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ABSTRACT

Floods in 2022 caused significant economic losses in Malaysia, totaling RM 6.1 billion
($1.46 billion). Selangor, a densely populated and industrialized state, was the hardest
hit, with the manufacturing sector suffering RM 900 million in losses. Accurate rainfall
prediction is essential for effective weather forecasting and climate modeling in the
region. This study evaluates the effectiveness of a hybrid Statistical Downscaling-based
Hidden Markov Model-Machine Learning Model (SD-based HMM-ML) for rainfall
prediction. It also explores optimal imputation methods for handling missing data,
selects predictors using dimensionality reduction, and addresses uncertainties in zero-
bounded rainfall data. Local rainfall (predictand) and atmospheric data (predictor) from
33 stations in Selangor (2008-2018) were analyzed. Seven imputation methods were
tested: Mean, Median, Expectation-Maximization (EM), Markov Chain Monte Carlo
(MCMC), k-Nearest Neighbor (KNN), Non-iterative Partial Least Square (NIPALS),
and Random Forest (RF). Principal Component Analysis (PCA) reduced high-
dimensional data, selecting five principal components with a high cumulative variance.
HMM addressed zero-bounded rainfall uncertainties, identifying three hidden states
with the lowest Bayesian Information Criterion (BIC). Five hybrid models - HMM-RF,
HMM-SVM, HMM-DT, HMM-KNN, and HMM-ANN — were evaluated using RMSE,
MAE, MFE, and NSE. Median Imputation had the lowest values of RMSE and MAE,
and highest value of NSE across all stations. HMM-RF outperformed other models,
demonstrating superior accuracy. By leveraging machine learning, this novel hybrid
model enhances rainfall prediction accuracy, improving early warning systems,
infrastructure planning, and flood mitigation efforts. The study contributes to building
a more resilient urban environment, mitigating economic losses from future floods in
Selangor.
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MENGINTEGRASIKAN MODEL HIBRID BERASASKAN PENGKECILAN
SKALA STATISTIK HMM-RF UNTUK PENINGKATAN RAMALAN HUJAN
DI SELANGOR

ABSTRAK

Banjir pada tahun 2022 telah menyebabkan kerugian ekonomi yang besar di Malaysia,
berjumlah RM 6.1 bilion ($1.46 bilion). Selangor, sebuah negeri yang padat dengan
penduduk serta perindustrian yang pesat, merupakan kawasan yang paling teruk
terjejas, dengan sektor pembuatan mengalami kerugian sebanyak RM 900 juta.
Ramalan hujan yang tepat adalah penting untuk peramalan cuaca yang berkesan serta
pemodelan iklim di rantau ini. Kajian ini menilai keberkesanan model hibrid berasaskan
Penskalaan Bawah Statistik dan Model Markov Tersembunyi-Pembelajaran Mesin
(SD-based HMM-ML) bagi ramalan hujan. la juga meneroka kaedah pengisian yang
optimum bagi mengendalikan data yang hilang, memilih peramal menggunakan
pengurangan dimensi, dan menangani ketidakpastian dalam data hujan yang terikat
sifar. Data hujan tempatan (prediktan) dan data atmosfera (prediktor) dari 33 stesen di
Selangor (2008-2018) dianalisis. Tujuh kaedah pengisian diuji: Min, Median,
Jangkaan-Maksimum (EM), Rantaian Markov Monte Carlo (MCMC), k-Tetangga
Terdekat (kNN), Kuadrat Terkecil Separa Tidak Berulang (NIPALS), dan Hutan Rawak
(RF). Analisis Komponen Utama (PCA) digunakan untuk mengurangkan dimensi data
yang tinggi, memilih lima komponen utama dengan jumlah varians terkumpul adalah
yang tertinggi. HMM menangani ketidakpastian dalam data hujan terhad sifar,
mengenal pasti tiga keadaan tersembunyi dengan nilai Kriteria Maklumat Bayesian
(BIC) terendah. Lima model hibrid —- HMM-RF, HMM-SVM, HMM-DT, HMM-KNN,
dan HMM-ANN - dinilai menggunakan RMSE, MAE, MFE, dan NSE. Pengisian
Median mempunyai nilai RMSE dan MAE yang paling rendah serta nilai NSE yang
paling tinggi di semua stesen. HMM-RF mengatasi model lain, menunjukkan ketepatan
yang lebih tinggi. Dengan memanfaatkan pembelajaran mesin, model hibrid baharu ini
meningkatkan ketepatan ramalan hujan, memperbaiki sistem amaran awal,
perancangan infrastruktur, dan usaha mitigasi banjir. Kajian ini menyumbang kepada
pembinaan persekitaran bandar yang lebih berdaya tahan, mengurangkan kerugian
ekonomi akibat banjir pada masa hadapan di Selangor.
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CHAPTER 1

INTRODUCTION

1.1 Overview

This chapter begins by laying a comprehensive foundation for the study, starting with
an exploration of the background and context that underscores the importance of the
research, followed by an overview of the specific study area and its relevance. We will
then delve into the problem statement, clearly defining the key challenges this study
seeks to address, which naturally leads into a discussion of the research objectives that
guide the investigation. The chapter also highlights the contributions of the study,
detailing how it advances existing knowledge and offers new insights, along with its
broader significance and potential impact on both the field and practical applications.
Additionally, the methodological framework of the study is outlined, providing a
structured approach to achieving the research goals. Finally, we acknowledge the
limitations of the study, discussing the constraints and challenges that may influence
the findings, thereby offering a balanced perspective on the scope and potential
outcomes of the research. This comprehensive introduction sets the stage for the

detailed analysis and discussions that will follow in subsequent chapters.



1.2 Background of Study

Rainfall is one of the most impactful meteorological factors influencing various aspects
of human daily lives (Barrera-Animas et al., 2022). This is because it has been crucial
in the development and sustenance of human civilizations (Kanani et al., 2023). All
water consumers will be impacted by altered patterns of rainfall and can trigger a range

of natural disasters such as floods and that are sure to harm human (Usman et al., 2023).

Extreme weather events like floods and tsunamis will occur due to climate
change's effects on the hydrological cycle. Sulaiman et al. (2022) stated that the most
devastating climate change impact experienced in Malaysia is flooding. The main cause
of flooding is heavy rainfall for days nonstop. The effect of floods on people is it can
disrupt daily activities, and this effect can last for weeks. Thus, an accurate rainfall
prediction model is essential to reduce the risk of human life (Prottasha et al., 2023),
and enhance disaster preparedness by providing early warnings for extreme weather
events. Due to the increasing variability and unpredictability of weather patterns caused
by climate change, the demand for accurate and reliable rainfall predictions has grown,

driving advancements in predictive modeling techniques (Sani et al., 2020).

One of the critical challenges in rainfall prediction is dealing with missing data
(Chiu et al., 2021). Missing values in a dataset can greatly increase computational costs
and distort the results (Khan & Hoque, 2020). According to Addi et al. (2021), missing
daily rainfall data can lead to substantial errors and biases in analysis, resulting in

heightened uncertainty in water resources assessments. Therefore, employing an



imputation method is crucial for addressing the issue of missing rainfall data. Without
proper imputation techniques, the integrity of the dataset is compromised, which can
lead to inaccurate analyses and unreliable predictions. Imputation methods help fill in
the gaps in the data, allowing for more robust and consistent results in rainfall prediction
models (Aieb et al., 2019). These methods are vital for maintaining the quality and
completeness of the dataset, thereby ensuring that subsequent analyses and forecasts

are based on accurate and comprehensive information.

Rainfall prediction models must process big amounts of atmospheric data,
including temperature, humidity, wind speed, and precipitation, which are often high-
dimensional. High-dimensional data can cause the difficulty of knowledge discovery
and pattern classification due to the presence of numerous redundant and irrelevant
features (Zebari et al., 2020). Dimensionality reduction is a method that can reduce the
high-dimensional data to low-dimensional data (Hasan & Abdulazeez, 2021). Over the
past few decades, a variety of dimensionality reduction methods have been employed
to filter data samples within the dataset being considered (Reddy et al., 2020). Principal
Component Analysis (PCA) is a method that is widely employed as a dimensionality
reduction approach because it is relatively cost-efficient in terms of computation and
capable in handling big data (Abdulhammed et al., 2019). Hence, applying a
dimensional reduction approach can help in reducing computational complexity

without losing critical predictive features.

Rainfall is crucial for fitting models based on probability distribution functions,
which estimate variability, but in many practical situations, especially in low rainfall

regions, large datasets often contain numerous zero rainfall values (Gramosa et al.,



2019; Zamani & Bazrafshan, 2020). Perumean-Chaney et al. (2012) concluded that
ignoring zeros in the data led to poor estimation and the omission of statistically
significant findings. Therefore, a specialized model that accounts for zero-bounded data
is essential for generating realistic predictions, thereby helping to manage and reduce
parameter uncertainties. The Bayesian method can accurately capture parameter
uncertainties, making them particularly valuable in complex modeling scenarios such
as rainfall prediction (Cao et al., 2023). This enables more robust decision-making by
taking into account the range of potential outcomes and their associated probabilities

(Bharadiya, 2023).

Non-linearity in rainfall data poses significant challenges for statistical models,
which often assume linear relationships between variables (Zhang et al., 2023). This
limitation is particularly evident in statistical downscaling models used for climate
projections, where the complex, non-linear interactions between large-scale
atmospheric variables and local rainfall patterns need to be accurately captured.
Statistical downscaling methods have been applied to overcome the scaling gap
between coarser-resolution General Circulation Models (GCM) outputs and regional-
scale climatic variables (Magsood et al., 2023). Machine learning-based statistical
downscaling has the ability to overcome complex and non-linear relationships in the
data, leading to more accurate downscaling results (Putri et al., 2021). By integrating
hybrid Bayesian approaches with machine learning techniques, these models can better
handle non-linear relationships. Bayesian methods provide a robust framework for
incorporating prior knowledge and quantifying uncertainty, while machine learning
techniques excel at modeling complex, non-linear interactions. Together, they enhance

the predictive power and accuracy of statistical downscaling models, making them



more adept at forecasting rainfall under the influence of non-linear dynamics. This
integrated approach addresses the inadequacies of the models, offering a more

sophisticated solution for rainfall prediction in the face of climate variability.

Despite significant advancements, there remains a gap in integrating Bayesian
methods with machine learning models for rainfall prediction. Current research has
primarily focused on either improving Bayesian techniques or enhancing machine
learning algorithms independently. Few studies have explored the synergy of
combining these approaches to address the multifaceted challenges of rainfall
prediction. This study aims to fill this gap by developing a new framework that
integrates hybrid Bayesian and machine learning models based statistical downscaling

to enhance the accuracy and reliability of rainfall predictions.

The development of an integrated framework combining Bayesian and machine
learning models with statistical downscaling represents a significant advancement in
rainfall prediction. This approach has the potential to address the critical challenges of
missing data, high-dimensional inputs, zero-bounded constraints, and non-linear
relationships in a unified manner. Improved rainfall predictions can lead to better-
informed decision-making in agriculture, water management, and disaster
preparedness, ultimately contributing to societal resilience in the face of climate

variability and change.



1.3 Study Area

The study focuses on Peninsular Malaysia’s Selangor state, located on the south coast
of Peninsular Malaysia. Selangor's economy is outpacing that of Malaysia's other 13
states, making it one of the most sought-after places to live due to its strong economy,
employment prospects, good facilities, and superb infrastructure (Husin et. al., 2020).
However, floods have been occurring in Selangor, particularly in the metropolitan area,
resulting in financial losses and property destruction (Muhammad & Shaidin, 2022).
The selection of this state is because of the extreme floods (Muhammad & Shaidin,
2022) and continuous rain (Zahari, Zainol & Ismail, 2022) that occurred rapidly and
simultaneously at numerous places in Selangor. Based on Figure 1.1, the ground-based
rainfall observation stations (green dots) serve as predictands, while the atmospheric
stations (blue dots) act as predictors. The predictand is the variable or outcome being
predicted, whereas the predictors are the variables used for making that prediction. It is
important to note that for data synchronization, the positions of the atmospheric and

ground stations must align.



Figure 1.1

The location of rainfall and atmospheric stations in Selangor state

From Department of Irrigation and Drainage (DID)

Daily rainfall data (predictand) and atmospheric data (predictors) are the data
used in this research. Daily rainfall data series were obtained from 2008 to 2018 from
the Department of Irrigation and Drainage (DID) involving 33 stations in Selangor.
These stations from each region were chosen based on the data's completeness and the
duration of the records. The specifics of rainfall stations in Selangor are outlined in
Table 1.1. Meanwhile, large-scale atmospheric data was obtained from the National
Centers of Environment Prediction (NCEP) — Climate Forecast System Reanalysis

(CFSR).



Table 1.1

Rainfall stations in Selangor with geographical coordinates

Code of
Rainfall Station Name of Rainfall Station Longitude (°) Latitude (°)

22-334 P/A Sg. Pelek, Sepang 0237 58.9 0237 58.9
23-333 P/A Pekan Banting 02 48 38 02 48 38
23-334 Rtb Bukit Changgang 02 48 41 02 48 41
24-332 P/Kwln P/S Telok Gong 02 5550 02 5550
24-333 Ldg. Bkt. Cheeding 02 54 40 02 54 40
24-334 Puncak Niaga 02 54 40 02 54 40
24-335 Klm Takungan S. Merab 02 56 43 02 56 43
25-332 Sg. Udang 03 03 37 013577
25-333 Kg. Jawa 0301 18 0301 18
25-335 Sg. Balak H. Langat 03 00 59 03 00 59
25-336 Pejabat Jps. Klang 030220 030220
26-332 Ldg. Harpenden 03 08 05 03 08 05
26-333 Rumah Pam R. Panjang 0307 51 01 86 94
27-331 Ldg. Kuala Selangor 03 18 28 03 18 28
27-332 Ldg. Braunston 03 14 58.5 03 14 58.5
27-333 Taman Desa Kundang 03 18 30 011035
27-334 Taman Templer 0317 49 0179 74
28-330 Stor Jps. Tg. Karang 032525 032525
28-332 Pengorekan Bijih Berju 032520 032520
28-333 Kg. Sungai Buaya 03 2556 03 2556
28-334 Taman Desa Kelisa 032520 0439 15
29-331 Sg. Burung 03 41 46.6 03 41 46.6
29-332 Ldg. Hopeful 0326 59 02 16 35
29-335 Kampung Pertak 03 34 54 03 34 54
30-329 S.R.K Parit 4 Sg. Haji Dorani 03 3945 03 3945

30-330 Kg. Belia Sg. Panjang 03 42 37 03 42 37




Code of
Rainfall Station Name of Rainfall Station Longitude (°) Latitude (°)

30-331 Ldg. Pkps Sg. Panjang 033919 033919
30-332 Felda Soeharto 03 40 81 03 40 81
30-333 Kom. P'hulu Ulu Bernam 03 40 46 03 40 46
30-334 Loji Air Kuala Kubu Bahru 033433 033433
30-335 Bukit Fraser 0342 43 034243
31-328 Bagan Nakhoda Omar 03 46 30 03 46 30
31-329 Pekan Sabak Bernam 03 46 30 03 46 30

Table 1.2 shows a list of the predictors, and due to the diverse units of variables,
a standardization task was undertaken. Data standardization is a process of converting
data from various sources or units into a consistent format that complies with the
standard (Egnyte, 2023). The predictor data employed in this study gathered a total of
132,594 days (from 2008 to 2018) with 2.13% of missing values. According to Mirzaie
et al. (2021), employing the multiple imputation method might not yield significant
advantages if the amount of missing data is less than 5%. However, the primary
emphasis in this study was on the northeast monsoon season, known for its frequent
floods in the Selangor region. To explore factors contributing to these flood
occurrences, a thorough filtering process was implemented on the dataset, focusing on
specific months within the northeast monsoon season, namely November to March. As
a result, the dataset was meticulously curated, comprising a total of 1,664 observations

across 33 stations in Selangor.
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Table 1.2
List of the predictors
Variables Unit
Precipitation mm
Minimum Temperature °C
Maximum Temperature °C
Relative Humidity %
Solar Radiation W/m?
Wind knot

1.3.1 Descriptive Statistics of Rainfall Data

Descriptive statistics are the first step in data analysis, providing the groundwork for
further statistical analysis. It helps in making complex data understandable and
accessible, allowing for better interpretation and communication of data insights.
Descriptive statistics for the rainfall data, including mean, standard deviation,
skewness, and coefficient of variation, as presented in Table 1.3, are calculated to offer

a concise summary of the rainfall data for the study area.



Table 1.3

Summary statistics of daily rainfall data amount for each station

11

Code of

Name of Rainfall Values
Rainfall )
Station Station Mean SD Min Max Skew Cv
22-334 P/A Sg. Pelek,
498 12.61 0 130 4.22 2.53
Sepang
23-333  P/A Pekan Banting  5.29  12.66 0 178 4.84 2.39
23-334 Rtb Bukit
573 14.11 0 420.5 8.82 2.46
Changgang
24-332 P/KwlIn P/S Telok
540 12.57 0 141 3.96 2.33
Gong
24-333 Ladang Bukit
562 1221 0 166 3.63 2.17
Cheeding
24-334 Puncak Niaga 6.21  13.68 0 121.5  3.53 2.20
24-335 KIm Takungan S.
7.99  36.60 0 1873  36.36 4.58
Merab
25-332 Sg. Udang 581 1294 0 179.5 3.88 2.23
25-333 Kg. Jawa 6.57 13.27 0 113 3.09 2.02
25-335 Sg. Balak H.
7.27 14.83 0 146.5 3.23 2.04
Langat
25-336  Pejabat Jps. Klang  6.13  13.46 0 141.5  3.56 2.20
26-332 Ldg. Harpenden 558 13.16 0 141.5 4.20 2.36
26-333 Rumah Pam R.
6.14  13.88 0 166 3.79 2.26
Panjang
27-331 Ladang Kuala
481 11.95 0 127 4.22 2.49
Selangor
27-332  Ladang Braunston ~ 4.80  12.18 0 150 4.68 2.54
27-333 Taman Desa
6.98 13.76 0 122 2.96 1.97

Kundang
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Code of Values
Name of Rainfall
Rainfall
Station Mean SD Min Max Skew Cv
Station
27-334 Taman Templer 873 16.95 0 140.5 2.92 1.94
28-330 Stor Jps. Tanjung
448 11.20 0 138 4.17 2.50
Karang
28-332 Pengorekan Bijih
472 1131 0 148 4.22 2.40
Berju
28-333 Kampung Sungai
7.54 14.96 0 167 3.14 1.98
Buaya
28-334  Taman Desa Kelisa 833 1595 0 136.5 2.89 1.91
29-331 Sungai Burung 496 12.44 0 163 4.80 2.51
29-332 Ladang Hopeful 6.89 15.19 0 287.5 4.62 2.21
29-335 Kampung Pertak 7.11 14.53 0 154 3.54 2.04
30-329 S.R.K Parit 4 Sg.
424 14.01 0 357.5 10.67 3.30
Haji Dorani
30-330 Kg. Belia Sg.
517 12.03 0 130 3.96 2.33
Panjang
30-331 Ldg. Pkps Sg.
6.57 13.64 0 111.5  3.23 2.07
Panjang
30-332 Felda Soeharto 7.52  15.16 0 150.5 3.33 2.02
30-333 Kom. P'hulu Ulu
7.51 14091 0 214.1  3.73 1.98
Bernam
30-334 Loji Air Kuala
7.28 1548 0 1935 3.77 2.13
Kubu Bahru
30-335 Bukit Fraser 6.61 12.26 0 120 3.11 1.86
31-328 Bagan Nakhoda
4.64 11.82 0 1155  3.97 2.55
Omar
31-329 Pekan Sabak
472  14.88 0 426 10.44 3.15

Bernam
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The table provides a detailed summary of rainfall statistics across different
stations, focusing on the mean, standard deviation (SD), minimum and maximum
values, skewness, and coefficient of variation (CV). The mean rainfall ranges from 4.80
mm (Ladang Braunston) to 7.99 mm (Kolam Takungan Sungai Merab), where higher
means suggest more consistent rainfall, but they could also indicate a higher risk of
flooding. Stations with lower mean rainfall might experience more dry periods, while

those with higher means could be prone to more frequent and intense rainfall events.

The SD varies from 11.20 (Stor Jps. Tanjung Karang) to 36.60 (Kolam
Takungan Sungai Merab), reflecting the variability in rainfall at different stations. A
lower SD, such as 11.20, indicates that the rainfall amounts are more consistent and
closer to the mean, signifying relatively stable weather patterns. In contrast, a higher
SD, like 36.60, suggests greater variability, meaning the station experiences a broader
range of rainfall amounts, including both very dry and very wet periods. This higher
variability can complicate predictions and water management efforts, as it indicates a

higher likelihood of extreme rainfall fluctuations.

The minimum values across all stations are uniformly 0 mm, indicating that
there are instances where no rainfall occurs at all. This is a common occurrence, but it
could become problematic if these dry spells happen frequently during critical periods,
such as the growing season for crops or when water resources are already stressed.
Prolonged periods of no rainfall can lead to drought conditions, affecting agriculture,

water supply, and overall ecosystem health.
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On the other hand, the maximum values range from 111.5 mm (Ladang Pkps
Sungai Panjang) to 1873 mm (Kolam Takungan Sungai Merab), reflecting the highest
recorded rainfall at each station. Stations with higher maximum values, like 1873 mm,
are more prone to experiencing extreme rainfall events. Such peaks can lead to severe
weather conditions, including flash floods, landslides, and significant infrastructure
damage. The wide range in maximum values across stations suggests variability in the
intensity of rainfall events, where some areas may be more susceptible to extreme
weather and flooding than others. This variability underscores the need for localized
flood management strategies and preparedness plans to mitigate the potential impacts

of these severe weather events.

Skewness values, ranging from 2.89 (Taman Desa Kelisa) to 36.36 (Kolam
Takungan Sungai Merab), indicate a positive skew across all stations, meaning that the
distribution of rainfall data is asymmetrical, with a longer tail on the right side. In other
words, there are more instances of lower rainfall amounts, but the presence of a few

extreme high-rainfall events skews the average upward.

Higher skewness is less desirable because it signals an increased likelihood of
extreme rainfall events. For example, a station with a skewness of 36.36 is likely to
experience infrequent but very intense rainfall, which could lead to sudden and severe
weather conditions like flash floods. This positive skew can be particularly challenging
for water resource management and disaster preparedness, as it implies that while most
rainfall events are moderate, the station is at risk for occasional but extreme rainfall that
can have significant impacts. High skewness suggests a need for careful planning to

manage the risks associated with these potentially catastrophic weather events.



15

The coefficient of variation (CV), which represents the relative variability of
rainfall, is a crucial metric for understanding the consistency of rainfall patterns at
different stations. The CV is calculated as the ratio of the standard deviation to the
mean, expressed as a percentage. Lower CV values are generally more favorable
because they indicate that the rainfall at a particular station is more consistent and

stable, with less fluctuation around the mean.

In this case, the CV ranges from 1.86 to 4.58 across the stations, with Bukit
Fraser showing the lowest variability (CV of 1.86). This suggests that Bukit Fraser
experiences relatively stable and predictable rainfall, which is beneficial for activities
such as agriculture, water resource management, and infrastructure planning, as the risk

of sudden, extreme weather conditions is lower.

On the other hand, Kolam Takungan Sungai Merab has the highest CV (4.58),
indicating greater variability in rainfall. A higher CV means that rainfall amounts are
less predictable and more erratic, with larger deviations from the average. This could
lead to challenges in managing water resources, as the station may experience both
periods of heavy rainfall and drought. The higher variability at Kolam Takungan Sungai
Merab could also increase the likelihood of extreme weather events, making it crucial
for local authorities to implement robust flood management and disaster preparedness

strategies.
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14 Problem Statement

Selangor’s robust economy, employment prospects, quality facilities, and excellent
infrastructure make it a highly sought-after place to live (Husin et al., 2020). However,
the region has been plagued by flash floods, particularly in metropolitan areas, causing
financial losses and property damage (Muhammad & Shaidin, 2022). Flooding occurs
when intense rainfall overwhelms the drainage capacity (Fitria & Amalia, 2018),
leading to significant disruptions. For example, persistent heavy rainfall has
necessitated the evacuation of residents due to flooding across Selangor (New Straits
Times, 2018), and flash floods in 2017 caused transportation disturbances and road
closures despite no casualties or evacuations (Crisis24, 2017). These events highlight
the need for accurate rainfall projections to aid hydrologists and climatologists in

preparing for future occurrences.

Accurate flood prediction models are crucial for reducing the effects of floods
and improving community resilience (Nakhaei et al., 2023). Currently, Malaysia's
WRF-MMD (Weather Research Forecast — Malaysian Meteorological Department)
model struggles with inconsistencies, deterministic outputs, and limited forecasting
lead times (Zaidi et al., 2022; Rosmadi et al., 2023). There is an urgent need for
sophisticated predictive models that incorporate various data sources to more precisely
identify areas at risk of flooding. Developing these advanced models requires
overcoming several challenges, including addressing missing data, managing high-
dimensional datasets, handling zero-bound data, and accounting for the inherent non-
linearity of climate data. Successfully tackling these issues is essential for improving

the model's accuracy and ensuring effective flood risk assessment.
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Rainfall data, crucial for accurate climate and weather forecasting, is often
plagued by gaps due to various reasons such as equipment failure, human error, or
environmental factors (Shaharudin et al., 2020). These missing values pose a significant
challenge in developing reliable rainfall projection models, as they can lead to biased
predictions or incorrect trend identification. Handling these missing values while
preserving the temporal and spatial characteristics of the data is essential (Ginkel et al.,
2020). This issue necessitates the development of more sophisticated methods that can

effectively handle missing data without compromising the accuracy of the model.

Another challenge is managing the high-dimensional nature of rainfall data,
which includes numerous predictor variables like temperature, pressure, humidity, wind
speed, and geographical parameters (Abdulhammed et al., 2019). The inclusion of such
a large number of variables can lead to complications in data visualization, analysis,
and model development (Mazher, 2020). High-dimensional data not only makes it
difficult to discern meaningful patterns but also introduces the risk of overfitting, where
the model becomes excessively complex and performs well on training data but poorly
on unseen data (Bacro et al., 2020; Azeem et al., 2023). Thus, to effectively address this
issue, a specialized method is required that can distill this high-dimensional data into a

more manageable form without losing critical information.

Rainfall datasets also often contain a significant number of zero values,
making them zero-bounded (Khooripan et al., 2023). This characteristic makes it
challenging to apply standard regression techniques, which assume normally

distributed data. Failure to address zero-inflated data can result in poor fitting for both
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zero and non-zero counts (Perumean-Chaney et al., 2013; Feng, 2021). Addressing this
issue requires the development of specialized regression techniques that can

accommodate zero-bounded data and improve the robustness of rainfall projections.

Moreover, the non-linear relationships between predictor factors and rainfall
patterns add another layer of complexity, as these relationships are influenced by
intricate atmospheric and geographic factors (Kumar et al., 2021). Statistical
downscaling-based machine learning models offer a solution by allowing for the
modeling of non-linear relationships, but they too come with challenges such as the risk
of overfitting and the need for large datasets. Therefore, there is a pressing need for a
hybrid-regression framework that combines the strengths of both statistical
downscaling-based machine learning models and Bayesian method to effectively model

non-linear rainfall data.

Thus, to address these issues, a prediction modeling a hybrid of Statistical
Downscaling-based Bayesian Approach and Machine Learning model. This novel
model seeks to substantially enhance rainfall prediction by harnessing the data-driven
strengths of machine learning. By providing a probabilistic framework, this model
captures a wide range of variability, ultimately improving the accuracy of rainfall

projections.

1.5  Research Objectives

The objectives of this research are:



ii.

1il.

1v.
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To identify the most suitable imputation methods in handling of
missing values in the rainfall dataset.

To reduce high-dimensional rainfall data by applying dimensional
reduction approach.

To capture uncertainties associated with zero-bounded rainfall data by
implementing a Bayesian method.

To investigate and evaluate the effectiveness of hybrid Statistical
Downscaling-based Bayesian Approach and Machine Learning model
in capturing and modeling non-linear relationships between large-scale

atmospheric predictor variables and local rainfall patterns.

1.6 Contribution of Study

The contributions of this study are:

1.

11

1il.

1v.

This study will contribute by determining the most effective techniques
for handling missing values in rainfall datasets, ensuring more
complete and accurate data for analysis.

By applying dimensional reduction approaches, the research will
provide methods to simplify complex rainfall datasets, making them
more manageable and interpretable.

The study will offer insights into capturing uncertainties associated
with zero-bounded rainfall data through Bayesian methods, improving
the reliability of predictions.

This research will evaluate the performance of hybrid Statistical

Downscaling-based Bayesian Approach and Machine Learning



1.7

20

models, contributing to the understanding of non-linear relationships
between predictor variables and rainfall patterns, ultimately leading to

more precise rainfall predictions.

Significance of Study

The significances of this research are:

1.

11

1il.

1v.

