ICJK

Digital Intelligence in Agriculture
http://dx.doi.org/10.62762/DIA.2026.295683

RESEARCH ARTICLE

Check for
updates

A Big Data-Driven Hybrid Ensemble Learning
Framework for Crop Yield Prediction in

Low-Productivity Districts

Somya Singh!” and Yogesh Kumar Gupta®!

! Department of Computer Science, Banasthali Vidyapith, Rajasthan 304022, India

Abstract

Low-productivity agricultural belts in India face
the compounding realities of land fragmentation,
erratic weather, and heterogeneous soils, which
together limit harvest outcomes. Precision
agriculture and big data analytics together
offer an innovative solution that turns large
volumes of heterogeneous data into actionable
agronomic intelligence. = This study proposes
a big-data-driven crop yield prediction (CYP)
framework tailored to low-productivity districts in
India. The architecture combines soil and climatic
analytics with data warehousing, machine learning
(four base regressors and voting-based hybrid
ensembles), and a preprocessing pipeline designed
for compatibility with distributed computing
frameworks such as Apache Spark, together with
SHAP-based explainability for interpreting the
model’s predictions. The framework provides
accurate, district-level yield forecasting to support
context-sensitive agronomic decision-making. The
paper reports the predictive performance achieved,
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discusses implementation challenges, and outlines
a future research agenda for data-driven agricultural
reform in India.

Keywords: crop yield prediction (CYP), machine learning
(ML), ensemble learning, big data, precision agriculture,
explainable Al (SHAP).

1 Introduction

The Indian economy is heavily agricultural, and
a significant share of the population depends on
agriculture for its livelihood. Because technological
adoption remains incomplete, several Indian districts
suffer from low agricultural productivity due to soil
erosion, unpredictable rainfall, nutrient deficiency, and
limited use of modern agricultural practices. These
issues directly affect farmers” income and national food
security.

Crop yield prediction is a critical component of
precision agriculture because it enables better
planning, risk management, and policy-making.
The complex, non-linear relationships present in
agricultural data are difficult to capture using
traditional prediction approaches that rely on
statistical models and historical experience alone.
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However, existing machine learning models often
lack scalability and do not generalize well to field-
and farm-level scenarios. Moreover, little effort has
been devoted to hybrid learning models that combine
multiple base learners to achieve improved predictive
performance.

In this paper, a hybrid machine learning architecture
founded on big data is introduced for predicting
crop yield in low-productivity districts. The main
contributions of this work are:

1. Develop a preprocessing pipeline designed
for compatibility with distributed computing
frameworks such as Apache Spark.

2. Compare four machine learning base models on
district-level agricultural data.

3. Construct hybrid ensemble models via voting
regression.

4. Compare model performance across districts and
analyze model explainability using SHAP.

2 Related Work

Predicting crop vyield has developed beyond
conventional statistical methods toward more
sophisticated machine learning (ML) and deep
learning (DL) models that overcome the shortcomings
of early regression and empirical approaches [1, 2].
Combining machine learning models with soil and
weather parameters has been shown to achieve better
prediction accuracy, as reported in [3, 4].

Random Forest and XGBoost are ensemble learning
techniques that have become popular because they
perform well on agricultural prediction tasks [5,
6]. Nevertheless, single models can be biased and
exhibit high variance, and combined machine learning
methods have been shown to enhance stability and
generalization [7].

Recent developments in deep learning emphasize
the capacity of neural networks to learn complex
non-linear relationships. Deep neural networks have
been effectively used to model genotype-environment
interactions [8], and deep learning combined with
dimensionality reduction has been used to improve
yield prediction for Indian regional crops [9]. Other
architectures, such as convolutional and recurrent
neural networks, are also being actively applied in
agricultural analytics [10].

Geographically distributed agricultural data depends
heavily on spatio-temporal modeling. Fan et al. [11]
introduced a GNN-RNN model that captures spatial

and temporal relationships, improving generalization
in prediction. Likewise, physics-informed neural
networks (PINNs) have been proposed to incorporate
domain knowledge into learning models, increasing
reliability and interpretability [12].

