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Abstract

Large basins are highly susceptible to the risk of flooding that occurs due to changes in
climate parameters, such as temperature and precipitation patterns. Serious repercus-
sions are likely to occur in basins with densely populated areas and farming communi-
ties. This is due to the prolonged and intense effects of floods, which significantly im-
pact the lower valleys and deltas of large river basins. To better forecast floods in huge
river basins, a probabilistic dataset that helps address the lack of data on heavy rain-
fall is required by developing several climate simulations. Hence, the high-resolution
atmosphericmodel known as the “Database for Policy Decision-Making for Future Cli-
mateChange” (d4PDF) has beenwidely used in predicting historical and future climate
simulations. This dataset aims to provide an understanding of climate change projec-
tions for different temperature rise scenarios that help in decision-making in national
and global climate change policies. Moreover, there is confidence in the d4PDF dataset
to have improved estimation of infrequent weather events with long-term return peri-
ods. Thus, to analyze the impact of climate change on flooding and its consequences
on population and agriculture and estimate the economic damage assessment in the
Chao Phraya River Basin (CPRB), this study uses the d4PDF dataset with thousands
of years of climate data.

First of all, a 1K-FRM river flow-routing simulation with 6000 years of past and 5400
years of future data is carried out to evaluate the impact on extreme streamflow at a 10-
km resolution in the CPRB. The projection of future climate parameters corresponds to
a +4K warming scenario in this study. The Bhumibol and Sirikit dams, which are the
two primary upstream dams, are the focus of a dam operating module included in this
model. Additionally, it uses a validated linear reservoir model to depict overflow in
the middle stream in a simplified manner. The results of dam inflow are bias-corrected
using quantile-quantile mapping (QQM) to eliminate any biases that they inherit. The
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bias-corrected dam inflows are then reintroduced into 1K-FRM to obtain discharge at
theNakhon Sawan (C2) station. At this stage, the upstream bias is eliminatedwhile the
middle-stream bias is retained. These results are compared with observed discharges
at the C2 station and corrected with the hydrograph flood volume (i.e., discharge ca-
pacity greater than 2000 m3/s). This spatial approach to bias correction is opted to
achieve robust bias removal, even when the biases between upstream and mid-stream
catchments are in different directions. The findings from the extreme streamflow as-
sessment indicate an increase in hydrograph flood volumes, earlier onset of floods,
and prolonged flood duration, suggesting that future floods are likely to be more se-
vere compared to past climate conditions.

Following the estimation of extreme discharge in CPRB, this study undertakes the as-
sessment of flood inundation and exposure in the CPRB’s delta, specifically the Lower
Chao Phraya River Basin (LCPRB), which begins from C2 station. The analysis here-
inafter is carried out for 2700 years of past and 2430 years of future climate data out
of 6000 and 5400 years, respectively, which is sorted based on the hydrograph flood
volume. This study employs the Inundation Model Coupling Rainfall-runoff (IMCR)
model for the inundation simulation, which assesses the climate change impact on
flood inundation with parameters such as flood extent and depth. The assessment is
carried out for various flood levels at a 2-km resolution. The flood levels are greater
than 0 m, which is the usual case, along with the typical and critical depths of 0.45
m and 3 m, respectively. Future flooding events with different return periods are ex-
pected to be more intense in both the inundation area and maximum volume when
compared to the past climate across all analyzed depth scenarios.

Due to the numerous facilities and opportunities in the capital city of Thailand, a con-
siderable number of populations reside in Bangkok and its nearby provinces. In ad-
dition, since the river flooding brings a lot of river nutrients, the region is also highly
favorable for agriculture cultivation. Therefore, utilizing the inundation simulation
outputs, the consequences of climate change on demographics and agriculture cultiva-
tion is explored in the future in this study. The impact of climate change on population
exposure is anticipated to decrease due to the projected population, which is likely to
decline towards the end of the century. Although the combined effects of decreasing
population and climate change are not expected to increase overall population expo-
sure, events with higher return periods are likely to impact a larger population than
those with lower return periods across all depths, like the inundation simulation. Con-
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versely, keeping the population constant as in the past climate, it is anticipated that the
effect of climate change on the exposed population is likely to increase. Similar to this,
climate change impacts on exposed areas and the average duration of rice maturity are
likely to rise in various frequency events in the future for depths greater than 0.5 m.
This could be the effect of longer floods with high flood levels. In addition, an increase
in the exposed rice area in the future surpasses the increase in the average duration.
This could be due to the fact that the rice area that is exposed lies near the river channel,
facilitating faster drainage of water through the channel.

In the final part, this study utilizes d4PDF datasets to estimate the flood risk curve for
agricultural damage in the LCPRB. Similar to the exposure assessment of rice, a depth
greater than 0.5 m is considered for the damage estimate. The analysis is carried out
for different fragility data for rice cultivation based on spatial locations. It is notewor-
thy that in calculations based on yield loss data from the Philippines, Myanmar, and
Japan, the economic damage seen in the 2011 flood surpasses the damage recorded in
all past climate dataset of d4PDF. The findings suggest that climate change’s effect on
future frequent flooding events could have higher potential economic damage. Both
high- and low-frequency events in the future are likely to significantly impact major
agricultural cultivation, leading to massive economic losses. This indicates that future
climates are likely to have a higher impact on extreme floods and resulting damages,
particularly since the 2011 flood stands out as one of the events with the highest eco-
nomic damage.
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Chapter 1

Introduction

1.1 Background

Floods occur when the river overflows its banks and impacts nearby areas, posing a
threat to the environment and causing huge financial losses (Merz et al., 2021). More
people are impacted by flooding than by any other natural hazards, and it prevents
sustainable development (Tellman et al., 2021). Besides their effect on the population,
they have the potential to harm the economy and spark societal unrest. Its amplifi-
cation is gaining worldwide attention due to its large number of assets and property
damage. It was predicted that between 2000 and 2019, there would be 651 billion USD
in flood losses worldwide (Tellman et al., 2021; UNDRR, 2021). With 46.5 billion USD
worth of economic damage and 813 fatalities, the Great 2011 Thailand Flood is recog-
nized as the third-largest financial disaster in history (GFDRR, 2012). Compared to the
global average, it is anticipated that Southeast Asian countries such as Thailand, Viet-
nam, Indonesia, etc. will face significant flood-related economic impacts and damages
(Padiyedath Gopalan et al., 2022). In addition, the consequences of flooding impacts
are also evident in the agricultural sector, which is vital to the global economy and
food production. Research suggests that agricultural crop losses caused by flooding
vary from 13-100% in different basins around the globe (Hossain et al., 2020; Shrestha
et al., 2019).

This potential for flood risks is expected to be influenced by both alterations in land use
and shifts in climate conditions. Changes in the land use of river basins have an impact

1



Chapter 1. Introduction

on runoff generation, while climate change can additionally increase heavy precipita-
tion and have an impact on snowmelt or catchment wetness (Merz et al., 2021). Studies
show that the latter is exacerbating the frequency and intensity of floods, prompting
disastrous events and bringingmore challenges to future floodprevention (Budhathoki
et al., 2022; Devitt et al., 2023). Formany locations around theworld, there will likely be
an increase in flood threats every year. Recent studies suggest that there is a growing
concern about the increase in the risk of flooding in Asia (Fabian et al., 2023), Europe
(Bertola et al., 2020; Dottori et al., 2018), andAmerica (Chen et al., 2023) due to the effects
of climate change. In addition, as a result of the impact of climate change on floods,
there is rising concern that in regions with high population densities, large cultivation
areas, and large asset counts, the risk of flooding may rise significantly (Tellman et
al., 2021). It is crucial to consider that by 2050, the world’s population is projected to
reach 9.7 billion, intensifying the pressure on agricultural regions to meet the expand-
ing demand for food (Arora, 2019). Due to this impact and significant inter-annual
spatial-temporal variability, low-lying topography and permeable surfaces in coastal
cities are at a higher risk (Hallegatte et al., 2013). Additionally, a few flooding hot-spots
are predicted to emerge across Asia and Africa in the future (Merz et al., 2021). Water
managers have new obstacles in preventing floods, which also impede the sustainable
development of ecosystems. Therefore, flood risk assessment, a crucial instrument for
preventing flood hazards, has excellent practical benefits in flood risk management
and can lessen the damage and loss caused by floods. Examining flood risk necessi-
tates frequency analysis, given that the observation time is significantly shorter than
the return periods of occurrences. Therefore, these return periods should extend be-
yond the observation data. (Tanaka et al., 2021).

Advancements in computational power have facilitated the creation of extensive en-
sembles for investigating extreme occurrences through sampling, eliminating the ne-
cessity for statistical models, assumptions about distributions, and extrapolating data
(Engeland et al., 2004). This is particularly beneficial when analyzing hydrological ex-
tremes, which are highly sensitive to even slight adjustments in statistical model pa-
rameters and their extrapolations. This sensitivity often results in considerable uncer-
tainty in predicting severe events. Amodeling technique is, of course, dependent upon
the caliber of the modeled data; therefore, it is still crucial to validate models using his-
torical data (Van Der Wiel et al., 2019). Despite reduced uncertainty in climate change
projections at the global scale owing to compiled evidence (AR6), catchment-scale fu-
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ture change projections are still varied, which is possibly due to high uncertainty as-
sociated with the large impact of internal climate variability on extreme precipitation
that cannot be captured with limited ensembles (Peel et al., 2015). Therefore, previ-
ous works on climate change impact assessments on floods in Thailand are limited to
overall tendencies such as mean or variance, and it is hard to give a robust estimate
of frequency changes in extreme cases with limited sample size, such as the 2011 flood
event. To overcome this issue, multi-ensembles covering internal climate variability
as much as possible are required for the impact assessments of extreme floods. Large
climate ensemble dataset such as the database for policy decision-making for future
climate changes (d4PDF) has therefore been developed and employed in a variety of
climate change impact studies looking into river discharge, floods, tropical cyclones,
storm surges, etc. (Lavender et al., 2018; Mori et al., 2019; Ninomiya et al., 2021; Tanaka
et al., 2020). Hence, d4PDF has the potential to detect future changes in extreme flood
characteristics.

A large-scale modeling technique can lower uncertainty in future projections of the
occurrence of these severe events and enhance estimates of the risk of extreme events
in the present climate, especially in large river basins. The Chao Phraya River Basin
(CPRB) is one of the principal river basins, occupying 30% of Thailand’s geographical
extent and 40%of the country’s total population. It has been endowing livelihoods, em-
ployment opportunities, and developing country’s agronomies, contributing to 66% of
the gross domestic product (Abhishek et al., 2021; Gunawardana et al., 2021). This basin
has been under continuous impacts of floods, droughts, land subsidence, urbanization,
an increase in population, etc., especially affecting the lower delta region (Hogendoorn
et al., 2018; Loc et al., 2020; Park et al., 2021). Various episodic hydro-meteorological
events have hit the CPRB in the past couple of decades, such as floods in 2006, 2011, and
2021; droughts in 2015–2016 and 2019–2020, affecting millions of people and causing
large economic damage (Abhishek et al., 2021; Loc et al., 2020). The basin spawns 66%
of the nation’s Gross Domestic Product (GDP), out of which the Lower Chao Phraya
River Basin (LCPRB) generates 78.2% of the CPRB’s GDP (GWP, 2017). As a result, for
CPRB sustainability, knowing the influence of climate change and its effect on future
extreme events is a prerequisite.

Making use of a novel multi-ensemble climate dataset over single model-based cli-
mate data, this study aims to explore the impacts of climate change on the assessment
of probabilistic flood risk in large-scale basins and evaluate its effect on demography
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and agricultural risks in a case study of CPRB. The assessment for extreme streamflow
discharge is examined across the entire CPRB, and to conduct a more comprehensive
analysis, the study region is redefined as the LCPRB area for the purpose of conducting
an assessment on inundation and exposure. Within the LCPRB, a thorough assessment
of exposure and risk is performed for the population and agriculture. The case study
itself is crucial due to the area’s increased economic significance, stemming from its
advantageous employment prospects and the potential for farming in the low-lying
flood delta.

1.2 Overall objective

The primary aim of this study is to evaluate the impact of climate change on flood
inundation, analyze demographic and agricultural exposure to floods, and quantify
agricultural economic damages in the Lower Chao Phraya River Basin (LCPRB), Thai-
land, utilizing the d4PDF dataset.

1.2.1 Specific objectives

• To simulate and analyze the past and future floods using 1K-FRM in the CPRB;
• To simulate and assess the past and future flood inundation using IMCR in the
LCPRB;

• To evaluate the past and future flood exposure to the population living in the
LCPRB;

• To assess the past and future flood exposure to agriculture in the LCPRB;
• To analyze the future economic damage to agriculture in the LCPRB.

By addressing these objectives, the study aims to provide a comprehensive under-
standing of the effects of climate change on flood dynamics, demographic vulnera-
bility, and agricultural economic sustainability in the LCPRB through the analysis of
the d4PDF dataset.
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1.3 Outline of the thesis

The research objectives mentioned above to conduct this thesis are addressed in each
separate chapter. The structure of the thesis is elucidated in Fig. 1.1. Before delving
into each objective, Chapter 2 covers a detailed description of the study area and the
primary data used in this study.

Chapter 2

Description of the
study area and d4PDF

Chapter 3

Bias correction and extreme
streamflow assessment

Chapter 4

Inundation simulation assessment

Chapter 5

Exposure assessment for
population and agriculture

Chapter 6

Economic damage assessment for
agriculture exposure

Chapter 7

Conclusion

Figure 1.1: Overall outline of the thesis.

Chapter 3 explores a unique method of spatial bias correction for simulated discharge
using a river-routing simulation model for the CPRB. Additionally, after the bias cor-
rection, this chapter also investigates the effect of climate change on different flood

5



Chapter 1. Introduction

characteristics using large climate ensembles for probabilistic future flood projection
in the CPRB.

Using the simulated lateral tributary discharge and station discharge from Chapter 3,
Chapter 4 assesses the impact of climate change on flood inundation using the inunda-
tion simulation model concerning flood area and depth for different frequency events
of different return periods in the LCPRB.

The inundation output of Chapter 4 is further used in Chapter 5 to explore the flood
exposure for two parameters. The first is population exposure, and the second is agri-
cultural exposure to floods in the LCPRB. The analysis is carried out for different high
and low-frequency return periods.

Chapter 6 comprises agricultural economic damage and risk assessment. Due to the
availability of the data, only rice was selected for the analysis of exposure and damage
assessment.

Finally, Chapter 7 comprehends the concluding remarks of this thesis.
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Study area and d4PDF

2.1 Description of study area

This section elaborates on the study area for the river-routing simulation which is the
Chao Phraya River Basin and further narrows down to Lower Chao Phraya River Basin
for a detailed study of inundation, exposure, and damage assessment. In addition, an
overview of the 2011 flooding in Chao Phraya is also explained as it is considered as
an important event in terms of flooding in Thailand.

2.1.1 The Chao Phraya River Basin

The Chao Phraya River Basin (CPRB), (99◦000 E–101◦300 E, 13◦150 N–17◦000 N) is the
largest river basin situated in Thailand which spans about a length of 1,352 km and a
drainage area of 170,000 km2 from the Shan plateau in the northwest part of Thailand
reaching to the south to the Gulf of Thailand. The Ping (36,018 km2), Wang (11,708
km2), Nan (34,557 km2), and Yom (24,720 km2) (Bidorn et al., 2021) are the four major
tributaries in the basin. Figure 2.1 shows that from the Northern Mountain territo-
ries, the Ping and Wang tributaries amalgamate with the Nan and Yom tributaries at
Nakhon Sawan province which is the middle part of CPRB, and form the Chao Phraya
River. The river then runs down and passes through Ayutthaya and Bangkok (cap-
ital of Thailand) provinces before releasing to the Gulf of Thailand (Loc et al., 2023;
Padiyedath Gopalan et al., 2022; Sayama et al., 2015).
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The climate in the basin is hot and humid, affected by an Asian tropical monsoon in
the north and mild throughout the year in the south which is faced with the marine
climate. The basin comprises two seasons - January to April is considered to be the
dry season whereas May to December is considered to be the wet season. The monthly
average temperature in the basin is 22–28 ◦C with slight changes. Average rainfall of
1220 mm in the northern mountains, 1360 mm in the central, and 1875–2000 mm in
the southern area occurs in the basin, out of which 85% of the rainfall and increasing
river discharge happens during the monsoon season (May to December). The water
quantity in CPRB changes promptly with seasons with approximately ten times the
difference between wet and dry seasons. The basin experiences peak discharge during
September and October (Abhishek et al., 2021; Bidorn et al., 2021; Loc et al., 2023).

