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ABSTRACT

Urbanisation, climate change, and their impacts on hydrological
processes are a growing concern in urban watersheds around the world.
This research examined the complex relationship between land use and
land cover (LULC) change, precipitation variability, and their combined
spatio-temporal impacts on surface runoff and river discharge in the

Klang River basin, Malaysia.

The research utilised an integrated approach, combining outputs from
LULC and climate models with a hydrological model. Trend analysis of
LULC, precipitation, and temperature were also carried out, to detect

trends in these parameters.

The maximum likelihood algorithm and The Decision Forest — Markov
Chain models were used for LULC classification and LULC change
modelling. Mann-Kendall and Sen’s Slope statistical methods were used
for trend analysis. Lastly, the Soil and Water Assessment Tool (SWAT)
was used for the hydrological modelling of surface runoff and river

discharge.

The results of the study, reveal a significant trend in LULC, mostly
attributed to the increasing trend in urban land, where urban areas
increased by 147.5 km2 (11.8 %), and natural vegetation decreased by

73.4 km2 (5.9%) in the period 1999 to 2017. Similarly, increasing trends
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were observed in precipitation intensity and frequency in urban areas.
An increasing trend was also detected in temperature, specifically land

surface temperature.

The hydrological modelling results demonstrate the relationship
between these changes and increased surface runoff and river
discharge. The results also illustrate that LULC changes have a more
significant impact on hydrological processes compared to climate

change, especially in urbanised regions.

However, the magnitude and contribution of these changes are still
uncertain in many watersheds in Malaysia. Hence, this study addressed
the gap in research by integrating the impact of both LULC change and
climate change variables on hydrological processes, where previous

studies only considered one or the other.

The outcome of the quantitative analysis of this study can help
policymakers prioritise the protection and conservation of urban green
spaces and forests, implement green and climate-resilient
infrastructure, and consider the potential future impacts of both LULC
and climate change on hydrological processes in urban planning and

decision making.

Keywords: Land use change, hydro-meteorological trends, hydrological

modelling, SWAT, surface runoff.
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CHAPTER 1: INTRODUCTION

1.1 BACKGROUND

Water is an important part of sustainable development, as it is an
essential natural resource for human activity. Land use and land cover
(LULC) change and changes in precipitation properties are two major
factors that greatly affect water resources and the hydrological cycle.
Surface runoff and river discharge are among the major parameters of
the hydrological cycle that are directly affected by LULC and

precipitation changes.

The combination of LULC and precipitation change can potentially have
a significant effect on surface runoff and river discharge. Therefore, to
effectively manage water resources it is essential to develop an
integrated spatio-temporal model that assesses the impacts of LULC and

precipitation changes on runoff and river discharge at basin level.

The interrelated relationship between LULC and precipitation changes
and their effects on surface runoff and river discharge can be complex.
The changes in LULC can impact the amount and timing of runoff, while
changes in precipitation like shift in patterns and intensity can
exacerbate these effects. LULC change can occur because of urban and
agricultural expansion, deforestation, and mining activities. When LULC
changes occurs, it can alter the biogeochemical «cycles and
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biogeophysical processes between the surface and atmosphere (Zhou et

al., 2020).

LULC change can impact biogeochemical cycles like the carbon cycle by
altering carbon sinks and carbon dioxide (CO2) emissions (Li et al.,
2020), and affects biogeophysical process like surface albedo,
roughness, and evapotranspiration (Lejeune et al., 2017; Winckler et
al., 2017; Hirsch et al., 2018), and hence alter the energy budget, water

budget and atmospheric variables like temperature and precipitation.

Urbanisation can greatly affect surface properties, like an increase in
imperviousness due to roads, pavements, and buildings, which can
significantly reduce infiltration and increase surface runoff. Urbanisation
can also lead to deforestation and reduction in vegetation cover, which
can further reduce evapotranspiration, interception by plants and

increase soil compaction, hence leading to increase in surface runoff.

Several studies have shown the changes to surface properties due to
urbanisation can alter and induce precipitation over urban areas (Pielke
etal., 2002; Shepherd, 2005; Liang and Ding, 2017; Niyogi et al., 2017;
Liu and Niyogi, 2019; Singh and Qin, 2020; Yu et al., 2020). Past studies
have shown that the combination of increasing temperature and cloud
nucleating aerosols in urban areas has greatly affected precipitation

properties, where increase in precipitation amount and intensity has
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been observed as a result (Seino et al., 2018; Varentsov et al., 2018;

M. Wu et al., 2019; Schmid and Niyogi, 2017; Zhong et al., 2017).

Other land-use changes like agricultural expansion and mining can also
greatly affect surface properties, like increasing soil erosion, which can
increase sediment loading in rivers and reduce the water holding
capacity of soils, and removal of vegetation cover, which all can lead to

an increase in surface runoff.

LULC change around the world has seen significant rise in the past few
decades, because of increasing population, demand for agricultural land,
increasing economic growth, and urbanisation. More than 70% of the
global ice-free land surface is directly affected by anthropogenic actions
(IPCC, 2019), and in the past five decades, the driving force behind
these LULC changes has been the increase in agricultural land, and since
1992 rapid urbanisation has also added to the ever-growing change in

LULC (Diaz et al., 2019).

To understand the effects of LULC change on surface runoff and river
flow, it's important to first carry out land use change modelling, with its
results being used as input into hydrological models. Land use change
modelling provides a systematic method for quantifying and simulating
these changes and helps in estimating future scenarios. Furthermore,

the output from land use and climate change models can be integrated
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with hydrological models, which allows for greater understanding of
these complex interactions between LULC, climate and hydrological
processes. Researchers can examin how different land use scenarios
affect surface runoff and river flow under different climate conditions

using various statistical, empirical, or process-based models.

There are several types of models with which LULC change modelling
can be carried out. There are statistical models like Markov Chain (MC),
empirical models like logistic regression, dynamic models like Cellular
Automata (CA), and integrated models. The Decision Forest — Markov
Chain (DF-MC) model used in this research is an integrated model where

the Random Forest machine learning algorithm is integrated with MC.

DF-MC is largely used for land use classification; however, a few studies
have shown its effectiveness in land use change modelling too. Al-sharif
and Pradhan, (2015); Samardzi¢-petrovi¢ et al., (2015); Karimi et al.,
(2019) all used DF-MC to model land use change, and the studies
concluded that it is an effective method in predicting future scenarios of

land use change.

The DF-MC model has several advantages over other models. The DF
model is easy to understand and interpret, it is highly flexible and
adaptable to various types of data, it can capture non-linear

relationships between input variables and land use change outcomes, it
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can handle missing data effectively, which is a common issue in land use
change modeling due to data availability and quality, and decision forest
is an ensemble of random tress which improves performance and

reduces overfitting (Bruch et al, 2020; Colkesen and Kavzoglu, 2019).

The Klang River basin is an important source of water for Kuala Lumpur
and its surrounding area. The basin has experienced significant
environmental challenges, including land use changes, shift in local
weather parameters like precipitation and temperature. These changes
have had an impact on the hydrological cycle, water quantity and quality
of the basin. However, the contribution and magnitude of these changes
are still uncertain in many basins in Malaysia and in the Klang River
basin, with most previous studies focusing only on either land use

change or climate change.

Understanding the role of LULC change and changes in climate
parameters in the hydrological cycle, and the effects in future scenarios,
is important in the mitigation and implementation of land use policies
and planning, and helps policy makers, and stake holders to better

tackle the future issues related to LULC change.

1.2 PROBLEM STATEMENT

Changes in land use and land cover coupled with changes in precipitation

have the potential to greatly alter hydrological processes and pose
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significant threats to water resources in river basins. LULC change can
alter surface properties like permeability which can affect infiltration,
surface runoff and river discharge. It can also affect surface albedo and
evapotranspiration, which can lead to changes in precipitation, and

these changes to surface properties can hence increase risk of flooding.

Malaysia has seen a rapid change in LULC in the last 50 years, due to
population and economic growth. Agricultural land has been the
dominant land use change in Malaysia, however, since the early 1990s,
urbanisation has seen an accelerated increase. The Malaysian
government in 1991 implemented the Vision 2020 with the goal to
achieve a fully developed and industrialised economy by 2020, and this
has led to accelerated LULC change and urbanisation. The state of
Selangor has seen the greatest increase in population and urbanisation
in this period, and as of 2010 the federal territories of Kuala Lumpur and

Putrajaya are 100% urbanised (Hasan and Nair, 2014).

Flooding has been a major issue in Malaysia, and the country has
experienced significant flooding events in recent years, which have

resulted in loss of life and economic damage (Table 1.2-1).

Table 1.2-1: List Of Flood Events In Malaysia.

Year Cost (millions) Victims Deaths

1926 / / 45
1967 >60 MYR >250000 /
1971 >84.7 MYR 180000 24
1996 300 USD 39687 241
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2000 / 100000 15

2001 0.65 USD >10000 14
2003 / 31046 5
2005 240 MYR 99405 14
2007 605 USD 137533 17
2007 316 MYR 36143 22
2008 21 USD 34000 28
2010 8 USD 50000 4
2013 / 34000 3
2014 2900 MYR >500000 25

(Bell et al., 2020)

Selangor has faced several major flooding and extreme weather events
during the last two decades, for example, the floods on 30% April 2000,
26% April 2001, 29% October 2001, 11t June 2002, 10t June 2003, and
10t June 2007 (Samsuri et al.,, 2018), and in recent years areas like
Kajang Town faced flash floods in 2002, 2008, 2011 and three times in
2014, resulting in damages and economic loss to the people in the area.
It is estimated that during floods there is around 51.5% in economic
loss due to businesses being unable to operate, and about 46% loss due

to damages to goods and commodities (Bari et al., 2021).

Despite numerous studies on the effects of land use changes and climate
change on hydrological processes, the combined effects of these factors

on surface runoff and river flow dynamics are poorly understood.

There have been few past studies that have analysed the combined
effects of LULC and climate change on hydrological process in Malaysia.

For instance, the study by (Tan et /a., 2015) investigated separate and
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combined impacts of land use and climate variability on hydrological
components in the Johor River Basin, however the study did not consider
future LULC and climate scenarios. Most of the past studies in Malaysia
have been concentrating on either LULC impacts or climatic impacts,
therefore there is still gaps in knowledge on the combined effects of

LULC and climate change.

For example, the study by Kabiri et al., (2015) examined the effects of
climate change on river discharge in the Klang River basin, where the
study used global climate models for emission scenarios A2 and B2 for
the period 2001 -2100. However, this study did not consider land use

change and the effects of land use change on river discharge.

Therefore, this research aims to bridge the gap in existing knowledge
by assessing the combined effects of LULC and precipitation changes on
hydrological processes, with a focus on surface runoff and river
discharge in the Klang River basin. Importantly, the research will
analyse the potential impacts of LULC changes, especially urban
expansion, coupled with projected precipitation and temperature change
scenarios on hydrological processes in the Klang River basin. To achieve
this aim, the study will integrate future LULC and climate scenarios into
the analysis, which will provide an overall understanding of the potential
threats to water resources, particularly in the face of increasing flood

events.
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The study will contribute to both the scientific understanding of these
complex interactions and provide valuable insights for policymakers and
urban planners. Ultimately, this research aims to provide valuable
information, to help in sustainable land use planning and water resource

management in the Klang River basin.

1.3 AIM AND OBJECTIVES

The aim of this research is to assess the combined spatio-temporal
impacts of land use and land cover (LULC) changes and precipitation
variations on surface runoff and river discharge within the Klang River

basin, while also projecting these effects under future scenarios.

The objectives are:

1. To analyse spatio-temporal trends in land use and land cover,

precipitation, and temperature.

2. To develop an integrated spatio-temporal hydrological model, with

land use and climate models.

3. To measure quantitative effects of both LULC and precipitation

changes on surface runoff and river discharge.

1.4 RESEARCH QUESTIONS

The following research questions will be used to address and achieve

the objectives of the study.
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1. What is the magnitude of the spatio-temporal changes in LULC for
the period 1999 to 2017 in Klang River basin?

2. What are the future patterns of change in LULC as projected by
DT-Markov Chain model?

3. What is the intensity and frequency of the trends detected in
precipitation and temperature data, for the Klang River basin?

4. What are the quantitative effects of both LULC change and
precipitation change under different scenarios on the surface

runoff and river discharge in Klang River basin?

1.5 SIGNIFICANCE OF THE STUDY

Southeast Asia is one of the most populated regions in the world, with
a large number of the population living within urban areas located close
to major water resources like rivers, lakes, and coastal lines. LULC and
climate change have greatly affected the hydrological cycle and water
resources in this part of the world, where natural disasters like extreme

weather events and flooding occur regularly.

Although the effects of LULC and climate change can be observed at
different scales, it is at local and watershed levels that these effects are
significant. It is therefore important to assess these effects, which play
an important part in policy making discussions and urban planning at

the local level.
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The Klang River basin located in the state of Selangor, is a highly
urbanised and populated basin. In the past few decades, the basin has
experienced major LULC change, in particular urban expansion, which
has resulted in areas like the federal territories of Kuala Lumpur and
Putrajaya becoming 100% urbanised. Current studies have shown that
LULC change has played an integral role in impacting hydrological

processes and increasing the risk of flooding in the Klang River basin.

Research on precipitation and temperature trends has shown that these
climate variables can also impact the hydrological cycle and water
resources of the basin. However, in most of these studies the combined
effects of LULC change and changes in precipitation variables were not
considered. As both LULC and precipitation changes play a significant
role in surface runoff and river discharge, it is important to study and
understand the relationship and impacts of both on hydrological
processes in the Klang River basin and how these processes could be

affected under future scenarios.

Therefore, a quantitative assessment of the potential consequences of
LULC change and climate change on hydrological processes at the
watershed level in the Klang River basin, is of utmost importance. The
results of this study can help to better understand the implications of

LULC change and climate change in the real-world environment, which
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can help policy makers and urban planners to incorporate the effects of

LULC change and climate change into policies and decisions.

1.6 SCOPE

The focus of the study is to assess the combined effects of land use and
land cover and precipitation change on surface runoff and river
discharge in the Klang River basin. The first step in the study is to
determine the spatio-temporal changes in LULC and to establish the
pattern of change, with a particular interest in expansion of urban land
for an 18-year period from 1999 to 2017. This is followed by modelling
future LULC change scenarios for the year 2030, based on past trends,
and variables that bring about change. Secondly, the study will analyse
climatic variables, in particular precipitation and temperature for a 40-
year period from 1975 to 2015, to showcase the spatio-temporal trends,
and compare these trends with future climate scenarios from climate
models. Lastly, the study will integrate the LULC change and climate
models with the SWAT hydrological model to analyse the spatio-
temporal quantitative effects of LULC and precipitation changes on

surface runoff and river discharge in the Klang River basin.

The study has certain limitations, with one of the limitations being that
the LULC change modeling is only up to the year 2017, as the study

began in year 2017 and satellite data were only available up to the year
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2017. The other limitation is that the study only covers the Klang River
basin, since modelling hydrological processes is complex and time
consuming, therefore the neighboring basins were not considered for
this study. Availability and quality of overserved data was another

limitation to the study.

1.7 THESIS OUTLINE

The thesis comprises of five chapters; each chapter is briefly described

below:

Chapter 1 includes the introduction of the thesis, which gives a general
introduction of the research topic. It also includes the problem
statement, aims and objectives, research questions, scope, and

importance of the study in the Klang River basin.

Chapter 2 explores the impacts of land use and land cover change on
climate and hydrological processes, and the various methodologies in
land use, climate, and hydrological modelling, by reviewing previous
studies. The aim of this chapter is to review previous studies and journal
papers on the effects of land use and climate change on hydrological
processes, to identify gaps in knowledge, and identify the strengths and

weaknesses of the various methodologies used.

Chapter 3 describes the methodology used in this research. This

chapter consists of two parts, the first part describes the study area and
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characteristics, such as climate, geology, soil, and drainage. In the
second part, the various data and methods used in land use change
modelling, trend analysis and hydrological modelling are described.
Three hydro-metrological time series data are utilised in the trend
analysis method, these are precipitation, temperature, and river
discharge, the Mann-Kendall test and Sen’s slope are used to detect
trends in these data. For land use change modelling, a Decision Forest
- Markov Chain model is utilised, and for hydrological modelling the
SWAT model is used. This chapter also presents the full description of
the methods used for land use change modelling, trend analysis and

hydrological modelling.

Chapter 4 presents the results and discussions of the study. It
demonstrates the spatio-temporal trends and changes in LULC and
hydro-climatic variables like precipitation and temperature, in the Klang
River basin. The LULC maps are classified and changes in land use are
modelled for future scenarios. The Mann-Kendall test is used to analyse
the annual and seasonal trend in precipitation intensity and frequency,
mean, maximum and minimum temperature and river discharge.
Landsat satellite images are utilised to generate LSTs. Finally, in this
chapter, the separate and combined effects of LULC change and climate
change are modelled using the SWAT hydrological model, to assess the

changes in river discharge and runoff.
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Chapter 5 presents the conclusions arrived through the study and
includes the Ilimitations the study faces, while also giving

recommendations for future studies and for policymakers.
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CHAPTER 2: LITERATURE REVIEW

Land use and land cover (LULC) change can have several impacts on the
environment, these include loss of biodiversity (Powers and Jetz, 2019),
reduction in water quality (Calijuri et al., 2015; Hua, 2017; Namugize
etal., 2018), impact on the hydrological cycle which can lead to increase
in flooding (Apollonio et al., 2016; Welde and Gebremariam, 2017; Patil
and Nataraja, 2020), regional climate change (Salazar et al., 2015;
Findell et al., 2017), air quality change (Sun et al., 2016), and soil
erosion (Borrelli et al., 2017). This chapter will review the literature on
the impacts of LULC, precipitation and temperature on surface runoff
and river discharge. The chapter will also review the global and local
trends in LULC, precipitation and temperature, and the modelling
methods used to analyse the impacts of these changes and trends on

hydrological processes.

2.1 GENERAL FACTORS AFFECTING SURFACE RUNOFF AND RIVER DISCHARGE

There are several factors that affect surface runoff and river discharge,
which can be natural or human induced. Among these factors
precipitation plays a significant role, which can determine the amount
of surface runoff and river discharge. Precipitation properties like
volume, intensity, and duration can greatly impact surface runoff and

river discharge.
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Intense and prolonged precipitation, particularly when the soil is
saturated or impermeable, can result in an increase of surface runoff
and river discharge. On the other hand, drought and low precipitation
events can result in decrease of surface runoff and river discharge,

leading to low soil moisture and, in extreme cases, drying of rivers.

Other climate and weather factors that can also impact surface runoff
and river discharge, include temperature, evaporation rates, and
prevailing wind patterns, which can affect water availability and

influence the timing and intensity of runoff events (Depetris, 2021).

LULC change is another significant factor that can affect surface runoff
and river discharge. Urbanisation, deforestation, agricultural practices,
and other land use changes can impact the flow of water within a
watershed. Paved surfaces and buildings increase surface runoff by
preventing water from infiltrating into the ground and disrupting the
natural drainage patterns. Similarly, irrigation and reservoir

management can modify river discharge.

Besides LULC change, other human activities, and land modifications,
like building of dams, levees, and reservoirs can highly impact surface
runoff and river discharge, by changing the natural flow patterns of
rivers and streams. For example, dams regulate flow and storage of

water, which then affects downstream discharge.
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The physical characteristic of a watershed also influences the movement
of water within a watershed and ultimately affects surface runoff and
river discharge. Watershed size, shape, slope, and soil properties can
determine the rate and flow path of water, for example steep slopes and
smaller watersheds tend to generate more surface runoff, impermeable

soils can result in higher surface runoff compared to well-draining soils.

2.2 LAND USE AND LAND COVER CHANGE IMPACTS ON SURFACE RUNOFF
AND RIVER DISCHARGE

Water is a vital component of the ecosystem, but its availability and
quality are threatened by the increasing demands and pressures from
the growing global population and economy. The hydrological processes
that govern the water cycle, such as surface runoff, evapotranspiration,
and infiltration, are sensitive to changes in land use and land cover

(LULC) (Dwarakish and Ganasri, 2015).

One of the major drivers of LULC change is agriculture, which can have
profound effects on the hydrological cycle. For instance, deforestation
for agricultural expansion and irrigation can alter the global
evapotranspiration (ET) fluxes, which in turn can influence the regional

climate (Gordon et al., 2008).

Zou et al., (2017) found that in Northwest China, agricultural practices

had a larger impact on ET than climate change, accounting for 60.93%
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of the ET increase from 1984 to 2014, while climate change contributed
28.01%. Another aspect of the hydrological cycle that is strongly
affected by LULC change is runoff. The conversion of forests and natural
vegetation to agricultural and urban land can reduce the soil infiltration

capacity and increase the surface runoff generation.

Munoth and Goyal, (2020) demonstrated that in the Upper Tapi River
Sub-Basin, India, the LULC change from 1975 to 2016, which involved
an 18% increase in agricultural land, a 7% decrease in forest and a 10%
decrease in rangeland, resulted in a 32% increase in runoff. Similarly,
Bradshaw et al., (2007) reported that a 10% decrease in natural forest
area across 56 developing countries from 1990 to 2000 was associated
with a 4%-28% increase in flood frequency and a 4%-8% increase in

flood duration.

Urbanisation is a global phenomenon that has altered the hydrological
cycle by replacing the natural vegetation and soil, which play a key role
in intercepting, storing, and releasing rainwater, with impervious
surfaces such as buildings, roads, and sidewalks. These surfaces reduce
the infiltration and evapotranspiration of rainwater and increase the
surface runoff into streams, leading to higher peak discharge, volume,

and frequency of floods (Bonneau et al., 2017).
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Zang et al., (2019) showed that in the upper reaches of the Minjing
River in China, the urbanisation of forest and grassland areas decreased
the actual ET, soil water content, percolation, and groundwater
contribution to streamflow, while increasing the surface runoff, water
yield and annual runoff. In contrast, natural areas such as forests and
grasslands have a greater capacity to regulate the rainwater through
vegetation and soil processes and generate subsurface flow when the

storage capacity is exceeded (Konrad, 2003).

Zope et al., (2016) illustrated that in the Oshiwara river basin in
Mumbai, India, the rapid urbanisation from 1966 to 2009, which
involved a 74.84% increase in urban land and a 42.8% decrease in open
spaces, resulted in a significant increase in runoff volume, with the 2-
year return period exceeding the 100-year return period, and an
expansion of flood risk areas by 64.29%. These studies all reach a
common conclusion, where agricultural and urban land uses are the two
most significant land uses that have great impact on hydrological

processes, in particular surface runoff.

The future implication of LULC change on hydrological processes is an
important issue to consider, and several studies have delved into the
possible effects of future land use change on runoff and river discharge.
For example, two recent studies by Mohammady et al., (2017) and
Sinha and Eldho, (2018) assessed the effects of land use change on
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runoff for different time periods, both studies simulated land use change
for the year 2030 and past years and compared the runoff of each year.
Mohammady et al., (2017) looked at the Baghsalian watershed in Iran,
where land use maps for the years 1986, 2012 and 2030 are used. The
results showed that the main land use change is from forest and
rangeland to agricultural and urban areas. Similarly, Sinha and Eldho,
(2018) used land use maps for years 1972, 1979, 1991, 2000, 2012,
and 2030 for the Netravati River basin in India, which showed urban
areas, agriculture and water bodies increased and forests, grassland and
bare lands decreased from 1972 to 2030. In both studies, runoff
simulation software is used to calculate runoff volumes, and in both
studies the results showed an increase in runoff volume due to land-use
change, in the case of Sinha and Eldho, (2018) there is also a continues

increase of 7.88% in stream flow.

2.2.1 SURFACE RUNOFF AND RIVER DISCHARGE DYNAMICS IN RESPONSE
TO LAND USE AND LAND COVER CHANGES IN MALAYSIA

In Malaysia, the increase in agricultural land and urbanisation, have had
great impact on water resources and the hydrological process, which
have increased the risk of extreme flooding. LULC change is a major
contributor to flooding in states like Selangor, Johor, and Kelantan,
where there has been extensive change in LULC. For example, in Sungai

Layang catchment in Johor, the increase of agricultural and urban land
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between the years 2000 and 2010, resulted in 47.9% loss in forest
cover, and increased water yield by 35.46%, due to changes in
infiltration rate and evapotranspiration, which can affect surface runoff

(Baiya and Hashim, 2020).

In the Kelantan River basin, correlation between deforestation,
agricultural land, and runoff volume was observed for the period 1984
to 2013. In this period forest areas were converted to agricultural land
(palm oil, rubber, and paddy), urban land and grass land, which resulted
in increased peak discharge and runoff (Abdulkareem et al., 2019,

Saadatkhah et al., 2016,).

Similarly in the Hulu Kelang basin in Selangor, the direct runoff volume
from agricultural and urban land increased by 10%, and decreased by
5% for forest land, in the period between 1994 to 2013 (Nader and
Azman, 2017). In Hulu Langat basin, Memarian et al., (2014) analysed
the impacts of LULC changes on water discharge and sediment load
using the SWAT model, for past, present, and future land use scenarios.
The study used land use maps of 1984, 1990, 1997 and 2002 as past
land use scenarios, land use map of 2006 as present land use scenario
and a simulated land use map of 2020 for future land use scenario. The
results showed an increasing trend in discharge and surface runoff from

the years 1984 -2020, due to an increase in urban land use.
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In the Klang River basin, a study by Abas & Hashim, (2014) examined
the relationship between urban growth and surface runoff in the Klang
and Langat River basins for the period 2000 to 2010. The study used
the Soil Conservation Service Curve Number (SCS CN) method and
calculated the runoff coefficient for the land use maps of the years 2000,
2006 and 2010. The results showed increasing runoff coefficient with an
increase in urban area, and an average of 5% increase in runoff from

2002 -2010.

Similar results were found at Sungai Kayu Ara a sub basin in the Klang
River basin, where the impact of rainfall duration, ARI (magnitude) and
land use development on peak discharge and volume was examined
under different land development conditions (Alaghmand et al., 2012).
The result of the study shows, land development had more impact on
runoff peak discharge and runoff volume compared to rainfall duration
and magnitude, with ultimate land development condition where
imperviousness is at 90%, having the largest increase in runoff peak
discharge (91%) and runoff volume (45%) compared to other

conditions.

It is clear from all these studies, that land use change has a significant
impact on hydrological processes in watersheds across Malaysia, and in
particular, urban land use has the largest impact. However, in all these

studies the combined impacts of LULC and precipitation changes on
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hydrological processes were not analysed, with only few studies like
Alaghmand et al., (2012) and Ebrahimian et al., (2017) which assessed
the combined effects of LULC and climate change on hydrological
processes. Therefore, there is still a gap in knowledge and
understanding of the relationship between LULC and climatic changes

on hydrological processes in Malaysia and the Klang River basin.

