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Abstract

Rice is a cornerstone of food security in India, supporting millions of livelihoods and the national economy.
However, erratic climate patterns are making paddy yields increasingly unpredictable. This study develops a
machine learning framework for rice yield prediction in Udham Singh Nagar district, Uttarakhand, by integrating
weather, soil, and crop data. Among baseline classifiers, CatBoost performed best with 80.85% accuracy and a
ROC-AUC of 0.90. To further enhance performance, Optuna-tuned CatBoost, XGBoost, and LightGBM models
were combined into hybrid ensembles. The Weighted Hard Voting classifier, giving higher weight to CatBoost
([3,1,1]), achieved the highest accuracy of 97.37%, followed by Stacking (95.6%) and Soft Voting ensembles (up to
96%). These results were supported by strong ROC-AUC scores. Overall, the study shows that carefully optimized
ensemble models can significantly improve yield prediction accuracy, offering a practical tool for more precise and
sustainable rice farming in climate-sensitive regions of India.

Key words: CatBoost, Gradient Boosting, Hybrid Ensemble, Machine learning, Random Forest, XG Boost,
Yield.
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Introduction

As one of the most important crops in the world, rice is very important in maintaining food
security in the world, especially in India which is also among the largest rice-producing countries.
Paddy farming is the main source of rural livelihoods in Uttarakhand at Udham Singh Nagar district.
According to the reports on Agriculture Department Uttarakhand, the issues of climate variability,
soil erosion, and unreliable agricultural practices are the main factors that influence the paddy yield
and require the implementation of predictive instruments that are reliable and can assist farmers in
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their endeavours to enhance agricultural production (Agriculture Department Uttarakhand, 2025).
According to Sharma et al. (2023), one of the agribusiness regions of Uttarakhand State is Udham
Singh Nagar District. It is famous by its agriculture and irrigation which are through the process of
historical evolution and is known to have a productivity of paddy crops all over Uttarakhand, to gain
a status of Chawal ki Nagari, thus enhancing its impact in the groundwater resource of the district.
Almost 64 percent of the total number of personnel is engaged in agriculture on the incredibly
fertile Tarai development. The advancement in machine learning has now reconstituted predictive
analytics with new solutions advancing to optimize solutions to difficult agronomy challenges.
All the environmental factors such as soil properties, climatic conditions, and crop properties are
instilled in machine learning models to deliver correct Al-driven analytics on yield forecasting. The
tools increase the decision-making and promote sustainable use of resources to develop sustainable
agriculture and food security further.

It has been proposed that Precision Agriculture, through the use of recent advances in Machine
learning, can be used to be transformational in responding to these challenges. The use of these
Machine learning algorithms can help in drawing significant patterns through complex data sets of
climatic variables, soil traits, and crop attributes which can be utilized in formulating good predictions
of'yield. Specifically, the use of analytic approaches may lead to improved resolutions on the issue of
farming and its sustainability in such locations as Udham Singh Nagar, a region of the Uttarakhand
state, which is among the largest rice-producing regions in the country.

According to Tan et al. (2021), ensemble learning methods, which is a synthesis of the merit of
over one base learner, have already proven to have essential steps in prediction accuracy and model
resilience. It is common with other methods such as XGBoost, LightGBM, and CatBoost due to its
ability to work with a large dataset using a complex dataset and minimum preprocessing. Recently,
predictive tools such as stacked generalisation, voting (hard, soft, and weighted), and boosting
ensembles have been proven to be effective in agricultural predictions (Tan et al., 2021; You et al.,
2020). With hyperparameter optimisation algorithms, such as Optuna, those models provide better
results even on limited and heterogeneous data, which is the common case in practice in real-world
agriculture. These innovations can be seen as one of the recent trends in the same domain: combining
data science with agronomy to enhance management of crops, to make the most out of resources,
and to ensure livelihoods in case of environmental uncertainty.This paper affirms the applicability
of the ensemble learning approach to agricultural production forecasting and provides a scalable
potent instrument of making data-driven decisions in precision farming. This paper is founded on this
assertion and the hybrid ensemble model that has been proposed and evaluated is applicable in the
prediction of rice in Udham Singh Nagar. The study will focus on high-quality forecasts, sustainable
agricultural activities, and policy formulation within similar agro-climatic areas by incorporating
weather, soil, and crop parameters into a single machine learning pipeline, and using the optimal
models of Optuna-tuned XGBoost, LightGBM, and CatBoost.

In the study by Chandrakumar et al. (2023), regression-based machine learning models that
included Gradient Boosting, Random Forest and Support Vector Machines were used to predict rice
production in the Tamil Nadu region. The environmental factors that were integrated by the authors
include rainfall, soil nutrients and temperature. Gradient Boosting model had the best predictive
accuracy when compared to the models.

