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Abstract

The increasing challenges related to water security, exacerbated by rapid urbanization,
population growth, and climate variability, necessitate accurate and reliable forecasting
methodologies to support sustainable water resources planning. This study explores water
demand forecasting in Ha-Foso, Lesotho, by evaluating three machine learning models:
Multiple Linear Regression (MLR), Support Vector Regression (SVR), and Artificial Neural
Networks (ANN). Utilizing time series data sets covering meteorological inputs (2012-2022),
population, and water consumption records (2017-2024), the study assesses the influence of
climatic and demographic variables, specifically precipitation, maximum and minimum

temperatures, and population, on domestic water consumption.

The research first used MLR to assess the influence of population, maximum temperature,
minimum temperature, precipitation, and other factors on water demand. Subsequently, the
study evaluated the predictive performance of MLR, SVR, and ANN models. Performance
was evaluated using performance metrics, including the coefficient of determination (R?),
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute
Percentage Error (MAPE).

The regression analysis consistently identified population as the only statistically significant
predictor of water demand (p<0.001), while climatic variables showed no significant
influence during the study period. In the comparative evaluation, the SVR demonstrated the
highest accuracy and generalization capacity, outperforming ANN and MLR, with the least
error metrics in both the training phase and the testing phase. The 2-year forecast highlighted
the distinct behaviours of each model, with the SVR and ANN models providing more
moderate growth projections compared to the steep, linear increase predicted by the MLR

model.

This study presents the potential of machine learning, particularly SVR and ANN, in
addressing the intricate, non-linear relationships inherent in water demand forecasts,
delivering precise and actionable water demand forecasts for peri-urban settings in Lesotho.
The findings suggest the adoption of advanced architectures and the incorporation of socio-
demographic variables to strengthen predictive capacity. The outputs are expected to support
utility companies such as Water and Sewerage Company (WASCO) in strategic planning,

conservation, and infrastructure investment decisions.
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Chapter 1: Introduction

1.1Background

Population growth is projected to increase globally, with the world population anticipated to
reach 8.5 billion by 2030, placing significant pressure on natural resources, particularly water
resources (UN, 2017). This escalating demand, coupled with impacts of climate change like
increased frequency and intensity of droughts and extreme weather events, threatens water
security for approximately half the world’s population (IPCC, 2023). The Economic Forum
report ranks water insecurity among the top five global risks, highlighting the urgency for

sustainable water management (WEF, 2024).

In Sub-Saharan Africa, rapid urbanization, economic growth, and changing consumption
patterns are driving a surge in water demand (UN, 2024). To address the water security
concerns, many nations have invested in dam construction to support water supply, flood
regulation, and hydroelectric power production. Globally, there are 35140 dams, of which
6243 are in Africa, 3170 of which are mainly for water supply. For example, in Egypt, the
Aswan Dam was built in 1970 (Zhang & Gu, 2023; Sekamane, et al., 2023).

While dam construction has emerged as a common approach to address water needs, effective
strategies for water management necessitate accurate demand forecasting. The understanding
of the determinants of water demand is crucial in effective forecasting, policy development,
and overall decision-making. These factors encompass population growth, employment and
technology, weather and climate, the price of water, and efficiency and conservation programs
as major influences on water demand (Billings & Jones, 2008). For instance, studies highlight
the role of population size, income, and climate elements, including temperature, humidity,
and land use, as major influences on water demand (Anang , et al., 2019; Huang, et al., 2020;
Ou, et al., 2023). This demonstrates the importance of understanding the different impacts

that different factors have on water demand, thereby enabling accurate forecasting.

Traditionally, water demand forecasting relied on qualitative methods, often based on expert
knowledge or judgments (Billings & Jones, 2008). These methods, however, have
demonstrated a lack of reliability and empirical analysis. Furthermore, traditional approaches

such as Autoregressive Integrated Moving Average (ARIMA) models and multivariate
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regression analysis assume linear relationships, which may not reflect real-world
complexities. To address these limitations, research has increasingly explored non-parametric
approaches such as machine learning, which better understand non-linear relations as they
excel at identifying intricate learning patterns, leading to improved accuracy when forecasting
water demand, moreover can handle diverse and large amount of data, making them highly

adaptable to change (Billings & Jones, 2008; Donkor, et al., 2014).

Machine learning is a subfield of artificial intelligence that focuses on developing algorithms
capable of learning patterns from data. Consequently, improving accuracy in forecasting
various phenomena, including water demand. Research has examined the effectiveness of
different methods, such as Support Vector Machines (SVM), Random Forest (RF), Extreme
Learning Machines (ELM), and Artificial Neural Networks (ANN), which have presented
significant potential owing to their capability to accurately model intricate, non-linear
relationships with accuracy and precision (Bennett, et al., 2013; Mouatadid & Adamowski,

2017; Pesantez, et al., 2020).

Lesotho, exhibiting a fast-growing population, is anticipated to increase from approximately
2 million in 2016 to 2.5 million by 2035. The population in urban areas is projected to grow
from approximately 700,000 in 2016 to 1 million in 2036, further increasing the burden of
demand for water resources (BOS, 2019). While significant investments have been made in
water infrastructure, including the construction of the Metolong Dam, whose main purpose is
water supply. Effective water resources require accurate demand forecasting to ensure
equitable allocation and management of water resources. This presents an opportunity for the

utilization of machine learning to forecast water demand.

Despite the global advancements in machine learning for water demand forecasting, Lesotho
currently lags in its application. Presently, the Water and Sewage Company (WASCO) relies
on historical data to estimate the demand, without any determination of different influences
on water demand, neglecting the impact of various factors on water. Therefore, this study aims

to forecast water demand for Ha-Foso, Lesotho, using the machine learning approach.
1.2 Problem Statement

Lesotho faces significant challenges in water infrastructure development, exacerbated by the
impacts of climate change, which have severely affected water availability (World Bank,

2016). Despite these challenges, the country has made notable progress in improving water



access, achieving 86.6% water supply coverage (UN 2023). Initiatives such as the Lowland
Water Supply Scheme, the Maseru Peri-Urban Water Supply Project, High North Reservoir
Connection Water Project, and the Urban and Peri-Urban Water Supply Project have been
implemented to address water shortages that have persisted (2008-2016), however, rapid

population growth and water shortages persist (WASCO, 2025).

Ha-Foso, a rapidly growing area in Lesotho, exemplifies these challenges. Despite
interventions in the area, the increasing population has placed immense pressure on water
resources, resulting in demand outstripping supply (WASCO, 2025). This has led to frequent
water supply interruptions, underscoring the pressing need for accurate water demand

forecasting to support effective water resource planning and management.

Utility companies require advanced and accurate forecasting approaches capable of
addressing the intricate complexities of water demand, such as non-linear relationships
between variables like population, temperature, and precipitation. However, in Lesotho, there
is a noticeable gap in research on water demand forecasting, particularly in the employment
of machine learning techniques. The absence of localised studies and evidence-based
forecasting methods hinders the ability of utility companies to plan and allocate water

resources efficiently, further exacerbating water shortages.
1.3 Aim and Objectives

The main aim of this study is to forecast the water demand of Ha-Foso peri-urban in Lesotho

using a supervised machine-learning approach
1.3.1 Specific Objectives

e To examine the influence of population growth, temperature, and precipitation on
water demand

e To compare the performance of Artificial Neural Network, Support Vector Regression,
and Multiple Linear Regression on water demand

e To assess the predictive outputs of Artificial Neural Network, Linear Regression, and

Support Vector Regression
1.3.1 Research Questions

Outlined below are research questions that were formulated to guide the study toward

achieving the above research objectives:



What is the influence of population, temperature, and precipitation on water demand?
Which variable has the strongest correlation with water demand?

What is the best-performing model between ANN, SVR, and MLR?

How do the water forecasts generated by the models compare?

What are the similarities and differences produced by the model outputs?

A o e

What are the implications of the outputs produced on water demand and utility

companies?
14 Significance of the study

This study aims to assess the influence of temperature, precipitation, and population on water
demand, moreover, it forecasts water demand using machine learning approaches, informing
utility companies of better methods for forecasting, particularly for Lesotho, which currently
relies on traditional methods. Machine learning methods present robustness and flexibility
through their ability to learn hidden patterns and handle noise, making them indispensable.
Understanding how different factors influence water demand will help inform policy
formulation to design better conservation measures and allocation means, and ensure better

water resource planning and management.



Chapter 2: Literature Review

1.1 Introduction

A thorough understanding of water demand dynamics is crucial for effective sustainable water
resource management. This is especially critical in regions experiencing increasing climatic
variability, urbanization pressures, and infrastructure constraints. This chapter reviews the
existing literature on the determinants of domestic water consumption and the methodologies
employed for forecasting it. It aims to contextualize the current study within a broader
scholarly framework, identifying key theoretical foundations, methodological approaches,

and empirical findings that inform research.
2.2 Theoretical Framework

The study is firmly anchored in Systems Theory, which conceptualizes complex entities as
networks of multiple interconnected and interdependent components that interact to form a
unified whole. Systems theory, as articulated by Lazlo & Krippner (1998), emphasizes the
relationships and dynamics between these components, enabling the identification of
behaviours and patterns that arise from their interactions. This perspective is established in
the work of Von Bertalanffy (1972), emphasizes the importance of understanding the
relationships and synergies within a system to define its boundary. In this view, water demand
is posited as a complex system, influenced by multiple interacting factors, both internal and
external. By applying the system theory, the study seeks to elucidate the intricate
interdependencies that determine water demand (Laszlo & Krippner, 1998; Sloan, 2005).

Complementing this perspective is the computational learning theory, often referred to as
machine learning theory. This theoretical framework seeks to understand the fundamental
principles governing the computational learning process, drawing from computer science and
statistics (Sloan, 2005). Computational Learning Theory provides a mathematical foundation
for understanding how machines can learn patterns and relationships from data, enabling the
development of automated learning systems. Ultimately, integrating systems theory and
computational learning theory allows for a nuanced analysis of water demand, recognizing
the need to model the intricate interactions within the water demand system, and leveraging
machine learning to capture the non-linear and dynamic relationships between its

components.



2.3 Determinants of Water Demand

Water demand is a complex phenomenon driven by complex, non-linear relationships
between human society and the natural environment. A comprehensive understanding of these
influencing factors is fundamental to water resources planning and management (Billings &
Jones, 2008; Donkor, et al., 2014). Moreover, understanding these determinants serves as the
foundation for accurate forecasting of future demand (Rinaudo, 2015). Traditionally, water
utilities used historical patterns as a basis for predicting water demand, however, these have
failed to integrate factors that drive water demand into their values (Niknam, et al., 2014).
Recent studies have focused on forecasting water demand in response to the global water
crisis, demonstrating the impact of various social, economic, and environmental factors.
Critically, these factors exhibit both spatial and temporal variability, as concluded by
DeSouzza Groppo et al. (2019), that each region should be studied separately, with an
understanding and choice of the appropriate model. For instance, Huang et al. (2020), using
demand theory in China, demonstrated the temporal variation of drivers of water demand,
revealing the urban population as the dominant force between 2000-2014, shifting to the

Gross Domestic Product (GDP) of the tertiary industries between 2015-2016.

Similarly, Lu et al. (2018) identified spatial and temporal variability in water demand
determinants across 38 cities in China, utilizing ArcGIS for spatial analysis and Excel for
temporal analysis. The findings highlighted the influence of annual temperature and
precipitation, available water resources, and the cost of domestic water. Such localized
analyses are vital for verifying projections and accounting for specific regional conditions. In
some regions, particularly those requiring year-round irrigation, external use of water
significantly contributes to water demand, driven primarily by environmental factors like

temperature and precipitation (Dias & Ghisi, 2024).

Additionally, Ou et al. (2023) used explainable intelligence to quantify the association
between water demand and key determinants, which included social, economic, and
environmental factors. Population size was reported to have a key role in shaping demand,
especially in serviced cities, while highlighting temperature as a crucial factor in water
demand forecasting. Aligning with Anang et al. (2019), who, using the pooling technique,
demonstrated the significant impact of population density, gross domestic product, and

agriculture on water demand in Malaysia.