2.3 LAND USE AND LAND COVER CHANGE IMPACTS ON CLIMATE VARIABLES

2.3.1 IMPACTS ON BIOGEOCHEMICAL CYCLES

Land is both a source and a sink of greenhouse gases (GHGs), therefore
land use and land cover change have major impact on the
biogeochmecial cycles, in particular the carbon cycle. In the last 50
years, 82% of total global carbon emissions is caused by fossil fuel
burning, and 18% by land use change (Friedlingstein et al., 2019).
According to a 2019 report by IPCC in the period 2007- 2016, about
13% of CO2, 44% of methane (CH4), and 82% of nitrous oxide (N20)
emissions were due to Agriculture, Forestry and Other Land Use
(AFOLU) activities, which accounted for 23% of total net anthropogenic

emissions of GHGs (IPCC, 2019).

The increase in CO? and other GHGs can affect global temperatures,
carbon cycling can affect vegetation cover, which can directly affect

albedo hence resulting in the increase or decrease of surface
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temperatures. On the other hand, the GHGs and aerosols in the
atmosphere can affect the incoming solar radiation and the outgoing
longwave radiation by absorbing or reflecting the radiation (Megonigal
and Neubauer, 2019). The change of LULC from forest to agricultural
land and pasture can decrease the soil carbon concentration mainly by
the reduction of detritus, the acceleration of soil organic matter
decomposition, and the destruction of the physical protection of organic

matter due to agricultural practices (Yang et al., 2003).

Climate modelling for the period 1850 to 2300, shows carbon loss of
490 Pg C due to land conversion, which is larger than the 230 Pg C
caused by climate change, and 40% of the carbon loss due to LULC
change is due to direct human modification of land surface (Mahowald
et al., 2017). Other GHGs have also been increasing due to LULC
change, for example, global N20O has increased since 1750 from a pre-
industrial concentration of 270 ppbv to 330 ppbv in 2017, and the main

source of N20 is agriculture (IPCC, 2019).

2.3.2 IMPACTS ON BIOGEOPHYSICAL PROCESSES

LULC change also affects the biogeophysical processes of earth’s
surface, like surface albedo, roughness, and evapotranspiration, which
can impact local, regional, and even global climate. The changes in the

biogeophysical processes leads to changes in the energy and moisture
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budget of the land surface, which hence alters the flow of heat, water,
and dynamics of near-surface atmosphere and influences properties of

the atmosphere (Deng et al., 2013).

Surface albedo is the fraction of the sunlight reflected by the earth’s
surface and is a main part of the energy budget. The change in surface
albedo can result in an increase or decrease in temperature, which can
hence affect other climate variables like precipitation, by affecting the
amount of water vapor the atmosphere can hold, which affects the
planet’s cloudiness, which in turn again affects the albedo, and hence

the cycle starts again (Perkins, 2019).

During 1750-2011, the global albedo effect had an estimated radiative
forcing of about -0.15+0.10 Wm-—2, which is a small amount due to
LULC change being highly regionalised, however the effects of local LULC
change on albedo can be significant (Zhang and Liang, 2018). Different
land use types and land covers have different albedos, for example,
fresh snow covering sea ice has a 85% reflective rate, whereas ocean

waters can have 7% reflective rate (Perkins, 2019).

Forests for example, usually have low albedo but have higher
evapotranspiration rates, compared to open vegetation, therefore this
can lead to warming through higher absorption of shortwave radiation,

however this is encountered by the cooling effect from the loss of latent
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heat due to evapotranspiration (Prevedello et al., 2019). Forests and
other vegetation like grassland, also have impact on spatial and
seasonal variations in albedo and temperature. For example,
deforestation and afforestation in Europe have varying effects on albedo

and temperature at different latitudes, and seasons.

A climate modeling study by Toélle et al., (2018) used the COSMO-CLM
(v5.09) regional climate model to study the sensitivity of temperature
to albedo parametrisation in Europe for the period 1986-2015. The
results showed afforestation in the mid-latitudes has a strong warming
effect during winter due to lower albedo, however, during summer
afforestation has a small effect on warming, due to the cooling effects
of evapotranspiration. On the other hand, the warming effect due to
deforestation in the summer is 3°C higher than the warming from
afforestation, and in the high latitudes the high conversion of forest to
grassland, which results in high snow cover during winter has cooling

effect of about -0.5°C.

A similar study by Huang et al., (2020) also looked at the effects of LULC
changes on temperature and humidity in Europe for the period 1992-
2015. The study came to similar conclusions, where revegetation of
abandoned agricultural land in Eastern Europe resulted in a warming

effect, due to reduction of surface albedo and soil moisture-temperature
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feedback, and Southern, Central and Western parts of Europe

experienced an average cooling of -0.12°C.

However, deforestation and afforestation in the tropical and temperate
regions show the opposite effect, where deforestation has a warming
effect and afforestation has a cooling effect (Li et al., 2015, Li et al.,
2016; Alkama and Cescatti, 2016). From 2000-2010 deforestation in
the tropics and temperate regions caused an average warming of 0.38°C
and 0.16°C respectively, whereas afforestation resulted in cooling of
about -0.18°C and -0.19°C in these same regions. The tropical regions
have the highest sensitivity to forest changes, where losses of about
50% in forest cover resulted in 1.08°C increase in land surface
temperature (LST), and a similar forest cover gain reduced LST by -

1.11°C (Prevedello et al., 2019).

Urbanisation also has low albedo, and high absorption rate, due to the
darker color materials used in urban areas, like asphalt and concrete (Li
et al., 2013). For example, Trlica et al., (2017) studied the variations in
albedo and surface temperatures across an urbanised landscape, and
the study found that with increasing urbanisation, surface albedo
decreased and surface temperature increased. The combination of low
albedo, vegetation cover, and moisture plus the added heat from
anthropogenic activities in urban areas, results in a phenomenon known

as Urban Heat Island (UHI) effect, where urban areas have higher

Page | 43



temperature than the surrounding rural areas (Lo and Quattrochi,

2003).

UHI effect is generally very localised and is dependent on local
vegetation cover, albedo, and climate variables like wind, cloud cover,
and the proximity to sea (IPCC, 2007). A study on surface urban heat
island intensity (SUHII) effect across 419 global big cities, showed an
average annual increase of 1.5°C for daytime SUHII, and an increase of
1.1°C for nighttime SUHII. The study found a negative correlation

between daytime SUHII and urban vegetation cover (Peng et al., 2012).

In South East Asia, urbanisation has been increasing at a rapid rate,
where currently half of the population live in urban areas, and by 2025
about 70 million more people will be living in urban areas (Rahman et
al., 2020). A study by Estoque et al., (2017) examined the relationship
between LST with impervious surface and green spaces, in the
metropolitan cities of Bangkok (Thailand), Jakarta (Indonesia), and
Manila (Philippines). The study found a strong significant positive
correlation between LST and density of impervious surfaces, and a
negative correlation with green spaces, where the mean LST of

imperviousness surfaces is about 3°C higher than that of green spaces.

The changes in evapotranspiration (ET) and surface roughness due to

LULC change also affect the climate and go hand in hand with the effects
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of albedo. ET is the combined process of evaporation from the soil and
transpiration from the vegetation mainly through the leaves (Boulet et
al., 2020). ET is a major part of Earth’s energy balance, and influences
the planetary boundary layer, mesoscale circulation patterns, and
weather, it is also a large part of the hydrological cycle and accounts for
60% of continental precipitation (Liang et al, 2012), and 70% of total
global precipitation (Good et al., 2015). ET is influenced by atmospheric
variables (radiation, wind speed, temperature, and vapor pressure
deficit), vegetation type, and available soil moisture (Wang et al., 2018;

Ajami, 2021).

Surface roughness can have a major control on atmospheric responses
to LULC changes, where it can impact vertical wind speed, air
temperature, mesoscale and global momentum exchange, energy
exchange between land and atmosphere, and turbulent air mixing (June
etal., 2018). For example, a decrease in surface roughness can increase
the boundary layer wind speed (Laban et al., 2019), deforestation can
results in reduction of surface roughness which can alter precipitation

(Khanna and Medvigy, 2014; Khanna et al., 2017).

2.3.2.1 IMPACT OF URBANISATION ON PRECIPITATION

The biogeopheysical processes can also play a major role in precipitation

variability, changes due to urbanisation can alter precipitation over an
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urban area. The increase in urban areas results in the increasing of
surface roughness, rise in air temperature, increase in aerosols which
then provide a source for cloud condensation nuclei, and the urban
canopy can result in diverting of precipitating systems (Shepherd,
2005). Several studies on the impact of urbanisation on precipitation
show an increase in precipitation amounts and intensity over urban
areas attributed to an increase in temperature (Seino et al., 2018;
Varentsov et al., 2018; Wu et al., 2019), cloud nucleating aerosols
(Schmid and Niyogi, 2017), and a combination of temperature increase

and aerosol effect (Zhong et al., 2017).

The increase in greenhouse gases and aerosols due to urbanisation,
industrialisation, and biomass burning, creates a mechanism called
aerosol-enhanced conditional instability. The burning of fossil fuels and
biomass produces a pollutant called ‘black carbon’, which when
suspended in the atmosphere absorbs the sun’s radiation. During the
daytime, this process stabilises the atmosphere and suppresses local
storms, subsequently the wind transports heavy warm moist air to
mountainous regions, which is lifted, generating strong convection and
extremely heavy precipitation in the evening (Figure 2.3-1).
Simulations by Fan et al., (2015), at northwest of the Sichuan basin in
China, showed that heavy air pollution trapped in the basin significantly

enhanced the rainfall intensity over the mountainous areas through the
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aerosol-enhanced conditional instability, which resulted in catastrophic

flooding in the Sichuan basin on 8-9 July 2013.

Basin

”

Mountain
Figure 2.3-1: Aerosol-Enhanced Conditional Instability Increasing Rainfall Levels In
Sichuan. Acronyms: MSE (Moist Static Energy), SW (Shortwave Radiation), SH
(Surface Sensible Heat Flux), And LH (Surface Latent Heat Flux) (Fan et al., 2015)
In Northern Taiwan, heat from anthropogenic activities has shown to
influence precipitation formation, where climate modeling shows
precipitation to be stronger on urban areas compared to non-urban
areas (Lin et al., 2011). In another study by Yang et al., (2017), it is
observed that there is a relationship between urban heat island intensity
(UHII) and short duration intense rainfall (SDIR) in Beijing. The study

found that SDIR occurred more frequently in urban areas compared to
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rural areas and mostly in the summer, it also showed that UHII is at its

highest before the start of SDIR events.

2.3.3 IMPACTS OF LAND USE AND LAND COVER CHANGE ON LOCAL
CLIMATE IN MALAYSIA

Malaysia is one of the most urbanised countries in East Asia (Plecher,
2020), in 2020 the urban population in Malaysia was at 75%, with
projections estimating by 2040, it will reach 85% (Samat et al., 2020).
This has resulted in expansion of urban areas at the expense of other
land covers, by 2010 the federal territories of Kuala Lumpur and
Putrajaya were 100% urbanised, and the state of Selangor was 91.4%
urbanised (Hasan and Nair, 2014). The effects of urbanisationthe
citycityUHI in Selangor and in particular the Greater Kuala Lumpur (GKL)
area have been studied as early as 1972 by (Sani, 1972), who used in-
situ data collection using temperature traverse technique, and
determined that temperatures are higher at the city center compared to

its surrounding rural areas.

More recent studies have been carried out to analyse UHI in GKL, for
example, Elsayed, (2012) modified the methods used by Sani in 1972
and analysed UHI in GKL, whereas several studies used geographic
information system (GIS) and remote sensing methods to study UHI

(Shaharuddin et al., 2014; Yusuf et al., 2014; Amanollahi et al., 2016),
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and some studies used climate models like ADMS-Urban (Wang et al.,
2019) and Weather Research and Forecasting (WRF) Model (Morris et
al., 2015, 2017). The consensus from all these studies is that UHII is
higher in urban areas compared to its surrounding rural areas, and the
intensity ranges between 4°C - 6°C in most studies, with some studies

showing intensity as high as 8°C.

2.4 IMPACT OF CLIMATE VARIABILITY ON SURFACE RUNOFF AND RIVER
DISCHARGE

Climate variability, in particular precipitation changes can significantly
impact hydrological processes in a watershed (Zhang et al., 2016). To
better plan and manage water resources, it is important to understand
the impacts of changes in climate parameters on hydrological processes
within a watershed (Amisigo et al., 2015). The changes in climate
parameters can have a direct impact on the spatial and temporal
dynamics of the water cycle. These changes can affect precipitation
patterns, intensity, and duration, evaporation rates and overall water

availability in a watershed (Konapala et al., 2020).

The changes in climate parameters can cause several hydrological
issues, including altering of river flow, surface runoff, impacts on
groundwater recharge, and overall changes in the water balance of a

watershed. Climate change can also increase the frequency and
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magnitude of extreme hydrological events such as droughts and floods.
Do6ll and Schmied, (2012) carried out a global scale analysis of the
impacts of climate change on mean annual runoff and mean annual
discharge of freshwater resources, under A2 and B2 climate change
scenarios until 2050. The study estimated that the mean annual runoff,
discharge, and high flows are projected to increase by more than 10%

on about half of the global land area by the year 2050.

2.4.1 IMPACT OF PRECIPITATION CHANGES ON SURFACE RUNOFF AND
RIVER DISCHARGE IN MALAYSIA

Malaysia like many parts of the world, has been affected by climate
change. The changes in global climate have impacted local weather, in
particular precipitation and temperature, which in turn have affected
hydrological processes. There has been increasing occurrences of
extreme weather event in the past few decades in Malaysia, which are
characterised by high temperatures, high rainfall, dry spells,

thunderstorms, and strong winds (Tang, 2019).

In a study by Amin et al., (2019), a regional climate model was used to
assess the impact of climate change in the 21st century on precipitation,
air temperature, soil water storage and annual mean flows. Based on
Coupled Model Intercomparison Project phase 3 (CMIP3) datasets, the

study dynamically downscaled 15 future climate projections from 3
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GCMs covering 4 emission scenarios (SRES B1, A1FI, A1B, A2), for the
whole Peninsular Malaysia covering 10 watersheds and 12 coastal

regions.

The results showed, change in the 30-year mean annual precipitation
for the period 2070-2100 to be 36.3% compared to the period 1970-
2000 which is 17.1%, among the 10 watersheds and 45.4% and 22.9%
respectively, among the coastal regions. However, for annual mean flow,
the results show variation among the 10 watersheds, although the 30-
year average mean flow does increase during the 21st century, with the
period 2070-2100 showing the highest range in average change

between 19.1% to 45.8%.

In the Klang River basin, changes in precipitation and temperature have
had a significant impact on hydrological processes. In a study for Klang
River basin conducted by Kabiri et al., (2015), hydrological modelling
was carried out using output data from the Hadley Centre Third
Generation—GCM model for emission scenarios A2 and B2. The results
showed that the mean annual discharge is predicted to decrease by
9.4%, 4.9%, and increase by 3.4% for the A2 and decrease by about
17.3%, 14.3% and 6.2% for the B2 scenario, respectively, in the 2020s,

2050s, and 2080s.
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The review of past literature shows that there is spatial and temporal
variability in precipitation patterns, frequency, and intensity, which
results in variability in hydrological processes like river discharge and
runoff. On the other hand, the impacts of LULC change are consistently
similar among past studies, where increase in urbanisation and

agricultural land, has resulted in increase in runoff and river discharge.

However, there is an important factor missing from many of the previous
studies, where the combined effect of LULC change and climatic change
on hydrological processes is not assessed. Since both LULC and climate
parameters are interlinked and have significant impact on hydrological

processes, it's important to consider both factors in hydrological studies.

2.5 TRENDS IN LAND USE AND LAND COVER, PRECIPITATION AND

TEMPERATURE

2.5.1 GLOBAL TRENDS IN LAND USE AND LAND COVER

About 100 million km?2 (70%) of Earth’s ice free surface has been directly
affected by human activities (Arneth and et al., 2019), around 30% of
this has been changed from forests to agricultural and urban land
(Luyssaert et al., 2014). The Global South has strong decrease in forest
cover and increase in agricultural land, whereas the Global North
(including China) has increase in forest cover and decrease in

agricultural land between 1960-2019, with tropical forests experiencing
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the highest deforestation rates (Winkler et al., 2021). The agricultural
abandonment in Europe and US, and reforestation programs in China
have contributed to the forest gain in the Global North, whereas the
increase in production of beef and agricultural products in Brazil has
increased deforestation in the Amazon, and the increase in palm oil
production has resulted in an increase of deforestation in Southeast Asia

and West Africa (Winkler et al., 2021).

However, in recent times the rate of deforestation has reduced in some
tropical areas, for example, from 2015-2020 the rate of deforestation in
South America and Asia was half of the rate in the 1990s, whereas in
Africa deforestation rates continue to be high. Although the
deforestation rate has reduced in South America and Asia, there are still
large parts of forests being converted to other land types, like
agriculture and urban land. For example, palm plantations have more
than doubled between 1990 and 2020, from 4.20 million ha to 9.34
million ha, with Asia having most of the increase, and mainly in Malaysia
where palm oil plantations increased from 2.35 million ha to 6.36 million

ha (FAO, 2020).

2.5.1.1 LAND USE AND LAND COVER TRENDS IN MALAYSIA

Palm oil production, was the main contributor to the Malaysian economy

until 1987, when manufacturing took over as the main contributor to
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the economy as the government shifted its development policy to the
manufacturing sector, and by the year 2000 other sectors like
infrastructure and commercial development started growing, giving rise
to urbanisation (Abdullah and Hezri, 2008). However, palm oil remains
a major part of the Malaysian economy and continues to expand.
Between 1990 and 2017 agricultural land increased by 55.7% with
98.2% of this area being plantations (Yan et al., 2020). And as of 2017
palm oil plantations occupied 17.62% of the land mass in Malaysia,

which has led to 20% loss in forests (Ezechi and Muda, 2019).

For example, a study by Masum et al., (2017) looked at land use change
and forest management of hill forest areas in Penang, and the study
found the annual rate of deforestation since 1991 is at 1.4%, which is
higher than the rate across Southeast Asia. Deforestation has occurred
in many parts of Malaysia between 1988 and 2017, about 16% (189,423
ha) of forest cover in Perak and more than 9% (33,391 ha) of forest
cover in Kedah is lost to anthropogenic activities (Mohd Jaafar et al.,
2020). In Selangor, forest and peat swamps decreased by 2.5% and
12.7% respectively, from 1989 to 2011 (Aisyah et al., 2015), in another
study it is shown that, the district of Gombak experienced an increase
of 44.53% in urban land from 1999-2014, and a decrease of 34.6% in

rubber plantation (Asnawi and Choy, 2016).
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Urbanisation has seen a rapid increase, and Malaysia is one of the most
urbanised countries in East Asia (Plecher, 2020). 50.4% of the
population lived in urban areas in 1991, this number reached to 65% in
2010, and as of 2020 the number of the population living in urban areas
has reached 75%, with projections estimating by 2040 it will reach 85%
(Samat et al., 2020). This has resulted in expansion of urban areas at
the expense of other land cover, urban areas increased from 1793.2 ha
in 1992 to 3235.4 ha in 2002 and in 2010 urban areas reached to 3987.8
ha (Mohammed et al., 2016). Selangor and Penang have historically
been the most urbanised states in Malaysia and the rate of urbanisation
continued to rise over the years, by 2010 the federal territories of Kuala
Lumpur and Putrajaya were 100% urbanised and the state of Selangor

was 91.4% urbanised (Hasan and Nair, 2014).

Projection for future global land use scenarios show an increase in
cropland by 2.1 million km?2 and pasture land by 1.6 million km2 by
2050, and built-up areas are expected to increase by 0.5 million km?2
(80%), with these expansions expected to be mostly occurring in Sub-
Saharan Africa, Latin America, South Asia and Southeast Asia (Van der
Esch et al., 2017). In Malaysia, a study by Mahamud et al., (2019)
projected the future LULC scenario in Kelantan for the year 2025, the
study showed expected increase in built-up areas (181.69 km), oil palm

(2142.48 km), and rubber plantation (3076.24 km). And in Seremban,
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projections show decrease in agricultural land by 337 km?2 and increase
in urban areas by 278 km2 by the year 2030 (Aburas et al., 2018). In
terms of projecting future land use change, there have been few studies
carried out, especially in Malaysia, therefore there is need for more

studies in future LULC change scenarios.

2.5.2 GLOBAL TRENDS IN PRECIPITATION AND TEMPERATURE

The Intergovernmental Panel on Climate Change (IPCC) has predicted a
rise in global mean temperatures between 1.4 - 5.8°C by the year 2100
(Haines et al., 2006; McMichael et al., 2006; Ullah et al., 2021). Past
trends show a significant rise in global temperatures since the early 20t
century, and some of the evidence includes the melting of polar ice caps
and rising sea levels (Foster and Rahmstorf, 2011). In recent years, the
global mean surface temperatures (GMST) recorded have been
extremely high. The year 2020 is the second warmest year on record
based on National Oceanic and Atmospheric Administration’s (NOAA)
temperature data, which is 0.98°C warmer than the twentieth century
average temperature of 13.9°C, and just 0.04°C less than the 2016
temperatures which is the warmest year on record, and the 10 warmest
years on record have all occurred since 2005 (Figure 2.5-1) (NOAA,
2021). However, on a regional scale, many regions have already
experienced greater warming, with increases of 1.5°C in at least one

season (Allen et al., 2018).
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Figure 2.5-1: Yearly Surface Temperature Compared To The 20th-Century Average
From 1880-2020. Blue Bars Indicate Cooler-Than-Average Years, Red Bars Show

Warmer-Than-Average Years (NOAA, 2021).

The increase in global average surface temperatures results in an
increase in evaporation, which in turn, increases overall global
precipitation. The atmospheric water vapor, which supplies the water for
precipitation increases in proportion to the saturation concentrations at
a rate of about 6%-7% per degree rise in temperature (Tabari, 2020).
It is expected that a warming climate will increase precipitation in many
areas. However, because climate change causes shifts in wind patterns
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and ocean currents that drive the world’s climate system, it results in
some areas warming more than others and some areas cooling, which
also means precipitation patterns vary across the world. For example,
observed trends in the period 1900 to 2005 show a significant increase
in precipitation in eastern parts of North and South America, northern
Europe, and northern and central Asia, whereas precipitation declined
in the Sahel, the Mediterranean, southern Africa and parts of southern
Asia (IPCC, 2007). Overall, the global precipitation since 1901 has
increased at an average rate of 0.10 inches per decade (Figure 2.5-2),
and in the same period global surface temperature has increased by

0.17°F per decade (Blunden et al., 2020).

Precipitation Worldwide, 1901-2019
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Figure 2.5-2: Precipitation Worldwide, 1901-2019 (Blunden et al., 2020) .
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Southeast Asia and Asia as a whole has also faced rising temperature
over the past few decades. Choi et al., (2009) looked at the changes in
mean and extreme temperature and rainfall events of 10 Asia Pacific
countries from 1955-2007, the study found that the annual average
maximum and minimum temperatures have increased by
0.17°C/decade and 0.24°C/decade respectively since the 1950s which

are greater than the average global rates.

2.5.2.1 PRECIPITATION AND TEMPERATURE TRENDS IN MALAYSIA

The trend in temperature across Malaysia for the period 1956-2018,
shows an increasing trend across all parts of Malaysia, with western
Peninsular Malaysia having the highest trend, and the year 2015 - 2016
having the strongest spike in temperatures due to El Nino (Tang, 2019).
This is akin to the findings in the report by Malaysian Meteorological
Department (MET), for the 40-year period from 1968 to 2007. For the
analysis, four meteorological stations namely Kuching, Kota Kinabalu,
Kuantan and Petaling Jaya, are chosen which represent Sarawak, Sabah,
East and West Peninsular Malaysia respectively. All stations showed an
increase in temperature trend, with Petaling Jaya station located in
Selangor showing the highest increase in temperature as shown in

Figure 2.5-3 (Malaysian Meteorological Department, 2009).
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Figure 2.5-3: Annual Mean Temperature Trend For Four Meteorological Stations In

Malaysia. (Malaysian Meteorological Department, 2009).

The report also looked at the precipitation trend, where data from 1951
to 2005 is gathered from meteorological stations, and El Nino and La
Nina events in this period are also considered too. The results show high
variability in rainfall trend, with a fall in rainfall from 1975 to 2005 with
more intense and frequent dry spells compared to the period from 1951
to 1975, with the El Nino events having resulted in dry events in
Peninsular Malaysia. However, the La Nina events resulted in wet years
except for 1955 and 1998, and the wettest years were 1984, 1988 and

1999. Although the dry years are more frequent, the intensity of rainfall
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increase during the wet years is comparable with the intensity of dry

years (Malaysian Meteorological Department, 2009).

However, the main drawback of this study is that only one
meteorological station was used for each of the 4 regions in Malaysia,
and this may not give a proper representation of the climatic factors in
those regions. Because, both temperature and precipitation can have
great spatial variability within local climatic scales. Therefore, adding
more meteorological stations will give a better representation of the

spatial and temporal variation in climatic factors.

In terms of seasonal climate, the Northeast monsoon (NEM) has a
greater influence on annual precipitation compared to the Southwest
monsoon (SWM), especially in the eastern parts of Peninsular Malaysia,
on the other hand there is a high variability in monthly rainfall in
Southwest and Western regions during the NEM (Wong et al., 2016). In
eastern Peninsular Malaysia, significant increase in annual, and seasonal
precipitation during the period 1971-2010 is detected, at a rate of 12.8
mm/year for annual precipitation, and the Northeast monsoon rainfall
increased at a rate of 2.7 mm/year (Mayowa et al., 2015). In Selangor,
rainfall trend analysis carried out for the Langat river basin by Palizdan
etal., (2014); and Amirabadizadeh et al., (2015), show increasing trend
in annual and NEM precipitations, with the rate of increase in annual

precipitation being greater than that of the seasonal precipitation.
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2.5.2.2 INDICES FOR TREND ANALYSIS

To detect and analyse trends in precipitation and temperature the list of
indices recommended by the Expert Team for Climate Change Detection
and Indices (ETCCDI) is commonly used (Klein Tank et al., 2009). The
ETCCDI indices are easy to calculate and understand, and provide
statistically sound measures of daily variability of extreme events
derived from daily precipitation and temperature data (Shawul and
Chakma, 2020). The list consists of 27 indices for precipitation and

temperature as shown in Appendix A.

There are several advantages of using the ETCCDI indices, for example
SDII considers the total amount of precipitation throughout the year and
considers the changes in daily precipitation. As for the benefit of using
percentile thresholds like R95p, is that they take the edges of the time
series into account, and therefore the number of days exceeding
percentile thresholds is more evenly distributed in space and is

meaningful in every region.

