pipeline. The application’s intuitive design, coupled with visual data previews, 

provides transparency and ease of interpretation for end-users. 

This project’s broader impact lies in its potential to empower stakeholders with data-driven decision 

support. For farmers, it offers predictive insights to optimize resource allocation - such as fertilizer usage 

or crop selection - under varying climatic conditions. For policymakers, it provides a scientific foundation 

for yield forecasting, subsidy distribution, and early warning systems for agricultural risks. Moreover, the 

system contributes toward achieving precision agriculture goals by integrating environmental, soil, and 

meteorological parameters into a unified predictive framework. 
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In conclusion, the proposed Crop Yield Prediction System demonstrates how advanced machine learning 

techniques can transform raw agricultural data into actionable intelligence. By combining domain 

knowledge with computational analytics, this project enhances the reliability of yield estimation, supports 

sustainable farming practices, and strengthens resilience against climate variability. Future enhancements 

may include incorporating satellite imagery, real-time IoT sensor data, and deep learning architectures to 

further improve prediction granularity and adaptiveness at the regional level. 

Keywords: Crop Yield Prediction, Machine Learning, XGBoost, Indian Agriculture, Data Preprocessing, 

Streamlit Application, Precision Agriculture, Feature Engineering, Climate Variability, Sustainable 

Farming, Random Forest, Gradient Boosting, Soil Health, Weather Data, Agricultural Forecasting 

Problem Statement 

Agriculture, a cornerstone of India’s economy and a primary livelihood for millions, faces significant 

volatility due to its high dependence on the unpredictable monsoon and growing climate variability, 

including irregular rainfall, temperature fluctuations, and extreme weather events. Traditional crop yield 

forecasting methods, often subjective and manual, fail to capture the complex interplay of factors that 

influence agricultural output, such as localized weather patterns, soil fertility, fertilizer and pesticide 

usage, and pest or disease outbreaks. This imprecision leads to financial losses for farmers, inefficiencies 

in the market, and challenges for policymakers in planning for food security, resource allocation, and 

disaster preparedness.  

There is a pressing need for a data-driven, real-time, and localized predictive system that integrates these 

multiple factors to generate accurate crop yield forecasts. Such a system can help farmers make informed 

decisions regarding sowing, irrigation, and input management, assist policymakers in designing effective 

agricultural policies and subsidies, and provide the market with reliable supply-demand insights. 

Ultimately, this approach aims to improve agricultural productivity, economic stability, and resilience 

against climate uncertainty, supporting both sustainable farming practices and national food security. 

Objective of the Project 

The primary objective of this project is to develop a robust machine learning-based system capable of 

predicting future crop yield (kg/ha) for major crops such as rice, wheat, sugarcane, and maize across 

different Indian states. The system aims to provide accurate, data-driven insights to support farmers, 

policymakers, and other stakeholders in making informed decisions. The specific objectives include: 

1. Data Aggregation and Preprocessing 

o Collect and integrate crop-related data from multiple sources, including government 

databases, agricultural surveys, and weather reports. 

o Clean, standardize, and preprocess the data to handle missing values, inconsistencies, and 

outliers, ensuring high-quality inputs for modeling. 
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2. Feature Engineering and Exploratory Analysis 

o Derive meaningful features that capture influential factors such as soil properties, climatic 

conditions, fertilizer and pesticide usage, and seasonal variations. 

o Conduct Exploratory Data Analysis (EDA) to identify patterns, trends, and correlations in 

crop yield across states, crops, and seasons. 

3. Model Development and Evaluation 

o Build and evaluate multiple machine learning models, including Regression, Random 

Forest, and XGBoost, to accurately predict crop yield. 

o Optimize model performance through feature selection, hyperparameter tuning, and cross-

validation techniques. 

4. Prediction and Insights Generation 

o Generate reliable yield predictions to help farmers plan sowing, irrigation, and input 

application strategies. 

o Provide actionable insights for policymakers to allocate resources efficiently and formulate 

effective agricultural policies. 

o Enable identification of trends and potential risks, supporting strategic decision-making 

across the agricultural value chain. 

5. Towards Practical Deployment 

o Ensure that the predictive system is interpretable and can be integrated into dashboards or 

decision-support tools for real-world application. 

o Facilitate short-term and long-term planning to enhance agricultural productivity, 

economic stability, and food security. 