People in Thailand typically reside in the floodplains since the area is suitable for farm-
ing and agriculture. The central provinces receive a huge quantity of water practically
every year due to their steep terrain and extensive forests (60% of the area) in the up-
per CPRB, causing floods in low-lying regions along the Yom and Nan Rivers. Over
3000 dams have been built in the CPRB since 1950 to store monsoon rains and increase
agricultural potential during the dry season. The Bhumibol and Sirikit Dams are the
two prominent dams in the Ping River and Nan River, respectively, whose purposes
are hydropower generation, irrigation, flood control, and salinity intrusion manage-
ment. During the middle of April 2011, 45% of Bhumibol and 51% of Sirikit dams were
filled, which increased to 95% on both dam reservoirs by October 5 and September 14
(Komori et al., 2012; Loc et al., 2020; Mateo et al., 2017; Park et al., 2021).

2.1.2 The Lower Chao Phraya River Basin

The Chao Phraya River, also named the “River of Kings”, is the prime and largest
river in Thailand, formed by the convergence of four major rivers in the uplands of
northern Thailand, as stated in Section 2.1.1. After the confluence of these four trib-
utaries forming the Chao Phraya River at Nakhon Sawan station (C2), lies the Lower
Chao Phraya River Basin (LCPRB) (Bidorn et al., 2021) as shown in Fig. 2.1 (high-
lighted in red square). This basin consists of salient industrial and agrarian sectors,
and Thailand’s capital city, Bangkok, is prime for the nation’s economic development.
The LCPRB covers an area of approximately 50,000 km2, with crisscross river branches
forming a flat river delta. The quantity of water in the river varies drastically with the
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Figure 2.1: Location map of the Chao Phraya River Basin, Thailand (Lower Chao
Phraya River Basin, highlighted in the red square).
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seasons, with a tenfold variation between the dry and wet seasons. The widening of
the river width to 700–800 m is due to the varying discharge during the dry and rainy
seasons. As a result, during the rainy season, the stream overflows, carrying a layer of
rich material with it, which is useful for the irrigation of paddy fields as it is primarily
dependent on natural floods. The basin has been experiencing continuous flooding for
several decades due to its low-lying elevation (Abhishek et al., 2021).

River flooding is useful for rice cultivation; however, some downstream cultivation
areas are affected when the discharge at the C2 station exceeds 2000 m3/s. In addi-
tion to agricultural and industrial areas, communities residing in this area are vastly
affected by the increase in river discharge. A large increase in the discharge of more
than 3500 m3/s will drastically increase the flood risk, resulting in extensive inunda-
tion areas and massive financial damage in the LCPRB. The peak river discharge at
the C2 station reached 3500 m3/s in some years, such as 2006 (5960 m3/s), and 2011
(4686 m3/s) which caused extensive damage in the basin (Jamrussri and Toda, 2017).
The discharge at the C2 station is crucial for decision-making on the flood control and
watershed management of the LCPRB.

Around Chai Nat, the Tha Chin River diverges and merges directly into the Gulf of
Thailand. The Chao Phraya River meets the two pivotal tributaries, the Sakae Krang
near Uthai Thani and the Tha Pa Sak River near Ayutthaya (Loc et al., 2020). The Chao
Phraya River is approximately 3.5m above themean sea level at Ayuthaya, and further
down south in the Bangkok delta, it reaches barely 1 m above the mean sea level. The
delta is a network of waterways that includes the mainstream, major tributaries, and
several constructed canals with a slope of 0.00001 to 0.00002. Throughout the delta
and across the central plain, the embankments connected with roadways, channels,
and railway lines act as a barrier. Low embankments also surround agricultural areas,
and hence, floods in the LCPRB near the delta are aggravated by high tides (Liew et al.,
2016). In the vicinity of LCPRB, “King’s Dyke” was created after the flood in 1983. The
elevated roadways that make up this dike were intended to prevent flooding in the in-
ner city, but they also raised the risk of flooding for urban areas that reside outside of it.
Its construction is one instance of how urban design has led to such socio-spatially het-
erogeneous risks (Tuitjer, 2023). However, to protect the main economically valuable
region, the construction of this dyke has a certain value.
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2.1.3 Overview of the 2011 Great Thailand Flood

In 2011, a great catastrophic flood hit Thailand, and the people residing in the low-lying
areas of the Chao Phraya River were vastly affected. The Great 2011 Thailand Flood
is known to be the world’s third most expensive catastrophe to date. The rainfall was
high throughout the rainy season, and in most of northern and central Thailand, the
cumulative rainfall increased by 20–60% and 10–40% between May and October 2011
(Liew et al., 2016). When the two major dams (Bhumibol and Sirikit) reached their
full capacity, the surplus water was released towards the south of the Chao Phraya
River. This resulted in an escalated spread of floodwater over the Chao Phraya delta
plain, rupturing 10 major flood control gates. The C2 station acts as a constricting
yet key station, collecting water from upstream channels Ping and Nan and diverging
into other tributaries, losing water to the delta (Loc et al., 2020). The Ayuthaya region
withstood the floodwaters for severalweeks until October 11, 2011, eventually flooding
the region with flood depths of more than 2 m, which lasted until several months later
(Meesuk et al., 2017). Around 2 million people were affected, with a fatality rate of 400.
Tentatively, 1400mmof rainfall occurred alone in thewet season of 2011, resulting from
flood-hit typhoons and depressions that hit the northern part of the CPRB. In October
2011, Nakhon Sawan received a peak discharge of 4686m3/s. Approximately USD 46.5
billion worth of economic damage and loss ravaged Thailand during the 2011 flooding
(Sayama et al., 2015).

Several factors contributed to this level of disastrous and costly flood events. Higher
river flow due to continuous heavy rainfall for a prolonged duration was one of the
prime reasons. The other factor was topology, which comprises a gentle slope down-
stream and a high volume of water passing through the bottlenecked river system. It
led to a large volume of water upstream, which broke the control structures, making
the downstream unable to handle it (Komori et al., 2012). Additionally, land use in the
basin was also another component, as the planners fell short in developing the capital
city and nearby industrial parks to withstand the indefatigable flood. Bangkok and its
surrounding provinces are situated in the former flood delta, which replaced the nat-
ural waterways and marshlands with urban and sub-urban metropolises (Engkagul,
1993). Land subsidence in the region due to large groundwater extraction also pro-
moted flood damage, making several areas in the region vulnerable. A lack of proper
water management as the country progresses from agronomy to an industrial country
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was also one of the elements contributing to the 2011 flood impact (Haraguchi and Lall,
2015).

2.2 Multi-ensemble climate change scenario dataset, d4PDF

Table 2.1: AGCMs selected and their details used in the study.

SST
Model

Driving GCM Institute Country

CC CCSM4 National Centre for Atmospheric
Research

USA

GF GFDL CM3 Geophysical Fluid Dynamics Laboratory USA
HA HadGEM2-AO National Institute of Meteorological

Research
Korea

MI MIROC5 Univ. Tokyo and Japan Agency for
Marine-Earth Science and Technology
(JAMTEC)

Japan

MP MPI-ESM-MR Max Planck Institute for Meteorology Germany
MR MRI-CGCM3 Meteorological Research Institute Japan

The database for Policy Decision-making for Future climate changes (d4PDF) was cre-
ated by a joint project of the Meteorological Research Institute (MRI) of the Japan Me-
teorological Agency (JMA), the Atmosphere and Ocean Research Institute of the Uni-
versity of Tokyo, Disaster Prevention Research Institute of Kyoto University, National
Institute of Environmental Study, Japan Agency for Marine-Earth Science and Tech-
nology (JAMSTEC), andUniversity of Tsukuba (http://search.diasjp.net/en/dataset/
d4PDF_RCM_3D_Plev) in order to project the future climates at various global warm-
ing levels by running numerous climate simulations using a high-resolution global
atmospheric model AGCM-3.2 at a 60-km resolution and then dynamically downscal-
ing with a regional atmospheric model at a 20-km and 5-km resolution around Japan
(Mizuta et al., 2017). Hence, the global climate experiment was used in this research.
For both experiments, four climate scenarios: the non-global warming, the past, +1.5
K, +2 K, and +4 K warmer climates were employed.

The boundary conditions were based on Mizuta et al. (2017) where the past climate
simulation was driven by the observed sea surface temperatures (SST) and sea ice for
60 years from 1951–2010 with 100 variations of small perturbation comparable to ob-
servation errors yielding 6000-year data in total (hereinafter, past climate); the future
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climate simulation was driven by six representatives of the projected SST patterns (see
Table 2.1) from CMIP5 (Mizuta et al., 2017) with the same perturbation setting and
performed for 60 years yielding 5400-year data (hereinafter, future climate) (Ishii and
Mori, 2020; Mizuta et al., 2017).

These SST general circulationmodels (GCMs) have been used in several studies around
the globe for climate change projections for various applications. Chen et al. (2022)
studied the future variation of extreme precipitation from southern China to northeast
Asia using the d4PDF data. Yang et al. (2018) assesses the past and future storm surges
on the Korean peninsula. Similarly, using d4PDF data, the future flood risks in signifi-
cant river basins of Japan alongwith its economic damagewere analyzed (Tanaka et al.,
2021, 2020). Apart from wide global implementation, these six SST models have been
used in the nearby region, the Mekong River basin, which is a transboundary basin in
East and Southeast Asia, for the assessment of uncertainty in water resources and the
projection of flood inundation (Meema et al., 2021; Try et al., 2020). Based on these, this
study uses the most widely used combination of the past climate experiment and the
4-degree rise scenario in global mean temperature (hereinafter, the 4-degree rise/ +4K
warming experiment) (Mizuta et al., 2017; Mori et al., 2019) to explore the impact of the
most severe temperature increase on flooding in the CPRB.
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Chapter 3

Climate change impact assessment
on extreme river discharge using
1K-FRM in the CPRB

This chapter aims to ascertain the difference between spatial bias heterogeneity of
streamflow in the CPRB. The upstream major dams and the outlet of the basin are
examined with two-step bias correction and compared with a more practical bias cor-
rection only at the outlet of the basin. The former clarified that, due to the large effect
of downstream bias, the upstream bias effect is considered negligible thus the two ap-
proaches resulted in similar future projections. Through this comparison, streamflow
bias in the past and future climate experiments are corrected considering its spatial
characteristics for robust assessments of quantitative impacts of climate change. The
+ 4 K warmer climate will increase the frequency of the 2011 flood and enhance 100-
year flood peak discharge by 1.1–1.6 times than the past climate. The future flood in
the basin, which starts predominantly in September in the present climate, is likely to
begin in September and August with a prolonged duration of floods of around 10–50
days. The CPRB is expected to experience elevated flood volume, earlier flood occur-
rence, and longer flood duration indicating rigorous forthcoming floods.

This chapter is largely based on the publication: Budhathoki, A., Tanaka, T., Tachikawa, Y., (2022).
Correcting streamflow bias considering its spatial structure for impact assessment of climate change on
floods using d4PDF in the Chao Phraya River Basin, Thailand. Journal of Hydrology: Regional Studies
42, 101150. https://doi.org/10.1016/j.ejrh.2022.101150
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3.1 Introduction

The presence of increased greenhouse gases in the atmosphere leads to notable impacts
related to climate change and global warming. These changes affect several hydro-
logical elements, including evapotranspiration, infiltration, and surface runoff. Innu-
merous studies have been carried out on climate change impact assessments on river
discharge and water availability (Budhathoki et al., 2021; Casale et al., 2021; Hughes
and Farinosi, 2020; Jahandideh Tehrani et al., 2021; Li et al., 2016). Environmental, eco-
logical, and socio-economic sectors, such as agriculture, industry, hydropower, and
biodiversity protection, rely on the ability to estimate water availability under varying
climatic circumstances and hydrological changes, both in the near and far future (Di-
dovets et al., 2020; Li et al., 2016; Liu et al., 2021; Wannasin et al., 2021). Climate change-
induced floods are expected to disproportionately impact developing nations rather
than developed ones, particularly Southeast Asian nations (Padiyedath Gopalan et al.,
2022). According to regional impact assessments in Thailand, the country will experi-
ence a change in high-intensity rainfall falling between -5% in the dry season to raising
to 36.5% in the wet season annually (Champathong et al., 2013; Chaowiwat et al., 2019).
Studies with several GCMs show that average annual discharge, as well as maximum
annual flows, will surge up between 6.8% and 38.4% with rising rainfall in the CPRB
towards the end of the 21st century (Hunukumbura and Tachikawa, 2012; Kure and
Tebakari, 2012; Ligaray et al., 2015).

Experts have endeavored to find the most appropriate climate change model for fore-
casting severe events, aiming to aid decision-makers and end users. The d4PDFdataset
appears as a promisingmodel because it can handle uncertainties of both internal vari-
ability and external forcing conditions (Maneechot et al., 2023). The benefits of utiliz-
ing distinct databases for various research objectives are founded on the presence of
thousands of years of past and future climate datasets (Mizuta et al., 2017). The eval-
uation of future climate changes in the form of T-year rainfall events is made possible
without statistical extrapolation by these large ensembles. Through the d4PDF model,
advancements in uncertainty handling and predictions of extreme events are achieved
by leveraging the advantages offered by multiple SST GCMs (Try et al., 2020).

The d4PDF, however, still contains the model bias even after achieving such huge en-
semble simulations (Tanaka et al., 2019b; Watanabe et al., 2020). Hence, a prominent ap-
proach for addressing biases in GCM outputs is the quantile-quantile mapping (QQM)
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bias correction technique, which is used to enhance the accuracy of climate forecasts
and hydrological simulations (Piani et al., 2010; Tong et al., 2018). In this method, the
GCM data of a grid cell is adjusted using the QQM, which links observational climate
data from the same or surrounding grid cells and has been found to be very efficient
at eliminating biases from climate model outputs while keeping shifts in climate fre-
quency and variance (Elshamy et al., 2009; Ines and Hansen, 2006). Many streamflow
impact assessments lag the correlation structure in their bias, which needs to be consid-
ered (Maraun, 2016). This issue would be critical in the CPRB, where approximately
80% of precipitation is consumed by evapotranspiration, i.e., runoff is considered a
residual in terms of the water cycle (Wichakul et al., 2013; Zhao et al., 2022). Therefore,
as an alternative, bias correction to GCM runoff data has been lately called to atten-
tion to reduce the uncertainty, and results show improved river discharge calculations
(Ibarra et al., 2021), in particular in Thailand or the Indochina peninsula (Duong et al.,
2014; Ram-Indra et al., 2020a). However, it is still challenging due to the necessity of
preparing reference runoff data that requires precise land surface simulations. A more
direct approach, streamflow bias correction, is considered in a few studies (Farmer et
al., 2018), possibly due to the combination of small observation and simulation sample
sizes, runoff bias heterogeneity, and human intervention such as dam control and/or
irrigation. Due to the long record of streamflow observations and large ensemble cli-
mate simulations such as d4PDF, the sample size issue can be addressed. Nevertheless,
the latter factors need regional-scale analysis of the bias structure in the selected river
basin. After the spatial bias structure is clarified through rigorous discussions, stream-
flow bias correction could be adopted as a strategy. Although such a basin-specific
approach is hard to apply uniformly to the entire globe, it is crucial to compile regional
studies for a comprehensive understanding as a whole.

This chapter aims to discuss robust streamflow bias correction in the CPRB, consid-
ering the spatial contrast in bias between upstream and downstream, and to present
impact assessments on floods using d4PDF. There is a unique topography of the CPRB
where the inflows to the Bhumibol and Sirikit Dams represent upstream mountainous
catchments. Hence, the upstreamGCMbias and the corrected inflows at the twomajor
dams following the middle stream bias, which is corrected at Nakhon Sawan, a ma-
jor stream gauge in the downstream area, are explored. Additionally, we compare the
two-step bias correctionwith the bias correction of simulated discharge only atNakhon
Sawan (single-step bias correction). Based on the general efficacy of the two-step bias
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correction and its performance in the CPRB, the bias-corrected d4PDF is applied in
the basin to analyze its future floods in a +4 K warming condition. This quantitative
impact assessment based on huge ensemble climate simulations with robust bias cor-
rection can be advantageous for future flood risk assessment, damage estimations, and
policymaking in the CPRB.