Renju et al. (2022) examine the climate risk factors by analysing the benefits that are brought
about by combining machine learning methods with agricultural databases. The study explores the
significance of Gradient Boosting and Random Forest algorithms, together with other models, for
climate issue management and increased predictive accuracy. It demonstrates how different machine
learning systems help computer networks and decision trees to identify crop outcomes by examining
multiple data types, including environmental, soil, and satellite measurements. These procedures
enhance yield forecasting outcomes and improve resource utilization.
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(Joshua et al., 2021) this study tested multiple modern learning tools to forecast crop yields
for all farming types particularly rice. It demonstrates that the weaknesses of data are required, as
well as the choice of the significant features, to produce improved models. Gradient Boosting with
the addition of the Random Forest was effective in dealing with agricultural data. Application of
machine learning (ML) methods in agriculture has transformed the process of predicting crop yields
especially in rice which is one of the main food commodities in India. Recent research has shown
that different ML models are effective at predicting yields of rice through the analysis of complicated
datasets containing climatic, soil, and crop variables.

In another study, De Clercq et al. (2024) modelled Kharif season rice yield in 247 Indian
districts with models like CatBoost and LightGBM, with an out of sample R 2 of up to 0.82. On
the same note, Yewle et al. (2025) have come up with RicEns-Net a deep ensemble model, which
used a combination of synthetic aperture radar together with optical remote sensing data as well as
meteorological variables, which led to a mean absolute error of 341 kg/ha.

In the study by Kamilaris and Prenafeta-Boldu (2018), machine learning was applied to analyze
remote sensing data in which the authors trained XGBoost and CatBoost models to estimate crop
yield. As vegetation indices and climatic data were incorporated into ensemble techniques, the
techniques produced better results than the conventional regression techniques. Ensemble learning
techniques have become notable due to the enhancement in the degree of predictive precision through
the synthesis of numerous models.

To predict crop yields, Manjunath and Palayyan (2023) created a hybrid machine learning model
that included Decision Tree, XGBoost, and Random Forest that had a high predictive accuracy of
98.6. Similarly, Chandraprabha and Rajesh Kumar Dhanraj (2023) introduced an ensemble based
deep learning methodology of stacking and using Deep Neural Networks, Deep Belief Networks as
well as Support Vector Machines to predict rice yield depending on the level of soil nutrition, which
they reported with a 89.5% accuracy.

Precision farming practices have led to the use of technology that has been used to enhance
optimal utilization of available resources and achieve better crop yields. TNN (2025) the partnership
of Punjab Agricultural University and BITS-Pilani is focused on the implementation of Al, IoT, and
geospatial technologies in the field of agriculture and ensuring the use of data to make decisions. In
addition, novel methods of farming such as Seeding of Rice on Beds (SRB) has been implemented
to deal with the problem of water scarcity by consuming as much as 80 percent less water than that
of the traditional methods.

IGARSS 2019 exhibited the process of predicting the number of rice harvests with the help of
integrated meteorological and soil data. Guruprasad et al. (2019) trained machine learning algorithms,
Neural Networks and Random Forest, using district-level data and distributed their results to taluk
levels to create better maps. The research showed that better results in yield measurement could be
obtained thanks to spatial resolution data, which produced only a 6% error for average measurements.

Materials and methods

The dependent variable used in the analysis was the district level yield of rice in the current
year, and the independent variables were the selected weather, soil and crop parameters which were
standardized before the model execution. The models were trained using data that covered the past
10 years ensuring that the training pipeline is efficient and reliable. Consequently, training models
have been evaluated based on developed methods of training.

The model training pipeline included extensive data preprocessing, involving treatment of the
missing values, encoding the categorical variables, and the normalization of the numerical ones. The
dataset was then stratified into 80:20 train and test sets in order to maintain the proportion of classes,
Figure 1.
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Figure 1 — Workflow Diagram of traditional base classifiers

The target variable (Yield Category) is a binary (0 = Low Yield 1 = High Yield) variable that is
calculated according to whether each yield value falls below or above the median yield of its zone.
This methodology guarantees the equal distribution of the classes and also puts into consideration the
varying yield potentials in the rainfall areas.

We have developed our model in a systematic process, starting with an initial and simple
classification models with more complex ensemble architectures. A brief summary of each algorithm
administered in this evaluation is provided in following sections.

According to Yasaswy et al. (2022), the Gradient Boosting type of classification model has been
a very useful ensemble ML model applied in the prediction of the outcome of agricultural yield, such
as paddy yield. It builds multiple feeble decision trees sequentially where each new decision tree
improves the model by rectifying the errors in the earlier decision trees. The objective of this iterative
process is to minimize a loss criterion that has been preprogrammed which enables the Gradient
Boosting process to discover complex dependencies between input qualities, such as climatic cycles,
soil properties and sustainable agricultural methods.

According to Badshah et al. (2024), the Random Forest classification model is a form of machine
learning model that is widely applied in predictive activities, including forecasting agricultural
yields. In the training of the model, it constructs many decision trees and combines integrated results
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in order to minimize discrepancies. All trees are computed based on random sub setting of the data,
and a probabilistic method of attribute representation is evaluated at every split, such that there is
fluctuation across trees. This randomness renders Random Forest applicable to noisy inputs, and in a
position to discover more complex correlations among the input variables.

According to Chen and Guestrin (2016), the XGBoost classification model, which is also referred
to as the Extreme Gradient Boosting model is among the sophisticated machine learning algorithms
and is very effective when it comes to predictive tasks like predicting the yield of paddies. XGBoost is
a specialized version of the Gradient Boosting framework designed to provide high-performance and
scalable solutions. Features such as parallel processing, a sparsity-aware algorithm, and parameter
regularization enhance performance and help prevent overfitting.