2.6 LAND USE AND LAND COVER, HYDROLOGICAL AND CLIMATE MODELLING

METHODS

2.6.1 LAND USE AND LAND COVER MODELLING METHODS

Land use change models are great tools for researchers and

professionals to explore the dynamics and drivers that bring about
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change in LULC (Agarwal et al., 2002). LULC change models are capable
of capturing (reproducing) these complex dynamics of LULC change and
be used to extrapolate future land use scenarios (Soesbergen, 2016),
which can help to inform policies affecting such change. A broad array
of models and modelling methods are available to researchers, and each
type has certain advantages and disadvantages depending on the

objective of the research.

There are statistical and empirical models like logistic regression and
Markov chain, dynamic models like Cellular Automata (CA) and
integrated models (Al-sharif and Pradhan, 2014). The Markov chain and
CA are the most commonly used methods in LULC change and many
studies use an integration of CA-Markov method (Hamad et al., 2018;
Karimi et al., 2018; Khawaldah et al., 2020; Mansour et al., 2020;

Huang et al., 2020).

In recent years, several machine learning (ML) methods have been
commonly used in LULC change modelling, like artificial neural network
(ANN), support vector machine (SVM) and random forest (RF). For
example, Mirici et al., (2017) used a Multi-Layer Perceptron (MLP), ANN
and Markov chain approach to simulated future land use change.
Whereas Samardzic¢-Petrovi¢ et al., (2016) used the SVM method to

model urban land use change.
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GIS and remote sensing are also commonly used methods for land use
and land cover change modelling. Remotely sensed, multispectral,
multiresolution, and temporal satellite images are used by processing
and extracting information about land use and land cover changes with
the use of GIS tools. Studies like (Hegazy and Kaloop, 2015; Rawat and
Kumar, 2015; Haque and Basak, 2017) all used GIS and remote sensing

methods to assess land use change.

GIS and remote sensing are user friendly, handle data processing easier
and less expertise is needed to analyse data, therefore making these
methods popular. Another advantage of using GIS and remote sensing
is that it allows support data to help in interpretation and analysis of
land use data, but on the other hand GIS and remote sensing also have
some disadvantages for example, the different quality of data from
various sources can degrade the results of land use and land cover
detection (Lu et al., 2004), some of the data used may require large

storage space, and processing the data can be time consuming.

In Malaysia, there have been several studies that have used LULC
models, GIS, and Remote Sensing to study LULC changes, with these
studies having varied spatial scope. For example, Gambo et al., (2018);
and Rafaai et al., (2020) utilised LULC change modelling to study the
changes within and around protected areas. Whereas studies by Verburg

et al., (2002); Memarian et al., (2012); Ibrahim and Ludin, (2016);
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Kamarudin et al., (2018); and Majid et al., (2018) all studied LULC
change at the basin level, and other studies like Boori et al., (2015);
Almdhun et al., (2018); and Samat et al., (2020) studied land use
change in cities/towns. In Selangor, several studies have carried out
LULC change modelling, for example, Boori et al., (2015); Nourqolipour
et al., (2015a); Nourqgolipour et al., (2015b) and Nourgolipour et al.,

(2016) analysed LULC change for several areas in Selangor.

2.6.2 HYDROLOGICAL MODELLING METHODS

Hydrological process, like infiltration, stream flow, and surface runoff
are an important component of the hydrological cycle. LULC can greatly
affect the amount of runoff flowing into rivers and lakes, which depends
on soil properties, land cover, elevation, vegetation type and weather
variables like precipitation amount, duration and intensity (Sitterson et
al., 2017). Hydrological models are powerful tools that help researchers
to better understand these processes of the hydrological cycle and their

interactions with the land and atmosphere.

There are a wide range of hydrological models available for various types
of hydrological studies. These hydrological models can be classified into
2 main categories, stochastic models and deterministic models, based
on the presence of random variables, their distribution in space, and

temporal variation (Dwarakish and Ganasri, 2015). Hydrological models
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can furthermore be classified based on if the hydrological processes are
described as conceptual, empirical, or fully physically based as shown in

Error! Reference source not found..

Hydrological
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Figure 2.6-1: The Classification Of Hydrological Models (Dwarakish and Ganasri,

2015).

2.6.2.1 MAIN HYDROLOGICAL MODEL CLASSIFICATION

2.6.2.1.1 STOCHASTIC MODELS

Stochastic models are mathematical models, which use random
variables to represent process uncertainty and generate different results
from one set of input data and parameter values when they run under

“externally seen” identical conditions. A particular set of inputs will
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produce an output according to a statistical distribution. This allows
some randomness or uncertainty in the possible outcome due to
uncertainty in input variables, boundary conditions, or model

parameters.

On the other hand, in deterministic models’ randomness is not
considered, therefore a given input always produces the same output,
where a single set of data and parameter values in a simulation will
produce a single result. Stochastic-deterministic models can also be
created by introducing stochastic error models to the deterministic
models. For example, in a deterministic rainfall-runoff model stochastic

rainfall could be used as an input (Pechlivanidis et al., 2011).

2.6.2.1.2 DETERMINISTIC MODELS

Deterministic models can be classified in to 3 classes, lumped models,

semi-distributed models, and distributed models.

1. Lumped models are simple models developed based on the
water balance equation. They wuse Dbasin-averaged
meteorological inputs and consider the whole basin as a single
unit, flow is generated at the basin outlet by homogenising the
model parameters throughout the basin, which can often cause
over or under estimation (Beven, 2012). The weakness of a

lumped model is that it assumes all data including input,
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output, and parameters to be uniform both spatially and
temporally over the watershed. However, in real world there is
variability over space and time, for example rainfall can vary
significantly both spatially and temporally (Sitterson et al.,
2017).

. Semi-distributed models, on the other hand, are developed to
consider spatial variability of the watershed characteristics. The
semi-distributed models are popular models used in
hydrological studies, where the models divide the watershed to
smaller subbasins, and hydrological computation is carried out
separately for each subbasin. There are different ways models
divide the watershed, some models like HEC-HMS use natural
watershed divides as the criterion for dividing a watershed,
whereas other models use the hydrological response unit
(HRU), which is based upon the LULC, soil and slope, for
example SWAT and HSPF models (Paudel, 2010). A benefit of
using semi-distributed models compared to disturbed models
is they use less computational time and less data and fewer
parameters (Pechlivanidis et al., 2011).

. Distributed models consider the spatial heterogeneity in input
data and parameters, therefore making them the most

complex models. Fully distributed models divide the watershed
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into homogenous grids, which routs flow through the basin
from grid to grid (Brirhet and Benaabidate, 2016). The
hydrological process within each grid is calculated separately,
however the model incorporates interaction with neighboring
grids. This hence can provide greater detail of processes at
specific parts of the watershed, and since distributed models
are structured like physically based models, they provide
modelling which is closer to actual hydrological processes in the
watershed. Distributed models require large number of
spatially and temporally distributed data, the data include land
use maps, DEM, topography, gridded precipitation, soil
characteristics and their change over time, and watershed
characteristics like dimension and boundaries. Therefore, the
disadvantage of using distributed models is, they require long
computational time, dependence on input data, catchment size
and computational constraints. Secondly, distributed models
require distributed data and calibrated parameters for each grid
cell. And these models can also be limited spatially by model

resolution or input grid size (Vaze et al., 2012).
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2.6.2.2 HYDROLOGICAL MODEL CLASSIFICATION BASED ON STRUCTURE

Hydrological models can also be classified based on their structure, into
3 classes, empirical models, conceptual models and physical models

(Sitterson et al., 2017).

1. Empirical models, also called data driven models, have no
physical transformation function to relate input to output, and
hence do not consider the features and process of the
hydrological system. Therefore, simple equations are used that
relate drivers of runoff response to flow at the watershed
outlet. Empirical models often use regression relationship,
where there is always a non-linear statistical relationship
between input and output, based on hydro-meteorological
data, like rainfall and runoff (Vaze et al., 2012). Empirical
models, are best suited for ungauged watershed where there
is less availability of data, as very few parameters are needed
to run the model (Pechlivanidis et al., 2011).

2. Conceptual models describe all the components of the
hydrological processes that convert rainfall to runoff. These
models use conceptual storage (reservoirs) that interconnect
to represent the physical elements in the catchment, whereby
they are recharged by rainfall, infiltration and percolation and
emptied by evaporation, runoff, and drainage. Mathematical
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equations are used to estimate the components of the water
balance equation, which determine the movement of water
between these storages and in and out of the model. The
general equations for conceptual models are versions of the
water balance equation which control surface water and

storage fluctuations, as shown below.

%=P—ET—QSiGW (1)

Where ds/dt is the change in storage, P is precipitation, ET is
evapotranspiration, Q. is surface runoff and GW is groundwater.
One of the drawbacks of conceptual models is, that they require
large amount of meteorological and hydrological data for
calibration, and the calibration involves curve fitting, which
make interpreting the model difficult, therefore effects of land
use change cannot be predicated with much accuracy (Devi et
al., 2015).

. Physical models, also referred to as mechanistic models, are
based on the physics of hydrological processes, and physically
based equations to describe these processes and control
watershed responses. Some of the equations used in physically
based models, include the water balance equation,
conservation of mass and energy, momentum, and kinematics

equation (Sitterson et al., 2017). Physical models use variables
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that can be measured and are functions of both time and space.
Physical models do not require large number of meteorological
and hydrological data to calibrate the model, but they do
require evaluation of a large number of parameters that
describe the physical characteristics of the watershed (Devi et
al., 2015).

A comparison and examples of empirical, conceptual, and physical

models is shown in Table 2.6-1.

Table 2.6-1: Comparison Of The Basic Structure Of Rainfall-Runoff Models (Devi et

al., 2015).

Empirical Conceptual Physical

Method Non-linear Simplified Physical laws and
relationship equations that equations based on
between inputs represent water real hydrologic
and outputs, storage in responses
black box concept catchment

Strengths Small number of Easy to calibrate, Incorporates spatial
parameters simple model and temporal
needed, can be structure variability, very fine
more accurate, scale
fast run time

Weaknesses No connection Does not consider Large number of
between physical spatial variability parameters and
catchment, input within catchment calibration needed, site
data distortion specific

Best Use In ungauged When Have great data
watersheds, computational time  availability on a small
runoff is the only  or data are limited. scale
output needed

Examples Curve Number, HSPF, TOPMODEL, MIKE-SHE, KINEROS,

Artificial Neural
Networks

HBV, Stanford

VIC, PRMS

Semi-distributed physical models are some of the most popular
hydrological models used in research studies. One of the most used
models is the Soil and Water Assessment Tool (SWAT) that is developed
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by USDA Agriculture Research Service (USDA-ARS). SWAT is a river
basin or watershed scale, semi-distributed physically based continuous
model, which has been extensively used around the world in
hydrological studies for various purposes, for example in research on
agricultural practices and their effects on hydrological process (Jang et
al., 2017; Briak et al., 2019; Chen et al., 2021; Rumph Frederiksen and
Molina-Navarro, 2021), or research on water quality (Khwairakpam et
al., 2019; Nazari-Sharabian et al., 2019; Y. Wu et al., 2019; Noori et
al., 2020) and research on the effects of land use change or climate
change on hydrological processes (Shiferaw et al., 2018; Tamm et al.,
2018; Bhatta et al., 2019; Ndhlovu and Woyessa, 2020; Saade et al.,

2021).

Some of the strengths of the SWAT model, is its ability to integrate
different aspects of hydrological modelling, from land use management
practices to climate change scenarios, and water quality and quantity
studies. Another advantage of using the SWAT model is that it can model
yearly, monthly, daily, and even sub-daily simulations over a long period
of time. On the other hand, one of the main weaknesses of the SWAT
model is, HRUs are not spatially represented in the subbasins, this keeps
the model simple, but ighores flow and pollutant routing between HRUSs.

The other disadvantage of the SWAT model is, it requires a wide range
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of different data to run the model and many parameters to modify during

calibration, which makes it time consuming (Glavan and Pintar, 2012).

Another widely used method by researchers is the Soil Conservation
Service Curve Number (SCS-CN), which is an empirical method used to
calculate runoff or infiltration from excess rainfall. The SCS-CN is
developed by the Soil Conservation Services of the U.S Department of
Agriculture which is first published in Section 4 of the National
Engineering Handbook in 1956. SCS-CN takes in to account the soil
type, land-use, hydrologic conditions, and antecedent moisture
conditions, it is primarily developed for small agricultural watersheds,
but over the years it has been used for rural, forest and urban
watersheds (Mishra et al., 2012). The popularity of SCS-CN is down to
its simplicity to use, easy to understand and that it considers most of
the runoff variables. The SCS-CN method is available in many of the

hydrological models, like the HEC-HMS and SWAT models.

2.6.3 CLIMATE MODELLING METHODS

2.6.3.1 GLOBAL CLIMATE MODELS

Global climate models (GCM) also sometimes called general circulation
models have evolved from atmospheric general circulation models
(AGCMs) that used physics only, and mostly predicted daily weather, to

more complex models that simulate other aspects of the climate
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systems: atmospheric chemistry, aerosols, interaction of land surface,
land and sea ice, carbon cycle and biogeochemical processes. GCMs
simulate present and project future climate under various scenarios of
CO2 increase in the atmosphere (Idso et al., 2013). GCMs solve
mathematical equations, that account for conservation of energy, mass
and momentum and the exchange of these components in the climate
systems, based on well documented physical processes (Flato et al.,

2013).

In GCMs the Earth’s surface is divided into three-dimensional grid cells,
and the results of each process modelled in each cell are transferred to
neighboring cells, which allows temporal modelling of energy and
matter. The resolution of GCMs depend on the grid cell size, the smaller
the grid size the higher the resolution of the model, and the more details
the model will have (Elias, 2021). However, high resolution models
require much higher computing power, which is why there are only
several institutions around world capable of carrying out high resolution

global climate modelling.

GCMs however have some limitations which can result in uncertainties

in the model:

e To produce viable future projections, GCMs must incorporate many

physical, chemical, and biological processes that influence climate
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over time, however some of these processes are missing or
inadequately represented in some GCMs.

e Limitations in computing power is another drawback that GCMs
face. This reduces the ability of some GCMs to model important
climate processes. Therefore, low-resolution models often fail to

capture many important phenomena of regional and lesser scales.

Uncertainty in some GCMs can also arise, due to the failure to account
properly for certain “multiplier effects” that could significantly amplify

the initial impacts of certain biospheric processes.

2.6.3.2 REPRESENTATIVE CONCENTRATION PATHWAYS

In climate change studies to model and project future climate,
assumptions are made based on socio-economic and physical changes
within the environment that can affect climate change, and provide
possible description of future scenarios with respect to changes in a
range of variables like socio-economic, technology, energy, land use and
emissions of greenhouse gases and air pollutants (van Vuuren et al.,
2011). These assumptions are used as input in climate models to
explore potential impacts of anthropogenic climate change and the
vulnerability associated with these changes and help provide adaptive

policies in decision making under these uncertainties.
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In the past several sets of scenarios were created by IPCC like the 1S92
scenarios and the Special Report on Emission Scenarios (SRES)
scenarios. However, as the need for more detailed scenarios has
increased in recent years, with interest in scenarios that consider the
impact of different climate policies, a new set of scenarios is developed
known as the representative concentration pathways (RCPs). The RCPs
are four greenhouse gas concentration (not emissions) trajectories
adopted by the IPCC for its Fifth Assessment Report (AR5). The four
RCPs, RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5, are named after a
possible range of radiative forcing values in the year 2100 (van Vuuren

etal., 2011).

Each of the RCPs represents a target level of radiative forcing produced
by the end of 2100. Radiative forcing is described as the extra heat in
the lower atmosphere that will be retained due to additional greenhouse
gases, it is measured in Watts per square meter (W/m=2). The RPC2.6
represents the best-case scenario pathway, where greenhouse gas
emissions are greatly reduced, resulting in a best estimate global
average temperatures rise of 1.6°C by 2100 compared to the pre-
industrial period. On the other hand, RCP8.5 is the worst-case scenario
or the business-as-usual scenario, where greenhouse gas emissions
continue to grow unregulated, leading to a best estimate global average

temperature rise of 4.3°C by 2100. And the RCP4.5 and RCP6.0 are two
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medium stabilisation pathways, with varying levels of mitigation (van

Vuuren et al., 2011).

The comparison between SRES scenarios and RCP scenarios, shows the
SRES scenarios are slightly higher for CO? concentration. And in terms
of CO? concentrations and global temperature change the SRES A1F1 is
similar to RCP8.5; SRES A1B to RCP6.0 and SRES Bl to RCP4.5.
However, the RCP2.6 scenario show much lower CO? and temperatures
values compared to any SRES scenario, this is because it includes the
option of using policies to achieve net negative CO? emissions before

the end of century, while SRES scenarios do not (IPCC, 2014).

The RCP scenarios have some advantages over SRES scenarios. The
major difference between SRES and RCP scenarios is that RCP scenarios
start with atmospheric concentrations of greenhouse gases (GHG),
whereas SRES scenarios start with socio-economic processes. This
reduces uncertainty in modelling, because every modelling step from a
socio-economic scenario to climate change impact adds uncertainty.
Therefore, by starting with concentrations there are fewer steps to
impacts and hence less uncertainty in impact assessment (Jubb et al.,

2013; Sanderson et al., 2017).
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The other advantage of RCP scenarios is, they consider climate change
mitigation policies to limit emissions, whereas the SRES scenarios do

not have explicate carbon emission controls.

2.6.3.3 GLOBAL CLIMATE MODEL DOWNSCALING

Downscaling is the process of creating higher spatial resolution data
from the coarse global climate models, to have climate data in closer
agreement with station level data. There are 2 methods of downscaling
GCM models, dynamic downscaling, and statistical downscaling.
Statistical downscaling creates high resolution dataset, by developing
statistical relationship between the GCMs parameters and locally
observed data. It uses historical observations to calibrate statistical
models, which then generate future climate data by using the GCMs
output for future scenarios on regional scale (Rashid and Hossain,

2018).

On the other hand, dynamic downscaling uses a mesoscale high
resolution or regional climate model (RCM) coupled with a GCM to
estimate local scale climate (Gaur and Simonovic, 2019). In dynamic
downscaling RCMs take the large-scale atmospheric output from GCMs
at the lateral boundaries and incorporate detailed surface properties,
like topography, land-sea contrast, and surface heterogeneities, to

generate realistic high resolution climate data. One weakness of
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dynamic downscaling is, because they are nested in GCMs, they are
affected by the accuracy of the large scale forcing of GCMs and their
biases, therefore the is a need for bias correction with dynamic

downscaling (Trzaska and Schnarr, 2014).

2.6.3.4 CLIMATE MODELLING IN MALAYSIA

There are several climate change modelling studies in Malaysia that
have assessed the impacts of climate change in various topics, like

agriculture, hydrology, and policy mitigation.

For example, a study by the Malaysian Meteorological Department,
(2009) used nine coupled Atmosphere-Ocean General Circulation Models
(AOGCMs) to study future climate conditions in Malaysia up to year
2100, under the SRES A1B scenario. The results of the ensemble mean
temperature and precipitation show, an increase of 2.5°C in mean
temperature for both Peninsular and East Malaysia. However,
precipitation shows no clear trend due to the high variability, with an
increase of 6%-10% in west coast of peninsular Malaysia and Sarawak,
10% increase in Sabah and 4%-6% decrease over central Pahang and

coastal Kelantan, relative to the 1990-1999 annual precipitation values.

The study also used the Regional Climates for Impacts Studies (PRECIS)
RCM model, to project regional climate under A2 and B2 scenarios at 50

km scale. The average annual temperature from the RCM for all the
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regions are consistent with GCM, however there is some deviation from
the GCM for the period 2080 to 2089, where significant reduction 0.4°C
to 0.5°C is projected by the RCM. As for precipitation the RCM simulates
general reduction in annual average precipitation for all regions.
However, the decrease in precipitation is more evident in Sabah. The
significant decrease in precipitation during years 2028, 2048, 2061 and
2079 simulated by the RCM, is consistent with the corresponding
significant decrease in temperature projected for the same 4 years.
However, this study assessed the wider sub regional climate in Malaysia,

and the study used the older SRES scenarios.

In a similar study by Ngai et al., (2020) seven RCMs under RCP4.5 and
RCP8.5 are used to assess precipitation at six sub regions in Malaysia.
The results show expected decrease in precipitation frequencies over
Malaysia by the end of the century under both scenarios, with western
Peninsular Malaysia experiencing 4% to 8% decrease in frequency
compared to historic data. However, precipitation intensity and
extremes are expected to decrease over Peninsular Malaysia during

winter and increase over east Malaysia during summer and autumn.

At watershed level there are only a hand full of studies that have carried
out climate change modelling to assess the impact of climate change on
hydrological process. For example, Syahmi Armain et al., (2021) used

statistical downscaling to downscale the CanESM2 climate model to the
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Kelantan River basin scale, and assessed the impact of precipitation
change on river discharge under the RCP8.5 climate scenario for two
time periods, 2041-2070 and 2071-2100. The study found monthly
precipitation is expected to decrease by 30% and river discharge by

50% during both time periods.

Tan, et al., (2019) used climate projections from four Coordinated
Regional Climate Downscaling Experiments—-Southeast Asia (CORDEX-
SEA) models under RCP4.5 and RCP8.5 scenarios to assess the future
hydro-meteorological droughts in Johor River basin. The study found
that annual precipitation is expected to vary between -44.2% to 24.3%
among the 4 models, and maximum and minimum temperatures are
expected to increase between 0.8°C-3.7°C and 0.7°C-4.7°C respectively,
like precipitation annual stream flow is expected to vary between -
88.7% to 42.2%. Overall, it is expected Johor River basin will experience

more frequent dry conditions in the future.

As for Klang River basin, climate modelling is carried out by one study
only, where Kabiri et al., (2013), used the HadCM3 global climate model
for the Klang River basin. The study assessed the future climate change
precipitation under the SRES A2 scenario, for 3 time slices the 2020s,
2050s and 2080s. The results show increasing precipitation by the end

of the century. However, projections show decrease in mean
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precipitation in 2020s by 7% and in 2050s by 0.6%, whereas there is

increase in precipitation in 2080s by 12.4%.

However, in majority of these studies, LULC change was not considered
when assessing climate change impact on hydrological process. It's
important to integrate LULC change into hydro-meteorological studies,
as LULC change has direct impact on hydrological process, and on local
climate conditions. Therefore, in this study, the combined effects of both
LULC change and climate change on hydrological process in the Klang

River basin is assessed.

2.7 Summary of Literature Review

The summary of each literature review section highlighting the key

findings is presented in Table 2.7-1.

Table 2.7-1: Summary Of Literature Review.

Section

Key Findings

1. General Factors

Affecting Surface
Runoff and River
Discharge

. Land Use and

Land Cover
Change Impacts
on Surface Runoff
and River
Discharge

Precipitation including its volume, intensity and
duration play a significant role in affecting
surface runoff and river discharge.

Other factors like urbanisation, deforestation and
temperature also have significant impact on
hydrological processes.

Agricultural  activities, deforestation, and
urbanisation significantly impact the hydrological
cycle.

Urbanisation replaces natural vegetation and soil
with impervious surfaces, increasing surface
runoff and the risk of flooding.

Strong correlation between LULC changes and
increased runoff volume observed in Malaysia,
with urban expansion and agricultural land
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3. Land Use and

Land Cover
Change Impacts
on Climate
Variables

4. Impact of Climate
variability on
Surface runoff and
River Discharge

having significant impact on hydrological
processes.

Biogeophysical processes, such as surface
albedo, roughness, and evapotranspiration, are
influenced by LULC change and have cascading
effects on climate.

Surface albedo changes can lead to temperature
fluctuations that influence other climate variables
like precipitation.

ET and surface roughness affect the energy and
moisture budget of the land surface, impacting
climate.

Urbanisation lowers albedo, raises temperatures,
and contributes to the Urban Heat Island (UHI)
effect.

UHI can result in higher precipitation intensity
over urban areas due to aerosol-enhanced
conditional instability.

The increase in urban areas in Malaysia,
particularly in the Greater Kuala Lumpur (GKL)
area, has led to significant UHI effects, with
temperatures often 4°C - 6°C higher in urban
areas compared to rural surroundings.

Climate variability, particularly changes in
precipitation, has a significant impact on
hydrological processes within watersheds.
Climate change can alter the spatial and temporal
dynamics of the water cycle, affecting
precipitation patterns, intensity, and duration.
These changes can lead to alterations in river
flow, surface runoff, groundwater recharge, and
the overall water balance in a watershed.
Climate change can also exacerbate the
occurrence of extreme hydrological events like
droughts and floods.

Global analyses suggest that mean annual runoff
and discharge are projected to increase by more
than 10% on about half of the global land area
by 2050.

Research in Malaysia indicates that future climate
change is expected to lead to significant
increases in mean annual precipitation.

Climate modelling for the Klang River basin
reveals mean annual discharge showing
variations and trends based on emission
scenarios.
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5. Trends In Land-

use and Land
Cover,
Precipitation and
Temperature

. Land Use and

Land Cover,
Hydrological and
Climate Modelling
Methods

Tropical forests have experienced the highest
deforestation rates.

Factors contributing to deforestation include
agricultural practices, urbanisation, and mining.
Palm plantations in Malaysia more than doubled
between 1990 and 2020.

Urbanisation has rapidly increased in Malaysia,
making it one of the most urbanised countries in
East Asia.

Temperature trends show a significant increase
across Malaysia, with western Peninsular
Malaysia experiencing the highest trend.
Precipitation trends indicate high variability, with
periods of increased rainfall and more intense dry
spells.

Seasonal climate is influenced by monsoons, with
Northeast monsoon (NEM) having a greater
impact on annual precipitation.

Various LULC models, including statistical,
dynamic, and integrated models, are available.
Markov chain and Cellular Automata (CA) are
commonly used methods for LULC change.
Machine learning methods like Artificial Neural
Networks (ANN), Support Vector Machine (SVM),
and Random Forest (RF) are increasingly used.
Hydrological models can be grouped into
empirical, conceptual, or physical models.
Hydrological models can further be grouped as
stochastic or deterministic, lumped, semi-
distributed, or distributed.

SWAT is a popular semi-distributed model.
Global Climate Models (GCMs) help study climate
change, with varying spatial resolutions.
Representative Concentration Pathways (RCPs)
provide scenarios for future climate conditions.
Downscaling methods (dynamic and statistical)
are used to refine GCM output for regional-scale
studies.

In Malaysia, various studies have examined
climate change impacts on temperature,
precipitation, and hydrological processes.

Few studies have integrated both LULC change
and climate change impacts on hydrological
processes.
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CHAPTER 3: METHODOLOGY

3.1 INTRODUCTION

The following chapter will provide an in-depth explanation of each of the
methods used within this study, outlining step-by-step procedures, and
data sources used to analyse the impacts of land use and land cover
change and precipitation changes on surface runoff and river discharge.
The summary of the overall methodology and data used is presented in

Figure 3.1-1.
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Figure 3.1-1: The Summary Flowchart Of The Overall Methodology.