Further studies have explored these relationships in specific contexts. In Jeddah city, using
statistical analysis and Pearson correlation, a strong correlation between population and water
demand was found, and between GDP and water demand, but a weaker correlation with
atmospheric factors such as humidity and temperature (Wardak & Abed, 2019). Conversely,
Alshaikhli et al. (2021) demonstrated the significant influence of temperature and sunshine
hours in Qatar, while observing a strong negative correlation between population density and
precipitation. Bashar et al. (2023) found a linear relationship between population and water
demand, with water consumption increasing with increasing temperature. Bich-Ngoc et al.
(2022), using fixed and mixed effects regression in R, highlighted the statistical significance
of income on water demand in Belgium, suggesting that higher-earning households consume
higher water volumes due to lifestyle changes. Other studies demonstrate that water
alternatives and conservation methods, such as water harvesting and water-efficient fixtures,
can decrease water demand (Garcia, et al.,, 2019; Bich-Ngoc, et al., 2022). In Nigeria,
Oyerinde & Jacobs (2021) used multiple linear regression to identify and evaluate the
determinants of household water demand, with an explained variance of 0.45, attributed to

complexity in water supply systems.
2.3.1 Environmental Factors

Environmental factors have been widely researched in relation to water demand. Zhang et al.
(2014), through a literature review, confirmed the significant correlation between
environmental factors and water demand. Numerous environmental factors have been
explored, including sunshine hours, humidity, evaporation, precipitation, temperature, and

available water resources.

2.3.1.1 Temperature
Recent studies have explored the influence of temperature to try to understand water demand.
For instance, Ou et al. (2023) found a complex relationship between temperature and water
demand, with temperature being influential in industrial cities and agricultural cities. They
noted that higher temperatures can lead to higher losses and increased irrigation demand due
to evaporation and transpiration, while also potentially increasing industrial water demand for
cooling activities. The study highlighted the paradoxical nature of temperature, suggesting
that temperatures may lead to decreased demand owing to transpiration and evaporation.

Alshaikhli et al. (2021) also identified temperature as the most influential factor in Qatar, a



desert region in Asia, with temperatures exceeding 45°C, where high evaporation and

transpiration drive water demand.

2.2.1.2 Precipitation
Fan et al. (2017) analysed determinants of water consumption across 286 municipalities in
China, and they observed a significant correlation between precipitation and water usage in
high-consumption cities. They proposed that this relationship may stem from increased
outdoor activities in rural areas, as well as increased showering and laundry frequency in
urban areas due to humid and rainy weather, which necessitates showering and clothing
changes. Conversely, Ashoori et al. (2016) demonstrated a decrease in water demand with
increasing precipitation in single-family residential households, likely due to reduced outdoor
activities, such as garden watering. Alshaikhli et al. (2021) found an insignificant correlation
between precipitation and water demand in Qatar, likely due to the region’s arid climate and
low precipitation levels. Conversely, Muloiwa et al. (2022) and Knox (2020) demonstrate that
meteorological determinants may have a negligible impact when there is reliance on indoor

water consumption.

It is, however, important to note that environmental factors are not limited to the
aforementioned, for example, Alshaikli et al (2021) included humidity and sunshine hours in
their study, expressing the interest in such parameters and prioritizing them over precipitation
in Qatar. Similarly, Wardak & Abed (2019) included humidity in their study in Saudi Arabia.
This further emphasizes that the interest in factors can differ in special and temporal contexts.
Ou et al (2019) explored total water resources, which include ground and surface water in
their study. While Bich-Ngoc et al (2022) reported the importance of having alternative water
sources. This shows that there is a wide array of environmental factors that research can

explore, however, it varies with geographic location.
2.3.2 Socio-economic factors

Socio-economic factors are among the most significant determinants of water demand, though
their influence can vary dramatically depending on geographic, technological, and cultural

contexts. The most commonly cited factors include population, income, and GDP.

2.3.2.1 Population
Traditionally, utilities have relied on population-based forecasting, based on the rationale that
increasing population leads to increased water demand (Billings & Jones, 2008). This is

supported by studies like Ou et al. (2023), who found a statistically significant relationship

8



between population and water demand in China. The authors attribute this influence primarily
to factors such as urbanization and socio-economic development, which collectively shape
consumption patterns and resource allocation. Similarly, Huang et al. (2020) identified
population as the primary driver of water demand between 2000-2014, shifting to the tertiary
industry between 2015-2016 due to economic development. Anang et al. (2019) noted a
positive relationship between population density and agriculture on water demand,
highlighting that with a growing population, food production is expected to increase,

subsequently increasing water demand.

However, this relationship is not universally direct. A contrasting view is offered by Alshaikhli
etal. (2021), who found a negative correlation between population and water demand in Qatar,
identifying GDP and temperature as the significant drivers of water demand. Thus, while
population is a fundamental baseline for demand, its impact can be mediated by the

surrounding economic and environmental context.

2.3.2.2 Income
Water use responds to personal income, and water customers respond to how water is billed,
therefore, water savings are realized when residential customers are billed based on
consumption. Typically, higher-income households are expected to use more water (Billings
& Jones, 2008). For instance, Bich-Ngoc et al. (2022) demonstrated the statistical significance
of income on water demand, suggesting lifestyle changes, including the adoption of water-
utilizing appliances such as dishwashers, the creation of gardens and pools, and the increased
capacity to purchase more water, which contribute to higher water consumption in higher-
income households. This is corroborated by the findings of Sant’Ana & Mazzega (2018), who
observed higher water consumption in higher-income households in Brazil, attributing this to
the prevalence of dwellings with amenities that enhance living standards, such as improved
bathroom fixtures, kitchen faucets, and external faucets, as well as increased frequency and
duration of water use. Interestingly, Anang et al. (2019) revealed a nonlinear relationship
between income and water demand, suggesting that while consumption rises with income, the
rate of increase may change at different income levels. This highlights that income influences
not just the quantity of water used, but also the patterns and efficiency of its consumption.
They note that while a country's wealth may provide amenities that facilitate an increase in
water consumption, an optimum will be reached, where comfort declines due to limited water

resources.



2.3.2.3 GDP
The association linking GDP and water demand is complex and multifaceted, with empirical
studies revealing diverse trends. For example, Xiangmei et al. (2021) reported a declining
trend in water consumption with increasing GDP in over half of the regions they studied. They
attribute this phenomenon to two potential factors: firstly, economic development can
facilitate the adoption of more efficient water-saving technologies. Secondly, rising prices of
water associated with economic growth can discourage water consumption, promoting water
saving. Conversely, other regions have observed an increase in consumption alongside GDP
growth, primarily due to the expansion of water-intensive industries with a rising economy.
Huang et al. (2020) also identified the significant role of GDP as a driver of water demand in
China between 2015-2016, emphasizing its dynamic nature with different influences. They
specifically noted the association with the expansion of the tertiary industry, consequently
increasing water demand. Anang et al. (2019) further demonstrated the statistical significance
of GDP in relation to water resources, suggesting that while initial economic development
may be supported by sufficient water resources, a point can be reached where further
economic activity negatively impacts water resources. However, they acknowledge that
increased GDP can simultaneously create opportunities for investment in innovative water-
saving technologies. Therefore, the association between GDP and water demand is not
unidirectional, however, it is mediated by technological advancements, pricing mechanisms,

and the structure of economic development.

2.3.24 Household size
Household size is widely recognized as an important factor influencing residential water
demand. Billings & Jones (2008) explicitly recommend its inclusion in water demand
forecasting models to better understand its influence. This is supported by literature, for
instance, Motho et al. (2022) reported that a larger household size is a significant factor
influencing water demand, explaining that larger households typically require larger amounts
of water for daily domestic activities such as cooking, bathing, laundry, and others. The result
is consistent with Ogunbode & Ifabiyi (2014) research, which demonstrated the strong
statistical significance of household size as a driver of water demand, indicating a positive
correlation between household size and water consumption. A review by Dias & Ghisi (2024)
further corroborates this relationship, citing numerous studies that have established household

size as a key factor in explaining variations in residential water demand.
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2.3.2.5 Water pricing and availability

Economic principles suggest that the price of water is a key determinant of its demand. This
is acknowledged by Lu et al. (2019), who report that water price is affected by a wide array
of factors, including accessibility, abundance, and residents’ income. Their findings show that
regions with abundant water resources often exhibit higher water consumption, which they
attribute to a lack of water-saving awareness driven by a low perceived scarcity of water.
Ashoori et al (2016) highlighted that residents are responsive to price and the importance of
knowing the impact of elasticity in Los Angeles. Further emphasizing that during drought
periods, higher prices have effected lower demand. This, therefore, reflects an interlinkage

between awareness and the availability of water.

Beyond primary economic indicators, other demographic characteristics also shape water
demand. For example, education levels and gender roles can have a notable impact. As shown
by Abdullah et al. (2019), who observed in their study area that households with higher
literacy levels tend to have higher water demand. In the same study, they highlighted the role
of women, who often bear the primary responsibility for water collection and management,
influencing household consumption patterns. This is also observed by Motho et al (2022),
who reported a positive association between gender and water consumption. These factors,
while sometimes harder to quantify, add another layer of complexity to understanding and

forecasting water demand.

The reviewed literature reflects the complexity of the interconnectedness of socio-economic
factors influencing demand. For example, population growth is closely linked to population
density and household size, while income and GDP together shape both individual
consumption habits and broader industrial activity. Additionally, the impact of economic
instruments such as water pricing is influenced by social dimensions such as education and
public awareness of resource scarcity. While this review addresses key drivers, it is by no
means exhaustive. Other critical factors, such as technological advancements, governance and
policy, and land-use patterns, also have an influence. It is therefore important to note that no

single factor operates in isolation but interact within a broader socio-environmental system.
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24 Water Demand Forecasting Approaches

Water demand forecasting is crucial in effective planning and management, serving as the
foundation for informed decision-making. These can inform capacity expansion, revenue
planning, system operation management, and optimization (Billings & Jones, 2008). Various
methods exist, but their suitability depends on the forecasting horizon. However, there is no
universally accepted timeframe for forecasting. Donkor et al. (2014) show that it can be long-
term, medium-term term or short-term. With long-term spanning over two years, medium
being less than two years to three months, and less than three months being short-term.
Contrasting with Billings & Jones (2008), who show that long-term forecasting horizons are
for horizons of a decade or more, medium for years to a decade, and short-term for a year to
two, while very short-term is for hours, days, weeks, and months (Billings & Jones, 2008;

Donkor, et al., 2014; Rinaudo, 2015).

Forecasting methods can be divided into two primary categories: linear (Exponential
smoothing, Autoregressive integrated moving averages), and non-linear approaches (ANNs,
Support Vector Machines, Genetic Algorithms, and Expert systems) (De Souza Groppo, et al.,
2019). Qualitative methods, relying on expert knowledge or judgment, also exist, but their
subjective nature makes them less reliable for long-term biases and limitations in capturing

trends (Billings & Jones, 2008; Donkor, et al., 2014).

Time series or extrapolation methods, which include averaging, trend analysis, exponential
smoothing, and Autoregressive Integrated Moving Average (ARIMA), utilize historical data
and associated error terms. They are practical and straightforward, and require no knowledge
of the internal process of the system (Billings & Jones, 2008). However, with these models,
there is no account of exogenous variables for external variables like climate and price,
demographic, economic, and technology, which significantly influence water demand
(Donkor, et al., 2014). Furthermore, ARIMA models, while useful for short-term forecasting,
struggle with multi-step predictions and assume linear relationships, which is often not the
case in water demand variables (Hao, et al., 2022; Shu, et al., 2024). Similarly, there are
multivariate regression models, incorporating multiple dependent variables, however, similar
to time-series methods, they often assume linear relationships and may not be fitting for

complex, long-term prediction (Billings & Jones, 2008; Donkor, et al., 2014).

