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Abstract—Maximizing rice yield is critical for ensuring food
security and sustainable agriculture in Malaysia. This research
investigates the impact of environmental conditions and
management methods on crop yields, focusing on accurate
predictions to inform decision-making by farmers. Utilizing
machine learning algorithms as decision-support tools, the study
analyses commonly used models—Linear Regression, Support
Vector Machines, Random Forest, and Artificial Neural
Networks—alongside key environmental factors such as
temperature, rainfall, and historical yield data. A comprehensive
dataset for rice yield prediction in Malaysia was constructed,
encompassing yield data from 2014 to 2018. To elucidate the
influence of climatic factors, long-term rainfall records spanning
1981 to 2018 were incorporated into the analysis. This extensive
dataset facilitates the exploration of recent agricultural trends in
Malaysia and their relationship to rice yield. The study
specifically evaluates the performance of Random Forest,
Support Vector Machine (SVM), and Neural Network (NN)
models using metrics like Correlation Coefficient, Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), Mean
Squared Error (MSE), and Mean Absolute Percentage Error
(MAPE). Results reveal Random Forest as the standout
performer with a Correlation Coefficient of 0.954, indicating a
robust positive linear relationship between predictions and actual
yield data. SVM and NN also exhibit respectable Correlation
Coefficients of 0.767 and 0.791, respectively, making them
effective tools for rice yield prediction in Malaysia. By
integrating diverse environmental and management factors, the
proposed methodology enhances prediction accuracy, enabling
farmers to optimize practices for better economic outcomes. This
approach holds significant potential for contributing to
sustainable agriculture, improved food security, and enhanced
economic efficiency in Malaysia's rice farming sector. Leveraging
machine learning, the research aims to transform rice yield
prediction into a proactive decision-making tool, fostering a
resilient and productive agrarian ecosystem in Malaysia.
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. INTRODUCTION

Agriculture plays a pivotal role in Malaysia, contributing
significantly to the nation's economic development. It remains
one of the primary sources of livelihood for a substantial
portion of the population, and its modernization is essential to
meet the growing demands of the country's expanding
population. In Malaysia, a significant portion of the land is
utilized for agricultural activities, addressing the food
requirements of millions of people. As the agricultural

landscape evolves, farmers are increasingly exploring
opportunities to enhance productivity and achieve optimal
returns on their investments. Traditionally, crop vyield
predictions were heavily reliant on a farmer's experience and
understanding of specific land and crops [1] [2] [3]. However,
with changing conditions and the pursuit of diversified crops,
there arises a need for more comprehensive and accurate data
to guide farmers in their decision-making process. Farmers are
seeking more information about new crops and their potential
profitability to make informed choices regarding crop selection
and overall agricultural practices [3] [4]. Accurate estimation
of crop performance under various environmental conditions
can significantly improve farm productivity and financial
outcomes. The global rice market is narrow, making it highly
susceptible to market fluctuations caused by supply
interruptions due to weather variations [5] [6] [7]. To safeguard
its population from hunger, Malaysia has implemented a
protectionist policy for its paddy and rice business [8] [9].
Policymakers in Malaysia require accurate crop yield forecasts
to evaluate the benefits and drawbacks of imports and exports,
strengthening the country's food supply and ensuring its
security [10] [11]. Predicting agricultural productivity is a
complex task due to the numerous interconnected factors
involved. To address these challenges, the application of Data
Science techniques has become increasingly crucial. In the
modern era of agriculture, ensuring food security stands as a
paramount challenge, especially within the context of
Malaysia. The burgeoning population and the evolving
landscape of climate dynamics render the traditional methods
of crop vyield prediction inadequate. The delicate balance
between supply and demand, often influenced by climatic
vagaries, can disrupt the stable rhythm of food production.
Malaysia, with its dependency on rice as a staple, stands at a
critical juncture in safeguarding its food security.

At present, major suppliers of Rice in Malaysia and its
exporters are largely planted in Malaysian states, namely
Johor, Kedah, Kelantan, Melaka, Negeri Sembilan, Pahang,
Perak, Perlis, Pulau Pinang, Selangor, Terengganu, Sabah, and
Sarawak, as shown in Fig. 1. These states are the major
contributors to Malaysia's rice production, accounting for a
significant share of over five hundred thousand metric tons
annually, thus making up the majority of rice production in
Malaysia. The entire process from planting the crop to harvest
is closely intertwined with data collection and its intricate
relationship with crop yield. These collected data play a pivotal
role in training Machine Learning (ML) algorithms. These ML
algorithms provide invaluable insights for farmers to estimate
the profitability of their crops. Armed with this knowledge,
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farmers can make well-informed decisions regarding their crop
investments and consider necessary modifications before the
harvest, often leading to additional costs to secure a more
bountiful yield.