The remainder of this chapter is assembled as follows: The framework implemented
for this chapter is explained in Section 3.2. Moreover, after the explanation of the data
used for this chapter in Section 3.3, the river flow routing model and its application
are elaborated in Section 3.4. A unique method of spatial bias correction for simulated
discharge using a large climate ensemble is described in Section 3.5. In addition, the
d4PDF past and future impacts on floods, its comparision with the 2011 flood and the
characteristics of d4PDF floods in CPRB are shown in Section 3.6.

3.2 Framework for bias correction and river-routing simulation

The overall methodology opted in this chapter is shown in Fig. 3.1. This study sim-
ulates streamflow through river routing simulations from runoff outputs of d4PDF.
The most controversial point of this approach is neglecting spatial bias structure in
climatic variables as well as runoff. Hence, this chapter proposes to incorporate bias
correction for upstream dam inflows at Bhumibol and Sirikit before the direct correc-
tion at the downstream station (hereinafter, Two-Step Correction (TSC)) as shown in
the red-colored dotted box. As a far more straightforward alternative, the blue-colored
dotted box which shows the bias correction at C2 without bias correction at two up-
stream dams of the basin (hereinafter, Single-Step Correction (SSC)) is tested. Indeed,
SSC is a commonly used bias correction method by quantile mapping. A compari-
son of the results of the two approaches and an examination of how effective SSC is
compared to TSC as a more complicated method is done. This validation is opted
as CPRB contains contrasting basin climates between upstream and midstream areas.
Bias-corrected streamflow data at C2 is then analyzed to evaluate the impact of climate
change on flood peak/volume, its duration, and the starting season. The details of the
methodological steps are shown in the following sections.
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Figure 3.1: Overall methodological framework opted in this chapter. The light gray
oval box represents the data used; dark gray rectangular box represents the method
opted; light gray box represents the model outputs; and black box represents the out-
come and arrow represents the respective method flowlines.

3.3 Hydrological observation data

The observed inflow at the Bhumibol and Sirikit Dams is provided by the Electricity
Generating Authority of Thailand (EGAT). The one at the C2 station is collected from
the Royal Irrigation Department (RID). Table 3.1 shows the details of the data collected
and its sources for the CPRB study.
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Table 3.1: Details of the hydrological observation data (daily) used in the CPRB.

Station
ID

Station
Name

Type Location Duration Source

BB Bhumibol Dam Inflow Ping 1965-2011 EGAT, Thailand
SK Sirikit Dam Inflow Nan 1974-2011 EGAT, Thailand
C2 Nakhon

Sawan
Discharge Chao

Phraya
1979-2017 RID, Thailand

3.4 River routing model 1K-FRM and its application

1K-FRM, a distributed river flow routing model with a spatial resolution of 10-km
is used (https://hywr.kuciv.kyoto-u.ac.jp/products/1K-DHM/1K-DHM.html). To
convert the runoff generated by the land surface model (SiBUC) embedded in the
GCM into river discharge, this kinematic wavemodel is used where all the rectangular
units channel the water downstream based on flow direction. The continuity equation
for each rectangular unit is shown in

𝜕𝑄
𝜕𝑡 + 𝜕𝐴

𝜕𝑥 = 𝑞𝐿(𝑥, 𝑡) (3.1)

where, 𝑡 is time; 𝑥 is distance from the rectangular unit’s top (m); 𝐴 is cross-sectional
area (m2);𝑄 is discharge (m3/s); 𝑞𝐿(𝑥, 𝑡) is the lateral inflow per unit length of channel
unit given as d4PDF runoff generated by MRI AGCM 3.2 (m3/s). MRI-AGCM 3.2 out-
puts 3-hour averaged surface and baseflow runoff, both of which are added as 𝑞𝐿(𝑥, 𝑡)
in the continuity Eq. (3.1). The one-dimensional momentum Manning’s equation is
used to route the water which regulates the open channel flow characteristics.

𝑄 = 𝛼𝐴𝑚 (3.2)

𝛼 = √𝑖0
𝑛 ( 1

𝐵)
𝑚−1

(3.3)

where, 𝑖0 is slope; 𝑛 is Manning’s roughness coefficient; 𝑚 is the river cross-sectional
parameter (=5/3); the model parameters of the flow model 𝐵 which is the width of
flow is determined by𝐵 = 𝑎𝑆𝑐, Here, 𝑆 is the catchment area at the calculated points,
and 𝑎 = 1.06 and 𝑐 = 0.69 are constant parameters. The value of 𝑛 is determined to be

20

https://hywr.kuciv.kyoto-u.ac.jp/products/1K-DHM/1K-DHM.html
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0.03 m-1/3 s for the channel when the catchment area at the calculated point is larger
than 250 km2 and 11.0 m-1/3 s for the slope when the catchment area is smaller than 500
km2 (Duong et al., 2013; Tachikawa et al., 2011). The topological dataset is hydrological
data and maps based on 30-second digital elevation and flow direction data, Shuttle
Elevation Derivatives at Multiple Scales (HyDroSHEDS) (Lehner, 2005) upscaled at
10-km spatial resolution for the flow routing model 1K-FRM (Duong et al., 2013). The
downstream area of the Yom River (see Fig. 3.1) is frequently flooded in the middle
stream area, which is expressed by applying the following linear reservoir model to
downstream cells as shown in Eq. (3.4) and Eq. (3.5)

𝑑𝑆
𝑑𝑡 = 𝐼 − 𝑄 (3.4)

𝑆 = 𝑘𝑄 (3.5)

where, 𝑆 is the flooded storage, 𝐼 is the upstream inflow discharges to a target cell,
𝑄 is the river discharge considering the delay due to inundation around the cell, and
𝑘 is the model parameters indicating the delay of flood peaks between inflow 𝐼 and
river discharge 𝑄. Duong et al. (2013) used 1K-FRM to compare the changes in flow
for the past and future climates under changing climates for the Indochina Peninsula.
In order to represent the spatially distributed topography of the Chao Phraya River
Basin, this flow routing model has been successfully used by Wichakul et al. (2013)
and Hunukumbura and Tachikawa (2012).

The monthly operations of the Bhumibol (1.3 billion m3) and Sirikit (0.9 billion m3)
dams are modeled to store water during the wet season and release it during the dry
season, based onWichakul et al. (2013). It is estimated that the normal downstreamwa-
ter resource demands are 200 m3/s for the Bhumibol dam and 250 m3/s for the Sirikit
dam. Further, during the wet season, the amount of water discharged is governed by
a minimum/maximum reservoir storage capacity and spillway capacity. When reser-
voir storage is less than the maximum, both dams release roughly 15% and 30% of the
natural inflow to sustain downstream flow. Due to the limited storage capacity of the
dam, they must entirely release the water when a dam’s storage capacity approaches
its limit (6000 m3/s and 3200 m3/s for the Bhumibol and Sirikit dams, respectively).
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3.5 Spatial bias correction at upstream and downstream

Numerous studies have used QQM for GCM bias correction for a variety of climatic
variables (Bennett et al., 2011; Kumar Mishra and Herath, 2015; Mishra and Herath,
2011). These studies targeted a single model ensemble and corrected its bias from ob-
servation data with comparable record lengths. Such procedures become complicated
when multiple ensembles such as in the d4PDF dataset which has a larger sample size
than observation data. There are several possible ways of bias correction, particularly
for the selection of model quantiles to compare with observation ones: each ensemble,
aggregation of all members, amedianmember as a baseline, and an arbitrary ensemble
as a baseline. Chen et al. (2019) investigated the difference in performance among them
and verified that the median ensemble-based correction showed robust performance.
A similar approach is applied by Tanaka et al. (2020) which estimates the median of
d4PDF ensembles at each percentile as a baseline to compare with observation ones.
Hence, in this analysis, the same method is employed: the median of 100 ensembles
is calculated in order to identify the bias correction factors. The QQM procedures are
formulated in Eq. (3.6) and Eq. (3.7).

𝑅𝑖 =
𝐹 −1

𝑜𝑏𝑠(𝐹�̃�𝑟𝑎𝑤,𝑖
( ̃𝑥𝑟𝑎𝑤,𝑖))

̃𝑥𝑟𝑎𝑤,𝑖
(3.6)

where, 𝑅𝑖 is the bias correction factor for i-th order statistics of the target variable (𝑖
= 1, 2,…, 60); ̃𝑥𝑟𝑎𝑤,𝑖 is the median of a target streamflow variable among 100 ensem-
bles; 𝐹�̃�𝑟𝑎𝑤,𝑖

(𝑥) is its empirical cumulative probability; 𝐹 −1
𝑜𝑏𝑠(𝑃 ) is the inverse function

of the empirical cumulative probability 𝑃 of the observation data for the target vari-
able. Unambiguously, the bias correction factors are determined such that among 100
ensembles of 60-year data, the cumulative probability of their median match that of
observation as for the target variable. The target variables are wet (May to December)
and dry (January to April) season total inflows and the hydrograph flood volume (total
volume over 2000 m3/s) at C2, all of which are annual data. Then, the raw simulation
daily discharge at the day d in the 𝑖𝑡ℎ rank year for 𝑗𝑡ℎ member for the target variable,
𝑄raw,𝑗,𝑖(𝑑) is corrected to 𝑄bc,𝑗,𝑖(𝑑) by:

𝑄bc,𝑗,𝑖(𝑑) = 𝑅𝑖𝑄raw,𝑗,𝑖(𝑑) (3.7)
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3.6 Results and discussion

This section unravels the application of the river flow routing model and spatial bias
correction in the upstream and middle stream of the CPRB for an impact assessment
of climate change. Additionally, an insightful aspect of flood characteristics such as
changes in re-occurrences, commencing month, and time span of future floods due to
the effects of climate change is elaborated in this section.

3.6.1 d4PDF past and future extreme river flow impact assessment

The raw d4PDF past runoff data for 100 ensembles is first used in the river flow routing
simulation with 1K-FRM. The simulated 100 ensemble dam inflows to Bhumibol and
Sirikit are sorted and for each dam, their median is calculated at each percentile as a
baseline to calculate the bias ratio by Eq. (3.6). Fig. 3.2 (a) and (b) show the cumula-
tive probability plot of d4PDF dam inflows before/after bias correction at Bhumibol
and Sirikit respectively. The raw d4PDF data (grey) are underestimated in compari-
son to the observed data (black) for both dams. After the bias correction, the median of
corrected data (blue) should match the observation and as a result, each corrected en-
semble spreads around the observation plot. The corrected daily inflow data is again
used as input to 1K-FRM to simulate downstream river discharge with dam operations
and middle stream inundation as described above.

The cumulative plot at C2 is shown in Fig. 3.2 (c). As per the Royal Irrigation Depart-
ment (RID), the downstream part of the CPRB has a discharge capacity of 2000 m3/s
over which flooding occurs at some downstream reaches. Thereby, the bias correc-
tion at the C2 station is done for the total amount of discharge over 2000 m3/s (here-
inafter, hydrograph flood volume). After streamflow simulations with bias-corrected
dam inflows, it is found that in contrast to the dam inflows, downstream river dis-
charge overestimated the observed data, which implies that middle stream runoff is
overestimated. As demonstrated here, the final output of river discharge is often af-
fected by spatial heterogeneity of runoff (or its original climate) bias, even resulting in
the opposite direction; therefore, it is suspected that the presence of bias correction at
upstream dams (SSC or TSC) affects the future projections of downstream streamflow.
Therefore, this chapter further investigates its impact as a case study in the CPRB.
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Figure 3.2: Cumulative probability plot of observed (black dots), raw (light-gray lines),
and corrected (light-blue lines) ensemble for wet season volume at (a) Bhumibol, (b)
Sirikit, and (c) for hydrograph flood volume at C2. The gray dots show the median
of raw ensembles as a baseline of bias correction. The median of corrected ensembles
(blue dots) perfectly matches observation data.
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Figure 3.3: Scatter plot between bias of wet-season volume in the (a) Bhumibol and (b)
Sirikit dams and (c) their total with respect to that at C2.

The magnitude of bias in wet-season streamflow volume for the inflows at the up-
stream dams andmiddle stream river discharge at C2 is compared in Fig. 3.3. It shows
that the bias in the Bhumibol dam is higher than in the Sirikit dam. The bias in the wet-
season volume at C2 is much larger than the bias in the Bhumibol and Sirikit dams as
well as their total, indicating that the upstream bias correction at the dams does not
contribute significantly to the future projection of downstream discharge in this par-
ticular river basin. This is verified by applying both SSC and TSC to future projections
in Section 3.6.1.2.
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3.6.1.1 Bhumibol and Sirikit dam inflows

Fig. 3.4 shows the same plot as Fig. 3.2 (the Bhumibol and Sirikit dam inflows), adding
the bias-corrected future projections for the six SST ensembles (red) in wet season vol-
ume. Dry season volume analysis is also done in this chapter to compare the bias of
dam operation. The future discharge volume is going to be magnified in both dams
during the wet season period. The intensification of the future volume is higher in the
Bhumibol dam than in the Sirikit dam. There is a slight increase or almost similar fu-
ture trend at the Sirikit dam, whereas, at the Bhumibol dam, the future volume is going
to increase. The mean increase ratio for 100-year volume for the six SST ensembles is
likely going to be between 1.3-1.5 times the past climate for the Bhumibol dam and
1.2–1.4 times the past climate for the Sirikit dam. Fig. 3.4 shows that for both Bhumi-
bol and Sirikit dams, the future volume (red) is higher than in the past (blue). In both
cases, the cumulative probability higher than 0.9 for all SST ensembles shows greater
volume than in the past. This indicates that future dam operation rules (such as rule
curves) need updates to avoid adverse effects on downstream flooding.
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Figure 3.4: Cumulative probability plot of observed (black dots), raw (light-gray lines),
corrected (light-blue lines), and projected future (light-red lines) ensemble for wet sea-
son volume at (a) Bhumibol, (b) Sirikit. The gray dots show the median of raw ensem-
bles as a baseline of bias correction. The median of corrected ensembles (blue dots)
perfectly matches observation data. The median of the future ensembles (red dots)
shows an increasing trend.
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3.6.1.2 C2 station

Fig. 3.5 shows the future changes in hydrograph flood volume at C2 with (a) SSC and
(b) TSC, respectively. In both cases, all SST ensembles show a clear increasing trend
(red). As for the bias correction approach, both SSC and TSC show a similar trend.
The mean increase ratio for 100-year volume for the six SST ensembles is likely going
to be between 1.1–1.5 times the past climate by SSC and 1.1–1.6 times the past climate
by TSC. The downstream area of the C2 station is dominated by many industrial and
agricultural areas. This increase in future hydrograph flood volumemight alter down-
stream activities drastically. Due to the large C2 bias in the future climate, similar to
the past climate, the upstream dam bias correction is insignificant in this particular
case study. In general, however, the TSC is more prominent and robust as it tries to
reduce bias correction uncertainty with multi-step corrections; therefore, the TSC bias
correction is opted for further analysis of flood characteristics in the study.

The bias correction of discharge is one of the main considerations of this study. Stud-
ies show that the land surface model generates runoff data that incorporates the di-
rect effects of land cover in GCM simulation techniques. As a result, the bias cor-
rection of runoff and river discharge in GCMs may adapt to different types of land
cover settings, which is to a greater degree effective than the bias correction of pre-
cipitation (Mizushima et al., 2019; Ram-Indra et al., 2020a, 2020b). The bias correction
of the discharge method with an adequate statistical performance taking into account
non-stationary conditions is an effective method for the estimation of future discharge
(Manee et al., 2016).
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Figure 3.5: Cumulative probability plots of observed (black dots), raw (light-gray lines),
corrected (light-blue lines), projected future (light-red lines) ensemble and 2011 flood
volume (yellow dotted lines) for hydrograph flood volume at C2 (a) SSC, (b) TSC. The
gray dots show the median of raw ensembles as a baseline of bias correction. The me-
dian of corrected ensembles (blue dots) perfectly matches observation data. The me-
dian of the future ensembles (red dots) shows an increasing trend.
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Table 3.2: Changes in future C2 station discharge with respect to past climate. The past
column show the absolute values (cumecs) and the columns for the six GCMs show the
change factor.