Machine Learning Process Flow (Architecture) 
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Resources or Prerequisite 

Data Resources 

The project uses a combination of crop, soil, and weather datasets to build an accurate predictive model. 

The datasets were collected from India.gov.in (https://india.gov.in/category/agriculture-rural-

environment/subcategory/agricultural-produce) and include: 

1. crop_yield.csv – Contains historical yield data for major crops such as rice, wheat, sugarcane, and 

maize across Indian states, including attributes like year, crop, season, area, production, and yield. 

2. state_soil_data.csv – Provides soil characteristics for different states, including NPK content 

(Nitrogen, Phosphorus, Potassium), pH value, and other soil fertility parameters. 

3. state_weather_data_1997_2020.csv – Contains historical weather information such as average 

temperature, rainfall, and humidity from 1997 to 2020, enabling correlation analysis with crop 

yields. 

These datasets are integrated and preprocessed in Python to create a unified dataset suitable for machine 

learning modeling. Preprocessing steps include handling missing values, encoding categorical variables, 

scaling numerical features, and feature engineering. 

Libraries & Frameworks 

The project leverages Python libraries for data manipulation, visualization, modeling, and deployment: 

 Data Manipulation: pandas, numpy – for cleaning, aggregating, and transforming data. 

 Visualization: matplotlib, seaborn – for exploratory data analysis (EDA), trend visualization, and 

outlier detection. 

 Machine Learning: scikit-learn, xgboost – for model building, training, hyperparameter tuning, 

and evaluation. 

 Deployment: Streamlit – to build interactive dashboards for predictions and visualization of crop 

yield insights. 

 Others: pickle for saving trained models, joblib for pipeline serialization. 

Software & Environment 

 Programming Language: Python (3.x) 

 Version Control: Git for tracking project changes, collaborating, and maintaining 

reproducible workflows. 

 Development Environment: Jupyter Notebook / VS Code – for coding, testing, and iterative 

model development. 
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Workflow Highlights from Python Notebook 

 Data Integration: Merged crop, soil, and weather datasets into a single modeling dataset. 

 Exploratory Data Analysis: Identified key trends, seasonal variations, and state-wise yield 

differences. 

 Feature Engineering: Created additional features like lag yield, crop-area ratio, seasonal 

dummies, and normalized soil parameters. 

 Modeling: Trained multiple regression and tree-based models (Random Forest, XGBoost, 

Gradient Boosting) and evaluated performance using RMSE, MAE, and R². 

 Deployment: Developed a Streamlit app for interactive state-wise and crop-wise yield 

predictions. 

 Model Persistence: Saved trained models using pickle for reusability in dashboards. 

Potential Data Challenges & Risks in the project 

  Manual Data Collection 

 Data was gathered manually from multiple sources like Kaggle due to lack of centralized datasets. 

 Historical state- or district-level crop yield data is often incomplete or inconsistent, especially for 

minor crops. 

 Limited availability of high-quality, long-term weather and climate data affects prediction 

accuracy. 

  Input Variable Challenges 

 Weather data at coarse resolution (state-level) may not capture microclimate variations critical for 

yield prediction. 

 Soil health and fertilizer usage data are inconsistent and lack long-term coverage, impacting model 

reliability. 

 Variability in crop practices across regions introduces additional uncertainty. 

  Data Quality and Completeness 

 Multiple data sources are siloed and often incompatible, limiting integration potential. 

 Significant gaps exist for newer crops or specialized agricultural activities (floriculture, 

horticulture, mushrooms). 

 Time-lags in published datasets reduce their relevance for real-time predictions. 

  Scalability Issues 

 Manual data collection and labelling are not feasible for nationwide or multi-year expansion. 

http://www.aijfr.com/
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Detailed Plan of Work 

 

Week Activities 

 

 

Week 

1-2 

 

Data Exploration and Preprocessing – Collected datasets from Kaggle, examined 

structure and quality, handled missing values, standardized data, and encoded categorical 

features. 

Week 

3-4 

Feature Engineering and Exploratory Data Analysis (EDA) – Created derived features 

(e.g., state ranking, total rainfall), visualized patterns across states, crops, and seasons to 

identify key factors influencing yield. 