Improved Data Handling: By identifying the most suitable imputation
methods for handling missing values in rainfall datasets, the study
ensures data completeness and quality, which are critical for accurate
rainfall predictions.

Enhanced Model Efficiency: The application of dimensional reduction
techniques addresses the challenge of high-dimensional rainfall data,
making the predictive models more efficient and easier to interpret.
Increased Prediction Reliability: Implementing a Bayesian method to
capture uncertainties associated with zero-bounded rainfall data leads
to more robust and reliable rainfall predictions under varying
conditions.

There Advancement in Predictive Capabilities: By investigating and
comparing hybrid Statistical Downscaling-based Bayesian Approach
and Machine Learning, the study enhances the ability to model
complex, non-linear relationships between atmospheric predictors and

rainfall patterns, leading to more precise and accurate rainfall forecasts.
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V. Contribution to Flood Management and Climate Adaptation: The
findings of this study are expected to improve flood prediction
accuracy, which is essential for effective flood management, disaster

risk reduction, and adaptation to climate variability.

1.8  Framework of Study

The study’s framework outlines the systematic process undertaken to achieve the
research objectives, providing a clear roadmap from data handling to model evaluation.
The first step in this process addresses the issue of missing values in rainfall data, where
various imputation methods are applied to fill in the gaps. Each imputation method is
then rigorously evaluated using performance metrics to identify the most effective
approach for dealing with daily rainfall data. Following this, the study tackles the
challenge of high-dimensional data by implementing dimensional reduction techniques,
which condense the data into a more manageable, low-dimensional form while
retaining essential information. To handle the uncertainties inherent in zero-bounded
rainfall data, a Bayesian approach is employed, effectively mitigating the zero-bound
issue. This is followed by the development of a hybrid model that combines the
Bayesian approach with machine learning-based statistical downscaling techniques,
designed to capture the complex, non-linear relationships within the data. Finally, the
study employs a set of performance metrics to evaluate and compare the effectiveness
of the proposed models, ensuring that the best model is identified based on its ability to

accurately predict daily rainfall and handle the unique challenges of the data. This
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structured approach ensures that each objective is systematically addressed, leading to

robust and reliable results. The structure of the study framework is shown in Figure 1.2.

Figure 1.2

Framework of study

1.9 Limitation of Study

The lack of access to the most recent atmospheric data from ground stations in Selangor
has led to a situation where the data from these stations have not been updated. This
limitation is significant because it affects the comprehensiveness of the atmospheric
variables available for analysis. The challenge is further compounded by the constraints
of the server used for processing this high-dimensional data, particularly in the case of

rainfall datasets. High-dimensional data, which involves numerous variables and
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extensive records, often presents difficulties in terms of both the sheer volume of data
and the lengthy processing times required. These issues are common in the analysis of
such data and highlight the need for a more powerful and faster server to handle the
computational demands effectively. Additionally, machine learning techniques, which
are integral to this study, rely on sophisticated multi-algorithmic approaches that
demand considerable storage capacity and substantial iteration time, especially when
working with large datasets. The iterative nature of these algorithms, combined with
the extensive data involved in time series analysis, underscores the necessity for
substantial computational resources. In summary, conducting an accurate and reliable
analysis of machine learning models applied to time series data, such as in this study,
requires significant computing power to manage the complexities and demands of the

data processing involved.

1.10 Summary

In conclusion, Chapter 1 provided a comprehensive introduction to the foundational
aspects of this study. It began by outlining the background, setting the context for the
research, and presenting the problem statements that highlight the key challenges and
issues this study seeks to address. The chapter also offered a brief yet informative
overview of the study area, focusing on the state of Selangor, which serves as the
geographical focus of the research. In addition, it detailed the specific dataset employed
in the study, providing clarity on the type of data analyzed and its relevance to the
research objectives. Furthermore, the chapter outlined the research objectives, clearly

articulating the goals the study aims to achieve. This was followed by a discussion on
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the contributions of the study, emphasizing how this research adds to existing
knowledge and its potential implications. The significance of the study was also
highlighted, underscoring its importance in the broader context of the field. The chapter
then presented the framework of the study, offering a structured overview of the
methodology and approach taken to address the research objectives. Lastly, it
acknowledged the limitations of the study, providing a balanced perspective on the
challenges that may influence the outcomes of the research. Collectively, this chapter
sets the stage for the subsequent chapters, establishing a solid foundation for

understanding the study's purpose, scope, and significance.



CHAPTER 2

LITERATURE REVIEW

2.1 Overview

This chapter will delve into an extensive literature review centered on the application
of hybrid machine learning-based statistical downscaling models specifically for
rainfall prediction. The discussion will thoroughly examine existing research and
methodologies in this area, highlighting the evolution and effectiveness of these
advanced techniques in predicting rainfall patterns. In addition to exploring hybrid
machine learning models, the chapter will also address critical topics related to data
challenges that are frequently encountered in such studies. This includes a
comprehensive review of literature on handling missing values, where various
imputation strategies are discussed in terms of their applicability and effectiveness in
ensuring data integrity. The chapter will also explore the complexities associated with
high-dimensional data, focusing on techniques used to manage and reduce
dimensionality while preserving essential information for accurate model predictions.
Further, it will cover literature on zero-inflated data, a common issue in rainfall
datasets, where methods to address the disproportionate number of zero values in the

data will be discussed. The chapter will also examine non-linearity in data, reviewing
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approaches to capture and model non-linear relationships that are crucial for accurate
rainfall projection. Lastly, the discussion will include an evaluation of model
performance metrics, considering the various metrics used in the literature to assess and
compare the effectiveness of different models in predicting rainfall. Through this
comprehensive literature review, the chapter aims to provide a solid theoretical
foundation for the study, situating it within the broader context of existing research and

highlighting the key challenges and solutions relevant to the field.

2.2 Introduction to Statistical Downscaling-based Machine Learning Model

Downscaling methods have been applied to overcome the scaling gap between coarser-
resolution GCM’s outputs and regional-scale climatic variables (Wilby et al., 2002; Shi
et al., 2020; Magsood et al., 2023). Traditional statistical downscaling methods rely on
large-scale observational data, often reanalysis datasets, as well as local-scale
observations (Vandal, Kodra & Ganguly, 2018). Meanwhile, machine learning is the
ability of systems to learn from training data that is relevant to a given problem in order
to automate the creation of analytical models and complete related activities (Janiesch,
Zschech & Heinrich, 2021). Machine learning is also often viewed as a universal
toolbox, ready to be utilised for regression tasks, calculating the relationship among
provided data samples, and classification tasks, determining a suitable category for a
new collection of observations (Rafique & Velasco, 2018). Machine learning models
can identify intricate patterns and dependencies within the data (YYang et al., 2019). This
capability allows them to capture the fine-scale spatial and temporal variations in

climate variables, including rainfall (Pour et al., 2018).
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Mao (2021) stated that machine learning models require a large volume of input
data; therefore, data preprocessing, distribution, and spin up procedures are limited by
the challenging data collection, where GCM outputs and observed local-scale climate
data are collected and cleaned. Relevant predictors are selected from the GCM outputs,
and the machine learning algorithms are characterized by a unique ability to learn
system behaviour from historical data (Rafique & Velasco, 2018) and learning the
relationship between the predictors and the observed local-scale climate variables such

as rainfall (Barrera-Animas et al., 2022).

Statistical downscaling-based machine learning offers several advantages over
traditional downscaling methods. Machine learning algorithms have the ability to
overcome complex and non-linear relationships in the data, leading to more accurate
downscaling results (Putri et al., 2021). They can handle high-dimensional data and
allowing machine learning to offer more flexible alternatives for analysing high-
dimensional, right-censored and heterogeneous data (Spooner et al., 2020). In addition,
machine learning can also handle complex spatial and temporal proximities to further
improve the estimation performance of spatiotemporal non-stationarity (Wu et al.,
2021). In the meantime, some machine learning algorithms have high budget accuracy,
and the prediction results are relatively robust to unbalanced and missing data (Fan et
al., 2022). The main concept of statistical downscaling is to make a relationship
between predictors and predictand by means of statistical method such as linear
regression models, nonlinear regression models and weather generators (Nourani,
Baghanam & Gokcekus, 2018). Moreover, bias correction is used to fine-tune
downscaling findings based on SDSM so that the model can produce outputs that are

more in line with the observed data (Fan, Jiang & Gou, 2021). Thus, statistical
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downscaling-based machine learning is efficient, which directly incorporates the
relationship between observation and GCM’s output and has been actively developed
by the scientific community to produce climate projections at the local scale necessary
for impact studies (Wood et al., 2002, 2004; Gudmundsson et al., 2012; Hundecha et

al., 2015; Sunyer et al., 2015; Su et al., 2016; Liu et al., 2017; Ali et al., 2019).

Al-Mukhtar and Qasim (2019) utilized dynamical or statistical downscaling
methods to forecast future precipitation and temperature in Iraq. They predicted the
future maximum and minimum temperatures, as well as precipitation levels, for 12
stations across Iraq, focusing on three time periods: the 2020s, 2050s, and 2080s. The
projections were based on the Canadian GCM model (CanESM2) under different
scenarios (RCP2.5, RCP4.5, and RCPS8.5), using the statistical downscaling model
(SDSM). The model was initially calibrated and validated with daily data, using 70%
of the data for calibration and the remaining 30% for validation. Once calibrated, the
model was applied to downscale future CanESM2 scenario predictors. The study
demonstrated that SDSM performed satisfactorily in simulating future maximum and
minimum temperatures and precipitation. All stations and scenarios consistently
indicated an increasing trend in maximum and minimum temperatures and a decreasing

trend in precipitation, with the RCP8.5 scenario showing the most severe trends.

Xu et al. (2021) introduced a multi-factor geographically weighted machine
learning (MFGWML) algorithm to tackle the challenges of non-linearity and non-
stationarity in the relationship between land surface temperature (LST) and various land
surface parameters in Beijing. The model integrates three advanced machine learning

algorithms—extreme gradient boosting (XGBoost), multivariate adaptive regression
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splines (MARS), and Bayesian ridge regression (BRR)—as base learners to effectively
capture the non-linear relationships. MFGWML then employs geographically weighted
regression (GWR) to account for spatial non-stationarity by combining the predictions
from these base learners. The results indicate that MFGWML surpasses two traditional
algorithms, thermal image sharpening (TsHARP) and the high-resolution urban thermal
sharpener (HUTS). The study concluded that MFGWML successfully merges the
strengths of multiple regression, machine learning, and GWR, effectively capturing

local heterogeneity and producing reliable and robust downscaled LST data.

Gonzalez-Abad et al. (2023) proposed utilizing deep learning (DL) models for
the statistical downscaling of climate projections, specifically focusing on temperature
downscaling within the CORDEX North America domain. They evaluated three
Convolutional Neural Network (CNN) models—CNN-UNET, CNN-DeepESD, and
CNN-PAN—which differ in complexity and architecture. Additionally, they introduced
two innovative eXplainable Artificial Intelligence (XAI)-based diagnostics:
Aggregated Saliency Maps (ASM) and Saliency Dispersion Maps (SDM), to assess the
models. The motivation behind their approach was to overcome the limitations of
Global Climate Models (GCMs) in delivering high-resolution climate data at regional-
to-local scales. While DL models have shown potential in downscaling climate
projections, concerns about their complexity, lack of transparency, and ability to
generalize to future climate scenarios remain. The introduction of XAl techniques aims
to enhance the interpretability of DL models' internal mechanisms and identify issues
that standard evaluation methods might overlook. The study found that the CNN-UNET
model consistently performed well across various regions and future climate scenarios,

whereas the CNN-DeepESD and CNN-PAN models exhibited discrepancies,
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particularly in southern regions. XAl diagnostics revealed that the CNN-UNET model
effectively captured local relationships, while the other models displayed scattered

regions of influence, indicating possible overfitting or structural challenges.

Fan et al. (2022) identified that the scarcity of meteorological stations in the
high mountains of northwest China hinders the assessment of non-stationary climatic
runoff processes influenced by climate change. To tackle this challenge, they developed
an integrated method combining climate downscaling based on reanalysis products,
improved complete ensemble empirical mode decomposition with adaptive noise, and
four machine learning algorithms—radial basis function artificial neural network,
random forests, support vector regression, and eXtreme gradient boosting tree—to
simulate streamflow. This method was tested in seven mountainous basins originating
from the high Tienshan Mountains. The observed runoff data from hydrological stations
showed that the method performed well, with a Nash-Sutcliffe efficiency (NSE) above
0.7 and mean absolute error (MAE) and root mean square error (RMSE) below 3. The
study highlights the importance of multi-scale modeling for enhancing the accuracy of
runoff simulations. It also found that runoff exhibits a more significant nonlinear
relationship on an inter-decadal scale compared to inter-annual and seasonal scales.
Additionally, the study indicates that in high mountain regions, temperature primarily
controls runoff changes, whereas precipitation has a greater impact on runoff changes

in lowland areas.

Alipour et al. (2023) conducted a study on the statistical downscaling of global
climate models to analyze temperature trends in Calgary, Canada. They utilized two

models: a shallow-layered Artificial Neural Network (ANN) and a deep-based Long
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Short-Term Memory (LSTM) network, to extract historical temperature trends. To
ensure the quality of input variables, Mutual Information (MI) was used for screening.
The results demonstrated that the LSTM model, when combined with MI for data
screening, outperformed the ANN model in extracting historical temperature trends.
The LSTM model achieved higher accuracy, with better determination coefficient
(DC), correlation coefficient (CC), and lower root mean square error (RMSE) and bias
compared to the ANN model. This indicates that the LSTM-based network holds

promise as a tool for simulation and impact assessment in the Calgary region.

Sun and Lan (2021) conducted a study on statistical downscaling of daily
temperature and precipitation across China using Deep Learning Neural Models. They
employed convolutional neural network (CNN) models with various configurations to
downscale daily temperature and precipitation, utilizing large-scale atmospheric
variables from the ECMWF Interim reanalysis (ERI) as predictors and high-resolution
gridded observations as predictands. The study spanned a 21-year period from 1979 to
1999 for calibration, with a warmer period from 2000 to 2017 used for validation to
assess the models' extrapolation capabilities. The results revealed that model
performance differed across configurations, and for effective multi-site downscaling
across China, the convolutional process was essential, requiring more spatial features
to accurately parameterize temperature characteristics compared to precipitation. The
CNN model demonstrated added value over ERI in reproducing the geographic
distributions of seasonal mean climate and seasonal cycles, and in reducing biases in
mean and extreme percentiles for both temperature and precipitation. However, ERI
outperformed CNN in terms of temporal correlations. The CNN model was further

compared with the Generalized Linear Regression Model (GLM) and two quantile
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mapping-based techniques: Bias Correction and Spatial Disaggregation (BCSD) and
Bias Correction and Climate Imprint (BCCI). The study found that bias correction
methods excelled in reducing biases and representing temporal correlations, especially
for precipitation, while the CNN model performed better than GLM in precipitation
downscaling. These findings suggest that the CNN model holds significant potential for

downscaling applications over large regions.

Kouadri et al. (2021) explored the effectiveness of various artificial intelligence
methods in predicting water quality parameters in a dry desert environment. They
applied several Al algorithms, including multilinear regression (MLR), random forest
(RF), M5P tree (M5P), random subspace (RSS), additive regression (AR), artificial
neural network (ANN), support vector regression (SVR), and locally weighted linear
regression (LWLR), to generate Water Quality Index (WQI) predictions in the Illizi
region of southeast Algeria. Using best subset regression, they developed 12 different
input combinations and structured their analysis around two scenarios. The first
scenario aimed to reduce the time required for WQI computation by using all
parameters as inputs, while the second scenario focused on assessing water quality
variations in critical cases where necessary analyses were unavailable, reducing inputs
based on sensitivity analysis. The results showed that the MLR model performed
exceptionally well in the first scenario, as the linear nature of WQI calculations allowed
MLR to effectively handle all parameters as inputs. However, reducing the number of
inputs directly impacted model performance, and in the second scenario, the focus was
on identifying which model performed best under such conditions. RF models emerged
as the top performer in predicting WQI based on Total Hardness (TH) and Total

Dissolved Solids (TDS) in the study area.
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Oh et al. (2022) introduced a machine learning-based statistical downscaling
model incorporating new topography-derived variables to better interpret the physical
characteristics of wind. Focusing primarily on input data, the study utilized the Light
Gradient Boosting Machine (LGBM) to assess how different input variables impacted
results. By including new derived variables, the model could account for topography
shapes that were previously difficult to interpret, leading to a notable performance
improvement. The analysis used 1 km Weather Research and Forecasting (WRF) data
and ERAS reanalysis data from South Korea. Two Weibull distribution parameter maps
were computed and employed as both input and output data. Three sets of derived
variables were developed and compared, with the multi-resolution topography data
showing the most significant improvement, reducing the root mean square error
(RMSE) by approximately 15% for both linear regression and machine learning
models. The land area, in particular, exhibited a 20% reduction in RMSE. The best-
performing models achieved RMSE values of 7% and 8% for the two Weibull

parameters.

Farikha et al. (2021) investigated the use of projection pursuit regression (PPR)
in a statistical downscaling model utilizing an artificial neural network (ANN) for
rainfall prediction in Jember, Indonesia. While the General Circulation Model (GCM)
provides dynamic rainfall predictions on a monthly scale, its low resolution limits its
effectiveness for small-scale predictions, necessitating the use of a statistical
downscaling (SD) model. PPR, a non-parametric and non-linear approach, is employed
in this SD model to process high-dimensional data by reducing it to smaller dimensions
through a projection process. The study further incorporated a neural network-based

approach, with ANN serving as the statistical downscaling model to analyze rainfall-
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related events. The study concluded that PPR is effective in reducing dimensions,
especially for non-linear data, and that combining PPR with ANN yields smoother

performance compared to PPR alone.

Based on previous research into statistical downscaling using machine learning
models, such approaches have demonstrated considerable promise for improving
rainfall prediction accuracy. These studies highlight the effectiveness of machine
learning techniques in refining climate data to better reflect local conditions, which is
essential for precise rainfall forecasting. Machine learning models, particularly those
leveraging statistical downscaling, can process vast amounts of climate data and discern
intricate patterns that traditional methods might overlook. By enhancing the resolution
and detail of predictive models, these approaches address the limitations of coarse
global climate models, which often lack the granularity needed for accurate local

predictions.

Moreover, the integration of machine learning with statistical downscaling
techniques provides a robust framework for capturing non-linear relationships and
complex interactions within climate data. This is crucial for rainfall prediction, where
factors influencing precipitation are often intricate and interdependent. The ability of
machine learning models to adapt and improve over time with more data further
enhances their suitability for rainfall forecasting. As these models are trained on high-
resolution historical data and validated against observed conditions, they become
increasingly adept at making reliable predictions. Therefore, applying statistical

downscaling-based machine learning models to rainfall prediction is not only a viable
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option but also a potentially transformative approach for enhancing the accuracy and

reliability of climate forecasts.

2.2.1 Application of Rainfall Prediction using Statistical Downscaling-based

Hybrid Machine Learning Model

Rainfall is a significant meteorological component because it influences human
activities in so many different ways, including farming, power generation using water,
and managing water supplies (Hsu & Sharma, 2023). Machine learning activities
investigate how computers can use information to practice and can be applied to test
rainfall projection (Usman et al., 2023). Machine learning has made significant
improvements and is a core sub-area of artificial intelligence, and also enables
computers to discover themselves without being explicitly programmed (Sani et al.,

2020).

Kanani et al. (2023) conducted a study about an Al-Enabled ensemble method
for rainfall forecasting using Long-Short term memory (LSTM). The goal of the paper
was to provide a customized set of machine learning and deep learning models to
provide most accurate results for rainfall prediction. Training classifiers such as
eXtreme Gradient Boosting (XGBoost), Random Forest, Kernel Support Vector
Machine (SVM), and LSTM were used for the classification task, while models such
as Multiple Linear Regressor, XGBoost, Polynomial Regressor, Random Forest
Regressor, and LSTM were used for the regression task. The experiment results showed

that the proposed approach outperforms several state-of-the-art approaches.
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Patel et al. (2023) focused on how to create long-term data-based models that
anticipate the behaviour of hydrologic systems and their components. The main
objective was to use a combination of machine learning and forecasting methods to
predict rainfall. The methods used in the research were Random Forest, Gradient
Boosting and Decision Tree. Those methods were needed to predict the total amount of
rain that would fall each day. The researchers claimed that the Gradient Boosting was
found to work best among those tested, with features related to and affecting rainfall
predictability giving accuracy of 93%, while Random Forest and Decision tree method

having 90% and 78.5% of accuracy was achieved respectively.

Next, Praveena et al. (2022) performed a study about the prediction of rainfall
analysis using Logistic Regression and Support Vector Machine (SVM). The
researchers predicted the rainfall based on nine natural phenomenon features and had
to correlate these features by using correlation matrix and this correspondence to be
tabulated. Over the entire range of these results, the accuracy of Logistic Regression is
88% while, the accuracy of SVM classifier is 82%. After hyper-tuning, the accuracy of

Logistic Regression and SVM classifier were improved by 89% and 91% respectively.

Baljon and Sharma (2023) conducted a study to test the efficacy of several
machine learning (ML) approaches for forecasting rainfall. The researchers proposed
an improved machine learning technique named Function Fitting Artificial Neural
Network (FFANN) for rainfall prediction rate. The findings of the proposed model
illustrated the essential factors that played a crucial role during heavy rainfall and all of
the extreme rainfall events that occurred during the assessment years could have been

precisely predicted by the proposed model, demonstrating its efficacy as a predictor.
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Prottasha et al. (2023) carried out a study that present a machine learning and
data-driven that can accurately predict short-term rainfall. The main goal of the study
was to develop a short-term rain prediction that can effectively and accurately predict
rainfall. The rain-forecasting models were implemented in the study using twenty-nine
different machine learning classifiers namely, Neighbors classifiers, Ensemble
classifiers, Naive Bayes classifiers, Semi-supervised classifiers, Discriminant analysis
classifiers, Support Vector Machine classifiers, Linear model, Gaussian process
classifiers and Neural network. Based on the study, the result showed that hist gradient
boosting classifier from Ensemble classifiers has given the highest accuracy and

suitable to be a universal and easy rain prediction tool.

Research by Ehteram et al. (2023) introduced a new hybrid deep learning model
named convolutional neural network- support vector machine- Gaussian regression
process (CONN-SVM-GRP) to predict daily and monthly rainfall data. The new
proposed model's primary advantage is that it incorporates uncertainty values into the
modelling process. The proposed model also could extract important features without
applying preprocessing methods, further improving its efficiency. In conclusion, the
CONN-SVM-GRP model could help researchers predict rainfall, which is essential for
monitoring water resources and mitigating the impacts of droughts, floods, and other

natural disasters.

A study by Adnan et al. (2023) investigated the feasibility of a relevance vector
machine tuned with improved Manta-Ray foraging optimization (RVM-IMRFO) in
predicting monthly pan evaporation. Evaporation is an important component in

hydrological cycle that plays a crucial role in cloud’s moisture budgets (Wooden et al.,
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2007; Adnan et al., 2023) and the magnitude of total evaporation is often equivalent to
total rainfall. The accuracy of the proposed model was evaluated by comparing it with
RVM tuned with grey wolf optimization (RVM-GWO) and RVM tuned with whale
optimization algorithm (RVM-WOA). The researched observed that the new proposed
model considerably improved the accuracy of a single RVM in monthly pan
evaporation prediction and by importing extraterrestrial radiation into the model, the

inputs generally improved the prediction accuracy.

Di Nunno et al. (2022) developed a hybrid machine learning model specifically
designed for reliable precipitation prediction, focusing on the tropical monsoon climate
of northern Bangladesh, particularly in the Rangpur and Sylhet divisions. The study
employed two distinct machine learning algorithms, M5P and support vector regression
(SVR), to create a novel hybrid model that combines the strengths of both techniques.
The effectiveness of these prediction models was evaluated through a range of metrics
and graphical analyses, ensuring a comprehensive assessment of their performance.
Additionally, a sensitivity analysis was conducted to examine how the prediction
accuracy was influenced by varying the number of exogenous inputs and increasing lag
times. This analysis was crucial in understanding the model's robustness under different
conditions. Ultimately, the hybrid M5P-SVR model outperformed the individual
algorithms, demonstrating superior accuracy in precipitation prediction for the region
studied, and thus, was identified as the most reliable model among those tested in the

research.

A study by Parviz et al. (2023) aimed at enhancing hybrid models by

incorporating ensemble techniques for both linear and non-linear models. The study
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utilized preprocessing configurations and traditional hybrid models based on Gene
Expression Programming (GEP), Support Vector Regression (SVR), and the Group
Method of Data Handling (GMDH). These models were then compared to a proposed
hybrid model that combined all three. Various methods were employed to improve the
performance of the hybrid models, and the models were tested using data from two
weather stations in Iran—Tabriz and Rasht—using annual and monthly time steps,
respectively. The results demonstrated significant improvements in the performance of
the proposed hybrid models. Specifically, Theil’s coefficient, which measures the
degree of disparity between forecasts and observations, improved by 9% and 15% for
SVR and GMDH compared to GEP at the Tabriz station. The error metrics further
indicated that the proposed hybrid models more accurately represented observations
than the traditional hybrid models. At the Rasht station, the mean square error decreased
by 67%, and the Nash Sutcliffe efficiency increased by 5% when the three machine
learning models were combined using a genetic algorithm instead of relying solely on
SVR. Overall, the inclusion of nonlinear models in the improved hybrid models resulted

in better performance compared to the traditional hybrid approaches.

The main purpose of a study by Farooq et al. (2023) was focused on predicting
seasonal summer rainfall at two stations in the Northern Territory (NT) of Australia
using a hybrid machine learning algorithm. The research incorporated observed climate
anomalies such as the El Nifio Southern Oscillation (ENSO), Indian Ocean Dipole
(IOD), and Madden-Julian Oscillation (MJO) as input variables for the prediction
models. The study first applied two well-known machine learning algorithms, Support
Vector Machine (SVM) and Random Forest (RF), as base models. To enhance

prediction accuracy, the researchers then used wavelet transform (WT) as a
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preprocessing method, combining it with SVM and RF to create the hybrid algorithms
W-SVM and W-RF. These hybrid models integrated the wavelet components with the
base algorithms to improve performance. The predictive accuracies of these algorithms
were evaluated and validated using three statistical metrics. The results revealed that
the W-SVM and W-RF hybrid algorithms achieved the highest predictive accuracies for
seasonal rainfall, outperforming the individual base algorithms. Moreover, the type of
mother wavelet used in the W-RF algorithm influenced its prediction accuracy, whereas
the W-SVM consistently delivered high predictive accuracy across all selected

wavelets, making it the most reliable model for seasonal rainfall prediction in this study.

Citakoglu and Coskun (2022) conducted a comprehensive study comparing
various hybrid machine learning methods for predicting short-term meteorological
droughts at the Sakarya Meteorological Station in Turkey. The research employed
several stand-alone machines learning algorithms, including Artificial Neural Networks
(ANNs), Adaptive Neuro-Fuzzy Inference System (ANFIS), Gaussian Process
Regression (GPR), Support Vector Machine Regression (SVMR), and k-Nearest
Neighbors (KNN). To enhance the predictive capabilities of these models, the study
also incorporated advanced preprocessing techniques such as Variation Mode
Decomposition (VMD), Discrete Wavelet Transforms (DWT), and Empirical Mode
Decomposition (EMD) to create hybrid models. The performance of these hybrid
models was evaluated against their stand-alone counterparts. The findings revealed that
the hybrid models, which combined machine learning algorithms with preprocessing
techniques, significantly outperformed the stand-alone models in predicting short-term
drought conditions. Specifically, the VMD-GPR hybrid model excelled at 1- and 3-

month time scales, while the DWT-ANN hybrid model provided the most accurate
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predictions for the 6-month time scale when forecasting the Standardized Precipitation
Index (SPI) drought indices. These results underscore the effectiveness of integrating
preprocessing methods with machine learning algorithms to improve the accuracy and

reliability of meteorological drought predictions.

Sahoo et al. (2021) conducted a study focused on applying hybrid machine
learning models for flood prediction in India. Their research aimed to assess the relative
accuracy of models combining Radial Basis Function Neural Network (RBFNN) and
Support Vector Machine (SVM) with the Firefly Algorithm (FA) to predict river flood
discharge. These hybrid models were compared with traditional models including
standalone ANN, RBFNN, and SVM. The evaluation of the results demonstrated that
both RBFNN combined with FA (RBF-FA) and SVM combined with FA (SVM-FA)
provided more accurate forecasting results compared to the standalone RBFNN, Feed
Forward Back Propagation Neural Network (FFBPNN), and SVM models. Among the
hybrid approaches, the SVM-FA model achieved superior performance, with an R?
value of 0.9818, outperforming the RBF-FA model in terms of forecasting accuracy.
Additionally, the study found that the simple SVM model offered slightly better
performance than the traditional ANN model. These findings highlight the effectiveness
of integrating the Firefly Algorithm with machine learning techniques to enhance the

precision of flood prediction models, particularly in the context of Indian river systems.

