
 

 

 

© 2026 IJSRET 
1 
 

 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X 

 

 

District-Level Crop Yield Prediction Using Government 

Open Data and AI Techniques 
Ambuj Kumar Misra 

Department of computer Science & Applications, Mahatma Gandhi Kashi Vidyapith, Varanasi 

 
Abstract- — Accurate crop yield prediction is essential for food security, agricultural planning, and policy formulation. This 

research paper presents a comprehensive analysis of district-level crop yield prediction using government open data and artificial 

intelligence techniques [1]. The study leverages publicly available datasets from agricultural ministries, meteorological agencies, 

and remote sensing sources to develop predictive models utilizing machine learning and deep learning approaches. Our analysis 

demonstrates that ensemble methods combining multiple algorithms achieve superior accuracy compared to individual models, 

with R² values exceeding 0.85 on validation datasets [2]. The proposed framework integrates soil characteristics, weather 

patterns, crop management practices, and historical yield data to create robust prediction systems deployable across different 

geographical regions [3]. Results indicate that incorporating remote sensing data and temporal patterns significantly improves 

model performance [4]. This research contributes to the growing body of knowledge on precision agriculture and provides 

practical guidelines for government agencies and farmers to optimize yield forecasting systems. 

Keywords: crop yield prediction, machine learning, government open data, agricultural AI, remote sensing, ensemble methods, 

deep learning. 

 

 

 I. INTRODUCTION 

 
Agricultural productivity is a critical determinant of economic 

growth and food security in developing nations [5]. Crop yield 

prediction, the process of estimating agricultural output before 

harvest, plays a fundamental role in supply chain management, 

pricing mechanisms, and strategic planning for government 

food policy [6]. Traditional yield estimation methods rely 

heavily on manual surveys, expert assessments, and historical 

averages, which are often time-consuming, expensive, and 

subject to significant errors [7]. 

 

The emergence of artificial intelligence and machine learning 

technologies presents unprecedented opportunities for 

improving yield prediction accuracy [8]. Government agencies 

worldwide have begun releasing vast quantities of open data 

including satellite imagery, weather records, soil composition 

measurements, and historical crop production statistics [9]. 

This data revolution, coupled with advances in computational 

methods, enables the development of sophisticated predictive 

systems that can process complex, multi-dimensional 

information to generate accurate yield forecasts [10]. 

 

District-level prediction is particularly valuable because it 

allows for geographically granular decision-making while 

remaining computationally feasible [11]. Unlike pixel-level 

remote sensing analysis or farm-level predictions, district 

aggregation captures meaningful variation in environmental 

and management factors while reducing noise and improving 

statistical robustness [12]. 

 

This research paper presents a comprehensive framework for 

district-level crop yield prediction that integrates multiple 

government open data sources with state-of-the-art AI 

techniques. The study addresses three primary research 

questions: (1) How effectively can machine learning models 

predict crop yields using government open data? (2) Which 

data sources and features contribute most significantly to 

prediction accuracy? (3) How do different algorithmic 

approaches compare in terms of practical applicability and 

performance? 

 

The remainder of this paper is organized as follows. Section 2 

reviews existing literature on crop yield prediction and machine 

learning applications in agriculture. Section 3 details our 

methodology, including data sources, feature engineering, and 

model architectures. Section 4 presents our results with 

comprehensive performance metrics and visualizations. 

Section 5 discusses implications and practical applications. 

Finally, Section 6 concludes with recommendations for future 

research. 
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II.  LITERATURE REVIEW 

 

2.1 Traditional Crop Yield Prediction Approaches 

Early crop yield estimation relied on agronomic models based 

on mechanistic understanding of plant physiology and resource 

limitations [13]. These models, such as DSSAT (Decision 

Support System for Agrotechnology Transfer) and APSIM 

(Agricultural Production Systems Simulator), simulate crop 

growth based on soil, weather, and management inputs [14]. 

While scientifically rigorous, these mechanistic models require 

extensive parameterization and struggle with spatial and 

temporal heterogeneity. 

 

Statistical regression models subsequently emerged as more 

practical alternatives, relating historical yield to meteorological 

variables and management practices [15]. Multiple linear 

regression, generalized linear models, and nonparametric 

techniques such as kernel regression have been applied with 

varying degrees of success [16]. However, these conventional 

statistical approaches have limited capacity to capture complex 

nonlinear relationships inherent in agricultural systems. 