Non-parametric methods, particularly machine learning models such as fuzzy ANNs, SVR,

and RF, have gained prominence in recent years. They determine complex relationships
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between variables and generalise the unseen data, requiring fewer assumptions. Their ability
to model non-linear relationships with high precision makes them attractive to water planners
(Solomatine, et al., 2009; De Souza Groppo, et al., 2019) . It is imperative to acknowledge
that forecasting and prediction inherently involve a degree of uncertainty. Consequently,
utility companies must engage in robust decision-making processes that prioritize the
incorporation of uncertainty factors into their strategic planning and operational frameworks

(Srdjevic, et al., 2015; Marchau, et al., 2019).
2.5 Overview of Machine Learning Models

Machine Learning (ML) is increasingly emerging as a pivotal instrument within
environmental sciences, particularly in water demand forecasting and predictive modelling.
The application of ML techniques enables researchers and practitioners to analyse complex
datasets, uncover patterns, and improve the accuracy of water consumption predictions
(Janiesch, et al., 2021). The field encompasses diverse algorithms, including regression
models, instance-based algorithms, decision trees, Bayesian methods, and ANNs. Among the
most frequently used ML methods are decision trees, ANN, Support Vector Machines (SVM),
Support Vector Regressors (SVRs), and ensembles. While there can be anomalies, most
research demonstrates that ML models yield better results compared to classical techniques
(Villarin & Rodriguez-Galiano, 2019; Garcia-Soto, et al., 2024) . ML can be divided into three
distinct learning paradigms, Reinforced Learning, Unsupervised learning, and Supervised

Learning (Nishant, et al., 2020; Ghobadi & Kang, 2023).
Reinforced Learning Technique

Reinforcement Learning (RL) is a distinctive paradigm in Al where an agent learns optimal
behaviours in the environment by trial-and-error. RL does not depend on human-generated
data for training (Singh, et al., 2021). Instead, the agent learns from feedback in the form of
reward signals based on its actions, enabling it to refine its decision-making over time. The
learning approach mimics human learning processes and has proven highly effective in
sequential decision-making tasks. In water resources management, reinforcement learning
can be used to simplify the process of modelling, thus assisting in locating the optimal solution
(Kage, et al., 2025). Although its application in engineering is still being explored,
reinforcement learning is predominantly used in fields such as robotics, economics, and
intelligent vehicles. In the context of water resources, it has been explored in wastewater

prediction, water quality prediction, and hydrology (Shakya, et al., 2023).
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Unsupervised Learning Techniques

Unsupervised learning techniques are utilized to reveal hidden patterns in unlabelled datasets
(Usama, et al., 2019). These techniques depend exclusively on the inherent structure and
feature characteristics of data (Naeem, et al., 2023). Unsupervised learning proves particularly
beneficial for tasks involving clustering and feature extraction. By eliminating the need for
labelled data and manual feature engineering, they offer greater flexibility and automation in
data analysis (Zamri, et al., 2022). While unsupervised learning excels in handling complex
data, it often lacks the precision of supervised methods due to the absence of explicit guidance.
Nonetheless, unsupervised learning plays a critical role in exploratory data analysis,
especially when handling vast volumes of unlabelled or unprocessed data. Common
algorithms in this category include K-means clustering and Principal Component Analysis

(PCA) (Zamri, et al., 2022; Papavasileiou, et al., 2025).

These methods are used in different aspects in the context of water resources management.
For instance, Ghobadi & Kang (2023) demonstrate that supervised methods are employed in
water distribution to identify various customer patterns, determine the spatiotemporal
distribution of precipitation, detect leaks in distribution mains, and monitor non-revenue

water.
Supervised learning Techniques

Supervised learning algorithms are specifically designed to establish a predictive relationship
between input features and the target variable. The type of output determines the model’s
category, where if the target is categorical, the model performs classification, and if numerical,
the model is used for regression. The learning process relies on labelled data, where the
algorithm trains a statistical model to predict outcomes for unlabelled instances. Commonly
used supervised learning techniques include decision trees, which include RF, SVMs, SVRs,

ANNSs, CNNs, and LSTMs, among others (Jovel & Greiner, 2021; Ghobadi & Kang, 2023).

Supervised learning algorithms are applied in different contexts in water resources
management. Ghobadi & Kang (2023) demonstrate in a review the different research fields
for different prediction supervised algorithms, these include and are not limited to streamflow,

soil moisture, water quality, leakage detection, and water demand

With the rising crisis in water security, it has become of grave importance to ensure the

sustainable use of water to ensure that demand meets supply. The global population is rapidly
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increasing, given that business continues as usual, water stress will only increase (Zubaidi, et
al., 2020). Recent research has delved into regression models, particularly for water
consumption and demand prediction, as they are better suited as they learn from historical
labelled data to map input features (population, income, temperature, etc) to an exact and
expected output (Donkor, et al., 2014; Ghalehkhondabi, et al., 2017). Furthermore, Ahmed et
al. (2024) and Ghobadi & Kang (2023) demonstrate in a review the different applications of
ML in water resources management. These include groundwater level forecasting, flood
management, water quality, water drainage systems, wastewater treatment, water demand and
consumption, agricultural water requirements, stream-flow forecasting, and hydropower

operation, among others.

2.5.1 Regression Trees
Regression trees (RT) offer an alternative to the limitations of multivariate regression. They
operate by subdividing data into smaller data sets to allow for more manageable interactions,
simplifying their analysis. They are characterized by their straightforward nature and
interpretability, and minimal computational requirements with allowance for graphical
representation. Compared to other ML methods, they are often considered white-box,
enabling their ease of interpretation of the relations between variables. Several RT techniques
exist, for example, the Iterative Dichotomiser 3 (ID3), Classification and Regression Tree
(CART), and Random Forest (RF). However, regression trees can be very susceptible to noisy
data. RF overcomes this by averaging multiple trees, however, this undermines the quality of
the forecast (Liu, 2023) . RF enables the quantification of feature importance, revealing
variables with the greatest influence on predicting water demand. However, the increased
complexity of RF models can make interpretation more challenging. Most notably, RF has
been widely applied in recent water demand forecasting studies, as it combines the results of
multiple RT algorithms to predict the target variable more accurately. For instance, Villarin &
Rodriguez-Galiano (2019) compared CART and RF models to identify key drivers in Spain,
finding that RF performed better, although both models identified similar importance.
Kulaczkowski & Lee (2024) successfully use RF for urban water demand in Italy, proving its

effectiveness and robustness.

2.5.2 Support Vector Regression Models (SVR)
Support Vector Regression (SVR) applies the principles of Support Vector Machines (SVM)
to regression problems. It is distinguished by a data-driven approach that constructs the

regression function using a limited subset of the training data, known as support vectors
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(Ghalehkhondabi, et al., 2017). Contrary to conventional methods that minimize the overall
deviation between predicted and observed values across all data points, SVR is based on the
principle of structural risk minimization, aiming to enhance generalization by balancing

model complexity and prediction accuracy. (Basak, et al., 2007; Awad & Khanna, 2015).

The fundamental feature of SVR is in the application of kernel functions, such as the radial
basis function, which project input data into a higher-dimensional feature space. Allowing it
to model complex, non-linear relationships effectively, by fitting an optimal linear hyperplane
in the transformed space (Cortes & Vapnik, 1995). The model’s complexity is managed
through the Vapnik-Chervonenkis (VC) dimension control, which helps mitigate overfitting.
Consequently, SVR has demonstrated robust generalization capabilities, especially where

input data may be limited.

Several studies highlight the efficacy of SVR in water demand forecasting. Ibrahim et al
(2020) observed that SVR performed better than the traditional ARIMA model in short-term
water demand in Kuwait. Similarly, Herrera et al. (2010) identified SVR to be the most
accurate model when compared against ANN, RF, Projection Pursuit Regression, and
Multivariate adaptive regression splines. In a study focused on agricultural water demand,
Soebroto et al. (2022) concluded that SVR was superior to both ANN and Multiple linear
regression for water demand forecasting for agriculture. However, SVR is not universally
superior. Research by Mu et al. (2020) and Hao et al (2022) showed that deep learning models,
specifically Long-Short Term Memory (LSTM), attained better accuracy than SVR,

particularly when integrated with wavelet decomposition.
2.5.3 Artificial Neural Networks

ANNs are machine learning models modelled after the human brain’s neural architecture.
They are composed of layers of interconnected processing nodes or artificial neurons. Data
enters the network through the input layer and is then successively transferred to one or more
hidden layers, where the learning is executed. Ultimately, data is transferred to the output
layer, which produces the results. ANNs excel at learning and representing the complex, non-
linear relationships inherent in many real-world processes (Ghalehkhondabi, et al., 2017).
Their primary advantages include the ability to handle large and discontinuous datasets and

their robustness in data-scarce environments (Solomatine, et al., 2009; Niknam, et al., 2014)

16



The utilization of ANNs in water demand forecasting has been widely validated in the
literature. Adamowski & Karapataki (2010) reported that ANNs significantly outperformed
multiple linear regression for short-term water demand forecasting. Similarly, Vijai and
Sivakumar (2018) compared ANNs with MLR, Exponential Gaussian Process Regression,
Least Squares-SVM, Extreme Learning Machines, and Deep Neural Networks. They found
that ANNs had the best performance metrics. Behboudian et al (2014) successfully used a
feed-forward back-propagated multi-perceptron ANN to predict long-term water demand in
Iran, demonstrating its superior performance compared to conventional regression methods.
Despite their strengths, ANNs have limitations. Their performance can be compromised by
small datasets (Ghalehkhondabi, et al., 2017; Oyebode & Ighravwe, 2019; Lee & Derrible,
2020). Additionally, Antunes et al. (2018) note that a greater number of features can impact
model performance, either increasing or decreasing their performance. Zubaidi et al. (2020)
observed better performance of backtracking-search ANN over stand-alone in Gauteng, South
Africa. Moreover, Menapace et al. (2021) showed that simpler architectures may struggle
with larger forecasting horizons. Additionally, Tiwari & Adamowski (2014), as well as Ferrah
et al. (2019), noted limitations related to the smoothing of data.

Hence, advanced deep learning architectures may offer better performance. For instance, Hao
et al (2022) and Alikhani & Moeini (2025) used wavelet-coupled models in their studies. Guo
et al. (2018) also found that Gated Recurrent Unit Network (GRUN), which has a deeper
architecture than traditional ANN, provided more reliable predictions, suggesting that

increased network depth may enhance predictive accuracy.

2.6 Model Performance Evaluation Metrics

The performance of predictive models relies heavily on performance metrics, which are
crucial in quantifying the variance between the prediction and observed data (Donkor, et al.,
2014). These metrics serve as an aid for researchers and practitioners in evaluating,
contrasting, enabling rigorous comparison, assessment, and refinement of algorithms and
models (Zhang & Garcia, 2015). The selection of evaluation metrics is linked to the nature of
the task. Regression tasks often employ Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), and Coefficient of Determination(R?). In contrast, classification tasks typically
rely on metrics such as accuracy, precision, recall, and F1, among others, (Miller, et al., 2024;
Varoquaux & Colliot, 2023). However, these will not be covered in the scope of this research,

only the aforementioned regression metrics will be explored.
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Systematically quantifying a model’s performance metrics is instrumental for effective
optimization (Van Thieu, et al., 2023). This framework is crucial for diagnosing and
addressing challenges that may arise during model development, such as overfitting, where a
model excels on trained data but falters on unseen data, and underfitting, where a model fails
to capture the true structure and trends within the data (Ying, 2019). Moreover, beyond
predictive accuracy, measuring uncertainty is crucial for assessing the informational richness
of data. The quantification of uncertainty influences the reliability of the information and its
applicability in decision-making processes. By effectively quantifying the uncertainty, one
gains valuable insight into the error characteristics of the measurement model (Van Thieu,

2024).

Despite their usefulness, performance metrics are not without limitations. A notable challenge
is their interdependence with one another. A significant challenge is their interdependence
with one another. For instance, Tian et al. (2016) illustrate that MSE can be mathematically
decomposed in various ways, revealing its relationship with other statistical measures such as
the correlation coefficient and bias. This interconnectedness can lead to redundancy in
evaluation and ambiguity in interpretation. Moreover, the lack of consensus or standardized
guidelines regarding the optimal number of metrics to employ often results in researchers

reporting numerous metrics, potentially obscuring clear performance assessment.