Change in discharge
Return Period

[years]
Past

[cumecs]
CC GF HA MI MP MR

5 4336.8 1.3 1.5 1.4 1.1 1.2 1.4
10 4668.4 1.3 1.6 1.3 1.1 1.3 1.4
50 4955.1 1.3 1.6 1.4 1.1 1.5 1.5
100 5267.6 1.5 1.7 1.5 1.2 1.7 1.5

3.6.2 Future extreme river flow characteristics

3.6.2.1 Return period

The annual maximum peak discharge and hydrograph flood volume for each return
period at C2 are shown in Fig. 3.6 (a) and (b). The maximum discharge is going to be
higher than in the past climate experiment. More severe floods are likely to occur more
frequently, i.e., with a shorter return period. Fig. 3.6 (a) and (b) show that the return
period of the 2011 flood discharge is approximately 70 years, whereas the return period
of 2011 total volume is tentatively 120 years. The peak discharge may increase slightly,
whereas, for the same or shorter return period, the volume of the flood is going to be
huge. It also shows that a reduced return period of similar or higher discharge and
volume than the 2011 flood for all SST members is expected in the future. The 100-
year return period flood is likely to be more than 1.1–1.7 times in the future, as shown
in Table 3.2. This implies that the frequency of floods is also likely to increase, and a
higher volume of floods in the future will result in more severe economic damage than
in the past. Similar studies in the basin show that the increase in future discharges
is expected to be between 28% and 40% (Kure and Tebakari, 2012; Ponpang-Nga and
Techamahasaranont, 2016) in overall agreement with this study showing a 10–70% in-
crease. In addition, the mean monthly discharge in the basin is likely to increase in all
the months, and the flood risk in the future projection periods is likely to increase, ac-
cording to a flood frequency analysis utilizing the annual maximum daily flow record
in the CPRB (Wichakul et al., 2015). Kotsuki et al. (2014) also suggests that at the C2
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station, in the future, an increased annual runoff is likely to occur due to the increase
in precipitation.

(a) (b)

Figure 3.6: (a) Peak discharge and (b) hydrograph flood volume at each return period
for wet season in past climate and six SST ensembles of 4-degree rise experiments at
C2.

3.6.2.2 Shift in flood onset

The change in flooding is also assessed in terms of a shift in flooding (over 2000 m3/s)
onset in Fig. 3.7, indicating that the typical flood starting month, i.e., the most fre-
quent starting month, is going to shift from predominantly September in the past cli-
mate (blue) to both August and September equally (and even June and July at certain
frequencies) in the future climate. Among the six SST GCM ensembles, MI shows a
relatively similar pattern to the past climate, corresponding to the closer future change
ratio of peak discharge in Fig. 3.6 (a). Table 3.2 shows that there is an increase in dis-
charge for the six SST GCM ensembles with respect to the return period in the CPRB.
This implies that the projected shift in flood occurrence month in Fig. 3.7 is caused by
the overall increase in annual maximum discharge. This undeniably shows that longer
and earlier occurrences of floods are likely to happen for all SST GCM members. Pre-
viously, there used to be rare occurrences of floods during June and July, whereas, in

31



Chapter 3. Climate change impact on extreme river discharge

the future, frequent flood events are likely to turn up during these months too. Similar
results can be observed when the occurrence of floods in the future starts in the month
of June in the basin (Kitpaisalsakul et al., 2016). Therefore, planning for adaptation to
different crop cultivations, especially rice, which is amajor source of income for people
residing in Chao Phraya, would be an urgent need.
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Figure 3.7: Starting period of the flood in the past and six SST future members in the
CPRB (the blue dashed line shows the past climate experiment; light dashed lines show
each SST ensemble; the red solid line shows the median for the 4-degree rise experi-
ment) at C2.

3.6.2.3 Duration of flood

As a result, flood duration, defined as the total number of days when daily discharge
is over 2000 m3/s at C2, is likely to be longer in the 4-degree rise climate (red) com-
pared to the past climate (blue), as shown in Fig. 3.8. On average, floods used to occur
approximately 70 days annually during the past, which will shoot up to 80–120 days
annually in the future, based on SST members. This means that in the future, the flood
duration is going to be extended by approximately 10–50 days. Higher flood volume,
early occurrence of flooding, and prolonged duration of flooding show the future is
going to be more intense and persistent. During the 2011 flood, the floods lasted from
3 weeks to 3 months, depending on the various provinces, which affected a large pop-
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ulation, posing a threat to the capital city (Jular, 2011). Frequent floods and prolonged
duration are likely to affect the economic, social, and environmental aspects of the
basin and influence a large population depending on the CPRB for their sustainability
(Abhishek et al., 2021). Therefore, understanding the past flood characteristics to be
prepared for future flood damage is essential (Komori et al., 2012).

Figure 3.8: Duration of floods in past and six future SST members in the CPRB (blue:
past climate experiment; red: 4-degree rise experiments) at C2.

3.7 Conclusions

The CPRB in Thailand is strategically located in the heart of Southeast Asia’smainland,
making it one of the most vulnerable to the effects of climate change due to increased
floods. Despite the obvious necessity for revealing its impact, a single solid answer to
this question is hard to obtain due to the large catchment area in a contrasting climate
and geography with human interventions such as streamflow control. This presents
challenges to climate simulations, bias correction, and hydrological modeling. Climate
simulation challenges have been addressed recently with large ensemble experiments
such as the d4PDF; however, the bias correction of such large ensembles for multiple
climate variables or unobserved runoff is a far more challenging task. In this back-
ground, this chapter explored the applicability of streamflow bias correction consid-
ering its spatial bias heterogeneity for the d4PDF dataset and assessed the impacts of
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future floods due to a 4-degree rise in global mean temperature corresponding to the
end of the 21st century in the Representative Concentration Pathway (RCP) 8.5 sce-
nario.

To achieve this, large ensemble runoff data from d4PDFwas translated into streamflow
using the 1-km Flow Routing Model (1K-FRM) customized in the CPRB with the dam
operation module for the two major upstream dams, the Bhumibol and Sirikit dams,
as well as a simple representation of middle stream overflow using a validated linear
reservoir model. The bias of the obtained dam inflowswas identified and corrected us-
ing the QQM method, and then the bias-corrected dam inflows were used in 1K-FRM
again to obtain the discharge at C2, with upstream bias eliminated and middle stream
bias remaining. These results were compared with the observed river discharge at C2
and then corrected. This TSC approach was considered to realize robust bias removal
even if the bias is in the opposite direction between upstream and midstream catch-
ments, as demonstrated in this study. Due to the large biases present in the middle
stream catchment (revealed as bias in C2 in the TSC approach), the upstream bias cor-
rection is nominal, which implies similitude results between themulti-step bias correc-
tion and a simpler bias correction at C2 in the case of d4PDF, whichwas also verified by
comparing the future projections with both bias corrections. However, this might not
be the case in other large basins, and it might be interesting to see the effect that helps
to reduce the uncertainty that lies in the model. In addition, the characteristic change
of raw simulation data due to statistical bias correction is noticed. This is due to the
limited observation data and hence, other approaches such as observation parametric
function can be explored for future studies. Results show that the future hydrograph
flood volume with respect to both spatial bias correction techniques is expected to in-
crease with respect to the past. Furthermore, the impact assessment of future floods
showed that in the future, floods are likely to be more prominent, and their profound
effects are going to be much higher than the 2011 flood in Thailand in both SSC and
TSC bias correction techniques. Elevated hydrograph flood volumes, earlier flood oc-
currences, and longer flood durations indicate that forthcoming floods are likely to be
more rigorous. The increase in 100-year floods by 1.1–1.7 times with a larger dura-
tion exceeded by 10–50 days with respect to the past climate was observed. There is
an urgent need for climate change adaptation to avoid future economic, social, and
environmental destruction like or higher than the 2011 flood. Hydrological extremes
such as floods are caused by several factors in addition to climate change, such as lo-
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cal vulnerability and/or spatial heterogeneity of people and property, which were not
considered in this chapter. Consequently, the hydrograph flood volume change can-
not perfectly explain the resulting inundation and economic damage. In particular, the
literature still lacks knowledge about such social factors which is a barrier to quantita-
tive flood risk assessment in Southeast Asian countries (Leitold et al., 2021) compared
to Europe or the United States, where flood damage estimation procedures are manu-
alized.
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Chapter 4

Climate change impact assessment
on flood inundation using IMCR in
the LCPRB

This chapter aims to make a robust assessment based on a large ensemble d4PDF
dataset and a flood inundation model for the LCPRB. In order to establish compre-
hensive inundation and physically grounded scenarios, simulations are conducted for
numerous low- and high-frequency flooding events. Events with a hydrograph flood
volume surpassing 2000 m3/s are specifically chosen for both past (1951–2010) and fu-
ture (2051–2100) climates. The simulation outcomes reveal that, in comparison to the
historical climate, the inundation area (with a depth greater than 0 m) is anticipated to
increase by an average of 1.0–1.4 times for both 10-year and 100-year events. Similarly,
the critical area (depth exceeding 0.45 m and 3m) is projected to grow by an average of
1.0–1.3 times for 10-year events and 1.1–1.3 times for 100-year events. The maximum
volume is predicted to escalate by 1.0–1.4 times for 10-year events and 1.1–1.4 times
for 100-year events compared to the past climate with a depth greater than 0 m. The
findings of this chapter are useful for flood exposure and risk assessment.

This chapter is largely based on the publication: Budhathoki, A., Tanaka, T., Tachikawa, Y., (2023).
Assessing extreme flood inundation and demographic exposure in climate change using large ensemble
climate simulation data in the Lower Chao Phraya River Basin of Thailand. Journal of Hydrology: Re-
gional Studies, 50, 101583. https://doi.org/10.1016/j.ejrh.2023.101583
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4.1 Introduction

The profound effect of impacts on hydro-meteorological parameters due to anthro-
pogenically induced climate change plays a crucial role in increasing flood risk in
Asian regions (Hu et al., 2019; Try et al., 2020). Furthermore, urbanization also sig-
nificantly contributes to increased flood risk since cities with dense populations are
typically located in low-lying terrains and thus are particularly susceptible to flood-
ing (Abhishek et al., 2021; Amnuaylojaroen and Chanvichit, 2019). Emerging evidence
shows that climate change is likely raising the likelihood of high rainfall events and
catastrophic flood occurrences around the globe, particularly in Southeast Asia (Ajjur
and Al-Ghamdi, 2022; Huang and Swain, 2022; Padiyedath Gopalan et al., 2022). The
catastrophic flood events coupled with climate change are projected to pose severe
damage in Southeast Asia compared to the global average (Padiyedath Gopalan et al.,
2022). Therefore, it is highly essential to provide a sturdy future projection of the re-
sulting inundation simulations as a result of climate change to assist regional flood risk
management.

Regional climate change studies for extreme floods are now supported by a large en-
semble approach (Mitchell et al., 2017; Tanaka et al., 2020; Yang et al., 2018). A high-
resolutionmulti-ensemble dataset, d4PDF (Mizuta et al., 2017) is one of themajor prod-
ucts available at a global scale. The application of large ensemble climate simulation
results from d4PDF datasets to generate past and future ensemble flood risk has been
widely used in various regions (Tanaka et al., 2018; Try et al., 2020). By integrating
the d4PDF dataset into the impact assessment models, it is feasible to estimate water-
related hazards with return periods of thousands of years in any geographical location
(Ishii and Mori, 2020). Hence, to reinforce the impact of climate change on flood mag-
nitude in Thailand, Budhathoki et al. (2022) applied d4PDF to the entire CPRB with
a robust bias correction by multi-site correction and found that all extreme discharge
characteristics (peak, volume, startingmonth, duration) are expected to bemore severe
in the 4-degree rise climate scenario at the C2 station, a pivotal reference station in the
basin.

Extreme floods pose substantial threats to both property and human lives. Elevated
inundation levels increase the vulnerability of individuals and property, with inunda-
tion depth commonly used as a gauge for the intensity of floods (Zhang et al., 2019). In
addition, the role of assessing risk is notably impacted by the extent of the inundation
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area, which is a factor obtainable through the use of hydrological models. Hydrologic
models can help with risk assessment by providing an understanding of the depth and
extent of the inundation region. Hydrologic and hydro-dynamic models (HEC-HMS,
SWAT, RRI, etc.) are useful resources for assessing flood hazards (Bai et al., 2019; Liu
et al., 2022; Yamamoto et al., 2021). These models simulate the physical processes of
floods by simulating flood parameters such as peak discharge, inundation area, and
inundation depth. Researchers have employed these models to replicate past events,
analyze changes in runoff, and estimate flood hazards resulting from extreme rainfall
events with specific return periods in the context of climate change scenarios (Mishra
et al., 2018; Yang et al., 2023; Zhang et al., 2019). As a shallow water inundation model,
this chapter uses the simulation of flood inundation performed by IMCR, which inte-
grates a 1-D river flow and a 2-D overflow model (Tanaka et al., 2015). A system for
automatic connection acquires upstream river discharge and lateral inflow from the
1K-FRM model (Chapter 3) (Tanaka et al., 2015). As a result, the simulation is limited
to particular floodplain regions.

On these backgrounds, to assess a probabilistic flood inundationwith respect to the im-
pact of climate change, this chapter simulates the flood inundation at present and in the
future, utilizing the large ensemble of d4PDF data. The estimates are done based on the
inundation area and depth for various return periods. Particularly, high-frequency (5-
year and 10-year) and low-frequency (50-year and 100-year) flooding events are evalu-
ated for the impact assessment on inundation. This is to identify if climate change will
have a significant impact on the likelihood of “less frequent but high-consequence”
flood disasters.

The remaining part of this chapter is organized as follows: The chosen framework is
illustrated in Section 4.2. Following the discussion of the data employed in this chap-
ter in Section 4.3, Section 4.4 details the inundation model and its application. Sub-
sequently, Section 4.5 elucidates the results of the model validation of the 2011 flood
and its application to assess the impact of climate change on flood inundation for both
high- and low-frequency return period events.
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4.2 Framework for flood-inundation simulation

In this chapter, a flood inundation model is developed to analyze flood simulations
for the LCPRB in the year 2011, past climates, and future climates. The experimental
design is depicted in Fig. 4.1. Initially, themodel is employed to simulate the 2011 flood
for validation purposes, as illustrated in Fig. 4.1 (a), comparing the model results with
the actual case. Following the validation, an assessment of the impact of climate change
is conducted for both past and future climates from the d4PDF dataset, as depicted in
Fig. 4.1 (b).

Inundation Model Coupled with the
Rainfall-Runoff Model (IMCR)

Simulated 2011
Flood Inundation at CPRB

DEM

Flow Direction

River Section;
River Cross Section ID;

River ID;
River cell ID

2011 Thailand
 Flood Depiction

Inundation Model Coupled with the
Rainfall-Runoff Model (IMCR)

Simulated d4PDF Past and Future
Flood Inundation at CPRB

DEM

Flow Direction

River Section;
River Cross Section ID;

River ID;
River cell ID

Flood
Depth (m), Flood Area (km2),

Maximum Volume (m3)

1K-FRM
(Budhathoki et al., 2022)

Bias Corrected Gridded
Tributary Flow (d4PDF

Past and Future)

Bias Corrected
Discharge at C2

(Past and Future)

Simulated Daily
Discharge at C2 (2011)

Gridded Tributary
Flow (2011)

Gridded Runoff from
SiBUC (Kotsuki and

Tanaka; 2013)

1K-FRM

Gridded Runoff from 
d4PDF

(a) (b)

Flood
Depth (m), Flood Area (km2),

Maximum Volume (m3)

Impact assessment for d4PDF
past and future

Sorting and Identifying flood year
(Hydrograph flood
 volume > 0 m3)

Figure 4.1: The overall methodological framework opted for the inundation simulation
(a) 2011 flood for model validation and (b) d4PDF past and future climate.

