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Predicting crop yield accurately is essential for providing food security and
improving agricultural practices. This study examines the use of ensemble
machine learning models combined with Shapley additive explanations
(SHAP) feature selection to improve wheat yield prediction in India. The
study uses CY-Bench data, incorporating normalized difference vegetation

index (NDVI), meteorological data, and soil moisture data for yield
prediction. Various ensemble techniques, including voting, stacking, and
boosting are evaluated. Boost m1 ensemble model consistently outperforms
other models in the prediction. Additionally, the integration of SHAP-based
feature selection with the best ensemble model significantly improves the
model accuracy and interpretability by identifying the most influential
features affecting yield. The results show the effectiveness of ensemble
boosting model, in capturing the complex relationships within agricultural
data particularly when combined with feature selection. This method
improves the transparency and actionability of machine learning models for
agronomists, policymakers, and farmers.
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1. INTRODUCTION

Wheat is an important agricultural crop of India and is extremely important for its economy, culture,
and food security. Despite its importance wheat production in India faces several challenges, including
climate change, water scarcity, soil degradation, pests, and diseases. Several steps are being taken to address
these challenges and ensure the future of wheat in India, including developing climate-resilient varieties,
promoting sustainable farming practices, and investing in research and technology that are essential for
increasing yields and address new problems. Addressing these problems and investing in sustainable
practices, it will be possible to ensure the importance of wheat to support India’s growing population and its
agricultural economy. Previously historical data and expert knowledge were used by farmers for predicting
crop yield. Crop yield prediction aims to contribute to a more sustainable, resilient, and food-secure future by
informed decision-making supporting individual farmers to policymakers.

Yield prediction still faces challenges despite tremendous advancements. For large-scale agricultural
operations, field surveys and manual data collection techniques are labor-intensive, time-consuming, and
costly [1]. The studies show a shift from traditional statistical models to machine learning and deep learning
approaches for yield prediction. According to Sharma et al. [2], autoregressive integrated moving average
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(ARIMA) with differencing for stationarity and quantile regression forests is applied for uncertainty
estimations. Numerous studies highlight the importance of meteorological factors [3]-[5], soil moisture [6],
multispectral remote sensing data, vegetation indices [7], [8], and hyperspectral bands [9] to improve yield
prediction accuracy. Agricultural ERAS (AgERAS) [10] support agricultural analysis by providing ready to
use meteorological data. Deep learning models dominates the prediction of wheat, maize, corn, soybean, tea,
and sugarcane. Sun et al. [11] uses a multilevel deep learning deep learning network with time series satellite
data for corn yield prediction while other studies employ convolutional neural network (CNN)-
transformer [12], hybrid CNN-recurrent neural network (RNN) models [13], Bayesian optimized deep neural
network (DNN) [14], and convolutional long short-term memory — vision transformer (Conv LSTM-ViT) [15]
to capture spatial and temporal patterns. Sharma et al. [16] compares regression and deep learning models
using multiple evaluation metrics, and Gupta et al. [17] confirms deep learning models outperform traditional
approaches in learning complex nonlinear relationships.

Numerous studies discussed ensemble models [18], [19], principal component analysis (PCA) and
Shapley additive explanations (SHAP) [20], Bayesian hyperparameter optimization [21] to improve
robustness and interpretability. These studies show ensemble models achieve better accuracy than single
models. The authors [22], [23] applies multiple machine learning models for yield prediction and identifies
the key factors affecting it. However, while deep learning dominates maize and wheat prediction,
interpretable ensemble models remain less explored for wheat yield forecasting, motivating the need for
hybrid and explainable frameworks.

To address these, this study proposes the development of a reliable, interpretable yield prediction
framework using normalized difference vegetation index (NDVI), meteorological, and soil moisture data by
combining ensemble learning methods with SHAP-based feature selection. The use of SHAP feature
selection and model interpretability adds an important degree of novelty. It improves model transparency by
identifying most influential environmental factors affecting yield and helps to bridge the gap between
machine learning and domain-specific decision-making. This study distinguishes itself by improving
explainability along with accuracy, making the results more actionable and reliable for agronomists,
policymakers, and farmers.

The structure of this paper is organized as follows. Section 1 introduces the importance of accurate
crop yield prediction and the limitations of existing methods. It highlights the use of ensemble machine
learning methods and SHAP feature selection to address these limitations. Methodology used in the paper is
explained in section 2. Section 3 discusses the performance metrics of various ensemble methods along with
SHAP feature selection for the best ensemble model. Section 4 concludes the paper.