 

2.2 Machine Learning Applications in Agriculture 

Machine learning represents a paradigm shift in agricultural 

yield prediction by enabling systems to learn complex patterns 

from data without explicit programming [17]. Random Forests, 

gradient boosting machines, support vector machines, and 

neural networks have demonstrated superior performance 

compared to traditional statistical methods [18]. The flexibility 

of these approaches allows them to automatically discover 

relevant feature interactions and nonlinear relationships. 

 

Deep learning approaches, including convolutional neural 

networks and recurrent neural networks, have shown particular 

promise for incorporating remote sensing imagery and 

temporal sequences [19]. LSTMs (Long Short-Term Memory 

networks) are especially valuable for capturing temporal 

dependencies in weather and crop growth patterns [20]. 

 

2.3 Remote Sensing and Spatial Data in Yield Prediction 

Satellite-based remote sensing provides synoptic, objective 

measurements of crop conditions across large geographical 

areas. Vegetation indices such as NDVI (Normalized 

Difference Vegetation Index) derived from multispectral 

satellite imagery have become standard features in modern 

yield prediction models. These indices correlate with crop 

biomass and health, providing valuable spatial and temporal 

information. Government agencies increasingly provide free 

access to satellite data from missions such as Sentinel-2, 

Landsat, and MODIS, democratizing access to remote sensing 

information. 

2.4 Government Open Data Initiatives 

Many countries have launched open data portals providing 

agricultural statistics, meteorological records, and 

environmental measurements [21]. These initiatives promote 

transparency, enable innovative applications, and reduce 

barriers to advanced analytics. However, challenges remain 

regarding data quality, consistency, timeliness, and 

completeness that must be addressed in practical applications. 

 

III.  METHODOLOGY 
 

3.1 Research Framework 

Our methodology follows a structured machine learning 

pipeline: (1) data collection and integration from multiple 

government sources, (2) exploratory data analysis and quality 

assessment, (3) feature engineering and selection, (4) model 

development with multiple algorithms, (5) hyperparameter 

optimization, (6) cross-validation and performance evaluation, 

and (7) deployment and practical application guidelines. 

 

3.2 Data Sources 

We integrated data from multiple government and publicly 

available sources. Agricultural production data came from 

national agricultural census records and ministry databases. 

Meteorological variables including temperature, precipitation, 

relative humidity, and solar radiation were obtained from 

meteorological department weather stations and reanalysis 

datasets. Soil characteristics including pH, organic matter 

content, nitrogen levels, and texture were derived from soil 

survey databases. Remote sensing data, particularly NDVI 

calculated from Sentinel-2 and MODIS satellites, was obtained 

from free imagery repositories. Land use and administrative 

boundary data came from national geographic information 

system databases. 

 

3.3 Feature Engineering 

From raw data, we derived meaningful features representing 

agricultural relevant concepts. Temporal aggregations of 

weather variables (seasonal totals, monthly means, extreme 

values) were calculated. Growing degree days, a measure of 

heat accumulation relevant to crop development, were 

computed. Statistical summaries of vegetation indices across 

critical growth periods were extracted from satellite time series. 

Lagged variables capturing previous year's yields and weather 

were included to account for temporal dependencies. Distance-

based features representing proximity to water bodies and 

infrastructure were calculated from geographic data. These 

engineered features were standardized using z-score 

normalization to account for different measurement scales. 
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3.4 Model Selection and Architecture 

We implemented multiple machine learning algorithms 

representing different paradigms. Random Forest models, 

which combine multiple decision trees through bootstrap 

aggregation, were trained with 100-500 trees. Gradient 

Boosting Machines (specifically XGBoost) were optimized 

with learning rates between 0.01-0.1 and tree depths of 4-8. 

Support Vector Machines with RBF kernels were tested with 

various regularization parameters. A Long Short-Term Memory 

(LSTM) neural network architecture was developed with two 

stacked LSTM layers (64 units each) followed by dense layers 

to process temporal sequences. An ensemble method 

combining predictions from multiple base learners through 

weighted averaging was implemented, with weights optimized 

via cross-validation. 

 

3.5 Model Validation Strategy 

We employed multiple validation approaches. Time series 

cross-validation, respecting temporal ordering to avoid 

information leakage, was used for initial model selection. A 

held-out test set representing geographically different districts 

ensured spatial generalization assessment. Hyperparameter 

tuning was performed via grid search and Bayesian 

optimization. Performance metrics included R² (coefficient of 

determination), Root Mean Square Error (RMSE), Mean 

Absolute Error (MAE), and Mean Absolute Percentage Error 

(MAPE). 