4.3 Streamflow and topography data

Some of the data used in this chapter is the output of Chapter 3, river-routing sim-
ulation. The lateral tributary flow and daily river discharge at the C2 station serve
as inputs for the inundation simulation. Both gridded tributary and station discharge
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data are utilized for the 2011 flooding aswell as for simulations representing the d4PDF
past and future climate.

Furthermore, topography data is essential for the inundation model and is obtained
from various sources. For the one-dimensional river flow simulation, local surveying
data from Sayama et al. (2015) is utilized. Two-dimensional elevation data covering
the LCPRB region is sourced from the Multi-Error-Removed Improved-Terrain Digital
Elevation Model (MERIT DEM) by Yamazaki et al. (2017), which is upscaled from the
original 30 arc-seconds (~90 m) to 60 arc-seconds (~2 km). The Manning’s roughness
coefficient for rivers and floodplains is set at 0.05 m-1/3s. These diverse datasets are
not only crucial for 2011 model validation but are also employed in the context of the
d4PDF past and future climate simulations.

4.4 Inundation Model Coupling Rainfall-runoff model
(IMCR) and its application

As outlined in Section 4.1, the inundation simulations in this study make use of the
IMCR model, depicted in Fig. 4.2, which is a two-dimensional flood model designed
for the analysis of inundation depth and area. This model is constructed based on the
river flow and flood flowmodels for the LCPRB. The one-dimensional channel flow is
used to compute the grid of the river section, and the two-dimensional floodplain flow
is used to compute the grid of the flood section. Both river and floodplain flows are
governed by the local inertial equations, whose momentum and continuity equations
for the two-dimensional case are shown below:

Figure 4.2: Inundation Model Coupling Rainfall-runoff model (IMCR).
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X-direction momentum equation

𝜕𝑞𝑥
𝜕𝑡 + 𝑔ℎ𝜕(ℎ + 𝑧)

𝜕𝑥 + 𝑔𝑛2|𝑞𝑥|𝑞𝑥
ℎ7/3 = 0 (4.1)

Y-direction momentum equation

𝜕𝑞𝑦
𝜕𝑡 + 𝑔ℎ𝜕(ℎ + 𝑧)

𝜕𝑦 + 𝑔𝑛2|𝑞𝑦|𝑞𝑦
ℎ7/3 = 0 (4.2)

Continuity equation
𝜕ℎ
𝜕𝑡 + 𝜕𝑞𝑥

𝜕𝑥 + 𝜕𝑞𝑦
𝜕𝑦 = 𝑞0 (4.3)

Where, 𝑞𝑥 , 𝑞𝑦 are the unit discharges in the 𝑥 − 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 and 𝑦 − 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 respec-
tively, ℎ is the water depth, 𝑍 is the riverbed elevation, 𝑔 is the gravity acceleration, 𝑥
is the flow path distance and 𝑡 is the time.

This chapter selects the 2011 flood for model validation because it represents the most
severe flood damage to date in the CPRB, and following it, the basin still lacks sig-
nificant hydrological and hydrodynamical infrastructures that are in practice. For the
validation of the 2011 flood, first, the gridded runoff data is simulated using a land
surface model (SiBUC) forced by the observed precipitation in the CPRB, which is ob-
tained from Kotsuki and Tanaka (2013). This is then used as an input to the 1K-FRM, a
1-km resolution flow routing model as stated in Chapter 3 to obtain gridded tributary
discharge and daily river discharge at the C2 station, which is then used as the input
to the IMCR model. The 1K-FRM model setup is the same as Budhathoki et al. (2022).

As can be seen from Fig. 4.2, the gridded resolution in the IMCR model is smaller
than in the 1K-FRM model, 2-km and 10-km, respectively, in this case. Therefore, the
inundationmodel processes the 10-km 1K-FRMdata results into 2-kmdata as an input.
Such a coupling of the river routing model to the inundation model is facilitated based
on Tanaka et al. (2019a). After the simulation of the IMCRmodel, different indices such
as flood depth, flood area, andmaximum volume are calculated for the 2011 flood. The
flood/inundation area is the maximum area submerged (flood depth > 0 m) during a
flood event, whereas the maximum volume is the total volume of the maximum depth
multiplied by the area of each grid cell. The simulated flood area is validated with
the data from the Thailand Flood Monitoring System (TFMS) (https://flood.gistda.

42

https://flood.gistda.or.th/
https://flood.gistda.or.th/
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or.th/) provided by Geo-Informatics and Space Technology Development (GISTDA),
Thailand.

For past and future climate simulations, the d4PDF runoff data is used as the input
to the 1K-FRM model, which is simulated using the SiB land surface model (Hirai et
al., 2007). Like the model validation simulations, the 1K-FRM outputs simulated daily
discharge at the C2 station and gridded tributary river discharge, which are then used
as inputs to IMCR.

The simulated daily river discharge is bias-corrected before being used as a boundary
condition for the IMCR model. The bias correction method is the quantile-quantile
mapping technique and also considers the spatial structure of river discharge bias
(Budhathoki et al., 2022). Another boundary condition to the IMCR model is the lat-
eral tributary flows along the target river lines. Since the simulated tributary discharge
from 1K-FRM is based on d4PDF gridded runoff data, it is assumed to overestimate
actual lateral inflow similar to the C2 station. Hence, the same bias correction to the
simulated lateral tributary flow is applied (i.e., the same bias correction factor to daily
river discharge as that at the C2 station). The lower boundary condition is given as a
steady flow condition.

To reduce the computational burden of 2-dimensional inundation simulations by
IMCR, this chapter identifies flood years when the annual maximum river discharge at
the C2 station is over 2,000 m3/s, above which some downstream is flooded (Komori
et al., 2012) using these river discharge products (Budhathoki et al., 2022). As a result,
2,700 flood years out of 6000 years of past climate and 405 flood years out of 900 years
for each SST ensemble GCM for the future +4K rise experiment are simulated in this
chapter. Similar to the 2011 flood, the parameters such as the flood depth, flood area
are analyzed for past and future d4PDF.

4.5 Results and discussion

This section describes the application of the inundation simulationmodel for an impact
assessment of climate change on flood inundation. The results of the 2011 flood and the
validation and implementation of inundation simulation are elaborated in this section.
The results of two high-frequency events (5-year and 10-year) and two low-frequency
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events (10-year and 100-year) for the d4PDF past and future climate are also discussed
in this section.

4.5.1 2011 inundation simulation

Figure 4.3: Simulated maximum inundation area for the 2011 flood in comparision to
satellite remote sensing data from TFMS floodmap for 2011. The red cross in the figure
represents the C2 station and orange box represents the King’s Dyke in the LCPRB.

The spatial distribution of the maximum inundation area simulated using IMCR and
the 2011 flood area based on satellite remote sensing data from TFMS are shown in
Fig. 4.3 as a validation of the inundation simulation. The maximum inundation area
for the 2011 simulation is 11256 km2. The inundation area is well represented, includ-
ing King’s Dyke (shown in the orange box in Fig. 4.3) in the basin, which is an eco-
nomic hub and where large populations are settled. The Bangkok metropolitan region
is protected by King’s Dyke to protect from river flooding, and no flooding in the re-
gion (a whole area in the lower floodplain) can also be observed. This indicates that
the IMCR implemented with the MERIT-DEM is a good representation of this real-
ity. It also shows that the inundation extent is fairly simulated in comparison to the
remote sensing data and the results shown in the hydrological sensitivity analysis of
CPRB based on the RRI model evaluated by Sayama et al. (2017). The simulation ac-
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curately depicts the overall scope of the flooding, particularly towards the southern
part of Nakhon Sawan. The flooding in the Saraburi and Ayutthaya regions (southern
and central parts, respectively) is a significantly valuable region, especially in terms of
agriculture and industries, which is also well depicted in this simulation.

The 2011 flood event in Thailand is considered a once in a 70- to 100-year flood event,
according to several studies (Budhathoki et al., 2022; TheWorld Bank, 2012). Therefore,
this chapter compares the d4PDF past and future climate simulations for 50-year and
100-year events as low-frequency flooding events. Similar results are also shown in
other studies (Komori et al., 2012; Loc et al., 2023) for the 2011 case. Additionally, to
make use of the large probabilistic dataset, 5-year and 10-year high-frequency return
periods are also evaluated.

4.5.2 d4PDF past and future inundation simulation

From simulated discharge at the C2 station, the flood years (2700 for the past and
405 for each future GCM) are selected as sufficient coverage for representation, as ex-
plained in Section 4.4. Fig. 4.4 (a) and (b) illustrate the past and future d4PDF compari-
son for inundation area and maximum volume, respectively, based on different return
periods.

Figure 4.4: Comparison between past and future (six SST GCMs) d4PDF (a) inundation
area and (b) inundation maximum volume.

All the future SST ensembles show that for both high and low-frequency return peri-
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ods, there is an increase in inundation area andmaximumvolume compared to the past
climate experiment (Fig. 4.4 (a) and (b)) with a certain spread by different scenarios of
the future SST. Although the member MI shows the smallest increase and a similar
trend to the past climate, most ensembles show a significant increase in the probability
distribution. The results of the inundation simulation (IMCR) also correspond with
the river-routing simulation (1K-FRM) discharge, as in the study undertaken by Bud-
hathoki et al. (2022).

Figure 4.5: Comparison plots of peak discharge with inundation (a) area (b) maximum
volume; and hydrograph flood volume with inundation (c) area and (d) maximum
volume for the past and future (GF) climate.

To analyze the attribution of hydrograph characteristics at C2 station (upstreambound-
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ary) to the simulated inundation and its future change, inundation area and volume
from IMCR (inundation simulation) are compared with the peak discharge and hy-
drograph flood volume (total discharge volume over 2,000 m3/s) at C2 station from
1K-FRM (Chapter 3) in Fig. 4.5. The future climate scenario (red) shows a higher mag-
nitude in both peak discharge and flood area or volume compared with the past cli-
mate scenario (blue), indicating that future extremes are going to be higher. The gra-
dient for both (a) and (b) of Fig. 4.5 becomes milder for high peak discharge, resulting
in a large extent of inundation area and volume for both the past and future. Note
that there is not much difference in the relationship between peak discharge and the
flood indices between the past and future in each figure, indicating that the physical
relationship between the climates is similar. Similarly, for Fig. 4.5 (c) and (d), the com-
parisons between inundation area and maximum volume with the hydrograph flood
volume (volume greater than 2000 m3/s discharge capacity) are shown for GF. Both
the comparisons correspond to past and future trends, keeping the physical proper-
ties the same. For all four cases, both flood area and maximum volume of the future
climate scenario tend to be at the higher range of the past climate scenario. It may be
due to the same peak discharge (Fig. 4.5 (a) and (b)), but the inundation is likely to be
more severe due to other factors such as hydrograph flood volume (and vice versa in
Fig. 4.5 (c) and (d)). This indicates that both hydrograph flood volume and peak dis-
charge at the C2 station as a reference station equally contribute to the future increase
of downstream flood area and volume. The results are also in line with the other five
SST ensemble GCMs (CC, HA, MI, MP, and MR), and only one representative GCM
(GF) is shown in this chapter.

The most affected area across the basin depicted an inundation depth of 2.1–4 m for
a return period of 50-year flood, while the most affected area across the basin for the
return period of 100-year and 200-year depicted an inundation depth between 4.1 and
6 m. According to Shakti P. C. et al. (2022), most of the LCPRB area, including the
industrial park (central part of the LCPRB), shows maximum depths of greater than
3 m to be highly critical for disaster preparedness and management. The inundation
depth of 0.45 m is assessed in this chapter based on the discussion among the authors,
as greater than this elevation is commonly considered property loss due to flooding
in Japan (Kobayashi et al., 2016). Therefore, this chapter also analyzes the inundation
area over 3 m (hereinafter, the critical flood area) for different return periods. Table
4.1 shows the change ratio in inundation parameters for both high- and low-frequency
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Table 4.1: Changes in future maximum inundation area and future maximum volume
with respect to past climate. The past column show the absolute values (in sq. km. and
billion cu. m., respectively) and the columns for the six GCMs show the change factor.

Depth
[m]

Return
Period
[years]

Past CC GF HA MI MP MR

Change in maximum inundation area
> 0 5 4932.0 1.4 1.7 1.5 1.0 1.2 1.5

10 7204.0 1.3 1.4 1.2 1.0 1.1 1.3
50 9191.6 1.4 1.6 1.3 1.0 1.3 1.4
100 10307.8 1.4 1.4 1.2 1.0 1.3 1.4

> 0.45 5 3340.0 1.3 1.6 1.4 1.0 1.2 1.4
10 4872.0 1.3 1.4 1.3 1.0 1.1 1.3
50 6560.0 1.4 1.6 1.3 1.0 1.3 1.4
100 7328.0 1.3 1.4 1.3 1.0 1.3 1.4

> 3 5 360.0 1.2 1.3 1.2 0.9 1.1 1.2
10 440.0 1.2 1.3 1.2 1.0 1.1 1.2
50 548.0 1.2 1.3 1.2 1.0 1.2 1.2
100 576.0 1.2 1.3 1.2 1.1 1.1 1.3

Change in maximum volume
> 0 5 5.1 1.3 1.6 1.4 1.0 1.2 1.4

10 7.4 1.3 1.4 1.3 1.0 1.1 1.2
50 9.9 1.3 1.5 1.3 1.0 1.3 1.4
100 10.9 1.3 1.4 1.3 1.1 1.3 1.4

> 0.45 5 4.7 1.4 1.6 1.4 1.0 1.2 1.4
10 6.9 1.3 1.4 1.3 1.0 1.1 1.2
50 9.3 1.4 1.5 1.3 1.0 1.3 1.4
100 10.3 1.3 1.5 1.3 1.1 1.3 1.4

> 3 5 1.3 1.2 1.3 1.2 0.9 1.1 1.2
10 1.7 1.2 1.3 1.2 1.0 1.1 1.2
50 2.2 1.2 1.3 1.2 1.0 1.2 1.2
100 2.3 1.2 1.4 1.2 1.1 1.2 1.3

events. The results show that the inundation area increases by 1.0–1.7 times and 1.0–
1.6 times the past climate for high- and low-frequency events, respectively, for depths
greater than 0 m in all six SST GCMs. Similar results can be observed in depths >
0.45 m. Whereas for the critical depth, MI shows a slight decrease in inundation area,
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but the other five SST GCMs show an increase in the spread of 1.1–1.3 times the past
climate for both high- and low-frequency events. The critical flood area shows a similar
increasing ratio for most of the SST GCMs as the whole flood area, indicating that with
the increase in flood magnitude, not only the flood area will expand but also the flood
depth will become deeper, particularly in critical zones.

In addition to the inundation area, themaximumvolume is also calculated in the study.
For high- and low-frequency events, the maximum volume is likely to increase 1.0–1.6
times and 1.0–1.5 times in the past, respectively, across all 6 SST GCMs. Just like the
inundation area, the maximum volume is also expected to increase at a similar ratio
for depths greater than 0.45 m and 3 m.

4.5.2.1 Inundation maps of high and low frequency flooding events
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Figure 4.6: Simulated past flood inundation extent and depth for the d4PDF (a) 5-year,
(b) 10-year, (c) 50-year and (d) 100-year return period with respect to depth > 0 m (the
color bar represents the inundation depth in meters and the red cross represents the C2
station).

Fig. 4.6 (a-d) show the past climate flood inundation extent and depth for the d4PDF
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5-year, 10-year, 50-year, and 100-year return periods, respectively, for the depth > 0 m.
Fig. 4.7 (a-f) and Fig. 4.8 (a-f) illustrate the future flood inundation extent and depth
for six SST GCMs for 10-year and 100-year return periods, respectively for depth > 0
m. As expected, the inundation spread is greater for low-frequency events than for
high-frequency events.

Since the 2011 flood was similar to the 70- to 100-year flood in the LCPRB, there is
an urgent need for adaptation and mitigation measures to be adopted in the basin to
prepare for severe situations in the future.