 

 

Week 

5-6 

 

Model Training and Hyperparameter Tuning – Built multiple machine learning models 

such as Random Forest, XGBoost, and Gradient Boosting; optimized hyperparameters and 

performed cross-validation for robust performance. 

 

Week 

7-8 

 

Evaluation, Deployment, and Documentation – Evaluated models using metrics like 

RMSE, R², and MAE; deployed final model via Streamlit/HTML interface; prepared 

project documentation. 

Steps involved in Project Implementation 

  Problem Definition 

 Identified the need for a predictive system to forecast crop yield (kg/ha) using features such as 

rainfall, crop area, production, soil type, fertilizer usage, and weather data. 

 Objective: support farmers, policymakers, and market stakeholders in operational planning and 

decision-making. 

  Data Collection 

 Gathered crop, soil, and weather datasets from India.gov.in. 
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 Extracted relevant attributes and performed preliminary visual analysis, including min, max, and 

mode estimation for yield, area, and production. 

  Data Preprocessing 

 Cleaned and standardized datasets to remove inconsistencies. 

 Handled missing values and encoded categorical variables such as state, crop type, and season. 

  Exploratory Data Analysis (EDA) 

 Visualized trends and patterns across features like state, crop, area, production, rainfall, and 

fertilizer usage. 

 Identified key variables influencing crop yield, seasonal effects, and state-specific trends. 

  Feature Engineering 

 Created new features such as total rainfall per season, crop-state ranking, and normalized soil 

parameters. 

 Enhanced dataset to improve predictive capability of models. 

  Model Building and Evaluation 

 Trained multiple models including Random Forest, XGBoost, and Gradient Boosting. 

 Evaluated performance using metrics such as RMSE, R², and MAE; selected the best-performing 

model for deployment. 

  Model Deployment 

 Developed an interactive interface using Streamlit/HTML. 

 Allowed users to input state, crop, and season details to obtain real-time yield predictions. 

 Facilitated actionable insights for farmers and policymakers. 

 

Pre-Processing and Feature Engineering 

1. Overview 

The dataset used in this project is an integrated collection of crop yield, soil characteristics, and state-wise 

weather data across multiple years and seasons in India. Each record captures key agricultural parameters 

such as production, cultivated area, fertilizer and pesticide usage, N-P-K soil nutrients, pH value, average 

temperature, rainfall, and humidity levels, alongside categorical identifiers like crop type, state, and 

season. 
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Preprocessing was performed in two main phases: 

1. Model Training Stage – to clean, transform, and merge raw CSV data into a structured dataset 

(final_merged_statewise_crop_yield_dataset.csv) suitable for model development. 

2. App Runtime Stage – to preprocess user inputs through a unified function preprocess_input(df) 

ensuring that live app predictions are handled identically to training data. 

2. Data Type Correction 

Data from multiple government sources (agricultural statistics, IMD weather records, and soil surveys) 

were found to contain inconsistent formats. 

Steps taken include: 

 Renaming Ambiguous Columns: Columns such as “Unnamed: 0” or “Crop_Year” were 

standardized to clear names like year, crop, and state. 

 Data Type Alignment: Numerical features were explicitly cast to float64 or int64 to ensure 

compatibility during scaling and model training. 

 Date Parsing: Temporal columns were converted to Python datetime.date objects for proper 

chronological sorting and analysis. 

 In the Streamlit app, inputs captured through date_input() and time_input() widgets are formatted 

into ISO date strings before processing. 

This ensures that both static (CSV) and dynamic (user-input) data maintain uniform formatting. 

3. Handling Missing Values 

Agricultural datasets often contain gaps due to measurement errors, unrecorded data, or regional 

inconsistencies. To maintain data integrity: 

 Numerical Columns (e.g., avg_temp_c, total_rainfall_mm, avg_humidity_percent, fertilizer, 

pesticide) were treated using the Interquartile Range (IQR)-based capping method: 

o Lower bound = Q1 – 1.5 × IQR 

o Upper bound = Q3 + 1.5 × IQR 

o Values outside this range were capped to the boundary values rather than dropped. 

 Categorical Columns with missing entries (such as season or crop) were imputed with the most 

frequent category. 

 Zero-value anomalies in continuous features (e.g., rainfall or production) were replaced using 

domain logic or median substitution, depending on state-season context. 