Historically, rice yield prediction was anchored in the
expertise of farmers, an art passed down through generations.
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Yet, the intricacies of today's climate patterns, characterized by
unprecedented shifts and erratic behavior, demand a more
sophisticated and data-driven approach. The heightened
susceptibility of the rice market to supply disruptions caused
by weather anomalies underscores the urgency to fortify the
nation's agricultural resilience.
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Fig. 1. Statistics of rice yield in Malaysia.

In this tapestry of challenges, the study illuminates a
pivotal issue - the necessity for an advanced predictive model
that not only harnesses the power of machine learning but also
delves deeper into the complex interplay between
environmental factors and crop productivity [12]. By
addressing this issue, the research takes a bold step towards
fortifying the foundations of food security in Malaysia.

Data analysis using scientific approaches can yield valuable
insights into the data, enabling informed decision-making in
agriculture. This study aims to explore the impact of
environmental conditions and management practices on crop
yields in Malaysia. By leveraging machine learning algorithms,
the study seeks to develop accurate prediction models that can
assist farmers in optimizing their agricultural practices and
achieving better economic efficiency. This research holds the
potential to contribute valuable insights into sustainable
agriculture, improve food security, and enhance economic
outcomes in Malaysia's agricultural sector.

The remaining part of the paper is organized as follows: In
Section I, a comprehensive review of related works in the field
of rice yield prediction in Malaysia using hybrid machine
learning models is presented, emphasizing the significance of
integrating diverse environmental and management factors for
enhanced accuracy. Section 11l describes the materials and
methods employed in this study, including the dataset used for
rice yield prediction, and the implementation of hybrid
machine learning models incorporating Random Forest (RF),
Support Vector Machine (SVM), and Artificial Neural

Network (ANN). In Section 1V, the study present the
implementation details, results, and performance evaluation of
the hybrid machine learning models. The evaluation includes
metrics such as Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and R-squared to assess the models'
predictive capabilities. Additionally, a detailed discussion on
the obtained results is provided, highlighting the strengths and
limitations of the models. Lastly, in Section V, the conclusion
of the study is presented, summarizing the key findings and
potential future avenues for further research in the domain of
rice yield prediction in Malaysia using hybrid machine learning
models.

Il.  LITERATURE REVIEW

In Malaysia, estimating rice crop yields accurately is of
utmost importance to ensure food security and support the
nation's agricultural sustainability goals [23]. Traditional
methods for rice yield prediction, such as static regression and
mechanistic approaches, have limitations in effectively
capturing the complex and nonlinear relationships between
input factors, such as weather conditions, climate variations,
and agricultural practices, and the resulting rice yields [23]. To
address the challenges in rice yield prediction specifically for
Malaysia, there is a pressing need to develop a hybrid machine
learning and deep learning (ML/DL) model that can harness
the power of data-driven techniques to enhance accuracy and
predictive capabilities [13]. This hybrid approach should focus
on leveraging historical yield data, weather information, and
other pertinent features specific to Malaysia's rice-growing
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regions to create a robust and reliable predictive model
[13][14].

The major aim of this research is to develop a hybrid
machine learning and deep learning (ML/DL) model for
accurate rice yield prediction in Malaysia. The model will
integrate historical yield data, weather information, and
relevant features specific to Malaysia's rice-growing regions.
By autonomously extracting essential features, the model aims
to achieve high prediction accuracy and generalization across
different regions and cropping seasons. The practical
implementation of the model will provide farmers with
valuable insights for sustainable crop management practices
contributing to Malaysia's food security and agricultural
sustainability goals.

Estimating rice yields is critical in meeting the growing
demand for food throughout the nation [38]. It aids in the
enhancement of management procedures vital to maximizing
agricultural yields. One of the challenges in rice yield
prediction is the limited availability of diverse and
comprehensive datasets [20]. To address this issue, researchers
have been exploring the integration of remote sensing data,
climate information, and historical crop yield data to train rice
yield models effectively [15] [30]. In recent years, there has
been a growing interest in developing hybrid models that
combine both machine learning (ML) and deep learning (DL)
techniques to enhance rice yield prediction accuracy [13][14].
The integration of ML algorithms with DL architectures
employs the strengths of both approaches, resulting in more
robust and accurate predictions [14]. Several studies have
explored the benefits of hybrid ML/DL models for rice yield
prediction.