The coefficient of determination (R?), or explained variance, is favoured for its natural scale,
ranging from 0 to 1. An R? of 0 indicates no predictive power, while a value close to 1 suggests
a robust fit to the data. However, its application in predictive tasks, particularly out-of-sample
settings, can be misleading, as a high correlation between actual and predicted values does

not equate to high predictive power (Varoquaux & Colliot, 2023).

Moreover, an over-reliance on R? can lead to overfitting, as it tends to increase with more
parameters regardless of their predictive value. Therefore, it is important to use a combination
of metrics to gain a holistic understanding of the performance and error distribution of the

model (Miller, et al., 2024; Varoquaux & Colliot, 2023) .

Accordingly, absolute errors of measure, such as the Root Mean Squared Error (RMSE) and
the Mean Absolute Error (MAE), are frequently used to evaluate model performance. MAE
is advantageous for its simplicity in interpretation, as it represents the size of the prediction
errors. Additionally, it is less sensitive to outliers compared to the RMSE because it does not

square the error terms, placing less weight on deviations. Consequently, the MAE is
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consistently less than the RMSE. In contrast, the RMSE demonstrates higher sensitivity to
outliers because of the squaring of errors before averaging. While this can be a drawback if
outliers are indicative of poor performance, RMSE is often favoured in mathematical
applications because it eliminates the need for absolute values by squaring the errors instead.
A lower RMSE generally indicates a better model fit, noting that RMSE is scale-dependent,
making it more suitable for comparing models on the same dataset or datasets with similar

scales. (Hodson, 2022; Chai & Draxler, 2014).

The debate regarding the appropriate error metric often centres on the underlying distribution
error. MAE is often considered more suitable for describing uniformly distributed errors,
while RMSE is theoretically more appropriate for normally distributed errors. However, Chai
& Draxler (2014) argue that RMSE is a suitable metric when errors are Gaussian, but also
suggest that MAE can be a robust alternative. Some have argued that RMSE can be ambiguous
in its interpretation, leading to preferences for MAE in certain contexts (Willmott & Matsuura,
2005). However, it has been emphasised that each metric may be optimal under specific
assumptions and correct application, however, neither RMSE nor MAE alone is sufficient in

practice (Hodson, 2022).

The Mean Absolute Percentage Error (MAPE) is another extensively utilized metric,
especially in forecasting, appreciated for its scale independence and interpretability as a
percentage error. This feature enables comparison across datasets of varying scales. However,
it can yield infinite and undefined results when the actual values are zeros or near zero (Kim
& Kim, 2016). Additionally, unlike RMSE and MAE, which rely on squared errors, MAPE,
being percentage-based, can be scale sensitive, resulting in a more significant penalty for

positive errors compared to negative errors (Jierula, et al., 2021).

Several studies have highlighted the importance of specific metrics, identifying RMSE, MAE,
MAPE, and R? among others as some of the most broadly used (Donkor, et al., 2014; Niknam,
et al.,, 2014). Ultimately, these performance-based metrics are designed to assess how
effectively a model achieves the objectives defined by the specific learning tasks. Table 2-1

presents the performance metrics as applied in different literature
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Table 2-1: Overview of various studies, models, and performance metrics employed

Authors Model Performance
Metrics

Pachinn et al. 2019 ANN-WDF MAE, RMSE

Bheboudian et al. ANN- MLP- FFP RMSE, MAPE,

2014 MAE

Hao et al. 2022 ANN, SVR, Long-Short Term Memory RMSE, MAE,

(LSTM) MAPE, and R?

Zanfei et al. 2023 ANN-MLP MAPE, R? and
MAE

Adamowski et al, MLR, ARIMA, ANN, MNLR R?, RMSE, RRMSE

2012

Shu et al, 2024 GA-BP, ELM, GPR, SVR R2, MAPE, MAE,
RMSE

Gracia-Soto et al Extreme Gradient Boost, Deep Neural R? RMSE, MAE,

(2023) Network, SARIMA, K-Nearest Neighbour, MAPE

RF

Villarin & Rodrigas CART, RF R?, RMSE

2019

Adamowski & MLR, ANN R?, RMSE, AARE,

Karapataki 2010 Max ARE

Mouatadid & ANN, SVR, ELM, MLR R?, RMSE

Adamowski 2017

Ideally, the evaluation should reflect how the model would perform when applied in a real-
world context. Therefore, it is essential to link model performance to the practicality of its
outputs and its ability to produce plausible future scenarios (Makridakis, et al., 2018).
Rathnayaka et al. (2017) show that water systems should be designed to meet maximum
demand, highlighting the importance of capturing key features such as seasonality and peak

demands in models (House-Peters & Chang, 2011).
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Chapter 3: Methodology

2.1 Introduction

This chapter presents the research methodology used to examine the factors influencing water
demand and forecast future demand using a machine learning approach, specifically Artificial
Neural Network (ANN), Support Vector Regression (SVR), and Multiple Linear Regression
(MLR). The methodology is grounded in statistical analysis complemented by a machine
learning framework utilizing time series data. The dependent variable (water consumption) is
regressed against a series of independent variables, including Precipitation, Population, and

Maximum and Minimum temperatures.
3.2 Study Area

The study focuses on Ha-Foso, located in the Berea district of Lesotho at geographic
coordinates 29.2069° S, 27.8780° E. Figure 3-1 depicts the WASCO service area in Ha-Foso

Berea, Lesotho.
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Figure 3-1: The location of Ha- Foso WASCO service area within the Berea district,
Lesotho
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Ha-Foso is an emerging peri-urban area situated approximately 15 KM from the Maseru
district. This region falls within the lowlands agroecological zone. It is associated with the
middle Mohokare sub-catchment, characterized by a temperate climate, that experience an

average annual precipitation of approximately 700 mm between October and April.

Historically, Ha-Foso was predominantly an agricultural region, characterized by subsistence
farming practices. However, in recent decades, it has undergone a significant transformation
into a residential area due to factors such as land scarcity within the main urban centres. This
rapid and largely unplanned urbanization has resulted in a substantial increase in population
density. According to the 2016 census conducted by the Bureau of Statistics, the recorded
population of Ha-Foso was recorded at 2530 (BOS, 2019). This accounts for communities of
Potoloha- Ha-Foso, Khopane, Maling, Ha-Jesea, Ha Bobojane, and Tututsoaneng Marabeng,
which are WASCO-serviced areas.

Ha-Foso falls under the administrative jurisdiction of the Maseru M.C. Berea Municipal
Council, which covers an area of 4014 ha with a topography ranging from 1473 to 1740 meters
above sea level. The council area exhibits a diverse land use/land cover (LULC) pattern,
comprising built-up areas (1475.10 ha), cropland (1665.77 ha), trees (81.928 ha), water bodies
(45.706 ha), wetlands (27.965 ha), shrubland (138.869 ha), grassland (465.218 ha), bare
surfaces (17.209 ha), and gullies (96.556 ha) (FAO, 2023).

The ongoing residential shift, coupled with increasing population growth, GDP, higher
income, gender, and education, necessitates a thorough investigation into water demand
dynamics and the implementation of accurate predictive models to inform resource
management and planning strategies in the region. Inadequate planning in this context may
lead to challenges such as intermittent water supply due to demand exceeding supply, among
other related problems. Therefore, Ha-Foso emerges as a pertinent study site to examine the

dynamics of water demand in a rapidly urbanizing area within the Lesotho context.
33 Data Sources and Attributes

The datasets utilized in this study were compiled in tabulated Excel spreadsheets and the
shapefile format. Monthly water consumption data spanning 2017-2024 were obtained from
the Water and Sewerage Company (WASCO) for 2061 metered houses in the Ha-Foso Area.
Climate data, including monthly precipitation and maximum and minimum temperatures from

2012-2022, was sourced from Mejametalana station, Lesotho Meteorological Services
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(LMS). Population data for Ha-Foso was extracted from the 2016 census enumeration areas
provided by the Bureau of Statistics. It was spatially analyzed using ArcGIS and a shapefile
to determine the population of the study area. The Bureau of Statistics population projections

report of 2016-2036 reported an annual population growth rate of 0.65%.

Due to constraints in data availability, only precipitation and temperature were included as
climatic variables, while other potentially relevant climatic factors, such as wind speed,
sunshine hours, and humidity, were excluded from the analysis. Moreover, population was
used as the principal demographic factor, therefore, this study serves as a baseline, from which
its findings and gaps can inform future studies. Data from Mejametalana station, the closest
station to the study area, were used for temperature and precipitation data. A detailed summary
of data types, sources, temporal scales, and specific datasets utilized in this study is outlined

in Table 3-1.

Table 3-1: Summary of data attributes

Data Type Source Period Scale Variable used
Historical Lesotho 2012-2022 Monthly Max
weather Meteorological Temperature
records Services Min
Temperature
Precipitation
Historical Water and 2017-2024 Monthly Water
water Sewage Company consumption
consumption (KL/Months)
Historical Bureau of 2016 Annual Population
Population Statistics
Population Bureau of 2016-2036 Annual Population
Projections Statistics Growth Rate

3.4 Data Cleaning and Pre-processing

Missing data was addressed using interpolation and removal, depending on the extent of
missing data. Data with implausible values were identified and treated by removal to ensure

data quality (Billings & Jones, 2008; Ridzuan & Wan Zainon, 2019). To guarantee that the
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input variables had a uniform influence on the models, the data was normalized using the
Min-Max method. This technique compresses values into a standard range. The consolidated
data was divided into training and testing sets at a ratio of 80:20, to evaluate their ability to
generalize unseen data, where training (2018-01-18 to 2023-02-2020) and testing data (2023-
03-20 to 2024-12-20).

The water consumption dataset had missing data. While imputation techniques are commonly
employed, they introduce a degree of uncertainty based on the chosen estimation method. In
this study, a decision was made to retain the observed data without imputation to prioritise
learning from the actual consumption patterns, even with the gaps. This method assumes that
the data segments represent the inherent water trends. However, it is acknowledged that this
approach may limit the ability of the model to reproduce long-term trends and may introduce
bias if the missing data are randomly distributed. Alternative strategies such as imputing with
time-series methods or using models robust to missing data were considered but deemed less

suitable given the percentage of missing and the potential for introducing further distortions.

R programming language version 4.3.3 was utilised to perform data cleaning and pre-
processing. R is a widely used open-source programming language, known for statistical
computing and graphical presentation. It has a vast collection of packages that extend the
function of the language, making it ideal for statistical analysis and tool development (Dizon,

et al., 2023)

3.5 Model Approach

The influence of population, maximum and minimum temperatures, and precipitation on
water demand was investigated using Multiple linear regression. Following the findings, the
results guided the input for Multiple Linear Regression, Support Vector Regression, and
Artificial Neural Networks. A comparative analysis was done, and the best-performing model

for water demand prediction was selected as subsequently described

3.5.1 Analysis of Determinants of Water Demand
To identify the most influential variables for forecasting, an MLR analysis was conducted
(Aho, et al., 2016). MLR analysis was used to examine the association between a set of
independent variables (meteorological elements and population growth) and the dependent
variable (water consumption) during the model development phase. MLR is a parametric

statistical approach that simultaneously utilizes two or more independent variables to predict
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a single continuous dependent variable. This approach enables the quantification of
associations and causal links between the predictors and the outcome of the variable
(Bangdiwala, 2018). The focus on such models is the interpretation of the slope (regression
coefficients or estimates), where if it equals zero, it indicates no linear relationship between
the dependent and independent variables. The intercept shows the expected value when all
dependent variables are zero. Therefore, in this study, the estimates were used to assess the
influence of independent variables on water consumption, and p-values were utilized to assess
statistical significance, where a threshold of less than 0.001 indicated a robust model, as well

as significant variables (Brandner, 2016).

The equation is generally expressed as follows:

y=PB+p1 Xy + BoXs+ o BnXn € Equation 1
Where:

y is the dependent variable,X; the independent variable, [3; the parameter [ the intercept and

¢ the error

The reliability of the MLR model was validated by testing statistical assumptions, which
include normality, homoscedasticity, multicollinearity, and autocorrelation (Starbuck, 2023).
To address assumptions, violations, and confirm findings, the analysis was supplemented by
semi-logarithmic and robust regression models. The variables that consistently demonstrated
statistical significance across these models were selected as inputs for the predictive

forecasting models.