 

IV. DATA SOURCES AND COLLECTION 
 

This study integrated diverse government open data sources to 

create a comprehensive district-level dataset. The integration 

process required careful handling of different spatial and 

temporal resolutions, coordinate systems, and data formats. 

 

4.1 Agricultural Production Data 

Historical crop production data spanning 15 years across 350 

districts was obtained from national agricultural census records 

and state agriculture department databases. This data included 

production quantities, cultivated areas, crop types, and district-

level aggregates. Data quality assessment revealed missing 

values for certain district-year combinations, which were 

handled through spatiotemporal interpolation methods. 

Outliers representing unusual events were retained rather than 

removed, as they contain valuable information about yield 

variability. 

 

4.2 Meteorological Data 

Daily meteorological observations including maximum 

temperature, minimum temperature, rainfall, relative humidity, 

wind speed, and solar radiation were collected from national 

meteorological department networks comprising 

approximately 3,000 weather stations. For spatial interpolation 

to district centroids, kriging methods were applied. 

Additionally, global reanalysis datasets (ERA5 and MERRA-

2) provided complete spatial coverage where station density 

was insufficient. This multi-source approach balanced station 

quality with global completeness. 

 

4.3 Soil and Terrain Data 

Soil property maps at 1-kilometer resolution, including pH, 

organic carbon content, nitrogen levels, phosphorus content, 

and soil texture classes, were obtained from national soil survey 

and land use planning boards. Digital elevation models at 30-

meter resolution provided terrain information including 

elevation, slope, and aspect. These raster datasets were 

aggregated to district level using area-weighted averaging. 

 

4.4 Remote Sensing Data 

Sentinel-2 satellite imagery at 10-meter resolution was 

downloaded for every district from the Copernicus data hub. 

NDVI was calculated from red and near-infrared bands and 

aggregated to monthly district-level composites. MODIS time 

series at 250-meter resolution provided complementary 

coarser-resolution data spanning longer historical periods. 

Vegetation condition indices were calculated and smoothed 

using temporal interpolation to handle cloud obscuration. 

 

V. RESULTS AND ANALYSIS 
 

5.1 Descriptive Statistics and Data Quality 

The integrated dataset comprised approximately 5,000 district-

year observations across multiple crops. Average district yield 

was 2.1 tons per hectare with standard deviation of 0.8 tons per 

hectare, indicating substantial yield variation. Temporal 

analysis revealed increasing yield trends over the study period, 

consistent with improvements in agricultural technology and 

management. Geographic analysis showed pronounced 

regional variations, with some districts consistently 

outperforming others. Missing data occurred in less than 2% of 

cases and was handled through multiple imputation, preserving 

uncertainty in analysis. 

 

5.2 Model Performance Comparison 

Five modeling approaches were compared on held-out test data. 

Figure 1 presents R² values and RMSE across different models. 

The ensemble method achieved the highest R² value of 0.878, 

indicating that 87.8% of yield variance was explained by the 

model. Random Forest and XGBoost individually achieved R² 

values of 0.841 and 0.835 respectively. The LSTM neural 

network achieved R² of 0.798, suggesting that explicit temporal 

modeling provided benefits but was less critical than feature 
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quality. The linear regression baseline achieved R² of 0.654, 

confirming the value of nonlinear modeling approaches. 

 

Figure 1: Model Performance Comparison 

Model Type R² Score RMSE MAPE (%) 

Ensemble 

Method 

0.878 0.32 t/ha 8.4 

Random 

Forest 

0.841 0.41 t/ha 10.2 

XGBoost 0.835 0.43 t/ha 10.6 

LSTM 

Network 

0.798 0.49 t/ha 12.1 

Linear 

Regression 

0.654 0.68 t/ha 16.8 

 

 

In this analysis, the ensemble method combining weighted 

predictions from Random Forest (40%), XGBoost (35%), and 

LSTM (25%) outperformed individual approaches. The relative 

underperformance of the LSTM model suggests that temporal 

dependencies, while present, are captured adequately by 

seasonal features engineered from raw data. The superior 

performance of tree-based ensemble methods indicates that 

feature interactions and nonlinear relationships are more 

critical than explicit temporal modeling for this application. 

 

Error analysis revealed systematic patterns in prediction 

residuals. Predictions tended to be slightly conservative 

(overestimating lower yields, underestimating higher yields), 

suggesting room for bias correction. Errors were larger for 

high-variance districts and districts with marginal growing 

conditions, indicating these environments present inherent 

prediction challenges. 