One example of a successful hybrid ML/DL model is the
combination of fuzzy clustering and DL for rice yield
prediction [35]. Pham et al. (2021) developed a hybrid model
that utilized weather data and satellite-based spectral indices
for rice yield prediction in Vietnam. They first applied fuzzy
clustering to categorize regions with similar environmental
characteristics, creating distinct clusters. Next, they used deep
learning techniques, such as adaptive neuro-fuzzy inference
systems (ANFIS), within each cluster to predict rice yields.
The hybrid model achieved a high accuracy of over 97%,
outperforming individual ML or DL models [35]. Another
successful hybrid model for rice yield prediction combined
artificial neural networks (ANN) with support vector
regression (SVR) [32]. Zhang et al. (2021) developed this
hybrid model to predict rice yield in China. The ANN
component captured the nonlinear relationships between input
factors like weather, soil, and management practices, while
SVR provided robustness and improved generalization. The
hybrid model achieved a high prediction accuracy of over 90%,
demonstrating the effectiveness of combining ML and DL
techniques [32]. Hybrid ML/DL models can also integrate DL
techniques with crop simulation models, offering insights into
complex rice growth dynamics [33]. Sharma et al. (2021)
developed a hybrid model that utilized remote sensing data and
weather data to train a DL model. The output from the DL
model was then used as input to a crop simulation model,
which captured the interactions between environmental
conditions and crop growth. This integrated approach achieved

Vol. 15, No. 3, 2024

a high prediction accuracy of over 93% for rice yield prediction
in India [33].

Moreover, hybrid models can also reduce the risk of
overfitting and improve the generalizability of the models [33].
Overfitting occurs when the model is too complex and fits the
training data too closely, resulting in poor performance on
unseen data. Hybrid models can mitigate this risk by
combining models with different biases and variance, resulting
in a more balanced and robust model [33]. For example, they
found that their hybrid model outperformed individual models
in terms of generalization and robustness. The combination of
deep learning techniques and crop simulation models allowed
the model to capture the spatial and temporal variations in the
rice growth conditions and yield output [33] [34].

In summary, hybrid machine learning models have shown
promising results in rice yield prediction [13]. It gives ability to
improve prediction accuracy, robustness, and generalization
[14] [20]. The combination of machine learning techniques
with other data-driven or statistical models can capture the
complex relationships between the input factors and the yield
output more accurately and reduce the risk of overfitting [15]
[16]. These developments in the field have significant
implications for enhancing food security and nutrition,
particularly in developing countries where rice is a staple food
crop [38][39].

I1l.  MATERIALS AND METHODS

A. Case Study and Data Description

Rice is a staple crop in Malaysia, and accurate yield
prediction plays a crucial role in ensuring food security and
optimizing agricultural practices. Traditional regression-based
models and mechanistic approaches have limitations in
capturing the complex and nonlinear relationships between
crop yield and various influencing factors, including weather
conditions and agricultural practices. To address these
challenges, the study proposes a hybrid machine learning and
deep learning (ML/DL) model for rice yield prediction in
Malaysia. The model employs the advantages of both ML and
DL techniques to enhance prediction accuracy and
generalization. The data used in this study encompass historical
rice yield records and weather data from multiple rice-growing
regions in Malaysia. The historical yield data is collected over
several cropping seasons, covering a significant time span to
account for inter-annual variations. Daily weather information,
including rainfall, temperature, and humidity, is obtained from
meteorological stations situated in close proximity to the rice
fields. Additionally, Flood data has been included in the
dataset, depicted in Fig. 2.

B. Challenges of Traditional Models and Hybrid Model
Justification

Traditional regression-based models and mechanistic
approaches encounter several challenges when predicting rice
yields. These challenges include limited flexibility, an inability
to capture nonlinear patterns, assumptions of homoscedasticity,
and overlooking intricate interactions between influencing
factors. Traditional models often struggle to adapt to the
dynamic and complex relationships inherent in rice production,
leading to suboptimal predictions.
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Fig. 2. Architecture of proposed model.