Variance inflation factors (VIFs) were examined to address multicollinearity. A VIF value of
1 indicates no multicollinearity, while values ranging from 1 to 5 indicate modest correlation,
and values ranging from 5 to 10 suggest high correlation (Shrestha, 2020). VIF technique is

represented mathematically by the equation below:

1 1
1-R2 ~ Tolerance

VIF =

Equation 2

Homoscedasticity was assessed using the Breusch-pagan test in the R environment. Where a
p-value < 0.05 indicates that the assumption of homoscedasticity is not violated. Normality
was assessed using the Shapiro-Wilk test, where a p-value < 0.05 suggests that residuals do

not significantly deviate from the normal distribution (Starbuck, 2023; Flatt & Jacobs, 2019).
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3.5.2 Predictive Model Development

This study adopted a medium-term forecasting horizon, projecting water demand over a 2-
year (2025-2026) period. Medium-term horizons can be used for tactical planning and

seasonal allocations.

3.5.2.1 Multiple Linear Regression

The standard LR model was constructed using the /m () function in R. It serves as the baseline
parametric model, which assumes the relationship between the predictors and water
consumption is linear. Feature Engineering involved deriving temporal variables such as
months and years, and incorporating seasonal patterns to enhance the model’s ability to

capture periodic fluctuations in water demand.

3.5.2.2 Support Vector Regression
SVR is an advanced machine learning algorithm that performs regression by operating within
a high-dimensional feature space. This is a transformed version of data where complex
patterns and relationships become easier to detect. Therefore, by working in this feature space,
SVR can model both simple and complex relationships more effectively, leading to higher
predictive accuracy. It aims to reduce the generalized error by using structural risk
minimization (Basak, et al., 2007; Awad & Khanna, 2015). Through kernel functions, SVR
captures non-linear relationships by transforming the original data and identifying linear
patterns in the new space (Cortes & Vapnik, 1995) . The model’s sparse resolution relies on
selecting training data points, known as support vectors, to define the regression function. Its

complexity is managed through Vapnik-Chervonenkis control, which helps with overfitting.

The model was developed with the e/071 package in the R environment. The model’s key
configurations included training using the kernel Radial Basis Function to capture non-linear
relationships. To optimize performance and prevent overfitting, a 5-fold cross-validation with
grid search was employed to identify the best values for cost (50), gamma (0.001), and epsilon
(0.1) parameters. Temporal features, including year, month, and lagged consumption values,

were engineered to capture trends and seasonal dependencies.
The SVR model’s nonlinear form f(w, b) is as follows:

fw,b) =w-0(x) +b Equation 3
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Where w and b are parameter vectors of the functions, x denotes the input vector and @(x)

expresses the nonlinear function.
3.5.2.3 Artificial Neural Networks

ANNSs are algorithms designed to simulate the learning process of the human brain. Known
for their ability to capture non-linear relationships and to handle large data sets. A feedforward
multilayer perceptron ANN was developed using the neuralnet package in R (Razak, et al.,
2023). The multilayer perceptron (MLP) layered feedforward network is the most widely used
and has been used successfully in water demand studies, as it also boasts simplicity. As such,
it was utilised in this study (Ghalehkhondabi, et al., 2017; Pacchin, et al., 2019; Lee &
Derrible, 2020).

The network was configured with an input layer, two hidden layers (10 and 5 neurons), and
an output layer. The default hyperbolic tangent activation function was used, and the network
weights were trained and iteratively adjusted using the backpropagation algorithm, with a
learning threshold of 0.01. The study employed 5-fold cross-validation to identify the best-
performing model structure (Liu, 2020; Hao, et al., 2022). Figure 3-2 below is the structure
of ANN

maonth _norm

fime index norm Consumption norm

population _norm

Figure 3-2: Graphical depiction of the ANN structure in R

3.5.3 Model Performance Evaluation

Model performance assessment was executed through a multi-metric validation framework

employing the coefficient of Determination (R?), Mean Absolute Error (MAE), Root Mean
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Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) to ensure a
comprehensive assessment of model efficacy to select the best performing model (Billings &
Jones, 2008; Behboudian, et al., 2014; Igelan, 2017; Liu, 2020). The metrics were chosen on
the basis of their common use and simple interpretability. For Error metrics, lower values
indicate superior performance, and an R? closer to one is the best in the training and testing

phase. Outlined below are the Metrics employed in model comparison:

The coefficient of determination (R?) was used to measure the proportion of explained
variance. In contrast. Adjusted R? incorporates the number of explanatory variables in the
model, hence, it is typically lower than R2, offering a more balanced view of model

performance. Model selection often prioritizes statistical significance (Brandner, 2016).

Range between 0 to 1, with values closer to 1 representing a greater proportion of variance
explained by the model. Values near 0 indicate that the model does not effectively capture the

variability of observed data, resulting in unreliable predictions. It is given by:

R2 — QX YobsYsim)—(X yobs) (X ysim)

VIS yobs?— (3 yobs)Zl[n X, ysim?—(3 ysim)Z] Equation 4

Where ysim denotes the model’s predicted value, and yobs the actual value, and n the sample

size. Table 3-2 presents a threshold of R2 values

Table 3-2:R2 threshold values

Performance Rating R?

Very strong relationship >0.8
Strong relationship 0.6-0.79
Moderate relationship 0.4-.59
Weak relationship 0.2-0.39
Very weak relationship <0.19

Source: (Shilehwa, et al., 2019)

MAE was also used for model validation, offering a measure of the average magnitude of
errors in a set of forecasts. MAE puts less weight on the rare large deviations, and it is the
absolute value of the variance between the forecasted and the observed values. It quantifies

the average error magnitude of the prediction, and is calculated as:

MAE = %ZlySim_YObsl Equation 5
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RMSE was used to assess simulation errors across different models. It describes the
concentration of data around the line of best fit, lower values indicate lower residual. Unlike
MAE, RMSE places higher emphasis on larger errors, with lower RMSE values indicating
better concentration of data points around the fitted line and, consequently, lower residual

errors. It is given by:

RMSE = \/%Z(ysim_yobs)z Equation 6

MAPE is a metric often presented in percentage terms, it expresses the percentage error
concerning the actual values by dividing each measured error by the actual value of its

corresponding observation. It is given by:

MAPE =% ?=1|313‘:l’;@| X 100% Equation 7

obs

Where n represents the total number of months, i the sequence number of each month, Q; is
the observed water consumption. By applying these metrics, the study ensures a
comprehensive assessment of the predictive capabilities of the developed water demand
forecasting models, allowing a well-informed selection of the most accurate and reliable

model for the specific context of this research. Figure 3-3 denotes the workflow of the study

MLR analysis in R
standard coefficients, p-
value(=0.05), R and | ™ | Drivers of water demand
adjusted R

Data Processing
({cleaning and
normalization)

Objective 1

Objective 2 and 3

Data splitting{ Training
80%, Testing 20%:)

Comparison of Model
performance

Model Development-
SVR.ANMN and LR

Model Evaluation (RMSE, MAE,
RZ MAPE)

Figure 3-3:Schematic diagram denoting the study workflow

Assessment of
prediction output
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Chapter 4: Results

3.1 Introduction

The study assessed the influence of precipitation, maximum and minimum temperature, and
population on water demand. Then, a model performance comparative assessment of MLR,
SVR, and ANN was conducted. Ultimately, the outputs of the models were assessed for
practical implications on water utility companies. Therefore, the findings of the statistical
conducted in the investigation of the factors influencing consumption and the performance of

the models chosen for the study.
4.2 Descriptive Statistics and Data Exploration

An initial distribution of each variable, including measures of tendency, Standard deviation,
and skewness, is described in Table 4-1. The statistics show precipitation to be highly skewed,
this is because some days or months experience no precipitation, while those that do
experience very high precipitation. For this reason, normalization was done through log
transformation. Concerning Maximum and minimum temperatures, they were not highly
skewed and hence no transformation was done. Subsequently, an MLR analysis was
conducted to examine the impact of precipitation, population, and maximum and minimum

temperatures on water demand.

Table 4-1: Summary of descriptive statistics

Variable Dataset mean Median Standard Skew
value Deviation

Precipitation 6.22 0.00 15.9 3.24

(mm)

Max- 23.66 23.97 5.13 -0.31

Temperature(°C)

Min- 9.04 10.00 5.8 -0.4

Temperature(°C)

Figure 4-1 depicts a visualization of data. Further showing how the data was distributed

throughout the years in the different months. For rainfall, it shows
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Monthly Rainfall Distribution (2012-2022) Monthly Maximum Temperature Distribution
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Figure 4-1: Visualization of Climate data

4.3 Analysis of Factors Influencing Water Demand

The preliminary results of the multiple linear regression analysis are presented in Table 4-2.
The initial MLR model explained 70.4% of the variance in water consumption (R? of 0.704,
adjusted R? of 0.666), and the model was generally statistically significant (p< 0.001). Among
the independent variables, population exhibited a statistically significant positive influence
on water consumption (p< 0.001, standard error of 380.0), indicating that an approximate

increase of 3175.9 KL of water consumption accompanies every 1-unit increase in population.

Table 4-2: Multiple linear regression results of influence on water consumption

Variable Estimate (KL) Std error P-Value
Intercept 6340.3 367.6 <0.001
Precipitation(mm) 198.3 427.6 0.646
Max- 701.3 705.7 0.328
Temperature(°C)

Min -872.0 752.6 0.255
Temperature(°C)

Population 3175.9 380.0 <0.001
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R? 0.704
Adjusted R? 0.6661
P-value <0.001

Conversely, precipitation (p= 0.646), maximum temperature (p=0.328), and minimum
temperature (p= 0.255) did not demonstrate statistically significant relationships with water

demand in this model.

The relationships are further illustrated in the correlation analysis presented in Figure 4-2.
The scatter plot of population versus water consumption showed a statistically significant
positive association, while precipitation displayed a near-horizontal trend, suggesting
negligible correlation. Similarly, maximum and minimum temperatures exhibited weak or no

noticeable linear relationships with demand.

Rainfall vs Water Consumption Max Temp vs Water Consumption

I . I . .

5 10000~ t 510000 . o s

o o .. * . L]

E . . . E 0 s

3 5000- 3 .

- L] L] .

5 [ - - 5 5000- s

9 0- l . . . . P 9 LI

7] I - . . - .

& B . .

g Z D - . SEE A0 B E F00 B LEY] . . -.ﬂ.. . L]

0 20 40 60 80 15 20 25 0
Rainfall (mm) Maximum Temperature (°C)
Min Temp vs Water Consumption Population vs Water Consumption

g g . .

£ . s
.

510000~ 5 10000- 2 J i

o aQ

2 : : I

o @ cnp0- * Y

< 5000~ c 0 -

0 0 i

[u] o] 1

ES : ! ‘ . ES ‘ . .

0 10 15 18400 18300 18300
Minimum Temperature (°C) Population

Figure 4-2: Correlation analysis

Furthermore, diagnostic tests were run to ensure that assumptions were not violated. The
results showed that the assumptions of normality and absence of multicollinearity were not
violated, however, homoscedasticity and absence of autocorrelation were found to be violated.
Table 4-3 below outlines a summary of the diagnostic results of the simple multiple linear

regression model.

Table 4-3: Multiple Linear Regression Diagnostic Results
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Assumption Test p-value
Normality Shapiro-Wilk test 0.26 W=0.963
Homoscedasticity Breusch-Pagan test  0.080 BP=28.34
Auto-Correlation Durbin-Watson 0.004 DW=1.22
Test

Multicollinearity VIF technique All<S

Population= 1.04

Max=3.58

Min=4.08

Precipitation=1.31

To address violations of assumptions, a semi-logarithmic model was adopted, where water

consumption was log-transformed. This transformation aimed to stabilize the variance and

linearize the relationships between the independent and dependent variables. The summary

statistics are summarised in Table 4-4.

Table 4-4: Summary Statistics for the Semi-log Model

Variable Estimate Std Error P-Value
Intercept 8.4570 0.146 <1.82e-06
Precipitation(mm)  0.1592 0.1217 0.200
Max 0.1592 0.2006 0.434
temperature(°C)

Min -0.3135 0.2142 0.153
Temperature(°C)

Population 0.7075 0.1081 <0.001
R? 0.6154

Adjusted R? 0.5658

P-value <0.001

The Semi-log result demonstrated a change in the explained variance, with an R? of 0.6154.