Yandex (2019) report that CatBoost (also known as Categorical Boosting) is a gradient boosting
algorithm developed to specifically handle categorical features with minimal preprocessing, i.e., no
one-hot encoding is required. CatBoost is superior to other gradient boosting algorithms in that it
employs ordered boosting to minimize overfitting. It is regarded to be very reliable, correct and easy
to use especially with tabular datasets. CatBoost uses a technique known as target-based statistics that
uses categorical data directly, limiting the likelihood of overfitting. It also has little hyperparameter
tuning, and it can also be used in conjunction with most data science packages.

According to Yamparla et al. (2022), one of the effective statistical methods that are commonly
used in classification including classification of rice output is the Logistic Regression. In Agri-
tech applications, Logistic Regression has the ability of classifying the level of yield, either high
or low, in relation to climatic conditions, soil characteristics, and farming practices which can add
valuable information to the decision-making process of precise agriculture. It uses the correlation of
a categorical dependent variable with another factor or a combination of multiple factors to compute
the likelihood of the outcome occurring within a given label of a class. The algorithm makes use of
the logistic function, which is frequently modeled as an S-shaped sigmoid curve, to map the values
of features into constrained probability distributions between 0 and 1.

Hyperparameter tuning for CatBoost, XGBoost, and LightGBM was conducted using Optuna, an
automated optimization framework. Optimal configurations were selected based on cross-validated
performance on the training data, enabling improved generalization and robustness relative to default
parameter settings.

First, hyperparameters tuning of the ensemble classifiers- CatBoost, XGBoost, and LightGBM
was used with Optuna. The best settings derived out of this tuning were then applied in the
implementation of the above hybrid models. The CatBoost Classifier was optimally set and some of
the parameters that were set included depth of 8§, learning rate of about 0.15, and the hyperparameters
of the regularization and sampling including 12leafreg, border count, and bagging temperature.
These values were discovered by optuna by trial and error to maximize the results on the training
data. Equally, XGBoost and LightGBM hyperparameters were also optimised that contained the
following hyperparameters; iterations=1049, depth=5, learningrate=0.105 and other boosting-
specific hyperparameters such as [2leafreg, random strength and grow policy= SymmetricTree.
These optimized settings are likely to enhance model accuracy and generalization much more than
default settings, which constitute a solid basis of a high-performance ensemble model.

To enhance the classification accuracy, a set of ensemble learning methods, such as Hard Voting,
Soft Voting (weighted and weightless), and Stacking, were used to combine three fine-tuned gradient
boosting classifiers: CatBoost, XGBoost, and LightGBM.

Hard Voting Classifier

An implementation of a Hard VotingClassifier was done whereby the predictions are done
depending on the majority class vote of the base learners. The weight configuration [3, 1, 1] was used
to provide CatBoost with more power. The accuracy of this ensemble was high and reached 97.37,
which supports the effectiveness of majority rule in the case of well-calibrated and complementary
base learners.
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Mathematically this can be put as:

M
:)7 =argmax z 1[h-m (x)=c] - Wm
(c€0 m=1

Where:
» §: Final predicted class
» ¢ € C: Class labels (e.g., low / high yield)
» M: Number of base classifiers
* h,, (x): Prediction of the m-th base classifier
* 1, (x)=c]: Indicator function

"  w,,: Weight assigned to the m-th classifier

The hard voting classifier was adopted in this research as a hybrid ensemble model, and it consists
of CatBoost, XGBoost, and LightGBM.. The assignments were made by hand, to give a better score
to CatBooust (e.g. wCatBoost=3, wXGB=1, w{XGB} = 1, wLGBM=1, wLGBM=1), as it has a
better standalone performance. Based on this strategy, the accuracy rate was 97 percent, which was
higher than all base models, which showed that ensemble voting, when properly weighted, is a robust
method.

Soft Voting Classifier

In the Soft Voting arrangement, the prediction in the classifier was done by the probability
averaging. There were three configurations that were investigated:

* Weighted Soft Voting [3, 1, 1] with weights weighted favoring CatBoost was the best with an
accuracy that was 95.6%.

+ Weighted Soft Voting with [2, 2, 3] also reached 95.6%, showing consistent performance
across similar configurations.

Unweighted Soft Voting (equal weight) resulted in a marginally greater accuracy of 96 showing
that even when the model was not weighted, the ensemble was still very effective as the individual
strengths of parts made it.

Ahmed (2023) explains that in a soft voting classifier, the final predicted class is calculated based
on the mean of the predicted probabilities of each of several classifiers, and the class with the largest
combined probability is selected. The equation can be expressed as:

M
arg max Z wy, - B, (c|x)
ceC
m=1

Where:

y: Final predicted yield class

e ( € (: Set of'yield classes

e M: Number of base classifiers

e w,,: Weight of the m-th classifier

e B, (c | x): Class probability from classifier m

The soft voting classifier plays a crucial role in this study, as it facilitates a probability-based
hybrid ensemble that can intelligently fuse the predictions of CatBoost, XGBoost, and LightGBM. In
comparison to hard voting, which uses majority class designation, soft voting takes into account the
level of confidence in each model’s prediction; thus, it is especially efficient when the capabilities of
each model are complementary.
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Stacking Classifier

Two Stacking Classifiers had been built:

One of them used a Random Forest as the meta-learner which was trained on predictions of the
out-of-fold predictions of the base learners. The accuracy of this setup with cross-validation of cv=>5
was 95.6%.