The proposed hybrid machine learning and deep learning
(ML/DL) model offer a compelling solution to these
challenges. By integrating RF, SVM, and ANN, the hybrid
model leverages the strengths of each algorithm. RF efficiently
handles  non-linear  relationships, capturing complex
interactions within the dataset. SVM's non-linear kernel
enhances adaptability to high-dimensional data, crucial for
addressing intricate relationships in rice yield prediction. The
deep learning capabilities of ANN allow the model to learn
hierarchical representations, effectively capturing complex
temporal patterns and dependencies within the dataset. In
combination, these algorithms overcome the limitations of
traditional models, providing a more robust framework for
accurate and sustainable rice yield predictions in Malaysia. The
hybrid model's flexibility, adaptability, and ability to capture
nonlinear patterns make it well-suited for the challenges posed
by the complex dynamics of rice production.

C. Models for Forecasting

In this study, the researcher employs three powerful
algorithms for forecasting rice yield in Malaysia: RF, SVM,
and ANN. Each model brings unique strengths to handle the
complexity of climate data and its impact on rice production.

Random Forest, an ensemble learning method, constructs
multiple decision trees during training and combines their
outputs for accurate predictions [17]. Given the intricate
relationships between climate variables and rice yield in
Malaysia, RF is well-suited to efficiently handle non-linear
patterns, capturing the complex interactions within the dataset
[17][20]. The selection of RF aligns with the objective of
sustainable agriculture by providing insights into feature
importance, aiding the understanding of the impact of

environmental conditions and management practices on rice
yield.

SVM, a supervised learning algorithm, separates different
yield classes based on climate and agricultural attributes. It
finds the optimal hyperplane maximizing the margin between
data points of different classes. SVM's ability to handle high-
dimensional data and non-linear kernels makes it valuable for
crop yield prediction [13] [21]. In the context of sustainable
agriculture, SVM is chosen for its effectiveness in high-
dimensional spaces and its capacity to handle non-linear
relationships, essential for capturing the complexity of rice
yield determinants. This aligns with the goal of optimizing
agricultural practices.

Acrtificial Neural Network, a deep learning technique, is
inspired by the human brain's neural networks. With
interconnected layers of nodes, ANN processes input data and
learns complex patterns [22]. Deep learning approaches,
including ANN, have shown promising results in crop yield
prediction [15] [19]. ANN is selected for its capability to learn
hierarchical representations, making it suitable for capturing
intricate relationships within the data. This is particularly
valuable for sustainable agriculture, where understanding
complex patterns and dependencies is crucial for informed
decision-making.

For model evaluation, the hybrid ML/DL model combines
the outputs of RF, SVM, and ANN. Cross-validation
techniques assess model performance, and hyperparameter
tuning optimizes their configurations. Metrics such as Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), and
R-squared gauge predictive capabilities.
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By integrating these algorithms, the hybrid ML/DL model
effectively handles climate data complexities, providing
accurate predictions of rice yield in Malaysia. Findings offer
valuable insights to farmers and policymakers, aiding informed
decisions for enhanced agricultural productivity and food
security in the region.

D. Optimization Technique

The optimization of the hybrid ML/DL model is essential
to ensure its effectiveness in forecasting rice yield in Malaysia
accurately [36]. Hyperparameter tuning, a crucial optimization
technique, is employed to fine-tune the parameters of the RF,
SVM, and ANN algorithms [31]. Hyperparameters
significantly impact the performance of these models, and their
optimal selection is vital to achieve the best predictive results
[29].

Grid search, a systematic hyperparameter tuning method, is
utilized to explore various combinations of hyperparameter
values within predefined ranges [30]. It exhaustively searches
through the hyperparameter space and evaluates each
combination's performance using cross-validation techniques
[30]. The combination of hyperparameter values that yields the
best performance metrics on the validation set is chosen as the
optimal configuration for each model [30].

By fine-tuning the hyperparameters, the study aims to
optimize the models for forecasting rice yield and improve
their generalization capabilities [33]. The optimization process
ensures that the models can effectively capture the complex
relationships between climate variables and rice production,
leading to accurate and reliable yield predictions for Malaysia's
agricultural sector [33].

E. Architecture of the Model

In the proposed framework, machine learning and deep
learning techniques are employed to predict the best crop
production for a given dataset. The prediction of suitable crops
is based on the analysis of current atmospheric and climatic
parameters. These deep learning techniques excel in capturing
complex temporal patterns and dependencies within the
dataset, making them well-suited for crop prediction tasks. On
the other hand, the RF and SVM algorithm is implemented
under machine learning to handle classification tasks and assist
in the crop prediction process. By combining the strengths of
machine learning and deep learning, the proposed model can
effectively provide precise and reliable crop predictions
without the need for soil-related data.