Additionally, the King’s Dyke area, as shown in Fig. 4.3 is also protected for the past
and future +4K warming scenarios in all six SST GCMs, which can be clearly observed
in Fig. 4.6 as well as Fig. 4.7 and Fig. 4.8. For both high- and low-frequency events,
the least inundation extent is shown by MI across all the analyzed depths (0 m, 0.45
m, and 3 m). In contrast, GF shows the maximum increase in inundation extent across
all analyzed depths (0 m, 0.45 m, and 3 m) for both high- and low-frequency events.
Other SST GCMs such as CC, HA, MP, and MR show results close to GF towards a
higher inundation extent. On average, it is evident from the figures that almost all the
cases for future SST GCMs (except MI) show higher area and maximum volume than
the past climate for a 10-year and 100-year flood. Similar maps are produced for a 5-
year and 50-year return period, which are shown in Fig. A.1 (a-f) and Fig. A.2 (a-f)
respectively.
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Figure 4.7: Simulated future flood inundation extent and depth for six SST GCMs (a)
CC, (b) GF, (c) HA, (d) MI, (e) MP and (f) MR with respect to the d4PDF 10-year return
period and depth > 0 m (the color bar represents the inundation depth in meters and
the red cross represents the C2 station).
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Figure 4.8: Simulated future flood inundation extent and depth for six SST GCMs (a)
CC, (b) GF, (c) HA, (d) MI, (e) MP and (f) MRwith respect to the d4PDF 100-year return
period and depth > 0 m (the color bar represents the inundation depth in meters and
the red cross represents the C2 station).

The findings of this simulation are consistent with other regional as well as global re-
search. The analysis of Yang et al. (2023) shows that under the SSP126 scenario (the
most sustainable route), the 100-year historical flood with respect to the return period
in the Chao Phraya region will rise by 1.63 times, while it will rise by 4.55 times under
the SSP370 scenario (the most pessimistic rocky-road pathway). This also validates
that extreme d4PDF flooding is likely to be more intensive. It shows that the intensi-
fied inundation extent and depth are likely to be affected more if further adaptation
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and mitigation approaches are not undertaken. Studies in the future climate change
impact assessment on the Chao Phraya flooding under various climate change scenar-
ios for 100-year flooding show the spatial characteristics over the basin making this
region prone to flood risk (Kotsuki et al., 2014; Liew et al., 2016; Yang et al., 2023). Ad-
ditionally, using three GCMs, MRI-CGCM3, MIROC5, and HadGEM2-ES, the flood
inundation in the Ciliwung River Basin of Indonesia, the inundation area is likely to
increase by 1.2 times for depths < 1.5 m, and for depths > 1.5 m, it is likely to increase
by 1.5 times for 100-year floods in the future (Mishra et al., 2018). Another study in
the Hadahe River Basin of China emphasizes that the increase in inundation area is
likely to increase with the inundation depth. The results show that the future inunda-
tion area for depths between 1.0–2.0 m, 2.0–3.0 m, and > 3 m is projected to increase
by 5.4%, 12.3%, and 22% for RCP 8.5 in the basin (Zhang et al., 2019). These studies
suggest that measures for the reduction of emissions are suggested as the effects on
the inundation area are higher for the RCP 8.5 scenario, which is also similar to the
+4K warming scenario.

4.6 Conclusions

The LCPRB is the predominant region in the Southeast Asian region. Also being home
to the capital city of Thailand, Bangkok, this basin is also crucial, as several industries
and agricultural production contribute to the economy of Thailand. The basin is prone
to frequent river floods from the Chao Phraya River, affecting residential as well as eco-
nomic zones. Hence, this chapter analyzes flooding in the basin in terms of flood area
and depth with the help of a large ensemble climate simulation dataset (d4PDF) and
flood-inundation simulations. The analysis is carried out for low- and high-frequency
events to utilize the 2700-years (out of 6000-years) of the past and 2430-years (out of
5400-years) of future climate for a +4K increase in temperature. In addition to the in-
undation depth > 0 m, depths> 0.45m and 3 m were also carried out.

The future 5-year and 10-year flooding for +4K rise is likely to increase in terms of both
maximum volume and inundation area compared to the past climate. However, the
future 50-year and 100-year flooding for +4K rise is likely to be more severe in terms of
both inundation area and maximum volume compared to the past climate for all the
cases of analyzed depths. Approximately, the inundation area is likely to increase by
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1.3, 1.2, 1.3, and 1.3 times across all depths for 5-year, 10-year, 50-year, and 100-year
return periods, respectively. On average, across six SST GCMs and three analyzed
depths, similar results were observed for maximum volume. Moreover, there is not
much difference in the relationship between peak discharge and the flood indices be-
tween the past and future, which indicates that the physical relationship kept between
the d4PDF climates is similar. In addition, the inundation area for all the cases well
represents the King’s Dyke region, which also suggests that the DEM used in the basin
well represents the actual study area. The output of this chapter can be utilized for risk
and economic damage assessment for various sectors to depict the overall scenario for
the past and future.

There is uncertainty in hazard models, brought on mainly by an incomplete repre-
sentation of complicated local drainage networks, which limits evaluations of flood
exposure in this study. This could be further explored for potential research in the
region.
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Chapter 5

Demographic and agriculture
exposure assessment in the LCPRB

This chapter aims to analyze the impacts of climate change on population demograph-
ics and agriculture exposure to high- and low-frequency floods. Population exposure
for different flood depths (greater than 0 m, 0.45 m, and 3 m) is analyzed to check the
effects on population at varied flood levels. The d4PDFmulti-ensemble analysis shows
that the exposed population based on the SSP5 scenario is likely to decrease despite the
increase in inundation extent in the LCPRB. The exposed population in the future, with
respect to the SSP5 scenario “Taking the Highway,” is expected to decrease on average
by 0.7–0.9 times in comparison to the past climate for depth > 0 m. However, keeping
the population constant as in the past, the exposed population is likely to increase on
average by 1.3–1.4 times in comparison to the past climate for depth > 0m. In addition,
rice exposure for depths higher than 0.5 m is also assessed in this chapter, and results
show that the exposed area is likely to increase on average by 1.2–1.4 times the past cli-
mate, and the exposed duration is likely to increase by 1.1–1.2 times the past climate.
Several sectors have been hit by the impact of climate change, and action is required
for adaptation and mitigation in the affected sectors.

This chapter is partially based on the publication: Budhathoki, A., Tanaka, T., Tachikawa, Y., (2023).
Assessing extreme flood inundation and demographic exposure in climate change using large ensemble
climate simulation data in the Lower Chao Phraya River Basin of Thailand. Journal of Hydrology: Re-
gional Studies, 50, 101583. https://doi.org/10.1016/j.ejrh.2023.101583
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5.1 Introduction

The impacts of climate change on floods ultimately affect water resources, popula-
tion, agriculture, ecosystems, etc. The detrimental effects of floods have been worse
during the last century and are expected to get worse in the future due to population
growth and economic expansion (Merz et al., 2021). In addition, a number of studies
have studied the CPRB from a hydrological and hydrodynamic perspective (Padiye-
dath Gopalan et al., 2022; Sriariyawat et al., 2022; Yang et al., 2023). Numerous flood
models have, therefore, been developed to identify exposed, vulnerable flood areas
and possible water depths (Eccles et al., 2021; Luo et al., 2018; Nandi and Reddy, 2022;
Padulano et al., 2021; Pinos and Timbe, 2019). However, its translation into future
projections under the combined impact of climate and socio-economic changes is less
studied (Miller and Hutchins, 2017; Sebastian et al., 2019). Instead, there is a need for
flood risk assessment to expand the target to population or gross domestic product
(GDP) at a global scale (Arnell and Gosling, 2016; Dottori et al., 2018), as well as at a
regional scale (Tanoue et al., 2020). As a next step, future projections of extreme floods
and their translation into flood extent and demographic exposure are essential to sup-
port regional decision-making.

In addition, the consistent flooding during the rainy season endangers already planted
crops and seriously harms water and road infrastructure. Agriculture is one of the
sectors that is most susceptible to climatic fluctuations, and hence yields are typically
anticipated to drop most dramatically in nations at lower latitudes on a global scale
(Parker et al., 2019; Stevanović et al., 2016). In the near past, 24% of agriculture around
the globe was situated in regions that frequently experienced flooding (IPCC, 2014),
and by 2050, it is anticipated thatmain grains inAsia, such aswheat andmaize, will see
average yield losses of 8% (Parker et al., 2019). Hence, understanding flood exposure
in the context of the effects of climate change is crucial for sustainable development.

Recently, the regional effects of climate change have been evaluated using ensemble cli-
mate databases to capture the spatio-temporal climatic variability of flooding. Based
on hundreds of heavy rainfall occurrences in a large climate database, it is feasible
to assess the likelihood of the occurrence of exceptionally heavy rainfall and poten-
tial flood disasters for past and future climates (Economou and Garry, 2022; Tebaldi
and Knutti, 2007). Therefore, using a large ensemble high-resolution database to iden-
tify the potential disaster for future climate is highly needed for the development of
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flood management strategies. This dataset, coupled with hydrodynamic simulations,
is widely adapted for capturing the flooding events of different return periods in sev-
eral basins (Budhathoki et al., 2022; Tanaka et al., 2020; Try et al., 2023).

Predicting flood threats and the harm they cause depends heavily on the use of dis-
tributed hydrodynamic models in the low floodplain area. There is a large uncertainty
in exposure and vulnerability assessments due to the dependency on hazard models
that rely on incorporating swift anthropogenic changes, topographic data, and insuf-
ficient calibration data (Ward et al., 2015). However, a tool that takes into account the
intricate relationships between river parameters, land surface information, and climate
variables is highly beneficial (Try et al., 2023). In order to forecast flood behavior at the
scale of a river basin, IMCR is a two-dimensional diffusive wave model widely used
in various river basins, such as Tanaka et al. (2017); Tanaka et al. (2020). This model
has shown reasonably good performance in large river basins such as the Chao Phraya
River Basin of Thailand to compute the flood simulations, as well as reduced its com-
putational time compared to other two-dimensional models as shown in Chapter 4.

Therefore, the overall objective of this chapter is to evaluate the demographic and agri-
cultural exposure by making use of the simulated floods. The assessment is done with
respect to the impacts of climate change results from Chapter 4 for different return pe-
riods and flood levels. Specifically, population exposure under flood depths higher
than 0.45 m and 3 m is also undertaken in this study as typical and critical levels, re-
spectively, accounting for future population change. Whereas considering the dam-
age assessment in Chapter 6 for rice cultivation, flood depth greater than 0.5 m is also
analyzed in this study. Understanding the combined effects of societal and climatic
changes on those affected by flooding would be helpful in estimating future flood risk
in rapidly urbanizing communities.

The remainder of this chapter is assembled as follows: The overall framework opted
for in this chapter is described in Section 5.2. The data used explicitly for this chapter
is mentioned in Section 5.3. Followed by it, Section 5.4 describes the method of cou-
pling the inundation results from Chapter 4 with the population and rice cultivation
data mentioned in Section 5.3. Section 5.5 elaborates on the impact assessment on the
affected population and agriculture with respect to the d4PDF climate data for both
high- and low-frequency return periods and different flood depths.
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5.2 Framework for exposure assessment

This section aims to determine the probabilistic flood exposure to population and agri-
culture. In particular, low- and two high-frequency return periods assessment is car-
ried out at different flood levels for the demography and agricultural crop. The overall
methodological framework opted in the study is shown in Fig. 5.1.
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Figure 5.1: Methodological framework opted in this chapter for the demographic and
agriculture exposure assessment for (a) 2011 flood and (b) d4PDF past and future cli-
mate in the LCPRB.
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5.3 Exposure data

The simulated floods for different return periods are taken from the outputs of Chap-
ter 4. In addition, the two other data used as input in this study for the exposure
assessment are the population density and the rice production area in the LCPRB. In a
large-scale area, satellite remote sensing data appears to be creating spatially accurate
visualizations of the localized consequences of damage caused by floodswith adequate
spatial resolution (Wang et al., 2022). Hence, this study uses satellite data for the eval-
uation of demographic and agricultural exposure for accurate visual representations,
considering its spatial dimension in the LCPRB.

5.3.1 Population data

Figure 5.2: Spatial population distribution in the LCPRB based on the GWP SEDAC
dataset for (a) 2010 and (b) 2100 (SSP5) (the red cross in both (a) and (b) represents the
C2 station).

Population density data to analyze past and future population exposure in the LCPRB
is required for the demographic exposure assessment. However, the governmental
population data is not publicly available (Tierolf et al., 2021), including the future pro-
jections of these data in many Southeast Asian countries. Therefore, as a widely avail-
able dataset, the Gridded Population of the World (GPW) from the Socioeconomic
Data andApplications Center (SEDAC) at 30 arc-seconds (~ 1-km) resolution (https://
sedac.ciesin.columbia.edu/data/collection/gpw-v4) is employed. For 2011 and past
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climate cases, the data for 2010were utilized as population estimates available for 5 tar-
get years: 2000, 2005, 2010, 2015, and 2020 in GPW version 4. The gridded population
for depths greater than 0m is shown in Fig. 5.2 for (a) 2010 and (b) 2100. The number of
people and projected number of people are 19,510,069 for 2010 and 13,523,685 for 2100,
respectively. The figures clearly show that the projected 2100 population is going to
decrease, especially in the central and northern parts of the LCPRB.

The dataset further includes future gridded projections of the population based on
the Shared Socioeconomic Pathways (SSP) scenarios. These projections are calculated
based on a parameterized gravity-based downscaling model to generate spatial pop-
ulation change projections that are quantitatively consistent with SSP national popu-
lation and urbanization projections, and qualitatively consistent with SSP narrative
assumptions about spatial development patterns (Gao and O’Neill, 2021; Gao and
O’Neill, 2020; Jones andO’Neill, 2016). For future predictions, data for the SSP5 (fossil-
fueled development) scenario for the year 2100 are used because the +4K increase sce-
nario corresponds to RCP 8.5 towards the end of the century.

5.3.2 Agricultural data

Figure 5.3: Landuse map modified based on LDD data for 2015 in the LCPRB (the red
cross represents the C2 station).
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The rice cultivation data for the whole of Thailand is taken from the Geo-Informatics
and Space Technology Development Agency (GISTDA) (https://rice.gistda.or.th),
which is further masked to LCPRB for the utilization in this study. The data available
and used in this study is for the year 2023. Rice is the major crop in the region;
therefore, wet-season rice is used as the crop for agriculture exposure assessment in
the LCPRB. For further reference, the landuse map produced in the data from the
Land Development Department (LDD) is shown in Fig. 5.3. In the north and central
part of the CPRB, the rice area does not increase due to the higher cost of inputs,
including fertilizer, pesticides, and energy. In addition, Yuan et al. (2022), states that
there is stagnant rice cultivation in south-eastern countries such as Thailand, Vietnam,
Myanmar and the Philippines. Therefore, in this study, we assume that the rice
cultivation area is constant (i.e., 2023 cultivation area) for the 2011 flood event, d4PDF
past and future climate rice exposure. Fig. 5.4 shows the percentage rice cultivation
coverage in the LCPRB in 2023, and the total rice cultivation area is about 11,172 km2.

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

25

50

75

100
% rice coverage

Figure 5.4: Percentage rice cultivation area based on GISTDA data for 2023 in the
LCPRB (the red cross represents the C2 station).
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5.4 Methodology for exposure assessment

5.4.1 Population exposure

To understand the effects on the population, this study investigates the exposed pop-
ulation to the 2011 flood. The translation of inundation depths to population exposure
is based on gridded SEDAC population data as mentioned in Section 5.3. Similarly,
both the past and future climate simulations are translated into population exposure
for different inundation depths (based on the results of Chapter 4) for flood exposure
assessment. The 2010 population density data is used for the estimation of 2011 and
past climate floods, whereas the 2100 projected data is for the SSP5 “Taking the High-
way” scenario. Different flood levels are analyzed in the study to have a clear depiction
of exposure. For the population exposure assessment, three cases of depth greater than
0 m, 0.45 m, and 3 m are analyzed as in Chapter 4.

5.4.2 Agricultural exposure

From inundation simulations in Budhathoki et al. (2023), the inundation depth, area,
and duration are calculated for 2011, and d4PDF past and future climate experiments
for the depth greater than 0.5 m for high-frequency events (5-year and 10-year) and
low-frequency events (50-year and 100-year) using the inundation simulation model
IMCR as mentioned in Chapter 4. Overall performance of extreme river discharge and
inundation extent in 2011 are validated (Budhathoki et al., 2022 ; Budhathoki et al.,
2023). These inundation simulation results are then overlaid with rice cultivation data
to derive into flood rice exposure in each experiment. As for the assessment on damage
estimation on rice cultivation (which is done in Chapter 6), fragility curves estimated
in the Philippines andMyanmar show no damage below 0.5; therefore, rice cultivation
area with flood water depth larger than 0.5 m is counted as exposure. Hence, in this
chapter, a threshold of 0.5 m is set for the evaluation.