This approach avoided loss of records and preserved data variance critical for training generalizable 

models. 
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4. Outlier Detection and Treatment 

Outlier detection was conducted both statistically and visually: 

 Boxplots and Violin Plots were generated for each numerical attribute to visualize distribution 

skewness and spot extreme deviations. 

 Z-Score and IQR methods were compared; however, due to dataset size constraints, extreme values 

were not aggressively removed. 

 Outliers were instead capped or retained if found to represent realistic agricultural variability (e.g., 

unusually high sugarcane yield in irrigated states). 

Visualization techniques used: 

 Boxplots for rainfall, humidity, and yield. 

 Scatter plots to assess correlation between fertilizer, area, and production. 

 Pair plots and correlation heatmaps for feature interdependencies. 

This analysis revealed that while certain variables (like rainfall and production) had high variance, they 

also carried valuable information reflecting real-world fluctuations across states and years. 

5. Encoding of Categorical Variables 

Machine learning algorithms such as XGBoost and Random Forest require numerical inputs. Therefore: 

 Label Encoding was applied to ordinal features such as state and crop. 

 One-Hot Encoding was applied to nominal features like season, using drop_first=True to avoid 

dummy variable traps. 

 The same encoding scheme was integrated into the ColumnTransformer within the model pipeline, 

ensuring that encoding transformations are replicated automatically during inference in the 

Streamlit app. 

This consistency between training and runtime prevents discrepancies between model expectations and 

user-input data formats. 

6. Feature Scaling 

Feature scaling was crucial to normalize numeric attributes with varying units (e.g., rainfall in millimeters 

vs. temperature in Celsius): 

 StandardScaler was applied to normally distributed features (avg_temp_c, avg_humidity_percent, 

ph). 

 MinMaxScaler was applied to skewed or non-linear features (area, fertilizer, production). 
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This hybrid scaling improved model stability and reduced training bias, especially for gradient-boosting 

algorithms. 

7. Data Visualization for Summarization 

To better understand feature relationships and guide model design, several visualization steps were 

performed: 

 Correlation Heatmap highlighted strong dependencies — for instance, fertilizer and area correlated 

positively with yield. 

 PCA (Principal Component Analysis) helped in visualizing feature contribution and 

dimensionality reduction. 

 Scatter Matrix offered a multi-dimensional perspective on interactions among climatic and soil 

variables. 

 State-wise and Season-wise Yield Distribution charts were plotted to identify regional trends and 

climate influences. 

These visual insights directly informed feature engineering and model selection decisions. 

8. Summary 

The preprocessing pipeline ensured data integrity, consistency, and reproducibility across both training 

and deployment stages. 

By systematically handling missing values, correcting types, encoding categorical variables, and 

normalizing numerical features, the dataset was transformed into a robust foundation for machine learning. 

The resulting final_merged_statewise_crop_yield_dataset reflects a harmonized, clean, and model-ready 

data representation, enabling accurate and scalable yield predictions across India. 

Exploratory Data Analysis (EDA) 

1. Objective 

The goal of the Exploratory Data Analysis (EDA) was to understand the underlying structure and 

relationships within the crop yield dataset, detect outliers, identify correlations, and prepare the data for 

machine learning modelling. The dataset combined crop yield statistics, weather data, and soil 

characteristics from multiple Indian states across several years. 
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2. Initial Data Understanding 

The dataset consisted of attributes such as: 

 Crop-related features: crop type, season, area, production, and yield 

 Weather variables: average temperature, total rainfall, and average humidity percentage 

 Soil attributes: nitrogen (N), phosphorus (P), potassium (K), and pH levels 

 Geographic and temporal information: state and year 

Data types were verified to ensure numerical and categorical consistency. Ambiguous or unnamed 

columns were renamed, and the year column was standardized for numerical analysis. 

3. EDA Visualizations Summary 

 

No. Visualization 

Type 

Variables / 

Features Used 

Purpose Key Insights / Observations 

1 Histogram yield, fertilizer, 

rainfall, humidity, 

temperature 

To observe 

distribution, 

skewness, and 

spread of numerical 

variables. 

Most variables showed right-

skewed distributions; yield and 

rainfall had few extreme high 

values indicating climatic or 

regional differences. 