Lin et al. (2023) report that the other CatBoost model was used as the meta-learner. When
passthrough=True, both base model outputs and original features were forwarded to the meta-learner,
which improved learning. This approach also achieved 95.6 percent accuracy, demonstrating the
versatility and power of stacking with alternative meta-models.

Equation:

_ _T
B (X)

By (X)
Z= ' e Rk

B (X)),

Y =®gr(2)

Where:
The meta-learner (CatBoost) is trained on both:

o Bj°°f(X ): Out-of-fold predictions generated by the j-t4 base learner.
e @p: Random Forest classifier trained on dataset Z.
e ¥: Final predicted class labels.

¢ QOut-of-fold predictions Z from base learners.
¢ Original input features X.

Equation:
_ T
B (X)
By (X)
Z= ' e Rk
B (X))

Z=[X11Z] € R™<W+k)
y = ¢CatBoost (Z)
Where:

Z: Concatenation of the original feature set and the outputs of the base learners.
DcaBoost - CatBoost-based meta-learner.

This strategy enriches the meta -model with additional information, there by enhancing its
learning capacity and predictive performance.

Both stacking approaches are:

}'IC: ¢([Base Model Outputs]or [X||Base Model Outputs])
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The key difference lies in the input to the meta-learner:

Random Forest: ®(Z)

CatBoost (passthrough=True): O([X || Z])

Both achieved 95.6% accuracy, illustrating the power and adaptability of the stacking framework
with different meta-learners and feature strategies.

The workflow diagram of Hybrid Ensemble models shown in Figure. 2, hybrid models are
always more effective accurate compared to base classifiers. Although the base classifiers are about
53-81 percent, the hybrid models reach greater than 95 percent accuracy indicating that ensemble
methods are effective in improving the predictive ability.
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Figure 2 — Workflow of ensemble models

Study area

Udham Singh Nagar district is situated in the Tarai region of Kumaon Division. The district
spans a total area of 3,055 km?, standing 9th in terms of geographical size within Uttarakhand. It’s
situated between latitudes 28° 53° N and 29° 23’ N, and longitudinally expands over 78° 45’ E to 80°
08’ E, (Kumar et al., 2021) Figure 3.
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Figure 3 — Location map of Udham Singh Nagar district
The data set, Table 1, used in this study is holistically divided into three broad categories, which
are weather data, soil data and crop data, which makes it easy to evaluate thoroughly the factors

influencing paddy production in the region.

Table 1 — Dataset with independent features and dependent variable (Yield)
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Weather Data: obtained from OpenWeatherMap.org (https://openweathermap.org/), this type
contains a group of meteorological parameters that are important to predict yields. The parameters
consist of average temperature, dew point, minimum and maximum temperature, wind direction,
atmospheric pressure, wind speed, rainfall within the past hour, humidity, and cloud cover.

Soil Data: Collected from the Soil Test Laboratory in Rudrapur, the soil data comprises essential
chemical and physical properties. These include soil pH, electrical conductivity (EC in mmos/cm?),
soil organic carbon percentage (Soil_O/C), available phosphorus (kg/ha), available potash (kg/ha),
soil zinc concentration (ppm), and mineralizable nitrogen content (kg/ha).

Crop Data: Crop information on the yield and the area of cultivation was retrieved in the
Statistical Yearbook of the District found in Vikas Bhawan. This section contains information about
yields (quintals per hectare) and the hectares that are under cultivation.
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Results and discussion

The analysis of Kernel Density Estimation (KDE), Figure 4. showed that there were visible
differences in the distributions across high- and low-yield groups in relation to a number of soil and
climatic variables. There were consistent high levels of soil organic carbon, available phosphorus
and mineralizable nitrogen found in the high-yield observations, which demonstrated the high level
of association between the status of soil fertility and the productivity of rice.
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Figure 4 — KDE plots

Conversely, the overlaps of soil pH and electrical conductivity among yield classes were highly
significant showing that the parameters did not significantly exceed the agronomically applicable
limits and did not have a discriminative effect on the yields in the study area. Climatic variables
including features of temperature exhibited significant distributional changes in yield categories,
which indicates the sensitivity of rice yield to thermal factors. The results are similar to other
machine learning-based rice production works which show that variability of temperature and
nutrient availability are the most common influencers of yield prediction accuracy through analysis
of feature importance and model performance (Chandrakumar et al., 2023; De Clercq et al., 2024).
These methods are used in combination, and the regression-based feature importance used to measure
predictive effect, and KDE used to give intuitive information about how agronomic and climatic
factors vary between yield categories.