Anaraki et al. (2020) introduced a novel framework for flood frequency analysis
under climate change conditions by integrating metaheuristic algorithms,
decomposition techniques, and machine learning models. This framework utilizes

global climate models (GCMs), including HadCM3 with A2 and B2 scenarios, CGCM3
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with A2 and A1B scenarios, and CanESM2 with RCP2.6, RCP4.5, and RCP8&.5
scenarios. The proposed approach involves several components: Multivariate Adaptive
Regression Splines (MARS) and M5 Model Tree for classifying precipitation into wet
and dry days, Whale Optimization Algorithm (WOA) for training Least Squares
Support Vector Machine (LSSVM), and Wavelet Transform (WT) for decomposing
precipitation and temperature data. For downscaling precipitation and temperature, the
framework employs LSSVM-WOA, LSSVM, K-Nearest Neighbor (KNN), and
Artificial Neural Network (ANN). The model simulates discharge for different periods:
the present (1972-2000), near future (2020-2040), and far future (2070-2100). Flood
frequency analysis is conducted using the log-normal distribution, while Analysis of
Variance (ANOVA) and fuzzy methods are used for uncertainty analysis. The Karun
Basin in southwest Iran serves as the case study. The results indicate that MARS
outperformed the M5 Model Tree. Among the downscaling methods, ANN and
LSSVM-WOA slightly exceeded other machine learning algorithms in performance.
The discharge simulation revealed that the LSSVM-WOA-WT algorithm provided the
best results, with a Nash-Sutcliffe Efficiency (NSE) of 0.911. The flood frequency
analysis showed a reduction in the 200-year discharge for all scenarios except for the
CanESM2 RCP2.6 scenario in the near future. Uncertainty analysis through ANOVA
highlighted that hydrological models are significant sources of uncertainty, with the
HadCM3 model exhibiting lower uncertainty in higher return periods, up to 60% lower
than other models for the 1000-year return period, according to fuzzy uncertainty

analysis.

Lee and Chen (2021) introduced an innovative approach that integrates a

Markov chain random field conditioning method with a hybrid machine learning
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technique to enhance long-range precipitation predictions amidst increasingly extreme
weather conditions. Traditional precipitation models often struggle with limitations in
their time-span capabilities, making it challenging to predict rainfall distribution
accurately for specific years in long-range simulations. To address this issue, the
researchers proposed a hybrid (ensemble) learning method that operates on a multi-
scaled, conditioned functional time series within a sparse |1 space. This advanced
methodology enables more accurate long-range forecasting by effectively combining
various machine learning techniques and conditioning methods. The resulting
algorithm is designed to be applicable in fields such as agriculture and construction,
where precise long-term precipitation forecasts are crucial. The study’s results
demonstrated that the application of the conditioning method and multi-scale
decomposition within the sparse |1 space significantly mitigates the impact of statistical
variation caused by extreme weather conditions. This advancement offers a promising
solution for improving the reliability and accuracy of long-term precipitation
predictions, thereby benefiting sectors that rely heavily on weather forecasts for

planning and decision-making.

In a nutshell, hybrid machine learning models have made a great development
in weather forecasting to advance and enhance decision-making tool (Patel et al., 2023).
The hybrid machine learning models is suitable for rainfall prediction (Sani et al., 2020)
due to their ability to identify highly non-linear and irregular patterns in rainfall data
(Poornima et al., 2023). Building a hybrid machine learning-based model is extremely
desirable for the sustainable development of environmental systems due to the

importance of the issue and the dynamic character of the atmosphere, which makes
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machine learning methods preferred to other approaches (Tuysuzoglu, Birant & Birant,

2023).

Building on existing research into hybrid statistical downscaling methods and
machine learning for rainfall prediction, it is evident that employing a hybrid model
represents a highly effective strategy for enhancing forecasting accuracy. Previous
studies have demonstrated that combining various machine learning techniques with
statistical downscaling approaches significantly improves the precision of rainfall
predictions. These hybrid models leverage the strengths of different methodologies,
integrating them to address the limitations inherent in individual models. By combining
machine learning algorithms with statistical techniques, such as regression analysis or
data assimilation, these models can better capture the complex patterns and nuances of

rainfall data, leading to more reliable and accurate forecasts.

Furthermore, the integration of hybrid models in rainfall prediction has shown
substantial advantages in various research contexts. For instance, the fusion of machine
learning algorithms like artificial neural networks or support vector machines with
statistical downscaling methods allows for a more comprehensive analysis of
meteorological data. This approach enhances the model's ability to process and interpret
large datasets, effectively managing the variability and uncertainty associated with
rainfall forecasting. As a result, hybrid models offer a robust solution for predicting
rainfall, particularly in regions with complex climatic conditions or limited
observational data. The continued development and application of these hybrid models
hold significant promise for advancing the field of meteorological forecasting and

improving decision-making processes in sectors reliant on accurate rainfall predictions.
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2.3 Missing Values

Missing data is when an observation has no value assigned to it (Mirzaei et al., 2021).
The issue of missing data is inevitable in data collection. It may result from equipment
failure, reluctance to respond, the change of investigation plans, data availability or
collection errors (Nikfalazar et al., 2019). Missing data are usually attributed to human
error when processing data, machine error due to the malfunctioning of equipment,
respondents’ refusal to answer certain questions and merging unrelated data (Suthar,
Patel & Goswami, 2012; Houari, Bounceur, Tari & Kecha, 2014; Emmanuel et al.,
2021). The missing data problem is usually common in all domains that deal with data
and causes different issues like performance degradation, data analysis problems and
biased outcomes lead by the differences in missing and complete data (Ayilara et al.,
2019; Emmanuel et al., 2021). Moreover, the seriousness of missing data depends in
part on how much data is missing, the pattern of missing data, and the mechanism

underlying the missingness of the data (Kang, 2013; Emmanuel et al., 2021).

Missing data can be classified based on the pattern of missing values and the
mechanism of missing values. Missing data patterns describe which values are missing
and observed in a data set (Emmanuel et al., 2021). In Figure 2.1, there are three missing
data patterns: univariate, monotone and no-monotone. Univariate happened when there
is only one variable with missing data. This pattern is rare in most disciplines and arises
in experimental studies. Missing data pattern is said to be monotone if the variables in
the data can be arranged, this pattern is usually associated with longitudinal studies
where members drop out and never return. The monotone data pattern is easier to deal

with since the patterns among the missing values are easily observable. Non-monotone
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is a missing data pattern whereby the missingness of one variable does not affect the

missingness of any variables.

Figure 2.1

Missing data pattern. Blue represents observed values; red represents missing values

Adapted from Emmanuel et al. (2021)

Mostly mechanisms that lead to the missing values on data effect some
assumptions supporting most missing data handling methods. According to Little and
Rubin (1987), there are three types of missingness mechanisms that can cause an
incomplete dataset (Lin & Tsai, 2019). These mechanisms can be categorized as
missing completely at random (MCAR), missing at random (MAR) and not missing at
random (NMAR) (Rubin 2004; Psychogyios et al., 2023). MCAR can be defined as
when a missing value is not related to any other value in the dataset. According to
Mirzaei et al. (2021), data that are MCAR are not usually attributed to a question in the
survey or other phenomenon, whether observable or unobservable. Nevertheless, MAR
is present if the reason for dropout depends on the observed outcomes and possibly on
the observed variables at any point (Ayilara et al., 2019). In other words, when the

distribution of an instance having missing values for an attribute depends on the
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observed data, but does not depend on the missing data (Lin & Tsai, 2019). Lastly,
NMAR contains non-ignorable missingness, are data that do not meet the criteria of
either MCAR or MAR (Mirzaie et al., 2021). Emmanuel et al. (2021) stated that in this
mechanism, handling the missing values is usually impossible, as it depends on the
unseen data. Thus, research by Graham (2009) and Dantan et al. (2008), it is mostly
impossible to unambiguously categorise missing data into these three mechanisms since
imagining that missing data is completely not related to other non-missing variables
(Emmanuel et al., 2021). Figure 2 shows an algorithm for handling missing data by

Mirzaie et al. (2021).

Imputation method is a process that involves replacing missing values by some
predicted values where the non-missing values data set is normally used to predict the
values to replace the missing values (Donders et al., 2006; Emmanuel et al., 2021).
Imputation methods can be categorized into five types namely deletion methods, single
imputation, multiple imputation, likelihood methods and indicator methods (Mirzaei et

al., 2021).
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Figure 2.2

Algorithm for handling missing data

Adapted from Mirzaie et al. (2021).

Research by Saeipourdizaj, Sarbakhsh and Gholampour (2021) explained that
deletion method can be done in two ways which are pairwise deletion and listwise
deletion. In the pairwise deletion, the number of observations needed for analysis varies

from variable to variable since only the missing data are eliminated while, in the listwise
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deletion, sometimes referred to as case deletion or comprehensive analysis, is the
process of deleting all observations that have missing data for one or more variables.
The entire data series can be retrieved by eliminating the missing values if the MCAR

missing data technique is used and the missingness rate is less than 5%.

Single imputation refers to imputing one plausible value for each missing value
of a particular variable in the dataset and then performing analysis as if all data were
originally observed (Jadhav, Pramod & Ramanathan, 2019). According to Uusitalo et
al. (2015) in Emmanuel et al. (2021), multiple imputation is where the distribution of
the observed data is utilized to approximate numerous values that reflect the uncertainty
around the true value, and this method was mostly implemented to solve the limitations
of single imputation. For each missing observation, many possible values are
substituted in multiple imputation rather than just one to express uncertainty about the
correct values to impute. Hence, multiple imputation generates “m” different complete
datasets with observed and imputed values (Jadhav, Pramod & Ramanathan, 2019).
Thus, the results of the “m” will differ because the m imputations differ (Nengsih et al.,

2019).

Likelihood methods may also be used when handling missing data and the most
widely used are Expectation-Maximisation (EM) and Full Information Maximum
likelihood (FIML) (Lee & Chiu, 1990; Enders, 2001; Mirzaie et al., 2021). These are
model-based techniques that do not rely on prior imputation for parameter estimation
when there are missing data. By maximising the likely value based on all other observed
parameters in the model, necessary but missing parameters are approximated (Mirzaie

et al., 2021). Lastly, indicator method is an alternative technique involves the addition
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of a "missing" category to partially observed categories before incorporating
confounding into a propensity score model, including both the confounding factor and
a missingness indicator; however, this approach often results in biased outcomes, and
a more generalized missing pattern analysis suffers when the instances with missing
patterns are fewer than the observed covariates, typically arising in data with numerous

missing patterns (Yang et al., 2023).

A study by Aieb et al. (2019) was about a new approach for processing climate
missing databases applied to daily rainfall data. The aim of the study was to propose a
new imputation algorithm based on the optimization of some regression methods,
which are Hot Deck, k-Nearest Neighbors Imputation, Weighed k-Nearest Neighbors
Imputation, Multiple Imputation, Linear Regression and Simple Average Method. The
study showed two results; first, explaining the best choice between several methods,
according to the results of comparison using statistical tests in different cases of missing
data amount, it showed that the Hot-Deck, k-Nearest Neighbors Imputation and Weight
k-Nearest Neighbors Imputation methods had given the best filling. Second, showing
the influence of altitude, latitude and longitude on the correlation index and the residual
average between neighboring stations and reference station — this variation affects the
imputation results obtained by multiple imputation, linear regression and simple
average method. Aieb et al. (2019) also stated that the proposed filling methodology
can be also applied to estimate datasets for another case studies when the missing data

distribution is random.

Moreover, Nor et al. (2020) focused on a comparative study of different

imputation methods for daily rainfall which the main goal was to performed data
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imputation using Replace by Mean, Nearest Neighbor, Markov Chain Monte Carlo
(MCMC), Nonlinear Iterative Partial Least Squares (NIPALS) and Random Forest (RF)
methods for daily rainfall data. Then, evaluated the performance of imputation methods
combined with Multiple Linear Regression (MLR) model in predicting the future daily
rainfall data. Based on the experiment, it showed that Replace by Mean is the best result
for single imputation but RF had shown its supremacy by giving the best result and

more fitting for satisfying the missing data when combined with MLR.

Next, Addi et al. (2022) experimented the evaluation of 12 imputation methods
for infilling missing data in daily rainfall data. The imputation methods that were
applied namely Mean, Regression, Multiple Imputation by Chain Equation (MICE), k-
Nearest Neighbor (kKNN), Probabilistic Principal Component Analysis (PPCA),
Random Forest (RF) — executed using missForest algorithm, Linear Interpolation (LI),
Hot-Deck (HD), Expectation Maximization (EM), Gaussian Copula (GC), Inverse
Distance Weighting (IDW) and Kriging. However, Regression, PPCA and RF were
showing a positive and excellence results for estimating the numbers of dry and wet

periods and moderate to extreme rainfall values.

Hamzah et al. (2021) conducted a comprehensive study to evaluate the
effectiveness of three distinct imputation methods—robust random regression
imputation (RRRI), k-nearest neighbors (k-NN), and classification and regression tree
(CART)—in predicting recurrences within streamflow datasets. The primary objective
was to determine which method most accurately addresses the issue of missing data in
streamflow records, a common challenge in hydrological studies. To achieve this, the

researchers utilized the complete historical daily streamflow data from 2012 to 2014 as



52

a training dataset. This dataset served as a benchmark for assessing and validating the
performance of the imputation methods. Following the initial analysis, each of these
imputation techniques was coupled with multiple linear regression (MLR) and applied
to restore missing streamflow rates in the Langat River Basin in Malaysia, covering the
period from 1978 to 2016. The effectiveness of the estimation techniques was
rigorously evaluated using various metrics, including the Nash-Sutcliffe efficiency
coefficient (CE), root-mean-square error (RMSE), and mean absolute percentage error
(MAPE). The findings of the study revealed that the combination of RRRI with MLR
(RRRI-MLR) significantly outperformed the other imputation methods in terms of
accuracy and reliability. Specifically, the RRRI-MLR approach achieved the lowest
RMSE and MAPE values, indicating superior performance in filling missing data
within daily streamflow datasets. This suggests that RRRI-MLR is particularly well-
suited for addressing the complexities and variabilities inherent in hydrological data,
making it the most effective method among those tested. The study's results underscore
the importance of selecting appropriate imputation techniques for hydrological
modeling, as the choice of method can have a substantial impact on the accuracy of
streamflow predictions. Given the critical role of streamflow data in water resource
management and planning, the study's conclusions provide valuable insights for
researchers and practitioners working in the field of hydrology. By demonstrating the
efficacy of RRRI-MLR, the researchers offer a robust solution for improving the quality
and reliability of streamflow datasets, particularly in regions where missing data is a

significant concern.

Hirca and Tiirkkan (2024) presented a comprehensive methodology for tackling

the challenge of missing data by thoroughly examining the structure and techniques
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associated with missing data. Recognizing that missing data is often overlooked in
hydrological studies, they created simulated datasets that carefully considered the
number of missing data points, the patterns in which data were missing, and the
underlying mechanisms that cause data to be absent. These simulations were designed
to reflect real-world datasets that contain gaps, enabling a more accurate assessment of
various missing data techniques. The study applied the most widely used methods for
handling missing data, not only in hydrology but also in other scientific fields, to these
simulated datasets. The researchers employed a range of techniques for data imputation.
Simple imputation methods and expectation maximization (EM) were executed using
SPSS software, while more advanced machine learning techniques like k-nearest
neighbor (KNN) and the hot-deck method were implemented using Python. To
determine the effectiveness of each method, the performance was evaluated based on
error metrics. The results of this analysis indicated that the EM method outperformed
the other techniques, emerging as the most suitable approach for completing missing
data. The study highlights the importance of selecting the right method for data
imputation, as it can significantly influence the accuracy of hydrological analyses. By
providing a detailed comparison of various techniques and their performance, the
researchers offer valuable insights for researchers and practitioners dealing with

missing data in hydrology and other fields.

Aguilera et al. (2020) conducted a study that compared three different
techniques for filling in large amounts of missing daily precipitation data: spatio-
temporal kriging (STK), multiple imputation by chained equations using predictive
mean matching (PMM), and the random forest (RF) machine learning algorithm. The

findings indicated that both STK and RF were capable of handling extreme levels of
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missing data, whereas PMM required a larger sample size of observed data to function
effectively. Among the methods, STK was identified as the most robust, particularly
well-suited for dealing with chronological patterns of missing data, while RF was found
to be more efficient when faced with random patterns of missing data. Although model
evaluation typically focuses on performance and error measures, this study emphasized
the importance of not solely relying on these metrics without also checking for
consistency. Notably, the RF algorithm was found to have overestimated daily
precipitation outside of the validation period in certain instances, largely due to an over-

detection of rainy days when time-dependent missing patterns were present.

Chuan et al. (2020) evaluated the effectiveness of a Probabilistic Principal
Component Analysis (PPCA) Model and Expectation Maximisation Algorithm (EM
Algorithm) in treating missing daily rainfall data. The main goal of this research is to
introduce a fresh multiple-imputation technique for managing gaps in rainfall data. This
novel approach involves utilizing the M-component probabilistic principal component
analysis model in conjunction with the expectation-maximization algorithm (MPPCA-
EM).The analysis outcomes indicate that for handling absent historical daily rainfall
data from coastal monitoring stations, the 2-component probabilistic principal
component analysis model combined with the expectation-maximization algorithm
(2PPCA-EM) demonstrated better performance compared to the single and multiple
imputation methods suggested in earlier research. Conversely, the single imputation
techniques from prior studies outperformed the MPPCA-EM imputation methods for
addressing missing historical daily rainfall data collected from inland monitoring

stations.
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To conduct a meaningful analysis of rainfall data, it is crucial to predict the
missing data within the daily rainfall dataset (Jahan et al., 2019). Several methods are
available for addressing gaps in hydrological time series, specifically rainfall data, but
the suitability of each approach hinges on factors like available information and the
extent of gaps within the time series that needs to be completed (Sahoo & Ghose, 2022).
Hence, when managing with missing data, approach is always crucial as mishandling

missing data could lead in deriving inaccurate inferences (Emmanuel et al., 2021).

Building upon previous research on missing data, this study will implement a
variety of imputation methods to effectively address and manage missing values in the
dataset. Recognizing the critical importance of accurate imputation for maintaining the
integrity and reliability of the data, the study will apply a comprehensive suite of
imputation techniques. These techniques include Mean Imputation, which substitutes
missing values with the average of available data, and Median Imputation, which uses
the median as a more robust measure, particularly in the presence of outliers. The k-
Nearest Neighbor (kNN) method will also be employed, leveraging the proximity of
data points in the dataset to estimate missing values based on similar neighboring

observations.

In addition to these methods, the study will incorporate more advanced
techniques such as the Markov Chain Monte Carlo (MCMC) method, which uses a
probabilistic model to generate multiple imputations based on the distribution of the
data. The Non-linear Iterative Partial Least Squares (NIPALS) algorithm will be used,
particularly useful for handling missing data in high-dimensional datasets. The

Expectation-Maximization (EM) Algorithm, a well-established statistical method, will
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be applied to estimate missing values by iteratively refining parameter estimates until

they converge to the most likely values.

Finally, the study will utilize Random Forest, a powerful ensemble learning
method, to predict and impute missing values by building multiple decision trees and
averaging their predictions. By applying this diverse array of imputation methods, the
study aims to ensure that the missing data is handled with the highest possible accuracy,

thereby enhancing the overall quality and robustness of the research findings.

2.4  High-Dimensionality Data

According to Tahvili and Hatvani (2022), high-dimensional data involves datasets
where the number of features or covariates exceeds the quantity of observations,
whereas low-dimensional data exhibits the reverse, with a surplus of observations
compared to features. In other words, high-dimensional data can occur when there are
so many variables per subject (Mihalik et al., 2022). Data that were collected are often
high-dimensional, censored, heterogenous and contain missing information, presenting
challenges to traditional statistical methods (Spooner et al., 2020). The complexity of
rainfall prediction studies stems from the interdependency of various hydrological cycle
components and their close connection to multiple causal factors, making the
dimensionality of the issue a persistent concern (Das, Sachindra & Chanda, 2022).
High-dimensional inputs must be translated to inputs with lower dimensions in order to
reduce the dimensionality, making neighbouring points on the manifold correspond to

similar points in the input space (Reddy et al., 2020). To retain the essence of the data,
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dimensionality reduction methods transform the initial high-dimensional dataset into a
condensed low-dimensional form, thereby mitigating the challenges posed by the curse

of dimensionality (Zebari et al., 2020).

For decades, researchers used dimensionality reduction approaches for different
reasons such as to reduce computational processing overhead, reduce noise in the data,
and for the better data visualization and interpretation (Fodor, 2002; Sorzano, Vargas
& Montano, 2014; Abdulhammed et al., 2019). Research by Zebari et al. (2020) stated
that dimensionality reduction is the operation of transforming the high dimensional
representation of data in low dimensional representations. Meanwhile, Hasan &
Abdulazeez (2021) described that dimensionality reduction approach is an approach
that aims to reduce the distance in a latent space between distributions of different data

sets to allow efficient transfer learning.

Dimensionality reduction approach usually implemented in preprocessing
phase before going to the training phase (Prottasha et al., 2023). In preprocessing phase,
the high-dimensional data will transform to low-dimensional data and also to fix
missing data and eliminate noise (Hsu & Sharma, 2023). Therefore, implementing
dimensionality reduction approach could give a lot of benefits which include: (i)
reducing dimension count and conserving storage space, (ii) expediting computation,
(iii) eliminating irrelevant, noisy, and redundant data, (iv) potentially enhancing data
quality, (v) promoting algorithmic efficiency and accuracy, (vi) enabling data
visualization, and (vii) simplifying classification processes while bolstering overall
performance (Liu & Zsu, 2009; Juvonen, Sipola & Haméléinen, 2015; Hasan &

Abdulazeez, 2021).
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According to Reddy et al. (2020), Principal Component Analysis (PCA) is a
statistical procedure which uses as orthogonal transformation and converts a group of
correlated variables to a group of uncorrelated variables. The main purpose of PCA is
to reduce the dimension of a dataset including a large number of information available
and this can be implemented by transforming to a new set of variables which is called
principal component (Hassan, Abdulazeez & Tiryaki, 2018). Salo, Nassif & Essex
(2018) proposed a novel hybrid dimensionality reduction, information gain and
principal component analysis (IG-PCA) to cope with large-scale and heterogeneous
data and it exhibited better performance regarding classification accuracy, detection

rate and false alarm rate.

Subsequently, Abdulhammed et al. (2019) implemented PCA as dimensionality
reduction approach for machine learning based network intrusion detection and the
result confirmed that the proposed framework with the reduced feature dimensionality
achieved a maximum precision value, confirming the efficiency and effectiveness of
the intrusion detection process. Sulaiman et al. (2022) also applied PCA to reduce the
number of predictors by extracting the number of principal components without losing
any significant information for rainfall datasets, resulting in the same number of
components as the initially chosen variables. Thus, the effectiveness of the PCA
algorithm in dimension reduction for large and complex datasets, along with its
adaptability through various modifications, is evident in its accurate data compression
and enhanced classification capabilities across diverse fields (Hasan & Abdulazeez,

2021).
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Bharadiya (2023) delved into the classification challenge of anomaly detection
in network data using machine learning techniques, focusing on how to effectively
manage and analyze large datasets. The study specifically used the KDD99 dataset, a
well-known benchmark for network intrusion detection systems (IDS), to explore the
impacts of dimensionality reduction and classification methods. In the context of
network data applications, the study employed Principal Component Analysis (PCA)
for dimensionality reduction and Support Vector Machine (SVM) for classification,
critically assessing the outcomes of these methods. The results of Bharadiya's analysis
highlighted significant improvements in the efficiency and accuracy of the
classification process when PCA was used to reduce the dimensionality of the input
data. Specifically, the reduction in data dimensions led to a decrease in execution time,
making the classification process faster and more efficient. Moreover, the precision and
recall metrics for the SVM classification algorithm showed enhanced accuracy, with a
notable reduction in the rate of misclassification when paired with PCA. This
demonstrates that the SVM combined with PCA not only optimizes computational
efficiency but also improves the reliability of anomaly detection in network data.
Bharadiya also pointed out the broader implications of this approach in other fields,
such as health research, where large datasets are increasingly common but challenging
to interpret. By applying PCA, researchers can reduce the complexity of these datasets,
making them easier to analyze while retaining most of the critical information,

ultimately enhancing the interpretability and value of data-driven studies.

Costa et al. (2020) conducted a study to assess the effectiveness of various
dimensionality reduction methods within the framework of an additive-dominant

model, comparing these methods against the genomic best linear unbiased prediction
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(G-BLUP) method. The study specifically evaluated three dimensionality reduction
techniques: Principal Components Regression (PCR), Partial Least Squares (PLS), and
Independent Components Regression (ICR). To conduct their analysis, the researchers
used a simulated dataset comprising 1,000 individuals and 2,000 single-nucleotide
polymorphisms (SNPs). The dataset was examined across four different scenarios,
which varied based on two levels of heritability and two types of genetic architecture.
In their analysis, Costa et al. explored how well these dimensionality reduction methods
could capture additive, dominant, and total genomic information. They found that PCR
generally yielded higher accuracy values compared to PLS and ICR, suggesting it may
be more effective in certain contexts. However, despite PCR’s relatively better
performance, the study revealed that none of the evaluated methods, including G-
BLUP, were capable of accurately recovering true genomic heritabilities. Each method
produced biased estimates, either underestimating or overestimating the genomic
genetic values, which highlights the challenges and limitations associated with using
these dimensionality reduction techniques in genomic prediction models. The findings
underscore the need for further refinement and development of methodologies that can

more accurately predict genetic values without introducing significant biases.

Portnova-Fahreeva et al. (2020) conducted a study with the objective of
identifying an efficient way to represent hand kinematics data that could improve the
control of prosthetic hands. The study focused on comparing two different methods for
capturing the essential characteristics of a wide range of hand gestures and actions:
Principal Component Analysis (PCA) and a non-linear Autoencoder Network (nAEN).
The researchers evaluated the performance of these methods based on several criteria,

including their ability to accurately reconstruct hand kinematic data from a latent
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manifold with reduced dimensions, the distribution of variance across these latent
dimensions, and the separability of hand movements in both compressed and
reconstructed representations when analyzed using a linear classifier. The results of the
study revealed that the nAEN outperformed PCA in reconstructing hand kinematic data
from a reduced-dimensional latent manifold. Specifically, while PCA could account for
78% of the input data variance within two dimensions of the latent manifold, the nAEN
managed to capture 94% of the variance, demonstrating its superior ability to preserve
the essential information in the data. Moreover, the nAEN's latent manifold exhibited a
more uniform distribution of signal variance across its dimensions compared to PCA,
suggesting that it provided a more balanced representation of the data. Additionally,
when the reconstructed hand movements were classified using a linear classifier, such
as SoftMax regression, the nAEN was able to produce a manifold where different tasks
were more distinguishable than those produced by PCA. The study concludes that non-
linear dimensionality reduction techniques, like the nAEN, may offer a more effective
platform for controlling prosthetic hands compared to traditional linear methods such
as PCA. This is particularly important for applications where precise and reliable
control of prosthetic devices is crucial, as the ability to accurately and distinctly
represent complex hand movements could significantly enhance the functionality and

user experience of prosthetic hands.

Shirmard et al. (2020) conducted an in-depth study focusing on the integration
of selective dimensionality reduction techniques for mineral exploration, particularly
using ASTER (Advanced Spaceborne Thermal Emission and Reflection Radiometer)
satellite data. The study aimed to evaluate and compare the effectiveness of three widely

used dimensionality reduction methods: Principal Component Analysis (PCA),
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Independent Component Analysis (ICA), and Minimum Noise Fraction (MNF). These
techniques were not only assessed individually but also integrated to explore how they
could be jointly applied to enhance remote sensing data analysis. The specific goal was
to map hydrothermal alteration zones associated with epithermal copper-gold (Cu—Au)
deposits in the Toroud-Chahshirin range, located in Central Iran. The researchers
applied these dimensionality reduction techniques to carefully selected subsets of
ASTER spectral bands. These bands were particularly useful for identifying gossans
and various hydrothermal alteration zones, including argillic, propylitic, and phyllic
zones, which are key indicators of potential mineral deposits. To integrate the most
effective thematic layers derived from the transformation techniques, the study
employed a fuzzy logic model. This integration process resulted in a highly efficient
remote sensing evidential layer that significantly enhanced mineral prospectivity
mapping. The findings of the study highlighted ICA as the most robust technique among
the three for generating hydrothermal alteration thematic layers. ICA's superior ability
to separate source signals from noise proved crucial in the enhanced detection and
mapping of geological features, particularly the specific alteration zones associated
with mineral deposits. The study demonstrated that by integrating these dimensionality
reduction techniques, particularly emphasizing the strength of ICA, the remote sensing
analysis could be substantially improved, leading to more accurate and effective

mineral exploration efforts.