Big data frameworks are needed to support large-scale
agricultural data operations. Ngo et al. [13] proposed
a scalable data warehouse system for crop yield
prediction. Distributed computing technologies and
big data frameworks have been shown to enable
efficient and scalable crop growth simulations [14],
and big data frameworks in smart farming can
integrate heterogeneous agricultural data sources and
turn large volumes of complex data into actionable
agronomic insight [15].

Satellite-based analytics and remote sensing have also
become important. Machine learning models have
been applied to estimate soil parameters from satellite
and other environmental data [16], and IoI-based
systems can forecast yields in real time using sensor
and climate information [17]. Region-specific machine
learning methods further improve prediction accuracy
by accounting for local conditions [18, 19].

Despite these developments, current research mainly
emphasizes improving model accuracy but pays
little attention to variability among low-productivity
districts. Moreover, very little research has examined
the effectiveness of hybrid machine learning
frameworks in such areas. This paper addresses these
gaps by proposing a scalable and robust framework
that combines distributed preprocessing, ensemble
learning, hybrid modeling, and district-level analysis
for crop yield prediction.

3 Methodology

This section describes the overall workflow of
the proposed hybrid, big-data-driven machine
learning framework for crop yield prediction. The
approach includes distributed data preprocessing,
ensemble-based predictive modeling, hybrid learning,
and system deployment considerations. The
framework is designed to be scalable, precise, and
viable for low-productivity agricultural areas.

3.1 Overall System Architecture

The proposed system follows a layered architecture
consisting of interconnected processing stages, as
illustrated in Figure 1.

A. Data Acquisition Layer: Collects and compiles
data from agricultural departments, remote sensing
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Figure 1. General system architecture of the proposed hybrid crop-yield-prediction framework.

facilities, and meteorological stations into a unified,
district-level dataset.

As shown in Table 1, the acquired district-wise
dataset integrates administrative, agronomic, soil, and
vegetation-index fields into a single schema suitable
for downstream processing.
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B. Big Data Processing Layer: Aggregates, cleans,
and transforms the data using a pipeline designed
for compatibility with Apache Spark, as described in
Algorithm 1.

In preprocessing, both temporal consistency and
feature dependency were addressed to improve data
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Table 1. Schema of the acquired district-wise agricultural
dataset.

Field

State, District

Year, Season

Crop

Area_ha
Production_tonnes
Yield_kg_per_ha
Kharif/Rabi_Rainfall_mm

Description

Administrative identifiers

Cropping year and season (Kharif/Rabi)
Crop type

Sown area (hectares)

Total production (tonnes)

Target variable: yield (kg/ha)

Seasonal rainfall (mm)

pH Soil pH

Organic_Carbon Soil organic carbon

N, P, K Soil nitrogen, phosphorus, potassium
Avg _NDVI Mean vegetation index

Algorithm 1: Data Preprocessing

Data: Raw agricultural dataset D
Result: Aggregated dataset A
Remove missing/invalid values from D to obtain
D cleans
Group D jeqn by District, Year, and Season;
for each group do
Aggregate rainfall;
Aggregate soil parameters;
Aggregate nutrient values (N, P, K);
Aggregate NDVI;
Aggregate yield;
end
Store all aggregated results in A;
return A

quality. NDVI and soil characteristics were temporally
aligned by aggregating data on a seasonal basis. Mean
NDVI was calculated across the crop growth period
and matched with the corresponding soil and weather
variables using common keys (district, year, season) to
ensure consistency across heterogeneous data sources.

Moreover, tree-based ensemble models were
used to address multicollinearity between
environmental features (e.g., soil nutrients: nitrogen,
phosphorus, potassium) and climatic variables
(e.g., rainfall, NDVI), since these models are
naturally robust to correlated inputs through
their hierarchical feature-selection mechanism.
Domain-knowledge-based feature selection further
reduced redundant features to ensure a meaningful
input representation.

C. Modeling Layer: Both individual and hybrid
machine learning models were used to predict
yields during training, following the procedure in
Algorithm 2.