3.2 STUDY AREA

The Klang River basin is located in West Coast of Peninsular Malaysia in
the state Selangor, at latitudes 2°35’-3°60’ N and longitudes 100°45’-
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102°00’ E. Figure 3.2-1 shows the geographical location of the Klang

River basin. Upstream of the basin, elevation is around 1400 m above

sea level, and downstream of the basin elevation is between -115 m to

15 m. The federal territory of Kuala Lumpur is located within the Klang

River basin, with majority of the 6.5 million inhabitants of Selangor living

within the Klang River basin.
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Figure 3.2-1: Map Of The Klang River Basin.

3.2.1 CLIMATE

T
101

The Klang River basin receives widespread heavy and prolonged rainfall

during the summer (May-September) and winter (November—March)

seasons,

associated with the SWM and NEM monsoon winds,
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respectively (Figure 3.2-2), with 2 inter- monsoon periods occurring in
April (IntM1) and October (IntM2). At the same time, because of its
nearness to the equator, heavy localised rainfalls of shorter duration,
associated with severe convective thunderstorms created by unstable
weather conditions, occur throughout the year. The average annual
rainfall ranges from 1900 mm to over 2600 mm. The mean monthly
temperature in the basin ranges from 26-28°C, with a daily mean

humidity of about 80%-85%.

(@) (b)
Figure 3.2-2: (a) Northeast Monsoon And (b) Southwest Monsoon (Bakar et al.,

2020).

3.2.2 GEOLOGY AND SOIL

The upper part of the Klang River basin consists of mostly igneous rocks,

in particular granite with some dacite, rhyolite, and micro granodiorite.
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The Northwest of the Klang River basin is made up of mostly granitic
rocks and vein quartz of the Mesozoic age, with some parts of the
Northwest being covered by schist of Kajang formation. The central
parts of the basin is underlain by limestone of the Kuala Lumpur
limestone formation, and schist underlies the land between Kelang and
Gombak River, while most of the Ampang area is underlain by granite

(Balamurugan, 1991).

The soils in the Klang River basin consist of a wide range, which vary
from very thin sandy regolith covering quartize ridges to the extremely
deep weathering profile on the most gentile granite slopes. The soils are
mostly formed from igneous, sedimentary, and metamorphic rocks, and
marine and river alluvium. Like most sedentary soil in Western Malaysia,
the soils in the Klang River basin are highly weathered, leached, and low
in nutrient, with a strong influence from parent rock materials. Slope
also plays a large part in the formation of soils in the Klang River basin,
where soils on hill tops are generally shallow and young compared to

those in the lower slopes (Balamurugan, 1991).

3.2.3 DRAINAGE AND WATER RESOURCES

The Klang River is 120 km in length, and consists of several tributaries,
namely, Batu River, Gombak River, Kerayong River, Damansara River,

Keroh River, Kuyoh River, Penchala River and Ampang River. The Klang
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River originates upstream on the eastern part of the basin and flows
through KL and eventually drains into the Malacca strait to the west of
the basin. The basin area is approximately 1285 kmz2, which is mostly

urbanised, with the upstream of the basin having tropical rain forests.

3.3 DATA ACQUISITION

3.3.1 LAND USE AND LAND COVER DATA

The study used Landsat 5 TM (1999 & 2006) and Landsat 8 OLI (2017)
satellite images (Table 3.3-1) obtained from United State Geological
Services (USGS) at (http://earthexplorer.usgs.gov/). The Shuttle Radar
Topography Mission (SRTM) digital elevation map is also obtained from
USGS website, the ancillary data like, road network and rivers are
obtained from open street website at (https://www.openstreetmap.org)
which are used for land use change modelling. The slope map is created

from the DEM and using the slope tool in ArcGIS.

Table 3.3-1: Landsat Image Information Used In Study.

Date Satellite Resolution Date Acquired
1999 Landsat 5 Thematic Mapper 30m 11th February 1999
2006 Landsat 5 Thematic Mapper 30m 2nd March 2006
2017 Landsat 8 Operational Land Imager 30m 27th March 2017

Landsat images are chosen because, the Landsat images have a wider
spatial coverage at 30 m resolution, compared to other satellites like
Sentinel, therefor there is less need for image mosaicking. Another

reason for choosing Landsat, is that for the study area Landsat images
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have less cloud cover compared to other satellite images, and the
images for the years 1999, 2006 and 2017 are chosen, as they have

less than 10% cloud cover.

The LULC maps, are compared with the LULC maps from the Department
of Town and Country Planning Malaysia (JPBD). Although, the LULC
maps from JPBD has more land use classes under urban and agricultural
classes, the overall classification does match the LULC classifications in

this study.

3.3.2 HYDRO-CLIMATIC DATA

The climate data consists of precipitation and temperature data, and the
hydrological data consists of river discharge. For precipitation, daily data
from 8 stations obtained from the Department of Irrigation and Drainage
(DID) and 2 stations from the MET is used. The location of each station
is shown in Figure 3.3-1, and the station details are shown in Table
3.3-2. The period for the rainfall data for the DID stations is from 1975-
2015, however for station 3117070 it's from 1975-2019, and for station
3116006 from 1977-2019, as for the 2 stations for MET, the data period
is from 1995-2018.

For temperature, due to insufficient data, the ERA 5 reanalysis daily
mean, maximum and minimum 2m temperature data from the European

Centre for Medium-Range Weather Forecasts (ECMWF) at 0.25° by
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0.25° spatial resolution for the period 1979 to 2018 is used, the data is

obtained from ClimateEngine.org.
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Figure 3.3-1: Location Of Selected Hydro-Climatic Stations.

Table 3.3-2: Station Name, ID, Coordinates, And Period Of Data, For Selected
Stations.

Station ID Station Name Latitude Longitude Data Period
2616135 Ldg. Telok Merbau 2.86 101.68 1975 - 2015
3014084 Pejabat JPS Klang 3.21 101.88 1975 - 2015
3113087 Ldg. Sg. Kapar 3.12 101.38 1975 - 2015
3115079 Pusat Penyelidikan Getah Sg.Bul ~ 3.17 101.56 1975 - 2015
3114085 Setia Alam 3.1 101.46 1975 - 2015
3115053 Ldg. Elmina A 3.21 101.5 1975 - 2015
48648 Petaling Jaya 3.1 101.65 1995 - 2018
48647 Subang 3.12 101.55 1995 - 2018
3117070 Pusat Penyelidikan at JP Ampang 3.16 101.75 1975 - 2019
3116006 Ldg. Edinburgh 3.18 101.63 1977 - 2019
3116430 Jambatan Sulaiman 3.14 101.70 1973 - 2017
3116434 Batu Sentul 3.18 101.69 1970 - 2018
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An ensemble of 5 GCMs, each with 4 RCPs scenarios supported by Inter-
Sectoral Impact Model Intercomparison Project (ISI-MIP5) for daily
precipitation, maximum and minimum temperature is used for future
climate change analysis. This daily data covers the period 1950 to 2099,
and the data is obtained from 2w2e.com, where the data is reformatted
from NetCDF into SWAT-readable text files. The 5 GCM models used to
analyse the future climate are; HadGEM2-ES, IPSL-CM5A-LR, MIROC-
ESM-CHEM, GFDL-ESM2M, and NorESM1-MThe (Table 3.3-3), and the
4 RCPs scenarios used are RCP2.6, RCP4.5, RCP6 and RCP8.5

(Abbaspour et al., 2019).

Table 3.3-3. Details Of The Global Climate Models Used In The Study.

Data Resolution Period of Source
Type Data
GCM 1 0.5° (1960-2099) GFDL-ESM2M, daily, RCP (2.6, 4.5, 6.0,

8.5), NOAA/Geophysical Fluid Dynamics
Laboratory

GCM 2 0.5° (1960-2099) HadGEM2-ES, daily, RCP (2.6, 4.5, 6.0, 8.5),
Met Office Hadley Center

GCM3 0.5° (1960-2099) IPSL-CM5A-LR, daily, RCP (2.6, 4.5, 6.0,
8.5), L'Institut Pierre-Simon Laplace

GCM4 0.5° (1960-2099) MIROC, daily, RCP (2.6, 4.5, 6.0, 8.5), AORI,
NIES and JAMSTEC

GCM5 0.5° (1960-2099) NorESM1-M, daily, RCP (2.6, 4.5, 6.0, 8.5),

Norwegian Climate Center
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The data used from the GCMs consist of historic data from 1960-2005
and future data from 2006-2099. In this study we used 3 future time
periods (TP) to analyses the future climate variables, the time periods

used are TP1 (2006-2039), TP2 (2040-2069) and TP3 (2070-2099).

3.3.3 HYDROLOGICAL MODELLING DATA

SWAT requires large geospatial input data to drive watershed dynamics.
These data include topography (Digital Elevation Map), weather data,
soil physical parameters and LULC map. The accuracy of model
prediction depends on data availability and quality. All the input maps

are projected to the WGS 1984 UTM Zone 47N projection.

3.3.3.1 DIGITAL ELEVATION MAP

SRTM digital elevation map (DEM) with the resolution of 90 m by 90 m
for the study area (Figure 3.3-2A) obtained from USGS

(https://earthexplorer.usgs.gov/) is used in this study.

3.3.3.2 SLOPE

Slope represents the rate of change of elevation for each DEM cell. The
slope map (Figure 3.3-2B) is created from the DEM using the slope

tool in ArcGIS.
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3.3.3.3 SOIL
FAO-UNESCO soil map of the World, which is based on the FAO-UNESCO
soil map of the world, is obtained from Food and Agriculture
Organisation (FAO). The soil map is at 1:5.000.000 scale. The soil map
for the study area is shown in (Figure 3.3-2C) and the soil code and

its classification are shown in Table 3.3-4.
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Figure 3.3-2: A.Elevation Map, B.Slope Map And C.Soil Map Of The Study Area.
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Table 3.3-4: FAO Soil Code And Soil Classification.

Soil Classification

FAO Soil Code Dominant Soil Soil Association Textural Slope Class
Unit Class

A0108-2ab Orthic Acrisols Ferric Acrisols and Medium  Level to undulated

Dystric Nitrosols texture and rolling to hilly

A090-2-3c Orthic Acrisols Humic Acrisols, Dystric Medium Steeply dissected

Cambisols and Lithosols and fine to mountainous

texture

Ge55-3a Eutric Gleysols Gleyic Cambisols and Fine Level to undulated
Thionic Fluvisols texture

0Od21-a Dystric Humic Gleysols and - Level to undulated

Histosols Thionic Fluvisols

3.3.3.4 LAND USE AND LAND COVER

The classified land use maps for the years 1999, 2006, 2017 (Figure
4.1-1) and 2030 (Figure 4.1-2) are used as the land use inputs. The
land use maps consist of 5 classes; Water, Natural Vegetation,
Agriculture, Built Up and Cleared Land. The SWAT LULC codes and their

representative LULC types are shown in (Table 3.3-5).

Table 3.3-5: LULC Classification And SWAT Code.

LULC SWAT Code LULC Classification SWAT Definition
WATR Water Water

FRSE Natural Vegetation Evergreen Forest
AGRL Agriculture Agricultural Generic
URHD Built Up Urban High Density
BARR Cleared Land Bare Ground

3.3.3.5 WEATHER

The weather data is an important input in hydrological modelling;
therefore, the lack of weather data and the poor quality of data can

increase modelling uncertainty and bring about limitations to the study,
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which is a common issue in hydrological studies. To compensate for the
lack of data, many hydrological studies use other sources of data like
reanalysis and satellite data. Hence in this study we incorporate
reanalysis and satellite data with observed data to improve the quality
of weather input data and compensate for lack of data. The weather
variables used in this study are daily precipitation, daily maximum and
minimum temperature, relative humidity, solar radiation, and wind
speed.

For precipitation, data from 8 stations obtained from DID and 2 stations
obtained from MET, located within and around the watershed is used
(Figure 3.3-3). To increase the coverage of the precipitation data over
the basin, the study integrated the Climate Hazards Group InfraRed
Precipitation with Station data (CHIRPS) precipitation data with
observed data. CHIRPS is a 35+ year quasi-global rainfall data set with
a resolution 0.05° ranging from 1981 to near-present.

The CHIRPS product is an integration of various datasets: the monthly
precipitation climatology (CHPclim) that is created using rain gauge
stations collected from FAO and GHCN, the Cold Cloud Duration (CCD)
information based on thermal infrared data archived from CPC and
NOAA National Climate Data Centre (NCDC), the Version 7 TRMM 3B42

data, the Version 2 atmospheric model rainfall field from the NOAA
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Climate Forecast System (CFS), and the rain gauge stations data from
multiple sources.

Several studies have shown the CHIRPS dataset to perform well in
hydrological modelling and having better agreement with observed data
compared to other datasets (Tuo et al., 2016; Dhanesh et al., 2020;
Pang et al., 2020; Zhang et al., 2020).

For temperature, data are only available from 2 MET stations, therefor
due to lack of data, ERAS reanalysis data is integrated with the 2 MET
station data. As for relative humidity, wind speed, and solar radiation
there is no observed data available, therefor the ERA5 reanalysis data
is also used for wind speed and for relative humidity data from NASA’s
The Prediction of Worldwide Energy Resources (POWER) project dataset
is used at resolution of 1/2° by 5/8°. For solar radiation simulated data
within SWAT model is used.

All the weather datasets used for the hydrological modelling are for the

period 1995-2018.
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Figure 3.3-3: Ground Stations And CHIRPS Locations For Precipitation Data.

3.3.3.6 STREAMFLOW DATA

River discharge data is obtained from DID, for stations Jambatan
Sulaiman (3116430) and Batu Sentul (3116434) as shown in Figure
3.3-1 under Section 3.3.2 for the periods 1973 to 2017 and 1970 to

2018 respectively.

3.4 METHODOLOGY

3.4.1 ANALYSIS OF SPATIO-TEMPORAL TRENDS IN LAND-USE AND LAND

COVER

The Figure 3.4-1 shows the flowchart of the methods used in the land
use and land cover modelling.
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Figure 3.4-1: Summery Flowchart Of The Land-Use And Land Cover Modelling.
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3.4.1.1 LAND USE AND LAND COVER CLASSIFICATION

Image mosaic is carried out to merge images which give the full extent
of the study area, followed by haze reduction process to remove, or
reduce any haze in all the images, and for the 2017 image the
panchromatic band of Landsat 8 is used to pan sharpen the image and
improve its spatial resolution from 30 m to 15 m, for better

interpretation and classification of land use.

The maximum likelihood algorithm under supervised classification which
is a commonly used method for classification is performed to classify
Landsat images of 1999, 2006, and 2017. The following 5 land use
classes are generated; Water, Natural Vegetation, Agriculture, Built-up

and Cleared Land.

3.4.1.1.1 ACCURACY ASSESSMENT

For accuracy assessment, error matrix which is a commonly used
method is calculated, using stratified random sampling. 150 sample
points are generated for the study area for each map, and ground truth

data obtained from Google Earth is used as reference points.

3.4.1.2 LAND USE AND LAND COVER CHANGE MODELLING

To simulate a future land use map, an integrated Decision Forest -
Markov Chain (DF-MC) model is used. The DF-MC method uses the

Random Forest machine learning algorithm, which consists of an
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ensemble of Decision Trees (DT). This method has only been used in few
land use change modelling studies in recent times (Al-sharif and
Pradhan, 2015; Samardzi¢-petrovi¢ et al., 2015; Karimi et al., 2019).
However, the Random Forest algorithm has shown to have several
advantages over other machine learning methods. It is faster and easier
to understand and interpret, the algorithm is completed at a fixed
number of operations, it can process large volumes of data, a small
quantity of parameters is needed to be adjusted during modelling, and
has higher accuracy compared to other machine learning algorithms, as
shown in studies by (Kamusoko and Gamba, 2015; Legdou et al., 2020;

Mao et al., 2020).

The Land Change Modeller (LCM) in TerrSet software developed by Clack
Labs, is used for the modelling. The LCM is based on historical land use
data, transition potential maps and Markov matrices, to simulate future
LULC change. The LCM consists of 3 main steps, change analysis,
transition potential modelling, and change prediction. The data used in
this study are the land use maps of the years 1999, 2006 and 2017, and
the parameters used in the land use change are, distance to roads,
distance to rivers, distance to urban areas, digital elevation map and

slope.
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3.4.1.2.1 CHANGE ANALYSIS

The change analysis step calculates the nature and extent of land use
change between time 1 and time 2 and between 2 land use maps, the
changes that are identified are transitions from one land use state to
another. The change analysis evaluates gains and losses, detect net

gains, and create change maps.

3.4.1.2.2 TRANSITION POTENTIAL MODELLING

In this step the potential of land to transition are identified, and
transition potential maps for each transition is created. The transition
potential maps that have same underlying driver variables, are grouped
within an empirically evaluated transition sub-model. A transition sub-
model can consist of a single land use transition or a group of transitions
that are thought to have the same underlying driver variables. These

driver variables are used to model the historical change process.

The driver variables used in this study are, distance to roads, distance
to rivers, distance to urban, DEM and slope (Appendix B). The driver
variables are selected based on literature review and authors knowledge
of the study area. The transition potential maps are created using
Decision Forest algorithm, which is implementation of the Random

Forest method.
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3.4.1.2.3 CHANGE PREDICTION

In the final step, the historical change of rates calculated in the change
analysis step and the transition potential maps, are used to predict a
future scenario for a specified future date. The Markov Chain determines
the amount of change using the earlier and later land cover maps along
with the date specified. The procedure determines exactly how much
land would be expected to transition from the later date to the prediction
date based on a projection of the transition potentials into the future
and creates a transition probabilities file. The transition probabilities file
is @ matrix that records the probability that each land cover category

will change to every other category.

To validate the model, the LULC maps of 1999 and 2006 are first used
to simulate a LULC map of 2017, which is then validated against the
reference LULC map of 2017. Then in the next step the future land use
map of 2030 is simulated using the 2006 and 2017 LULC maps. The year
2030 is chosen for future LULC map, to reflect the Malaysian
Government Shared Prosperity Vision 2030, with one of its visions being
sustainability, which aims to achieve national development which is eco-
friendly and gives emphasis on conserving and preserving natural
resources. This is also in line with the United Nations (UN) 2030 Agenda
for Sustainable Development (SDG 2030) and the Selangor structural

Plan 2035.
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The gains and losses and net gain for the year 1999-2006 and 2006-

2017 from the change analysis step is shown is (Appendix C).

3.4.1.2.4 VALIDATION

For the validation of the model the Area under the Curve (AUC) of Total
Operating Characteristic (TOC) and disagreement parameters
(allocation disagreement and quantity disagreement) methods are used.
TOC method indicates how well the model is predicting change, while
the allocation and quantity disagreement provides detailed information
on the accuracy of predicted change and persistence of each land cover

class.

Quantity disagreement (quantification error) is when the quantity of
cells of a class in the simulated map is different from the quantity of
cells of the same class in the reference map. On the other hand,
allocation disagreement (location error) is when the location of a class
in the simulated map is different from location of that class in the
reference map. These metrics of disagreement are recommended by
(Pontius and Millones, 2011; Pontius et al., 2011) as an alternative to
Kappa statistics, since Kappa indices attempt to compare accuracy to a
baseline of randomness, but randomness is not a reasonable alternative

for map construction.
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The accuracy of the model is based on four components of disagreement
namely, hits (accuracy of observed versus predicted change), misses
(error due to observed change predicted as persistence), false alarms
(error due to observed persistence predicted as change) and correct
rejections (accuracy of observed versus predicted persistence)

(Kushwaha et al., 2021).

3.4.2 ANALYSIS OF SPATIO-TEMPORAL TRENDS IN PRECIPITATION AND
TEMPERATURE

The summary flowchart of hydro-climatic trend analysis is shown in

Figure 3.4-2.

Data

Data Acquisition —> .
Preprocessing

Mann-Kendall and
Indices Selection —> Sen's Slope
Statistics

Result Analysis

Figure 3.4-2: Summary Flowchart Of The Hydro-Climatic Trend Analysis.
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3.4.2.1 DATA PREPROCESSING

3.4.2.1.1 NORMALITY AND AUTOCORRELATION

Before carrying out the trend analysis, normality, and autocorrelation
tests are conducted for the data of each station. For normality, four tests
are used, the Shapiro-Wilk test, the Anderson-Darling test, the Lilliefors
test, and the Jarque-Bera test, and for autocorrelation, the Durbin

Watson test is used.

The Durbin Watson measures autocorrelation (also called serial
correlation) in residual from regression analysis. Autocorrelation occurs
when there are similarities of a time series data over successive time
intervals, which can lead to underestimates of the standard error and
can result in insignificant predictors to appear as significant. The Durbin

Watson test always assumes values between 0 and 4, where:

2 is no autocorrelation.

0 to <2 is positive autocorrelation (common in time series data).

>2 to 4 is negative autocorrelation (less common in time series data).

Test statistic values in the range of 1.5 to 2.5 are commonly considered
as relatively normal, and hence no autocorrelation is present, on the
other hand values outside of this range could be cause for concern. The

Durbin-Watson statistics can also be tested for significance using the

Page | 109



Durbin-Watson Table. For each value of alpha (.01 or .05) and each
value of the sample size n (from 6 to 2000) and each value of the
number of independent variables k (from 1 to 20), the table contains a
lower and upper critical value (dL and dU). The test value d greater than
dU indicates there is no autocorrelation, values below dL indicate there
is autocorrelation and values between dL and dU indicate the test is

inconclusive.

The data for all stations are found to be normally distributed, and there

is no autocorrelation found in the data.

3.4.2.1.2 OUTLIER DETECTION

The method suggested by (Crochemore et al., 2019) is used to detected
the outliers in river discharge. In this method the outlier detection is
based on the median and standard deviation of the data, while the
median is not sensitive to outliers, the standard deviation is sensitive to
the existence of outliers. First the data is standardised by subtracting
the median from the data. Then all the values greater than five times
the standard deviation (5SD) is flagged as outliers, and finally the
outliers are visually inspected to differentiate with peak flows, where
outliers are considered as events instead of single days, where one

outlier is consists of consecutive days above the threshold (5SD).
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3.4.2.1.3 FILLING MISSING DATA

The precipitation stations with less than 10 percent of missing data are
chosen for the study. And since Mann-Kendall test has a low sensitivity
to abrupt breaks and missing values (Sa‘adi et al., 2019), the missing

data are ignored, and not considered in the trend analysis.

As for the river discharge data, since there is lack of neighboring stations
to carry out linear interpolation regression method and multiple
imputation method did not give accurate representation of the data,
therefore the dates with missing value are ignored in trend analysis. And
after visual inspection of the data, it is found that data from 2014-2018
for station Batu Sentul (3116434) has irregular pattern, where for the
5-year period all daily discharge is less than or equal to 1m/s, which
indicates an issue with the instrument or an unknown element in the
river upstream of the station resulting in the reduced flow. Therefore,

this 5-year period is removed from the analysis.

3.4.2.1.4 VALIDATION OF ERAS DATA

The ERA 5 reanalysis temperature data are compared and validated with
temperature data from stations 48648 and 48647, using correlation
coefficient (R2), mean absolute error (MAE), root mean square error
(RMSE), and Pearson's correlation coefficient (R) as shown in Table

3.4-1.
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The correlation of coefficient (R2) is the measure of how strong the
linear relationship is between 2 variables, the R2 values range between
-1to 1, a correlation value of -1 shows a perfect correlation but negative
and a value of 1 show a perfect positive correlation, and a correlation
coefficient 0 shows no correlation. The correlation coefficient R2 is
similar to Pearson’s correlation coefficient R, where R2 is square of the
Pearson’s coefficient R. The RMSE on the other hand is used to measure
the difference between predicted values from a model and observed
values. Root Mean Square Error (RMSE) is the standard deviation of the
residuals (prediction errors). And the residuals are a measure of how far
from the regression line data points are; RMSE is a measure of how
spread out these residuals are. Whereas the MAE is the mean of the
amount of error in the measurements. The MAE measures the average
magnitude of the errors in a set of predictions, without considering their

direction.

The ERA5 data covers grids of 0.25 by 0.25 therefore for temperature
trend analysis, data for each grid covering the study area is used

(Figure 3.4-3).

Table 3.4-1: Statistics Comparing ERA5 Data With Observed Data.

Station Station

48647 48648
Root Mean Square Error (RMSE) 0.995 1.075
Correlation Coefficient (R2) 0.636 0.654
Pearson's correlation coefficient(R) 0.798 0.809
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Mean Absolute Error (MAE) 0.83 0.887
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Figure 3.4-3: ERAS grid for the study area, from which temperature data is

collected.

3.4.2.1.5 DOWNSCALING OF THE GCM MODELS

The Water and global change (WATCH) forcing data is a 20th century
meteorological forcing dataset for land surface and hydrological models,
which is generated as part of the European Union’s (EU) 6th Research
Framework Program (FP 6). The 5 GCM models are downscaled using
the 0.5° grid WATCH Forcing Data, the period 1960 to 1999 is used as

the reference period to downscale the GCM models.
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WATCH is a combination of the ERA-40 daily data, which is the 40-year
reanalysis of the European Centre for Medium-Range Weather
Forecasts, and the Climate Research Unit TS2.1 dataset (CRU). The
WATCH Forcing Data combines the daily statistics of ERA-40 with the
monthly mean characteristics of CRU and Global Precipitation
Climatology Centre (GPCC) datasets and represents a complete gridded
observational dataset for bias correction of global climate data

(Abbaspour et al., 2019).

3.4.2.2 SELECTED INDICES FOR PRECIPITATION AND TEMPERATURE
ANALYSIS

The indices selected for the trend analysis of precipitation and
temperature are chosen from the list recommended by the Expert Team
for Climate Change Detection and Indices (ETCCDI). For precipitation 4
indices were selected, the R10mm and Rnnmm indices represented
precipitation frequency, whereas the R95p and SDII represented the
intensity of precipitation. For temperature 2 indices were selected, the

TXx and TNx.

The Department of Irrigation and Drainage (DID) has categorised
rainfall intensity into 4 categories (Table 3.4-2). In this study we used

R10mm index to represent the light rainfall intensity and for Rnnmm
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index we used rainfall amount 230mm which represents heavy rainfall

intensity.

Table 3.4-2: Rainfall intensity categories according to Department of Irrigation and
Drainage.

Categorisation of Rainfall Intensity (in one hour.)

Light 1-10(mm)
Moderate 11-30(mm)
Heavy 30-60(mm)
Very Heavy > 60(mm)

3.4.2.3 MANN-KENDALL TREND STATISTICS

Trend analysis is important when studying climate variables as it shows
significant changes in these variables over time. The Mann-Kendall test
(Mann, 1945; Kendall, 1975) is used to analyse the trend in annual and
seasonal precipitation and precipitation intensity. The Mann-Kendall
(MK) test is a non-parametric test, therefore the data does not need to
fit a normal distribution, and it can identify if there are linear or non-
linear trends in the time series data. The null hypothesis of the Mann-
Kendall test is that there is no trend in the data, whereas the alternative
hypothesis is that there is a trend in the data, and this trend can be
positive, negative, or non-null.