Mazher (2020) conducted an in-depth study focusing on the development of a
visualization framework for high-dimensional spatio-temporal hydrological gridded
datasets, utilizing machine learning techniques to enhance the understanding and

analysis of such complex data. The study introduced a comprehensive and generic



63

workflow designed to achieve three main objectives: first, to project high-dimensional
spatio-temporal data onto a two-dimensional (2D) plane with accuracy; second, to
compare various dimensionality reduction techniques (DRTs) in terms of resolution and
computational efficiency; and third, to spatially represent the 2D projection using a
perceptually uniform background color map, which aids in visual interpretation. To
accomplish these objectives, the study compared several machine learning-based DRTs
commonly used for data visualization. These included Principal Component Analysis
(PCA), Generative Topographic Mapping (GTM), t-Distributed Stochastic Neighbor
Embedding (t-SNE), and Uniform Manifold Approximation and Projection (UMAP).
Each technique was evaluated for its accuracy, resolution, and computational efficiency
in handling massive datasets, which are typical in hydrological studies. The accuracy
of the visualizations was assessed using a quality metric derived from a co-ranking
framework, ensuring that the results were both reliable and informative. The workflow
was applied to a specific case study involving an output from the Australian Water
Resource Assessment (AWRA) model, focusing on the region of Tasmania, Australia.
The dataset used in this study consisted of daily time series data for nine components
of the water balance, recorded at a 5 km grid cell resolution over the entire year of 2017.
The case study revealed several key insights: PCA was found to be highly effective for
rapidly visualizing global data structures, making it suitable for getting an overall sense
of the data. However, for more detailed and accurate representations of local trends
within the data, t-SNE and UMAP were superior. Among these, UMAP stood out as
being computationally more efficient than t-SNE, and it was also less affected by
outliers compared to GTM, making it a robust choice for visualizing complex
hydrological datasets. The study by Mazher underscores the importance of selecting

appropriate DRTs based on the specific requirements of the dataset and the desired
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outcomes of the visualization. By providing a clear comparison of these techniques, the
research offers valuable guidance for scientists and engineers working with high-
dimensional spatio-temporal data, particularly in the field of hydrology, where such
data is increasingly common and critical for resource management and environmental

studies.

Based on previous research about high-dimensional data, this study will
implement a dimensionality reduction approach to effectively manage and simplify the
complexity inherent in datasets with a large number of variables. High-dimensional
data can pose significant challenges in data analysis, including issues such as
overfitting, increased computational costs, and difficulties in visualizing and
interpreting relationships within the data. To address these challenges, this study will
apply Principal Component Analysis (PCA), a widely recognized and powerful

technique for dimensionality reduction.

PCA works by transforming the original high-dimensional dataset into a new
set of variables called principal components. These components are linear combinations
of the original variables and are designed to capture the maximum variance within the
data, while also reducing the number of dimensions. The first principal component
captures the most significant variance, and each subsequent component captures the
remaining variance in decreasing order of importance. By focusing on the principal
components that account for the majority of the data's variance, PCA allows the study
to retain the most critical information while discarding the less important details, thus

reducing the dimensionality of the dataset.
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The application of PCA in this study is particularly crucial for enhancing the
efficiency and effectiveness of data analysis. By reducing the number of variables, PCA
helps to mitigate the risk of overfitting, where models become too tailored to the
training data and perform poorly on new, unseen data. Additionally, PCA reduces the
computational burden associated with analyzing high-dimensional data, making it more
feasible to conduct complex analyses within a reasonable timeframe. Furthermore, the
reduced dimensionality makes it easier to visualize and interpret the relationships and

patterns within the data, facilitating more insightful and accurate conclusions.

Overall, the application of PCA as a dimensionality reduction technique in this
study is expected to significantly enhance the quality and robustness of the research
findings, ensuring that the analysis remains focused on the most relevant and
informative aspects of the data. This approach not only strengthens the study's
outcomes but also contributes to advancing the broader field by demonstrating the value

of dimensionality reduction in managing and interpreting complex data sets.

25 Zero-Inflated Data

According to Gramosa, Nascimento and Morales (2020), in numerous practical
scenarios, it is common to encounter with excessive zero values in the datasets, posing
challenges for precise statistical analysis as standard models are not designed to
accommodate this case. In big data analysis, Jun (2023) also stated that the datasets
frequently contain a significant number of zero values, which profoundly affect the

analysis; failure to adequately account for excessive zero values can result in an
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unsuitable fit for both zero and nonzero counts as stated by Feng (2021). Thus, to
capture zero-inflated data, the Bayesian approach is recommended due to its ability to
provide mechanisms that facilitate estimation and yield efficient results (Choi, Chapkin
& Ni, 2020). Workie and Azene (2021) described that Bayesian approach allows for
parameter estimation through Markov model simulation that can generate random

values and thus offering greater flexibility in estimation.

Kang et al. (2023) studied about analysis of zero-and-one inflated bounded
count time series with applications to climate and crime data. They proposed a novel
variant of the first-order binomial autoregressive (BAR(1)) process that incorporates
zero-and-one inflated binomial marginals using the concept of hidden Markov models.
This new model encompasses the BAR(1) and other existing processes as particular
instances. The stochastic properties of the model are explored, and its parameters are
estimated using probability-based methods, quasi-maximum likelihood, maximum
likelihood, and Bayesian techniques. The findings of their study demonstrated that the
proposed model effectively captures the zero-inflation, one-inflation, and
overdispersion characteristics of the data. The predictive distributions are utilized to

detect anomalies and subsequently develop an early warning system for risk.

Research by Hughes, Guttorp and Charles (1999) proposed a non-homogeneous
hidden Markov model (NHMM) that aims to link precipitation events across various
rain-gauge stations with large-scale atmospheric circulation patterns. They analyzed a
15-year sequence of winter data from 30 rain stations in southwestern Australia,
utilizing the initial 10 years for model development and the subsequent 5 years for

model evaluation. The result showed that despite a shift in atmospheric circulation and
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consequent rainfall patterns between the two periods, the fitted model effectively
replicates observed rainfall statistics in the reserved data and offers valuable insights

into the underlying processes influencing rainfall in this area.

Long et al. (2019) developed an operational scheme for forecasting
precipitation, harnessing the Bayesian Non-Homogeneous Hidden Markov Chain
Model (NHMM), which affords the modeling of non-stationary transition probabilities
and emission matrices. Their model's efficacy was exemplified through its application
in analyzing precipitation across multiple stations in NingXiang County, an area
situated inland in southern China and characterized by dense population. The findings
of their research suggest that the developed model adeptly captures the varied
precipitation patterns observed at different stations. Furthermore, the proposed model
exhibits versatility, with potential applications extending beyond the specific case
study, enabling the simulation and generation of stochastic monthly precipitation data

across diverse geographical regions.

Similarly, Stoner and Economou (2020) undertook the task of modifying a
hidden Markov model to craft a sophisticated framework for simulating sub-daily
rainfall patterns. Their adapted model exhibits a remarkable capacity to encapsulate key
features of sub-daily rainfall dynamics, encompassing extended dry spells or droughts,
as well as the nuanced seasonal and temporal variations in both occurrence and
intensity, along with the predisposition towards extreme values. These modifications
encompass enhancements such as the incorporation of clone states and temporally non-
uniform state persistence probabilities. The outcomes derived from this model not only

yield valuable insights but also facilitate a comprehensive examination of the diurnal,
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seasonal, and annual fluctuations inherent in sub-daily rainfall occurrences and
intensities, thereby offering a deeper understanding of the intricate dynamics governing

rainfall patterns at finer temporal scales.

In a study by Wang, Asefa and Sarkar (2020), they proposed a novel
semiparametric Bayesian non-homogeneous hidden Markov model, uniquely designed
to explicitly integrate the influences of observed covariates, such as climate indices, on
both the state transition probabilities and the distribution of observation emissions. This
novel model underwent rigorous testing across three rainfall monitoring stations
situated within the service jurisdiction of Tampa Bay Water, a prominent regional water
supply agency in the Southeastern United States. The findings unveiled the model's
adeptness in accurately capturing the historical properties of rainfall patterns at these
locations, thus positioning it as a promising alternative for furnishing operational

rainfall forecasts that hold significant practical utility.

Nyongesa, Zeng and Ongoma (2019) also employed a non-homogeneous
Markov model to analyze daily rainfall patterns across 16 synoptic stations distributed
throughout Kenya. This analytical framework operates under the assumption that the
occurrence of diurnal rainfall events at these monitoring sites is influenced by latent, or
unobserved, “weather states”. These states' progression is modeled according to a first-
order Markov criterion, wherein the probabilities of transitioning from one state to
another are contingent upon certain atmospheric variable indices. Through the
application of the Bayes information criterion (BIC), five distinct states were identified
for inclusion in the model. To refine the analysis and provide detailed insights into daily

rainfall occurrences across the network of 16 stations, the non-homogeneous Markov



69

model utilized outputs from global circulation models (GCMs), specifically projections
of daily precipitation and sea surface temperatures pertinent to the study period. The
outcomes derived from this study underscore the suitability of the modeling tool for
statistically downscaling daily rainfall occurrences across a multisite station network,
thereby presenting valuable implications for various domains such as drought and flood
preparedness, water resource management, and the refinement of inputs for crop

models.

Furthermore, Guo et al. (2022) utilized a nonhomogeneous Markov model
(NHMM) to simulate daily summer rainfall patterns, incorporating future projections.
Through this investigation, they underscored the efficacy of the NHMM algorithm,
showcasing its ability to accurately capture the coherent relationships between regional
rainfall dynamics within the middle and lower reaches of the Yangtze River basin and
the prevailing large-scale atmospheric circulation features surrounding the region. The
findings highlighted the NHMM's exceptional capacity to elucidate the intricate
interplay between rainfall patterns and the corresponding regional atmospheric
circulation regimes. Similarly, Jiang et al. (2023) devised an innovative NHMM variant
aimed at enhancing the accuracy of reproducing spatiotemporal precipitation
characteristics at specific geographic locations, particularly focusing on extreme
precipitation events. The outcomes of their research, conducted within the same study
area, underscored the model's high efficiency and superior performance in simulating
precipitation variability and extreme events. Concurrently, Cao et al. (2023) employed
a Bayesian-NHMM approach to forecast daily rainfall during the rainy season across

the same study area. Their findings demonstrated the favorable performance of
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Bayesian-NHMM in capturing the seasonality and interannual variability of

precipitation across diverse climatic conditions.

In a related study, Ramadhan and Devianto (2020) utilized a hidden Markov
model to forecast rainfall data availability at a weather station in West Sumatra. The
study aimed to predict hidden states of rainfall data availability using the Baum-Welch
Algorithm within the hidden Markov model framework. The results demonstrated that
the hidden Markov model is effective for forecasting the probability of rainfall data
being available. Specifically, the predictions indicated that for the upcoming one-day
period, the likelihood of rainfall data availability from three weather stations could be

accurately assessed using the Viterbi algorithm.

Tan, Yusof, and Yusop (2013) highlighted the significance of the
nonhomogeneous Markov model (NHMM) in generating rainfall patterns based on a
limited number of weather states, which act as intermediaries linking the large-scale
atmospheric conditions. Motivated by this, they employed NHMM to analyze daily
rainfall data collected from 20 stations across Peninsular Malaysia during the northeast
monsoon season. Their findings revealed that NHMM exhibited a commendable ability
to accurately replicate various aspects of observed daily mean rainfall, including
correlations between rainfall amounts recorded at different stations and the quantile-
guantile plot. Consequently, it was deduced that NHMM emerges as a valuable tool for
simulating daily rainfall amounts, offering insights crucial for devising strategies and
plans to mitigate unforeseen disasters such as floods and droughts. However, in a
subsequent study conducted in 2017, Tan, Yusof, and Yusop sought to further explore

the modeling capabilities, this time employing a homogeneous Markov model to
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examine the variability of rainfall patterns and atmospheric circulation across 40
rainfall monitoring stations in Peninsular Malaysia. The outcomes of this investigation
demonstrated the model's efficacy in depicting the spatiotemporal variability inherent
in monsoon rainfall patterns. Thus, it can be inferred that the Bayesian approach holds
promise in capturing the intricate temporal dependencies and transitions evident in daily
rainfall patterns, thereby contributing to enhanced understanding and predictive

capabilities in hydrological and climate modeling endeavors.

Drawing from previous research on zero-inflated data, this study applies a
Hidden Markov Model (HMM) within a Bayesian framework to effectively manage
and account for the uncertainties associated with zero-bounded datasets. Zero-inflated
data, characterized by an excess of zero values, presents unique challenges for statistical
modeling, particularly in accurately capturing the underlying distribution and
variability of the non-zero observations. By employing an HMM in a Bayesian context,
the study aims to address these challenges by providing a robust approach to quantify
parameter uncertainties. The Bayesian approach facilitates a comprehensive assessment
of the uncertainties related to the model parameters by incorporating prior distributions
and updating them with observed data to produce posterior distributions. This
methodology allows for a more nuanced understanding of the data's structure and
variability, improving the model's ability to handle the peculiarities of zero-bounded
data. Through this approach, the study seeks to enhance the accuracy and reliability of
predictions and inferences derived from zero-inflated datasets, thereby advancing the

overall effectiveness of statistical analyses in contexts where zero values are prevalent.
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2.6 Non-Linearity Data

In reality, conceptually based methods that rely on historical input data can generate
non-linear correlations between the simulated parameters and the estimators without
the necessity for prior knowledge of the flow's nature (Hadi et al., 2019). Capturing
non-linearity in data using machine learning-based statistical downscaling involves
developing models that can accurately predict relationships between atmospheric
variables and local-scale observations (lan et al., 2023). Loecher et al. (2023) also stated
that machine learning models can find trend and predict outcomes by exploiting and

learning from large, complex and non-linear data sets.

Bowden, Foster and Parkes (2023) discovered that the connections between
weather and agricultural productivity are intricate and nonlinear; they observed that the
machine learning model can uncover intricate non-linear relationships and interactions
between climate and variations in rice production, which depend on factors like extreme
weather timing and magnitude during the growth period. Meanwhile, according to
Shakya (2019), machine learning methods are utilized within optical fiber cables to
diminish non-linearity, offering a more favourable and economically efficient approach
for monitoring various impairments in optical networks. Peng and Nagata (2020)
applied machine learning model for an empirical overview of non-linearity and
overfitting using COVID-19 data and the result showed the model that incorporates the

highest degree of non-linearity had the best performance.

In hydrology, Hadi et al. (2019) applied machine learning models to encounter

several difficulties in predicting streamflow, stemming from the intricate dynamics of
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various natural factors like non-stationarity, non-linearity, and unpredictability, posing
considerable challenges. Kumar et al. (2021) introduced a deep learning-based
downscaling of summer monsoon rainfall data as rainfall variability is dependent on
the complex spatio-temporal process leading to non-linear or chaotic spatio-temporal
variation and it was found that the proposed model provided better information on
rainfall intensity. He et al. (2022) proposed two machine learning models for predicting
runoff, which took into account the non-linear and real-time characteristics of hourly
rainfall and runoff data; their findings demonstrated that these models effectively
enhanced the model's generalization capacity and provided improved guidance in

identifying optimal non-linear relationships.

Furthermore, Li et al. (2021) introduced a regression-based ensemble method
called the Variational Bayesian Long Short-Term Memory network (VB-LSTM) to
tackle model structural uncertainty across various fields. This approach utilizes an
advanced variational inference (V1) algorithm, which offers faster and more scalable
performance compared to the Bayesian Markov Chain Monte Carlo (MCMC) method,
to approximate the posterior distributions of numerous parameters within LSTM
networks. Their research showed that the VB-LSTM model effectively reduces the
impact of member selection and combines different model components to create a more
robust model than those achievable through Bayesian Model Averaging (BMA). The
results indicate that VB-LSTM, with its sophisticated architecture and extensive
parameter set, is capable of capturing non-linear relationships and temporal
dependencies effectively. The extent of the improvement in model performance

correlates with the strength of the non-linearities and time dependencies in the data.
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Next, Jose and Yasala (2024) introduced a hybrid model that combines the
Hidden Markov Model (HMM) with Artificial Neural Networks (ANN) to enhance
predictions of groundwater quality in the Kanyakumari District, India. This integrated
approach leverages the strengths of both models: HMM is used to capture sequential
patterns and state transitions, while ANN excels at identifying complex relationships
within individual features. By merging these models, the study achieves a more
nuanced understanding of groundwater quality dynamics and improves the accuracy of
quality assessments. The HMM-ANN hybrid model demonstrated a high prediction
accuracy of 97.41%, illustrating its effectiveness. This innovative methodology
advances groundwater quality evaluation and supports better decision-making for water
resource management and environmental conservation. Thus, it is confirmed that
machine learning’s strength is that it can develop non-linear correlation in data and

interactions between predictors (Sumayli, 2023).

Building on prior research, it has been observed that there has been a notable
absence of studies exploring the integration of Bayesian approaches with machine
learning-based statistical downscaling for rainfall prediction. To address this gap, this
study proposes a novel hybrid model name Statistical Downscaling-based
Homogeneous Markov Model-Machine Learning model, referred to as SD-based

HMM-ML, to enhance the accuracy of rainfall forecasts.

The Homogeneous Markov Model is adept at managing parameter uncertainties
related to zero-inflated data, which is crucial for handling datasets where zero values
are prevalent. By incorporating HMM, the model can effectively account for the

variability and uncertainties inherent in such data. On the other hand, SD-based ML
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techniques are designed to capture complex, non-linear relationships between
predictors and the variable being predicted (predictand). This capability is essential for

accurately modeling the intricate interactions that influence rainfall patterns.

By combining these two advanced methodologies, the SD-based HMM-ML
model aims to leverage the strengths of both approaches. The HMM component
provides robust handling of data uncertainties and sequence transitions, while the SD-
based ML component enhances the model's ability to understand and predict non-linear
relationships. This hybrid approach is expected to significantly improve the precision

of rainfall predictions, offering a more comprehensive and reliable forecasting tool.

Overall, the integration of SD-based HMM-ML represents a significant
advancement in the field of rainfall prediction, addressing the limitations of existing
models and paving the way for more accurate and insightful weather forecasts. This
innovative approach not only fills a critical research gap but also holds the potential to
contribute to more effective water resource management and climate adaptation

strategies.

2.7 Model Performance Metrics

Performance metrics are essential parts of the frameworks used for evaluation in
numerous fields. Botchkarev (2019) defined performance metrics as a logical and
mathematical construct designed to measure how close are the actual results from what

has been expected or predicted. In machine learning regression experiments,
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performance metrics are employed to assess the alignment between model predictions
and actual observed data from the test dataset, a factor that directly influences the
selection of suitable machine learning algorithms (Makridakis, Spiliotis, & Kopoulus,

2018).

To effectively analyze and evaluate the predicted results by different models,
model performance metrics is applied to evaluate the anomalies of data prediction
accuracy and measurement of performance (lan et al., 2023). RMSE is applied for
evaluating the efficiency and performance of different prediction models (Chai et al.,
2013; Savage et al., 2013; Chai & Draxler, 2014; Sahoo & Ghose, 2022). Consequently,
a smaller RMSE value indicates superior performance of a method (Addi et al., 2022).
The RMSE quantifies the magnitude of average squared errors, resulting in a

heightened sensitivity towards larger discrepancies (Duarte et al., 2022).

Rafik et al. (2023) summarised that The Nash-Sutcliffe efficiency coefficient
(NSE) is an extensively utilized statistical metric designed to assess the performance of
hydrological models. Introduced by Nash and Sutcliffe in 1970, this coefficient
provides a quantitative evaluation of how well a model's simulated streamflow matches
the observed data. The NSE value ranges from negative infinity to 1, where a value
close to 1 signifies an excellent agreement between the observed and simulated stream
flows, indicating that the model performs very well (Agarwal et al., 2023). Conversely,
an NSE value close to 0 suggests poor model performance, implying that the model

simulations do not closely replicate the observed data.
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Next, Agarwal et al. (2023) indicated that they calculated errors in predictions
at each point by determining the variance between observed values and predicted
outcomes. The average of these calculated errors provided the MAE for each predicted
dataset. The MAE, which ranges from 0 to positive infinity, ideally approaches 0,
signifying perfect accuracy where predicted values precisely match the target values

(Vanetal., 2022).

Lastly, Agustian et al. (2020) described Mean Forecast Error (MFE) as the
average error obtained by dividing the total errors by the number of forecasted periods,
serves as an effective means to determine if forecasted values over a given period are
excessively high or low, computed by summing all forecast errors across forecasting
periods and dividing by the number of periods. MFE typical ranges from negative to

positive infinity, with zero representing perfect accuracy (Satrio et al., 2021).

In a nutshell, to analyze the performance of the proposed model in this study,
RMSE, NSE, MAE and MFE will be applied. These models can measure the accuracy

of the proposed model and the stability of the model proposed in this study.

2.8 Conclusion

In this chapter, an in-depth discussion is provided on the literature review, drawing on
previous research that addresses several critical aspects of data analysis and modeling
relevant to this study. The chapter begins by exploring the issue of missing data, a

common challenge in many datasets, particularly in meteorological studies. It delves
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into various imputation methods that have been employed in previous research to
address these gaps, evaluating their effectiveness and suitability for different types of
data. Additionally, the chapter examines the complexities of zero-inflated data, where
a significant proportion of observations are zero, which poses unique challenges for
analysis and modeling. To tackle these challenges, the chapter reviews dimension
reduction approaches that are essential for managing high-dimensional data, ensuring
that the most relevant information is retained while reducing the computational burden.
Beyond these topics, the chapter also discusses previous studies that have utilized
Bayesian approaches, highlighting their application in capturing uncertainties and
improving model predictions. Furthermore, the chapter provides a comprehensive
overview of statistical downscaling techniques, particularly those that integrate
machine learning, offering insights into how these methods have been used to refine
predictions and improve model accuracy. The discussion is rounded out by a review of
model performance metrics, which are crucial for evaluating the effectiveness of
various models in different research contexts. By synthesizing these diverse strands of
literature, the chapter not only underscores the challenges and methodologies pertinent
to this study but also situates the research within a broader academic context, providing
a robust foundation for the subsequent analysis and discussion. Finally, the following
is a summary of the methodology and contributions of previous studies, organized by

sub-topics and publication year.
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Summary of methodology and contributions of previous studies
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No. Pu:){fi:;e 4 Author Title Methods  Contribution
2.2 Statistical Downscaling-based Machine Learning Model
The study
Future predictions demonstrated that
of precipitation SDSM performed
Al- and temperature in satisfactorily in
1. 2019 Mukhtar & Iraq using the SDSM simulating future
Qasim statistical maximum and
downscaling minimum
model temperatures and
precipitation.
The study
concluded that
PPR is effective
Projection pursuit in reducing
regression in dimensions,
statistical especially for
5 001 Farikha et downscalling PPR, ANN non-linear data,
al. model using and that
artificial neural combining PPR
network for with ANN yields
rainfall prediction smoother
performance
compared to PPR
alone.
Performance of
machine lea.rmng RF model
models in
o emerged as the
predllc't 1ng v(;/ater MLR, RF, top performer in
N bopy  Kouadrict bag;? ;;yi‘r‘;egezlar MS5P, RSS, AR,  predicting WQI
al. data set ANN, SVR & on total hardness
LWLR and total

application on
Illizi region
(Algerian
southeast)

dissolved solids
in the study area.
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Year . o
No. Published Author Title Methods Contribution
The study found
that bias
. correction
Statistical
) methods excelled
downscaling of . . .
. in reducing biases
daily temperature .
. and representing
and precipitation
over China using CNN, GLM temporal
4. 2021 Sun & Lan deep learning BCSD & BCCI correlgtlons,
especially
neural models: precipitation
localizati ;
ot Wi e OOy
P model holds
other methods .
significant
potential for
downscaling.
The study
concluded that
MFGWML
successfully
merges the
Spatial strength of
downscaling of multiple
land surface MFGWML regression,
temperature based algorithm —  machine learning
5. 2021 Xu et al.
ueta on a multi-factor XGBoost, and GWR,
geographically MARS & BRR effectively
weighted machine capturing local
learning model heterogeneity and
producing
reliable and
robust
downscaled LST
data.
The study
indicates that in
Simulating the high mountain
climate driven regions,
runoff in ditg- RBE-ANN, ter-nper-a{ture .
6. 2002 Fanetal  SCCe mou1.1 ains RE, SVR & primarily contro
by machine runoff changes,
. XGBoost
learning and whereas

downscaling
reanalysis data

precipitation has
a greater impact
on runoff changes
in lowland areas.
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No. Ye‘ar Author Title Methods Contribution
Published
N
. achieved RMSE
downscaling of values of 7% and
7. 2022 Oh et al. wind resource LGBM °
maps using multi 8% for the two
ps Ie e Weibull
resolution arameters
topographical data P '
The results
demonstrated that
LSTM model,
when combined
MI for data
screening,
Statistical outperformed the
st ANN model in
downscaling of .
. extracting
Alibour et global climate historical
8. 2023 pou models for ~ ANN & LSTM t
al. temperature trend temperature
:nal is in trends. This
Caloa Y Canada indicates that the
£ary, LSTM-based
network holds
promise as a tool
for simulation
and impact
assessment in
Calgary, Canada.
The study found
that the CNN-
Using UNET model
explainability to consistently
e v, el
9 2023 Gonzalez- baszvd on deeg CNN- re ionsV and 111:ut re
' Abad et al. _ P DeepESD & g -
learning beyond climate scenarios,
CNN-PAN
standard whereas the
validation CNN-DeepESD
approaches and CNN-PAN

models exhibited
discrepancies.
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No. e Author

Published s

Methods

Contribution

2.2.1 Application of Rainfall Prediction using Statistical Downscaling-based
Hybrid Machine Learning Model

The results
indicate that

MARS, M5, 1(\)/[/tuf{:rsformed the
. u
Uncertainty WOA, LSSVM P
. . M5 model.
analysis of climate & WT
. . Among the
. change impacts on  (decomposing) .
Anaraki et downscaling
1. 2020 flood frequency LSSVM-
al. . . methods, ANN
by using hybrid WOA,
. . and LSSVM-
machine learning LSSVM, KNN WOA slihtl
methods & ANN gty
(downscaling) exceeded other
b & machine learning
algorithms in
performance.
2. 2021 Lee & Precipitation MCRF The study’s
Chen modeling for results
extreme weather demonstrated that
based on sparse the application of
hybrid machine the conditioning
learning and method and
Markov chain rain multi-scale
field in a multi- decomposition
scale subspace within the sparse
I space
significantly
mitigates the
impact of
statistical
variation caused
by extreme
weather
conditions.
SVM-FA model
Prediction of achieved superior
'ﬂood 1'n Barak' RBFNN & performanc'e,
Sahoo et  River using hybrid . outperforming the
3 2021 1 machine learnin SVM combine RBF-FA model in
a AchINE Calling o ith FA, ANN A mode

approaches: a case
study

terms of
forecasting
accuracy.
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Year . o
No. Published Author Title Methods Contribution

The findings
revealed that
VMD-GPR
hybri 1

Comparison of ybrid mode

. . excelled at 1- and

hybrid machine .