D. Evaluation Layer: Performance is assessed using

Algorithm 2: Base Model Training

Data: Training data (Xrqin, Ytrain ), testing data
(Xtest7 ytest)
Result: Model performance metrics
Initialize models: Linear Regression, Random
Forest, XGBoost, Extra Trees;
for each model do
Train the model using X qin, Ytrain;
Predict ypyeq from Xieq;
end
Compute R? and Mean Absolute Error using Yrest
and Ypreds
Store the results;
return comparison of model performance

standard regression measures (Section 3.6).

This modular architecture enables large-scale data
processing to be combined with predictive analytics.

3.2 Base Model Development

Four regression models were employed as base
learners.

1) Linear Regression (LR): provides a baseline,
interpretable model.

Y =B+ Biwi+e (1)

i=1
where 5; are the model coefficients and ¢ is the error
term.

2) Random Forest (RF): captures non-linear
relationships using an ensemble of decision trees.

1 T
Y = fot(X) (2)
t=1

where T is the number of trees and f; is the prediction

from each tree.

3) XGBoost (XGB): utilizes gradient boosting for
optimized sequential tree learning.

K
Y =) fr(X) 3)
k=1

where f;, denotes sequential trees, each correcting the
errors of the previous ones.

4) Extra Trees (ET): introduces extreme randomization
in split selection to enhance generalization.

1 T
Y=o tzl fi(X,60) (4)
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where 60; denotes the random split parameters of each
tree.

5) Hybrid Ensemble Models: the hybrid model combines
the predictions of the constituent base models by
simple averaging,

1 n
nnsemble = ﬁ Z Y; (5>
=1

where Y] is the prediction from each constituent model
and n is the number of models combined.

Each model was trained independently using identical
training data, ensuring a fair comparison.

3.3 Model Configuration

Table 2. Hyperparameters of the base models.

Model Parameters

n_estimators=300,
max_depth=15,
min_samples_split=2
n_estimators=300,
learning_rate=0.05,
max_depth=6, subsample=0.8
n_estimators=300,
random_state=42

Default

Random Forest

XGBoost

Extra Trees

Linear Regression

As summarized in Table 2, all models were trained
on an 80:20 train—test split. Model parameters were
learned using the training dataset, and performance
was measured on the held-out testing dataset; the
same split was applied to all models for consistency.
Hyperparameters were selected empirically based on
validation performance: the number of estimators, tree
depth, and learning rate were tuned to balance bias
and variance without overfitting. Tree-based ensemble
models increase model complexity by integrating
multiple decision trees, enabling them to capture
non-linear associations between environmental
factors and crop yield; this added complexity is
mitigated through randomness and parameter tuning.
The chosen models mix a simple baseline (Linear
Regression) with complex ensemble-based methods
(Random Forest, XGBoost, Extra Trees), enabling a
detailed comparison between linear and non-linear,
and single and ensemble, learning methods.

3.4 Hybrid Construction of Ensembles

Hybrid ensemble models based on voting regression
were constructed to improve robustness and predictive
stability. Base learners were combined through
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averaging to exploit differences among models and
reduce variance. Hybrids were formed both in pairs
and as a combination of all base learners. This
grouping strategy mitigates overfitting and is therefore
applicable to heterogeneous agricultural locations.

3.5 Optimization and Training of Models

All models were trained and tested on the dataset
using the same 80:20 split. Hyperparameters (tree
depth, learning rate, number of estimators) were tuned
empirically against validation performance to balance
bias and variance.

3.6 Performance Evaluation

Two standard regression measures were used to
evaluate model performance.

Coefficient of Determination (R*): measures how well
the model explains the variance in the target variable.
R Wi

> (v —9)?

where y; is the actual yield value, 3; is the predicted
yield value, and 7 is the mean yield value.

(6)

Mean Absolute Error (MAE): measures the average
magnitude of the prediction error.

1 "
MAE:;Z\%—%\ 7)
where n is the number of observations. Allbase models
and hybrids were compared using these two measures
to determine the best configuration.

3.7 Explainability and Interpretability Analysis

Post-hoc interpretation and transparency of model
behavior were obtained using SHAP (SHapley
Additive exPlanations) [20]. The Extra Trees model
was analyzed using TreeExplainer, yielding (i)
global feature importance, (ii) local, instance-level
explanations, and (iii) district-level attribution
patterns, showing the relative effect of soil, climatic,
and vegetation variables on yield predictions.