The Mann-Kendall test statistic S is calculated using the formula.

S = Xk=1 Xfers1 S9N(X; — Xi) (2)
Where xj and xk are the annual values in years’ j and k, j > k,

respectively, and
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1ifX;—X,>0
sgn(X;—X;)={ 0 if X;—X; =0

—-1if X; —X;; <0
As suggested by (Salmi et al., 2002) if n is 9 or less, the absolute value
of S is compared directly to the theoretical distribution of S derived by
Mann and Kendall. The two-tailed test is used for four different
significance levels a: 0.1, 0.05, 0.01, and 0.001. At a certain probability
level, the null hypothesis is rejected in favor of the alternative
hypothesis if the absolute value of S equals or exceeds a specified value
Sa/2, where Sa/2 is the smallest S which has a probability less than a/2
to appear in case of no trend. A positive (negative) value of S indicates
an upward (downward) trend. If n is at least 10, the normal
approximation test is used. However, if there are several tied values
(i.e., equal values) in the time series, it may reduce the validity of the
normal approximation when the number of data values is close to 10.
First, the variance of S is computed by the following equation which

considers that ties may be present:

1
VAR(S) = — [n(n —1)(2n+5) — Zg=1 t,(t, —1)(2t, + 5)] (3)
Here q is the number of tied groups and tp is the number of data values

in the pth group.

The values of S and VAR(S) are used to compute the test statistic Z as

follows:
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0 ifs=0 (4)
k St1_if$§<0
JVAR(S)

The Z value indicates a significant trend, where a positive (negative)
value of Z indicates an upward (downward) trend, and the statistic Z
has a normal distribution. To test for either an upward or downward
monotone trend (a two- tailed test) at a level of significance, HO is
rejected if the absolute value of Z is greater than Z1-a/2, where Z1-a/2
is obtained from the standard normal cumulative distribution tables. In
this research, we used the MAKESENS excel templet which is developed
by the Finnish Meteorological Institute to calculate the Mann-Kendall
test, and the significance is considered at 0.01 and 0.05 levels of

significance.

3.4.2.3.1 SEN’S SLOPE

Sen's slope estimator Q is used to measure the magnitude of change.
Sen's nonparametric method is used to estimate the true slope of an
existing trend (as change per year), which is developed by Sen (Sen,

1968). The Sen’s slope estimator Q is calculated by:

Qi ==~ (5)
where j>k.
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If there are n values Xj in the time series, we get as many as N = n(n-
1)/2 slope estimates Qi. Sen's estimator of the slope is the median of
these N values of Qi. The N values of Qi are ranked from the smallest to

the largest and the Sen’s estimator is:

Q = Q n+1, if Nis odd.
=1
or (6)

Q—l( +Q
- 2 [ ] N+2

]

A 100(1-a)% two-sided confidence interval about the slope estimate is
obtained by the nonparametric technique based on the normal
distribution. The method is valid for n as small as 10 unless there are

many ties.

3.4.2.4 LAND SURFACE TEMPERATURE TREND ANALYSIS

The Land Surface Temperature (LST) trend analysis summary flowchart

is shown in Figure 3.4-4.
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Figure 3.4-4: Summary Flowchart Of The Land Surface Temperature Modelling.

The Land Surface Temperature (LST) is calculated for the year 2017
using the thermal band (band 10) and bands 6 and 5 of the Landsat
images, and for LST for years 1999 and 2006 only the thermal band
(band 6) is used. To obtain the LST map of 2017 from Landsat 8 image,
methods used in (Avdan and Jovanovska, 2016) are used. The first step
is to calculate the top of the atmosphere (TOA) spectral radiance with

the equation:
LA=M;*Qcq+ A, — O; (7)

Where M, represents the band-specific multiplicative rescaling factor,

Q... is the Band 10 image, A, is the band-specific additive rescaling
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factor, and 0, is the correction for Band 10. All these data are available

in the metadata of the image.

The second step is to convert the spectral radiance to At-sensor
temperature, using the thermal constants provided in the metadata. The

following equation is used to get the brightness temperature (BT).

BT = (s~ 273.15 (8)

Where K1 and K2 stand for the band-specific thermal conversion
constants obtained from the metadata. To convert the results from
Kelvin to Celsius, the absolute zero (-273.15°C) is added to the

equation.

The next step is to calculate Normal Difference Vegetation Index (NDVI)
for emissivity correction. To calculate NDVI, the visible and near-infrared
bands are used. The calculation of NDVI is essential since the amount
of vegetation present is an important factor, and NDVI is used to
calculate proportion of vegetation (B,). The following equation is used to

calculate NDVI.

NIR(band 5) — R(band 4)

NDVI = NIR(band 5) + R(band 4)

(9)

Where NIR represents the near-infrared band (Band 5) and R represents

the red band (Band 4).
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The next step is to calculate the proportion of vegetation (P,) using the

equation (10).

NDVI-NDVImin ) 2 (10)

P, = (
v NDVImax—NDVImin

Where NDVImin is the minimum value of NDVI obtained from equation

(9) and NDVImax is the maximum value of NDVI.

This is then followed by calculating the Land Surface Emissivity (LSE),
which is important in calculating LST, since the LSE is a proportionality
factor that scales blackbody radiance (Planck’s law) to predict emitted
radiance, and it is the efficiency of transmitting thermal energy across
the surface into the atmosphere. LSE is calculated using equation (11),

which is suggested by (Sobrino, Jiménez-Mufioz and Paolini, 2004).
€=0.004P, + 0.986 (11)
The final step is to calculate the LST or the emissivity corrected land

surface temperature T, using the equation (12).

T. = BT
S (1+[(ABT/p) In<]}

(12)

Where, T, is the LST in Celsius, BT is at-sensor BT (oC), A is the
wavelength of emitted radiance (for which the peak response and the
average of the limiting wavelength (2 =10.895) will be used), ¢ is the

emissivity calculated in equation (11), and
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p =hS =1.438 «10~2mK (13)

Where ¢ is the Boltzmann constant (1.38 x 10-23 J/K), h is Planck’s
constant (6.626 x 10—34 ] s), and c is the velocity of light (2.998 x 108

m/s).

For LST for years 1999 and 2006, obtained from Landsat 5, the steps
and equations from the Landsat hand book is used (Ihlen and Zanter,

2019).

For Landsat 5, band 6 which is the thermal band is used to obtain LST.
First the Digital Number (DN) is converted to spectral radiance (LA)

using the equation (14)

_ ( LMAX;—LMIN,
1=

QCALMAX—QCALMIN) * (QCAL - QCSLMIN) + LMINA (14)

Where, LA is the Spectral radiance at the sensor’s aperture in (Watts/
(m2 * sr * ym)), QCAL is band 6, LMINA is Spectral radiance scaled to
QCALMIN in (Watts/ (m2 * sr * ym)), LMAXA is the Spectral radiance
scaled to QCALMAX in (Watts/ (m2 * sr * um)), QCALMIN is Minimum
quantized calibrated pixel value (corresponding to LMINA) in DN and
QCALMAX is the Maximum quantized calibrated pixel value
(corresponding to LMAXA) in DN. All these values are found in the

metadata of Landsat 5.
The next step is to calculate LST, by using the equation (15).
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————273.15 (15)

Where, T is the Effective at-satellite temperature in Kelvin, K2 is the
Calibration constant 2, K1 is the Calibration constant 1 and LA is Spectral
radiance in (Watts/ (m2 * sr * uym)) which is calculated in equation (14).
The K1 and K2 constants are found in the metadata of Landsat 5. Finally,
the LST is converted from Kelvin to Celsius by adding the absolute zero

(-273.15°C) to the equation.

3.4.3 DEVELOPMENT OF SPATIO-TEMPORAL HYDROLOGICAL MODEL

3.4.3.1 SWAT MODEL DESCRIPTION

The summary of the SWAT model setup is presented in the Figure

3.4-5.
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Figure 3.4-5: Summary Flowchart Of The Hydrological Modelling Using SWAT Model.

The Soil and Water Assessment Tool (SWAT) (Arnold et al., 1993; Arnold

et al., 1998), is a long-term, continuous simulation watershed model.
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SWAT is a public domain model that is developed by the USDA
Agricultural Research Service (USDA-ARS) and Texas A&M AgrilLife
Research. Its main aim is to predict the impact of land management
practices on water, sediment and agricultural chemical yields with
reasonable accuracy in a large, complex, ungauged watersheds with
varying soil, land use and management conditions over long periods of
time (Neitsch et al., 2000a; Neitsch et al., 2000b). SWAT is a physically
based model that can run at various time steps including daily, monthly

and yearly (Gassman et al., 2007).

The major components used in the model include weather, hydrology,
soil properties, plant growth, pesticides, and land management (Arnold
et al., 2012). The model divides the watershed in to sub watersheds,
which are further divided into Hydrologic Response Units (HRUs) that
represent areas of homogeneous land use, management, topographical
and soil characteristics (Neitsch et al., 2011). The output from each HRU
is routed to the stream within the sub watershed, and the model does

not simulate the interaction among HRUs (Srinivasan et al., 2005).

Water balance is the moving force behind all the processes in SWAT, as
it affects plant growth and movement of sediments, nutrients,
pesticides, and pathogens. Watershed hydrology is divided into a land
phase and a water phase. The land phase deals with sediment and

nutrient loading in to the main channel in each sub basin, and the water
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phase (in-stream or routing phase) deals with movement of water and
sediment through the channel network of the sub basin to the outlet

(Arnold et al., 2012).

There are several hydrological components that SWAT is able to
manage, for example surface runoff, stream flow and subsurface flow,
evaporation from the soil, evapotranspiration from plant canopy and
aquifer recharge (Neitsch et al., 2000). SWAT uses the modified USDA-
SCS Curve Number (CN) method (USDA Soil Conservation Service,
1972) to estimate runoff volumes from daily rainfall, and uses Modified
Universal Soil Loss Equation to estimate sediment yield for each sub-

watershed or HRU (Williams, 1995).

3.4.3.2 MODEL SETUP

The study is conducted using SWAT 2012 with ArcSWAT 10.1.18
interface which is an extension of ArcGIS. The first step in the model
setup is watershed delineation, where the basin and sub-basin
boundaries plus stream networks are delineated using the DEM map.
This was then followed by adding reservoirs to the watershed, and in
the Klang River basin there are 2 reservoirs, the Batu dam, and the

Klang Gates dam.

To simulate the reservoir outflow, the targeted release method is used

since release data from the dams are not available. In this method, a
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target storage is set, and the water released from the reservoir is a
function of the target storage. This method is a simplistic method, and
does not consider all decision criteria, however it does follow the general
release rules used by reservoir operators and reasonably simulates

major outflows and low-flow periods (Memarian et al., 2014).

The HRUs are then defined based on unique land use, soil, and slope
combinations. The land use, soil and slope maps are overlaid together
creating the HRUs. The slope consisted of 3 classes 0-5%, 5-15%, and
15-9999%. This is then followed by defining the HRUs, default values
for land-use (20%), soil (10%) and slope (20%) as suggested by
(Winchell et al., 2007) to be adequate for most applications is used in
this study. Once the HRUs are created, the weather data is then
imported into the model and input tables are generated. The SWAT
weather generator within the model is used in filling missing weather

data.

The modified Soil Conservation Service Curve Number (SCS-CN)
method, which uses land use, soil, and the antecedent moisture
condition to estimate surface runoff from daily precipitation is used for
this study, the Green-Ampt method which estimates infiltration is
another method available in SWAT to determine surface runoff and

infiltration.
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As for channel routing, there are 2 options available in SWAT, the
variable storage method, and the Muskingum method. For this study the

Muskingum method is used.

The final step before calibration involves model simulation and reading
output files, which are then used for calibration. The model is simulated
on a daily time step from January 1999 to December 2018, with 4 years

of warm up from January 1995 to December 1998.

3.4.3.3 SENSITIVITY ANALYSIS

The process of calculating the rate of change in model output with
respect to changes to model inputs (parameters) is known as sensitivity
analysis (Arnold et al., 2012). SWAT uses many parameters, therefore
the first step in calibration is to determine the most sensitive parameters
that have the greatest impact on the output. In this study sensitivity
analysis is done by using the SWAT-CUP software (Abbaspour, 2012) an
ArcSWAT interface tool. Sensitivity analysis is important for 2 main
reasons, firstly the parameters in the model represent the processes in
the hydrological system, and sensitivity analysis provides information
on the most important processes in the study region. Secondly,
sensitivity analysis eliminates the parameters identified as not sensitive,

therefore reducing the number of parameters needed for calibration.
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There are 2 methods of sensitivity analysis in SWAT-CUP, the one-at-a-
time (OAT) or local sensitivity analysis, and all-at-a-time (AAT) or global
sensitivity analysis. In OAT method, all parameters are held constant
while changing one to determine its effect on model output, whereas
AAT all parameters are changing. In AAT parameter sensitivities are
determined by calculating a multiple regression system to get the
statistics of the parameter sensitivity. A t-test is then used to identify
the relative significance of a parameter, and t-stat and p-values are used
to rank each parameter according to its sensitivity. Parameters with p-
values of <0.05 and larger t-stat values are considered more sensitive

(Abbaspour et al., 2017).

3.4.3.4 CALIBRATION AND VALIDATION

Calibration is the process of reducing the prediction uncertainty to try
and get a more accurate output, by better parameterising the model to
a given set of local conditions. Calibration is achieved by comparing
model predictions (output) for a given set of assumed conditions with
observed data for the same conditions, and carefully selecting values for
model input parameters within their respective uncertainty ranges

(Arnold et al., 2012).

There are several calibration and validation methods available for SWAT,

within SWAT-CUP there is the algorithm SUFI-2 (Sequential Uncertainty
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Fitting), generalised likelihood uncertainty estimation (GLUE),
parameter solution (ParaSol), Markov chain Monte Carlo (MCMC), and
particle swarm optimisation (PSO) which can all be utilised in calibration
and validation of SWAT models (Abbaspour et al., 2004; Abbaspour et

al., 2007).

The SUFI-2 algorithm which is a built-in function of SWAT-CUP, that
takes into consideration all the sources of uncertainties such as
parameters, conceptual model, input, and driving variables, is a popular
method used in hydrological studies. The degree to which all
uncertainties are accounted for is quantified by a measure referred to
as the p-factor, which is the percentage of measured data bracketed by

the 95% prediction uncertainty (95PPU).

The 95PPU is calculated at the 2.5% and 97.5% levels of the cumulative
distribution of an output variable obtained through Latin Hypercube (LH)
sampling, disallowing 5% of very bad simulations. The r-factor on the
other hand is the ratio of the average width of the 95PPU band and the
standard deviation of the measured variable. Theoretically, the value of
the p-factor ranges between 0 and 100%, while that of r-factor ranges
between 0 and infinity. A p-factor of 1 and r-factor of zero is a simulation
that exactly corresponds to measured data. Generally, a value greater
than 0.7 for p-factor and a value less than 1.5 for r-factor is consider
acceptable for calibration and validation of discharge (Abbaspour et al.,
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2015). In this study the SUFI-2 method is used to calibrate and validate

the model, with observed data from Batu Sentul station.

Model Validation is the process where a given site-specific model can
show the ability to make sufficiently accurate simulations, although
sufficiently accurate can vary based on project goals (Moriasi et al.,
2012). In SWAT validation involves using the parameters that are
determined during calibration to run the model, then comparing the
simulated data with observed data that is not used in calibration. In this
study, observed stream flow data from the station, for the period of
1999 to 2002 is used for calibration and the period 2006 to 2008 is used

for validation.

3.4.3.4.1 OBJECTIVE FUNCTIONS

To evaluate the hydrological goodness of fit of a hydrological model,
objective functions are used. In SWAT-CUP there are several objective
functions that can be used in calibration and validation of the model.
Two of the most common objective functions used are the Nash-Sutcliffe
efficiency (NS) and the coefficient of determination (R2), which are used
for this study. The NS is a normalised statistic that determines the
relative magnitude of the residual variance (“noise”) compared to the
measured data variance (“information”) (Nash and Sutcliffe, 1970). NS

ranges between —oo and 1, where 1 being the optimal value. Generally,
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values between 0 and 1 are considered acceptable, with values greater
than 0.5 being satisfactory (Moriasi et al., 2007). NS is calculated with

following equation:

NS — 1 _ Z?=1(QO—QP)2

16
Yi=1(Qo—Qavg)* (16)

Where Qo and Qp are the observed and simulated data, respectively,
Qavg is the average of the observed data and n is the total humber of

data records.

The R2 describes the degree of collinearity or the proportion of variance
measured between simulated and measured data. R2 ranges from 0 -
1, with values greater than 0.5 considered acceptable (Santhi et al.,
2001; Van Liew et al., 2003). R2 is calculated with the following

equation.

_ X(vi-Yi)®

2
R*=1 N(Yi-¥)?

(17)

Yi denotes the value of the ith dependent variable, Y is the mean of the
dependent variable and Vi is the ith fitted value.

3.4.3.5 HYDROLOGICAL MODELLING FOR FUTURE SCENARIOS

After calibration and validation of the model and simulation of
hydrological processes for the years 1999, 2006 and 2017, the model is

used to simulate hydrological processes for future LULC and climate
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scenarios. All the input parameters are unchanged, except for land use
map, precipitation, and temperature data, where future data is used.
For land use map, the modelled land use map of 2030 is used, and for
weather data precipitation and temperature data from the GCMs for the
RCP4.5 and RCP8.5 scenarios for the TP1, TP2 and TP3 time periods is
used. First, simulation is carried out for LULC 2030 separately, then for
RCP4.5 and RCP8.5 scenarios separately, and finally simulation is carried

out for combined LULC 2030 and RCP scenarios.

3.4.4 SUMMARY OF METHODOLOGY

The summary of all the methods and the criteria for assessment of the

methods used in this research is presented in Table 3.4-3.

Table 3.4-3: Summary Of Methodology.

Methodology Summary Criteria for Testing
Land use and land e Llandsat satellite images for e Accuracy assessment
cover classification years 1999, 2006 and 2017 carried out.

used. e Error matrix method
e Maximum likelihood used.
algorithm supervised e Stratified random
classification used. sampling used, with
e Maps classified into 5 classes 150 random samples.
namely: Water, Natural e Ground truth data
Vegetation, Agriculture, Built- obtained from Google
up, Cleared land. Earth for reference
points.

e Producer accuracy
and user accuracy
criteria used for
accuracy assessment.

Land use and land e Integrated Decision Forest - e (Criteria for accuracy
cover change Markov Chain (DF-MC) model assessment used are,
modelling used. Area under the Curve

(AUC) of Total
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Spatio-temporal
trend analysis

Hydrological
modelling (SWAT)

Change analysis step is
carried out, which calculates
the changes between 2 land
use maps.

The transition potential
modelling is carried out,
where potential of land to
transition are identified, and
transition potential maps for
each transition is created.
Variables for LULC change
used are distance to roads,
distance to rivers, distance to
urban, DEM and slope.
Markov chain model with the
transition potential and rate
of changed used to model
future LULC map for year
2030, based on LULC maps of
2006 and 2017.
Mann-Kendall and Sen’s
slope statistics used.
Normality, autocorrelation,
outlier detection tests used.
4 indices for precipitation
(SDII, R95p, R10mm and
R30mm) and 2 indices for
temperature (TXx and TNx)
used.

Land Surface Temperature
(LST) calculated from thermal
band of satellite images for
years 1999, 2006 and 2017.
The SWAT model used for
the hydrological modelling of
the Klang River basin.

Operating
Characteristic (TOC)
and disagreement
parameters.

Accuracy of the model
is based on four
components of
disagreement namely,
hits, misses, false
alarms, and correct
rejections.

Criteria for data
preprocessing include
data must be normally
distributed, data must
not have
autocorrelation, must
detect, and remove
outliers, fill missing
data or if few missing
data ignore.

Sensitivity analysis
must be carried out to
determine most
sensitive parameters.
The p-factor and r-
factor are important
in model validation.
NS and R2 should also
be considered.
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CHAPTER 4: RESULTS AND DISCUSSION

4.1 ANALYSIS OF SPATIO-TEMPORAL TRENDS IN LAND-USE AND LAND COVER

4.1.1 LAND USE AND LAND COVER CLASSIFICATION

The spatio-temporal land use and land cover (LULC) classification maps
for the years 1999, 2006, and 2017 are presented in Figure 4.1-1.
There have been notable trends detected in LULC change within the
study area over the period 1999- 2017. Built-up land has seen a
significant increase by 147.5 km2 constituting to an 11.8% rise, while
water bodies have seen a slight expansion of 4.31 km2. in contrast
agricultural land decreased by 36.71 km?2 (2.9 %), natural vegetation

by 73.4 km2 (5.9%), and cleared land by 41.79 km2 (3.3%).

In terms of spatial trend, changes are primarily located in the lower
parts of the Klang River basin where substantial areas of cleared land
have been transformed into urban land. On the other hand, the upper
parts of the basin remain largely unchanged and are predominantly
covered by natural vegetation. Table 4.1-1 provides the breakdown of
changes in land area for each land use classification for the period 1999

-2017.
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Figure 4.1-1: Lulc Map Of Year 1999, 2006 And 2017.
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Table 4.1-1: LULC Area For Each Classification, For The Years 1999, 2006, And
2017.

Area Change
1999 2006 2017 1999-2017
Area Area Area Area Area Area Area Area
(km?) (%) (km?) (%)  (km?) (%) (km?) (%)
Water 19.38 1.6 22.27 1.8 23.69 1.9 4.31 0.3
Natural Vegetation 516.3 41.3 488.9 39.1 442.9 354 -734 59
Agriculture 98.46 7.9 79.53 6.4 61.75 49 -36.71 -2.9
Built Up 538.7 43.1 570 45.6 686.2 549 1475 11.8
Cleared Land 76.86 6.2 88.92 7.1 35.07 28 -41.79 -33

The overall accuracy of the LULC maps for the years 1999, 2006, and
2017 stands at 84%, 92.74%, and 88.67%, respectively. More details

of the accuracy assessment are provided in Table 4.1-2,

Table 4.1-2: The Producer's And User's Accuracy For The LULC Classification Maps
Of Years 1999,2006, And 2017, Showing The Accuracy Of The LULC Maps.

1999 2006 2017
Producers Users Producers Users Producers Users
Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
Water 50.00% 100.00% 100.00% 100.00% 50.00% 50.00%
Natural 97.14% 80.95% 98.18% 91.53% 96.49% 83.33%
Vegetation
Agriculture 70.00% 89.74% 88.64% 92.86% 86.27% 91.67%
Built-Up 82.61% 90.48% 85.00% 100.00% 84.85% 96.55%
Cleared 60.00% 60.00% 100.00% 80.00% 71.43% 100.00%
Land

However, for the 1999 and 2017 LULC maps, the class water exhibits
low producer and user accuracy, both at 50%. This can be attributed to
the limited number of random samples available for the class water
during the accuracy assessment, with only 2 random samples selected
for the class water in each year. In both cases, the model incorrectly

classified one sample point as another class, leading to the 50%
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producer and user accuracy scores, as further illustrated in the error

matrix in Table 4.1-3.

Table 4.1-3: Error Matrix For The LULC Maps Of 1999, 2006, And 2017, Showing
Accuracy Of The LULC Maps.

Error Matrix of
1999

Reference Data

Classified Data

Water
Natural
Vegetation
Agriculture
Built Up
Cleared Land

Column Total

Error Matrix of
2006
Classified Data

Water
Natural
Vegetation
Agriculture

Built Up
Cleared Land

Column Total

Error Matrix of
2017
Classified Data

Water
Natural
Vegetation
Agriculture
Built Up

Water

Water

27

27

Water

Natural Agriculture Built-Up Cleared Row
Vegetation Land Total
0 0 0 0 1
68 14 1 0 84
2 35 2 0 39
0 0 19 2 21
0 1 1 3 5
70 50 23 5 150

Reference Data

Natural Agriculture Built-Up Cleared Row
Vegetation Land Total

0 0 0 27

54 4 1 0 59

1 39 2 0 42

0 0 17 0 17

0 1 0 4 5

55 44 20 4 150

Reference Data

Natural  Agriculture  Built-Up  Cleared Row
Vegetation Land Total

0 1 0 0 2

55 6 3 1 66

2 44 2 48

0 0 28 1 29
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Cleared Land 0 0 0 0 5 5

Column Total 2 57 51 33 7 150

4.1.2 LAND USE AND LAND COVER CHANGE MODELLING

The simulated LULC map of 2030 is presented in Figure 4.1-2. The
projection of future changes shows several significant changes in LULC
between 2017 and 2030. Built-up land is estimated to increase by 120.6
km2 (9.7%), and agricultural land to marginally increase by 9.11 km?2
(0.7%). On the other hand, natural vegetation is projected to decrease
by 109.5 km2 (8.7%), and a marginal decrease in water bodies by 20.94
km2 (1.7%). A detailed summary of these changes is provided in Table

4.1-4.

The trends in the projected model between 2017 to 2030 shows
similarities to the trends in LULC change between 1999 and 2017. In
both the past and projected future model, Built-up land exhibits
increasing trend in both spatial and temporal context. Whereas, in both
cases natural vegetation and cleared land show decreasing trend. The
magnitude of change in both past and future projected models are
similar, showing continuous rate of change into the future with current

development conditions.
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Figure 4.1-2: The Simulated LULC Map For Year 2030.

Table 4.1-4: LULC Area And Changes Between Years 2017 And 2030.

2030 Change from
2017-2030
Area (km?) Area (%) Area(km?) Area (%)
Water 23.6 1.9 -0.09 0.0
Natural Vegetation 333.4 26.7 -109.5 -8.7
Agriculture 70.86 5.7 9.11 0.7
Built Up 806.8 64.6 120.6 9.7
Cleared Land 14.13 1.1 -20.94 -1.7

4.1.2.1 MODEL VALIDATION

The model validation is presented by the Area Under the Curve (AUC)
of the Total Operating Characteristic (TOC) as shown in Figure 4.1-3.

An AUC value of 0.84 for model validation was obtained.
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Figure 4.1-3: The Area Under The Curve Of The Total Operating Characteristic,

Showcasing The Validation Of The Model.

The cross-tabulation matrix in Figure 4.1-4 presents a breakdown of
hits, misses, false alarms, wrong hits, and correct rejections in the
model validation process. The overall components of agreement amount
to 71.1%, derived from the sum of Hits (3.1%) and Correct Rejections
(68%). In contrast, the components of disagreement total to 28.9%,
resulting from the sum of Misses (14.9%), False Alarms (9.4%), and
Wrong Hits (4.7%). This comprehensive assessment contributes to our

understanding of the model's performance and accuracy.
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Figure 4.1-4: The Quantity And Allocation Disagreement, Showcasing The Validation

Of The Simulated Map With The Reference Map.