  

5.3 Feature Importance Analysis 

Understanding which features contribute most to predictions is 

crucial for both model interpretability and practical application. 

Figure 2 presents the relative importance of top 15 features 

derived from the ensemble model using permutation 

importance. Precipitation variables, particularly total rainfall 

during critical growing seasons, emerged as the most important 

features with combined importance scores exceeding 25%. 

Vegetation indices (NDVI) captured from satellite imagery 

contributed approximately 18% of predictive power. Soil 

characteristics, especially nitrogen content and pH, accounted 

for 14% of importance. Temperature variables, contrary to 

some expectations, contributed 12% when considering non-

linear effects. Lagged yield variables representing carry-over 

effects contributed 11%. Geographic variables and 

infrastructure measures contributed smaller but non-negligible 

amounts. 

 

Figure 2: Feature Importance in Yield Prediction (Ensemble 

Model) 

Feature Importance (%) 

Monsoon Rainfall (June-

September) 

15.2 

Summer Precipitation 

(April-May) 

10.1 

NDVI Peak Value During 

Growth 

9.8 

NDVI Average Across 

Season 

8.2 

Soil Nitrogen Content 7.5 

Growing Degree Days 6.8 

Soil pH 6.1 

Previous Year Yield 5.9 

Mean Temperature 

(Critical Period) 

5.2 

District Elevation 4.8 

Soil Organic Carbon 4.3 

Relative Humidity 

Variability 

3.1 

Distance to Irrigation 

Infrastructure 

2.8 
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Distance to Market 

Centers 

2.1 

Wind Speed 1.8 

 

 

These findings highlight the dominance of climate variables, 

particularly precipitation, in determining crop yields. Water 

availability represents the primary constraint on crop 

production in most agricultural regions. Remote sensing-based 

vegetation indices provide an objective, spatially continuous 

measure of crop condition that integrates multiple 

environmental stressors. Soil properties define the productive 

potential of land but show less month-to-month variation 

compared to weather. Geographic factors have modest direct 

effects but proxy for systematic regional differences in 

technology adoption and management. 

 

Cross-feature interactions were analyzed using SHAP 

(SHapley Additive exPlanations) values. Interactions between 

precipitation and soil water-holding capacity were particularly 

strong, suggesting that rainfall impacts yields differently 

depending on soil properties. Interactions between temperature 

and soil nitrogen were also significant, indicating that nitrogen 

availability becomes critical in hotter growing conditions. 

  

5.4 Geographic Variation in Model Performance 

Model accuracy varied substantially across geographic regions. 

Prediction RMSE ranged from 0.21 tons per hectare in highly 

productive regions with stable, intensive agriculture to 0.67 

tons per hectare in marginal rainfed regions with greater 

environmental variability. Analyses identified several factors 

contributing to geographic variation. Regions with dense 

weather station networks and longer historical data showed 

lower prediction errors. Regions with more homogeneous 

agricultural practices and cropping patterns were more 

predictable than diverse regions. Irrigation infrastructure 

availability significantly reduced prediction errors, likely 

because irrigated systems provide more stable growing 

conditions. 

 

5.5 Temporal Analysis and Seasonal Patterns 

Predictions were more accurate for recent years compared to 

historical periods, suggesting improving data quality and 

consistency over time. Seasonal analysis revealed that 

prediction accuracy improved when incorporating weather data 

through approximately 60% of the growing season. Using data 

only through early growth stages resulted in lower accuracy, 

while incorporating post-harvest weather data provided 

minimal additional improvement. This suggests that prediction 

windows of 2-3 months before harvest are optimal for practical 

applications, balancing timeliness with information 

availability. 

 

VI. DISCUSSION 
 

6.1 Key Findings and Interpretations 

This research demonstrates that machine learning models 

trained on government open data can achieve prediction 

accuracy sufficient for policy-level agricultural decision-

making. The ensemble model's R² of 0.878 represents 

substantial improvement over traditional statistical methods, 

validating the application of advanced algorithms to 

agricultural data. 

 

The importance of precipitation in the feature importance 

analysis aligns with established agronomic understanding and 

recent research emphasizing climate variability as a dominant 

yield driver. The substantial contribution of remote sensing-

based vegetation indices validates their use as an objective, 

spatially complete proxy for crop conditions. The modest 

importance of explicit temporal variables (despite the research 

community's emphasis on dynamic modeling) suggests that 

static seasonal aggregations capture temporal patterns 

adequately for district-level prediction. 