2. METHOD
2.1. Dataset description

In this study, the wheat yield dataset is obtained for India using CY-Bench data [24] that covers
wheat and maize crops for 29 and 42 countries. A benchmark dataset for subnational crop yield predictions,
CY-Bench described in Table 1 that facilitates model intercomparison across diverse agricultural system
worldwide. CY-Bench dataset is organized as a collection of CSV files, where each file represents a specific
category of variable for a specific country. The CSV file is named based on the category and country, helping
in easy identification and retrieval. CY-Bench offers a robust, multi-country dataset for yield prediction but
faces limitations regarding spatial-temporal resolution mismatch and data correlations. It focuses on
subnational but not field-level data that requires preprocessing to align the varied predictor resolutions that
may introduce uncertainty.

Table 1. CY-Bench summary table

Category Descriptions
Primary crops Maize, wheat
Spatial coverage Maize (38 countries), wheat (29 countries)

Spatial resolution Subnational (highest available resolution at administrative level)
Temporal coverage  Varies
No. of records 57,000 rows x 12 columns

Table 2 describes the data used in this study, which focuses on the Indian wheat crop. NDVI data
obtained from MODO9CMG [25] has a spatial resolution of 500 meters % 500 meters with a weekly temporal
resolution. Meteorological data collected from AgERAS [26], provides a spatial resolution of 0.1°x0.1° with
daily temporal resolution. Soil moisture obtained from GLDAS [27] has a spatial resolution 1° and 1/4° with
daily temporal resolution.
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Table 2. Detailed data description
Data Description Variables (units) Temporal resolution
ndvi Normalized difference vegetation index - weekly
meteo Temperature, precipitation, radiation, tmin (°C), tmax (°C), tavg (°C), prec (mm), daily
potential evapotranspiration, climatic et0 (mm), cwb (mm), rad (J m-2 day-1)
water balance
soil moisture  Surface and rootzone soil moisture ssm (kg m~2), rsm (kg m~2) daily
yield End-of-season yield yield (tha™) yearly

2.2. Data preprocessing and yield prediction framework

The yield prediction study uses a standalone computer system with Jupyter notebook, Python 3.12
using a set of Python libraries for data preprocessing, modeling, evaluation, and interpretability described in
Table 3. A crucial step in the machine learning pipeline is preprocessing the data because raw data collected
from real-world sources is often messy and not immediately suitable for building effective models. Before
training the proposed models, a series of feature engineering and preprocessing procedures were applied to
the acquired data set. In this study soil moisture and metrological datasets were grouped on admin id with
sorted date and amalgamated these datasets having daily temporal resolution. Various aggregate functions
such as max(), min(), and mean() were applied on the columns of the formed dataset to calculate the weekly
values. Mean aggregation captured the temporal trends, reduced noise in daily observations, provided more
stable performance, lower prediction error compared to max()/min() and is thus chosen over max()/min().
Weekly formed dataset having soil and metrological features are then merged with NDVI dataset having
weekly temporal resolution.

NDVI is temporally aggregated using summary statistics and used as an input for yield prediction as
this approach reduces dimensionality and noise. Finally, the resulting dataset was merged with yield dataset.
On amalgamating columns such as country code, season name, planting, year, planted area were identified as
irrelevant to the research and is eliminated as the study domain is India. The identification and handling of
null values is a crucial step in the preparation and analysis of data. Following a thorough analysis of null
values, the dataset was determined to be null value-free, enabling us to move on with this null-value-free
data. An essential preprocessing step in data analysis and machine learning is identifying and eliminating
duplicate records. In this study no duplicate records were found. Normalization preprocessing approach
guarantees that every feature makes an equal contribution to the model’s learning process. The resultant
dataset comprises twelve columns, with ‘Yield’ as the target and the remaining eleven as features. Figure 1
shows the pairwise correlations among the agroclimatic variables, soil variables, vegetation indices, and yield
showing the key relationship relevant to yield prediction.