4.1.3 DISCUSSION

Land use and land cover change modelling provides valuable information
on changing landscape dynamics and their potential impact on
hydrological processes. To understand the impacts of these change on
hydrological processes, it is important to first analyse and understand
the trends in LULC, and to showcase the magnitude of change both in
terms of spatial and temporal trend, then project future changes in
LULC. To accomplish this, the study utilised the maximum likelihood

algorithm under the supervised classification and the integrated
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Decision Forest — Markov Chain model methods, to classify and analyse
the spatio-temporal trends in LULC. The model used Landsat satellite
images for land use classification and input for the land use change

model.

An important step in LULC change modelling is to assess the goodness
of the model in use. The overall accuracy assessment of the LULC maps
as shown in Table 4.1-2, presents satisfactory outcome in land use
classification. Additionally, the Area Under the Curve (AUC) value of
0.84, and the higher total components of agreement (71.1%) over total
components of disagreement (28.9%) in the DT-MC model validation
affirm the reliability and suitability of the model for simulating future
land use scenarios. These validation results are in accordance with prior
research conducted by Samardzi¢-petrovic¢ et al. (2015), which obtained
similar AUC values (0.7 to 0.8). Therefore, highlighting the effectiveness

of the DT-MC model in modeling LULC changes.

The analysis of the spatio-temporal trends in LULC change, discovered
several significant trends. The observed LULC trend for the period 1997
to 2017 illustrates the magnitude of change in LULC, with an increase
of 147.5 km?2 (11.8%) in built-up areas, increasing at a rate of 7.76 km?2
(0.62%) per year was observed (Figure 4.1-5). This expansion is
primarily concentrated in the central part of the Klang River basin

highlighting the spatial trend. Although the average annual urban
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growth rate of 0.6% for Klang River basin is lower than the Malaysian
average annual urban growth rate of 1.5% for the period 2000 to 2010
(World Bank Group, 2015), this is still a significant increase in urban
land in the Klang River basin, considering around 43% of the basin was

already urbanised in the year 1999.

The increase in urban land is mostly attributed to the urban sprawl of
the densely populated federal territory of Kuala Lumpur (KL) and its
surrounding urban areas. This urban sprawl phenomenon aligns with the
findings of previous studies (Rosni et al., 2016; and Almdhun et al.,
2018), underscoring the growth of KL and its consequential impact on

the wider basin landscape.

The LULC change beyond 2017 and up to 2030, illustrates continuous
increasing trend in built-up land, with an estimated increase of 120.6
km?2 (9.7%). The spatial trend shows that urban expansion will primarily
encroach within urban green spaces and the remaining forests located
in the middle and lower regions of the basin. This is attributed to the
proximity to existing urban areas and road networks, with the lower-
lying and accessible terrains in these areas being especially attractive
for urban development. On the other hand, natural vegetation and
forests in the upper basin are expected to remain largely unaffected,

due to lack of accessibility and steeper slopes.
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This is supported by the findings in the study by Othman et al., (2009)
that examined land use and land cover changes in the Langat-Dengkil
sub-catchment within the Klang-Langat catchment from 1990 to 2001,
with a forecast for 2020. During this period, there was a significant
decrease of 9.5% (4,303 ha) in forested land and a 17.3% (11,598 ha)
reduction in agricultural land, while urban land expanded substantially
by almost six times (18,860 ha), primarily at the expense of agriculture
and forests in the Langat-Dengkil sub-catchment. In the wider Klang-
Langat catchment, deforestation encompassed 36,351 ha, including

12,244 ha of Permanent Forest Reserve.

The analysis identified key factors contributing to deforestation:
proximity to major access points within 1000m, proximity to towns
within 2000m, lower altitudes below 100m, and gentle slopes less than
5°. The study's projections for 2020 indicated that if the Permanent
Forest Reserve is strictly protected, deforestation could be reduced to
22,340 ha or 22%. However, without such protection, deforestation is
expected to be much more extensive, covering 50,851 ha or 50% of the
area. This illustrates the vulnerability of urban green spaces and
protected forests to LULC change, which is important in control and

reduction of surface runoff and risk of flooding.

Unfortunately, urban expansion into these Forest Reserves is already
taking place. For example, the large forest area at Bukit Jelutong in the
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southern part of Klang River basin is experiencing urban encroachment
as of 2022, as shown in Figure 4.1-6. Similarly, the northern part of
Selangor is estimated to undergo urban expansion by about 33% from
2015 to 2033 with distance to road and distance to build up areas, being
the major variables in the urban expansion (Camara et al., 2020).

Further highlighting the role of accessibility in driving land use changes.

The increase of transportation networks is a major factor in the
expansion of urban areas in Malaysia. For example, in George Town,
Northern Malaysia, it is estimated by 2030 urban land to expand from
925.77 km?2 to 1253.95 km?2, with the North-South highway and the
second bridge between Georg Town and Penang island playing a major
role in this expansion (Samat et al., 2020). This illustrates that
availability of road network and accessibility increases the speed and

magnitude of LULC change and urban expansion.
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Figure 4.1-5: The Increase Of Built-Up Areas For The Period 1999 To 2030.
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Figure 4.1-6: Urban Expansion Into Forest Areas In Bukit Jelutong (Image Obtained

From Google Earth, In Year 2022).

The decrease in natural vegetation and agricultural land for the period
1999 to 2017 by 73.4 km2 (5.9%) and 36.71 km2 (2.9%) respectively,
and increase in built-up areas, resulted in increase in imperviousness of
the land surface and therefore reducing infiltration capacity of land, as
shown by previous studies, hence increasing surface runoff, river

discharge and risk of flooding.

The regions most affected by the decreasing trend in natural vegetation,
agricultural land and cleared land are the Southern and Western parts

of the basin. The future projections, estimates a continuous decrease in
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natural vegetation and cleared land until 2030, at a yearly rate of 7.82
km2 (0.62%) and 1.5 km2 (0.12%) respectively, with agricultural land

projected to increase slightly.

As the population and the economy of Selangor continues to grow, and
with the aim of reaching the goals of Malaysia Shared Prosperity Vision
2030 and Selangor Structural Plan 2030, demand for urban and
agricultural land increases, hence more of the protected areas and urban
green spaces will be used to meet these demands. This is evident in
past cases where the government de-gazette forest reserves for urban

expansion.

For example, 106.65 ha of the Ampang forest reserve was de-gazette in
2014 to construct an expressway, and in 2016 around 30 ha of Sungai
Puteh North and South Forest Reserves were de-gazette for a highway,
and 28.3 ha of Bukit Lagong Forest Reserve was de-gazette for a
housing project. In a more recent case, the government has proposed
to de-gazette 985 ha (97%) of the Kuala Langat North Forest Reserve

for urban development (Ravindran and Rajendra, 2020).

If the rapid increase in urbanisation and uncontrolled urban expansion
is allowed to continue, it will have a negative impact on the basin. The
Klang River basin and in particular KL experience regular flooding

events, and this is largely attributed to urban development (Bhuiyan et
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al., 2018). The combined impact of the uncontrolled urban expansion
and changing precipitation can have devastating effect on the
hydrological processes in the Klang River basin, that is already

experiencing regular flooding events.

4.2 ANALYSIS OF SPATIO-TEMPORAL TRENDS IN PRECIPITATION,

TEMPERATURE AND RIVER DISCHARGE

4.2.1 PRECIPITATION TRENDS

4.2.1.1 ANNUAL TREND

The interpolated mean annual precipitation map of the Klang River basin
is presented in Figure 4.2-1, while the annual precipitation trend map
of the 10 stations is presented in Figure 4.2-2. The mean annual
precipitation analysis exhibits a distinct pattern across the Klang River
basin. The central regions of the basin experienced higher mean annual
precipitation, ranging from 3010mm to 3368mm, in contrast the
Southern regions of the basin recorded the lowest mean annual
precipitation, varying between 2024mm and 2388mm. This
demonstrates that there is spatial variability in precipitation distribution

in the Klang River basin.

The annual precipitation trend map highlights an overall increasing trend
in precipitation, with only one station displaying a decreasing trend. A

significant trend in precipitation was noticeable at stations located in the
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central part of the Klang River basin. The mean annual precipitation
amounts for the period 1999 to 2017 for the 5 stations located in the
central part of the basin as shown in Figure 4.2-3, illustrates a gradual
increase in precipitation over this period. Notably, the year 2006 stands
out as the year with the highest annual precipitation amount for 3 out

of the 5 stations.

Spatial variability is present in mean annual precipitation for the period
1999 to 2017, as the 5 stations in the basin exhibit higher precipitation
amounts compared to the 5 stations located outside the basin. Station
48648 had the highest mean annual precipitation at 3369 mm, whereas
station 2616135 located outside the basin had the lowest mean annual

precipitation at 1708 mm.
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Figure 4.2-1: Average Annual Precipitation In Klang River Basin.
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Level Taken At 0.01 And 0.05).
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Figure 4.2-3: The Graph Of Average Annual Precipitation For Stations Located

Within Built Up Areas.

The significance level and rate of change in annual precipitation trend is
shown in Table 4.2-1. Among the 10 stations negative trend was
detected at only station 2616135, while only half of the stations had
significant trend. The rate of change, which is represented by the Sen’s
slope, was found to be highest at station 3116006, with a rate of 28.46
mm/year. The results of the Sen’s slope indicate that rate of change is
higher at the stations located in the central region of the Klang River

basin.
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Table 4.2-1: Trends For Annual Precipitation.

Stations Annual Precipitation
Test Z Sen’s Slope
2616135 -1.02 -3.94
3014084 2.50* 15.76
3113087 1.56 9.67
3115079 3.16** 21.61
3114085 0.26 0.82
3115053 0.33 2.53
48648 2.06* 26.27
48647 1.56 15.41
3117070 2.01%* 11.68
3116006 3.43** 28.46

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

Shifting the focus to the annual trends of key precipitation indices,
namely SDII, R10mm, R30mm, and R95p (Table 4.2-2), it is evident
that there is spatial and temporal variability in trends among the indices.
While some stations show decreasing trends in SDII, the stations located
in the central part of the Klang River basin consistently display positive
trends across all four indices. Many of these trends are statistically
significant, emphasising the dynamic nature of precipitation patterns in

this region.
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Table 4.2-2: Annual Trend For SDII, R10mm, R30mm, And R95p.

Stations SDII R10mm R30mm R95p
TestZ Sen’s TestZ Sen’s TestZ Sen’s TestZ Sen’s
Slope Slope Slope Slope

2616135 -2.28* -0.14 -1.32 -0.11 -148 -0.11 -043 -1.35
3014084 -3.25** -0.14 1.64 0.29 0.87 0.08 1.92+ 6.43
3113087 0.3 0.01 0.54 0.09 1.77+ 0.15 2.10* 6.82
3115079 4.84** 0.12 3.19** 055 4.33** 0.37 2.75** 9.87
3114085 -4.01** -0.19 -2.44* -0.44 -0.91 -0.06 0.46 1.51

3115053 -0.01 0 -0.33 -0.08 0.2 0 0.51 1.69
48648 2.41* 0.12  2.90**  0.65 1.94+ 0.38 1.36 7.54
48647 0.92 0.07 1.15 0.25 1.15 0.25 1.07 8.1

3117070 1.32 0.04 2.11* 0.27 2.10* 0.17 1.75+ 8.87
3116006  2.55* 0.08 3.81** 0.8 2.55* 0.28 3.01** 16.53
** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if

trend at a = 0.1 level of significance, if the cell is blank, the significance level is greater than

0.1.

On the other hand, the Sen's slope estimator for the R95p index, shows
notably high rate of increase for stations within urban areas of the Klang
River basin. Station 3116006 exhibits the highest rate of change at
16.53 mm per year for R95p compared to other stations. Whereas, for
SDII stations with decreasing significant trends exhibited higher rate of
change. The station 3114085 located in the Southern part of the basin

recorded the highest rate of change at -0.19 mm/day per year.

The Sen's slope for R10mm and R30mm, at stations 48648 and
3115079, both situated in urban areas, demonstrates the highest rates
of change. Station 48648 has the highest rate of change at 0.65 days
per year for R1I0mm and 0.38 days per year for R30mm. This illustrates

that there is higher frequency of heavy and moderate precipitation over
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urban areas, whereas the intensity of heavy precipitation is highest over
urban areas, but intensity of moderate to low precipitation is low and
decreasing over certain areas in the South, West and Eastern part of the

basin.

4.2.1.2 SEASONAL TREND

The analysis of the average monthly precipitation presented in
Appendix D, provides crucial insights into the seasonal variability of
precipitation across our study area. The highest average precipitation
was observed in the month of November across all the stations, which
correspond to the North-East Monsoon. The urban stations situated
within the Klang River basin exhibit notably higher average precipitation
in November compared to stations located outside the basin. Among
these urban stations, station 48648 registers the highest November
precipitation at 416 mm. On the other hand, the month of June,
corresponding to the South-West Monsoon (SWM) season, emerges as
the driest month for most of the stations, with an average precipitation

amount of merely 139 mm.

» SIMPLE DAY INTENSITY INDEX (SDII)

The analysis of the SDII trend shows spatial variability, with a mixture
of increasing and decreasing trend detected among the stations, as

highlighted in Figure 4.2-4. With 6 out of 10 stations, the SWM has the
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most stations with significant trend, as shown in Table 4.2-3. Overall,
the 5 urban stations showcase an increasing trend, except for station
3117070 during IntM1. Meanwhile, stations located outside the basin
boundaries consistently display a decreasing trend. This highlights the
spatial and seasonal variability in moderate to low precipitation intensity,

which echoes the annual patterns.

The Sen's slope estimator reveals that the rate of change in SDII is
most pronounced during SWM and IntM2, with station 48648 registering
the highest rate at 0.29 mm/day per year. Among all the stations, the
stations 3014084 and 3114085 show consistent significant negative
trend, with an average seasonal rate of change at -0.14 mm/day per

year and -0.2 mm/day per year respectively.
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Figure 4.2-4: The SDII Seasonal Trend Map For NWM, SWM, Intm1 And Intm2.

Table 4.2-3: Seasonal Trend For SDII.

Stations

2616135
3014084
3113087
3115079
3114085
3115053
48648

48647

3117070
3116006

NEM SWM IntM1 IntM2

TestZ Sen’s TestZ Sen’s TestZ Sen’s TestZ Sen’s
Slope Slope Slope Slope

-1.70+ -0.1  -2.48* -0.16 -1.07 -0.09 -2.56* -0.26
-2.53*  -0.12 -2.32* -0.13 -2.13* -0.13 -2.33* -0.19
-0.03 -0.01 0.82 0.04 0.13 0.03 0.76 0.06
4.03** 0.15 3.25*%* 0.11 0.51 0.02 1.38 0.08
-4.10**  -0.21 -2.85** -0.19 -2.14* -0.22 -2.33* -0.18
0.57 0.04 -1 -0.05 -059 -0.05 -0.51 -0.04
0.67 0.05 1.61 0.11 1.07 0.09 0.92 0.29
0.92 0.07 1.76+ 0.1 0.22 0.04 0.97 0.15
1.14 0.04 2.20* 0.06 -0.41 -0.03 1.35 0.08
1.32 0.05 3.01** 0.11 0.7 0.07 3.53** 0.23

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if

trend at a = 0.1 level of significance, if the cell is blank, the significance level is greater than

0.1.
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» R10mm

The analysis of R10mm, which quantifies the frequency of days with
precipitation exceeding 10 mm, shows a mix of increasing and
decreasing trends (Figure 4.2-5). Notably, significant trends are only
detected during the NEM season, and only for urban stations within our
study area (Table 4.2-4). Examining Sen's slope, we find that the
highest rate of change in R10mm occurs during the NEM season, with
stations 3116006 and 3115079 in urban areas registering the most
substantial increases at 0.4 and 0.38 days per year, respectively. Among
all the stations only station 3114085 exhibits negative trend for all the
seasons. The overall positive trend in R10mm indicates an increase in
frequency of occurrence of moderate rainfall events, especially in the

NEM period.
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Figure 4.2-5: The R10mm Seasonal Trend Map For NWM, SWM, Intm1, And Intm2.

Table 4.2-4: Seasonal Trend For R10mm.

Stations

2616135
3014084
3113087
3115079
3114085
3115053
48648

48647

3117070
3116006

NEM SWM IntM1 IntM2

TestZ Sen’s TestZ Sen’s TestZ Sen’s TestZ Sen’s
Slope Slope Slope Slope
0.51 0.04 -1.65+ -01 -136 -0.03 -099 -0.03
1.76+ 0.23 1.21 0.08 1 0.03 1.56 0.05

-0.09 0 0.19 0 0.96 0 -0.16 0
3.61** 0.38 1.34 0.1 0.58 0 0.87 0.04
-1.70+ -0.17 -1.16 -0.09 -1.02 -0.04 -1.46 -0.06
0.8 0.11 -1.37 -0.11 -1.06 -0.04 -0.66 -0.01
1.47 0.26 1.27 0.29 1.23 0.09 0.8 0.06

1.15 0.25 0.52 0.09 -1.24 -0.09 0.1 0

2.15*  0.19 0.64 0.06 0.71 0 0.7 0
3.33** 0.4 1.41 0.17 1.58 0.07 1.29 0.06

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.
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» R30mm

Similarly, the analysis of R30mm, which characterises the frequency of
extreme rainfall events, reveals an overall increase in trends (Figure
4.2-6). However, statistically significant trends are primarily confined to
the urban stations 3117070, 3116006, and 3115079 during the NEM
season and station 3115079 during the SWM season, with no significant

decreasing trends observed (Table 4.2-5).

Sen's slope analysis underscores the prominence of change during the
NEM and SWM periods, with stations 3116006 and 3115079 again
exhibiting the highest rate of change at 0.15 and 0.25 days per year,
respectively. On the other hand, the rate of change for the IntM1 and
IntM2 were very low and at many stations the rate of change is O,
indicating no increase in number of extreme rainfall events for most of

the locations.
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Figure 4.2-6: The R30mm Seasonal Trend Maps For NEM, SWM, Intm1 And Intm2.

Table 4.2-5: Seasonal Trend For R30mm.

Stations

2616135
3014084
3113087
3115079
3114085
3115053
48648

48647

3117070
3116006

NEM SWM IntM1 IntM2
TestZ Sen’s TestZ Sen’s Test Z Sen’s TestZ Sen’s
Slope Slope Slope Slope
-1.09 -0.03 -0.84 -0.04 -0.82 0 -0.99 -0.03
0.81 0.04 0.96 0.04 0.64 0 -0.16 0
1.63 0.08 1.28 0.06 0.91 0 0.8 0
4.04** 0.25 2.66** 0.11 0.31 0 0.83 0
-1.82+ -0.07 -0.59 0 0.13 0 0.38 0
1.58 0.11 -0.79 -0.03 0.06 0 -0.83 0
0.95 0.12 1 0.12 0.26 0 1.16 0.07
0.6 0.07 0.52 0.09 0.64 0 0.08 0
2.20* 0.11 1.33 0.04 0.58 0 0.3 0
2.30* 0.15 1.88+ 0.09 1.04 0 0.73 0

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.
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> R95p

Lastly, the study examined R95p, a metric that reflects the intensity of
heavy precipitation events. A consistent increase in trends is observed
during NEM, except for station 2616135 (Figure 4.2-7). Whereas,
during SWM period station 2616135 did not show any trend. The inter-
monsoon periods generally exhibited increasing trend, apart from
stations 2616135, 3014084, 3114085, and 3115053. However,
statistically significant trends are observed only at stations 3117070,
3116006, and 3115079 (Table 4.2-6), highlighting the importance of

extreme precipitation on urban areas within the Klang River basin.

Sen's slope calculations reveal that the highest rate of change in R95p
is observed at Station 48648, located in the central part of the basin,
with an increase of 7.87 mm per year during the SWM season. Overall,
the highest rate of change in extreme precipitation intensity was
detected at the 5 urban stations particularly during NEM and SWM.
Indicating an increase in intensity of extreme precipitation events over

urban areas.
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Figure 4.2-7: The R95p Seasonal Trend Maps For NEM, SWM, Intm1 And Intm2.

Table 4.2-6: Seasonal Trend For R95p.

Stations

2616135
3014084
3113087
3115079
3114085
3115053
48648

48647

3117070
3116006

NEM SWM IntM1 IntM2
Test Z Sen’s TestZ  Sen's Test Z Sen’s TestZ Sen’s
Slope Slope Slope Slope
-0.97 -1.11 0 0 1.54 0.46 -0.83 -1.17
1.84+ 3.35 1.37 2.28 -0.14 -0.05 -0.13 -0.05
1.44 2,57 1.19 2.08 0.72 1 0.7 0.23
2.92%* 6.18 1.63 2.98 0.63 0.12 0.36 0.07
1.36 1.52 0.1 0 -0.05 -0.03 0.16 0.12
1.21 2.45 -0.38 -0.42 -0.42 -0.18 -0.55 -0.19
1.22 5.54 1.22 7.87 0.15 0 0.3 0
0.02 0.97 1.94+ 6.37 0.55 0.1 1.6 1.42
1.33 3.24  2.03%* 4.41 0.01 0 1.1 0.6
1.67+ 439 3.00** 7.74 0.24 0 1.96* 1.54
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4.2.2 TEMPERATURE TRENDS

The annual mean, maximum, and minimum 2-meter air temperatures,
depicted in Figure 4.2-8, convey a comprehensive overview of the
temperature regime. The annual average temperature ranges from
24.8°C to 28°C, while the average annual minimum temperature spans
from 21.4°C to 25.7°C, and the average annual maximum temperature
ranges between 28.2°C to 32.4°C. Notably, the highest annual mean
and minimum temperatures are situated downstream of the Klang River,
predominantly in the southern region of our study area. On the other
hand, the lowest temperatures are observed upstream, in the Northern
segment of the basin. The highest annual maximum temperatures are
primarily concentrated in the central part of the basin, corresponding to

the urban areas.
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Figure 4.2-8: The Average Annual ERA5 Temperature For The Period 1979-2018.

The annual temperature trends, as presented in Table 4.2-7, unveils a
pattern of statistically significant increasing trends across all grid points
throughout the entire study period, including both the monsoon and
inter-monsoon seasons. Only two grids in IntM1 and IntM2 periods
exhibit non-significant trends. Interestingly, no decreasing trends in
mean temperature were observed in any of the periods analysed. The
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Sen's slope estimator further underscores the magnitude of these
changes, with most grid points registering an annual increase of 0.03°C

per year.

Table 4.2-7: The Annual And Seasonal Mean Temperature Trend.

Grids Annual NEM SWM IntM1 IntM2
TestZ Q TestZ Q TestZ Q TestZ Q TestZ Q
Grid1l 4.72** 0.03 3.67** 0.02 5.46** 0.04 4% 0.03 4.16** 0.03
Grid 2 5¥* 0.03 3.93** 0.03 5.77** 0.03 4.46** 0.03 5.23** 0.04
Grid3 2.06* 0.01 2.23* 0.01 2.09* 0.01 0.59 0 1.5 0.01
Grid4 5.49** 0.03 5.07** 0.03 5.12** 0.03 4.67** 0.03 4.04** 0.03
Grid5 6.21** 0.03 4.97** 0.03 6.77** 0.04 G** 0.03 5.60** 0.03
Grid6é 2.57* 0.01 2.92** 0.01 241* 0.01 043 0 2.32*% 0.01
Grid7 3.90** 0.03 3.60** 0.03 3.70** 0.03 2.53* 0.02 3.37** 0.03
** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

» TXx TREND

The analysis of the TXx trend, representing the warmest days (Table
4.2-8), shows a primarily increasing trend across the majority of the
study area's grids, spanning both annual and seasonal periods. The
exception is noted in grids 1 and 2, located upstream in the Northern
region of the basin, where a decreasing trend is observed. Notably,
significant trends are predominantly detected during IntM2, with grid 3
being the sole exception, showing insignificance. No significant trend
emerges during the NEM season across the entire study area. The rate

of change in TXx closely parallels that of mean temperature, with the
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most rapid increase observed during the SWM period at grid 1, reaching

0.04°C per year.

Table 4.2-8: The Annual And Seasonal Txx Trend.

Grids

Grid1
Grid 2
Grid 3
Grid 4
Grid 5
Grid 6
Grid 7

Annual NEM SWM IntM1 IntM2

TestZ Q Testz Q Test Z Q Test Z Q Testz Q
0.5 0.01 -0.69 -0.01 2.39*% 0.04 136 0.02 2.18* 0.02
0.15 0 -0.09 0 1.36 0.02 2.52* 0.03 3.09** 0.03
1.04 0 0.71 0.01 0.24 0 0.8 0 1.85+ 0.01
2.34* 0.03 0.29 0.01 2.34* 0.03 2.27* 0.02 3.11** 0.03

0.9 0.01 0.34 0.01 3.18** 0.03 2.85** (0.03 3.95** 0.03

0.6 0 1.29 0.01 0.29 0 0.8 0.01 2.18* 0.01
1.64 0.02 0.01 0 0.92 0.01 0.57 0.01 2.3* 0.03

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

» TNx TREND

Similarly, the analysis of the TNx trend, which quantifies the warmest

nights (Table 4.2-9), reveals a pattern of significant positive trends

across most grids during all analysed periods. These trends are often

significant at a 0.01 level of significance. The rate of change, as

determined by the Sen's slope, mirrors both the mean temperature and

the TXx trend, with the highest rate of change reaching 0.05°C per year.

This collective evidence underscores the consistent warming of night

time temperatures within the study area.

Table 4.2-9: The Annual And Seasonal Tnx Trend.

Grids

Grid1
Grid 2

Annual NEM SWM IntM1 IntM2
TestZ Q TestZ Q TestZ Q TestZ Q TestZ Q
5.37** 0.04 3.11** 0.03 5.58** 0.05 5.25** 0.04 5.39** 0.04
5.21** 0.04 3.69** 0.03 6.05** 0.05 4.84** 0.04 5.65** 0.04
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Grid 3 2.53* 0.01 1.69+ 0.01 2.32* 0.01 1.5 0.01 2.6** 0.02
Grid 4 5.7*% 0.05 4.74** 0.04 5.79** 0.05 5.14** 0.03 5.21** 0.04
Grid 5 5.91** 0.04 4.7** 0.04 6** 0.04 5.04** 0.04 5.35** 0.04
Grid 6 2.2% 0.01 1.74+ 0.01 2.02* 0.01 0.87 0.01 2.04* 0.02
Grid 7 4.53** 0.04 3.83** 0.03 4.19** 0.03 3.76** 0.03 4.36** 0.04

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

4.2.2.1 LAND SURFACE TEMPERATURE

The evaluation of land surface temperature dynamics over three distinct
years (1999, 2006, and 2017) offers a valuable perspective on long-
term trends (Figure 4.2-9). The observations reveal a clear increase in
temperature and a corresponding upward shift in temperature range
over the 18-year period, as previously noted by Azari et al., (2020).
Specifically, temperatures ranged from 9.5°C to 31.2°C in 1999, 8.5°C
to 35.7°C in 2006, and 12.1°C to 41.3°C in 2017. The most elevated
temperatures are concentrated in urbanised regions in the Southern and
central regions of the basin, while the lowest temperatures prevail in the

natural vegetation dominated Northern areas.