The frequency distributions of the 19 input variables are shown in Figure 5. Crop yield was
mostly concentrated in the lower range (10-40 quintal/hectare), with fewer fields recording higher
yields. Temperature variables followed fairly regular distributions, reflecting the relatively stable
climatic conditions of the region. Dew point showed two distinct peaks, likely capturing the contrast
between drier and more humid phases of the crop season. Rainfall was sparse for most observations,
with occasional high-intensity events pulling the distribution rightward — a pattern quite common in
the Terai belt. Soil pH was largely near-neutral (6.75-7.0), which is typical for the agricultural soils
of Udham Singh Nagar, while EC and Soil Zinc were more variable, pointing to uneven soil fertility
across sampled fields. The spread in Available Potash and Mineralizable Nitrogen likely reflects
differences in nutrient management practices among farmers.

Sharma et al. (2024) predicted rice yield using only five meteorological variables — maximum
and minimum temperature, relative humidity, rainfall, and sunlight hours — organized as fortnightly
averages based on Standard Meteorological Weeks fora single districtin Haryana, withno consideration
of soil properties or field-level parameters. The present study, in contrast, analyzed distributions of
19 variables spanning meteorological conditions, soil health indicators, and agronomic parameters,
revealing key data characteristics such as bimodal dew point, right-skewed rainfall, and multimodal
soil nutrient distributions — offering a more comprehensive empirical basis for rice yield prediction
in Udham Singh Nagar district.
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Figure 5 — Distribution of Input Variables
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Figure 6. presents the pairwise relationships among the meteorological variables. As expected,
temperature, minimum temperature, and maximum temperature moved closely together, which is
worth keeping in mind when selecting model inputs to avoid redundancy. Dew point and pressure
showed a mild inverse trend, while humidity had little consistent relationship with most other
variables. Wind speed and direction appeared largely independent of the temperature-related features.
Rainfall was near-zero for the bulk of observations, which aligns with its skewed distribution seen
in Figure 5.
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Figure 6 — Pairplot of Numerical Features

Naseer et al. (2025) looked at how soil and weather variables relate to each other, but their
pairwise analysis covered only seven features — N, P, K, pH, temperature, humidity, and rainfall —
where all features showed positive correlations, with potassium and phosphorus being the most
strongly linked at 0.74. Notably, variables like dew point, atmospheric pressure, wind speed, wind
direction, and cloud cover were not part of their analysis. In the present study, pairwise relationships
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were examined across the meteorological features, and the patterns were noticeably more varied —
temperature, temp_min, and temp max moved closely together as expected, while dew point
and pressure showed a mild opposing trend, and wind-related variables had little to no consistent
relationship with temperature. This mixed correlation structure is something the seven-variable
framework of Naseer et al. (2025) did not capture, pointing to the need for more careful feature
selection when building yield prediction models for rice in the Terai agro-climatic zone.

Figure 7. shows that the correlation among climatic variables is high and linear, especially between
minimum temperature, maximum temperature, and dew point, reflecting clustered thermal behaviour
among the weather-related predictors. Attributes of soil fertility, such as available phosphorus and
mineralizable nitrogen, are strongly correlated with soil organic carbon, an indicator of combined
nutrient processes within the soil system. In comparison, rice yield shows a tendency to exhibit
weak pairwise linear relationship with individual environmental and soil variables, which indicates
that simple linear relationships can only explain a small amount of yield variability. The absence of
significant linear yield-feature relationships motivates the use of non-linear machine learning models
to characterise higher-order interactions and intricate relationships. In this regard, the current results
are conceptually aligned with the synthesis presented by Kamilaris and Prenafeta-Boldu (2018),
who state that crop yield mechanisms are not often determined by simple linear relationships and
are better represented in the context of non-linear learning frameworks, based on a wide survey of
agricultural studies.
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Figure 7 — Correlation Matrix

Results of the current study are generally in agreement with previous classification-based research
of rice yield-prediction by Akula et al. (2021) in the Journal of Agrometeorology, but further expands
the line of research by using more recent ensemble learning models and measures of performance.
Both articles show the appropriateness of classification systems to place the outcomes of rice yield
in categories, which can provide viable interpretability in agricultural decision support. In the case of
the study carried out in Ranga Reddy district, Telangana, Akula et al. (2021) stated that the Multilayer
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Perceptron (MLP) classifier demonstrated the best classification accuracy (about 74.19 percent),
exceeding that of the traditional tree-based (J48/C4.5) and rule-based classifiers, which proved the
importance of modeling non-linear relationships between weather variables and yield category.

By comparison, the current research gets much better classification (Table 2), with CatBoost
reaching 80.9% and AUC of 0.90, then Gradient Boosting and XGBoost. These gradient boosting
ensembles have a better performance as compared to the Logistic Regression, Random Forest,
SVM, and KNN which shows that they have a greater ability to model high-dimensional, complex
interactions between weather in relation to soil and crop-related variables and thus shows the
advantages of using the modern ensemble methods in rice yield classification.