Table 3. Software environment

System specification Descriptions
Operating system Windows 11

Processor Intel Core i5

IDE PyCharm professional 2024.3.4

3.12
pandas, NumPy, sklearn
matplotlib, seaborn

Python version
Data processing
Visualization
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Figure 1. Feature correlation heatmap
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Figure 2 illustrates the comprehensive workflow adopted for yield prediction using the CY-Bench
dataset. The process begins with data acquisition from the CY-Bench dataset, which comprises four key
components meteorological data, soil moisture data, NDVI, and crop yield data. After preprocessing of
several partitioning ratios considered, partitioning ratio of 60%, 20%, and 20 % for training, validation, and
testing is taken, as it resulted in low variance on 10 repetitions. Partitioning ensures the models are trained,
validated, and tested on separate subsets. Here, 5-fold cross validation technique is employed, where the data
is partitioned into five disjoint folds. In each iteration, one-fold is used as test and the remaining four are used
for training. The preprocessing steps are carried out within each training fold only, thereby ensuring the test
fold remains completely unseen during training. This approach strictly ensures that there is no data leakage
and the integrity of evaluation process is maintained.

DATA
PREPROCESSING

PERFORMANCE
ANALYSIS
MSE
MAE

Figure 2. Comprehensive framework for yield prediction

Several baseline models, such as multiple linear regression (LR), decision tree (DT), random forest
(RF), k-nearest neighbors (KNN), support vector regression (SVR), and extreme gradient boosting
(XGBoost), are used to develop ensemble models. Various ensemble machine learning techniques such as
voting, stacking and, boosting ensemble are used. The goal of using an ensemble is to improve performance
(like accuracy or robustness) compared to any single model. The performance of the model is evaluated using
the performance metrics, namely mean squared error (MSE), root mean squared error (RMSE), mean
absolute error (MAE), and coefficient of determination (R?). Transparency and interpretability of the model
predictions is enhanced using SHAP in the explainability phase [28]. The dataset is divided into training and
test data to avoid data leakage. The models are trained using training data, and SHAP values are computed
using only trained models and training samples. Feature importance and selection is done using the training
SHAP values. The selected features are then applied to the test data for model evaluation ensuring no
information from the test data influences feature selection or model training. This step provides insights into
the contribution of individual features to model outputs, supporting informed decision-making.

The detailed composition of base learners, ensemble strategies, and the parameter setting used in the
study is described as follows. Voting models use soft voting with combinations of LR, DT, RF, KNN, SVR,
and XGBoost. Key parameters for RF and XGBoost include 100 estimators, DT depth of 4, KNN (k =5), and
SVR with radial basis function (RBF) kernel (C =100, y =0.1). Stacking models uses similar base learners
with meta-model of 100 estimators, learning rate of 0.1, and maximum depth of 3. Boosting models applies
sequential boosting with selected learners configured with 100 estimators, learning rate of 0.05, and
maximum depth of 3.

Algorithm 1 to 3 describes the ensemble regression techniques [29] that improve the performance by
combining the outputs of multiple base learners. Voting generates final prediction by averaging the outputs of
several independent regressors thus reducing variance and improving robustness. Stacking employs a meta
regressor to learn the optimal combination of predictions from multiple base models. Boosting sequentially
constructs a strong predictive model by sequentially training weak learners where each successive learner
focuses on correcting the errors made by its predecessors.

Algorithm 1. Voting regressor algorithm

Input: given M regression models My, M,, ..., My; dataset D. yU) = M;(x;) is model M; prediction of on
input x;.

Output: average of predictions across all k models.

Step 1: for each j = 1 to £, train model M; on D.

Step 2: predict using each model. For new input x, compute predictions y) = M;(x) forj =1,2,.., k.

Step 3: compute the final prediction using average (simple voting): y(¥oting) = %Zle yU)
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Algorithm 2. Stacking regressor algorithm

Input: d = {(x;,y;)}i=, be the dataset. My, M,, ..., M) base regressors (level 0). M,,.;,: meta regressor
(level 1). y(’) model M; prediction for input X;.

Output: prediction generated by the meta-regressor using combined predictions of all base regressors.

Step 1: train the base models. Each base model My is trained on the training dataset: y®) = M, (x;) for all
k=1,.,Kandi=1,..,n

Step 2: for each input x;, collect prediction from all base models: z; =
dataset Z = {(z;, yi)Yi=y

Step 3: train the meta regressor on dataset Z.