The model remained statistically significant (p<0.001). Consistent with the MLR model,

population emerged as the most statistically significant predictor of water demand (p< 0.001).
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Similar to the MLR model, precipitation p =0.200), maximum temperature (p=0.434), and

minimum temperature p=0.153) remained statistically insignificant in the semi-log model.

To ensure the validity of the regression analysis, diagnostic tests were conducted to assess
whether fundamental assumptions of multiple linear regression were met. Table 4-5
summarises the tests employed and their corresponding p-values for the Semi-log model
regression. Tests were done on each assumption, indicating that the assumption of
homoscedasticity (p=0.424), the assumption of significant autocorrelation (p=0.10), and the
absence of high multicollinearity (VIF < 5) were satisfied. However, the Normality

assumption was not satisfied, with a p=0.0007.

Table 4-5: Semi-log Model Diagnostic Results

Assumption Tests p-value
Normality Shapiro-Wilk test 0.0007 0.874
Homoscedasticity Breusch-Pagan test ~ 0.424 3.87
Auto-Correlation Durbin-Watson Test  0.10 1.55
Multicollinearity VIF technique <5

Population= 1.04

Max=3.58

Min=4.08

Precipitation=1.31

Despite the application of semi-log transformation, diagnostic tests revealed that key
assumptions were still violated, particularly the assumption of normality. Moreover,
influential outliers were identified. To address these challenges and to attain more reliable
estimates, a robust regression model using M-estimators was employed. Table 4-6 below

presents the results of the robust regression model.

Table 4-6: Summary of Robust regression Model results

Term Estimate Standard Error t-value
Intercept 8.5220 0.0787 108.30
Precipitation(mm)  0.0878 0.0709 0.2381
Max 0.0047 0.1511 0.5815
temperature(°C)
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Min -0.1736 0.1611 -1.0772
Temperature(°C)
Population 0.6370 0.0814 7.8295

The robust regression results, similar to the simple Linear regression model and the Semi-Log
MLR model, also demonstrate population as the most significant predictor with a t-value of
7.8295, which is above 2. While all other predictors have t-values <2, making them

insignificant.

4.4 Predictive Model Performance

4.4.1 Linear regression Model

The performance of the Linear Regression model in predicting water demand is presented in
Table 4-7. During the training phase, LR recorded an RMSE of 1700.48 KL, MAE 1366.94
KL, MAPE 62.02%, and R? of 0.78. However, during the testing phase, the error metrics
increased, notably, RMSE increased to 1727.07 KL, MAE to 1454.87 KL, and MAPE
increased to 13.74 %, while R? declined to 0.65.

Table 4-7: Linear Regression model performance results

RMSE(KL) MAE(KL) MAPE % R?
Training 1700.48 1366.94 62.02 0.78
Testing 1727.07 1454.87 13.74 0.65

Following the presentation of performance metrics, Figure 4-3 depicts the LR model’s
comparison between actual and predicted water consumption values over time. The plot
generally depicts a temporal alignment between the actual (blue line) and predicted (red line)
values, particularly in capturing the trend, demonstrating a general upward trajectory. In the
initial years, the graphs show overestimations and then continue to underestimate from 2019

to mid-2022, then begin to overestimate till 2025.
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Figure 4-3: Actual vs Predicted Plot for Linear Regression Model

4.4.2 Support Vector Regression
SVR model performance metrics are shown in Table 4-8. In the training phase, SVR recorded
RMSE of 1009.98 KL, MAE of 717.39 KL, MAPE of 11.08% and R? of 0.88. During the

testing phase, the performance increased significantly, RMSE dropped to 786.98 KL, MAE
to 690.75 KL, and MAPE to 6.03 %. However, the R? value slightly dropped to 0.86.

Table 4-8: SVR performance evaluation results

RMSE(KL) MAE(KL) MAPE% R?
Training 1009.98 717.39 11.08 0.88
Testing 786.98 690.75 6.03 0.86

Figure 4-4 below illustrates the comparison between actual and predicted water consumption
using the SVR model. The model captures the increasing trend of consumption, demonstrating
an increasing trend. The model overestimates in the initial years from 2018 to mid-2020, it is
picking up on the trend and the sharp peaks, the predicted line closely tracking the observed
lines, however, with some overestimations and underestimations. For instance, between mid-

2021 and mid-2022, and mid-2023.
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Figure 4-4: Actual vs Predicted Water Consumption plot for the SVR model
4.4.3 Artificial Neural Networks

Table 4-9 presents the findings of the ANN model. In the training phase, the model achieved
an RMSE of 1576.01 KL, MAE of 1233.87 KL, MAPE of 41.92%, and R? of 0.83. In the
testing phase, performance deteriorated with increasing RMSE of 1467.73 KL, MAE of
1313.81 KL, however, it decreased to 11.19%. Similarly, the R? decreased to 0.31.

Table 4-9: ANN performance Evaluation results

RMSE(KL) MAE(KL) MAPE% R?
Training 1576.01 1233.87 41.92 0.83
Testing 1467.73 1313.81 11.19 0.31

Figure 4-5 presents the comparison between the actual and predicted water consumption over
time as predicted by the ANN model. While the model captures the general upward trajectory
of the water consumption, the predicted values appear smoother than the actual values. The
model follows the broader consumption pattern, however, it underrepresents the fluctuation

and peaks demonstrated by the actual values.
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Figure 4-5: Actual vs predicted demand for the ANN model

Table 4-10 provides a consolidated comparison of the performance metrics of LR, ANN, and
SVR across both training and testing phases. Results show that Multiple linear regression lags
in performance with the highest RMSE, MAE, and MAPE, as well as the lowest R? in the

training phase. The bolded metrics demonstrate the best performance across the models for

all phases, respectively.

Table 4-10: Model performance Metrics summary of results

Legend

— Actual
— Predicted

RMSE (KL)  MAE(KL) MAPE% R?

TRAINING

LR 1700.48 1366.94 62.02 0.78

SVR 1009.98 717.39 11.08 0.88

ANN 1576.01 1233.87 42.92 0.83
TESTING

LR 1727.07 1454.87 13.74 0.65

SVR 786.98 690.75 6.03 0.86

ANN 1467.73 1313.81 11.19 0.31
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The results indicate that during the training phase and testing phase, SVR achieved the lowest
error metrics (RMSE, MAPE, MAE) and the highest R2. ANN came second with the least
error metrics in the training and testing phase, however, R? dropped significantly from 0.83
to 0.31. The LR model exhibited the lowest performance with the highest error metrics in the

training and testing phases.

Figure 4-6 illustrates the comparative performance of LR, ANN, and SVR predicted water
demand against the observed water demand. The observed data (dashed blue) shows a
fluctuating pattern as seen in reality, oscillations caused by behaviour and seasons, and
climatic variations. The ANN model (Black) demonstrated the least estimates, moreover
showing the least seasonality. The SVR model(green) demonstrated more intermediary
estimates, with values within the observed water consumption range. The LR model exhibits
mild variation in the observed data, however overpredicts, with values high above the

observed data range.
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Figure 4-6: Actual vs Predicted for all models

Figure 4-7 visually compares RMSE and MAE. The SVR model demonstrated the least
RMSE and MAPE. The trend showed a decrease from the training phase to the testing phase

39



for the SVR and the ANN. The MLR, however, demonstrates an increasing trend from training
to testing, with the highest RMSE and MAE values.
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Figure 4-7: RMSE and MAE distribution

Figure 4-8 illustrates a comparison of R? values. All models exhibited R? values above 0.70
in the training phase. In the testing phase, a wider range of R? was observed, with values
ranging from 0.31 to 0.65. All models demonstrated a decrease in R? from the training phase

to the testing phase.
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Figure 4-8: R? trend among models in the training and testing phases
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Figure 4-9 illustrates the MAPE trends across the models. The MAPE for all models decreased
from the training to the testing phase. The LR model demonstrated the highest MAPE in all
phases, followed by the ANN model, while the SVR model had the least MAPE in both the

training and testing phases.
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Figure 4-9: Comparison of the MAPE trend among models
4.5 Water Demand Forecast (2025-2026)

The detailed predictive outputs for the 2025-2026 forecasting horizon are presented in Table
4-11. Across the forecasting horizon, all three models, the LR models, the SVR model, and
the ANN model, exhibited an overall increasing trend in water consumption, though they

differ in their predicted magnitudes and seasonal behaviours.

The LR model maintains the highest values of predicted consumption, projecting a steady
upward trajectory, albeit with fluctuations showing seasonality. the LR forecast begins at
14510.94 KL in January 2025 and rises to a peak of 21337. 53 KL by December 2026. This
monthly increase shows consistency despite a minor variation in April-June 2025.
Conversely, the SVR model produced the lowest prediction. Its predictions ranged from
16441.89 KL in January 2025 to a high of 13724.34 KL in December 2026. The SVR forecast
displays a moderate and controlled growth trend compared to the LR model, moreover

demonstrating more intermediate estimates between the LR and ANN models.

The ANN model also forecasts a general upward trend, with predicted values rising from

9,595.55 KL in January 2025 to 11,863.81 KL in December 2026. Notably, a slight dip in
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projected demand occurred at the start of 2026 (January), after which the trend resumed to a

pattern similar to the previous year.

Table 4-11: Predicted Monthly water demand (KL) values for the period of 2025-2026

Date LR SVR ANN
01/01/2025 13972.85 16441.89 9595.55
01/02/2025 15523.25 10274.80 9720.18
01/03/2025 14203.63 11699.97 9856.66
01/04/2025 14315.86 11341.02 10004.04
01/05/2025 14011.77 11345.49 10164.84
01/06/2025 16095.82 11955.60 10338.79
01/07/2025 14751.96 11983.08 10526.31
01/08/2025 14046.52 12414.63 10725.7
01/09/2025 14512.94 12654.17 10935.53
01/10/2025 15056.62 13066.65 11153.56
01/11/2025 15660.67 13457.85 11376.69
01/12/2025 15399.91 13441.65 11602.25
01/01/2026 14205.15 11225.27 9999.26
01/02/2026 15755.55 12291.42 10100.58
01/03/2026 14435.92 11274.67 10215.42
01/04/2026 14548.16 12119.67 10343.53
01/05/2026 14244.06 11420.29 10487.26
01/06/2026 16328.12 12261.14 10646.5
01/07/2026 14984.26 12423.58 10821.46
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01/08/2026 14278.81 12630.82 11010.48
01/09/2026 14745.23 13017.48 11211.9

01/10/2026 15288.92 13326.88 11423.31
01/11/2026 15892.97 13796.81 11641.58
01/12/2026 15632.20 13724.34 11863.81

Figure 4-10 presents the predicted monthly water consumption (KL) for the period January
2025- December 2026 as generated by LR, SVR, and ANN Models. Across all models, a
general upward trend in water demand is observed over the two-year forecasting period. The
LR model generally consistently yields the highest consumption estimates. The SVR model
starts on the highest yield, drops, and then gradually increases, peaking in November and
December and dropping in January. Fluctuations can be seen between January 2025 and May
2026. The ANN offers more underestimated and smoothed out predictions compared to SVR
and LR. However, it captures a similar trend as SVR in the increased consumption in
December 2025, which then drops in January 2026, capturing a dip around January, after

which consumption gradually increases
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Figure 4-10: Graphical representation of the trend in predicted consumption for all

models
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Chapter 5: Discussion