2 Boxplot Each numerical 

column (e.g., yield, 

production, area, 

fertilizer) 

To detect outliers 

and understand 

value range and 

quartiles. 

Outliers were detected primarily 

in rainfall and fertilizer; capped 

instead of removed to preserve 

natural variability. 

3 Correlation 

Heatmap 

All numerical 

features 

To measure linear 

relationships 

between variables. 

Strong positive correlation 

between production and area; 

moderate correlation between 

yield and fertilizer; negative 

relation with excessive humidity. 

4 Pair Plot / 

Scatter Plot 

yield vs rainfall, 

fertilizer, 

temperature, 

humidity 

To visualize 

pairwise 

relationships and 

possible non-linear 

patterns. 

Yield increases with fertilizer 

and rainfall up to a threshold; 

very high rainfall or humidity 

negatively impacts yield. 

5 Count Plot 

(Categorical 

Analysis) 

crop, state, season To visualize 

frequency and 

dominance of 

different categories. 

Kharif and Rabi seasons 

dominate; rice, wheat, and 

sugarcane are most represented 

crops across states. 

6 Group-wise 

Aggregation 

Plot 

state vs 

mean(yield) and 

To compare yield 

performance across 

states and crops. 

Maharashtra and Punjab showed 

higher mean yields; crops like 
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crop vs 

mean(yield) 

sugarcane and rice perform 

consistently well. 

7 Year-wise 

Trend Plot 

year vs 

mean(yield) 

To examine 

temporal changes in 

yield over years. 

Gradual increase in yield till 

2015, slight dip around 2016–

2018 possibly due to monsoon 

irregularities. 

8 Soil Nutrient 

Comparison 

Plot 

N, P, K, and pH vs 

yield 

To explore soil 

parameter effects on 

productivity. 

Balanced NPK ratios correspond 

to higher yields; extreme pH 

values show reduced 

performance. 

4. EDA Visualizations  

4.1. Correlation matrix for numeric features 

 
 

 

 Values close to +1 (red) → strong positive correlation: as one variable increases, the other tends 

to increase. 
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 Values close to -1 (blue) → strong negative correlation: as one variable increases, the other 

decreases. 

 Values near 0 (white/gray) → little or no linear relationship. 

 

4.2. Correlation matrix for numeric features 

 

 
 

This code visualizes the distribution of key numerical features in the dataset using histograms. It helps 

identify the spread, skewness, and presence of outliers in variables like area, production, rainfall, and yield 

during EDA. 
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4.3.  Boxplots to check outliers grouped by season 

 

 
 

This code creates a boxplot of crop yield across different seasons to visualize how yield varies 

seasonally. It helps in detecting outliers and comparing yield distribution among Kharif, Rabi, and 

other seasons. 
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4.4.  Top 10 Crops by Frequency 

 

 
 

 

 

This code plots a bar chart showing the 10 most frequently occurring crops in the dataset. It helps quickly 

identify which crops are most common. 
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4.5.  Top 15 Crops: Average Yield & Environmental Factors 

 

 
 

This analysis groups crops by their average yield and associated environmental/soil factors like 

temperature, rainfall, humidity, and nutrients (N, P, K, pH). A heatmap visualizes the top 15 crops, making 

it easy to compare how different factors relate to yield. Banana, potato, and tapioca show the highest 

average yields, typically growing under moderate temperatures (23–26°C) and high rainfall (1300–1500 

mm). Nutrient levels and soil pH also vary slightly across crops, indicating specific soil requirements for 

optimal growth. Overall, the visualization highlights key crops and the environmental conditions that favor 

higher yields. 
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4.6.  State-wise Seasonal Yield Trends 

 

 
 

 

This analysis calculates the average crop yield for each state across different seasons. The resulting 

heatmap visualizes state-wise seasonal yield trends, highlighting how productivity varies throughout the 

year. States like Delhi and Andhra Pradesh show high yields during the “kharif” and “whole year” seasons, 

while regions like Assam and Bihar have more consistent yields across multiple seasons. This helps 

identify which states perform best in specific seasons and informs targeted agricultural planning. 
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5. Interactive state-level dashboard showing 

 

 
 

 

An interactive dashboard was created using Plotly to visualize crop yield trends across Indian states. The 

dashboard presents both seasonal and crop-based yield patterns for each state, helping to identify key crops 

and high-performing seasons. 