Step 4: make final predictions:

[ ® i(k)]

V; yl which forms a new

i) Get base model predictions for Xpew: yngw =M (Xpew), k=1, ..., k.
ii) Create meta feature vector z,,,, = [y,gav, s y,&’;),v]

iii) Predict with meta model: Yrinqi = Mmeta (Znew)-

Algorithm 3. Boosting regressor algorithm

Input: training data D = {(x1, y1), (X2, ¥2), ..., (X, ¥)}. Weak learner A(x, 6). Number of boosting rounds M.
Learning rate v.

Output: a strong predictive model F,(x) formed by sequentially combining all the weak learners with
optimized weights.

Step 1: initialize the model with constant predictor: Fy(x) = arg mm Y Ly, 0).

Step 2: for m =1 to M do:

p p OL(yi.F(x;)

i)  Compute residuals: r; = ~ ey

it)  Fit a weak learner h,, (x) to predict residuals: hp, (x)~1;

iii) Compute step size: Yy, = myin Y L(yi, Fno1 (x1) + Yhin (%))

iv) Update the model: F,,(X) = Fu_1(X) + vyphn (%).
Step 3: output final boosted model Fys (x).

3. RESULTS AND DISCUSSION

Figure 3 illustrate the performance of the ensemble models. Figure 3(a) presents the actual and
predicted yield values obtained using the boost m1 model, while Figures 3(b) and 3(c) compare the RMSE
and R? values of all ensemble models, respectively. Boost m1 achieved the lowest RMSE (0.289) and
MAE (0.21), with a high R? score (0.92), indicating strong accuracy and generalization ability of the
model. Among all the voting models, vote m3 has the best (RMSE =0.37, R? =0.862). stack m1 shows the
best (RMSE =0.41, R? =0.83), while stack m3 exhibited the worst (RMSE =0.44, R> =0.81) of all the
stacking models. The results show voting and stacking ensembles provide competitive performance,
boosting will provide more reliable solution in complex agricultural prediction scenarios. Table 4 provides
RMSE, MAE, R?, and MSE performance metrics for various ensemble model applied for yield prediction.
5-fold cross validation is performed and mean + standard deviation for different evaluation metrices is
highlighted in Table 5. These tests were applied on fold-wise results so that each comparison uses paired
observations (same folds).

boost_m1 Performance models rmse models r2
= 0.5- $i0e
b Legend A
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o | 7\ g o0
T 25-SEES / \ i E
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Figure 3. Performance metrices plots of (a) actual v/s predicted yield, (b) RMSE, and (c) R?
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Table 4. Performance of ensemble methods

Models RMSE MAE R? MSE

vote m1 0.39 029 085 0.15

vote m2 0.42 0.31 0.82 0.18

vote m3 0.37 029 086 0.14
stack m1 0.41 033 083 0.17
stack m2 0.42 0.32 0.82 0.17
stack m3 0.44 0.35 0.81 0.19
boost ml 0.28 021 092 0.08
boost m2 0.4 0.3 0.84 0.16

Table 5. 5-fold CV results (mean + standard deviation)
Models RMSE MAE R?
voteml  0.39+0.03 0.29+0.02  0.85+0.02
votem2  0.42+0.02 0.31+0.03  0.82+0.02
votem3  0.37+0.02 0.29+0.01 0.86+0.02
stackml  0.41+0.03 0.33+0.02  0.83+0.02
stackm2  0.42+0.02 0.32+0.02  0.82+0.02
stack m3  0.44+0.03 0.35+0.03  0.81+0.02
boostml  0.28+0.01 0.21+0.01  0.92+0.01
boostm2  0.40+0.03  0.30+0.01  0.84+0.02

To observe and determine the impacts of explainable feature selection, the best ensemble model
(boost m1) is enhanced by adding a feature F1-score, obtained through SHAP-based feature selection. The
resulting model, boost ml + FI, shows notable improvements across all the evaluation metrics, as
summarized in Table 6. The performance evaluation of the proposed models shows the impact of feature
selection on predictive accuracy. The baseline boost m1 model exhibited strong performance, achieving a
RMSE of 0.28, MAE of 0.21, and R? of 0.92. These results indicate that the ensemble boosting approach is
effective in capturing the nonlinear relationships within the input features comprising NDVI, meteorological,
and soil moisture data. Following the application of Fl-based feature selection, the enhanced model
(boost m1 + F1) showed a marked improvement across all evaluation metrics. RMSE and MAE were
significantly reduced to 0.17 and 0.15, respectively, while the MSE decreased from 0.08 to 0.03. The R?
value also increased to 0.96, indicating a stronger fit and improved generalization capability. Figure 4
illustrates how SHAP tree explainer is used to compute SHAP values from model predictions enabling global
and local feature attribution and summarizing feature importance.