5.1 Introduction

This study examines the influence of precipitation, maximum and minimum temperatures,
and population on water demand, directly addressing the first objective. Secondly, it provides
a comparative performance assessment of the LR model, the SVR model, and the ANN model
in forecasting water demand. Finally, concluding with an analysis of the forecasts generated
by each model, assessing their practical predictive behaviours and the practical implications
of the outputs for utility planning, operations, and water management. This study details a
critical discussion of the findings obtained from the study. The results are analysed and
situated within the context of existing literature to interpret their implications for water

demand management.
5.2 Influence of Determinants on Water Demand

Understanding factors driving water demand is crucial in water resources planning and
management, creating the basis for accurate and meaningful forecasting (Billings & Jones,
2008; Rinaudo, 2015). The simple MLR and semi-log model yielded an R? of 0.704 (adjusted
R? of 0.666) and 0.615, respectively. These results are higher than the range of 0.404-0.413
reported by Bich-Ngoc et al. (2022) for the study conducted in Belgium. Other studies by
Fiorillo et al. (2021) and Aho et al. (2016) have reported varying model fit. For instance,
Fiorillo et al. (2021) reported an R? value of 0.51-0.66 in different regression models
investigating the influence of weather on water demand, while Aho et al. (2016) reported an
R? 0f 0.434 (adjusted R? of 0.403) for their regression model. An R? of 0.704 signifies a strong
relationship and model fit (Shilehwa, et al., 2019) This suggests that the variables selected
for the analysis explain the variance effectively, although partially. Suggesting that some
variables which were not included in this study could explain the variance, therefore, future
studies should include more variables for a more comprehensive analysis, with a look into
more predictors. For example, demographic and socioeconomic predictors such as income,
household size, Gross Domestic Product (GDP), gender among others, these were seen to
explain influence in other studies, for instance, Sant ‘Ana & Mazzega (2017) suggested that
housing characteristics, number of residents, income, and family and consumption patterns
should be considered as they are pertinent in prediction models. Oyerinde & Jacobs (2022)
also indicated the inclusion of vast variables to better understand the influence of water

consumption.
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This study further determines population as a driver of water demand across all three models,
the simple MLR, semi-log MLR, and the Robust MLR, demonstrating population as the single
statistically significant determinant of water demand, with p<0.001 in Ha-Foso as per the time
frame analyzed. Bich-Ngoc et al. (2022) also observed that the number of adults and children
was found to be statistically significant with p<0.001. The linkage with population and
number of adults and children is that, with a greater number of adults and children, the
population increases. Similarly, Ou et al. (2023) emphasized population size as a critical
determinant of water demand, particularly in serviced cities, where it accounted for
approximately 50% of the water demand. Anang et al (2019) also identified population size
as a significant predictor of water consumption. These observations are further supported by
Billings & Jones (2008), who assert that traditional forecasting methodologies such as linear
regression models are based on the rationale that increasing population leads to increased
demand. Consequently, urban expansion, coupled with increased migration and residential
development in the study area, likely explains the high significance of the population as a
predictor. This is corroborated by Lechesa (2023), who reported that Ha-Foso is experiencing
rapid growth due to the high demand for housing settlements. Showing that arable land is
increasingly being converted to housing settlements. This is consistent with the findings of

this study, which have identified population as the main driver.

The significance of population as a driver of water demand in this study is further affirmed
by reports from WASCO (2023), which have documented persistent water shortages in the
study area. The shortages have been attributed to the increasing population, which outpaces
supply, despite efforts to augment supply through projects such as the Lowland Water Supply
Scheme, the Maseru Peri Urban Water Supply Project, and the High North Reservoir
Connection Water Project. For instance, GDP has been observed to influence water demand,
in studies like Xiangmei et al. (2021), although with a negative impact, showing that with
increasing GDP, water efficient amenities can be afforded. Huang et al. (2020) and Anang et
al (2019) report in the positive impact of GDP, suggesting an increase in water demand with

increasing GDP due to lifestyle changes.

The influence of temperature, encompassing both maximum and minimum daily values, on
water consumption was examined in this study. Contrary to the general hypothesis positing a

positive correlation between increased maximum temperatures and increased water
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consumption, the results across all three MLR models indicated a statistically insignificant
relationship. Specifically, the coefficient for the maximum temperature coefficient was
198.3KL, accompanied by a p-value of 0.328. While the positive coefficient suggests a
potential increase of 198.3 KL in water consumption per unit increase in maximum
temperature, the high p-value suggests that this relationship is not statistically significant. This
finding implies that, based on the analysed data, fluctuations in maximum temperature do not

reliably predict changes in water consumption in the Ha-Foso area during the study period.

This contrasts with results from Ou et al. (2023), who observed temperature as the second
most critical driver of water demand in industrial cities and agricultural cities. However, their
analysis revealed that the effect of temperature was not consistently significant in their study,
highlighting the context-dependent nature of this relationship. The authors emphasise the need
for a thorough analysis of the complex dynamic linking temperature and water demand,

acknowledging its varying impact depending on the city type and context (Ou, et al., 2023).

While a theoretical expectation for an increase in temperature to increase water demand is
plausible according to Billings & Clive (2008), this study reports similar results to Ashoori et
al. (2016), who found that the influence of maximum temperature on water demand is not
statistically significant. They suggest that further research, potentially with a seasonal focus
and over longer periods to capture climatic variations, is necessary to illustrate the specific

role of temperature in driving water consumption patterns in this region.

In contrast, Alshaikhli et al. (2021) reported temperature as the most significant factor
influencing water demand in their study in Qatar. As previously noted, the determinants of
water consumption are both temporally and spatially specific. Therefore, the strong effect of
temperature on water demand in Qatar is plausible, whereas in the Ha-Foso study area,
characterized by different climatic conditions and water usage behaviours, it may indeed vary.
Moreover, it is possible that the connection between temperature and water consumption in
the Ha-Foso area is non-linear, or that the available data used showed limited variation, hence

the partial explanation of the models as suggested by Ashoori et al. (2016).

Similar to maximum temperature, minimum temperature emerged as a statistically
insignificant predictor of water consumption in this study. With a coefficient of -872.0KL and
a p-value greater than 0.001, indicating a negative correlation between minimum temperature
and water consumption, suggesting a potential decrease in water consumption with an

increase in minimum temperature. Suggesting that as minimum temperature increases, there
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is a tendency for water consumption to decrease, although not statistically reliable. Colder
minimum temperatures may lead to increased water use for warming, especially in the
morning when temperatures are low. Conversely, when minimum temperatures are higher,
such activities may decrease, thus decreasing water consumption. These results are similar to
those of Surendra et al. (2014), who found that the minimum temperature had a weak
correlation with water demand. While there appears to be a negative correlation. Further
research could explore this relationship using longer periods of data that demonstrate the trend

of minimum temperature’s influence on water consumption.

Several context-specific factors may explain the lack of statistical significance for maximum
and temperature as a predictor in Ha-Foso. The temperature variation in the study period
might not be extreme enough to trigger significant behavioural shifts in water consumption.
Moreover, households in Ha-Foso may not be engaged with water-intensive activities such as
swimming pools or irrigation of the lawn, which increase water consumption. Although the
results of this study do not demonstrate maximum temperature and minimum temperature as
significant predictors, more studies can be done to understand consumption patterns on a long-

term basis.

Across all three MLR functional models, precipitation was found to be statistically
insignificant (p-value >0.05) with a coefficient of approximately 198.3 KL. This implies that
every lmm rise in precipitation is linked with an estimated increase of 198.3 KL in water
consumption, however, this relationship is not statistically supported. Ashoori et al (2016)
similarly reported a statistically insignificant relationship between water consumption and
precipitation for multi-family households, attributing it to reduced outdoor water use during
rainy periods, such as lawn watering and car washing, thus lowering overall consumption.
Similarly, Alshaikli et al. (2021) observed a negative correlation between precipitation and
water demand. Moreover, Ebad & Yilmaz (2019) also found precipitation to be ineffective as
a determinant for water consumption. However, these findings differ from those of Fan et al.
(2017), who reported a positive and statistically significant relationship between precipitation
and water consumption for high consumption cities, with a p-value<0.01. Showing that urban

households demand more water due to kitchen use, laundry, and showering.

In the case of Ha-Foso, the lack of significant impact of precipitation and maximum and
minimum temperatures may be explained by independence on indoor use as opposed to

outdoor use. This is corroborated by the results of Muloiwa et al. (2022), who reported that
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for the peri-urban area of Thohoyandou in South Africa, indoor water consumption outpaces
outdoor. Moreover, Knox (2020) highlights that if water consumption is based more on indoor
use, it is generally related to demographic, socio-economic, and behavioural habits of the
residents. Showing that water consumption remains fairly constant indoors, with little to no
evidence of seasonal fluctuation. Emphasizing that the change in water use patterns for indoor

activities between summer and winter is generally considered insignificant.

Moreover, this can be explained by limited alternative water sources, suggesting a continued
reliance on tap water. Therefore, promoting water conservation initiatives such as rainwater
harvesting may be beneficial. This is explained by Bich-Ngoc et al (2022), who indicated that
the presence and access to supplementary water sources through systems such as rainwater
harvesting can noticeably decrease the demand for piped water. Moreover, Garcia et al. (2019)
reported that installing fixtures that reduce consumption, such as rainwater harvesting,

significantly reduces water consumption.

It can thus be deduced that across all three models, population has consistently emerged as a
statistically significant predictor of water demand, with p-values well below the conventional
significance threshold for the study. Demonstrating it as the biggest influence on water
demand. In contrast, climatic variables such as precipitation and maximum and minimum
temperatures failed to demonstrate statistical significance, with p-values well above 0.05.
These findings are consistent with other prior studies that emphasise the dominant influence
of demographic factors over climatic variables on water demand (Ou et al., 2023; Anang et
al., 2019). Accordingly, the subsequent predictive modelling phase of this study focuses

exclusively on population as the sole predictor variable.
5.3 Comparative Analysis of Model Performance

The evaluation of predictive model performance is crucial for determining the effectiveness
of various methodologies for predicting water demand (Liu, 2020; Behboudian, et al., 2014;
Adamowski & Karapataki, 2010). The selection of an optimal model necessitates a rigorous
assessment of established performance metrics. Specifically, the model demonstrating
superior performance is characterized by low values of RMSE, MAE, and MAPE, coupled
with a high R?, signifying a strong explanatory power.

The SVR model demonstrated the best generalizability, achieving the best performance

metrics in the training phase. Moreover, demonstrating consistency with the least metrics in
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the testing phase, highlighting its robustness on unseen data. This is consistent with the results
of Soebroto et al. (2022), who also found in their study that SVR performed better than ANN.
Their study showed that SVR can easily be effective in forecasting data with a limited number
of features. Similarly, SVR was found to be suitable in comparison to Genetic Programming
and ANN in a study by Zanjani et al. (2024). Hererra et al. (2010) also found SVR to have
better performance over ANN, Random Forest, multivariate adaptive regression, and
Projection pursuit when predicting hourly urban water demand. Similarly, Candelieri (2017)
reported SVR to be better suited in predicting water demand in Italy, citing that SVR is better
suited due to variability in water usage patterns. This performance on unseen data is confirmed
by Ghalehkhondabi et al. (2017), who showed that the effectiveness of SVR is in its risk
minimization and its robustness under limited data. Tamang & Shukla (2019) show that SVR
also works well with small datasets in their study, with ANN surpassing SVR in accuracy,
confirming that SVR works effectively with limited datasets. However, Vijai & Sivakumar
(2018) reported differing results, with ANN surpassing SVR in their study. Similarly, Antunes
et al. (2018) reported on the unexpected poor performance of SVR compared to ANN, K- K-
nearest neighbor (KNN), RF, and ARIMA. Hao et al. (2022) reported in their study that
wavelet decomposition improved LSTM, such that in their study, wavelet-coupled LSTM
outperformed all other models, showing its ability to improve models, such that they can

better capture peaks and predictive efficiency than stand-alone models.