3.8 District-wise Performance Assessment

Spatial heterogeneity at the district level was analyzed
by computing district-level predictions and individual
error values, enabling the detection of region-specific
constraints, such as nutrient deficits or environmental
vulnerability, that can inform regional agricultural
planning.



ICJK

Digital Intelligence in Agriculture

4 Experimental Results and Discussion

4.1 Experimental Setup

The crop yield prediction framework was implemented
in Python using Google Colab. PySpark and Pandas
were used for data preprocessing and aggregation,
and Scikit-learn and XGBoost were used to implement
the algorithms. The processed data was split 80:20
into training and testing sets to evaluate performance
on unseen data and avoid overfitting. Prediction
quality was assessed using two standard regression
measures: the Coefficient of Determination (R?),
which measures the explained variance, and the Mean
Absolute Error (MAE), which measures the average
absolute difference between actual and predicted yield.

4.2 Performance Comparison of Base and Hybrid
Models

Table 3 and Figure 2 show the performance comparison
between individual machine learning models and
hybrid ensemble models in crop yield prediction. The
results reveal clear differences in predictive ability
across the compared methods.

Table 3. R? and MAE of all base and hybrid models,

sorted by R?.
Model R?* MAE (kg/ha)
Extra Trees 0.989 30.44
RF + ET 0.986 32.07
Random Forest 0.973 45.96
LR + RF + XGB + ET  0.966 56.33
XGB + ET 0.963 46.84
LR + ET 0.958 58.05
RF + XGB 0.950 61.12
LR + RF 0.933 71.33
LR + XGB 0.910 86.73
XGBoost 0.870 76.61
Linear Regression 0.838 121.03

Comparison of Models using R? and MAE

&
§

@,

Figure 2. Comparison of prediction models using R? and
MAE metrics.

The Extra Trees regression model was the most precise,

with a Mean Absolute Error of 30.44 kg/ha and R2
of 0.989, implying that the model explains 98.9% of
the variance in crop yield - a strong predictive result.
The RF + ET hybrid, with R?> and MAE of 0.986
and 32.07 kg/ha respectively, also performed well,
showing that combining ensemble models can improve
prediction robustness by reducing model variance.
Random Forest alone achieved a high R? of 0.973,
indicating that tree-based ensemble models are well
suited to modeling complex agricultural data. It is
noted that R? and MAE do not always rank models
identically, since R? measures explained variance
while MAE measures absolute prediction error; minor
inversions in ranking between the two metrics (e.g.,
XGB + ET versus LR + RF + XGB + ET, and XGBoost
versus LR + XGB) therefore reflect differences in error
distribution rather than inconsistency in the results.

4.3 Computational and Scalability Analysis

Training time was used as a proxy for scalability, since
it reflects computational efficiency. Random Forest
and Extra Trees are parallelizable tree-based ensemble
techniques and can therefore be applied to large-scale
datasets. Although the framework was not deployed
in a fully distributed setting in this study, the modular
pipeline and its compatibility with Apache Spark allow
it to be scaled in future work.

4.4 Analysis of Hybrid Ensemble Models

To increase prediction reliability, hybrid ensemble
models were developed by combining base learners
through voting regression to obtain superior
generalization across different algorithms. Results
indicate that hybrids of similar ensemble methods
(e.g., RF + ET) perform well, presumably because both
rely on non-linear, tree-based modeling. However,
adding a weaker model such as Linear Regression
has a mildly negative effect on performance: the
LR + RF + XGB + ET hybrid achieves an average score
of R?2 = 0.966, lower than Extra Trees alone, since
the accuracy of the weaker model can pull down the
ensemble’s overall performance.

Although hybrid ensembling was explored, the Extra
Trees model proved most effective on its own. Hybrid
models average the predictions of multiple learners,
and this averaging can introduce a small reduction in
peak accuracy even as it improves stability and reduces
variance across different data splits.
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4.5 Error Analysis

The Extra Trees model shows the lowest Mean
Absolute Error (30.44 kg/ha), corresponding to a
deviation of roughly 1-2% relative to the overall mean
crop yield of approximately 2000 kg/ha, indicating
high reliability. In contrast, Linear Regression recorded
the largest MAE (121.03 kg/ha), likely because its
linear assumption cannot capture the non-linear
relationships between environmental factors and crop
yield.