Table 2 — Performance metrics of base classifiers

Base Model Accuracy Precision Recall F1 Score
CatBoost 80.85% 82.00% 81.00% 81.00%
Gradient Boosting 78.72% 81.00% 79.00% 79.00%
KNN 53.00% 54.00% 53.00% 53.00%
Logistic Regression 76.60% 77.00% 77.00% 77.00%
Random Forest 68.09% 69.00% 68.00% 68.00%
Support Vector Machine 70.21% 72.00% 70.00% 70.00%
XGBoost 76.60% 78.00% 77.00% 76.00%

The results of the current paper are concomitant to those of Solanki (2024) who compared
several machine learning classifiers to the classification of rice crop stages and proved that XGBoost
and SVM were highly effective in case applied to feature-enriched data sets. On the other hand, the
current paper is centered on district-level weather-soil-crop data in order to categorize rice yield
and finds CatBoost the most stable standalone data classifier based on various evaluation metrics,
with SVM and Random Forest having a relatively low level of discriminative ability. This variance
highlights how both stage of prediction and data structure affect model behaviour with crop stage
classification and yield categorization having completely different learning problems. However, in
both papers, gradient boosting-based techniques prove to be trustworthy and flexible rice-related
classifiers, which underlies their applicability to various precision agronomy activities such as
phenological stage classification, as well as yield-related decision support.

In the given work, ROC-AUC analysis also proves the high discriminative power of CatBoost
(AUC = 0.90), then XGBoost (0.89), Gradient Boosting (0.86), but Random Forest (0.78), SVM
(0.72), and KNN (0.57) have lower rates of classification, Figure 8.

The results of the current research are in harmony with the existing literature that proves the
superiority of hybrid ensemble classifiers in comparison with single base models in the process of
agricultural classification. Ge et al. (2021) offer a representative example and researched the issue
of rice phenological stage detection with the help of UAV-RGB images, which stated that ensemble
approaches, including soft/weighted voting and stacking, were more critical in classification accuracy
than individual classifiers. In particular, stacking was the most accurate (around 96.2%), then soft
and hard voting (94.7 and 93.1) and demonstrates that complementary predictions of a model can
be effectively combined. Probabilistic aggregation of the classifier outputs was considered as the
superior outflow of the soft voting whereas stacking was favorable to learn the optimal combination of
different base learners leading to the enhanced robustness in the capability of classifying intermediate
phenological phases.
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Figure 8 — ROC-AUC score comparison of Baseline Models

Similar advantage of the hybrid ensemble learning, however under different prediction task with
different data format, can be seen in the current study on paddy yield classification. Table 3. illustrates
that the weighted hard voting classifier, in which more importance is laid on CatBoost, had the
highest overall performance (97.37%), which was better than those of soft voting and stacking. The
outcome points to the importance of attention to selecting models and optimizing weights, which can
further improve the performance of ensembles in the classification of yields. Taken together, these
results confirm the bigger picture that ensemble methods, especially weighted voting and stacking
provide better generalization and robustness in case of application to heterogeneous agricultural data,
thus justifying their applicability to a variety of precision agriculture tasks.

Table 3 — Performance comparison of various hybrid ensemble models on classification metrics

Hybrid Models Accuracy (%) | Precision (%) Recall (%) F1Score (%)
Stacking Classifier (Random Forest) 95.6 95.6 95.6 95.5
Weighted Hard Voting Classifier 97.3 97.3 97.3 973
Stacking Classifier (CatBoost) 95.6 94.6 98.6 96.6
Weighted Soft Voting Classifier 95.6 95.6 95.6 95.5
Soft Voting Classifier 95.6 94.6 98.6 96.6

305



HERALD OF THE KAZAKH-BRITISH
Vol. 23, No. 2, 2026 TECHNICAL UNIVERSITY

The current research Islam et al. (2023) used regression models, such as a stack-ensemble
hybrid, to predict rice yield (kg/ha) and had its best fit of RMSE ~ 328 kg/ha and MAE = 317 kg/
ha, which is an improvement of 20-30% over base models. This shows that hybrid ensembles are
good in capturing non-linear associations between environmental factors like NDVI, rainfall and soil
moisture, even though the variability in space influenced the precision in certain districts. Whereas,
the current work Figure 9. used classification models to predict high and low yield classes, the
weighted hard voting classifier obtained Accuracy, Precision, Recall, and F1-score of 97.3%, which
is significantly better than base classifiers (53-81%). It means that complex feature interactions can
be effectively modeled by hybrid classifiers and they will be able to achieve high performance on all
datasets. Collectively, the two studies show that ensemble methods are very effective in increasing
the predictive quality, and that regression ensembles provide a better estimation of continuous yields
and the classification ensembles can provide a highly accurate categorical forecast, particularly when
multi-source environmental data is used.
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Figure 9 — Comparison of model accuracy between base
classifiers and hybrid ensemble models

The current work builds on the previous ensemble-related rice classification studies, especially
the one conducted by Ge et al. (2021) by an explicit and quantitative ROC-based analysis of hybrid
models. They showed that stacking, soft voting, and hard voting ensembles are efficient in rice
phenological stage classification and that stacking, soft voting, and hard voting ensembles have
high classification accuracies (around 96.2 percent, 94.7 percent and 93.1 percent, respectively) and
strong classifier discrimination represented by ROC curves. Their analysis, however, was based on
visual analysis of ROC curves, without providing numerical values of ROC-AUC.