Importantly, this analysis indicates a substantial increase in both
minimum and maximum temperatures over the 18-year period, with
maximum temperatures experiencing a significant rise of 10.1°C and
minimum temperatures increasing by 2.6°C. This robust evidence

underscores the direct influence of urbanisation on surface
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temperatures, resulting in elevated and intensified thermal conditions

within the Klang River basin.
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Figure 4.2-9: Land Surface Temperature For Year 1999, 2006 And 2017.
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4.2.3 TRENDS IN FUTURE SCENARIOS

4.2.3.1 PRECIPITATION TREND

Table 4.2-10 illustrates the annual precipitation trends over the entire
future period (2006-2099) and three distinct time periods: TP1 (2006-
2039), TP2 (2040-2069), and TP3 (2070-2099) for the four different
RCP scenarios. Across the entire period, all RCP scenarios exhibit
positive trends, though RCP2.5 was not statistically significant.
Projections suggest that annual precipitation will increase by 0.2%
under RCP2.6, 3% under RCP4.5, 1.4% under RCP6, and 5.6% under
RCP8.5 compared to baseline values. RCP8.5 exhibits the highest rate
of change at 4.41 mm/year according to Sen's slope Q estimator, with
RCP4.5 and RCP6 following at 2.48 mm/year and 1.84 mm/year,

respectively.

For the TP1 period, all scenarios display positive trends, with only
RCP4.5 exhibiting significance. On the other hand, TP2 and TP3 periods
show no significant trends, and RCP6 even presents negative trends.
The highest rate of change was detected for RCP4.5 during TP1 period,

at rate of change of 6.05 mm/year.
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Table 4.2-10: Annual Precipitation Trend For Future Climate Scenarios For The

Period 2006-2099.

RCP 2006-2099 TP1 (2006-2039) TP2 (2040-2069) TP3 (2070-2099)
Scenarios TestZ Q TestZ Q TestZ Q TestZ Q
RCP 2.6 0.84 0.55 1.22 3.74 0.82 3.45 0.11 0.35
RCP 4.5 3.66** 2.48 2.28%* 6.05 1.75+ 6.83 -0.04 -0.33
RCP 6 2.94%** 1.84 0.56 1.62 -1.07 -4.67 -0.75 -2.65
RCP 8.5 5.45** 4.41 0.33 1.29 1.5 5.09 0.79 3.92

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

Monthly Precipitation Trends for the 4 RCP Scenarios for the entire future

period (2006-2099) are presented in Table 4.2-11. Most trends are

positive, with RCP2.6 and RCP6 having some negative trends, although

a significant negative trend was detected in the month of April under

RCP8.5 scenario. RCP8.5 shows significant positive trends in 8 out of 12

months. Notably, May, June, and November display positive significant

trends for RCP4.5, RCP6, and RCP8.5. The month of April records the

highest rate of change for RCP8.5 at 0.72 mm/year.

Table 4.2-11: Monthly Precipitation Trend For Future Climate Scenarios For The

Period 2006-2099.

Month

Period 2006-2099

RCP 2.6
TestZ
January 0.56

February 1.27
March 0.78
April 0.35
May 0.42
June -0.91
July 0.88
August -1.08

September -1.03

Q
0.11

0.20
0.17
0.06
0.05
-0.05
0.06
-0.10
-0.11

RCP 4.5 RCP 6 RCP 8.5

TestZ Q Test Z Q Test Z Q
0.29 0.04 -0.76 -0.11 0.6 0.12
1.38 0.25 0.67 0.11 0.56 0.11
-0.32 -0.07 -0.25 -0.06 1.08 0.23
2.68%* 0.50 -0.32 -0.07  3.90** 0.72

3.33%* 0.40 4.74%* 0.63 5.00** 0.68
2.35% 0.15 3.08** 0.22 4.32%* 0.39

1.63 0.09 1.98* 0.16 2.82%** 0.28
0.35 0.03 1.83+ 0.18 4.19** 0.44
2.66** 0.24 1.27 0.14 3.25%** 0.41
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October 1.44 0.14 1.65+ 0.21 2.22%* 0.29 3.21** 0.45
November -0.66 -0.10 2.49* 0.35 2.63** 0.42 2.34%* 0.36
December 0.48 0.07 1.84+ 0.25 0.46 0.06 1.42 0.25

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

The analysis of precipitation intensity indicators, SDII and R95p are
presented in Table 4.2-12 and Table 4.2-13, respectively. Across the
entire future time frame from 2006 to 2099, both SDII and R95p exhibit
noteworthy positive trends for the RCP4.5, RCP6, and RCP8.5 scenarios.
However, it's worth noting that the most optimistic scenario, RCP2.6,

does not display a significant trend in either indicator.

Examining the different time periods, a mix of upward and downward
trends is observed. Of particular significance, the RCP4.5 scenario
during period TP1 demonstrates a substantial upward trend for both
SDII and R95p. However, negative trends become apparent in some
scenarios. For instance, during TP3, SDII exhibits negative trends for
RCP2.6, RCP4.5, and RCP6. In TP2, RCP6 also demonstrates a negative

trend for SDII.

It's important to highlight that the rate of change for SDII remains
minimal across the entire time span, registering at 0.01mm/day per
year for RCP4.5, RCP6, and RCP8.5. On the other hand, R95p shows its
highest rate of change for a significant trend in the RCP8.5 scenario,

with a substantial increase of 2.63 mm per year.
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Table 4.2-12: SDII Trend For Future Climate Scenarios.

RCP SDIl
Scenarios 2006-2099 TP1 (2006- TP2 (2040-2069) TP3 (2070-2099)
2039)
TestZ Q TestZ Q TestZ Q TestZ Q
RCP 2.6 0.76 0.00 1.33 0.01 0.64 0.01 -0.18 0.00
RCP 4.5 3.64** 0.01 2.19* 0.02 1.71+ 0.02 -0.36 0.00
RCP 6 3.12%* 0.01 0.65 0.00 -0.79 -0.01 -0.79 -0.01

RCP 8.5 5.59** 0.01 0.44 0.00 1.78+ 0.02 0.89 0.01
** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

Table 4.2-13: R95p Trend For Future Climate Scenarios.

RCP R95p

Scenarios 2006-2099 TP1 (2006-2039) TP2 (2040-2069) TP3 (2070-2099)
Test Z Q Test Z Q Test Z Q Test Z Q

RCP 2.6 1.31 0.60 1.16 2.44 1.14 3.23 0.29 0.56

RCP 4.5 3.60** 1.98 2.19* 5.29 0.89 1.99 0.75 2.47

RCP 6 2.23* 1.07 -0.65 -1.21 -0.25 -1.08 -0.82 -2.15

RCP 8.5 4.80%** 2.63 -0.47 -0.99 1.64 5.70 1.5 6.06

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

4.2.3.2 TEMPERATURE TREND

Figure 4.2-10 presents the mean annual temperature projections for
the period 2006-2099 under different RCP scenarios. All scenarios
predict an increase in mean annual temperatures, with RCP8.5 showing
the most substantial increase at 2.3°C compared to historical values.
Average maximum temperatures are expected to decrease by 2.6°C for
RCP2.6, 1.9°C for RCP4.5, and 1.6°C for RCP6 but increase by 0.5°C for

RCP8.5.
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In contrast, average minimum temperatures are projected to increase

for all RCPs by approximately 4.7°C. Table 4.2-14 outlines the changes

in mean, maximum, and minimum temperatures relative to historical

data for all time periods and RCP scenarios. Under RCP8.5, mean,

maximum, and minimum temperatures are anticipated to increase by

3.8°C, 0.5°C, and 7.4°C, respectively, during the TP3 period.
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Figure 4.2-10: Mean Annual Temperature For Klang River Basin (2006-2099), Under

Different RCP Scenarios.

Table 4.2-14: Change In Mean, Maximum, And Minimum Temperatures Under
Different RCP Scenarios For All Time Periods Relative To Historical Data.

RCP TP1 (2006-2039) TP2 (2040-2069) TP3 (2070-2099)
Scenarios Change (°C) Change (°C) Change (°C)
Mean Max Min Mean Max Min Mean Max Min
RCP2.6 0.9 -2.9 4.7 1.2 -28 53 13 -26 53
RCP4.5 0.9 -2.9 4.6 1.6 24 56 2.0 -19 6.1
RCP6 0.9 -3.0 4.8 1.6 21 54 2.4 -1.6 6.2
RCP8.5 1.0 -2.5 4.7 2.2 -1.3 58 3.8 05 74
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** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

Annual average temperature trends for the period 2006-2099 and the
three time periods are presented in Table 4.2-15. All RCP scenarios
show significant increasing trends for the entire period, with RCP8.5

displaying the highest rate of change at 0.05°C per year.

Table 4.2-15: Average Annual Temperature Trend For Future Climate Scenarios For
The Period 2006-2099.

RCP 2006-2099 TP1(2006-2039) TP2(2040-2069) TP3 (2070-2099)
Scenarios  Test Z Q Testz Q Test Z Q Test Z Q
RCP 2.6 7.71**  0.01 5.43** 0.02 2.28* 0.01 1.46 0.01
RCP 4.5 11.61** 0.02 5.46** 0.02  3.18** 0.01 1.68+ 0.01
RCP 6 12.29** 0.02 4.89*%* 0.02 4.71** 0.02 5.00** 0.02
RCP 8.5 13.31** 0.05 6.02** 0.03 6.96** 0.05 6.57** 0.05
** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

The trends in annual maximum and minimum temperatures, spanning
the entire period from 2006 to 2099 and encompassing all climate
scenarios, is presented in Table 4.2-16 and Table 4.2-17. The analysis
shows a significant increasing trend in both maximum and minimum
temperatures for all scenarios. Notably, the RCP8.5 scenario exhibits the
most pronounced rate of change, with temperatures rising by 0.05°C for
both maximum and minimum temperatures. However, for specific time
periods, this shows variations detected in these trends. During TP2,

there is a nonsignificant decreasing trend in maximum temperatures for
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the RCP4.5 scenario. Additionally, during TP3, a significant decreasing

trend in minimum temperatures is observed for the RCP2.6 scenario.

Table 4.2-16: Annual Maximum Temperature Trend For Future Climate Scenarios
For The Period 2006-2099.

RCP 2006-2099 TP1(2006-2039) TP2 (2040-2069) TP3 (2070-2099)
Scenarios  TestZ Q TestZ Q Test Z Q Test Z Q
RCP 2.6 6.91** 0.01 3.59** 0.02 2.50* 0.015 1.93+ 0.02
RCP 4.5 9.89*%* 0.02 3.50*%* 0.02 -0.14 -0.001 1.75+ 0.01
RCP 6 10.62** 0.02 3.44** 0.02 2.43* 0.020 2.07* 0.01
RCP 8.5 12.44*%* (0.05 4.48** 0.03 6.49** 0.054 5.50** 0.05
** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

Table 4.2-17: Annual Minimum Temperature Trend For Future Climate Scenarios For
The Period 2006-2099.

RCP 2006-2099 2006-2039 2040-2069 2070-2099
Scenarios  Test Z Q TestZ Q TestZz Q TestZ Q
RCP 2.6 6.20%* 0.01 6.20** 0.02 0.89 0.00 -2.32* -0.01
RCP 4.5 12.14** 0.02 6.64** 0.03 5.74** 0.02 1.46 0.00
RCP 6 12.86** 0.03 5.63** 0.02 5.92** 0.03 5.74** 0.03
RCP 8.5 13.69** 0.05 7.12** 0.03 7.00** 0.05 6.85** 0.05
** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

4.2.4 RIVER DISCHARGE TRENDS

The average annual and monthly river discharge data for Batu Sentul
station (3116434) and Jambatan Sulaiman station (3116430) are
represented in Figure 4.2-11. Notably, November stands out as the
month with the highest discharge rates at both stations, measuring 9.6
m3/s for Batu Sentul and 29 m3/s for Jambatan Sulaiman. This spike in
discharge aligns with the period of high precipitation observed during

the Northeast Monsoon (NEM) in November.
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Figure 4.2-11: Average Annual And Monthly River Discharge At Stations Sungai

Batu And Jambatan Sulaiman.

The analysis of the trends in annual and monthly discharge are
presented in Table 4.2-18. The analysis reveals a consistent and
statistically significant increasing annual trend in discharge for both
stations. However, when assessing monthly trends, Batu Sentul station

does not exhibit any statistically significant trends, while Jambatan
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Sulaiman station demonstrates significant increases in discharge for 7
out of the 12 months. Notably, Jambatan Sulaiman station also boasts
a higher annual rate of change, registering at 0.35 m3/s, compared to
Batu Sentul station's 0.08 m3/s. When it comes to monthly rates of
change, August emerges as the month with the most substantial

increase, measuring 0.53 m3/s at Jambatan Sulaiman station.

Table 4.2-18: Annual And Monthly River Discharge Trends For Stations 3116430
And 3116434.

Date Batu Sentul Jambatan Sulaiman
TestZ Q TestZ Q
January 0.93 0.04 3.16** 0.4
February 1.18 0.05 1.92+ 0.25
March 1.70+ 0.09 2.40%* 0.29
April 0.94 0.05 2.19* 0.3
May 0.98 0.07 1.90+ 0.34
June 0 0 2.82** 0.35
July 1.78+ 0.07 3.41%* 0.34
August 1.61 0.07 3.63** 0.53
September 1.05 0.05 2.55% 0.33
October 1.34 0.07 1.3 0.23
November 1.21 0.09 1.32 0.17
December 0.62 0.04 1.74+ 0.3
Annual 2.09* 0.08 3.16** 0.35

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

4.2.5 DISCUSSION

In addition to LULC change, another important factor that impacts
hydrological processes is climate parameters, in particular precipitation.
Therefore, it is curial to detect and understand the trends in hydro-

meteorological parameters to comprehend the impacts of climate
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change and LULC changes on hydrological processes. This section delves
into the analysis of spatio-temporal trends in precipitation, temperature,
and river discharge within the Klang River basin and addresses the
question of what is the intensity and frequency of trends observed in

these hydro-meteorological parameters.

In this study intensity in precipitation was presented by SDII and R95p
indices and frequency was represented by R10mm and R30mm indices.
Temperature trends were analysed using TXx and TNx indices, which
represent warmest days and warmest nights, in addition to mean,
maximum and minimum temperatures, as well as surface temperatures.
The TXx and TNx reveal the extremeness of temperature patterns.
Analysis of trend under future scenarios was based on data collected
from global climate models for the period 2006 to 2099, under 4
Representative Concentration Pathway (RCP) scenarios, including
RCP2.6, RCP4.5, RCP6, and RCP8.5, to account for various greenhouse

gas emission trajectories and their potential impacts on the climate.

Precipitation data for 10 stations for a period of 40 years obtained from
the Department of Irrigation and Drainage was utilised. However, for
temperature due to lack of observed station data, the ERA 5 reanalysis
data was utilised, plus thermal band of Landsat satellite images for
surface temperatures. For discharge data for stations Batu Sentul and

Jambatan Suliman was utilised. The ERA 5 data was assessed and
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validated against 2 available data sets of observed station data spanning

the period 1995 to 2018.

The validation demonstrated good correlation between the observed and
ERA 5 dataset, and multiple studies have shown that ERA 5 can be a
good substitute for observed station data, when there is lack of data, as
it gives better representation of observed data and has less bias in
temperature, precipitation and humidity data compared to other sources
of data (Betts et al., 2019; Graham et al., 2019; Mahto and Mishra,

2019; Li, 2020).

Delving into the analysis of the precipitation trends, a pattern of upward
trajectory over the Klang River basin is observed, with urban areas
experiencing the most substantial increases. The intensity and
frequency of precipitation mirrors these trends, with notable changes in
central areas over urban land and declining trends in the upper forested

land and lower parts of the basin.

The precipitation results obtained in this study for Klang River basin are
comparable with results obtained for the neighboring Langat River basin
by Amirabadizadeh et al., (2015), where increasing trend in annual
precipitation was detected over urban areas, similarly the NEM showed

increasing trend over urban areas for the period 1971 to 2011. This
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illustrates that these changes in precipitation in the Klang River basin

can be significantly influenced by change in climate at regional level.

The quantitative analysis of the precipitation trend illustrates that, with
an average precipitation range of 2583 mm to 3368 mm urban areas in
the Klang River basin experience the highest amount of precipitation. Of
the five weather stations situated within these urban areas, four
stations; namely 48648, 3117070, 3116006, and 3115079 have
recorded an increase in precipitation during the period spanning from
1999 to 2017, with percentage increases of 0.4%, 2.2%, 0.7%, and

4.9%, respectively.

All four stations also exhibit statistically significant upward trends in
annual precipitation, with station 3116006 displaying the most notable
rate of change at 28.46 mm per year. Meanwhile, the average annual
precipitation in both the upper and lower parts of the basin fall within
the range of 2024 mm to 2583 mm. This highlights the spatial variability
in precipitation, and that urban areas on average receive more rainfall
than other areas in Klang River basin. This also highlights the
assumption that increasing trend in precipitation has significant impact
on hydrological processes in the Klang River basin, which shall be further

analysed in Section 4.3.
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The other important aspects of precipitation change are intensity and
frequency, where more intense rainfall can culminate in more intense
flooding and more frequent extreme precipitation can culminate in more
frequent flooding events. Across the Klang River basin, the annual SDII,
R10mm, R30mm, and R95p indices yield similar results to the observed
precipitation amounts. Central parts of the basin experience increasing
trends, while the upper and lower segments show decreasing trends.
Positive trends are detected for all indices at stations 3116006 and
3115079, whereas negative trends are observed at stations 2616135,
3014084, and 3114085, all of which are located just outside the
boundaries of the Klang River basin. Illustrating more intense and

frequent extreme rainfall events occurring over urban areas.

Seasonality plays an important part in precipitation trends, particularly
in Southeast Asia which experiences monsoon seasons. The seasonal
trend in the Klang River basin exhibited a similar spatial pattern to
annual trend, as illustrated by the trend maps in Section 4.2.1.2.
Notably, a consistent increasing trend in the five weather stations
situated within the urban areas of the basin was detected. Of particular
significance is the SDII, which provides a measure of precipitation
intensity, with station 48648 exhibiting the highest rate of change at

0.29 mm/day.
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Significant increase in precipitation intensity and frequency is mostly
detected during the NEM period, and the average monthly precipitation
is highest in the month of November for all the stations. This indicates
that NEM is the major contributing factor to the annual precipitation.
This is similar to results found by Palizdan et al., (2014) that showed
increasing trend for precipitation during NEM season in the Langat River

basin.

As past studies have shown, temperatures can influence precipitation.
Increase in temperatures leads to increase in evapotranspiration, which
results in higher air moisture, hence it can lead to urban induced
precipitation. As demonstrated by Ooi et al., (2017), increase in urban
heat intensity of 0.9°C during the day and a more sever increase of 1.9°C
during the night in the Greater Kuala Lumpur, accelerated the moisture
bearing sea breeze during the day and with the simultaneous vertical
lifting created an environment for convective precipitation on the upwind

of the region.

The patterns of temperature trends observed for the Klang River basin
are similar to precipitation patterns, with land surface temperatures
exhibiting higher values and intensity over urban areas. On the other
hand, uptrends in mean temperature, TXx, and TNx observed across the
basin align with broader global warming patterns, that have an

increasing rate 0.08°C per decade since 1880 as report by NOAA,
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(2020), with the maximum temperatures detected over urban areas.
However, it is important to note that this temperature is 2m air
temperature which represents ambient temperature and differs from
surface temperature where during the day the ground temperature is
higher than air temperature and at night when the ground releases heat
to the atmosphere, the ground temperature is lower than air

temperature.

The higher surface temperature can lead to higher evaporation and
hence lead to induced precipitation, this point is further highlighted in
the study by Li et al., (2020) that observed increase in precipitation
intensity by 35% over the period 1981 to 2011 due to UHI effect, which
created a more unstable atmosphere, increased vertical uplift and

moisture convergence .

In the Klang River basin, the increase in urban land in the period 1999
to 2017 resulted in an increase in maximum LST of about 10.1°C and
minimum LST of about 2.6°C, over urban areas, creating the urban heat
island effect over KL and conditions suitable for urban induced
precipitation. This is in agreement with Harun et al., (2020), that
analysed the various factors that affect UHI in KL, and the results show
that land cover is the main factor in increasing of temperatures

compared to other factors like wind speed and humidity. The results
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show that urban green spaces and water can reduce UHI by 6°C - 3°C

compared to pure urban mid-rise building areas.

Similarly Yatim et al., (2019) showcased increases in the annual daily
mean temperature, daily mean maximum temperature, and daily mean
minimum temperature in the Klang Valley by 0.07°C/year, 0.07°C/year
and 0.08°C/year, respectively and that the annual TNx trend increased
more than TXx at a rate of 0.11°C/year, which is similar to values found

in this study.

To address the assumption that changes in LULC and precipitation in the
Klang River basin have impact on hydrological processes, it's important
to analyse the trend in these processes. Trend in river discharge was
analysed to better understand the magnitude of the impacts from LULC
and precipitation changes. The trend in river discharge at Batu Sentul
and Jambatan Sulaiman stations mirrors that of precipitation and
temperature trend, with an overall increasing trend detected at both
stations with an annual rate of change of 0.08 m3/s and 0.35 m3/s

respectively.

However, significant trend was only detected at station Jambatan
Sulaiman, with 7 out of 12 months having significance, and the month
of August having the highest rate of change at 0.53 m3/s. On the other

hand, in the study by Kabiri et al., (2015) on the assessment of climate
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change impact on runoff and discharge in Klang River basin, observed
river discharge at station Jambatan Sulaiman for the period 1975 to
2001, showed peak discharge in April and November, and lowest
discharge in February and August. The reason for higher discharge in
August in this study compared to the study by Kabiri et al., (2015) can
be due to the increase in urban land and changes in precipitation after
the year 2001. This highlights the effects of LULC change and

precipitation changes on river discharge and hydrological processes.

The trend analysis of future precipitation and temperature under
different climate change scenarios, can give better insight into the
impacts of climate change in the future and help in better preparation
and management of water resource for possible future conditions. Trend
in future precipitation in Klang River basin illustrates by the end of the
century, average annual precipitation will increase by 0.2%, 3%, 1.4%
and 5.6% under RCP2.6, RCP4.5, RCP6 and RCP8.5 scenarios
respectively, relative to the baseline precipitation. With RCP8.5 scenario

having the highest intensity of change at a rate of 4.41 mm/year.
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4.3 QUANTITATIVE ANALYSIS OF SPATIO-TEMPORAL HYDROLOGICAL

MODELLING

4.3.1 SWAT MODEL PARAMETER SENSITIVITY ANALYSIS

The sensitivity analysis of model parameters identified eight parameters
to be the most sensitive and influential in shaping the model's
performance, as detailed in Table 4.3-1. The parameters include
CH_K1 which affects the movement of water within the tributary
channels, CH_K2 and CH_N2 which affect the movement of water within
the main channel, SOL_AWC which affects the availability of water in
the soil, SOL_K which affects the movement of water within the soil
layer, ESCO which affects soil evaporation rate, SURLAG which affects
the timing and movement of surface runoff and CN2 which affects the
amount of surface runoff. Notably, CH_K1, CH_K2, and CH_N2 emerge
as the most sensitive parameters, each demonstrating substantial
statistical significance. These eight parameters are chosen for model

calibration as they are the most sensitive parameters.

Table 4.3-1: Sensitivity Ranking Of Parameters Used In Simulation Of Water
Discharge.

Ranking Parameter Description t-Stat P-Value
1 CH K1 Effective hydraulic conductivity in tributary -37.2764 3.2E-114
channel alluvium (mm/h)

2 CH K2 Effective hydraulic conductivity in main -44,9951 2.6E-176
channel alluvium (mm/h)

3 CH N2 Manning’s n value for the main channel 10.79926 1.55E-24
4 SOL AWC Soil available water capacity (mm H20/mm -1.59938 0.11038

soil)
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5 SOL K
6 ESCO
7 SURLAG
8 CN2

Soil saturated hydraulic conductivity (mm/h)

Soil evaporation compensation factor
Surface runoff lag time (days)

1.542174
0.52675
-0.37643

Initial SCS runoff curve number for moisture

condition Il

-0.19705

0.123675
0.598605
0.706758
0.843873

4.3.2 SWAT MODEL CALIBRATION AND VALIDATION

The model

is calibrated for streamflow by calibrating the eight

parameters identified during the sensitivity analysis. The parameter

ranges used to calibrate the model is selected based on literature review

and similar studies in Malaysia. The description and range of the

parameters is p

Table 4.3-2: SWAT Model Parameters Used To Calibrate Streamfilow.

resented in Table 4.3-2.

Parameter Description Initial range Calibrated
used in value
calibration

r_CN2.mgt SCS runoff curve number -0.2t00.2 0.015

v_ESCO.bsn Soil evaporation compensation factor Oto1l 0.167

v_CH_K1.sub Effective hydraulic conductivity in 0 to 300 0.166
tributary channel alluvium (mm/hr)

v_CH_K2.rte Effective hydraulic conductivity in -0.01 to 500 1.748
main channel alluvium (mm/hr)

r_SOL_AWC.sol Available water capacity of the soil Oto1l 0.095
layer (mm H20/mm soil)

v_SOL_K.sol Saturated hydraulic  conductivity 0 to 300 124.5
(mm/hr)

v__CH_N2.rte Manning's "n" value for the main 0to 0.3 0.027
channel

v__SURLAG.bsn  Surface runoff lag time (days) 4to 24 14.58

The p-factor, r-factor, R2 and NS values that show the performance of

the calibration and validation are presented in Table 4.3-3. While

calibration attains a p-factor of 0.67 and an r-factor of 0.9, the R2 and
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NS values reveal room for improvement, standing at 0.33. During
validation, the p-factor registers 0.7, and the r-factor 1.69, albeit with
R2 at 0.31 and NS at 0.19. It is noteworthy that the model effectively
captures base flow but occasionally underestimates peak flows, as
observed in the 95PPU graphs for both calibration (Figure 4.3-1) and

validation (Figure 4.3-2).

Table 4.3-3: The Calibration And Validation Fitting Metrices.