4.6 Cross-Validation Analysis

A 5-fold cross-validation was performed to assess
robustness. The Extra Trees model obtained a mean
R? of 0.993 + 0.003 and a mean MAE of 28.91 +
2.34 kg/ha, indicating that the model remains stable
across different data splits and generalizes well despite
the limited size of the test data.

4.7 Visualization of Model Performance

As shown in Figure 2, the ensemble-based methods
consistently outperform the traditional regression
baseline across both evaluation measures, with the
Extra Trees model achieving the best performance
overall and confirming its suitability for crop yield
prediction on data-intensive agricultural tasks.

4.8 Confusion-Matrix-Based Evaluation

Figure 3 shows the normalized confusion matrix of the
best-performing Extra Trees model when crop yield is
discretized into three categories (low, medium, high)
using percentile-based thresholds.

Normalized Confusion Matrix - Extra Trees

L0

Low

Actual
Medium

- 0.4

-0.2

High

| - 0.0
Medium
Predicted

High

Figure 3. Normalized confusion matrix of the Extra Trees
model.

The model perfectly classifies the low- and

164

medium-yield categories, with all samples in
these two categories classified correctly. This indicates
that the model captures the trends of lower- and
moderately-yielding conditions well. In the high-yield
category, the model achieves 67% accuracy (2 out of 3
samples), with 33% of high-yield samples classified
as medium, because small deviations near the class
boundaries can shift feature values between the
medium and high ranges.

It is worth noting that the confusion matrix is derived
from a regression model with continuous outputs;
discretizing continuous predictions introduces
sensitivity to class boundaries, so a prediction that
is numerically close to the true value may still be
misclassified after thresholding. Because the test set is
small, the reported percentages (e.g., 67% and 33%)
are sensitive to sample variation and should be read
as indicative rather than statistically conclusive.

4.9 Regression-Based Uncertainty Analysis

Although classification-based evaluation was used
to aid interpretability, the primary model evaluation
relies on regression measures such as R? and MAE,
since classification introduces boundary sensitivity
whereby small differences in predicted values can
cause misclassification even when the underlying
prediction is accurate.

To address this limitation, an uncertainty analysis was
conducted using regression-based prediction error
bands. A 95% confidence interval was constructed
around each predicted value using the residual
standard deviation. For a given prediction g, the
confidence interval is

g+1.960 (8)

where o is the standard deviation of the residual
errors. Representative sample predictions with their
confidence intervals are shown in Table 4.

Table 4. Sample predictions with 95% confidence intervals

(kg/ha).

Prediction Lower bound Upper bound
2284.63 2216.55 2352.70
1970.58 1902.50 2038.65
2274.00 2205.92 2342.07

These results show that the predicted values fall within
a narrow confidence range, indicating stability and
reliability. Compared with the discrete outputs of
classification, regression-based error bands provide
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a continuous and more informative account of
prediction uncertainty.
5 Explainability Analysis Using SHAP

The Extra Trees regression model, which achieved
the highest R? (0.989) and the lowest MAE

(30.44 kg/ha), was selected for interpretability analysis.

Understanding the drivers of these predictions is

important for making reliable agricultural decisions.

An explainable AI approach, SHAP (SHapley
Additive exPlanations), was therefore used to
quantify the contribution of each input feature to
the final prediction, providing both global (overall
feature importance) and local (individual prediction)
explanations. SHAP was applied to the Extra Trees
model because it was the best-performing and most
stably generalizing model, and tree-based SHAP
(TreeExplainer) efficiently supports ensemble tree
models.

5.1 Global Feature Importance

Figure 4 shows the global feature importance obtained
from the SHAP analysis.

feature value

Total Rainfall -« —waseonvetfpUiIIImEIIRea- oo - o - High
Organic Carbon { - - - sussoutn@giiiitscces- - - | Low
NDVI { - eoniiwtoes - High
Nitrogen (N) A etk Y Ao
Potassium (| - <wuifjiee-
Soil pH A -l e
Phosphorus (P) { - ke Low
Season - -4
20 100 150 200

SHAP value (impact on model output)

Figure 4. SHAP summary plot showing feature importance
for crop yield prediction.