 

The visualization includes: 

 Seasonal Average Yield Chart – Displays the mean yield for each agricultural season (Kharif, Rabi, 

etc.) within a selected state. 

 Season Summary Table – Shows the number of records available per season for that state. 

 Top Crops by Average Yield Chart – Highlights the top 10 crops based on their average yield for 

the selected state. 

 Crop Summary Table – Lists the most frequently cultivated crops and their occurrence count. 

 A dropdown menu enables dynamic selection of states, updating all charts and tables interactively. 

 

Machine Learning Modelling & Techniques Applied 

1. Problem Statement 

The goal is to predict crop yield using historical agricultural data, including crop type, state, seasonal 

factors, weather conditions, and soil nutrient levels. Machine learning models were applied to capture 

complex relationships between these features and crop yield. 
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2. Data Preparation 

 The dataset was copied to a modeling dataframe df_model to avoid altering the original data. 

 The target variable y was defined as yield. 

 Columns like production were dropped since they are dependent on area and yield, preventing data 

leakage. 

 Features were categorized for appropriate preprocessing: 

o Categorical Label Encoding: crop, state 

o One-Hot Encoding: season 

o Numerical transformations: 

 Log transformation for skewed features: area, fertilizer, pesticide, 

total_rainfall_mm 

 Standard scaling for temperature and humidity: avg_temp_c, 

avg_humidity_percent 

 Min-Max scaling for soil nutrients: n, p, k, ph 

o Year Transformation: Scaled to 0–1 range to normalize chronological effects. 

3. Preprocessing Pipeline 

 A ColumnTransformer was created to apply specific preprocessing steps to each feature type, 

ensuring reproducible and consistent transformations. 

 Custom YearTransformer scales the year to a 0–1 range, preserving temporal information without 

biasing models due to raw year values. 

4. Train/Test Split 

 Data was split chronologically: 

o Training set: years ≤ 2017 

o Test set: years > 2017 

 This approach mimics real-world prediction scenarios where future data is unknown during 

training. 

5. Machine Learning Models Applied 

Several regression models were trained to predict crop yield: 

1. Linear Regression – baseline linear model for simple relationships. 

2. Random Forest Regressor – ensemble tree-based model capturing non-linear patterns. 

3. HistGradientBoosting Regressor – advanced gradient boosting with histogram optimization. 

4. Support Vector Regressor (SVR) – kernel-based model for capturing complex non-linear 

relationships. 

5. MLP Regressor – feedforward neural network with hidden layers (64, 32). 

6. XGBoost Regressor – gradient boosting algorithm with hyperparameters: 
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o n_estimators=1000, max_depth=8, learning_rate=0.05 

o subsample=0.8, colsample_bytree=0.9 

Each model was integrated into a Pipeline with the preprocessor for streamlined training and evaluation. 

6. Model Evaluation 

 Models were evaluated using R² score on both training and test sets. 

 Results Summary: 

Model R² Train R² Test 

XGBoost 0.997 0.922 

RandomForest 0.990 0.903 

HistGradient 0.899 0.850 

MLPRegressor 0.506 0.403 

LinearRegression 0.202 0.151 

SVR 0.070 -0.027 

 XGBoost outperformed all models, achieving the highest R² on the test set (0.922), indicating 

strong predictive performance with minimal overfitting. 

7. Feature Importance (XGBoost) : The top 10 predictive features were identified: 

Feature Importance 

season_whole year 0.470 

crop 0.105 

k 0.061 

n 0.059 

p 0.056 

ph 0.051 

season_winter 0.033 

season_summer 0.024 

season_rabi 0.018 

fertilizer 0.018 

 Seasonal factors (season_whole year, season_winter) and crop type are the most influential 

predictors. 

 Soil nutrients (n, p, k, ph) also contribute significantly, highlighting their role in yield 

determination. 
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8. Model Deployment 

 The best-performing XGBoost model, along with the preprocessing pipeline, was saved as a pickle 

file (best_model_XGBoost.pkl) for future predictions and integration into applications. 

9. Summary 

 A comprehensive machine learning pipeline was built, from data preprocessing to model 

evaluation. 

 XGBoost was identified as the most effective model for predicting crop yield. 