. 3-month time
learning methods les. while the
for the prediction ~ ANN, ANFIS, seales,

. DWT-ANN
4 2022 Citakoglu of short-term GPR, SVMR, hvbrid model
' & Coskun meteorological KNN, VMD, Zovi ded the most
droughtsin ~ DWT, & EMD ©
accurate
Sakarya .
. predictions for
Meteorological .
. the 6-month time
Station in Turkey
scale when
forecasting the
SPI drought
indices.
The hybrid M5P-
SVR model
outperformed the
individual
algorithms,
Precipitation demonstrating
forecasting in superior accuracy
5 2002 D1 Nunno Northen . M5P & SVR n pr-ec1-p1tat10n
et al. Bangladesh using prediction for the

a hybrid machine
learning model

region studied,
and thus, was
identified as the
most reliable
model among
those tested in the
research.
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Year . o
No. Published Author Title Methods Contribution
The new
1
Pan evaporation propf)sed mode
L considerably
estimation by .
prediction and by
relevance vector ‘mbortin
Adnan et machine tuned extliaterrfstrial
6. 2023 with new RVM-IMRFO .
al. . radiation into the
metaheuristic .
. . model, the inputs
algorithms using
. L generally
limited climatic )
improved the
data. .
prediction
accuracy.
The findings of
the proposed
model illustrated
the essential
factors that
played a crucial
role during heavy
Rainfall rainfall and all of
prediction rate in the extreme
7 2023 Baljon & Saudi Arabia Improved rainfall events
' Sharma using improved FFANN that occurred
machine learning during the
techniques assessment years
could have been
precisely
predicted by the
proposed model,
demonstrating its
efficacy as a
predictor.
The proposed
Convolutional model could help
neural network- researchers
support vector predict rainfall,
machine-gaussian which is essential
g 2023 Ehteram et process CONN-SVM-  for monitoring
’ al. regression: a new GRP water resources

machine model
for predicting
monthly and daily
rainfall

and mitigating the
impacts of
droughts, floods,
and other natural
disasters.
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No. Pu:fi’;;e 4 Author Title Methods  Contribution
W-SVM
consistently
delivered high

Prediction of predictive
. accuracy across
Farooq et seas'onal ram'fall W-SVM & W-  all selected
9. 2023 using hybrid .
al. . . RF wavelets, making
machine learning )
algorithms it the most
reliable model for
seasonal rainfall
prediction in this
study.
The experiment
An Al-enabled results showed
ensemble method that the proposed
0. 2023 Kanani et for re.linfall. LSTM approach
al. forecasting using outperforms
long-short term several state-of-
memory the-art
approaches.
The inclusion of
Improving hybrid nonlinear models
models for in the improved
Parviz et precipi‘fation GEP. SVR, & hybrid mpdels
11. 2023 forecasting by resulted in better
al. .. GMDH
combining non- performance
linear machine compared to the
learning methods traditional hybrid
approaches.
The researchers
Rainfall claimed that the
prediction using GB was found to
machine learning work best among
12. 2023 Patel et al. techniques for RF, GB & DT RF and DT, with

Sabarmati River
Basin, Gujarat,
India

features related to
and affecting
rainfall
predictability.
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Year

No. Published Author Title Methods Contribution
The result
showed that the
accuracy of LR is

Prediction of 88% while, the
rainfall analysis ?ccuracy of SVM
Praveena using logistic Is 82%. After
13. 2023 . LR & SVM  hyper-tuning, the
et al. regression and
support vector accuracy of LR
. and SVM
machine .
classifier were
improved by 89%
and 91%
respectively.
The result
showed that hist
gradient boosting
classifier from
Short-term rainfall . Ensemble
Prottasha prediction using Tyventy-nme classifiers has
14. 2023 . different ML . .
et al. supervised . given the highest
. . classifiers
machine learning accuracy and
suitable to be a
universal and
easy rain
prediction tool.
2.3 Missing Values
The HD, KNNI,
and WKNNI
consistently yield
the best
imputation results
across varying
A new approach missing data
for processing levels.
climate missing HD, KNN, Additionally,
1. 2019 Aiebetal. databases applied WKNN, MI, altitude, latitude,
to daily rainfall LR, & SAM  and longitude

data in Soummam
watershed, Algeria

significantly
impact
correlation and
residual averages,
influencing the
performance of
MI, LR, and
SAM methods.
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Year

No. Published Author Title Methods Contribution
Among the
methods, STK
was identified as
the most robust,
particularly well-

L suited for dealing
Estimating .
extremely large with
X
Aguilera et ylarg STK, PMM & chronological
2. 2020 amounts of
al. . RF patterns of

missing .
recipitation data missing data,

P while RF was
found to be more
efficient when
faced with
random patterns
of missing data.
The analysis
outcomes indicate
that for handling

bsent historical

The effectiveness 2 .Sen .IS .

o daily rainfall data
of a probabilistic
o from coastal
principal o
monitoring
component stations, the
3 2020 Chuan et analysis model 2PPCA-EM & YPPC A’EM
' al. and expectation MPPCA-EM
S demonstrated
maximisation
. . better
algorithm in
. . performance
treating missing
. X compared to the

daily rainfall data .

single and

multiple methods
suggested in
earlier research.
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Year . o
No. Published Author Title Methods Contribution
Based on the
experiment, it
showed that RBM
. is the best result
A comparative .
tudy of different for single
; iI}I/l tation RBM, NN, imputation but
methol()il; for dail MCMC, RF had shown its
4. 2020 Nor et al. . . y NIPALS, & RF  supremacy by
rainfall data in . . .
combined with  giving the best
east-coast
. MLR result and more
Peninsular .
. fitting for
Malaysia o
satisfying the
missing data
when combined
with MLR.
The findings of
. the stud led
A comparison of © stidy reveate
. that the
multiple combination of
imputation RRRI, KNN &
RRRI-MLR
Hamzah et methods for CART .
5. 2021 . . . significantly
al. recovering combined with
mp: \ outperformed the
missing data in MLR . .
. other imputation
hydrological .
. methods in terms
studies
of accuracy and
reliability.
Regression,
PPCA and RF
Evaluation of were showing a
imputation positive and
techniques for 12 imputation excellence results
6. 2022 Addietal. infilling missing P for estimating the

daily rainfall
records on river
basins in Ghana

methods

numbers of dry
and wet periods
and moderate to
extreme rainfall
values.
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No. Pu:fi’;;e 4 Author Title Methods  Contribution
The analysis
indicated that the

Assessment of EM method
. . outperformed the
Hirca & dlfferer'lt m?thOdS . Slmplfe other techniques,
7. 2024 Tiirkkan for estimation of imputation emerging as the
missing rainfall ~ methods & EM .
data most suitable
approach for
completing
missing data.
2.4  High-Dimensionality Data
To assist in
selecting the
number of
components, the
Genomic results were
prediction with analyzed based
| the PCR,PLS & On2dditive
1. 2020 Costa et al. additive-dominant [CR dominant, and
model by total genomic
dimensionality information.
reduction methods Overall, PCR
demonstrated
greater accuracy
compared to the
other methods.
The study
demonstrates that
PCA enables
quick
visualization of
Visualization global data
Framework for patterns, while t-
High-Dimensional SNE and UMAP
Spatio—TemPoral PCA. GTM. t- prov.ide mo-re -
2. 2020 Mazher Hydrological SNE & UMAp  Precise depictions
Gridded Datasets of local trends.
using Machine- Additionally,
Learning UMAP is more
Techniques computationally
efficient than t-
SNE and less
influenced by

outliers compared
to GTM.
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Year . o .
No. Published Author Title Methods Contribution
The results of the
study revealed
. that the nAEN
Linear and non-
linear outperformed
Portnova- dimensionalit PCAin
3. 2020 Fahreeva ) y PCA & nAEN reconstructing
reduction . .
et al. . hand kinematic
techniques on full
. . data from a
hand kinematics
reduced-
dimensional
latent manifold.
) The findi f
Integration of © TRERES 0
selective the study
| Seieeve highlighted ICA
dimensionality
reduction as the most robust
4 2020 Shirmard techniques for PCA,ICA &  technique among
' et al. -q MNF the three for
mineral .
. . generating
exploration using hvdrothermal
ASTER satellite et
alteration
data .
thematic layers.
By applying
PCA, researchers
can reduce the
complexity of
. these datasets,
A tutorial on .
. making them
principal )
easier to analyze
component while retainin
5. 2023 Bharadiya analysis for PCA, SVM &
. . . most of the
dimensionality .
.. critical
reduction in . .
. . information,
machine learning .
ultimately

enhancing the
interpretability
and value of data-
driven studies.
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No.

Year

Published  “AUthor Title Methods

Contribution

2.5 Zero-Inflated Data

A non-
1999 Guttorp & v NHMM
model for
Charles .
precipitation
occurrence

The result
showed that
despite a shift in
an atmospheric
circulation and
consequent
rainfall patterns
between the two
periods, the fitted
model effectively
replicates
observed rainfall
statistics in the
reserved data and
offers valuable
insights into the
underlying
processes
influencing
rainfall in this
area.

Non-
Homogeneous
Hidden Markov
Model for Daily NHMM
Rainfall Amount

Tan, Yusof

2013
& Yusop

in Peninsular
Malaysia

It was deduced
that NHMM
emerges as a
valuable tool for
simulating daily
rainfall amounts,
offering insights
crucial for
devising
strategies and
plans to mitigate
unforeseen
disasters such as
floods and
droughts.
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Year

No. Published Author Title Methods Contribution
Subseasonal to The outcomes of
multidecadal this investigation
variability of demonstrated the
northeast model’s efficacy
3 2017 Tan, Yusof mo?soon daily HMM in dc?picting the
& Yusop rainfall over spatiotemporal
Peninsular variability
Malaysia using a inherent in
hidden Markov monsoon rainfall
model patterns.
It shows that the
model effectively
captures
precipitation
patterns across
Monthly stations and
precipitation demonstrates
modeling using versatility. It can
4. 2019 Long et al. Bayesian non- NHMM be applied
homogenous beyond the case
hidden Markov study to simulate
chain and generate
stochastic
monthly
precipitation data
in various
regions.
It indicates that
the modeling tool
is well-suited for
statistical
downscaling of
Non-homogenous daily rainfall
hidden Markov OeeurTERees
across a multisite
Nyongesa, model for .
5. 2019 Zeng & downscaling of ~ GCM-NHMM station network.
i The model's
Ongoma short rains

occurrence in
Kenya

statistical insights
are valuable for
drought and flood
preparedness,
water resource
management, and
as inputs for crop
models.
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Year . S
No. Published Author Title Methods Contribution
A Hidden Markov The results
demonstrated that
Model for .
. the HMM is
Ramadhan Forecasting effective for
6. 2020 & Rainfall Data HMM "
. o forecasting the
Devianto  Availability at the .
. probability of
Weather Station in ) ,
rainfall data being
West Sumatra .
available.
The model
provides valuable
Multivariate 11?51ghts nto
. . diurnal, seasonal,
hierarchical
Stoner & frameworks for and annual
7. 2020 . HMM rainfall
Economou modeling delayed .
reporting in count variations,
P enabling a deeper
data .
understanding of
sub-daily rainfall
dynamics.
The findings
unveiled the
model’s
adeptness in
accurately
capturing the
A novel non- historical
homogeneous properties of
Wang, hidden Markov rainfall patterns at
8. 2020 Asefa & model for NHMM these locations,
Sarkar simulating and thus positioning it
predicting as a promising

monthly rainfall

alternative for
furnishing
operational
rainfall forecasts
that hold
significant
practical utility.
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Year

No. Published Author Title Methods Contribution
The findings
highlighted the

Increase of future NHMM’s
summer rainfall in exceptional
the middle and capacity to
lower reach of the elucidate the
9. 2022 Guo et al. Yar.lgtze River NHMM intricate in‘Ferplay
basin projected between rainfall
with a patterns and the
nonhomogeneous corresponding
hidden Markov regional
model atmospheric
circulation
regimes.
Their findings
demonstrated the
The predictability favorable
of daily rainfall performance of
during rainy Bayesian-NHMM
season over East . in capturing the
10. 2023 Cao et al. Asia by a Bayesian- seasonality and
: NHMM .
Bayesian interannual
nonhomogeneous variability of
hidden Markov precipitation
model across diverse
climatic
conditions.
The outcomes of
their research,
A stacked conducted within
ensemble learning the same study
and non- area, underscored
homogeneous the model’s high
11. 2023 Jiang etal.  hidden Markov NHMM efficiency and

model for daily
precipitation
downscaling and
projection

superior
performance in
simulating
precipitation
variability and
extreme events.
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Year

No. Published Author Title Methods Contribution
The findings of
their study

Analysis of zero- demonstrated that
and-one inflated the proposed
bounded count model effectively
12. 2023 Kang et al. time with BAR(1) captures the zero-
applications to inflation, one-
climate and crime inflation, and
data overdispersion
characteristics of
the data.
2.6  Non-Linearity Data
The XGBELM
model
outperformed the
stand-alone
schema of both
Non-linear input XGB and ELM
variable selection models and the
approach high-lagged
. integrated with schema of the
1. 2019 Hadi et al. Monetatelbddiy XGB, ELM XGB. Tt is
intelligence model important to
for streamflow indicate that the
pattern simulation XGBELM model
found to improve
the prediction
ability with
minimum
variables number.
The ML models
offering a more
Machine learning favorable and
based nonlinearity economically
5 2019 Shakya determination for ML efficient approach

optical fiber
communication-
review

efficient for
monitoring
various
impairments in
optical networks.
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Year

No. Published Author Title Methods Contribution
An empirical The result
overview of showed the model
Peng & nonlinearity and that incorporates
3. 2020 overfitting in ML the highest degree
Nagata . . . .
machine learning of non-linearity
using COVID-19 had the best
data performance.
Deep learning- It was found that
based SRCNN,
. the DeepSD
4 001 Kumar et downscaling of stacked provided better
al. summer monsoon SRCNN, & . .
rainfall data over DeepSD 1n.formajuon 01.1
. . rainfall intensity.
Indian region
The results
indicate that the
proposed model,
Application of a with its
hybrid algorithm sophisticated
of LSTM and architecture and
Transformer based extensive
5. 2021 Lietal. on random search VB-LSTM parameter set, is
optimization for capable of
improving capturing non-
rainfall-runoff linear
simulation relationships and
temporal
dependencies
effectively.
The findings
Shortm-term show that these
runoff prediction models improve
optimization BGRU-BP & generalization
6. 2022 He et al. method based on BLSTM.BP and enhance the
BGRU-BP and identification of
BLSTM-BP optimal non-

neural networks

linear
relationships.




97

No.

Year

Published  “AUthor Title Methods

Contribution

7.

Identifying links

between monsoon
Bowden,

2023 Foster &
Parkes

variability and
rice production in

India through
machine learning

ML

ML model can
uncover intricate
non-linear
relationships and
interactions
between climate
and variations in
rice production,
which depend on
factors like
extreme weather
timing and
magnitude during
the growth
period.

8.

Machine learning-
based ensemble
2004 Jose & model for HMM-ANN
Yasala groundwater
quality prediction:

A case study

The proposed
hybrid model
demonstrated a
high prediction
accuracy of
97.41%,
illustrating its
effectiveness.
This innovative
methodology
advances
groundwater
quality evaluation
and supports
better decision-
making for water
resource
management and
environmental
conservation.




CHAPTER 3

RESEARCH METHODOLOGY

3.1 Introduction

This chapter discusses the methodology employed in this research. The process starts
with seven imputation methods namely Mean and Median Imputation, k-Nearest
Neighbor (kNN), Random Forest (RF), Expectation-Maximization (EM) Algorithm,
Markov Chain Monte Carlo (MCMC), and Nonlinear Iterative Partial Least Squares
(NIPALS), followed by dimensional reduction techniques such as Principal Component
Analysis (PCA), a Bayesian approach known as the Homogeneous Markov Model and
Statistical Downscaling-based Machine Learning models namely Random Forest (RF),
Support Vector Machine (SVM), Artificial Neural Network (ANN), Decision Tree (DT)
and k-Nearest Neighbor (KNN). Additionally, this chapter also discusses about
disadvantages of using single Bayesian Approach and Statistical Downscaling-based
Machine Learning model for prediction modeling, prediction modeling of hybrid
Statistical Downscaling-based Bayesian-Machine Learning model and end with model

performance metrics used in this study.
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3.2 Imputation Methods

According to Kwak and Kim (2017), imputation involves replacing missing values with
substituted values obtained from a statistical analysis to produce a complete data set
without missing for analysis. It is important to the logical relationship between data
features first when filling in missing data, then establish mathematical model analysis,
and lastly generating models to ensure that the data filling program is simple and
reliable (Huang, 2021). Donders et al. (2006) also stated in Emmanuel et al. (2021) that
the process of imputation involves replacing missing values by some predicted values,
where the non-missing values data set is normally used to predict the values used to

replace the missing values.

Single imputation method generates specific value for a missing real value in a
data set (Khan & Hoque, 2020). Less computational cost is required for this method
because the value can be obtained by mean, median or mode of the available values of
that variable. In the meantime, multiple imputation is a technique that was primarily
used to address the shortcomings of single imputation (Uusitalo et al. 2015; Emmanuel
et al., 2021). It involves using the distribution of the observed data to approximatively

represent a number of values that reflect the uncertainty surrounding the true value.

3.2.1 Mean and Median Imputation

Mean imputation is easy to implement and simple because it replaces missing value

with sample mean or median or mode depending or distribution of the data (Jadhav,

Pramod & Ramanathan, 2019). The formula of mean imputation can be written as:
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=1 Xi (3.1)
n
where P, is the imputed mean rainfall value, X; represents the observed rainfall values

P, =

and n is the number of observed rainfall data.

With median, a constant is used to replace the missing data (Jadhav, Pramod &
Ramanathan, 2019). In the event of a categorical variable, the value "1" could be used

to replace all missing values.

3.2.2 k-Nearest Neighbor

The closest neighbours of missing values are classified by the kNN algorithm, and those
neighbours are then used for imputation using a distance metric between instances
(Maillo et al., 2017; Emmanuel et al., 2021). Below, an explanation of the ANN

imputation is provided using the Euclidean distance metric:

m
dist,, = Z(Xik — X3)? o)
k=1 )

where dist,,, is the Euclidian distance between two data x and y, m is the number of

data attributes, X;; is the value of the k-th attribute of the data point with the missing

value and Xjy is the value of the A-th attribute of the complete data point.

Once the distances are calculated, the k nearest data points with the smallest
Euclidean distances to the data point with the missing value are selected. These nearest

neighbors will be used for the imputation. Assign weights to these k nearest neighbors



101

based on their distances. Closer neighbors receive higher weights, reflecting their
greater relevance to the missing value. The weight w; for the j-th neighbor is given by:

1
w; = —
7 dist},

where dist, ) is Euclidian distance between the data point with the missing value and

(3.3)

the j-th neighbor.

Finally, compute the weighted mean of the k nearest neighbors to estimate the
missing rainfall value. The imputed rainfall value ﬁmissing is calculated using the

formula:

k
2 _ZimwiR
missing —

- (3.4)
j=1Wj
where R; are the rainfall values of the k nearest neighbors and w; are their respective

weights.

Figure 3.1

Steps involve in kNN imputation method

Step 1: } .
- = . Step 2: Step 3:
Identify missing Select features Calculate distance
values
Im Sttee m?s:sin Step 5 5:. _Ste 4:
P g Compute weights Identify neighbors

values
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3.2.3 Random Forest

Each classification tree in the Random Forest model is built using a collection of
random subsets of input data that include input and output variables (Mishra & Datta-
Gupta, 2017). As expected, the remaining "out-of-bag" samples can be used to verify
the effectiveness of the trained model since each tree only consumes a portion of the
whole data set (Bhattacharya & Mishra, 2018). Several network characteristics are
necessary for RF, including the number of maximum depths, the predictor variables at

each node, and the overall number of trees.

On the observed data sets, RF was taught to anticipate the missing values.

Suppose that X = (X, X5, ..., Xp) is an n X p dimensional data matrix. For an arbitrary

variable, X, including missing values at entries ir(rslgs c {1, .....,n}, we may divide the
dataset into four steps (Stekhoven & Biihlmann, 2012). First of all, the observed values

of variable X are denoted by yo(z)s. Then, the missing values of variables X are denoted

(s)

by ymls Next, variables other than X; with missing values L c{1,....,n}\i, ; ar

denoted by x®) 1t should be noted that x5, i

mis* ops 18 rarely completely observed because the

:(S) (s)

index i, corresponds to the observed values of the variable x,. Likewise, x,. 7. is not
always completely missing.
The variables X, s = 1, ....., p by the number of missing values were arranged

beginning with the fewest. The missing values X; were imputed for each variable by

first fitting an RF with response yo bs ) and predictors x)  then predicting the missing

obs’

values yrgfi)s by applying the trained RF to xml - When the disparity between the freshly
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imputed data matrix and the prior one grows for the first time with regard to both
variable types, the stopping creation, y is met. For the set of continuous variables N,

the difference is defined as:

imp _ yimp~2
_ ZjEN(Xnew,j Xold,j

N , (3.5)
ZjEN(XTll?‘E-,j)Z
where X7P is the imputed matrix updated using predicted y). and X7 is the

previously imputed matrix. The imputation procedure is repeated until criterion for

stopping is met. The RF method is summarized as follows:

3.2.4 EM Algorithm

The Expectation-Maximization (EM) algorithm iteratively uses equations to estimate
the mean vector and covariance matrix of a multivariate distribution from the
exponential family, maximizing the log likelihood to determine parameters, especially
in cases with missing values (Rumaling et al. 2020). The EM algorithm stands out
among current multiple imputation methods due to its simplicity, smooth operation, and
faster performance, rendering it one of the most favored choices for imputation.
According to Avtar et al. (2019), it consists of two stages: the expectation step (E-step)

and the maximization step (M-step).
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Figure 3.2

Steps involve in RF imputation method

« Continuous variables: Replace missing values with
Step 1: their mean

Initializing « Categorical variables: Replace missing values with

their most frequent class

(f

» The imputation process is performed consecutively for
each variable, ordered by the number of missing
observations

+ Building the RF model (Hong & Lynn, 2020):

- The variable under imputation is used as the response
variable

- Training set: Consists of observations where the
variable is observed

- Prediction set: Consists of observations where the
variable is missing

* Predictions: The RF model predicts and fills in the
missing values of the variable under imputation (Liaw
& Wiener, 2002)

Step 2:

Imputation

 One imputation iteration is complete when all
variables with missing data have been imputed

Step 3: Stop » The process iterates until the relative sum of squared

. differences between current and previous imputation
results stops decreasing or starts increasing (Stekhoven
& Bihlmann, 2012)

-

The process begins with the initialization step, where an initial guess for the
missing values is made. This initial guess can be derived from simple statistics of the
observed data, such as the mean or median for continuous variables, or it can be a

random sample from the observed data. Let X, ;¢ represent the observed data and X,

represent the missing data. The initial guess for the missing values is denoted as X r(:i)ss.
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In the expectation step (E-step), the expected value of the missing data is
calculated given the observed data and the current estimates of the parameters. This
step involves computing the expected log-likelihood of the complete data (both

observed and missing) based on the current parameter estimates 6.
Q(H |9(t)) = ]Emissing|observed,9(t) [lng (Complete data|9)] (3.6)
Here, Q(0|9(t)) represents the expected value of the complete-data log-likelihood. 6

represents the parameters of the model, and 8 denotes the parameter estimates at the

t-th iteration. [E o denotes the expectation with respect to the

missing|observed,
distribution of the missing data, conditioned on the observed data and the current
parameter estimates 8. [logp (complete data|@)] is the log-likelihood of the
complete data (both observed and missing) given the parameter 6. The complete data
refers to the full dataset, including both the observed data and the missing data that we

are trying to estimate.

Following the E-step, the maximization step (M-step) involves maximizing the
expected log-likelihood obtained in the E-step with respect to the parameters to update
the parameter estimates. This step finds the parameter values that maximize the
expected log-likelihood:

0+ = arg max Q(6|6®) 3.7)
where (¢+1) represents the updated parameter estimates at the (t + 1)-th iteration.
arg max Q(9|9(t)) means “the argument of the maximum”. It indicates that we are

looking for the value of 8 that maximizes the function following the arg max operator.

Q(Q |9(t)) is the expected log-likelihood function calculated in the E-step.
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Next, using the updated parameters from the M-step, the estimates of the
missing values are updated. This step computes the conditional expectation of the

missing data given the observed data and the updated parameters:

1
X(t+ ) = E[Xmiss| Xobs 9(t+1)] (3.8)

miss
(t+1) . .
where X .7 represents the updated estimate of the missing data at the (t + 1)-th
iteration. E denotes the expectation (expected value) operator. It calculates the average
value based on a probability distribution. X,,;ss is the missing data that we aim to

estimate and X,p5, 0V indicates that the expectation is conditional on the observed

data, X, and the updated parameter estimates 8¢+,

Lastly, the algorithm iterates between the E-step and the M-step until
convergence is achieved. Convergence is typically defined as the point where the
changes in the parameter estimates or the imputed values between iterations are below
a predefined threshold, e:

|6¢D —9®| < ¢ (3.9)
The purpose of this convergence criterion is to determine when the algorithm should
stop iterating. It provides a formal way to decide when the parameter estimates have
stabilized, indicating that further iterations are unlikely to result in significant changes.
The absolute difference measures how much the parameter estimates have changed
between iterations; if this difference is very small, it suggests that the estimates are

close to their optimal values.

In practical implementation, the algorithm updates the parameter estimates at

each step and then computes the absolute difference between the current and previous
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estimates. This difference is compared to the tolerance level €. If the difference is less
than €, the algorithm stops iterating, signifying that the parameter estimates have
converged. If the difference is greater than or equal to €, the algorithm continues to the

next iteration.

This convergence criterion ensures efficient use of computational resources by
stopping the algorithm once satisfactory convergence is achieved. It also ensures that
the parameter estimates are accurate to within the specified tolerance, providing reliable
results for the model. Therefore, it is crucial for ensuring that the iterative process

terminates appropriately, balancing efficiency and precision.

Figure 3.3

Steps involve in EM Algorithm

Step 4:
Step 1: Step 2: Step 3: Impute Step 5:
Initialization E-Step M-Step Missing Convergence
Values

3.2.5 Markov Chain Monte Carlo (MCMC)

Shaharudin et al. (2020) stated that the Markov Chain Monte Carlo (MCMC) algorithm
is another valuable approach for imputing missing data. This technique creates
simulated random samples from probability distributions using Markov chains, where

each variable's distribution depends on the preceding one within the sequence (Susianto
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et al., 2017). MCMC relies on Bayesian inference, where information regarding
unknown parameters is conveyed through a posterior probability distribution (Nor et
al., 2020). This process involves several systematic steps, each crucial for ensuring that

the imputed values are plausible and statistically sound.

The first step in MCMC imputation is to initialize the missing data with some
initial values. These values can be set to the mean, median, or another statistic derived
from the observed data, or they can be imputed using a simple method. Mathematically,
if Y, s represents observed data and Y,,,;s represents the missing data, the initial step can

be represented as:
Y;S?s = initial values (3.10)
Next, the Bayesian model is defined by specifying the joint probability
distribution of the data, which includes the likelihood function and the prior
distributions for the parameters. Let Y = (Y, s, Ymis) be the complete data and 6 be the
parameters. The goal is to sample from the posterior distribution P (Y, 01Yops).

Assuming Y follows a normal distribution, the likelihood function is:

P(Y|6) = HLN(YL-IM, a?) (3.11)

where P(Y|0) is the likelihood function, which represents the probability of observing
the data Y given the parameters 6. I1;-; denotes the product over all data points from
i =1 to i =n. It indicates that we are considering the joint probability of all n data
points. N (Y;|u,5?) is the probability density function of the normal (Gaussian)
distribution for the i-th data point, given the mean p and variance ¢2. For the parameters

0 = (u, 0?), we specify the prior distributions:
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P(u) = NV (4o, 75) (3.12)

P(0?) = inverse — gamma(a, o) (3.13)

Gibbs sampling, a popular MCMC technique, is then used to iteratively sample
from the conditional distributions of each parameter given the current values of the
other parameters and the data. There are three steps involve in Gibbs sampling. The
first step is we update the parameter u by drawing a sample from its conditional
distribution given the observed data Y and the current value of 2. The conditional
distribution of u given Y and 6?2 is a normal distribution. Mathematically, this can be
expressed as:

uD ~ P(ulY,0?) (3.14)
For a normal distribution, the conditional distribution of the mean u is derived from the
data. The updated sample for g is drawn from a normal distribution with mean and
variance:

Y, u
mgEtE
nLo1 w1
o 1t 0% 1} (3.15)

u(t+ 1) N

where Y; are the observed data points, o2 is the current estimate of the variance, u, and
72 are the prior mean and variance of p, respectively and n is the number of observed
data. Next, we update the parameter o2 by drawing a sample from its conditional
distribution given the observed data Y and the newly updated u. The conditional
distribution of g2 is an inverse-gamma distribution, which is typical for the variance of
a normal distribution when using a conjugate prior. This can be written as:

a?ttD) ~ P(a?|Y, 1) (3.16)
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For an inverse-gamma distribution, the parameters are updated based on the data and

the prior as follows:

n I 2
2(t+1) _ = - _,,(t+1)
o Inverse — Gamma (ao + > ' Bo + 2 zizl(yl K ) ) (3.17)

where a and S, are the shape and scale parameters of the inverse-gamma prior for o2,
n is the number of data points, Y; are the observed data points and u*V is the newly

updated mean. The term «, +2 represents the updated shape parameter, and [, +

2 : .
% ?=1(Yl- — u(t“)) represents the updated scale parameter, incorporating the

deviation of the data from the mean. In the final step, we impute the missing data Y,,;¢
by drawing samples from its conditional distribution given the observed data Y,, the
updated mean u, and the updated variance o2. The conditional distribution of the

missing data Y,,,; is a normal distribution:

t+1
Yt~ P(Vyis|Yopsr D, g2E+D) (3.18)
where p ¢+ is the updated mean and o>(t* 1 is the updated variance. This step ensures

that the imputed values are consistent with the distribution of the observed data, taking

into account the current estimates of the parameters.

These Gibbs sampling steps are repeated for a large number of iterations until
the Markov chain reaches its stationary distribution. This indicates that the samples are

being drawn from the true posterior distribution.

After a burn-in period, where initial samples are discarded to allow the Markov
chain to converge, the sampled values of the missing data from subsequent iterations
are used as imputations. These imputed values can be averaged or used to create

multiple imputed datasets for further analysis:
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1 ©
T mis
t=burn—in (3-19)

Yiis =

where Y,,;; denotes the estimated value of the missing data, Y,,;; after the MCMC
process. T is the total number of iterations of the MCMC sampling process. burn — in
refers to the initial set of iterations that are discarded to allow the Markov chain to reach

its stationary distribution. It helps in eliminating the effect of the initial values on the

final estimates. y®

'mis Tepresents the value of the missing data, Y,,; at iteration, # of the

MCMC process.

Finally, the imputed dataset is analyzed or multiple imputed datasets are
combined if multiple chains were used. This can involve further statistical analysis,

such as regression or other modeling techniques, using the imputed data.