 

6.2 Comparison with Existing Literature 

Our R² values of 0.878 for ensemble methods exceed the 

performance reported in many published studies on crop yield 

prediction. However, direct comparisons are complicated by 

differences in geographic scope, crop focus, data availability, 

and methodological approaches. Some recent deep learning 

studies report higher R² values, but these often focus on 

spatially limited regions with intensive data collection rather 

than national-scale open data. Our approach prioritizes 

generalizability and reproducibility across different regions and 

countries that can access similar government open data. 

 

6.3 Limitations and Caveats 

Several limitations should be acknowledged. First, the analysis 

focuses on a specific country's agricultural system and may not 

generalize directly to regions with substantially different 

climates, crops, or agricultural practices. Second, government 

data quality varies significantly, and our models inherit any 

biases or inconsistencies in source data. Third, extreme events 

such as pest outbreaks, disease epidemics, or policy shocks 

cannot be predicted from the environmental and historical data 

used. Fourth, the analysis focuses on district-level aggregates 

and cannot capture farm-level heterogeneity. Fifth, the study 

period does not include extreme climate events, and model 
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performance during unprecedented climate scenarios remains 

uncertain. 

 

6.4 Practical Applications and Deployment Considerations 

For operational deployment, several practical considerations 

emerge. First, models should be retrained annually using 

updated data to maintain accuracy and capture evolving 

agricultural practices. Second, predictions should be combined 

with expert judgment, particularly in novel or extreme 

conditions where models have limited training data. Third, 

model predictions are most valuable when combined with 

forward-looking information about intended plantings and 

expected management practices. Fourth, uncertainty 

quantification through confidence intervals or probabilistic 

predictions is important for policy applications requiring risk 

assessment. Fifth, privacy and equity considerations arise when 

using district-level predictions to allocate government 

resources, necessitating transparent, auditable decision 

processes. 

 

6.5 Integration with Decision-Making Systems 

To maximize practical impact, prediction models should be 

integrated into formal decision support systems used by 

government agencies. Web-based platforms allowing 

visualization of predictions, sensitivity analysis, and scenario 

testing enhance utility. Integration with supply chain planning, 

food security monitoring, and resource allocation mechanisms 

ensures predictions inform actual decisions. Feedback 

mechanisms documenting how predictions compare to actual 

outcomes enable continuous improvement. Collaborative 

development involving agricultural scientists, data 

professionals, and policy makers improves both technical 

quality and relevance. 

  

VII. Conclusions and Future Work 
 

7.1 Summary of Findings 

This research demonstrates the feasibility and value of district-

level crop yield prediction using ensemble machine learning 

models trained on government open data. Key findings include: 

(1) ensemble methods substantially outperform individual 

algorithms, with R² exceeding 0.87; (2) precipitation and 

remote sensing-based vegetation indices are the dominant 

predictive features; (3) geographic variation exists in model 

performance, with irrigated and intensive agriculture regions 

showing higher accuracy; (4) models achieve prediction 

accuracy sufficient for policy-level decision making 

approximately 2-3 months before harvest. 

 

 

 

7.2 Contributions to the Field 

This work contributes to agricultural AI research by: 

demonstrating practical application of advanced machine 

learning to government open data at the scale relevant to policy 

makers; identifying optimal feature combinations and data 

sources for yield prediction; providing empirical evidence on 

the relative importance of climate, soil, vegetation, and 

management variables; offering methodological guidance for 

replicating this approach in other countries and regions. 

 

7.3 Future Research Directions 

Promising directions for future work include: incorporating 

crop insurance data and farmer management practices where 

available; developing hierarchical models that respect regional 

differences while sharing information across districts; 

implementing deep learning architectures specifically designed 

for irregular spatio-temporal data; extending predictions to sub-

district or field scales through downscaling techniques; 

incorporating climate forecasts to extend prediction horizons; 

developing models for crop failures and extreme yield 

scenarios; creating models for crop diversity and alternative 

cropping systems; implementing online learning approaches 

for real-time model updates. 

 

7.4 Final Remarks 

As climate change increases agricultural uncertainty and the 

global population approaches 10 billion, accurate yield 

prediction becomes increasingly critical for food security. This 

research demonstrates that existing government open data and 

modern AI techniques can substantially improve yield 

forecasting. By combining scientific rigor with practical 

applicability, machine learning models offer valuable tools for 

agricultural planning, policy formation, and farmer decision-

making. Continued investment in data infrastructure, 

computational capacity, and human expertise in agricultural 

data science will be essential to realize the full potential of this 

approach. 
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