5.5 Results and discussion

This section explores the exposure assessment for different return periods and depths
for two major aspects. The demographic and agricultural aspects are explored for the
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2011 flood, d4pDF past and future climate.

5.5.1 Population exposure assessment

5.5.1.1 2011 population exposure

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

2011 exposed
population

<100

100−300

300−500

500−1000

1000−5000

>5000

Figure 5.5: Population exposure map of 2011 flood (the red cross represents the C2
station).

Thailand’s 2011 flood presents comprehensive examples of how water resources may
materialize in a complicated matter of geography, culture, and political management
through flood catastrophes. With continuous flooding occurring in Thailand, it saw
its worst floods in more than half a century. The inundation information, thus over-
laying population information in the basin, is crucial for the evaluation of flood risks.
Such assessments are highly needed to avoid any impulsive decisions, considering the
demographic situation (Smith et al., 2019). Therefore, to understand the effects on the
population, this study looks into the exposed population in the 2011 flood. Fig. 5.5
shows the population exposure map throughout the LCPRB, which is calculated by
overlaying the flood inundation area with the population data for the 2011 flood. This
figure indicates that most of the population that surrounds Bangkok (the central lower
part of the basin) is more highly affected than the northern part of the LCPRB. The total
number of populations exposed below C2was found to be 8,832,743 for depths greater
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than 0 m.

5.5.1.2 d4PDF past and future population exposure

(a) (b)

Figure 5.6: Cumulative frequency distribution plots for d4PDF past and future climate
with respect to the exposed population for (a) SSP5 projected population and (b) con-
stant population as d4PDF past climate.

Following the 2011 population exposure, this study examines the population exposure
for the d4PDF past and future scenarios for different flood depths and return periods.
Towards the end of the century, based on the projected population for SSP5, the pop-
ulation exposed is likely to decrease. Fig. 5.6 (a) clearly shows the decrease in future
population compared to past climate for all SST GCMs. It is expected to be around 0.6–
0.9 times and 0.6–1.1 times compared to the past climate for different SST ensembles in
high-frequency and low- frequency return period and depth greater than 0 m, respec-
tively, as shown in Table 5.1. Similar results are expected for depths greater than 0.45
m and 3 m. This states that even with the increase in depth, the exposed population
ratio is expected to be similar.

Table 5.1 shows the overall change in population exposure in the future climate with
respect to the past climate. The total population exposed to flood inundation is ap-
proximately 5,585,602 nos. (depth > 0 m), 3,692,536 nos. (depth > 0.45 m), and 210,326
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nos. (depth > 3 m) for the 100-year return period in the past climate. The d4PDF past
climate shows that Bangkok and its nearby provinces are more highly populated than
the upstream region. However, due to the presence of King’s Dyke surrounding the
Bangkok region, people in this region are less likely to be affected by river flooding.
However, moving toward the Ayutthaya and Saraburi (central and eastern) regions,
where a large industrial, agricultural, and residential area lies, the exposed population
due to flooding is higher.

Table 5.1: Changes in future exposed population (projected population for SSP5 sce-
nario) with respect to past climate population. The past columns show the absolute
values (in number of people) and the columns for the six GCMs show the change fac-
tor.

Change in exposed population
(projected population for SSP5)

Depth
[m]

Return
Period
[years]

Past
[Nos.]

CC GF HA MI MP MR

> 0 5 2705415 0.7 0.8 0.7 0.6 0.6 0.7
10 3384710 0.8 0.9 0.8 0.6 0.7 0.8
50 4619138 1.0 1.1 1.0 0.6 0.9 1.0
100 5585602 0.9 1.0 0.9 0.6 0.9 1.0

> 0.45 5 1830604 0.7 0.8 0.7 0.6 0.6 0.7
10 2294965 0.8 0.9 0.8 0.6 0.7 0.8
50 3129120 1.0 1.1 0.9 0.6 0.9 0.9
100 3692536 1.0 1.0 0.9 0.6 0.9 0.9

> 3 5 115637 0.7 0.7 0.7 0.5 0.6 0.7
10 130256 0.7 0.9 0.8 0.6 0.6 0.7
50 172704 0.9 1.0 0.9 0.6 0.8 0.9
100 210326 0.7 0.8 0.8 0.7 0.7 0.8

Additionally, this study also looked into the impact on the exposed population in the
future, keeping the change in population constant for different depths, as shown in
Table 5.2. Fig. 5.6 (b) shows that if the population is kept constant as present climate
then the population exposure is likely to increase for all SST GCMs and the results are
likely to be completely different than Fig. 5.6 (a). In addition, for a high-frequency
return period, the change in exposed population in the future is likely to rise by 1.3
times and for a low-frequency return period, it is likely to rise by 1.5 times the past
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climate-exposed population for depths greater than 0 m and 0.45 m. Similarly, for
depths greater than 3 m, the exposed population is likely to increase by 1.1 times and
1.3 times for high-frequency and low-frequency events, respectively.

Table 5.2: Changes in future exposed population (constant population as past) with re-
spect to past climate population. The past columns show the absolute values (in num-
ber of people) and the columns for the six GCMs show the change factor.

Change in exposed population
(constant population as past)

Depth
[m]

Return
Period
[years]

Past
[Nos.]

CC GF HA MI MP MR

> 0 5 2705415 1.2 1.5 1.3 1.0 1.1 1.3
10 3384710 1.4 1.6 1.4 1.0 1.2 1.4
50 4619138 1.7 1.9 1.6 1.0 1.5 1.7
100 5585602 1.6 1.6 1.5 1.0 1.5 1.6

> 0.45 5 1830604 1.2 1.4 1.3 1.0 1.1 1.2
10 2294965 1.4 1.6 1.4 1.0 1.1 1.3
50 3129120 1.6 1.9 1.5 1.0 1.5 1.6
100 3692536 1.6 1.6 1.4 1.0 1.5 1.6

> 3 5 115637 1.1 1.2 1.1 0.9 1.0 1.1
10 130256 1.2 1.4 1.3 1.0 1.1 1.2
50 172704 1.4 1.6 1.4 1.0 1.3 1.4
100 210326 1.2 1.4 1.3 1.1 1.3 1.3

In this case, the increasing ratio is constant between area and exposure, and hence,
the added inundation area, especially towards the southern part of LCPRB, should be
similarly populated. This also states that for the projected population case, the climate
change impact may cancel the impact of population exposure due to the decline in
population towards 2100. The population growth of the SSP5 scenario for Thailand
based on fertility, mortality, migration, and education scenarios (Jones and O’Neill,
2016; Kc and Lutz, 2017) is used as an input in the study. Since Thailand is grouped
under “low fertility countries,” where the population growth rate is expected to be low
towards the end of the century, this study also shows a similar rate for the exposed
population.

Fig. 5.7 shows the past climate population exposure maps for (a) 5-year, (b) 10-year,
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Figure 5.7: Population exposure to past floods for the d4PDF (a) 5-year, (b) 10-year,
(c) 50-year and (d) 100-year return period with respect to depth > 0 m (the color bar
represents the population in nos. and the red cross represents the C2 station).
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(c) 50-year, and (d) 100-year return periods. For the past climate exposure for different
return periods, it is clear that the urban region (central southern part), which also con-
tains the capital city, is highly exposed to depths greater than 0 m. However, towards
the end of the 21st century, the intensification is less for both high- and low-frequency
events than in the past climate. This may be due to the decrease in population towards
the end of the century. However, it can be clearly observed that low-frequency events
like 2011 will have a larger population exposure than the more commonly occurring
high-frequency events. Fig. 5.8 (a-f) and Fig. 5.9 (a-f) show the future gridded exposed
population maps to depths greater than 0 m flooding for 10-year and 100-year respec-
tively. Other maps of the 5-year and 50-year return periods are shown in Fig. A.3 (a-f)
and Fig. A.4 (a-f) respectively. Hence, managing riverine flooding in addition to urban
flooding is likely to be a challenge, especially with the increase in urban population.
Therefore, to reduce the increased incidence of the exposed population to flooding,
reliable flood mitigation and adaptation strategies are required.

Research carried out for 100-year flood-exposed populations under climate change in
14 main catchments around the globe using SEDAC gridded population data similar
to this study shows that there is a decrease in population exposed to flooding in the
catchments that contain dams. Boulange et al. (2021) and Tierolf et al. (2021) state
that in Thailand, after 2040, similar to decrease in flooding, the exposed population is
expected to decrease by 11%. Whereas, in contrast, Gu et al. (2020) states that there is
an increase in extreme flood exposure to the population and a decrease in population
exposure to moderate floods. There was an increase of 11.6% and 9.7% in the exposed
population with respect to flood magnitude in the SSP5 scenario. Future analyses of
risks associatedwith global floodswould also profit from the development of plausible
future population projections that consider population behavior in terms of migration,
adaptation, movement during warning measures, etc.
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Figure 5.8: Population exposure to future floods for six SSTGCMs (a) CC, (b)GF, (c)HA,
(d) MI, (e) MP and (f) MR with respect to the d4PDF 10-year return period and depth
> 0 m (the color bar represents the population in nos. and the red cross represents the
C2 station).
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Figure 5.9: Population exposure to future floods for six SST GCMs (a) CC, (b) GF, (c)
HA, (d) MI, (e) MP and (f) MR with respect to the d4PDF 100-year return period and
depth > 0m (the color bar represents the population in nos. and the red cross represents
the C2 station).
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5.5.2 Agricultural exposure assessment

5.5.2.1 2011 agriculture exposure
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Figure 5.10: Agriculture exposure map of 2011 flood (the red cross represents the C2
station).

Rice has been a major crop in Thailand, providing for the local people as well as ex-
porting internationally. In 2011, rice cultivation faced a huge loss due to the prolonged
duration of floods. The exposed duration of the flood in rice cultivation during the
2011 flood was approximately 68 days. As stated above, the rice cultivation area in the
region is saturated; hence, for the past and future, we will use the same rice cultivation
area as in 2023 for 2011, the past, and 4 degree rise future. Fig. 5.10 shows the exposed
rice cultivation area for the year 2011. The exposed area is 4879 km2 for a depth greater
than 0.5 m.

71



Chapter 5. Demographic and agriculture exposure assessment

5.5.2.2 d4PDF past and future agriculture exposure

(a) (b)

Figure 5.11: Cumulative frequency distribution plots for d4PDF past and future climate
with respect to the (a) exposed area and (b) average duration.

After the 2011 exposure assessment to rice cultivation, d4PDF past and future assess-
ments are carried out in this study for depth greater than 0.5 m with the inundation
simulation results and rice cultivation area in the region. The inundation simulation
results are taken from Budhathoki et al. (2023) and the rice cultivation data is taken
from GISTDA as mentioned in Section 5.3. As shown in Table 5.3 and Fig. 5.11, GF has
the highest increase in rice exposure, while the MI shows similarity to past climate.
Fig. 5.11 (a) clearly illustrates that for the same cumulative probability, future rice ex-
posure is likely to be greater. This could severely affect the rice-dependent regions,
as Thailand is one of the major rice-exporting countries. It is interesting to note that
the 2011 simulated rice exposure is higher than the past d4PDF case, which states that
2011 was one of the worst hits in terms of rice exposed area in the past few decades.
Fig. 5.11 (b) also clearly shows that even by a few days, for the same cumulative prob-
ability, the future exposed average duration is likely to be more than the past climate.
The increase in exposed duration increases with the increase in the return period. It is
interesting to note that even though MI is similar to the past climate in terms of flood
area (also peak discharge or flood volume in Chapter 3), duration in MI is longer than
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that in the past climate. This is also common with Section 3.6 flood duration analysis.

Table 5.3: Changes in future agriculture exposed rice area and average duration with
respect to past climate. The past column show the absolute values (in sq. km. and no.
of days, respectively) and the columns for the six GCMs show the change factor.

Return
Period
[years]

Past CC GF HA MI MP MR

Change in exposed rice area
5 1684.0 1.4 1.7 1.5 1.0 1.2 1.4
10 2613.4 1.2 1.4 1.3 1.0 1.1 1.2
50 3363.7 1.3 1.4 1.2 1.0 1.2 1.3
100 3638.2 1.2 1.4 1.2 1.0 1.2 1.3

Change in exposed average duration
5 30.2 1.1 1.2 1.1 1.0 1.1 1.1
10 33.1 1.2 1.2 1.1 1.1 1.1 1.1
50 37.7 1.2 1.3 1.2 1.1 1.2 1.2
100 39.6 1.2 1.3 1.2 1.1 1.3 1.2

The d4PDF past climate rice exposure area is 1684 km2, 2613 km2, 3363 km2, and 3638
km2 for the 5-year, 10-year, 50-year, and 100-year return periods, respectively. Table
5.3 shows the change in rice exposure for high and low-frequency flooding events with
respect to the past climate for depths greater than 0.5 m. Almost all the cases of SST
GCMs show an increase in rice exposure. Results show that rice exposure is likely
to increase 1-1.7 times and 1-1.4 times in the future climate compared with the past
climate for high- and low-frequency, respectively. On average, even though there are
fewer exposed areas, higher increases are likely to be expected for the high-frequency
events than the low-frequency events.

Moreover, in addition to evaluating the rice-exposed area, this chapter also assesses the
average duration of the rice exposure. As shown in Table 5.3, with respect to the past
climate, the average exposed duration is likely to increase in the future. The exposed
average duration for rice is expected to increase about 1-1.2 times and 1.1-1.3 times the
past climate for the high and low-frequency events, respectively. The future expansion
of rice cultivation in the area will surpass the average duration of exposure. This might
be attributed to the proximity of the rice fields to the river channel, which accelerates
the drainage of water through the river, leading to this outcome.
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Figure 5.12: Comparison between inundation area and rice exposed area for past (HPB)
and future (HFB) climates (all six SST GCMs for the future climate experiment).

The relationship of d4PDF past/future exposed area and inundation area is plotted in
Fig. 5.12 to explore how flood area is translated into rice exposure area. The blue color
(HPB) indicates the past climate whereas the red color (HFB) indicates the future cli-
mate of all six SST GCMs. Obviously, the rice-exposed area is less than the inundation
area. Furthermore, both past and future climate experiments have a similar linear re-
lationship. Consistent relations between past and future climates imply that exposed
areas simply increase as flood areas expand in the LCPRB.
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Figure 5.13: Rice exposure to past floods for the d4PDF (a) 5-year, (b) 10-year, (c) 50-year
and (d) 100-year return period with respect to depth > 0.5 m (the color bar represents
the exposed inundation depth in meters and the red cross represents the C2 station).

Fig. 5.13 illustrates the d4PDF past inundation for high-frequency return periods ((a)
5-year and (b) 10-year) and low-frequency return periods ((c) 50-year and (d) 100-year).
The d4PDF future rice exposure for six different SST GCMs is shown in Fig. 5.14 (a-
f) for the 10-year return period and Fig. 5.15 (a-f) for the 100-year return period. As
expected, the exposed area increases with the return period. The 5-year and 50-year
exposure maps are shown in Fig. A.5 (a-f) and Fig. A.6 (a-f), respectively. It clearly
shows that the future exposure to rice cultivation areas is going to be greater. In addi-
tion, with the increase in the return period, the exposed area is also increasing, affecting
a large rice cultivation area.
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Figure 5.14: Rice exposure to future floods for six SST GCMs (a) CC, (b) GF, (c) HA, (d)
MI, (e) MP and (f) MR with respect to the d4PDF 10-year return period and depth > 0.5
m (the color bar represents the exposed inundation depth in meters and the red cross
represents the C2 station).
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Figure 5.15: Rice exposure to future floods for six SST GCMs (a) CC, (b) GF, (c) HA,
(d) MI, (e) MP and (f) MR with respect to the d4PDF 100-year return period and depth
> 0.5 m (the color bar represents the exposed inundation depth in meters and the red
cross represents the C2 station).