Figure 3.4
Steps involve in MCMC
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3.2.6 NIPALS

Data imputation is not the sole remedy for handling missing data challenges (Ochoa-
Munoz & Contreras-Reyes, 2023). Another approach is employing the nonlinear
iterative partial least squares (NIPALS) algorithm introduced by Wold (1966). Unlike
direct data imputation, NIPALS operates based on the principle of utilizing available
data, stepping in when imputation is not viable or produces nonsensical results.
Essentially, it decomposes the data matrix into singular values through iterative
sequences of orthogonal projections, achieved by point products, akin to the geometric

concept of regression (Ochoa-Mufioz, Gonzalez-Rojas & Pardo, 2019).

To begin, we start with an initial guess for the missing values in the data matrix,
X. A common approach is to replace the missing values with the mean of the observed
values in the corresponding column. Let X be an n X p data matrix with missing values.

The initial imputation for the missing values x;; can be done as follows:

Xij = - z Xij, V(i,j) € miss
Y ieobs(j) (3.20)

where n; is the number of observed values in column j, and obs(j) denotes the set of
indices with observed values in column j. After the initial imputation, the data matrix

X is centered by subtracting the column means.

The next step involves estimating the first principal component. We initialize
the score vector, t; with one of the columns of X that has no missing values. An iterative

process is then used to refine t; and compute the loading vector p;.
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Initially, we set:
t; =X, (3.21)
The iterative process involves the following steps:

_ X"ty
T (3.22)

p1

This step computes the loading vector p;. To ensure p, is a unit vector,

we normalize it:

p, = P1
Y Il (3.23)
Next, we update the score vector, t;:
Xp,
tl = T
P1DP1
This process is repeated until convergence. (3.24)

Based on the equations above, X' is the transpose of the matrix X. The purpose of
transposing X is to align it for the operation with the vector t;. Next, t] represents the
transpose of the vector t, turning t; into a row vector. The notation ||p, || represents
the Euclidean norm of the vector p;. Lastly, the operation Xp; involves multiplying the

data matrix X by the loading vector p; and P] represents the transpose of the vector p;.

Once the first principal component (score vector t; and loading vector p,) is
estimated, we deflate the data matrix X to remove the information captured by this
component. The deflated matrix X is computed as follows:

X, =X —t;p] (3.25)
This step ensures that the subsequent principal components will capture new variations

in the data that were not explained by the first principal component.
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With the principal components estimated, we can impute the missing values.
For each missing value x;; in X, the imputed value, X;; can be calculated using the
relationship:
Xij = t;p; (3.26)
where t; is the score vector and p; is the loading vector corresponding to the missing

entry. The original matrix X is then updated with these imputed values.

After imputing the missing values, we check for convergence by comparing the
previous and current imputed values. If the imputed values have not stabilized, we

repeat the process of estimating principal components and imputing missing values.

Once convergence is achieved, the imputed matrix X is finalized. If the data was
centered initially, we add back the column means that were subtracted during the

centering step to obtain the final imputed data matrix.

Figure 3.5
Steps involve in NIPALS
pl: Step 2: p3:
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33 Principal Component Analysis

Lu et al. (2019) describes that Principal Component Analysis (PCA) is a fundamental
approach for data analysis, wherein it exploits low dimensional structure in high
dimensional data, which commonly exists in different types of data, such as image, text,
video and bioinformatics. The main objective of PCA is to reduce the dimension of a
dataset including a large number of information available and this can be implemented

by transforming to a new set of variables which is called principal component (PC).

The first step in PCA is to standardize the data. Standardization ensures that
each feature has a mean of zero and a standard deviation of one, which is essential
because PCA is sensitive to the scale of the data. For a data matrix X, where each
column represents a feature and each row represents an observation, the standardized

data Z is computed as follows:

o (3.27)
where X is the original data matrix, u is the mean of each feature, o is the standard

deviation of each feature and Z is the standardized data matrix.

After standardizing the data, the next step is to compute the covariance matrix.
The covariance matrix captures the pairwise covariances between the features,
providing insight into how features vary with respect to each other. The covariance

matrix C is calculated using the standardized data matrix Z:

C=— 777
T n—1 (3.28)
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where C is the covariance matrix, Z7 is the transpose of the standardized data matrix,

Z and n is the number of observations.

The next step is to find the eigenvalues and eigenvectors of the covariance
matrix. Eigenvectors represent the directions of maximum variance in the data, and the
corresponding eigenvalues indicate the magnitude of these directions. For the
covariance matrix C, the eigenvalue equation is:

Cv; = Av; (3.29)

where C is the covariance matrix, v; is the i-th eigenvector and 4; is the i-th eigenvalue.

Once the eigenvalues and eigenvectors are computed, sort them in descending
order of eigenvalues. The eigenvectors corresponding to the largest eigenvalues
represent the principal components with the most variance. Sorting these eigenvalues

and their associated eigenvectors helps in selecting the top principal components.

The feature vector is a matrix formed from the eigenvectors corresponding to
the top k eigenvalues, where k is the desired number of dimensions. This matrix is used
to transform the original data into a lower-dimensional space:

W = [vqg, Vg, on, V] (3.30)
where W is the matrix of the top k eigenvectors (principal components) and v;

represents the eigenvectors corresponding to the largest eigenvalues.

Finally, transform the original standardized data into the new lower-dimensional
space defined by the principal components. This is done by multiplying the

standardized data matrix Z by the feature vector W':
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Y=ZW (3.31)
where Y is the transformed data matrix in the reduced feature space, Z is the

standardized data matrix and W is the matrix of top k eigenvectors.

Figure 3.6
Procedure of PCA model
Step 1: Step 2: %%p—a’tze
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Original Data \ector and Eigenvectors

34 The Homogeneous Markov Model (HMM)

Using similar notation to Hughes et al. (1999) and Robertson et al. (2011), let R, =
(R, ...,RM) represent a multivariate random vector of rainfall occurrences for a
network of M rain stations. The observed value i = 1 indicates rain at station i on day
t, while ¥ = 0 indicates no rain. Let S, be the hidden rainfall state for day t, which can
take any of the K values from 1 to K. We denote the daily sequences of precipitation
occurrences and hidden rainfall states by R;.r and S;.7 respectively. A hidden Markov
model (HMM) for rainfall data makes two conditional independence assumptions.

HMM for rainfall data assumes that the multivariate precipitation observations R, at
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time t are independent of all other variables in the model up to time t, given the weather
state S; at time ¢,
3.32
P(R¢|St) Ri:t-1,S1:0-1) = P(R¢|St) ( )
The second assumption is that the hidden state process, S;.r, follows a first-
order Markov process,

P(S¢|S1:6-1) = P(S¢lSt-1) (3-33)
Additionally, the process is time-homogeneous, which means the transition
probabilities between states remain constant over time. In other words, the probability
of transitioning from one state to another is the same at all time steps, represented by a
K X K transition probability matrix, where K is the number of possible states. This

assumption simplifies the modeling of the hidden state sequence, as the transition

probabilities do not change over time (Hughes & Guttorp 1994).

The probability models for individual stations, P(R;|S;), are defined using a
delta function for zero precipitation and a mixture gamma distribution for modeling the
distribution of non-zero precipitation amounts. (Cioffi et al., 2020). In P(R|S;), the
rainfall observation at each station at time t is assumed to be independent of

observations at other stations at the same time, given the hidden state:

M M
1
P(S; =5) = H P(R*=r1|S; =5) = Mn Dsmr (3.34)
m=1 m=1

where r € {0,1}, each psy, € [0,1], and pgno + Psmi = 1. In the equation, m
represents the specific rain station in the network while M represents the total number

of rain stations in the network. P(S; = s) represents the probability that the state at
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time t is s. This is the overall probability distribution of the state variable S; being s.
P(R[™ = r|S; = s) represents the conditional probability of observing rainfall R{"* at
station m given that the state at time ¢t is S. Py, represents the probability of rainfall
amount r at station m given the state s. Although we assume conditional independence
given the states, the rainfall process is not spatially independent (which would be
unrealistic). In this study, a single distribution provided the best performance based on

standard model fitting metrics like the Bayesian Information Criterion (BIC).

A comprehensive discussion on parameter fitting and prediction using
homogeneous HMMs can be found in previous studies (Robertson, 2004). The hidden
process z follows a Markov model with an inhomogeneous K X K transition matrix Q;,

with components q;j¢, where i,j € {1, ..., K}. In an HMM, the probability of hidden

state transitions varies over time as a function of the exogenous variable X.

The log-likelihood of the data for HMM becomes:

| = log P(RIX) = log [Z |Psiix) H;P(Xf)] n;p(mgt)] (3.35)

In Equation 3.35, the hidden state transition probabilities at time t are modeled using

multinomial logistic regression based on X; (Hughes et al., 1999):

exp (§ij + x¢p;) (3.36)

:P(Z_ :llx!): !
Gije = Plaea = e O = e e %)

where, x, is a B-dimensional exogenous covariate time series fort = 1, ..., T, and p ; 1S

a B-dimensional vector of coefficients corresponding to the B components of x; =

(X1¢s -, xpt). For notation convenience, let { = {;; = (p;, &;;) forall i,j € {1, ..., K}.
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Additionally, HMMs include a set of state-dependent emission distributions
felze =k, 0), where k =1, ..., K and 6 represents the set of all parameters of the
emission distribution. These emission distributions vary depending on the state k and
station s combinations. In a Bayesian analysis of HMM, the posterior full conditional
distributions for z, {, and 6 can be computed independently using the MCMC algorithm.
This model can incorporate two latent variables: one for sampling the coefficients of
the hidden states' transition probabilities (Polson, Scott, & Windle, 2013) and another

associated with the emission distributions (Albert and Chib, 1993).

Given the observed rainfall data y, x and w, and conditioned on the sampled
values of the parameters { and 6, the posterior full conditional distribution of the hidden

state z{* at the nth sampling iteration is as follows:

n . qz?_l,quZgIl)fl(') qz?_l‘KqK z?:ll‘fK(')
z{*¢, 8, ... ~Multi K . SR p O
k=197 qk'z?ﬁlfk k=192, qka?ﬁlfk (3.37)

where f,;(*) = f(z; = k, 0) is the emission distribution for state k = 1,..., K. Each of
the z; are sampled in succession forallt = 2,...,T ateach of then = 1,.., N iterations
of the larger MCMC algorithm. As part of this study, state one is assigned to the first
hidden state associated with the first day of the time series as describe as: Pr(z;-q =

1) =1.

This study model daily rainfall amounts using a zero-inflated mixture of two
exponential distributions, following previous literature (Tracy, 2017). This distribution
has a physical interpretation with three components corresponding to no rain, light rain,
and heavy rain. The delta function at zero (§y) accounts for additional dry days, while

the light rain and heavy rain are each represented by an exponential distribution, where:
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3.38
Vis|Zts 9~P0t550 + p1, Exp (/11%) + py, Exp (Azzts) ( )
where z; = k and 6 represents the mixing probability parameters and rate parameters

of the emission distributions. Additionally, the probabilities p = (po tsr P1,00 P2 ts) are

assumed to depend on the exogenous variables.

In this study, many rainfall stations in Selangor have missing data points, with
less than 10% of the values missing. These missing data points can be treated as random
variables, and their posterior distributions are inferred along with the model's other
variables using Bayesian methods. For each missing data point, the posterior

conditional distribution is computed as (y, at time t and station s) y;|z,...~f(w,).

This paper simulates these forecast chains using exogenous variables for held-
out years of input. A new time step r can be expressed as follows:
@il X ¢ = g7 (Xr6°)

%) ¥ . * *
Zquz;_le"’Multl (qz;t—llr’ ey qzﬁ—lKr)

where z; = k and q;},., z; and y; are new predictive draws at time r.

(3.39)

The study utilized data from the first eight years, spanning from 2008 to 2015,
to generate predictive conditional chains for the years 2016 to 2018. These predictive
chains were then compared with the observed y data from the three years that were held
out, enabling a thorough assessment of the model’s performance through model

selection and distributional checks.

The implementation of this model was carried out using the HMM R Package

available on the Comprehensive R Archive Network (CRAN). This proposed model
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differs from the classical HMM in that it introduces inhomogeneity in both the
transition probabilities and the state-dependent emission distributions. Furthermore, the
model advances by developing a fully Bayesian estimation scheme, which enhances its
capability to handle high-dimensional data sets effectively. This comprehensive
approach allows for more accurate modeling of complex data, providing a robust

framework for analyzing and predicting rainfall patterns (Holsclaw, 2017).

Figure 3.7
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35 Machine Learning

Machine Learning is typically thought of as a universal toolbox, ready to be used for
classification problems, identifying a suitable category for a new set of observations,
and regression tasks, estimating the relationship among given data samples (Rafique &
Velasco, 2018). In its most direct form, ML refers to the computational representation
of a phenomena intended for task execution, given a specific performance and based on
a specified environment. Data is obtained from historical databases and pre-processed
to handle missing data, remove or normalise outliers, filter and aggregate parameters
during the initial construction phase of ML models. The following stage deals with data
transformation, choosing pertinent data features, reducing redundancy, adapting data
formats to the assigned task, etc. This is an essential phase in the ML workflow since,
due to the dimensionality curse, not all available data is necessarily helpful in terms of
algorithm performance and complexity. Model selection and behaviour learning's most
crucial stages are frequently completed concurrently. High-dimensional parameter
optimisations and associated assessments are used in the process to trade off
performance, complexity, and computational effort. Lastly, test data is fed into the
models, results are translated to representative knowledge (such as a specific pattern),
and insights are supplied to a dashboard or other relevant software components. Figure

3.8 shows a typical workflow of an ML framework.

3.5.1 Random Forest

Random Forest (RF) by Breiman (2001) is a versatile machine learning technique

applicable to both regression and classification tasks. In the RF approach, each decision
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tree is built using a bootstrap sample from the training set, meaning a random subset of
the training data is used for growing each tree (Benmakhlouf et al., 2023). To further
prevent overfitting and enhance stability, only a subset of the features is considered at
each node when determining the optimal split. This randomization process helps to
decrease the correlation among individual trees, leading to a more diverse and robust

ensemble.

Figure 3.8

A workflow of an ML framework
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According to Agarwal et al. (2023), RF combines multiple decision trees to
predict the class of a dataset, which means that while some trees may individually
predict the correct output and others may not, the ensemble of all trees tends to produce
the correct prediction collectively. In constructing these trees, a number m (referred to
as mtry) is randomly selected from the total input variables at each node. The optimal
split is then determined based on these m variables, and this split is used to partition
the node. Importantly, the value of m remains constant throughout the growth of the

forest, ensuring consistency.

Every tree in the forest is grown to its full potential without pruning. Pruning,
a technique often used in machine learning and search algorithms to reduce the size of
decision trees by eliminating non-critical and redundant parts, is not employed in RF.
Consequently, each tree is allowed to expand fully, capturing as much detail from the

data as possible.

The parameter n (ntree) represents the number of decision trees grown in the
algorithm. This parameter is set before the maximum voting or prediction averages are
calculated. Increasing the number of trees generally enhances the model's efficiency, as
a larger ensemble reduces variance and improves the accuracy of the final predictions.
The robustness of RF lies in this ability to aggregate the predictions from multiple trees,
balancing out errors from individual trees and leading to more reliable and stable

outcomes.

Formally, a random forest is a predictor composed of a collection of

randomized base regression trees {r,(x,60,,D),m =1}, where 64,0,,.. are
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independent and identically distributed outputs of a randomizing variable 6. These
individual random trees are aggregated to form the overall regression estimate

5 (X, Dp) = B[ (X, 6,D,)] (340
where Ey denotes the expectation with respect to the random parameter, conditional on
X and the data set D,. To simplify notation, the dependency of the estimates on the
sample will be omitted in the following text, and for instance, 1,(X) will be written

instead of 1,,(X, D).

The randomizing variable 6 determines how the successive cuts are performed
when building individual trees, including the selection of the coordinate to split and the
position of the split. In the model under consideration, 6 is assumed to be independent
of X and the training sample D,,, thereby excluding any bootstrapping or resampling
steps in the training set and ruling out any data-dependent strategies for tree
construction, such as optimizing splits based on actual observations. However, 6 can be
based on a second sample, independent of but similarly distributed as D,,. With these
considerations, each individual random tree is constructed by associating all nodes with
rectangular cells so that, at each step of the tree's construction, the collection of cells
associated with the tree's leaves forms a partition of [0,1]%. The root of the tree is
[0,1]¢ itself. The procedure is then repeated [k, ] times, where log, is the base-2
logarithm, [.] is the ceiling function, and k, = 2 is a deterministic parameter set
beforehand by the user, potentially depending on n.

1. At each node, a coordinate from X = (X, ..., X() is selected, with the j-th feature

having a selection probability of p,; € (0,1).
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2. Once the coordinate is selected at each node, the split occurs at the midpoint of the

chosen dimension.

Each randomized tree 1,,(X, 8) computes the average of all Y; for which the
corresponding vectors X; fall within the same cell of the random partition as X. In

essence, if A, (X, 0) represents the rectangular cell of the random partition containing

X,
Yie1 Yilixea,(x,0)] (3.41)
1,(X,0) = 1
" S lxeancroy
where E,, (X, 0) is defined as
n
En(X; 9) = [Z 1[XiEAn(X,9)] :pt O (342)
i=1

As per convention, the estimate is assigned a value of 0 for empty cells. Ultimately,
after considering the expectation with respect to the parameter 6, the random forests

regression estimate can be expressed as:

Zﬂzl Y 1[XiEAn(X,9)]
it 15, x.0) (3.43)

R () = Bl (X, 0)] = Ep |~
i=1 *[X;€An(X,0)]

Ultimately, the necessity for splits to consistently occur at the midpoint of the cell sides
is primarily technical in nature, and theoretically, it could be substituted with a more
intricate random mechanism, possibly derived from the second sample. However, this

would come at the expense of significantly complicating the analysis process.
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Figure 3.9

Steps involve in RF

Step 1: _p_S'\';le dzl: S'\;e d3I: %‘;_4;
: ode ode oae
Data Preparation Initialization Training Evaluation

3.5.2  Support Vector Machine

Support Vector Machine model is ideal for the prediction due to its excellent learning
ability in processing small sample data (Li et al., 2019). The main objective of SVM is
to solve a convex quadratic optimization problem for obtaining a globally optimal
solution in theory and hence, overcoming the local extremum dilemma of other machine
learning techniques (Sheykhmousa et al., 2020). SVM is a cutting-edge classifier and
can speculate direct characterization limits in a multidimensional space (Cortes &
Vapnik, 1995; Corter & Vapnik, 1998; Vapnik, 1998; Meshram, 2020). SVM is
configured by hyperplane (Cortes & Vapnik, 1995; Meshram, 2020) that implies the

choice limits named “support vectors” as shown below.
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Figure 3.10

A schematic representation of SVM

Adapted from Meshram (2020)

Consider that the datasets from PCs were split into two sets, training data and
testing data. The training data with two classes [(x1, 1), (X2, V2), «- - , (x;,y;)] and the
input vector is x;, with the output of y;. The output can be identified as y; € {+1, —1}.
The classifier for the problem of binary classification is

f@) = signlw” - $(x) + b] (49
where the input vector (x) was mapped with a feature space by non-linear function

¢(x). Then, the w and b are the classifier parameters. Solving the optimization problems

is equivalent to determining the SVC classifier from the theory,
!
. 1
min EWT-W+CZ€i
i=1
subject to yilw" () +b] 21 -¢ (3.45)

520, i:1,....,l

l
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where ¢; is a non-negative slack variable that influences objective function when data
are misclassified. Basically, C is a penalty parameter with a positive value. The
optimization problems of C will be solved by using Lagrange multiple, @; where 0 <

(Zi<C.

l

f(x) = sign (Z ayi K (x;, x) + b) (3.46)
i=1

The kernel function, K (xl-, xj) =¢(x)7 - q,')(xj), was introduced to calculate

the inner products. Various kernels might be used in SVM but the standard kernels used

are linear, polynomial, radial basis function, and sigmoid. The most popular and capable

kernel is the radial basis function (RBF) with parameter y.

( x" - x, linear
K (e, 2) (xT - x" +1)¢, polynomial
)x = /
5 exp(—yllx — x'|?), RBF (3.47)

tanh(yxT - x' + ¢), Sigmoid

In the final classifier, only nonzero Lagrange multiple will take part. The data with
nonzero corresponding Lagrange multiple will be named as support vector. The

classifier will be written as

l
fx) = Sign(z aryiK (g, x) + b (3.48)
where x;, is the support vector ancllczril is the number of support vector. In the support
vector classifier, there are two parameters to calibrate, which are C (penalty term) and
type of kernel. The Lagrange multiple and parameter b in the equation above can be
found using the SVM algorithm by determining these parameters. Then, the accuracy

of the classification model by SVM was measured as below;
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B
% 100 (3.49)

A+B

Accuracy:

where A is the number of dry days while B is the number of wet days. A denotes as the
number of dry days that are correctly classified as dry days, and B as the number of wet
days that are correctly classified as wet days. The difference between actual and
predicted values resulted in misclassification error (Kassambara, 2018), which
represents that individuals classified as positive values were incorrectly assigned to
negative values class and vice versa. Subsequently, the misclassification error by SVM

can be calculated as follows;

FP+FN (3.50)

misclassification error = ————
f A+ B

where FP is the False Positive that, by the predicted value, were falsely predicted (the
actual values are negative, but the predicted values are positive). The FN is the False
Negative that represents the type of error when the actual values are positive,

meanwhile the model predicted a negative value.

Figure 3.11
Steps involve in SVM
Model
Training
- Data * Evaluate
Splitting « Train the model « Analyze
SVM performance model

Preparation Evaluation
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3.5.3 Artificial Neural Network

An artificial neural network (ANN) is a computational model that is based on the
biological neural networks in the human brain that process information (Asteris &
Mokos, 2019). Large datasets gathered from experiments or simulations can be
"learned" and corroborated by neural networks. The trained neural network functions
as an analytical tool for accurate predictions of the final outcomes. They can produce
excellent prediction accuracy ratings due to effective approaches for training and
validation. Ali and Shahbaz (2020) described that an artificial neuron in ANN performs
two major functions. In order to get the net input of the neuron the weighted total of all
of the inputs to the neuron it first applies a summation function. After that, it uses the

net input as the input for an activation or transfer function to create an output.

Mijwil (2018) stated that a neural network can be categorized into three layers
which is an input layer, an intermediate layer and an output layer, as shown in Figure
3.12 The neurons are represented by the grey box in the figure below, while the
connection points are represented by the arrows. The input layer prepares a data set for
training, which is presented to the network. The network gives the connection points in
the intermediate layer the weights of the events it learns. Some points can be zero and
not all of them need to have a value. In order to prevent the zero values at the connection

points from also becoming zero, a threshold value is inserted between the layers.
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Figure 3.12

The ANN's layers

By Wijmil (2018)

Finding a set of weights that produces a mapping that closely matches input and
output is the goal of the learning process. An arbitrary nonlinear function like the one
below could be considered:

F(x,w) = y (3.51)
where x represents the input vector (predictors) presented to the network, w represents
the weight of the network and y represents the corresponding output, which is

approximated or predicted by the network. The number of neurons in the hidden layer

can be computed as below:

= Lrar iR a5

where [ denotes the hidden layer's number of nodes, i the number of input neurons, and
o the number of output neurons. The training set's record count, N, is given. The ANN

algorithm is structured as follows.

l Nn

Vi = fo Z Wicj " fn Z WjiXi + W), |+ ko (3.53)
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where wj; denotes the weight of the hidden layer, which is connecting to the ith neuron
in the input layer to the jth neuron in the hidden layer, and wy ; is the jth neuron bias.

The f, in the equation above represents jth hidden neuron activation function.

Moreover, based on the equation above, w; denotes the parameter of the output layer

that connects to the jth neuron in the hidden layer to the kth neuron in the output layer,
and wy represents the bias for the kth output neuron. Furthermore, the f, is the
activation function for the output neuron, while x; is the ith input data. Lastly, N,
denoted as the number of neurons in input layers, meanwhile y, denoted as the

calculated output.

In this study, like in most others, a feed-forward MLP network with a
backpropagation (BP) error-correction learning algorithm is used as the model. MLP is
widely used ANN technique in modelling hydrological activities (Traore et. al., 2010)
and it consists of an input layer, one or more hidden layer(s), and an output layer (Ali

& Shahbaz, 2020). The three-layer formula can be seen as below:

y(@©) = fo [Z Wi fn [Z w;x;(t) + 6;| + 6,
i=1 -1

(3.54)

where y(t) represents the output of a predictand at time ¢, meanwhile f, and fj, is the
transfer function of the output and hidden layers. x;(t) denotes as the input of the
predictors 7 at time 7. Next, wy ; can be described as the weight between the hidden and
output layers, while w;; as the weight between input and hidden layers. Then, 7 is the
number of predictors, while m is the number of hidden nodes. Subsequently, Figure

3.13 below shows the steps involve in ANN.
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Figure 3.13
The steps involve in ANN
Step 1:
Data Preparation Split the dataset into training and test using a 70:30 ratio
Step 2:

Define ANN - input output parameters, number of hiden

Mode| Development layers, number of neurons in each hidden layer

Step 3:
g Train the model using the training dataset
Evaluation
Step 4:
Prediction & Use the train model to make predictions on new data and
Results analyze the results

3.5.4 Decision Tree

A decision tree is a structure where each node represents an attribute, each branch
represents a decision rule, and each leaf denotes an outcome, either categorical or
continuous. By mimicking human reasoning, decision trees clearly display all possible
alternatives and trace each to its conclusion, facilitating easy comparison and
interpretation of the data (Kokilavani et al., 2022). Ulkir et al. (2024) stated that a
decision tree is a directed structure with a root node that has no input and internal nodes
that each receive one input, where nodes whose outputs serve as inputs to other nodes

are called internal or test nodes, and those whose outputs do not are called leaf nodes.
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Banadkooki et al. (2019) applied a 'divide-and-conquer' approach, a model is
created where N data points are either assigned to a leaf or subjected to a test criterion
that splits them into subsets based on the test outcome. The criterion for splitting relies
on evaluating the standard deviation of class values and calculating the reduction in
error. Specifically, the standard deviation reduction values are determined using the

following equation:

SDR = sd(T) = \/%12:@ ~T)? (3.55)

In this context, T represents a series of samples that reach a particular node, T; is the i-
th output of the model, i denotes the number of available data records, and sd stands
for standard deviation. Once the number of split branches is maximized, the tree model
selects the split that optimizes the expected reduction in error. However, the extensive
number of divisions and branches can lead to overfitting. To address this, a pruning
stage 1s implemented, which involves reducing the complexity of the tree by removing
parts that provide little predictive power. Pruning effectively divides the input model
into smaller, more manageable areas. Additionally, based on a greedy algorithm, the
model eliminates variables that are minimally relevant to the overall prediction, further

refining the model to enhance its performance and generalizability.

Figure 3.14

The steps involve in DT

Data Model Model Model
Preparation Training Evaluation Interpretation
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3.5.5  k-Nearest Neighbor (KNN)

In the realm of classification and regression, the K-Nearest Neighbors (KNN) algorithm
stands out as one of the most renowned and effective machine learning techniques
(Anaraki et al., 2023). KNN is a nonparametric algorithm, which means it does not
make any assumptions about the distribution of the training data, allowing it to address
both regression and classification problems flexibly (Nurwatik et al., 2022). Its
simplicity and effectiveness make KNN a prominent and widely used machine learning
algorithm. Due to its versatility and straightforward implementation, KNN is
particularly useful in handling complex data and can be applied across a diverse range
of applications (Hadi et al., 2024). Its capacity to adapt to various data structures and

problems underscores its importance and popularity in the field of machine learning.

According to Anaraki et al. (2023), in the KNN algorithm, the training data
points are treated as neighboring points to the testing data. To determine the significance
of each neighbor, the algorithm calculates the inverse of the Euclidean distance between
the testing data and the neighboring points, using this inverse distance as the weight for
each neighbor. This means that points closer to the testing data have higher weights,
reflecting their greater relevance. The algorithm then sorts these neighboring points
based on their weights, identifying the top K points with the highest weights. These
selected K neighbors are pivotal in computing the final output. For each input dataset,
KNN calculates the output by taking a weighted average of these K neighbors, ensuring
that closer points have a larger influence on the result. This approach leverages the
spatial proximity of the data points to deliver accurate predictions for both classification

and regression tasks:
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K
R _ 2j=1WiR;
Output,i — K W
j=17

(3.56)

where R; is the j-th observed runoff during the training period, Roypue,; 18 the i-th
estimated runoff, and W is the j-th weight of the neighbor, which can be calculated as

follows:

1

- (3.57)
1X = X;ll

W
where X represents as testing input data and X; represents as training input data.