F. Proposed Framework

The scenario below is intended for illustrative purposes
only. The actual model predictions and results will be based on
the real-world data and factors encountered during rice
production in Malaysia.

Fig. 2 employs hybrid machine learning and deep learning
techniques to predict rice yield in Malaysia. To demonstrate
the model's performance under various conditions, the study
presents a hypothetical scenario that highlights its ups and
downs during a crop season. The study begins with an optimal
climate phase characterized by moderate rainfall and abundant
sunshine. During this phase, the hybrid ML/DL model
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accurately predicts a bountiful rice yield, effectively capturing
the positive correlation between climatic factors and crop
productivity [17] [35]. However, as the crop season progresses,
unforeseen weather fluctuations, such as unexpected heavy
rainfall and prolonged drought spells, challenge the model's
adaptability to non-linear relationships between extreme events
and their impact on yield [19][31]. As a result, there might be
slight deviations in the model's predictions from the actual
yield during this period [20] [22] [26]. Moreover, localized
pest infestations during the mid-crop season further test the
model's capabilities, as it primarily focuses on climate-related
factors and faces limitations in capturing direct agricultural
challenges [13] [21]. However, the hybrid model's strength in
understanding temporal patterns and correlations enables it to
recover and stabilize predictions once agricultural conditions
improve. As the agricultural management teams take timely
measures to control pests and mitigate adverse effects, the
model's predictions align more accurately with the actual
harvest data [15] [22]. This scenario analysis underscores the
hybrid ML/DL model's versatility and potential, providing
valuable insights for its practical application in ensuring food
security and sustainable agriculture in Malaysia [13].

G. Performance Indicators

In this research, the performance of the hybrid ML/DL
model for rice yield prediction in Malaysia is evaluated using
various performance indicators [37]. These indicators are
crucial for assessing the model's accuracy, robustness, and
generalization capability. Mean Absolute Error (MAE) is
utilized to measure the average magnitude of prediction errors
and is commonly employed in crop yield prediction studies
[19] [23]. Root Mean Square Error (RMSE) is another
important metric that provides a comprehensive assessment of
prediction accuracy by considering both bias and variance [28]
[37]. Additionally, R-squared is employed to determine the
proportion of variance in the rice yield data that can be
explained by the hybrid model [35] [37]. Higher R-squared
values indicate a better fit of the model to the actual data.
Cross-validation techniques, such as k-fold cross-validation,
are utilized to ensure the reliability and stability of the model's
performance across different subsets of data [21] [27] [28]. The
combined assessment of these performance indicators will
provide valuable insights into the hybrid ML/DL model's
effectiveness in accurately forecasting rice yield, contributing
to improved agricultural decision-making and sustainable food
production strategies in Malaysia.

In order to evaluate the performance of the model, the
following evaluation metrics: Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), Coefficient of determination (R-squared) are used
[24]. The MSE is the squared difference of the observed values
of a variable with its predicted values, divided by the number
of values for this variable. It is an assessment of the quality of
the predictor. The RMSE is the square root of the MSE,
indicating the standard deviation of the residuals (prediction
errors) [24] [25].

MSE = n1Yi = 1n(Yi — Y~i)2 (1)
RMSE=\ n1Yi=1n(Yi-Y"i)2 (2)
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The absolute difference of the predicted value with the
actual value defines the MAE, which is a measure of errors
between paired observations expressing the same phenomenon.

MAE =n1Yi=1n|Yi—Y*i | A3)

Lastly, the R2 is the proportion of the variation in the
dependent variable that is predictable from the independent
variables. It is expressed by the division of Sum of Squares of
Residuals (SSRes) with the total Sum of Squares (SSTot), and
it ranges between 0 and 1.

R2=1-Yi=In(Yi-Y " )2Zi=In(Yi-Y")2  (4)

These evaluation metrics will provide a comprehensive
understanding of the hybrid ML/DL model's predictive
capabilities and its potential for accurate rice yield forecasting
in Malaysia.

IV. IMPLEMENTATION AND RESULTS

At the heart of the study's findings lies a symphony of
innovation, where machine learning and deep learning
techniques harmonize with the intricacies of rice yield
prediction. The proposed hybrid model, an ensemble of RF,
SVM, and ANN, emerges as a beacon of accuracy and
reliability. These models, each a virtuoso in its own right,
coalesce into a predictive force that holds the potential to
revolutionize rice yield forecasting.