The SHAP summary plot ranks the input variables by
their impact on the crop yield prediction. Each point
represents a sample, and its horizontal position (SHAP
value) reflects the strength of that feature’s impact;
features are ranked from most to least influential. Total
rainfall is the most important feature, reflecting the
strong dependence of crop production on climatic
conditions, with higher rainfall associated with higher
predicted yield. Soil fertility indicators (organic
carbon, nitrogen, phosphorus, potassium) and the
vegetation-health indicator (NDVI) are also significant

predictors of yield. In summary, the SHAP analysis
shows that climatic conditions and soil nutrient
status are essential drivers of crop yield prediction
in low-productivity districts.

5.2 Local Prediction Explanation

SHAP waterfall plots were generated to further
examine individual predictions. Figure 5 shows one
such explanation for a single prediction.

Output value 2258.3 kg/ha

Law

Total Rainfall +70.4 kg/a

NDVI +50.8 kga

Organic Carbon  +40.9 kga

Potassium +24.1kg-
Nitrogen -5.6kg*
Season -8.9kg
Phosphorus -32.6kg-
Soil pH -27.4kg-
Base value 2180.7 kg

Figure 5. SHAP waterfall plot explaining feature
contribution to a sample prediction.

The waterfall plot shows how individual features
shift the final predicted crop yield relative to the
baseline (the average predicted yield across the
dataset), with each feature either increasing or
decreasing the forecast. In this example, rainfall, NDVI,
and organic carbon positively affect the predicted
yield, while soil-nutrient imbalance or unfavorable
seasonal conditions reduce it; the cumulative feature
contributions determine the final prediction.

This analysis improves interpretability by identifying
the agronomic variables that most influence
productivity, informing farmers, policymakers,
and agricultural planners in managing irrigation,
improving soil fertility, and planning crops.

5.3 Discussion of Best-Performing Model

The strong performance of the Extra Trees algorithm
stems from its randomized tree construction, which
adds extra randomness to feature and split selection
compared with classical decision trees, reducing
correlation between trees in the ensemble and
improving generalization. This randomization allows
Extra Trees to effectively capture the complex,

165



Digital Intelligence in Agriculture

ICJK

non-linear, noisy, and heterogeneous patterns present
in agricultural data (arising from variation in
soil, rainfall, and vegetation), leading to improved
predictions.

Extra Trees outperformed XGBoost because of its
greater randomness in feature and split-threshold
selection. This randomness reduces variance and
improves generalization, particularly for noisy
agricultural data, whereas XGBoost’s sequential
boosting can be more prone to overfitting on limited
or noisy data.

5.4 Key Observations

The experimental findings highlight several key
points: ensemble learning techniques outperform
conventional regression models for crop yield
prediction, with the Extra Trees model performing
best overall; hybrid models improve prediction
stability but can underperform relative to the strongest
individual model when weaker learners are included;
Linear Regression performs worst because it cannot
capture non-linear relationships; and tree-based
ensemble algorithms are particularly effective for
heterogeneous, multi-type agricultural datasets.
Overall, these findings demonstrate that the proposed
hybrid machine learning framework can produce valid
and reliable crop yield predictions in low-productivity
districts.

6 Conclusion

This paper introduced a hybrid machine learning
framework, driven by big data, for predicting
crop yield in low-productivity districts.  The
proposed system combines distributed-capable data
preprocessing, ensemble-based predictive modeling,
and explainability analysis. A preprocessing pipeline
designed for compatibility with Apache Spark was
adopted to handle large agricultural datasets, and four
base models together with several hybrid ensembles
were evaluated. The experiments show that the Extra
Trees model achieves the best accuracy and lowest
error, while hybrid models further improve prediction
stability. = SHAP-based explainability provided a
clear account of model behavior at both local and
global scales, and district-level analysis revealed
regional differences in soil and climatic constraints
that can inform agricultural interventions. Overall,
the proposed framework offers a valid, scalable, and
dependable approach to crop yield prediction that
can support data-driven decision-making in precision
agriculture.
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