Figure 3.15

The steps involve in kNN

- -
\%
- -

3.6 Disadvantages of Using Single Bayesian approach and Machine Learning
Model for Prediction Modeling

Relying solely on either a Bayesian approach or a single machine learning model for

rainfall prediction presents significant limitations, particularly when dealing with issues

like zero-bounded rainfall data and non-linearity. The Bayesian approach, while
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powerful in probabilistic modeling, often struggles with zero-bounded data where a
significant portion of the dataset consists of zeros, such as no rainfall events. Standard
Bayesian methods may not adequately capture the probability mass around these zeros,
leading to biased or inaccurate predictions. Additionally, Bayesian models typically
assume a specific parametric form, which can fail to accurately model complex, non-
linear relationships in rainfall data, resulting in poor predictive performance.
Furthermore, Bayesian methods can be computationally intensive, making them less

practical for real-time or large-scale rainfall prediction.

On the other hand, single machine learning models, especially non-
probabilistic ones like support vector machines or neural networks, often do not provide
a natural way to quantify uncertainties in predictions. This is a significant drawback
when dealing with rainfall data, where understanding uncertainty is crucial due to the
stochastic nature of weather events. These models are also prone to overfitting,
particularly with complex or non-linear data, leading to unreliable predictions on
unseen data. Moreover, many machine learning models lack interpretability, making it
difficult to understand the underlying patterns and relationships in the data, which can

hinder model refinement and decision-making.

To overcome these challenges, a hybrid approach that integrates Bayesian
methods with machine learning models is necessary. Such an approach leverages the
strengths of both: Bayesian methods provide a probabilistic framework to capture
uncertainties and incorporate prior knowledge, while machine learning models excel at
handling complex, non-linear relationships and large datasets. By combining these

methodologies, a hybrid model can better accommodate zero-bounded rainfall data,
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ensuring that the probability mass around zero is correctly modeled and adapting to
non-linear patterns. This integration enhances predictive accuracy, reduces overfitting,
and improves the model's ability to generalize to new data. Moreover, a hybrid approach
allows for better uncertainty quantification, offering a more comprehensive
understanding of prediction confidence, which is critical for making informed decisions

in weather and climate-related contexts.

3.7 Prediction Modeling of Hybrid Statistical Downscaling-based Bayesian-
Machine Learning model
In this study, the primary objective of the hybrid model is to achieve accurate rainfall
prediction in Selangor, Malaysia. The research is conducted in three distinct stages:
preprocessing, prediction modeling, and evaluation. In the Preprocessing stage, the
study begins with two primary datasets: local surface rainfall data (y-variable) and
atmospheric data (x-variable). The local surface rainfall data, which serves as the target
variable, contains missing values. These missing values are handled using various
imputation techniques, including Mean Imputation, Median Imputation, Nonlinear
Iterative Partial Least Squares (NIPALS), the Expectation-Maximization (EM)
Algorithm, Markov Chain Monte Carlo (MCMC), K-Nearest Neighbors (KNN), and
Random Forest. Each imputation method is evaluated using performance metrics such
as Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Nash-Sutcliffe
Efficiency (NSE) to ensure the accuracy of the imputed data. Additionally, for datasets
with an excess of zero values, a Hidden Markov Model (HMM) is employed to address

the zero-inflation issue, enabling a more accurate representation of the data.
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Concurrently, the atmospheric data, which serves as the predictor variable, is
standardized to ensure that all variables contribute equally to the analysis. Atmospheric
data require standardization due to different units in the data. This process brings the
data to a uniform scale, ensuring that all features have an equal impact on the analysis,
thereby improving the performance of the proposed prediction model. Following this,
dimensionality reduction is performed on the standardized atmospheric data using
Principal Component Analysis (PCA). This step reduces the complexity of the data by
identifying and retaining only the most significant components, making the subsequent

modeling more efficient.

During the Prediction Modeling phase, the research utilizes a sophisticated
hybrid model that combines a Statistical Downscaling-based Bayesian Approach with
a Machine Learning technique, resulting in what is referred to as the Statistical
Downscaling-based Hidden Markov Model-Machine Learning model (SD-based
HMM-ML). This hybrid model is specifically designed to predict rainfall by leveraging
preprocessed atmospheric data, which has been meticulously prepared to serve as input
for the prediction process. The fusion of these advanced methodologies—Statistical
Downscaling and Machine Learning, underpinned by a Bayesian framework—aims to
significantly improve the precision and reliability of rainfall forecasts. By integrating
these approaches, the model seeks to capture the complex patterns and relationships
within the atmospheric data, thereby offering more accurate predictions compared to
traditional methods. This enhancement in prediction accuracy is crucial for applications
such as weather forecasting, climate research, and hydrological studies, where precise

rainfall predictions can have substantial impacts.
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Finally, in the Evaluation stage, the performance of the proposed model is
assessed using several metrics, including RMSE, MAE, NSE, and Mean Forecast Error
(MFE). These metrics provide a comprehensive evaluation of the model’s accuracy,
bias, and predictive power. Based on the evaluations, the study selects the best-
performing SD-based HMM-ML model. This comprehensive evaluation ensures that
the chosen model is well-suited for practical application in rainfall prediction for
Selangor, Malaysia, offering a reliable novel tool for weather forecasting and related
decision-making processes. The flowchart of prediction rainfall data using SD-based

HMM-ML model is illustrated in Figure 3.16.

Figure 3.16

The flowchart of the study

/ Datasets /

y-variable 5 L x-variable
Local surface rainfall data Atmospheric data
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[ |
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HMM-ML Prediction Modelling
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Stage 3:
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Best SD-based HMM-ML
model is chosen
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3.8 Model Performance Metrics

The performance of the proposed model will be evaluated with the performance
measures namely Root Mean Square Error (RMSE), Mean Absolute Error (MAE),
Nash-Sutcliffe Efficiency (NSE), and Mean Forecast Error (MFE). In addition, the
imputation methods that used in this study (which are mean imputation, single value
imputation, k-nearest neighbour, EM Algorithm, NIPALS, MCMC and random forest)
were compared by using RMSE. The forecasting model that yields the lowest values of
MAE, MFE, and RMSE is designated as the best model for forecasting (Masngut et al.,
2020). Meanwhile, the NSE ranges from —oo to 1, where NSE = 1 indicates a perfect
match between the downscaled model and the predictand, NSE = 0 means the model's
accuracy is equivalent to the mean of the predictand, and NSE < 0 signifies that the
observed mean predicts better than the model (Nourani et al., 2018). The following

gives the mathematical expression of RMSE, MAE, NSE and MFE;

n
1
RMSE = HZ(xt _yt)z
t=1

(3.58)
MAE = Yit=1l%c — Vil (3.59)
n
Y1 (e = y0)?
NSE = 1 — (3.60)
> t=1(xc — %)?
MFE = t=1(Xe — ¥t) (3.61)
n

where x; represents the measured value of rainfall, while y, represents the predicted

value of rainfall, x is mean of measured value and »n denoted as the number of data sets.
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3.9 Conclusion

This chapter provides a comprehensive overview of the methodology employed in this
study, detailing each of the key stages that form the foundation of the research process.
The methodology is divided into three primary stages: the preprocessing stage, the
prediction modeling stage, and the evaluation stage. In the preprocessing stage, the
focus is on preparing the data for analysis by addressing missing values, standardizing
variables, and reducing dimensionality, among other critical tasks. The prediction
modeling stage then builds on this groundwork, utilizing advanced machine learning
techniques to develop models that forecast daily rainfall based on the preprocessed data.
This stage is crucial as it determines the effectiveness of the models in capturing the
complex patterns within the dataset. Finally, the evaluation stage involves a thorough
assessment of the models' performance using a range of metrics, ensuring that the
models not only predict accurately but also do so with reliability and minimal bias. The
methodologies outlined in this chapter are instrumental in achieving the study's
objectives, providing a clear and systematic approach to tackling the challenges of
rainfall prediction in Selangor, Malaysia. The results derived from applying these
methodologies, along with an in-depth discussion of their implications, will be
presented in the subsequent chapter, where the study's findings will be analyzed and

interpreted in detail.



CHAPTER 4

RESULT AND DISCUSSION

4.1 Overview

In this chapter, the focus will be on presenting and discussing the results obtained from
each step of the study, providing a detailed analysis of how the various methods were
applied and their outcomes. The chapter begins by exploring the visualization of
missing data within the dataset, followed by a thorough examination of the imputation
techniques used to address these gaps. Subsequently, the chapter delves into the process
of determining the optimal number of components for Principal Component Analysis
(PCA), a critical step in reducing the dimensionality of the atmospheric data. This
reduction facilitates a more efficient analysis and enhances the predictive capabilities
of the models. The chapter also discusses the application of a Hidden Markov Model
(HMM) to effectively capture and handle zero-bounded data, which is a common
characteristic in rainfall datasets. Following this, the chapter details the projection of
rainfall using a SD-based HMM-ML model, encompassing a range of algorithms
including Random Forest (SD-based HMM-RF), Support Vector Machine (SD-based
HMM-SVM), Artificial Neural Network (SD-based HMM-ANN), Decision Tree (SD-

based HMM-DT), and K-Nearest Neighbors (SD-based HMM-KNN). The
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performance of each model is meticulously evaluated using a set of performance
metrics, allowing for a comprehensive comparison of their predictive accuracy,
reliability, and overall effectiveness in modeling daily rainfall in Selangor, Malaysia.
Through this comparative analysis, the chapter aims to identify the most suitable model
for accurate and reliable rainfall forecasting, contributing to the broader goal of

improving climate-related predictions and decision-making.

4.2 Handling Missing Data

Based on the figure below, the daily rainfall data used in this study spans 132,594 days
(from 2008 to 2018) with 2.1% missing values. According to Mirzaie et al. (2021),
when missing data is less than 5%, the multiple imputation method may not offer
significant benefits. The visualization of missing data was generated using the naniar
package in R (Ghazali et. al., 2020). The yellow colour indicates missing data, while
the purple colour represents data that is present. The highest percentage of missing data
was from station 24-332 (Pusat Kawalan JPS Telok Gong) with 13%, followed by
station 23-333 (Pekan Banting) and station 25-335 (Sg. Balak H. Langat) with 5%. As

for the remaining stations, there were missing data percentages of 4%, 3%, 1%, or less.
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Figure 4.1

The visualization of missing data

Seven different imputation methods were employed to address the missing
data: mean imputation, median imputation, NIPALS, MCMC, the EM algorithm, kNN,
and RF. Each of these methods was assessed based on performance metrics, namely
Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and Nash-Sutcliffe
efficiency (NSE). The performance metrics measure the differences between values
predicted by the model and the values actually observed. A lower RMSE and MAE
indicate a better fit, as it signifies smaller discrepancies between the estimated and
observed values. Meanwhile, NSE values range from negative infinity to 1, where 1

indicates a perfect model fit to observed data.
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These imputation methods were compared because the performance of each
method can vary depending on the type of variables and the characteristics of the
dataset. By evaluating the performance for each method, the study aimed to identify
which method provided the most accurate imputation for the missing data. The method
with the lowest RMSE and MAE and the highest NSE was deemed the most effective,
as it resulted in the smallest estimation errors and was the best approach for imputing
missing values in the dataset. This careful comparison ensured that the chosen

imputation method was robust and provided reliable estimates for the missing data.

Table 4.1

Performance values for each imputation methods

Method RMSE MAE NSE
Mean Imputation 0.982 0.141 0.996
Median Imputation 0.146* 0.021* 1.000*
NIPALS 1.271 0.165 0.986
MCMC 2.097 0.254 0.980

EM Algorithm 3.318 0.280 0.950
k-Nearest Neighbor 2.197 0.138 0.978
Random Forest 2.116 0.231 0.980

* indicates the best result

In this study, the imputation methods for estimating missing rainfall data were
implemented through XLSTAT 2021 Software. The experimental results for each
imputation method are presented in Table 4.1, revealing a clear hierarchy in their

effectiveness. The median proved to be the most effective, with the lowest RMSE and
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MAE values of 0.146 and 0.021, respectively, and the highest NSE value of 1,
demonstrating its superior accuracy in estimating missing data. The findings underscore
that median is the most suitable method for handling missing daily rainfall data in the
Selangor state, providing the smallest estimation errors. Conversely, the EM Algorithm,
with its highest RMSE, MAE and the lowest NSE value, is deemed the least effective
method for this study, as it produced the largest discrepancies between the estimated

and observed values.

4.3 Reduction of Dimensional Data

In this study, PCA was used as a dimension reduction approach to reduce the dimension
by extracting the number of principal components (PC) without losing any significant
information. The result of the analysis includes the eigenvalue, variation and

cumulative percentage of variation is shown below in Table 4.2.

Table 4.2

Result of Principal Components (PCs)

Eigenvalue Variability (%) Cumulative (%)
PC1 2.138 35.640 35.640
PC2 1.056 17.604 53.244
PC3 1.003 16.720 69.964
PC4 0.863 14.379 84.344
PC5 0.535 8.910 93.254

PCé6 0.405 6.746 100.000
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Table 4.2 presents a detailed analysis of six components derived from
eigenvalues and total variation. Typically, in Principal Component Analysis (PCA), the
number of components corresponds to the number of selected variables, with their
respective percentages of variation and eigenvalues listed in descending order.
Following the Kaiser criterion (Ocampo-Marulanda, 2022), components with
eigenvalues exceeding 1.00 are considered significant for interpretation. Consequently,
components PC1, PC2, and PC3, with eigenvalues of 2.138, 1.056, and 1.003
respectively, were identified as meaningful. Furthermore, it is recommended that the
cumulative percentage of variation for hydrological data exceed 70% to be considered
optimal (Shaharudin et al., 2018; Sulaiman et al., 2022). Therefore, components that
achieve cumulative percentages of 83.344% and 93.254% were also selected as they

surpassed this threshold.

Next, Yamamoto et al. (2014) defined factor loading as the correlation
coefficients between principal component (PC) scores and the variables, which is
essential for conducting statistical hypothesis testing and objectively selecting
significant metabolites based on statistical criteria. Building on this, Kuznietsov and
Biedunkova (2024) classified PC loadings with correlation coefficients as follows:
‘weak’ for 0.30-0.49, ‘moderate’ for 0.50-0.74, and ‘strong’ for coefficients greater than
0.75. This classification aids in distinguishing the impact of variables within the PCA

framework, ensuring a rigorous selection process for significant components.
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Table 4.3

Result of factor loadings for each predictor

F1 F2 F3 F4 F5
Precipitation 0.440 -0.506 0.080 0.721* -0.058
Relative Humidity 0.831* 0.101 -0.014 0.082 0.326
Solar -0.744 -0.151 -0.254 0.168 0.573*
Wind -0.142 0.822%* -0.204 0.505 -0.080

Maximum Temperature -0.801*  -0.228 0.066 0.215 -0.251

Minimum Temperature -0.200 0.198 0.941* 0.079 0.164

* indicates the best result

According to Table 4.3, the selection of predictor variables was based on the
highest or strongest PC loadings for each variable, as outlined by Blackburn et. al.
(2024). The analysis of factor loadings reveals distinct associations between the
variables and their corresponding factors. Factor 1 is primarily characterized by a strong
positive loading for relative humidity (0.831) and a strong negative loading for
maximum temperature (-0.801), suggesting that this factor represents a contrast
between high humidity and low maximum temperatures, where an increase in relative
humidity tends to coincide with a decrease in maximum temperature, and vice versa.
Factor 2 is dominated by wind, with a strong positive loading (0.822), indicating that
this factor is closely associated with wind speed, making wind the most significant
variable within this factor. Factor 3 is heavily influenced by minimum temperature, with
a strong positive loading (0.941), reflecting the importance of variations in nighttime
or early morning temperatures. Factor 4 is defined by precipitation, which has the

highest positive loading (0.721), highlighting its significance in this factor. Factor 5 is
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characterized by solar radiation, with a strong positive loading (0.573), suggesting that
this factor represents the influence of solar radiation on environmental conditions. Due
to their high correlation coefficients in their respective factors, these variables were
selected as key predictors for further analysis. This selection process ensures that the
most influential variables within each factor are considered, enhancing the accuracy
and robustness of subsequent modeling or analytical efforts by capturing different
aspects of environmental conditions. This led to the creation of a new dataset formatted
as a matrix with 4,018 rows representing the number of days per station and five

columns corresponding to the extracted factors (4,018 x 5).

4.4 The Homogeneous Hidden Markov Model (HMM)

To generate the posterior sample, the HMM package by Holsclaw (2020) was utilized
in R software. Generating posterior samples from an HMM allows for the quantification
of uncertainty in the predictions. A 10-year historical rainfall dataset from Selangor was
used, marking "NA" for days without rain. The MCMC algorithm was run for varying
iterations, ranging from 500 to 2000, with an additional 10% burn-in, and tested across
hidden state layers from 0 to 10. At 2000 iterations, the parameter dataset can overcome
redundancy of initial information while achieving stationarity (Yao et al., 2024). After
the initial burn-in phase, 2000 iterations were deemed sufficient to obtain realizations

from the posterior distribution.
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The number of hidden states for the HMM model must be determined. By
running the HMM with various values of K (number of hidden states) and applying a
model selection criterion, the optimal number of hidden states can be selected from
large datasets. In this study, the Bayesian Information Criterion (BIC) is used for model
selection. The optimal number of hidden states corresponds to the BIC score that
reaches its minimum turning point. The HMM model was tested with K values ranging
from 0 to 10 (Cao et al., 2022), without incorporating climate variables such as
temperature, relative humidity, or sea level pressure, ensuring a uniform distribution of

rainfall throughout the year.

Table 4.4 presents the metrics for determining the number of hidden states (K)
in the HMM model. It includes the BIC values and the number of parameters (p), with
the minimum value marked by an asterisk (*). The model with K = 1 corresponds to a
single constant state, equivalent to having no states (K = 0). The table compares the
BIC values across different iterations for daily rainfall data in Selangor, showing that
the BIC achieves a local minimum at three hidden states for each iteration from 500 to
2000. Additionally, it was observed that the BIC score reached a turning point at three

hidden states at 2000 iterations.

Table 4.4

Comparison number of iterations for each hidden state layer based on BIC

Parameter BIC
k Count Iterations: Iterations: Iterations: Iterations:
500 1000 1500 2000
0-1 297%* 280,789.12 280,770.36 280,772.79 280,773.36
2 596 263,386.03 263,330.71 263,353.77 263,334.60

3 897 260,099.07*  260,054.62*  260,039.33* 260,018.30*
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BI
Parameter - - ¢ - ;
k Iterations: Iterations: Iterations: Iterations:
Count
500 1000 1500 2000
4 1,200 260,271.78 260,243.24 260,245.79 260,210.88
5 1,505 260,598.30 260,545.23 260,589.40 260,329.93
6 1,812 262,696.25 261,638.82 261,516.00 261,709.51
7 2,121 262,984.36 262,482.05 262,983.75 263,163.52
8 2,432 264,446.87 264,412.07 264,222 .40 264,408.67
9 2,745 266,828.56 266,598.41 266,744.14 266,205.23
10 3,060 267,385.67 268,405.90 267,369.37 268,143.18

* indicates the lowest value

Figure 4.2 depicts the x-axis representing the number of hidden state and the y-

axis representing a specific metric, namely the Bayesian Information Criterion (BIC).

The graph includes four lines: orange, grey, yellow and blue, representing different

iterations of the HMM. The orange line corresponds to iteration 500, the grey line

corresponds to iteration 1000, the yellow line corresponds to iteration 2000 and the blue

line corresponds to iteration 2000. When comparing the iteration counts, the BIC values

for 500 iterations are generally higher than those for 1000, 1500, and 2000, indicating

that more iterations lead to a better model fit. The lines for 1000, 1500, and 2000

iterations are relatively close, reflecting diminishing returns in BIC improvement with

increased iterations beyond 1000. Ultimately, the lowest BIC is observed for 2000

iterations, suggesting it is the most optimal model among the tested iterations.
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Figure 4.2

Comparison number of hidden state with the value of BIC

Figure 4.3 illustrates trace and density plots for the three hidden states, used to
evaluate the convergence of the posterior distribution over 2000 iterations. The trace
plots (the top plot for each state) display the evolution of the estimated posterior
probabilities for each state at each iteration. Ideally, as the Markov Chain Monte Carlo
(MCMC) sampling progresses, these plots should show a random, meandering pattern,
indicating that the chain has sufficiently explored the parameter space. The density plots
(the bottom plot for each state) show the distribution of the posterior probabilities for
each state across all iterations. A well-defined, symmetric distribution resembling a bell
curve is an indicator of convergence and good mixing of the Markov chain. In the
context of K=3, the trace and density plots suggest that the posterior distribution has
achieved perfect convergence. The trace plots show no discernible pattern or trend,
indicating that the MCMC sampler has thoroughly explored the parameter space. The

density plots exhibit well-defined, symmetric distributions, confirming the
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convergence. This is a strong indication that the estimated posterior probabilities for

each state are reliable and accurate.

Figure 4.3
Trace and Density plot
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Trace

Density Plot
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K Trace Density Plot
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In a zero-inflated dataset, a significant proportion of the observations are zeros,
which can be challenging to model using traditional distributions. However, the density
plots for K=3 show a clear peak at zero, indicating that the model is able to capture the
zero-inflation in the data. The fact that the density plots are well-defined and symmetric,
with a clear peak at zero, suggests that the model is able to accurately represent the
underlying distribution of the data, including the zero-inflation. This is a good
indication that the model is effectively capturing the characteristics of the data,
including the excess zeros (Wang et al., 2023). Thus, a new rainfall dataset with no

excess zeros is created for further analysis.

4.5 A Hybrid of Statistical Downscaling-based Homogeneous Markov Model-
Machine Learning (SD-based HMM-ML) model

Regression analysis is an essential tool for modeling and analyzing data, particularly in

predictive analysis, such as forecasting rainfall (Mohammed et al., 2020). A hybrid of

HMM-Statistical Downscaling-based Machine Learning model was used for rainfall
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prediction in Selangor. The machine learning models used in this study include Random
Forest (SD-based HMM-RF), Support Vector Machine (SD-based HMM-SVM),
Artificial Neural Network (SD-based HMM-ANN), Decision Tree (SD-based HMM-
DT), and K-Nearest Neighbors (SD-based HMM-KNN). Furthermore, the prediction
values obtained from the HMM will be utilized to enhance predictive accuracy through
machine learning techniques. Therefore, in this study, the y-variable is represented by
a new dataset generated from an HMM, while the x-variable consists of principal
components derived from PCA. Patel et al. (2023) also noted that a 70:30 split between
the training and test datasets is optimal, based on empirical studies indicating that this

ratio produces the best results.

4.5.1 Prediction modeling using an SD-based HMM-RF model

Random Forest creates several decision trees and combines their results to produce a
more precise prediction (Patel et al., 2023). A random forest regression algorithm,
consisting of 500 decision trees, was employed to forecast future rainfall trends. The
dataset was divided into two sections, with 70% of the data used for the calibration

phase and the remaining 30% for validation purposes (Kouadri et al., 2021).

The histogram in Figure 4.4 shows the distribution of rainfall values for both
the original dataset (purple) and the SD-based HMM-RF model predictions (cyan). The
histogram reveals a high concentration of values near zero, indicating many dry or low-
rainfall instances in the dataset. The SD-based HMM-RF model frequently predicts

rainfall between 2 and 4, suggesting a tendency to underestimate higher values, while
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the original data exhibits a broader spread, including mid-range (4 - 6) and higher
values. The lack of mid-range predictions suggests the model struggles to fully capture
rainfall variability, potentially missing intermediate rainfall events. Although the model
does capture some higher rainfall values (> 6), its lower frequency compared to the
original data indicates room for improvement in modeling extreme rainfall
distributions. According to Table 4.5, the Random Forest model's performance was
evaluated using metrics such as RMSE, NSE, MAE, and MFE for both the calibration
and validation periods. The model's RMSE of 2.298 and MAE of 1.900 indicate
moderate prediction accuracy, with RMSE reflecting the average error magnitude. An
NSE of 0.752 demonstrates decent predictive capability, as values close to 1 signify
better performance. The MFE of -0.049, being close to zero, suggests minimal bias in
the predictions. Figure 4.5 displays the model's performance in predicting rainfall
amounts over several days, with blue bars representing actual rainfall and orange bars
showing predicted values. While the model captures the overall trend, there are
noticeable discrepancies, especially during higher rainfall periods. These results
confirm that the model approximates the general rainfall pattern but struggles with
precise predictions, particularly underestimating higher rainfall amounts, as indicated

by the smoother predicted values in the graph.
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Figure 4.4

The distribution of rainfall values for both the original dataset (purple) and the SD-
based HMM-RF model predictions (cyan)

Table 4.5

The performance of SD-based HMM-RF model

Calibration Validation

RMSE NSE MAE MFE RMSE NSE MAE MFE

2.298 0.752 1.900 -0.049 4.937 0.006 3.851 0.867
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Figure 4.5

Comparison of Original Data and SD-Based HMM-RF
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4.5.2 Prediction modeling using an SD-based HMM-SVM model

Before applying Support Vector Machine, Vapnik (1995) noted that the performance of
SVM is influenced by the penalty terms, C and kernel function parameters. Thus, it is
important to decide the kernel type and selecting the gamma (y), penalty terms (C) and
epsilon (¢) parameters. Various kernel models can be used to construct different SVMs,
such as Sigmoid, Radial Basis Function (RBF), Polynomial, and Linear kernels
(Sheykhmousa et. al., 2020). In this study, the RBF kernel is selected because it has
consistently proven to be the most accurate and efficient option, particularly for rainfall
prediction (Truong et al., 2021; Velasco et al., 2022; Sammen et al., 2023; Saha, 2023;

Someetheram et al., 2024). Table 4.6 below shows a parameter used in this study.



164

Table 4.6
SVM parameters
Parameters:
SVM-Type Epsilon-Regression

SVM-Kkernel Radial Basis Function

Cost 5
Gamma 0.5
Epsilon 0.1

The dataset will be divided into 70% for training and the remaining 30% for
testing to minimize the discrepancies and understand the model’s characteristics better
(Rahman et al., 2022). The histogram illustrates the distribution of rainfall values for
both the original dataset (red) and the SD-based HMM-SVM model predictions (green).
The model's predictions are heavily concentrated at lower values, with a noticeable
peak around zero, suggesting it frequently forecasts little to no rainfall. While the model
does capture some higher rainfall values, the overall distribution appears more
constrained compared to the original data, indicating potential underestimation of
extreme events. The spread of predictions at mid-range values suggests that the RBF
kernel captures some non-linear relationships, but the noticeable differences in
distribution imply that the model may still struggle to fully represent the variability

present in the original data.
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Figure 4.6

The distribution of rainfall values for both original datasets (red) and the SD-based
HMM-SVM model prediction (green)

Accompanying this visual are several performance metrics in Table 4.7: a Root
Mean Square Error (RMSE) of 4.204, Mean Absolute Error (MAE) of 2.543, Nash-
Sutcliffe Efficiency (NSE) of 0.170, and Mean Forecast Error (MFE) of 1.468. These
metrics suggest that the model has some degree of error in its predictions, with the
relatively low NSE indicating that the model's predictive power is not particularly
strong. The positive MFE further suggests a tendency for the model to underpredict

values.

Table 4.7

The performance values of SD-based HMM-SVM model

Calibration Validation

RMSE NSE MAE MFE | RMSE NSE MAE MFE

4.204 0.170 2.543 1.468 5.687 -0.318 4.453 1.179
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The graph in Figure 4.7 compares actual and predicted rainfall amounts over
rainfall days, with actual values shown in blue and predicted values in red. The blue
bars reveal significant variability in daily rainfall, with some peaks reaching 20-25
units, while the red bars show that the SVM model consistently underestimates these
values, particularly failing to capture higher rainfall events. The model's predictions
follow the general timing of rainfall but exhibit a much narrower range, indicating a
tendency to smooth out predictions and miss the extremes present in the actual data.
This underestimation aligns with previous findings, where the model struggled with

accuracy, likely due to its current hyperparameters.

Figure 4.7

The performance of SD-based HMM-SVM model in predicting rainfall amounts in
calibration period
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4.5.3 Prediction modeling using an SD-based HMM-DT model

The combination of HMM and decision tree allows the decision tree to make
predictions based on a more refined understanding of the rainfall process. Before
applying the Decision Tree, a ratio of 70:30 again was used to split the datasets into
training data and testing data respectively. DT builds a tree based on training data to

predict continuous numerical values (Zhou et al., 2024).

Figure 4.8 shows the residuals versus fitted plot where the residuals represent
errors between observed and predicted values on the y-axis meanwhile, the fitted values
(predicted values) on the x-axis. The plot reveals heteroscedasticity and potential
outliers, indicating that the variance of errors increases with the predicted values and
suggesting issues with the model capturing data patterns. Figure 4.9 displays the Q-Q
residuals plot which compares the standardized residuals to the theoretical quantiles of
a standard normal distribution. The plot shows that the residuals deviate from normality,
particularly in the tails, indicating that extreme values are more frequent than expected

under a normal distribution.