The research underscores the prowess of each model in
tackling specific facets of the complex prediction process. The
RF, with its ensemble of decision trees, adeptly captures non-
linear relationships inherent in climate data. Meanwhile, the
SVM hones in on classifying yield classes based on climatic
attributes, utilizing the optimal hyperplane to delineate between
them. Lastly, the ANN, inspired by the human brain, unfurls its
layered nodes to extract intricate patterns and temporal
dependencies.

As the symphony of models unfolds, the study unveils a
stage of rigorous evaluation. The metrics of Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and R-
squared (R?) step forward as the critics, meticulously dissecting
the predictions against actual yields. In their assessment, the
symphony highlights its virtuosity - a lower MAE, a melodious
RMSE, and a soaring Rz Together, they affirm the model's
ability to attune itself to the climatic symphony, capturing the
intricate crescendos and diminuendos that define rice yield
fluctuations.

The main findings culminate in a profound revelation: the
proposed hybrid model is not merely a predictive tool but a
conductor of change. It has the capacity to empower farmers
and policymakers with insights that transcend the realm of
predictions. It orchestrates a harmonious interplay between
data and decisions, offering a path towards optimized crop
management, enhanced agricultural productivity, and fortified
food security. As the curtain descends on this act, the proposed
system stands poised to script a new narrative in the chronicles
of sustainable agriculture and nourished nations.
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A. Model Implementation and Training

The exploration into the core of the research commences
with a detailed organization of data preprocessing, a
fundamental aspect of the model's development. The careful
collection of climate data from various sources, covering
essential variables like temperature, precipitation, humidity,
and solar radiation, signifies the inception of the predictive
engine [28]. This phase is not just a compilation of data; rather,
it is a meticulous curation of information, where each element
contributes to the cohesive generation of accurate predictions.

The critical stage of data preprocessing carries a significant
responsibility - ensuring the fidelity and integrity of the data.
Missing or irrelevant data points are systematically identified
and removed, ensuring that the model's learning process is
rooted in accuracy. Additionally, the practice of feature
engineering takes center stage, wherein raw climate data is
shaped into a refined set of input variables. These variables,
meticulously tailored to meet the specific requirements of each
model, encapsulate the essential details of climate intricacies
that impact rice yield.

Armed with meticulously curated data, the exploration into
the domain of machine learning focuses on the essential roles
played by RF and SVM models. RF, an ensemble of decision
trees, generates a harmonious array of predictions by
leveraging the collective intelligence of multiple trees [35].
The model adeptly captures nuanced non-linear relationships
inherent in climate variables and their influence on rice yield.
This results in the development of a predictive tool that excels
in handling complexity [18].

At the same time, SVM acts as a mathematical expert,
figuring out the best ways to separate different yield classes
based on climate features [13]. The training process is not just
a technical routine; it is about integrating the knowledge from
climate data into the core of the model. Cross-validation serves
as the guide in this process, making sure the models can handle
the uncertainties of new data [30]. This phase involves
uncovering the secrets of climate, where data and models
interact in a subtle dance, and valuable insights come from the
use of predictive algorithms.

But the quest doesn't halt there. The echelons of deep
learning beckon, with the ANN model poised to take the
spotlight. The ANN, a complex network of interconnected
nodes, begins its exploration into the depths of data intricacies
[17]. It possesses the remarkable ability to extract temporal
patterns and dependencies concealed within the dataset,
revealing a symphony of understanding that may escape human
observation. The concept of transfer learning enters the fray, a
strategic deployment that employs the knowledge encoded in
pre-trained ANN models on similar agricultural datasets,
thereby enhancing the model's adaptability and comprehension
[17] [21].

B. Performance Evaluation

The models in this study were implemented and assessed
using widely used data science libraries in Python, and each
model's performance was thoroughly evaluated. The dataset for
rice yield prediction was meticulously assembled, including
yield data from 2014 to 2018 as shown below in Fig. 3. To
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provide a broader context, climate data, specifically rainfall
records dating back to 1981, were integrated into the analysis.
These rich datasets offer valuable insights into Malaysia's
recent agricultural trends. The predictive models underwent
rigorous analysis to ensure accuracy and effectiveness,
involving extensive experimentation to fine-tune their
performance.