 The pipeline captures non-linear relationships, handles categorical and numerical transformations, 

and provides interpretable feature importance. 

 This approach ensures a reproducible, scalable, and accurate yield prediction system suitable for 

practical agricultural applications. 

10. Model Building Flow Diagram 

 

11. Code Screenshots 

(Cited : 

https://www.researchgate.net/publication/364028532_Crop_Yield_Prediction_using_XG_Boost_Algorit

hm) 
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(Cited  : Nigam A, Garg S, Agrawal A, Agrawal P. Crop yield prediction using machine learning 

algorithms. In: Proceedings of the Fifth International Conference on Image Information Processing 
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Model Deployment  

Model Deployment 

After training and evaluating the machine learning models, the best-performing XGBoost pipeline was 

selected and deployed as an interactive application using Streamlit, a Python framework for building data 

apps and dashboards. Deployment makes the model accessible for end-users who can input real-world 

parameters and get predictions without needing to run Python scripts or understand the underlying code. 

1. Loading the Model 

The trained pipeline (best_model_XGBoost.pkl) is loaded using Python’s pickle module. This ensures that 

all preprocessing steps (encoding, scaling, log transformation, year normalization) and the trained 

XGBoost model are included together for consistent predictions. 

 

 

2. User Interface with Streamlit 

Streamlit provides an easy-to-use interface to create web apps directly from Python code. In this app: 

 Dropdowns (st.selectbox) allow selection of crop, state, and season. 

 Numeric input fields (st.number_input) let the user enter area, fertilizer, pesticide, weather, and 

soil nutrient values. 

 Input values are combined into a single DataFrame matching the format used during training. 

3. Real-Time Prediction 

Once the user clicks the “Predict Crop Yield” button: 

 

 The app feeds the input data through the pre-loaded pipeline. 

 Preprocessing steps automatically transform the inputs (e.g., encoding categorical variables, 

scaling numeric values, log-transforming skewed features). 

 The XGBoost model predicts the crop yield in q/ha, and the result is displayed dynamically in a 

styled output box. 

(Cited : https://docs.streamlit.io/develop/api-reference) 
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4. Custom Styling 

CSS styles are embedded in the Streamlit app for improved aesthetics: 

 

1. Centered, bold title 

2. Highlighted input and result boxes 

3. Button hover effects 

 

This enhances user experience, making the application more professional and visually appealing. 

 

5. Benefits of Using Streamlit 

(Cited : https://docs.streamlit.io/develop/concepts) 

 Interactive Deployment: Users can quickly input parameters and get predictions in real-time. 

 No Backend Setup: Streamlit handles the web server and rendering; no additional web 

development is required. 

 Integration of ML Pipeline: Preprocessing and modeling are fully integrated, ensuring predictions 

are consistent with training. 

 Shareable and Scalable: The app can be hosted on cloud platforms (Streamlit Cloud, Heroku, 

AWS) to make it accessible to farmers, agronomists, or researchers. 

6. Practical Use Case 

This deployment allows agricultural stakeholders to: 

1. Estimate crop yield based on planned field practices and environmental conditions. 

2. Explore “what-if” scenarios by changing fertilizer, pesticide, or weather parameters. 

3. Make informed decisions on crop selection, resource allocation, and harvesting strategies. 

4. In short, Streamlit provides a low-code, interactive way to deploy machine learning models 

for real-world use, transforming your XGBoost model from a script into a practical 

decision-making tool. 
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6. XGBoost_App.py 

(Cited by : Available online: https://www.kaggle.com/code/theeyeschico/crop-analysis-and-

prediction) 
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7. Local Deployment of XGBoost_App.py Application Using Streamlit 
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Project Files Structure 

 

Project Github Link :  

https://github.com/swaroopkumaraduru/Swaroop-Kumar-Aduru-Forecasting-Crop-Yield-in-India 

 

1. Data Files 

 crop_yield.csv: Crop-wise yield, area, production, fertilizer, pesticide, rainfall, season, and state 

(1997–2020). 

 state_soil_data.csv: State-wise soil nutrients (N, P, K) and pH. 

 state_weather_data_1997_2020.csv: State-wise annual weather (temperature, rainfall, humidity). 

 final_merged_statewise_crop_yeild_dataset.csv: Merged dataset combining crop, soil, and 

weather data for modelling. 

 final_merged_statewise_crop_yeild_dataset.xlsx: Excel version of the merged dataset. 

 cleaned_crop_data.xlsx: Cleaned and preprocessed dataset after outlier handling and 

normalization. 