Conversely, Figure 10. the current paper measures the categorization of district-level rice yields
with conventional hybrid classifiers and provides clear ROC-AUC values and ROC curves, which
allow a more stringent and straightforward measure of the discriminative efficiency. The stacking
classifier using CatBoost meta-learner scored 0.9908, stacking model using Random Forest meta-
learner scored 0.9951, and weighted soft voting classifier scored 0.9941, a high level of classification
was seen to be possible using all the three ensemble configurations. Although the two papers confirm
the usefulness of ensemble learning in rice-related classification tasks, explicit ROC-AUC measures
used in the current study enhance the performance of comparability and offer a more detailed method
of evaluation to the yield-based decision support application.
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Figure 10 — ROC AUC curves of hybrid ensemble models

The study therefore reveals that there was a pronounced steady improvement in prediction
performance when individual base classifier models are replaced by hybrid ensemble models to
classify rice yield. The individual classifiers, or KNN, SVM, Random Forest, Logistic Regression,
Gradient Boosting, XGBoost, and CatBoost, demonstrate moderate and high accuracy, with the lowest
value of around 53 percent to the highest of about 81 percent, respectively. In line with the previous
results (Akula et al., 2021; Solanki, 2024), tree-based and boosting models designed to be used with
ensembles show better performance compared to distance and linear-style ones, which indicates their
capability to learn non-linear relations between soil, weather-related, and crop-specific variables.
Still, individual models are limited in their predictive power in terms of model-specific bias and the
failure to capitalize on complementary decision patterns.

By comparison, the hybrid ensemble models, such as the weighted hard voting, soft voting,
stacking, and weighted soft voting, record significantly greater accuracies with the range of about 95-
97 that is clearly higher than that of all single classifiers. The mechanisms behind this performance
increase are successfully compensating errors in a variety of learners, better generalization by means
of diversity in an ensemble, and probabilistic aggregation that is used in the soft and weighted voting
schemes. Out of the tested hybrids, CatBoost-based stacking and weighted voting strategies show
a persistently high performance, which proves the success of meta-level learning and the optimal
model weighting.

The current research contributes to the existing literature on the subject because it goes beyond the
established rice-related prediction literature where most studies concentrate on the regression-based
yield estimation or single-model classification and usually consider the accuracy or the qualitative
ROC analysis as the final objective. The presented quantitative results improvements support the
strength and the efficient applicability of the concept of ensemble learning to the classification of rice
yield and decision support in a district level.
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Conclusion

This paper has shown the promise of hybrid ensemble models that are machine learning driven
to enhance prediction of paddy yield in the Udham Singh Nagar district of Uttarakhand. The results
have shown that ensemble methods, in particular, stacking and voting-based classifiers including the
boosted learners, are more accurate and robust in prediction than the traditional standalone model.

The proposed approach will enhance the development of precision agriculture, as it will use
data and consequently make decisions about the activities of agriculture based on the use of soil,
climatic, and historical crop data. The findings support the use of combination of various learning
algorithms to accommodate the complexity and non linearity of agricultural data. In a practical sense,
the suggested framework can affirm sustainable farming by facilitating on-time and dependable yield
evaluation hence contributing to food security and resource management in rice-cultivating areas.

Future work may focus on extending the framework to multi-seasonal and multi-regional datasets,
integrating remote sensing variables, and exploring deep learning—based ensemble architectures to
further enhance scalability and real-world applicability.
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"Komnbrorepiik FeutbiMaap kKadeapacel, Soban Singh Jeena ynusepcureri,
YTrapakxaHu K., YHIiCTaH
?KommeroTepiik Konganbanap kapenpacs, Kumaun yHuBepcureTi,
VYTrapakxaHn K., YHIiCTaH
SKomrmbroTeptik FeUIBIMIAP JKoHE HHkKeHepHs Kadenpacel, Graphic Era Hill yausepcureri,
VYTrapakxann K., YHAiCTaH

MAIIUWHAJIBIK OKBITYFA HET'BAEJIT'EH KYPIIIT OHIMALJIIT'TH BOJIZKAY:
BA3AJIBIK KOHE AHCAMBJIBAIK MOAEJBAEPAI CAJIBICTBIPMAJIbI
BATAJIAY (YTTAPAKXAH/A LHITATBI, YAXAM-CUHI'X-HATAP AYJIAHBI)

Anjaarna

Kypim YHmicranmarsl a3bIK-TYJTIK KayillCi3[iriHIH Heri3i OOMbIN TaObUIaabl, MUJUTMOHIAFAH aJaMHBIH Tip-
UIUTITIH JKOHE YJITTBIK SKOHOMUKAHBI KOJJIAIbl. AJaiijia TYpaKChI3 KIMMATTBIK JKaF[daiaap Kypill eHIMIUIIriH
Oopkar OOTMAMTHIH IeHTelTe XKeTkKi3eni. by 3eprrey YTrapakxann mrateiHAarel Yiaxam Cuarx Harap aymansiaga
KYpill eHIMALTITiH 00JDKay YIIIiH aya paiibl, TOTTBIPAK )KOHE eTiH AepeKTepiH O1piKTipeTiH MAIIMHABIK OKBITY KYHECIH
ozipneiini. Herisri kmaccugukaropiap apacsiana CatBoost en »axcel HoTmxenepai kepcerti: manairi 80,85%
s)ore ROC-AUC kepcertkimi 0,90. OHiMaUTIKTI oxaH api sxakcapty yuriH Optuna kemerimen 6anrasirad CatBoost,
XGBoost sxone LightGBM monenbaepi rudpuati ancambinbaepre oipikripingi. CatBoost Moaernine ke0ipek caaMak
oeperin WGB knaccudukaropsr ([3,1,1]) eH sxorapsl nonaikke — 97,37%-ra KO kKeTKi3ni, ogaH Keitin Stacking
ancamonpaepi (95,6%) xoHe xyMmcak maybsic Oepy aHcamOnbaepi (96%-ra neitin) opHanactsl. bynm HaTmXenep
sxorapsl ROC-AUC xepceTkimTepiMeH pactanabl. JKanmel aFanga, 3epTTey MYKHAT OHTAIaHABIPBIUTFaH aHCaMOJIh
MOJIENBACPIHIH OHIMALTIKTI OoyrKay ASJIAITIH aWTapibIKTail apTThIpa allaThIHBIH KepceTeni, Oy YHAiCTaHHBIH
KJIUMaTKa Ce3iMTall aiiMaKTapblHAa Kypilll ecipydi IIIpeK opi TYPaKThl €Tyre apHalfaH MPAaKTHKAJIbIK Kypas
YCBIHAJIBI.