Calibration (Daily) Validation (Daily)
1999-2002 2006-2008
p-factor 0.67 0.7
r-factor 0.9 1.69
R2 0.33 0.31
NS 0.33 0.19

SWAT Model Calibration

L I S T 3 ™ e O S o O T T e Y e 0 T O T e T 0 T~ o O o 3 T e Y e S T T T O
s Mo MM~WO—A OO OS OmOENMM N W AW o w0 m 0 oy
L B B ot A oV O T o B o o W W T W Y= Ve T o S« =« = T = e e IS TG B S A S U O
LB B i |

Days

B O5PPU  emmmmobserved —essmBest Sim

Figure 4.3-1: SWAT Model Calibration 95PPU.
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SWAT Model Validation

30

Flow (m?/s)

B O5PPU  emmmmpbserved —essmBest Sim

Figure 4.3-2: SWAT Model Validation 95PPU.

4.3.3 IMPACTS OF LAND USE AND LAND COVER AND PRECIPITATION
CHANGES ON SURFACE RUNOFF

Analysing the simulated surface runoff illustrates the intricate interplay
of land use and land cover (LULC) and precipitation changes on
hydrological dynamics of the Klang River basin. In 1999, the basin
averaged 1327.3mm of surface runoff with a range of 437.5mm -
2479.1mm, and notable variations across subbasins, prominently
affecting the middle and lower parts of the basin (Figure 4.3-3). By
2006, the basin average increased to 1640.6mm, with a range of

619.1mm - 3099.3mm, predominantly driven by urban land cover in
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the middle part. In 2017, surface runoff ranged from 536.5mm to
2754.5mm, with a basin average of 1550.8mm, once again highlighting
the most affected areas being the urbanised regions in the middle and

lower parts of the basin.
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LULC 1999

Runoff (mm)

[ 1437.5-759.4
[71759.4 -1137.9
I 1137.9 - 1456.2
N 1456.2 - 2021.5
Il 2021.5 - 2479.1

Legend

LULC 2006

Runoff (mm)

[ 1619-761.2
[1761.2-1012.2
N 1012.2 -1557.5
I 1557.5 - 2228.9
I 2228.9 - 3099.3

Legend
LULC 2017

Runoff (mm)

[ 1536.5-681.3
[771681.3-1105.2
N 1105.2 - 1487
I 1487 -1966.5
Il 1966.5 - 2754.5
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20

30

Kilometers
O —

40

Figure 4.3-3: Surface Runoff For The Land-Use And Land Cover Maps Of 1999, 2006

And 2017.
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4.3.3.1 IMPACTS UNDER FUTURE SCENARIOS

Three future LULC and climate change scenarios were considered in the
analysis of future runoff. The first scenario with only LULC changing for
the year 2030 and climate remaining the same, illustrates an increase
in surface runoff by 71.8mm relative to 2017 values, although the basin
average dips slightly compared to the 2006 LULC due to higher
precipitation amounts in 2006. The simulated surface runoff ranged
between 536.6mm to 2754.5mm, with the highest simulated runoff

observed in the middle region of the basin as presented in Figure 4.3-4.
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Legend

LULC 2030
Runoff (mm)

| | 536.6-6813
| |681.3-13915
P 1391.5-1684.5

B 1684.5 - 2263.1 Kilometers
N N ——
I 2263.1-2754.5 0 5 10 20 30 40

Figure 4.3-4: Simulated Surface Runoff For LULC 2030 Scenatrio.

Under the second scenario where LULC is unchanged and only climate
variables, precipitation and temperature are changed under RCP8.5 and

RCP4.5, surface runoff decreased compared to when only LULC is
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changed. For the RCP4.5 scenario simulated runoff ranged between
196.5mm to 1053.3mm, with an average basin value of 771.9mm, with
the highest runoff occurring in the central regions of the basin. Under
the RCP8.5 scenario the simulated surface runoff exhibited a slightly
higher range between 239.3mm and 1090.2mm and a slightly higher
basin average of 757mm. However, compared to RCP4.5 scenario, most
of the subbasins with high runoff are located at the lower regions of the
basin, with a few in the middle part of the basin as shown in Figure

4.3-5.

N

Legend

RCP4.5 Scenario RCP8.5 Scenario

Runoff (mm) Runoff (mm)

[1196.5-199.5 [ 1239.3-241.8

[771199.5-6334 [[771241.8 -564.5

N 633.4 -802.9 N 564.5 -751.9

I 802.9 -918.8 I 751.9 -940.8

N 918.8 - 1053.3 I 940.8 -1090.2
Kilometers

0 10 20 40 60 80

Figure 4.3-5: Simulated Surface Runoff For Climate Change Scenarios RCP4.5 And

RCP8.5.
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In the third scenario, both LULC and climate change are considered,
under two conditions, one where LULC 2030 and climate scenario
RCP8.5 is considered and one where LULC 2030 with climate scenario
RCP4.5 is considered. The simulated surface runoff under both
conditions illustrates a higher range of runoff compared to the scenario
when only climate change was considered, but lower range compared to
the scenario when LULC was considered. The range of runoff for
combined LULC 2030 and RCP4.5 scenario is between 196.5mm to
1053.3mm with a basin average of 860.7mm, and the range of runoff
for the combined LULC 2030 and RCP8.5 scenario is between 237.9mm
to 1088.2mm, with a basin average of 832.7mm as shown in Figure
4.3-6. In both cases the subbasins experiencing the highest runoff are
located mostly in the middle region of the basin, some parts of the lower

basin and some parts on the east of the basin.
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Legend Legend
LULC 2030 & RCP4.5 Scenario LULC 2030 & RCP8.5 Scenario
Runoff (mm) Runoff (mm)
[ 1196.5-459.1 [ 1237.9-240.7
[771459.1-7371 [[771240.7 -692.8
N 737.1 -874.1 N 692.8 -901.9
I 874.1 -987.5 I 901.9 -1023.2
N 987.5 -1053.3 I 1023.2 - 1088.2
Kilometers
0 10 20 40 60 80

Figure 4.3-6: Simulated Surface Runoff For Combined LULC 2030 And RCP4.5

Scenario, And LULC 2030 And RCP8.5 Scenatrio.

4.3.4 IMPACTS OF LAND USE AND LAND COVER AND PRECIPITATION
CHANGES ON RIVER DISCHARGE UNDER FUTURE SCENARIOS

River discharge was simulated under both LULC and climate change
scenarios at Batu Sentul station. Examining the simulated river
discharge across different time periods underscores noteworthy trends.
Singnificant increasing trend was detected under the RCP4.5 scenario
and the combined LULC 2030 and RCP4.5 scenario, with a rate of

increase of 0.04 m3/s per year during TP1 and TP2 periods. However,
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significant trend was not detected for other scenarios as shown in Table

4.3-4.

On the other hand, the average annual river discharge illustrates higher
discharges for all scenarios during the period (TP3) from 2070 to 2099,
compared to TP1 and TP2, with TP1 having the lowest discharges as
shown in Table 4.3-5. However, all the discharges for all these
scenarios are lower that the scenario when only LULC was changed,

which exhibited an average annual discharge of 11.5m3/s.

Table 4.3-4: Trend For Simulated River Discharge For Future LULC And Climate
Change Scenarios.

Scenarios TP1 TP2 TP3
(2010-2039) (2040-2069) (2070-2099)
Test Z Q Test Z Q Test Z Q
RCP4.5 2.21%* 0.04 1.82+ 0.04 0.05 0.00
RCP8.5 0 0.00 1.48 0.03 0.87 0.03

LULC 2030 and 2.21%* 0.04 1.96%* 0.04 -0.07 0.00
RCP4.5
LULC 2030 and 0 0.00 1.48 0.03 0.89 0.02
RCP8.5

** if trend at a = 0.01 level of significance, * if trend at a = 0.05 level of significance, + if trend

at a = 0.1 level of significance, if the cell is blank, the significance level is greater than 0.1.

Table 4.3-5: Simulated Average Annual River Discharge For Future LULC And
Climate Chane Scenarios At Sg. Batu Sentul Station.

Scenarios Average Annual River Discharge (m3/s)

TP1 (2010-2039) TP2 (2040-2069) TP3 (2070-2099)
RCP4.5 9.29 9.73 9.89
RCP8.5 9.35 9.97 10.44
LULC2030 RCP4.5 9.29 9.73 9.88
LULC2030 RCP8.5 9.35 9.97 10.44
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4.3.5 DISCUSSION

The SWAT model has been instrumental in simulating surface runoff and
river discharge for both historical and future LULC and climate change
scenarios. The sensitivity analysis of the hydrological parameters
revealed the eight most sensitive parameters in model calibration.
Among these, CH_K1, CH_K2, and CH_N1 stood out as the most
sensitive parameters. CH_K1 and CH_K2 play a pivotal role in
determining the hydraulic conductivity of the main channel and
tributaries, thereby influencing the movement of water between the

channels and groundwater.

Meanwhile, CH_N1 represents Manning's roughness coefficient for the
main channel, affecting water flow characteristics within the channel.
The calibration value of 0.027 for CH_N1, reflects the relative uniform
and straight nature of the channels, which is common in urbanised
watersheds characterised by artificial channels and river channelisation
(Chow, 1959). This highlights the impact of urbanisation and land use
change on the morphology of the basin, which ultimately affects river

discharge.

Model calibration achieved a p-factor of 0.67 and an r-factor of 0.9,
indicating a reasonable fit of the model to the observed hydrological

processes. It is important to note that the model occasionally
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underestimated peak flows, possibly due to a lack of operational and
release data for upstream structures like the Batu dam and Batu
retention pond, which affect the flow patterns at the observed station.
During the model validation, the p-factor improved to 0.7, while the r-
factor increased to 1.69, suggesting a more robust performance in
capturing the hydrological dynamics. Despite these slight
underestimations in peak flows, we can conclude that the model has

been effectively calibrated and validated for the study area.

The model is used to analyse the complex interactions between LULC
changes and climate variations and their impact on surface runoff and
river discharge within the Klang River basin. Surface runoff was initially
simulated for the years 1999, 2006, and 2017 to assess the influence of
LULC modifications. It was observed that, as urban land cover increased,
surface runoff also exhibited a corresponding increase. In particular, the
year 2006 recorded the highest average basin runoff, primarily

attributed to higher annual precipitation levels during that period.

This in agreement with the study by Saadatkhah and Kassim, (2017),
that analysed the impacts of land use change on flood events in the Hulu
Kelang River basin, which covers the Northen and Northeastern parts of
the Klang River basin. The study observed that urban and agricultural
land contributed to around 50% of runoff volume in 1994 and that this

number increased to more than 60% in 2013 as the area of urban and
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agricultural land increased, whereas natural forests and secondary

forests contributed to only 20% and 15% in 1994 and 2013 respectively.

In a similar study in Kelantan River basin, the agricultural and developed
land areas during the period 1988 to 2013, were observed to have
resulted in enhanced flood volumes compared to other land use classes
(Asmat et al., 2016). This illustrates significant impact of LULC change
on surface runoff, where the change from forest to urban and
agricultural land increases imperviousness and reduces canopy cover,
hence less water is trapped by the canopy and less water is infiltrated

by the surface.

Subsequent simulations considering future scenarios with three distinct
combinations: changes in LULC only, changes in climate variables only
(under RCP4.5 and RCP8.5), and the combined effect of LULC and
climate scenarios was carried out. The results illustrated that LULC
changes have a significant impact on future surface runoff. Specifically,
under the combined influence of LULC changes and climate scenarios,
surface runoff levels surpassed those resulting from climate changes
alone. This indicates that LULC change is expected to have a higher

impact on future hydrological processes than climate change.

In terms of spatial variability, the middle region of the basin, which is

predominantly urbanised, consistently experienced the highest surface

Page | 204



runoff throughout the study period. However, under future climate
scenarios, some parts of the lower basin began to exhibit increased
surface runoff, potentially reflecting shifts in precipitation patterns and

the interplay with urban development.

On the other hand, the analysis of river discharge under various future
scenarios at the Batu Sentul station revealed the most significant
increase in river discharge was observed under the RCP4.5 scenario and
the combined LULC 2030 and RCP4.5 scenario during TP1 and TP2
periods. However, these significant trends were not detected in other
scenarios. The average annual river discharge for TP3 (2070-2099) was
consistently higher across all scenarios, compared to TP1 and TP2,
similar to the results presented by Kabiri et la., (2015), where mean
annual discharge for the 2080s under A2 scenario increased by 3.4%

within the Klang River basin.

However, it's important to indicate that Kabiri et al., (2015) did not
consider the potential impact of LULC change in their study, and this
study illustrates the importance of LULC change where it showcases
changes in LULC have a substantial impact, resulting in higher average
annual discharge compared to scenarios where only climate variables
were altered. As illustrated under the LULC 2030 scenario with current
climate conditions, where the average annual river discharge at Batu

Sentul was projected to be 11.15 m3/s, significantly higher than the
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discharge under RCP4.5 and the combined LULC 2030 and RCP4.5
scenarios during TP1, which registered average annual discharges of

9.29 m3/s.

Overall, the outcome of the study illustrates the significant correlation
with LULC and climate change with changes in hydrological processes.
And the pivotal role both LULC change and the changes in precipitation
play in influencing hydrological processes. Although LULC change has a
more significant impact on hydrological processes, it is important to

consider both LULC and climate change in planning and policy making

decisions.

4.4 SUMMARY OF RESULTS AND DISCUSSION

The summary of all the results and discussion is presented in Table

4.4-1.

Table 4.4-1: Summary Of Results And Discussion.

Objective

Results

Discussion

To analyse
spatio-
temporal
trends in land-
use and land
cover.

Increase in Built-up by 147.5
km? (11.8%) and decrease in
agricultural by 36.71 km? (2.9
%), and natural vegetation by
73.4 km? (5.9%) from 1999 -
2017.

Projected increase in built-up
land by 120.6 km? (9.7%),
decrease in agricultural by
9.11 km? (0.7%) and natural
vegetation by 109.5 km?
(8.7%) from 2017 to 2030.

High magnitude of urban
expansion in the period 1999
to 2017 at the expense of
natural vegetation.
Urbanisation increased at a
rate of 0.6% per year in the
period 1999 to 2017.

It is expected urban land use
to continue to expand until
2030 with expansion taking
place in protected forest
reserves and urban green
spaces.
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To analyse
spatio-
temporal
trends in
Precipitation,
and
temperature.

To develop an
integrated
spatio-
temporal
hydrological
model, with
land use and
climate
models.

Mean annual precipitation
highest in urban areas ranging
from 3010mm to 3368mm.
Significant trend in mean
annual precipitation detected.
Increasing trend in
precipitation intensity and
frequency observed over
urban areas.

Seasonal trend is similar to
annual trend.

Increasing trend also detected
for land surface temperature
(LST) over urban areas.
Maximum LST increased by
10.1°C and minimum
temperatures increasing by
2.6°Cin the period 1999 to
2017.

Increasing trend in
precipitation and temperature
predicted under future
scenarios.

Significant increasing trend in
river discharged was detected
most at station Jambatan
Sulaiman.

8 parameters identified as the
most sensitive.

CH_K1, CH_K2, and CH_N2
were the most sensitive
parameters.

Calibration with p-factor of
0.67 and r-factor of 0.9, with
R2 and NS of 0.33.

Validation with p-factor of 0.7
and r-factor of 1.69, with R2 of
0.31 and NS of 0.19.

Accessibility and proximity to
urban areas, are major factors
that contribute to this
expansion.

This Urban expansion can
have significant impact on
hydrological processes in
Klang River basin.
Precipitation showed
increasing trend, with urban
areas experiencing the most
significant increases.

Central urban areas exhibit
the most intense and frequent
precipitation.

Temperature trends in the
Klang River basin align with
broader global warming
patterns, with urban areas
having higher land surface
temperatures.

NEM period has the highest
influence on annual
precipitation.

The analysis of river discharge
trends at Batu Sentul and
Jambatan Sulaiman stations
mirrors precipitation and
temperature trends, with an
overall increasing trend.
Significant trends are
observed at Jambatan
Sulaiman, emphasising the
impacts of LULC and
precipitation changes on river
discharge.

CH_K1, CH_K2 and CH_N2,
illustrate the movement of
water in main channel and
tributaries, showcasing the
impact of urbanisation on
morphology of the basin.
The model underestimated
some peak flows.

Calibration and validation
were satisfactory.
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To measure
guantitative
effects of both
LULC and
precipitation
changes on
surface runoff
and river
discharge.

Increase in surface runoff
from 1999 to 2017.

In the year 1999 average basin
runoff at 1327.3mm, year
2006 at 1640.6mm, year 2017
at 1550.8mm.

Under future scenario for only
LULC change, runoff increased
by 71.8mm relative to 2017
value.

Under RCP 4.5 and RCP8.5
only scenarios runoff is less,
compared to LULC change
only scenario, with average
basin runoff at 771.9mm and
757mm respectively.

Under combined LULC change
and RCP climate change
scenarios, runoff is higher
compared to only RCP
scenarios but less than only
LULC change scenario at
860.7mm, and 832.7mm.
Significant river discharge
trend detected during TP1
period under RCP4.5 only
scenario and under combined
RCP4.5 and LULC 2030
scenario.

Highest average annual
discharge during TP3 period.
Highest annual discharge
detected when only LULC
2030 scenario used at 11.15
m3/s.

Model was able to successfully
integrate LULC change and
climate change variables.
With increase in urbanisation
surface runoff also increased
in the period 1999 to 2017.
The year 2006 had the highest
surface runoff, partly due to
high precipitation amount in
that year.

Similar findings observed by
Saadatkhah and Kassim,
(2017).

Under future scenarios, LULC
changes have higher
significant impact on future
surface runoff.

Spatially the middle region of
the basin which are highly
urbanised, experience higher
runoff.

Significant increase in river
discharge was observed under
the RCP4.5 and the combined
LULC 2030 and RCP4.5
scenarios during TP1 and TP2
periods.

Highest river discharge was
observed under the LULC 2030
only scenario, indicating the
significant of LULC change on
river discharge.
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CHAPTER 5: CONCLUSION

This chapter presents the conclusion of the study on the impacts of
spatio-temporal changes in land use and land cover, and precipitation

on surface runoff and river discharge in the Klang River basin.

5.1 CONCLUSION

This study was conducted with the main aim of assessing the combined
effects of land use and land cover change and change in precipitation on
surface runoff and river discharge within the Klang River basin, with a
focus on projecting these effects under future scenarios. To achieve this

aim, several specific objectives were outlined.

The first objective of the study was to analyse the spatial and temporal
trends in LULC change, precipitation, and temperature. To achieve this
objective, a combination of methods was utilised, including maximum
likelihood algorithm for land use classification, and the Decision Forest
- Markov Chain model for land use change modelling. Additionally
historical data was examined to detect trends in precipitation and

temperature, using the Mann-Kendall and Sen’s slope statistics.

The findings revealed significant trends detected in land use and land
cover, particularly an increase in urbanisation, which was concentrated
in the central part of the Klang River basin in the period 1999 to 2017.

These trends are consistent with previous studies and highlight the

Page | 209



urban expansion of Kuala Lumpur and its surrounding areas. And due to
the urban expansion, natural vegetation and other land use classes have
been on the decline. The future scenarios show, these trends to
continue, with urban areas expanding in the remaining urban green

spaces and forests.

As for precipitation, trends show an upwards trajectory in the basin,
particularly in urban areas. Increasing trend in precipitation intensity
and frequency was detected among urban stations, although Simple Day
Intensity Index (SDII) exhibited decreasing trend in most of the
stations. Similarly, increasing trends were detected in seasonal
precipitation, with the most significant increasing trends detected during
the NEM period. Temperature patterns also exhibited similarities to
precipitation, with higher surface temperatures observed in urban areas,

potentially contributing to urban-induced precipitation.

The assessment of precipitation and temperature under future climate
scenarios illustrates an increasing trend in both precipitation and
temperature for the period 2006 to 2099. Overall, we can conclude that
increasing trend in both LULC and climate variables is detected within
Klang River basin, with variability in spatial trend, and under future

scenarios it is expected that these trends will continue.
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The second objective of this study involves the development of an
integrated hydrological model that combines land use and climate
models, to assess the impacts of LULC and climate changes on
hydrological processes. The SWAT model was utilised to achieve this
objective. The calibration and validation of the SWAT model
demonstrates its effectiveness and reliability in modelling hydrological
processes in the Klang River basin. However, the model can be improved
to better capture peak flow with additional operational and release data

for upstream structures.

The final objective of the study aimed to measure the quantitative
effects of both LULC and precipitation changes on surface runoff and
river discharge. The results showed that LULC change has a significant
impact on surface runoff and river discharge, particularly urban land
use. The increase in urban land use has resulted in increasing
impervious surfaces, reduction in infiltration and hence increase in

surface runoff.

Notably, the study illustrates that LULC change has a higher impact on
hydrological processes, than changes in climate variables alone.
Although, the combined impact of LULC change and changes climate
scenarios resulted in high surface runoff levels, emphasising the
importance of considering both factors in planning and policy-making

decisions.
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Overall, the results of this study illustrate the significance of
understanding the impacts of LULC change and changes in climate
variables on the hydrological processes of the Klang River basin. The
combined impact of urbanisation and changes in precipitation properties
can have a great effect on surface runoff and river discharge, potentially

increasing the risk of flooding in the Klang River basin.

This research has contributed to the body of knowledge regarding the
dynamic relationship between Iland use, climate variables and
hydrological processes. Highlighting the importance of sustainable land
use practices and urban planning in the face of current urbanisation and
climate change. The outcomes of this study can better inform
policymakers and stakeholders in making decisions that ensure the

resilience and sustainability of the Klang River basin in the future.

5.2 STUDY LIMITATIONS

While this study contributes valuable insights into the combined impacts
of LULC change and changes in precipitation on hydrological processes
in the Klang River basin, it is essential to acknowledge the limitations of

the study.

Data limitations were a challenge faced in the study, where availability
and quality of the input data for the hydrological model and runoff data

for model calibration and validation was an issue. The lack of data for
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some of the weather parameters, like temperature, humidity, wind
speed and solar radiation added further uncertainty to the model.
Secondly gaps and missing values in the data added further limitations
to the study. This is a common limitations within hydrological studies,
as stated in a review of SWAT model studies in Southeast Asia by Tan et
al., (2019), which revealed one of the major limitations most
hydrological studies in Southeast Asia face is poor data reliability and

availability.

Another limitation the study faced is the limitation of the models used.
The SWAT model has limited options for treatment of artificial pathways
(sewers, storm water systems, channels etc.) and since urbanised
watersheds are highly channelised and have many artificial pathways, it
is difficult to incorporate some of these aspects of the urban watershed

in the model, which increases the model uncertainty.

5.3 RECOMMENDATIONS

5.3.1 RECOMMENDATIONS FOR FUTURE RESEARCH

Future research could consider integrating socio-economic variables in
LULC change modelling, such as population growth, economic
development, and policy changes. Understanding how these factors

influence land use decisions can help to improve model accuracy.
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Future studies could also integrate more sources of hydro-climatic data,
to reduce the gap and missing values of the data and improve the quality
of input data for modelling. These sources of data include weather radar,

climate model outputs and satellite data.

Lastly, future research could utilise and integrate urban hydrological
models with other hydrological models, for watersheds that are highly
urbanised. This can improve the accuracy of the outputs by considering
the urban hydrological infrastructure. Examples of urban hydrological

models include SWMM, MIKE Urban, and URBS-MO.

5.3.2 RECOMMENDATIONS FOR POLICY MAKERS AND STAKEHOLDERS

Policy makers should consider the long-term impacts of urbanisation on
LULC and hydrological processes and prioritise sustainable urban
planning. Emphasis should be given to preserving urban green spaces,
forests, and natural vegetation to mitigate the adverse effects of urban

sprawl.

Secondly, policy makers and stakeholders should promote and prioritise
investment in green infrastructure, such as green roofs, urban forest,
and permeable surfaces. Green infrastructure can help improve water

retention, infiltration and reduce surface runoff.

Lastly, policy makers and stakeholders should incorporate climate

change into decision-making and policy development. This can be done
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through the implementation of more climate resistant infrastructure.
Such as, designing drainage systems capable of handling more intense

rainfall and integrating climate adaptation strategies into urban

development plans.
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Appendix

Appendix A — Definition of the ETCCDI indices.

Indices

Name

Indices Calculation

Definition

Unit

FD

Frost days

TNij < 0°C

Annual count of
days when TN
(daily minimum
temperature) <
0°C

Days

SU

Summer days

TXij > 25°C

Annual count of
days when TX
(daily maximum
temperature) >
25°C

Days

Icing days

TXij < 0°C

Annual count of
days when TX
(daily maximum
temperature) <
0°C

Days

TR

Tropical nights

TNij > 20°C

Annual count of
days when TN
(daily minimum
temperature) >
200C

Days

GSL

Growing season
length

TGij > 5°C

TGij < 5°C

Annual count

Days

between first span

of at least 6 days

with daily mean
temperature

TG>5°C and first

span after July 1st
(Jan 1st in SH) of 6
days with TG<5°C.

TXX,

Warmest day

TXx,; = max(TXxk]-)

Monthly

°C

maximum value of

daily maximum
temperature
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TXn Coolest day TXny; = min(TXnkj) Monthly minimum  °C
value of daily
maximum

temperature

TN10p Cold nights TNij < TNin10 Percentage of %
days when TN < days
10th percentile

TN90p Warm nights TNjj > TNin90 Percentage of %
days when TN > days
90th percentile

WSDI Warm spell duration TXij > TXin90 Annual count of days
index days with at least
6 consecutive
days when TX >

90th percentile
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DTR Daily temperature Z{=1(Txl-j — Tnyj) Monthly mean °C
range DTR; = i difference
between TX and
TN
Rx1day Monthly maximum Rx1dayj = max (RRij) - mm
one-day precipitation
Rx5day Monthly maximum Rx5dayj = max (RRkj) - mm
consecutive 5-day
precipitation
SDll Simple daily intensity YW=1RRy; Annual mean Mm/
index sDII; = w rainfall when day
PRCP 21 mm
R10mm Number of low to RR;; = 10 Annual count of Days
rainfall days days when PRCP
210 mm
R20mm Number of moderate  RRij 2 20mm Annual count of Days
rainfall days days when PRCP>
20mm
Rnnmm  The number of rainfall  RR;; = nn Annual count of Days
(30mm) days for user defined days when PRCP
threshold. In this case >nnmm, nn is user
>30mm defined threshold
CDD Maximum length of RRij < 1mm Maximum number Days
dry spell of consecutive
days with RR <
Imm
CwWD Maximum length of RRij = 1mm Maximum number Days

wet spell

of consecutive
days with RR >
Imm
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R95p Very wet days 4 Annual total mm
R95p; = Z RRy; rainfall when RR>
w=1 95 percentile
R99p Extreme wet days 4 Annual total mm
R99p; = Z RR; rainfall when RR>
w=1 95 percentile

PRCPTOT  Annual total ! - mm
precipitation in wet PRCPTOT; = Z RR;;

days i=1

Appendix B - LULC Modelling Driver variables
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Appendix C— The Gains and Losses and Net Gain for The Year 1999-2006 And

2006-2017

Gains and losses between 1999 and 2006
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Water
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Appendix D — Average Monthly Precipitation
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