Next, the Scale-Location plot in Figure 4.10 is used to check the assumption of
homoscedasticity (constant variance) in the residuals. The plot suggests mild
heteroscedasticity, with a slightly increasing spread of residuals as the fitted values
increase, indicating that the variance of residuals is not perfectly constant. The
Residuals versus Leverage plot in Figure 4.11 is used to identify influential data points.
The identifies a few influential data points with high leverage, which may

disproportionately affect the model.
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Figure 4.8

The Residuals vs. Fitted plot

Figure 4.9

The Q-Q Residuals plot
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Figure 4.10

The Scale-Location plot

Figure 4.11

The Residuals vs. Leverage plot



170

The histogram illustrates the comparison between the original dataset and the
SD-based HMM-DT model's predictions. The original data distribution, represented in
purple, is more dispersed, indicating a broader range of values. In contrast, the SD-
based HMM-DT model, shown in yellow, exhibits a highly concentrated peak at a
specific value, suggesting that the model generates predictions that fall within a narrow
range. This pattern implies potential underfitting, as the model fails to capture the
diversity and complexity present in the original data, resulting in overly similar outputs
across different instances. It can be seen clearly in the graph in Figure 4.13 where the
blue line represents actual rainfall amount and the orange line represents predicted
rainfall amount. The blue line shows significant daily variability in rainfall, while the
orange line remains nearly flat, indicating a lack of variation in the predicted values.
This disparity highlights the poor performance of the decision tree model, which is
further confirmed by its performance metrics in Table 4.8: an RMSE of 4.614,
indicating notable prediction errors; an NSE of 0.001, reflecting that the model's
predictions are barely better than using the mean of the observed data; and an MAE of
3.866, showing that predictions deviate by an average of 3.866 units from the actual
values. Although the mean forecast error is close to zero (1.12e-11), indicating no

systematic bias, this does not compensate for the overall inaccuracies.
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Figure 4.12

The distribution of rainfall values for both original datasets (purple) and the SD-based
HMM-DT model prediction (vellow)

Table 4.8

The performance values of SD-based HMM-DT model

Calibration Validation

RMSE NSE MAE MFE RMSE NSE MAE MFE

4.614 0.001 3.866 1.12e-11 2.060 -0.044 4.096 1.054
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Figure 4.13

The performance of SD-based HMM-DT model in predicting rainfall amounts in

calibration period

Comparison of Original Data and SD-Based HMM-DT
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4.5.4 Prediction modeling using an SD-based HMM-KNN model

HMM introduces variability in transition probabilities based on x variables, which
could lead to more nuanced and accurate modeling of rainfall data. This dynamically
modeled data can enhance the performance of KNN by providing more contextually
accurate y variable. In applying k-Nearest Neighbour (KNN) model, the datasets were

splitted into the ratio of 70:30 for training and test.

Appiah-Badu et al. (2022) stated that the effectiveness of KNN modeling
depends on the number of neighbors (K) used. Table 4.9 and Figure 4.14 show the

number of neighbors (k) used in the k-nearest neighbors (KNN) algorithm and the root
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mean square error (RMSE) obtained using bootstrap resampling. As the number of

neighbors increases from 5 to 9, the RMSE decreases, indicating that the model's

prediction accuracy improves with more neighbors.

Table 4.9

Number of neighbors used in KNN

No. of neighbor, k RMSE R? MAE
5 5.417 0.001624 4.224
7 5.236 0.001664 4.144
9% 5.108* 0.001338* 4.081%*

* indicates the best result

Figure 4.14

RMSE vs. Number of neighbors plot
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The histogram compares the frequency distribution of the original and SD-based
HMM-KNN model data. The overlapping and spread of bars indicate the differences
and similarities between the two datasets. The yellow bars representing the SD-based
HMM-KNN appear more distributed across higher values, while the original dataset
(blue bars) shows a higher frequency of lower values, indicating potential zero-inflated
characteristics. This visualization suggests that the SD-based HMM-KNN captures a
broader range of values compared to the original dataset. It can be seen clearly as the
graph in Figure 4.16 shows a comparison between the original rainfall values and the
predicted values. The original values are depicted in blue, while the predicted values
are shown in orange. The graph suggests that the model does not perform particularly
well in predicting daily rainfall amounts. The predictions tend to smooth out the
variability, leading to underestimation of high rainfall days and overestimation of low
rainfall days. This discrepancy underscores the poor performance of the KNN model,
as evidenced by its performance metrics in Table 4.10: an RMSE of 4.400 suggests that
while the model captures some trends, there is still considerable error in the predictions,
an NSE of 0.091 suggests the model has limited skill in accurately predicting rainfall
amounts, an MAE of 3.553 indicates the average magnitude of the errors in the
predictions, without considering their direction and an MFE of 0.029 indicates that the
model has no significant bias in overestimating or underestimating the rainfall amounts

over the long term.
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Figure 4.15

The distribution of rainfall values for both the original dataset (blue) and SD-based
HMM-KNN model (vellow) prediction

Table 4.10

The performance values of SD-based HMM-KNN model

Calibration Validation

RMSE NSE MAE MFE RMSE NSE MAE MFE

4400 0.091 3.553 0.029 5.248 -0.123 4.133 1.137
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Figure 4.16

The performance of SD-based HMM-KNN model in predicting rainfall amounts in
Comparison of Original Data and SD-Based HMM-KNN
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HMM enhances this model by allowing the transitions to vary based on y variable,
leading to a more accurate and dynamic representation. This dynamic modeling of
rainfall data can significantly enhance the performance of Artificial Neural Network
(ANN), leading to more accurate and reliable predictions. In applying ANN, the
datasets were divided into two parts, 70% of the data were used for calibrating and the

remaining 30% of the data for validation purposes.

Figure 4.17 displays the neural network diagram. Based on the diagram, 5
neurons labeled as PC1 to PC5, representing principal components as input layer and

two hidden layers with numerous neurons interconnected by weighted edges. The first
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hidden layer has a dense connection from the input layer, and the second hidden layer
receives inputs from the first hidden layer. Adjusted connection weights were essential
in the ANN model as they enabled hidden neurons to receive all inputs from the input
neurons, which are then used in the non-linear function (Tangri et al., 2008; Sulaiman

et al., 2022).

Figure 4.17

Neural Network Diagram

The histogram illustrates the frequency distribution for the original and SD-
based HMM-ANN datasets. The green bars representing the SD-based HMM-ANN
data display a strong clustering near zero, indicating limited variability and potentially
highlighting overfitting or model rigidity. Conversely, the original dataset (orange bars)
demonstrates a broader distribution, capturing more variability across different values.
The analysis of ANN performance in Table 4.11 indicates poor results of the ANN in
predicting rainfall; a high RMSE of 5.265 indicates that there are significant errors in
the model's predictions, a negative NSE (-0.302) highlights significant deficiencies in

the model's ability to capture the variability in the data, an MAE of 3.367 confirms that
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the predictions are substantially off from the actual values, and an MFE of 2.535
suggests a consistent overestimation bias in the model. Figure 4.19 illustrates a graph
comparing original values (blue line) and predicted values (orange line). The model’s
predictions are almost a flat line near to zero which indicates that the model fails to

capture any of the variability present in the actual rainfall data.

Figure 4.18

The distribution of rainfall values for both the original dataset (orange) and SD-based
HMM-ANN model (green) prediction

Table 4.11

The performance values of SD-based HMM-ANN model

Calibration Validation

RMSE NSE MAE MFE RMSE NSE MAE MFE

5.265 -0.302 3.367 2.535 5.991 -0.463 4.062 3.370
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Figure 4.19

The performance of SD-based HMM-ANN model in predicting rainfall amounts in

Comparison of Original Data and SD-Based HMM-ANN
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4.6 Evaluating performance of Statistical Downscaling-based Homogeneous
Markov Model-Machine Learning model (SD-based HMM-ML model)
A hybrid model is anticipated to enhance both the accuracy and efficiency compared to
a single model (Sulaiman et al., 2022). The hybrid models that applied in this study are
SD-based HMM-RF, SD-based HMM-SVM, SD-based HMM-DT, SD-based HMM-
KNN and SD-based HMM-ANN. The performance of the proposed models was
measured by using the performance metrics of Root Mean Square Error (RMSE), Nash-
Sutcliffe Error (NSE), Mean Absolute Error (MAE) and Mean Forecast Error (MFE).

Table 4.12 displays the overall results of the performance of the five hybrid models.
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Table 4.12

The overall results of the performance of the five hybrid models

SD-based SD-based SD-based SD-based SD-based

HMM-RF HMM-SVM HMM-DT HMM-KNN HMM-ANN

70% 2.298* 4.204 4.614 4.400 5.265
RMSE
30% 4.937* 5.687 5.060 5.248 5.991
70% 0.752* 0.170 0.001 0.091 -0.302
NSE
30% 0.006* -0.318 -0.044 -0.123 -0.463
70% 1.900* 2.543 3.866 3.553 3.367
MAE
30% 3.851* 4.453 4.096 4.133 4.062
70%  -0.049* 1.468 1.12e-11 0.029 2.535
MFE
30% 0.867* 1.179 1.054 1.137 3.370

* indicates the best result

In terms of RMSE, the SD-based HMM-RF model demonstrates the lowest
values (2.298 and 4.937), indicating the highest accuracy in predictions among the
models. Lower RMSE values signify a better fit of the model to the data. SD-based
HMM-SVM, SD-based HMM-DT, SD-based HMM-KNN, and SD-based HMM-ANN
models have higher RMSE values, with the SD-based HMM-ANN model showing the

highest values (5.991), reflecting less accurate predictions.

For NSE, the SD-based HMM-RF model again leads with the highest values
(0.752 and 0.006). NSE values close to 1 suggest better model performance, while

negative values indicate performance worse than the mean of the observed data.
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Statistical downscaling-based SD-based HMM-ANN exhibits negative NSE value,

underscoring its lower efficiency and less reliable predictions.

When evaluating MAE, the SD-based HMM-RF model achieves the lowest
values (1.900 and 3.851), indicating smaller average errors between predicted and
actual values. This suggests that statistical downscaling-based SD-based HMM-RF
model’s predictions are closer to the actual values compared to the other models. The
other models show higher MAE values, with statistical downscaling-based SD-based
HMM-SVM model, SD-based HMM-DT model, SD-based HMM-KNN model, and

SD-based HMM-ANN model all demonstrating larger errors.

The MFE values for SD-based HMM-RF model are -0.049 and 0.867, with the
first value being the closest to zero, indicating minimal bias in predictions. MFE values
close to zero reflect that the model neither consistently underestimates nor
overestimates the predictions. In contrast, the other models exhibit higher MFE values,
suggesting a more significant bias. Notably, SD-based HMM-ANN models the highest
MFE values (2.535 and 3.370 respectively), indicating a pronounced bias in its

forecasts.

The graph in Figure 4.20 displays the short forecast for two weeks of observed
rainfall values (in blue) against predictions made by various hybrid models, including
SD-based HMM-RF (red), SD-based HMM-SVM (green), SD-based HMM-KNN
(pink), SD-based HMM-DT (orange), and SD-based HMM-ANN (brown) model. The
graph covers a two-week forecast period since the Department of Irrigation and

Drainage Selangor prioritizes short-term predictions. This timeframe provides essential



182

insights for flash flood mitigation efforts in specific locations over the upcoming two
weeks. Among the models, the SD-based HMM-RF predictions (represented by the red
line) show a pattern that is generally more aligned with the peaks and troughs of the
original rainfall values (blue line). This suggests that the RF component is effective at

capturing the variability and dynamics of the rainfall data when informed by the HMM.

Figure 4.20

The short forecast for two weeks of five hybrid models in predicting daily rainfall
amount

Overall, SD-based HMM-RF consistently outperforms the other models across
the majority of the metrics. It provides the most accurate and reliable predictions with
minimal bias, as indicated by its superior performance in RMSE, NSE, and MAE, and
its near-zero MFE. SD-based HMM-ANN tends to perform the worst, with higher
errors and lower efficiency. SD-based HMM-SVM, SD-based HMM-DT and SD-based
HMM-KNN show intermediate performance but are generally outclassed by SD-based

HMM-RF.
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4.7 Summary

The primary objective of this study is to forecast daily rainfall data in Selangor,
Malaysia, using a suite of hybrid Statistical Downscaling-based Homogeneous Markov
Model-Machine Learning model (SD-based HMM-ML model). The proposed models
include SD-based HMM-RF, SD-based HMM-SVM, SD-based HMM-DT, SD-based
HMM-KNN, and SD-based HMM-ANN. Among these, the SD-based HMM-RF model
stands out as the most effective, consistently delivering superior performance across a

variety of evaluation metrics.

Specifically, the SD-based HMM-RF model exhibits the lowest Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE), reflecting its precision in
predicting daily rainfall amounts. It also achieves the highest Nash-Sutcliffe Efficiency
(NSE), a strong indicator of its predictive power. Moreover, the Mean Forecast Error
(MFE) for the SD-based HMM-RF model is closest to zero, signifying that the model
generates highly accurate predictions with minimal bias. The exceptional performance
of the SD-based HMM-RF model is particularly noteworthy in its ability to accurately
predict extreme rainfall events, which are critical for flood risk assessment and water

resource management.

The robustness and reliability of the SD-based HMM-RF model make it an
invaluable tool for hydrologists and climatologists who are engaged in environmental
modeling and climate change research. Its capability to deliver precise predictions with
minimal bias enhances the understanding of local climate dynamics and supports more

informed decision-making in the context of climate change adaptation and mitigation
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strategies. Consequently, the SD-based HMM-RF model emerges as a powerful asset

in the ongoing efforts to improve climate resilience in the Selangor region and beyond.



CHAPTER 5

CONCLUSION

5.1 Overview

In this concluding chapter, we summarize the contributions of this thesis, examine its

limitations, and suggest potential future research directions arising from this work.

5.2 Summary

Extreme weather events such as floods and tsunamis are likely to increase climate
change's impact on the hydrological cycle. Continuous heavy rainfall over several days
is the primary cause of flooding, which can disrupt daily life for weeks. This
underscores the growing importance of projecting future climate at regional and local
levels, given the unpredictability of extreme climate events in recent years. As a result,
meteorologists and hydrologists are employing hybrid Statistical Downscaling-based
Bayesian Approach-Machine Learning model (SD-based HMM-ML model) to evaluate
predicted rainfall in Selangor, Malaysia, with a particular emphasis on severe rainfall

events.
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The first objective of this study is to evaluate the effectiveness of various
imputation methods in dealing with missing data, specifically by determining the most
suitable approach for handling the 2.1% of missing data in Selangor. The study
rigorously applied several imputation techniques, including Mean Imputation, Median
Imputation, k-Nearest Neighbor, EM Algorithm, MCMC, NIPALS, and Random
Forest, to identify which method yields the most accurate and reliable results. The
analysis revealed that Median Imputation emerged as the most effective method for
addressing the missing daily rainfall data in Selangor. With a root mean square error
(RMSE) of 0.146, a mean absolute error (MAE) of 0.021, and a Nash-Sutcliffe
efficiency (NSE) of 1.000, Median Imputation provided the smallest estimation errors
compared to the other methods tested. These findings highlight the robustness of the
Median Imputation method in accurately estimating missing data, making it an essential
tool for improving the quality and reliability of environmental data analysis in the
region. This study not only emphasizes the importance of choosing the appropriate
imputation method for accurate data recovery but also contributes valuable insights into

the best practices for handling missing data in hydrological studies.

Next, the second objective of this study focuses on the reduction of data
dimensionality and the selection of predictor variables through the use of Principal
Component Analysis (PCA). Hydrologists frequently handle high-dimensional time-
series data, which not only demands substantial computational resources but also
presents challenges in accurately classifying patterns, recognizing trends, and
visualizing the data when applying machine learning models. The complexity
associated with high-dimensional datasets can hinder the effectiveness of these models,

making it crucial to simplify the data without losing critical information. To tackle this
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issue, PCA was employed as a dimensionality reduction technique aimed at identifying
uncorrelated features, also known as principal components, thereby streamlining the
dataset. By focusing on these principal components, the study was able to reduce the
complexity of the data while retaining the most informative aspects. Specifically, PCA
identified five key principal components, labeled PC1 through PCS5, with a cumulative
variance cut-off set at 93.254%. This substantial reduction in dimensionality resulted
in the formation of a new dataset, structured as a matrix with 4,018 rows—each
representing the number of days per station—and five columns corresponding to the
extracted factors (4,018 % 5 matrix). This approach not only made the data more
manageable and computationally efficient but also enhanced the accuracy of

subsequent analyses by focusing on the most significant features of the dataset.

The third objective of this study centers on addressing the uncertainties that
arise when dealing with zero-bounded rainfall data, a common feature in hydrology
datasets. These datasets often contain a significant number of zero values, which can
create challenges in data analysis, especially when the proportion of zeros is so high
that standard statistical distributions fail to accurately represent the data. Such datasets
are referred to as zero-inflated, and they require specialized methods to manage the
excess zeros effectively. To tackle this issue, the study employed the Homogeneous
Markov Model (HMM), a statistical tool designed to handle zero-inflated data by
capturing the underlying patterns and distributions more accurately. The application of
HMM in this context revealed a well-defined, symmetric distribution resembling a bell
curve, which emerged when the data were analyzed at three hidden states. This
symmetry indicates that the model provides reliable and consistent parameter estimates,

crucial for accurately representing the data. Specifically, the density plots for K=3, with
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an iteration count of 2000 and a Bayesian Information Criterion (BIC) value of
260,018.30, showed a clear peak at zero. This peak confirms that the model effectively
captures the zero-inflation present in the data, accurately reflecting the underlying
distribution. The fact that the density plots are both well-defined and symmetric, with
a pronounced peak at zero, suggests that the HMM is not only capable of modeling the
data's distribution but also of doing so with a high degree of precision. Consequently,
the study was able to generate a new rainfall dataset that eliminates the excess zeros,
thereby providing a more refined and accurate dataset for subsequent analysis. This
improved dataset allows for more robust and reliable analyses, paving the way for better

insights and predictions in hydrological studies.

The fourth objective is to investigate and compare hybrid Statistical
Downscaling-based Bayesian and Machine Learning models for capturing non-linear
relationships between predictor variables and rainfall patterns. This study implemented
Statistical Downscaling-based Homogeneous Markov Model-Machine Learning model
(SD-based HMM-ML model). The machine learning models used in this study are SD-
based HMM-RF, SD-based HMM-SVM, SD-based HMM-DT, SD-based HMM-KNN
and SD-based HMM-ANN for rainfall prediction. Next, comparing the five hybrid
models by using four performance metrics namely, RMSE, NSE, MAE, and MFE. SD-
based HMM-RF outperforms the other models across the majority of the metrics. Its
superior performance in RMSE (2.298), NSE (0.752), and MAE (1.900), along with its
near-zero MFE (-0.049), indicates that it offers the most accurate and reliable
predictions with minimal bias. SD-based HMM-RF model holds potential benefits for
hydrologists and climatologists, especially in downscaling studies aimed at projecting

long-term rainfall trends. The research has successfully addressed challenges such as
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missing data, high-dimensional datasets, zero-bounded data, and the processes involved

in statistical downscaling approaches. The results of this analysis can enhance

understanding of rainfall patterns in Selangor by providing an objective depiction of

their primary downscaling predictions. Furthermore, these findings could aid in

forecasting rainfall patterns, thereby mitigating the impact of disasters that threaten

lives, cause property damage, and harm the environment.

5.3

Future Research

Several recommendations are put forward for future research based on the constraints

identified, particularly concerning statistical downscaling methods.

ii.

The methodologies presented in this thesis were tested using a specific set of
predictors and predictands in Selangor. Nevertheless, the techniques outlined in
this study could potentially be applicable to the entire country of Malaysia and
other tropical climate datasets, especially where rainfall variations are not
significantly different from those in equatorial regions. Our hybrid model may
offer improved generalization of rainfall projections produced through
statistical downscaling for such datasets. Researchers are encouraged to explore
these proposed methods in studies encompassing other tropical regions.

The challenge of managing missing data in this study was addressed by
employing the single imputation method, chosen for its superior performance.
However, there exist numerous other imputation methods, including more

advanced approaches, that could be explored for handling missing values.
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Researchers are encouraged to investigate different imputation methods to
identify the most effective approaches for addressing missing data.

The machine learning-based methodology shows improved accuracy in
predicting rainfall projections for this specific type of rainfall data. However,
this study only presents visualizations of the rainfall projections. Therefore, the
hybrid model proposed in this study is suggested for future rainfall projections
covering periods of 20-30 years. Additionally, this approach could be applicable
to other climate datasets beyond rainfall, provided they exhibit similar

characteristics to the rainfall data analyzed in this study.
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APPENDICES

A R codes - HMM
library("HMM")

#Function to calculate transition matrix
trans.mat=function(K,qq)
{
t.qg=matrix(0,K,K)
for(i in 1:K){
for(j in 1:K)
{
t.qq[i,j]=round(mean(qq[i,j,]),2)
¥
¥
return(t.qq)

}

#Import data
rain.data=read.table("wet 5.txt",header=TRUE)
rain.data=data.matrix(rain.data)

#Model

system.time(my.hmm1<-HMM(y=rain.data, K=3, iters=2000, burnin=200,
emdist="gamma", nmix=3, delta=TRUE))

OBIC(my.hmm1)

plot(ts(my.hmm1$loglik))

plot(density(my.hmm18$loglik)) #density plot

zzTest=0z(my.hmm1) #compare with the truth zgamma

table(zzTest)

qq=0QQ(my.hmm1)

ggmat=trans.mat(K=3,qq) #K=number of states

pp=OWcoef(my.hmm1,FALSE)

tt=Oemparams(my.hmm1,FALSE)

write.csv(zzTest, file = "zz.xIsx")

write.csv(qqmat, file = "qq.xIsx")

write.csv(tt, file = "tt.xIsx")

write.csv(pp, file = "pp.xlsx")

#Prediction

filelocation="C:\\Users\\User\\"

system.time(my.hmm1<-HMM(y=rain.data, W=NULL, K=3, iters=2000, burnin=200,
emdist="gamma", nmix=1, delta=TRUE,
outdir=filelocation, pT=1664, yrep=1,Wp=NULL, ypred=1))
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B R code - HMM-RF

#Import necessary libraries
library(randomForest)
library(caret)
library("readxI")

# Read data from Excel file
data <- read_excel("MEDIAN.xlsx")

# Number of rows in the dataset
n_rows <- nrow(data) #calling all rows

# Number of rows for training
n_train <- floor(0.7 * n_rows) #70% from the rows as training sequentially

# Split the data into training and test sets
train_data <- data[1:n_train, | # 70% data
test_data <- data[(n_train + 1):n_rows, | # 30% data

#random forest model
model <- randomForest(LOCAL ~ ., data = train_data)
print(model)

# Predict the target variable for the train data
predtrain = predict(model, train_data)

# Predict the target variable for the test data
predtest = predict(model, test_data)

print(predtrain)
plot(predtrain)

write.csv(predtrain, file = "rfpredtrain.xIsx")
write.csv(predtest, file = "rfpredtest.xlsx")



C R codes — tuning parameter

library(kernlab)
library(readxl)

# Read data from Excel file
data <- read_excel("S1.xIsx")

# Number of rows in the dataset
n_rows <- nrow(data)

# Number of rows for training
n_train <- floor(0.7 * n_rows)

# Split the data into training and test sets
train_data <- data[1:n_train, ]
test_data <- data[(n_train + 1):n_rows, |

library(kernlab)

# Define parameter grid
param_grid <- expand.grid(sigma = seq(0.1, 1, by =0.1),
C=c(0.1, 1, 10))

# Perform cross-validation
cv_results <- lapply(1:nrow(param_grid), function(i) {
rvim_model <- ksvm(LOCAL ~ .,
data = train_data,
kernel = "rbfdot",
kpar = list(sigma = param_grid$sigma[i]),
C = param_grid$C[i])
cv_result <- crossval(rvm_model, folds = 10)
mean(cv_result@error)

1)
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D R codes - HMM-SVM

library(e1071)
library(caTools)
library("readxI")

# Read data from Excel file
data <- read_excel("MEDIAN.xlsx")

# Number of rows in the dataset
n_rows <- nrow(data) #calling all rows

# Number of rows for training
n_train <- floor(0.7 * n_rows) #70% from the rows as training data sequentially

# Split the data into training and test sets
train_data <- data[1l:n_train, | # 70% data
test_data <- data[(n_train + 1):n_rows, | # 30% data

#Regression with SVM

#LOCAL represents the response variable (Y data)

#"." denotes all other variables in the dataset to be used as predictor variables (X data)

modelsvm = svm(formula = LOCAL~.,data= train_data, type= 'eps-regression’,
kernel= "radial", cost= 5, gamma=0.5, epsilon=0.1)

modelsvm

# Get prediction values for the training data
train_predictions <- predict(modelsvm, train_data)
plot(train_predictions)

#Predict using SVM regression

test_prediction = predict(modelsvm, test data)

write.csv(train_predictions, file = "trainrad.xlsx")
write.csv(test_prediction, file = "testrad.xIsx")
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E R codes - HMM-DT

# Load the required package
library(stats)
library("readxI")

# Read data from Excel file
data <- read_excel("MEDIAN.xlsx")

# Number of rows in the dataset
n_rows <- nrow(data)

# Number of rows for training
n_train <- floor(0.7 * n_rows)

# Split the data into training and test sets
train_data <- data[1:n_train, ]
test_data <- data[(n_train + 1):n_rows, ]

# Train the decision tree model
tree_model <- Im(LOCAL ~ ., data = train_data)
print(tree_model)

# Get prediction values for the training data
train_predictions <- predict(tree_model, newdata = train_data)
plot(train_predictions)

# Visualize the decision tree (optional)
plot(tree_model)
text(tree_model)

# Make predictions on the test set
predictions <- predict(tree_model, newdata = test_data)

write.csv(train_predictions, file = "traindt.xIsx")
write.csv(predictions, file = "testdt.xlsx")



F R codes - HMM-KNN

library(caret)
library(readxl)

# Read data from Excel file
data <- read excel("MEDIAN.xlsx")

# Number of rows in the dataset
n_rows <- nrow(data)

# Number of rows for training
n_train <- floor(0.7 * n_rows)

# Split the data into training and test sets
train_data <- data[1:n_train, ]
test_data <- data[(n_train + 1):n_rows, |

# Train the k-NN model

knn_model <- train(LOCAL ~ ., data = train_data, method = "knn")
plot(knn_model)

print(knn_model)

# Get prediction values for the training data

train_predictions <- predict(knn_model, newdata = train_data)
plot(train_predictions)

# Make predictions on the test set
test_predictions <- predict(knn_model, newdata = test data)
print(predictions)

write.csv(train_predictions, file = "knntrainmed.xlsx")
write.csv(test _predictions, file = "knntestmed.xlsx")
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G R codes - HMM-ANN

library(forecast)
library(caTools)
library(neuralnet)
library(caret)
library("readxI")

# Read data from Excel file
data <- read_excel("MEDIAN.xlsx")

# number of rows in the dataset
n_rows <- nrow(data) #calling all rows

# number of rows for training
n_train <- floor(0.7 * n_rows) #70% from the rows as training data sequentially

# split the data into training and test sets
train <- data[l:n_train, | # 70% data
test <- data[(n_train + 1):n_rows, | # 30% data

#neural network:

n <- neuralnet(LOCAL ~ ., data=train, hidden=c(5,10), linear.output=FALSE); n
plot(n)

print(n)

# Get prediction values for the training data
train_predictions <- predict(n, newdata = train)
plot(train_predictions)

# Make predictions on the test set
test_predictions <- predict(n, newdata = test)

write.csv(train_predictions, file = "train_ann.xIsx")
write.csv(test_predictions, file = "test ann.xlsx")
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H R codes — PCA

#read data from excel
library("readxI")

# Example dataset (replace this with your dataset)
data <- read_excel("ATMOSPHERE .xlsx")

#install package for run PCA
install.packages(c("FactoMineR", "factoextra"))

library(FactoMineR)

PCA(my_data, scale.unit = FALSE, ncp =4, graph = TRUE)
my data.active <- my_data[1:4018, 1:6]

res.pca <- PCA(my_data.active, graph = FALSE)
print(res.pca)

#for the PCA result

library("factoextra")

# Eigenvalues

eig.val <- get eigenvalue(res.pca)

eig.val

#screenplot

fviz_screeplot(res.pca, addlabels = TRUE, ylim = c¢(0, 100))
#cumulative

res.pca <- prcomp(my_data.active, scale = TRUE)
summary(res.pca)

# loadings

head(res.pca$rotation)

# PCs score

res.pca$x[1:4018,1:5]

write.csv(res.pca$x, file ="PC_SCORES.xlsx")



|

Percentage of Missing Local Data

. Percentage of
S Missing Dagta (%)
22-334 0.722
23-333 4.579
23-334 0.000
24-332 13.216
24-333 0.000
24-334 0.548
24-335 0.274
25-332 2.688
25-333 3.111
25-335 4.803
25-336 0.025
26-332 0.050
26-333 0.025
27-331 0.000
27-332 0.000
27-333 3.609
27-334 3.136
28-330 0.996
28-332 0.025
28-333 3.683
28-334 3.534
29-331 0.025
29-332 1.269
29-335 3.683
30-329 0.324
30-330 0.050
30-331 3.509
30-332 4.430
30-333 3.708
30-334 3.758
30-335 3.683
31-328 0.672
31-329 0.025
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