The ANN model also demonstrated strong performance, as the second-best performing model,
consistently exhibiting the lowest performance metrics after SVR in both the training and
testing phases, demonstrating an R? of 0.83 in the training phase. Similar results were reported
in existing studies, where ANN demonstrated a strong fit on training data, for example, Hao
et al. (2022) report R? values of 0.886 and 0.763 for their ANN models. Alikhani & Moeini
(2025) report a value of 0.767 for ANN. However, a deterioration was observed during testing,
where values dropped from 0.83 to 0.31. Suggesting the model is unable to fit the unseen data.
Such performance deterioration was also noted by Oyebode & Ighravwe (2019), who report
a drop in R? from 0.7236 to 0.6614, and Alikhani & Moeini (2025) also observed a
deterioration in R? from 0.76 to 0.68, indicating a decline in performance in terms of fit.
Although ANN did not achieve the best performance in this study, they have demonstrated
superior performance and suitability in studies like Behboudian et al. (2014), where ANN was
found to be suitable for long-term forecasting. Similarly, Adamowski & Karapataki (2010)

reported that ANN demonstrated superior results in their studies.
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A common challenge in machine learning is when models memorize training data patterns
without capturing generalizable trends, thus overfitting (Zubaidi, et al., 2020;
Ghalehkhondabi, et al., 2017). The ANN model demonstrated signs of overfitting, with a
significant drop in the R? from the training to the testing phase. Oyebode & Ighravwe (2019)
reported overfitting of models, which was indicated by stellar performance in the training
phase however, the performance declined in the testing phase. They attributed the issue to the
inclusion of irrelevant and redundant input variables. This, however, does not fit with this
study, as only population was used as an input variable. Therefore, the challenge may be the
limited number of variables. This can be corroborated by Antunes et al. (2018), who stated

that model performance can increase with the increasing number of features.

The models demonstrated smoothing and underestimation of peaks, especially the ANN
model. Tiwari & Adamowski (2014) noted that ANNs may struggle with simulating high-
demand values or capturing non-stationary data patterns without a sufficiently large and
diverse training set. Furthermore, factors such as suboptimal network architecture, insufficient
hyperparameter tuning, and sensitivity to data can contribute to poor generalization, leading
to either overestimation or underestimation (Zubaidi, et al., 2020; Lee & Derrible, 2020).
Manapace et al. (2021) suggest that more articulate architectures are needed to handle longer
forecasting horizons to prevent overfitting. While Tiwari & Adamowski (2014) note that ANN
models may struggle with non-stationary data or simulating peak demand values without
sufficiently large, diverse training datasets. Therefore, future research should focus on
increasing features while also exploring more complex architectures. Similarly, Soebroto et
al. (2022) reported that an ANN trained with back propagation is not effective at training in
comparison to SVR, MLR, and ANN. Suggesting that they require random weights to be
iteratively adjusted. This, therefore, implies that for this study, the performance of the ANN
model can be greatly increased with deeper architectures and an exploration of advanced

training algorithms, to find one that best suits the data.

While ANNs are celebrated for their adaptability and ability to learn complex relationships,
their effectiveness is dependent on large and diverse data sets (Tiwari & Adamowski, 2014).
Walker et al. (2015) also reported that ANN’s robustness is dependent on extensive training
data. In data-sparse or highly variable environments, as is often the case in developing
countries, these models may overfit, capturing noise rather than meaningful patterns. This

further explains the performance observed in the ANN.
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By comparison, the LR model exhibited the weakest performance across both training and
testing phases. Despite an improvement in MAPE from 59.96% to 22.6% in the test phase, it
simultaneously demonstrated an increase in RMSE (1806.36 KL to 2659.55 KL) and MAE
(1484.07 KL to 2438.29 KL), alongside a drop in R? in the test phase (0.77 to 0.64). Donkor
et al. (2014) reported on the inadequacy of LR models in capturing non-linear dynamics.
Similarly, Adamowski & Karapataki (2010) reported underperformance in the LR model,
showing that LR’s reliance on linear assumptions restricts its ability to capture complex
relationships between variables. Vijai & Sivakumar (2018) also identified MLR as the least
effective model when compared to ANN-based approaches in a water demand forecasting
study. While linear regression does have the capacity to forecast, for complex systems such

as water demand, its unable to accurately and sufficiently capture the underlying trends.

It is essential to recognize that the superiority of any model is context-dependent. The
performance is shaped by the attributes of the dataset, forecasting objective, and both spatial
and temporal scales. For example, Mouatadid & Adamowski (2017) found Extreme Learning
Machines (ELM) to outperform ANN, SVR, and MLR in their application, while Guo et al.
(2018) demonstrated the advantages of deep learning models such as Gated Recurrent Unit
Networks for their enhanced memory functions. Moreover, to mitigate the limitation of
standalone models, researchers advocate for hybrid models. for instance, Adamowski et al.
(2012) found that hybrid or coupled models, such as Wavelet-ANN, outperformed traditional
techniques, including MLR and ARIMA, emphasizing the potential of coupled models for
improved prediction. Alikhan & Moeini (2025) demonstrated that equipping ANN with a

Wavelet transformation function increases performance and prediction accuracy.

While the findings presented in this study strongly suggest superior performance of machine
learning models over MLR in the context of this specific water demand forecasting problem,
literature shows that the choice of the most appropriate model necessitates a thorough
evaluation, considering the unique data attributes and the objectives specific to the forecasting
task. The capability of machine learning models to forecast water demand is demonstrated,

albeit with limitations.
5.4 Forecast Implications and Practical Applications

The value of a forecasting model is determined not only by statistical accuracy on historical
data but also by its capacity to produce plausible and actionable future scenarios. While

quantitative performance metrics are essential for model validation, qualitative analysis of
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forecast outputs is equally critical for evaluating a model’s practical utility and its inherent
structural biases (Makridakis, et al., 2018). As House-Peters & Chang (2011) emphasize, the
ability of a model to capture key features such as seasonality and peak demands directly

impacts its applicability in water management decisions.

The forecast outputs of all the models in this study, while indicating an upward trend, deviate
in characteristics, highlighting the critical tradeoffs between models, accuracies, and the
ability to capture essential system dynamics, such as seasonality and non-linearity. The LR
model predicted the highest consumption values, projecting a steep and consistently
increasing trajectory. This aligns with Adamowski et al. (2012), who highlighted that MLR
models tend to over-forecast, particularly during peak demand periods, due to their inability
to capture complex interactions and seasonal variability. This overestimation reflects the
model's fundamental limitation in traditional regression models, which assume linear
relationships between variables. This is corroborated by Donkor et al. (2014) and Rinaudo
(2015) who report on the failure of simplistic methods to account for moderating influences
like improvements in water use efficiency or shifts in consumer behavior, both of which are
non-linear. For a utility company such as WASCO, basing infrastructure investment on
inflated projections could lead to premature or oversized development of capital-intensive

projects, resulting in inefficiencies and potential stranded assets.

In contrast, the SVR and ANN models’ estimates generally predicted moderate growth trends.
However, the outputs exhibited a smoothing effect, flattening the sharp peaks and troughs
associated with seasonal demand. While SVR and ANN models provide more accurate
estimates of the average demand in terms of the metrics, their failure to capture peak demand
periods is a critical limitation. This limitation was observed by Zubaidi et al. (2020), showing
that while machine learning models are superior at capturing non-linear trends, they may
struggle to replicate the high-frequency variability and extreme values. This limitation may
affect water supply as water supply systems must be designed and operated to meet maximum,
not average demand (Rathnayaka, et al., 2016). This smoothing effect is a well-documented

challenge in machine learning applications.

The SVR model’s estimates were intermediate compared to both LR and ANN. The average
estimates it provides offer a reliable basis for planning than relying on ANN, with the least
estimates, or the LR model, with the most inflated estimates. The limitations observed across

all three models highlight the inadequacy of relying on a single deterministic forecast.
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Contemporary water resources management increasingly advocates for planning under deep
uncertainty, where the goal is to identify robust strategies that perform well across a varied
range of plausible features (Marchau, et al., 2019). In Lesotho’s context, this would entail
using different model outputs to construct low, medium, and high growth scenarios. These
can be used to stress-test policy and infrastructure options, ensuring the selected strategies are
adaptive and resilient, regardless of which future unfolds (Srdjevic, et al., 2015). These
observed limitations point toward the promise of hybrid forecasting approaches that combine

the advantages of different modelling approaches.

Seasonal peaks, such as increased consumption during the summer months, were not
efficiently represented in either SVR or ANN forecasts. This underperformance may partially
be attributed to the use of the constant annual population growth rate, which oversimplifies
the complex and often non-linear nature of demographic changes (Caswell, 2019).
Additionally, the models' learning may have been affected by noise and missingness in data,
as highlighted by (Walker, et al., 2015). Notably, the SVR and ANN forecast outputs showed
some drops in December and a slight decrease in January, possibly reflecting real-world
scenarios in Lesotho, such as the festive season, which might reduce certain water-consuming
activities, due to people going into the rural areas for holidays and coming back in January.
Furthermore, Farah et al. (2019) and Pesantez et al. (2020) similarly report that ANN-based
forecasts often preserve general trends at the expense of peak accuracy, due to this smoothing

effect.

Mu et al. (2020) emphasize that performance variations between predictions also stem from
underlying architectural discrepancies across models. Their work suggests that refining model
structure can significantly improve performance. Consequently, future research should
explore more adaptive architectures and incorporate more exogenous predictors to capture
non-linear dynamics effectively. Antunes et al. (2018) report that the inclusion of such
variables has been shown to improve prediction accuracy in some studies, although others,
like Pesantez et al. (2020), note only marginal improvements, indicating the importance of

contextual relevance and variable sensitivity analysis.
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Chapter 6: Conclusions and Recommendations

6.1 Conclusion

The thesis aimed to use Multiple Linear Regression (MLR) to assess the influence of
population, maximum and minimum temperature and precipitation on water consumption.
The analysis, which tested simple, semi-log, and robust functional forms of MLR, consistently
identified population as the only statistically significant predictor of water demand. Climatic
variables, including maximum temperature, minimum temperature, and precipitation, did not
demonstrate a statistically significant influence on consumption within the study period. The
final model explained approximately 70% of the variance in water demand, suggesting that

other unexamined socio-economic variables contribute to consumption patterns.

The study further explored a comparative performance evaluation between Linear Regression
(LR), Artificial Neural Network (ANN), and Support Vector Regression (SVR) models on the
basis of a multi-metric system, which included the RMSE E, MAE, MAPE, and R®. In this
regard, SVR demonstrated superior performance, with the least metrics. While the ANN
performed well during training, it showed signs of overfitting, whereas the LR model was the
least accurate. This study affirms the potential of machine learning models in forecasting
water demand, demonstrating that machine learning approaches are better suited for handling
the complex non-linear relationships. However, it is equally acknowledged that machine

learning models have limitations such as under estimation and smoothing.

Finally, an assessment of each model’s 2-year forecast highlighted distinct behaviors of each
model. The LR model projected the steepest linear increase, reflecting its structural limitations
as a linear model. In contrast, the SVR and ANN models forecasted a more moderate and
subtle growth trend, which reflected the non-linear interactions present in water demand
systems. However, both machine learning models exhibited a smoothing effect, struggling to
capture the sharp peaks and troughs of seasonal demand. For Water utilities like the Water and
Sewerage Company (WASCO), this shows that optimization of models is imperative, to
ensure prediction accuracy and robust models. Moreover, it emphasizes the need for quality
data and the selection of the most appropriate model to achieve prediction accuracy and

reliability.
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6.2 Recommendations

Based on the study’s findings and limitations, future research should address the shortcomings
of this research. Firstly, the unavailability of data should be addressed, for example, the
constant population growth rate may have under or overestimated future projections.
Furthermore, to develop a more comprehensive model, studies should incorporate a wider
range of predictors. These could include socio-economic factors such as water pricing, Gross
Domestic Product, household size, and income, among others. While this study employed
standard ANN and SVR, future efforts could explore more complex network architectures, as
well as other models such as Random Forests. Additionally, the use of other normalization
techniques, more advanced architectures, and activation functions, as well as rigorous
hyperparameter tuning, is also recommended to mitigate overfitting. More than standalone

models, hybrid models should be explored to augment the limitations of stand-alone models

Beyond supervised forecasting, unsupervised learning techniques like clustering should be
employed. This could help segment consumers into distinct groups based on their
consumption patterns, enabling utility companies like WASCO to design targeted tariff

structures and more effective demand-side management strategies

It is recommended that utility companies like WASCO adopt advanced forecasting methods
like those explored in this thesis. Moving beyond estimates based purely on historical
averages will support more effective resource planning. Coupled with a broader scope, the
study should be replicated in other peri-urban and urban areas within Lesotho to inform policy

development and to have a more localized understanding of water consumption.

The company can also invest in capacity building, ensuring a robust department that can use
these methods for planning and water resources management. A data sharing platform may

also be established between BOS and WASCO to be able to share data for reliable forecasting.
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