Table | shows the detailed comparison of the results offered
by the proposed model with existing models on the test dataset.

PURATA HASIL PADI DAN PENGELUARAN BERAS BAGI LUAR JELAPANG PADI MENGIKUT NEGERI, 2014 - 2018

2014 2015 2016 20107 2018°

NEGERI Purata  Pengeluaran| Purata Pengeluaran| Purata Pengeluaran| Pursla  Pengeluaran| Purata  Pengeluaran

Hasil beras Hasil beras Hasil beras Hasil beras Hasil beras

fahsl  foll Mol foll fatal  fmlf fatal  fmlf fherhs] it
Johar 431 8,359 4030 788 4782 706 285 5,566 4821 7843
Kedzh M0 ua T 3488 1858 37 108 5% 12864 483 uEEM
Kelantan 318 26,180 252 847 3 gy 326 27878 3500 30400
Melaka 3M 5 3659 6,503 387 8,950 3487 7808 3906 o2
Megeri Sembilan 4510 £.068 423 5,557 4445 4506 5030 70 4667 5510
Pahang 30 1 3585 1000 2686 1463 2143 1564 2,766 1837
Perak 40 By 43 M 3864 29214 3849 2982 431 288
Perlis 424 05r 4338 AEE! 388 28832 351 26,466 4344 32255
Terengganu 3 B 4113 17802 2889 13,388 2604 1380 133 LEIG
Semenanjung Malayq BEIAE 205427 | BRESHE 2758130 | HHMMME 2513227 | HuMANE 230,828 | nEAARE 201156
Sabah 13 m 3091 7530 277 T2 %y 267 ERN 146 it
Sarawak. 1909 139.247 195 53 1383 47750 1383 145432 229 k52
JUMLAH 2927 513,016" | BMAMNE  496.539) MUK 472,052 | HHMNEE  ERRERL| HiHUE 528,059

Fig.3. Sample data.

TABLE I. COMPARISONS AMONG THE THREE TYPES OF PREDICTION
MODELS FOR RICE YIELD
Correlation MAE | RMSE | MSE | MAPE
Coefficient
Random | o5 20343 | 36522 | 22343 | 8.2%
Forest
Support
Vector 0.767 57248 | 70011 | 666.96 | 18.6%
Machine
Neural 0.791 46489 | 76077 | 572.48 | 13.4%
Network

Correlation Coefficient of Rice Yield Prediction Models

Random Forest

Suppert Vector Machine

Prediction Models

Neural Network

0.0 0.2 0.4 0.6 0.8 1.0
Correlation Coefficient

Fig. 4. Correlation coefficient analysis of various models.

The table highlights the results of the Correlation
Coefficient analysis of the rice yield prediction models, namely
the RF, SVM, and ANN. In Fig. 4 the correlation coefficient
serves as an indicator of the relationship between the predicted
rice yield values and the actual recorded values.

RF stands out with the highest Correlation Coefficient of
0.954. This indicates an exceptionally strong positive linear
relationship between its predictions and the actual yield data,
suggesting that it is adept at capturing the variations in rice
yield over time. The high Correlation Coefficient for RF
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demonstrates its precision in modeling rice yield patterns in
Malaysia.

SVM demonstrates a respectable Correlation Coefficient of
0.767. Although slightly lower than RF, it still signifies a
substantial positive correlation. SVM's performance suggests it
is proficient in capturing yield variations, albeit to a somewhat
lesser degree than RF.

The ANN model boasts a Correlation Coefficient of 0.791,
positioning it as another effective tool for rice yield prediction.
This value indicates a substantial positive correlation and
suggests that Neural Network is a reliable option for
forecasting rice yield trends in Malaysia.

In summary, all three models demonstrate significant
positive correlations with the actual rice yield values. Random
Forest exhibits the highest correlation, followed by Neural
Network and SVM. This signifies their potential to assist in
accurate rice yield prediction, which is crucial for enhancing
food security in Malaysia.

Fig. 5 presents the Mean Absolute Error (MAE) analysis
for the three models used in rice yield prediction: RF, SVM,
and ANN. A lower MAE indicates more accurate predictions.
Notably, the Neural Network model exhibits the lowest MAE,
signifying its superior performance in producing precise rice
yield forecasts. In contrast, the SVM model shows a
moderately higher MAE, while the RF model displays the
highest MAE, suggesting variations from actual yield values.
This MAE analysis helps in model selection to enhance food
security in Malaysia.