2. Notebooks 

 Forecasting State-Wise Crop Yield in India_Final.ipynb: Main analysis notebook. Covers: 

o Data loading, merging, and cleaning 

o Exploratory Data Analysis (EDA) 

o Feature engineering and normalization 

o Model building (Linear Regression, Random Forest, XGBoost, etc.) 

o Model evaluation and feature importance 

o Dashboard generation (HTML) 

3. Python Apps & Models 

 XGBoost_App.py: Streamlit app for interactive crop yield prediction using the trained XGBoost 

model. 

 best_model_XGBoost.pkl: Serialized pipeline for XGBoost regression (used by the app). 

4. Dashboards & Visualizations 

 state_season_crop_dashboard.html: Interactive dashboard (state-wise seasonal yield and top 

crops). 

 bivariate_analysis_dashboard.html: Dashboard for bivariate analysis (yield vs. rainfall, 

temperature, humidity, soil nutrients, crop diversity). 

 Flow_Chart_Data_Merge.png: Visual flowchart showing how datasets are merged. 

Key Insights of Project 

  Data Overview & Patterns 

 Crop yield varies significantly across states and seasons. 

 Certain crops dominate the dataset, showing higher frequency and production. 
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  Feature Importance 

 Features like area, fertilizer, avg_temp_c, and total_rainfall_mm strongly influence yield. 

 Seasonal and state-level variations also play a significant role in prediction. 

  Outlier & Data Quality Analysis 

 Outliers exist in yield, area, and production, affecting model accuracy. 

 Proper data cleaning and scaling improved model stability. 

  Model Performance 

 Tree-based models like Random Forest and XGBoost performed better than linear models. 

 Hyperparameter tuning and cross-validation enhanced predictive performance. 

  EDA & Visualization Insights 

 Boxplots and distribution plots revealed seasonal trends and crop-wise yield differences. 

 Correlation analysis highlighted strong relationships between fertilizer usage and yield. 

  Shortcomings in Data & Model 

 Sparse data for some crops or regions limits prediction accuracy. 

 Lack of real-time or future weather features restricts forward-looking predictions. 

  Actionable Predictions 

 Model can help farmers estimate expected yield per crop and region. 

 Insights can guide optimal fertilizer application and crop planning. 

  Potential for Dashboard & Decision Support 

 Predictions can be visualized in dashboards for state-wise, season-wise, and crop-specific insights. 

 Can serve as a decision support tool for policymakers and farmers. 

Future Work & Extension or Scope of improvements 

  Crop-Specific Yield Predictions 

 Provide separate yield predictions for each major crop to help farmers plan more effectively. 

 Highlight high-risk crops in certain regions based on past performance. 
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  Seasonal Forecasting 

 Offer short-term predictions for upcoming seasons to guide sowing and harvesting schedules. 

 Include alerts for potential low-yield seasons based on historical trends. 

  Basic Decision Support Dashboards 

 Develop lightweight dashboards using Streamlit or Power BI to visualize: 

o Yield trends over years 

o Top-performing crops and regions 

o Key factors affecting yield (fertilizer, rainfall, temperature) 

  Predictive Insights for Resource Planning 

 Estimate fertilizer or pesticide needs based on predicted yield and crop type. 

 Suggest optimal cropping patterns for maximizing productivity on limited land. 

  Simple Risk Assessment 

 Highlight areas prone to low yield due to adverse weather conditions. 

 Provide basic “what-if” analysis using existing data (e.g., impact of rainfall shortage on yield). 

  Data-Driven Recommendations 

 Recommend suitable crops for specific states or regions based on historical trends. 

 Provide guidelines for crop rotation and seasonal planning. 

  Interactive Visualization Features 

 Add filters for year, state, crop, or season to make dashboards more user-friendly. 

 Include charts showing correlations between inputs (fertilizer, rainfall) and yield. 

  Incremental Model Updates 

1. Update predictions regularly as new yearly data becomes available. 

2. Keep dashboards relevant without requiring heavy computational resources. 
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