Table 6. Performance metrics for best ensemble model with and without feature selection

Metric  boost m1 boost m1 + F1 (Fl=selected features using SHAP:
production, harvest area, tmin, NDVI, tavg)
RMSE 0.28 0.17
MAE 0.21 0.15
MSE 0.08 0.03
R2 0.92 0.96
Model Prediction
Actual &

SHAP T: AL Vea Feature
: = > alue Attribution Visualization
Riedaad Explaiier Computation |1 Giobal&  [—3| Summary Plot '

Local Importance

Figure 4. SHAP-based model interpretability workflow

Figure 5 presents the SHAP-based explainability results for the proposed model. Summary plot
shown in Figure 5(a) interprets the impact of features on model output. Bar plot shown in Figure 5(b)
describes the average impact (mean absolute SHAP value) of each feature on model predictions with
production the most impactful with a SHAP value of +1.08. Waterfall plot in Figure 5(c) shows how
individual features contributes to a single prediction. These results indicates that F1-based feature
selection effectively filtered out less relevant features, allowing the model to focus on the most
informative features.
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Figure 5. Various SHAP plots of (a) summary plot, (b) bar plot, and (c) waterfall plot

This resulted in better predictive accuracy and model efficiency. The results show the integration of
feature selection approaches, such as SHAP-based analysis, with ensemble learning enhances the
performance and interpretability of yield prediction models. The null hypothesis (HO) is set as: there is no
significant difference between boost ml and other ensemble methods. Paired t-tests and Wilcoxon
signed-rank tests confirmed that the reduction in RMSE and the increase in R? after SHAP-based feature
selection were significant at the 95% confidence level (p <0.05). A comparison with previous studies is also
highlighted in Table 7.

Table 7. Quantitative comparison with previous studies

Study Crop / Region Dataset type Models used Explainability Best performance
Seireg et al. [23] Wild Simulation + Light gradient boosting ~ SHAP R2=0.985,
Blueberry / weather machine (LGBM), (interpretation only) ~ RMSE =179.9
USA gradient boost
regression (GBR),
XGBoost + stacking
regression
Waqar et al. [21] Multi-crop / Real + synthetic RF, DT, XGB, KNN +  Not reported R2=0.996,
Global (Prophet) optimized stacking MAE =0.185 t/ha
ensemble model
(OSEM)
Proposed study Wheat/India ~ CY-Bench (real, Voting, stacking, SHAP-based feature =~ R?=0.92,
sub-national) boosting selection RMSE =0.28

4. CONCLUSION

Ensemble models combined with SHAP feature selection could be a powerful approach for
increasing accuracy and interpretability in yield prediction models. These methods combine the strengths of
different learning algorithms to improve prediction accuracy and generalization. SHAP values identifies the
most influential features for yield prediction and create more efficient and accurate models. Boost ml
performs better using F1-based feature selection with improved evaluation metrics, thus confirming feature
selection filters out less relevant features effectively. Combining SHAP-based analysis with ensemble
learning agricultural yield prediction models can achieve better performance and interpretability. Feature
selection improved the performance, significantly reducing RMSE, MAE, MSE to 0.17, 0.15, 0.03 and
increasing R? to 0.96. These findings indicate the effectiveness of ensemble boosting approach, in capturing
the nonlinear relationships within the input features comprising NDVI, meteorological, and soil moisture data
when combined with feature selection. Unlike prior studies that apply SHAP solely for post-hoc
interpretability, this study is the first attempt to apply SHAP-driven feature selection on CY-Bench Indian
wheat data in an ensemble boosting framework. NDVI, AgERAS meteorology, and soil moisture at district
level have also been integrated. This dual focus on predictive performance enhancement and explainability
oriented feature selection differentiate the proposed framework from available literatures. Performance
improvements are statistically validated through cross-validation and hypothesis testing. Although this study
shows the effectiveness of ensemble models combined with SHAP-based feature selection for crop yield
prediction, but there are several areas yet to be explored for future research. A temporal extension of SHAP
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values could be explored to understand how feature importance evolves during the growing season, offering
more actionable insights for dynamic decision-making.
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