Tyiiin ce3nep: CatBoost, rpaaueHTTi KylelTy, ruOpuaTi aHcamOIb, MalllMHAIBIK OKBITY, K€31€HCOK OpMaH,
XG KymeunTy, eHIMIUTIK.
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'Kadenapa komnbroTepHbIX HayK, YHUBepcuTeT Soban Singh Jeena, Anmopa 263601,
Vrrapakxaua, Uuaus
’Kadeapa KOMIbIOTEpHBIX MpUIoKeHHH, YHuBepcuteT Kumaun, Haitaurain, Yrrapakxann, Maans
*Kadenpa koMIbpIOTEepHBIX HayK U nHkeHepun, YausepcureT Graphic Era Hill, kammyc Bxumran,
VYrrapakxaua, Uuaus

MPOTHO3UPOBAHUE YPOKAWHOCTHU PUCA C MCNIOJIb3OBAHUEM
MAIIMHHOT'O OBYUEHUSI: CPABHUTEJILHBIII AHAJIN3 BA30BbBIX
A AHCAMBJIEBBIX MOJEJIE HA MPUMEPE OKPYTA YAIXAM-CUHTX-HATAP,
IITAT YTTAPAKXAHT (MHANS)

AHHOTAUA

Puc siBnsiercsi KpaeyroiabHBIM KaMHEM NPOAOBOJILCTBEHHOM Oe3omacHoctd B MHauM, mopaepskuBas M-
JMOHBI CPE/ICTB K CYIIECTBOBAHUIO W HAIMOHAIBHYIO SKOHOMHUKY. OZHAKO HECTAOMIbHBIE KINMATHYECKHE YCIIO-
BUSI JIETIAI0OT yPOXKAaHHOCTD pUca Bce OoJiee HenmpecKasyeMoil. B 1aHHOM HcciieioBaHIN pa3padaThIBaeTCs CUCTEMa
MAaIIMHHOTO O0yUYeHHs JUlsl MPOTHO3UPOBAHUS ypOKaiiHOCTH puca B paiioHe Yaxam Cunrx Harap, Yrtrapakxann,
IyTeM MHTErpaluy JaHHBIX O Moroje, no4yse u cesax. Cpenu 6a30BbIx KiaccudukaropoB CatBoost nokasan jryd-
mue pe3yasraTsl ¢ TouHOCThIo 80,85% u ROC-AUC 0,90. /Ing nanpHEHIIEro NOBBIIEHUS IPOU3BOJUTEIBHOCTH
Optuna-tuning mogenu CatBoost, XGBoost n LightGBM Opimi 00berHEeHB B THOpHUIHBIE KOMIUTEKTHL. Kitaccu-
(hukaTop B3BEIMICHHOTO KECTKOTO TOJI0COBAHNUS, pUaaromunii 6oipuriii Bec CatBoost ([3,1,1]), mocTur HauBeIcIIeH
touHoctd — 97,37%, 3a HuM crenyror ancam6in Stacking (95,6%) u aHcamOnu Msirkoro rojocoBanus (10 96%).
OTH pe3yabsrarhl ObUTH OATBEPKACHBI BhicokMHU Oaytamu ROC-AUC. B nenom uccieioBaHie MOKa3bIBACT, UTO
TIIATEIEHO ONITUMHM3MPOBAHHBIC aHCAMOJIEBBIC MOJICJIM MOTYT 3HAYUTEIIBHO MIOBBICUTH TOYHOCTH IIPOTHO3UPOBAHHUS
YPOXXaHHOCTH, TIPEIOCTABIISS IIPAKTUIECKUI HHCTPYMEHT JUIs O0Jiee TOYHOTO U yCTOHYMBOTO PHCOBOTO BBIPAIIH-
BaHMS B KIIMMAaTHYECKN YyBCTBUTEIBHBIX perHoHax VHauH.

Kuarouerble cioBa: CatBoost, ycuneHue rpaienTa, THOPUIHBIA aHCaMOITb, MAITHHHOE 00yYeHHE, CITyIalilHBIN
nec, yewnenne XG, TOXOTHOCTb.
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