Mean Absolute Error (MAE) for Rice Yield Prediction Models

Random Forest

Support Vector Machine

Prediction Models

Neural Network

0 100 200 300 400 500 600
Mean Absolute Error (MAE)

Fig. 5. MAE analysis of various models.

RMSE Analysis of Rice Yield Prediction Models

Random Forest

Support Vector Machine

Prediction Models

Neural Network

o 100 200 300 400 500 600 700
Root Mean Square Error (RMSE)

Fig. 6. RMSE analysis of various models.
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Fig. 6 illustrates the Root Mean Square Error (RMSE)
analysis for the three models employed in rice yield prediction:
RF, SVM, and ANN. A smaller RMSE indicates more precise
predictions. Remarkably, the ANN model exhibits the lowest
RMSE, signifying its superior performance in producing
accurate forecasts of rice yield. In contrast, the SVM model
shows a moderately higher RMSE, while the RF model
displays the highest RMSE, indicating that it deviates more
from the actual yield values. This RMSE analysis serves as a
valuable tool for model selection, a critical step towards
enhancing food security in Malaysia.

MSE Analysis of Rice Yield Prediction Models

Random Forest

Support Vector Machine

Prediction Models

Neural Network

0 100 200 500 600 700

300 400
Mean Squared Error (MSE)

Fig. 7. MSE analysis of various models.

Fig. 7 illustrates a comparison of Mean Squared Error
(MSE) values across the three rice yield prediction models: RF,
SVM, and ANN. The MSE quantifies the average squared
differences between the models' predictions and the actual rice
yield values. A lower MSE indicates more accurate
predictions. Notably, the Neural Network model exhibits the
lowest MSE, demonstrating its superior performance in
generating precise rice yield forecasts. In contrast, the SVM
model displays a moderately higher MSE, while the RF model
records the highest MSE. This analysis aids in model selection
for bolstering food security in Malaysia.

MAPE Analysis of Rice Yield Prediction Models

Random Forest

Support Vector Machine

Prediction Models

Neural Network

00 25 5.0 75 10.0 125 15.0 175
Mean Absolute Percentage Error (MAPE) (%)

Fig. 8. MAPE analysis of various models.

Fig. 8 highlights the results of the comparison of Mean
Absolute Percentage Error (MAPE) values for the three rice
yield prediction models: RF, SVM, and ANN. MAPE
measures the average percentage difference between the
models' predictions and the actual rice yield values. Lower
MAPE values signify more accurate predictions. Here, the
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Neural Network model stands out with the lowest MAPE,
indicating its exceptional precision in forecasting rice yield. In
contrast, the SVM model shows a moderately higher MAPE,
while the Random Forest model records the highest MAPE.
This comparison aids in the selection of the most effective
model for enhancing food security in Malaysia.

V. CONCLUSION AND FUTURE SCOPE

In conclusion, the research presents a hybrid machine
learning-based model for predicting rice yield in Malaysia,
with the overarching goal of enhancing food security and
nutrition in the region. By leveraging the strengths of Random
Forest (RF), Support Vector Machine (SVM), and Atrtificial
Neural Network (ANN), the model not only demonstrates
accurate and robust predictions but also provides actionable
insights for farmers and policymakers.

The integration of machine learning and deep learning
techniques allows for a comprehensive understanding of
complex climate data and its impact on rice production. The
findings highlight the effectiveness of the hybrid model in
accurately predicting rice yields based on environmental
conditions and management practices.

Furthermore, the study identifies key practical implications
and recommended applications emerging from the results. For
farmers, the hybrid model offers a powerful tool to optimize
agricultural practices, improve crop vyields, and enhance
economic outcomes. Policymakers can utilize the insights from
this research to formulate evidence-based policies aimed at
supporting sustainable agriculture and ensuring food security in
Malaysia.

However, to fully realize the potential of the hybrid model,
further research should focus on expanding the dataset,
incorporating real-time data, and considering socio-economic
factors that influence rice production. Continuous
advancements in these areas will enhance the accuracy and
applicability of the model, making it an indispensable tool for
addressing challenges posed by population growth and climate
change.

In summary, the hybrid machine learning-based model
presented in this research holds great promise for contributing
to a sustainable and secure food supply in Malaysia. With
ongoing research and innovation, it has the potential to play a
significant role in mitigating food insecurity and promoting
agricultural sustainability in the region.
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