A study in the Philippines also highlights that the decrease in crop exposure leading to
decreased crop production is mainly due to the enlarged inundation area along with
the submergence period. This could also be a reason for future decreases in the land
that is available for irrigated lowland crop varieties (Wang et al., 2022). Another study
with a similar climate in the Mekong River Basin also states that almost 39% of the rice
farming land is in threat, especially 24% of the rice area, which is exposed to sustained
floods lasting more than 3 months (Wassmann et al., 2019). Shrestha et al. (2019) also
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states that floods occur almost every year in LCPRB, affecting large crop areas, and
hence flood risk assessment in agriculture areas is critical in this basin for planning
and implementing mitigation measures and preparedness efforts to avoid future flood
damage to crops.

5.6 Conclusions

The LCPRB inhabits a large population and is part of the rice bowl of Thailand. Due
to several opportunities, a lot of people reside in the capital city and its surrounding
provinces. This chapter analyzes the impact on the population by combining climate
projections with population projections. This chapter incorporates the impact on agri-
culture, particularly rice coupling, with its cultivation area and climate projections.

Future low-frequency events such as 50-year and 100-year flooding for +4K rise are
likely to bemore severe in terms of exposed area and duration compared to the past cli-
mate. The exposed population in the future is likely to decrease 0.7–0.9 times as much
as the past climate across all return periods and SST GCMs for depths greater than 0m.
Similar results are expected for depths greater than 0m and for depths greater than 0.45
m and 3 m. However, the analysis conducted by keeping the population change con-
stant in the future suggests that the flood exposure is likely to increase by 1.2 times for
high-frequency and 1.5 times for low-frequency floods on average for depths greater
than 0 m. This states that the climate change impact is significant in the basin as is the
demographic change. Due to the decrease in projected population towards the year
2100, the climate change impact nullifies with population exposure. The overall anal-
ysis of this study indicates that higher return period events are expected to affect more
people than lower return period events, even if combined effects of climate change and
population loss will not increase overall population exposure.

The low- and high-frequency event analysis for the rice exposure is carried out in this
study, and the results clearly show the increase in rice exposure area in the future with
respect to past climate. On average, rice exposure is expected to increase 1.3 times for
high-frequent events and 1.2 times for low-frequent events in terms of exposed areas
for six SSTGCMs. On the other hand, the exposed average duration for rice is expected
to increase 1.1 times and 1.2 times in the futurewith respect to high- and low-frequency
events, respectively. The increase in exposed rice area in the future is higher than the

78



5.6. Conclusions

exposed average duration. This could be because the rice area is near the river channel,
causing the water to drain through the river channel faster.

This states that the future exposure for population is likely to decrease with the trend
in decreasing population. However, keeping the constant population as past climate
and constant rice cultivation area, the exposure is likely to increase in the future, caus-
ing suffering and higher losses to the local people. Therefore, actions are required in
terms of structural and non-structural measures for better adaptation and mitigation
approaches to support the inhabitants by the respective agencies andministries. In ad-
dition, there is uncertainty in hazardmodels, which is brought onmainly by an incom-
plete representation of complicated local drainage networks, which limits evaluations
of flood exposure. Population data may also be uncertain due to the use of a global
data set. In addition, the effect on rice cultivation is also likely to worsen affecting the
local as well as global rice-dependent nations.

79





Chapter 6

Agricultural damage assessment in
the LCPRB

This chapter aims to assess the economic damage to agriculture production in the
LCPRB and to develop a flood risk curve for an agricultural crop. Rice is used as the
major agricultural crop in the LCPRB, therefore, its economic damage based on flood
depth and duration is evaluated in the region. The whole CPRB is considered a rice
bowl of Thailand, and the LCPRB also consists of a significant amount of rice culti-
vation land. In the LCPRB, flooding due to climate change has a large impact on rice
cultivation, leading to decreased yield and production for the local people as well as
exports. This reduction has severe monetary damage, which ultimately impacts the
GDP of the nation. For the 2011 flooding, the simulated results show economic dam-
age of 11.25 billion THB for rice cultivation in the LCPRB. Future damage will likely
increase by 1.2–1.4 times the past climate. Future results for extremely low-frequency
events show higher damage than the 2011 flooding, where the 2011 flooding is likely to
be one of the most extreme cases in terms of damage with respect to the past climate.
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6.1 Introduction

Globally, the effects of climate change have gradually increased in recent years, increas-
ing the intensity and frequency of severe events (Abeysekara et al., 2023). Droughts,
floods, heat waves, and other catastrophic natural catastrophes might occur if com-
ponents causing climate change are not quickly eliminated. Flood events, in particu-
lar, have continued to wreak devastation in many regions and countries (Adelodun et
al., 2023). Furthermore, the agricultural sector has been severely impacted by flood-
ing brought on by climate change, and this situation is only predicted to get worse in
the future. The prevalence and severity of flood catastrophes have increased in recent
decades, particularly in South and Southeast Asia, and are expected to increase fur-
ther in the next few decades (Ahmad et al., 2023). Natural resource-based developing
nations are more likely to be hit hard by climate change-induced flooding in agricul-
ture than more prosperous nations. To begin with, agriculture is the primary source of
income for a larger proportion of people residing in developing countries. Secondly,
the agricultural sector is the backbone of many developing countries’ economies, and
thirdly, these countries have less adaptive capacity to cope with the effects of climate
change than the developed nations (Abeysekara et al., 2023; Ahmad et al., 2023). Crop
yield and production have pounding repercussions due to the increase in depth and
duration of floods, which is the resulting effect of climate change.

Southeast Asia has been locally consuming a decent amount of rice and contributing to
40% of global rice exports for the past 50 years (Yuan et al., 2022). Additionally, studies
report that climate change susceptibility is causing a 10% decline in grain yields, par-
ticularly in Southeast Asia (Eka Suranny et al., 2022), whereas globally, rice demand
is increasing by 30% (Yuan et al., 2022). Hence, there is a major question about South-
east Asia continuing to be a major rice exporter amidst the changing climate, stagnant
yields, and saturated cultivation land. To reduce future flood damage to agriculture,
a quantitative estimate of economic damage and risk under climate change is highly
needed.

Thailand’s economy remains greatly dependent on agriculture, particularly for jobs in
the area, despite the country having achieved great progress in recent years (Tingting
and Chuang, 2010). The LCPRB is an important region - a considerable number of
people reside here as it is home to a number of significant industries and large agricul-
tural areas, including the capital city Bangkok. It also includes the Chao Phraya Delta,
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which is regarded as one of the world’s principal rice-exporting areas (Kotera et al.,
2016).

Therefore, this chapter aims to achieve a probabilistic assessment of economic dam-
age to agriculture production due to floods in the LCPRB. Rice has been an important
plantation in the LCPRB, and with the limited availability of data, this study is carried
out using only rice cultivation data. An in-depth study of probabilistic return periods
along with a few low (50-year and 100-year) and high (5-year and 10-year) frequency
events particularly to calculate the change and visualize spatial maps have been ana-
lyzed for further assessment. In addition to the evaluation of flood inundation, there
is a necessity for a thorough flood risk evaluation with the available hazard and vul-
nerability data. Hence, to address this, this study also identifies the risk curve for rice
cultivation due to floods that are affected by climate change. The result of the transla-
tion of the inundation assessment (Chapter 4) to the rice exposure assessment (Chapter
5) has been used in this study to identify the rice damage assessment due to climate
change impacted floods, including the flood risk curve.

The remainder of this chapter is assembled as follows: The overall framework opted
in this chapter is explained in Section 6.1.1. In addition, after the explanation of agri-
cultural data used, particularly for this chapter in Section 6.2, Section 6.3 describes
the evaluation criteria used in this study for economic damage assessment. Section
6.4 explains the results of damage assessment validation by comparing them with the
2011 flood damage and its application to assess the probabilistic agricultural economic
damage and risk in the LCPRB.

6.1.1 Framework for agricultural economic damage assessment

This section aims to explain the framework for economic damage assessment for agri-
cultural products (i.e., rice). The assessment is carried out for flood levels greater than
0.5 m. The overall methodological framework is shown in Fig. 6.1.
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Figure 6.1: Methodological framework opted for the agriculture damage assessment
for (a) 2011 flood as model validation and (b) d4PDF past and future climate in the
LCPRB.
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6.2 Fragility curve, cropping calender and rice data
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Figure 6.2: Heatmap produced with the fragility curve data for rice growing period
in Philippines (values taken from Shrestha et al., 2019), Myanmar (values taken from
Shrestha et al., 2021) and Japan (values taken MLIT, 2005).

Firstly, the economic assessment of rice cultivation is carried out based on the rice dam-
age curve from various studies. The estimates are carried out in correspondence with
damage as a function of inundation depth andduration. This fragility curve is based on
a study of the Philippines, which was also tested in Thailand by Shrestha et al. (2019).
In addition, this chapter also evaluates agriculture damage based on the fragility curve
for Myanmar (Shrestha et al., 2021) and Japan (MLIT, 2005) to ensure an in-depth study
based on depth and duration in Thailand using fragility data of different countries.
Fig. 6.2 shows the fragility curve for the rice damage at the maturity stage, which is
a function of exposed depth and duration based on (a) Philippines, (b) Myanmar, and
(c) Japan (MLIT, 2005; Shrestha et al., 2021, 2019). In Fig. 6.2 (a-c), the x-axis shows
the duration in days, the y-axis shows the depth in meters and each colored bin repre-
sents the yield loss at their respective depth and duration. All three fragility data were
tested with the exposure maps for different return periods to calculate the damage
in the basin. In addition, Fig. 6.3 shows the modified cropping calendar for Thailand
based on recent studies in Thailand (Shrestha et al., 2019; Som-ard et al., 2022). The har-
vest per unit area in Thailand is 2885 kg/ha, and the farm gate price is 10.18 THB/kg
based on SEARCA (2015) and Shrestha et al. (2019), respectively.
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Figure 6.3: Cropping calendar for wet and dry rice in Thailand (modified based on
Shrestha et al, 2019 and Som-ard et al., 2022).

6.3 Methodology for agricultural economic damage assess-
ment

Agricultural damage assessment is carried out using rice exposure assessment for var-
ious return periods in the LCPRB along with various crop data. As stated in Chapter
5, the exposure assessment is carried out based on the rice cultivation data of the year
2023, and hence the damage assessment is also quantified based on the same due to
limited data availability. Similar to the exposure assessment, flood depth less than
0.5 m is omitted for the rice damage assessment. The wet season rice is considered to
be the major crop in the basin (as stated in Chapter 5) and hence this chapter further
evaluates the economic damage of rice. There are several parameters to assess the eco-
nomic damage, such as the unit price per harvest, unit harvest, and unit cultivation
area, which are mentioned in Section 6.2. The farm area is calculated as the percentage
of rice cultivation area in each grid. The grid size is 4 km2 as the grid size of the in-
undation simulation. In addition to these, another important parameter is the fragility
curve, which is based on the function of exposed depth and duration in the basin as
mentioned above.

Eq. (6.1) shows the equation to calculate the agricultural economic damage in terms of
Thai Baht (THB) for the 2011, d4PDF past and future climate.

𝐷 = 𝐻 ∗ 𝑃 ∗ ∑
𝑖

[𝑎𝑖 ∗ 𝑓(ℎ𝑖, 𝑑𝑖)] (6.1)

where 𝐷 is the damage in amount, 𝐻 is the harvest per area (kg/ha), 𝑃 is the farm
gate price per harvest (THB/kg), 𝑎𝑖 is the farm area per grid, ℎ𝑖 is the depth in the
exposed grid (m), 𝑑𝑖 is the duration in the exposed grid (days), and 𝑓 is the function
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of the fragility curve.

According to the cropping calendar of Thailand, the rice cultivation months are from
May/June to mid-September/November for wet-season rice. The maturing stage of
the rice is considered to be from95 to 135 days from cultivation (Shrestha et al., 2019) un-
til the harvest period. Therefore, utilizing the agricultural calendar and the flood sea-
son in Thailand, the evaluation of damage is estimated from the mid-season (Septem-
ber to November) until the harvest season, as shown in Fig. 6.3. The agricultural dam-
age in the 2011 flood is estimated using the fragility curve in the Philippines (Fig. 6.2
(a)) and verified with the results of Shrestha et al. (2019), followed by the estimation
using the Myanmar (Shrestha et al., 2021) and Japan (MLIT, 2005) fragility values to
look into a comprehensive assessment based on various spatial regions. Then the agri-
cultural damage assessment for the d4PDF past and future climate experiments is per-
formed for several return periods using all three fragility curves. The damage maps
for 10-year and 100-year return periods are produced in this study based on the Philip-
pines’ fragility data. As indicated in Eq. (6.1), this chapter assumes that the farm gate
price per harvest 𝑃 , harvest per area 𝐻 , and farm area per grid 𝑎𝑖 are constants be-
tween the past and future climate assessment experiments.

6.4 Results and discussion

This section unravels the agriculture damage assessments for different return periods
and depths. The economic damage is analysed for the 2011 flood, d4PDF past and
future climate.
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6.4.1 2011 agricultural economic damage assessment
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Figure 6.4: Agriculture damage for 2011 flood (the green cross represents the C2 sta-
tion).

The 2011 rice economic damage is assessed using simulated inundation coupled with
the rice cultivation area, which is further converted in terms of loss using the fragility
curve for rice crops during the maturity stage. The analysis done for depths greater
than 0.5 m shows that the total simulated damage for the whole LCBRB is 10.25 bil-
lion THB for rice. The reported damage for the whole CBRB was 26.6 billion THB
(Shrestha et al., 2021) in 2011, which is approximately 2.6 times the simulated damage
in this study for the LCPRB. Considering only the LCPRB area, this value seems to be
justifiable as the LCPRB (~ 50,000 km2) is also 1/3 of the CPRB (~1,70,000 km2). For
validation, Shrestha et al. (2019) also shows that the total rice damage with respect to
their simulated results is about 32 billion THB. Fig. 6.4 shows the agricultural damage
for rice in the LCPRB based on the inundation simulation results from Chapter 4 and
the Philippines fragility curve. In addition, the yield loss for rice is again tested for
the other two spatial regions. Using the fragility curve for Myanmar, the 2011 flood
damage to agriculture is estimated to be 3.75 billion THB, which is quite low in com-
parison to the Philippines case. The fragility curve information for Myanmar based
on Shrestha et al. (2021) mentions this could be due to the wind effect of the typhoons.
However, similar to the damage estimation based on the Philippines, Japan also shows
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a reasonable damage estimation, which is approximately 10.20 billion THB.

It is also worth noting that the flood depth in the southwest region is shallower than
the northeast region in general for the 2011 exposure assessment (Fig. 5.10), while the
damage is similar (Fig. 6.4). This may be due to the longer flood duration in both
regions.

6.4.2 d4PDF past and future agricultural economic damage assessment

Figure 6.5: Flood risk curve for agriculture damage based on fragility curve for (a)
Philippines, (b) Myanmar and (c) Japan.
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After the validation of the 2011 rice damage assessment, d4PDF past and future dam-
age was evaluated for flood depth greater than 0.5 m in the LCPRB. Rice damage is
likely to increase by about 1-1.7 to 1-1.5 times than the past for high- and low-frequency
events, respectively, across all six SST GCMs based on the Philippines fragility curve.
For all three spatially different yield loss values, on average, both high and low fre-
quencies are likely to increase by about 1.3 times the past climate, which is huge in
terms of monetary value. Similar to the exposure assessment for rice, GF shows the
highest increase in economic damage, while MI shows a similar trend to the past cli-
mate. The rest of the GCMs lie betweenMI andGF, as shown in Fig. 6.5. In addition, as
mentioned in Chapter 5 the duration in MI is longer than in the past climate; however,
the resulting damage is similar to the past climate. This result is because not only is
the flood duration crucial but flood area and depth are also important factors. In this
case, it is worth noting that flood extent and depth play a significant role in damage
estimation.
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Figure 6.6: Agricultural damage based on three spatial regions (Philippines, Myanmar
and Japan) with respect to four return periods (5-year, 10-year, 50-year and 100-year).

Fig. 6.6 and Table 6.1 show the change in damage for d4PDF future climates with re-
spect to the past climate for different high- and low-frequency return periods and dif-
ferent fragility curves based on region. In the 5-year and 10-year return periods, dam-
age shows approximately 3.3 and 5.1 billion THB (Philippines fragility curve), 1.3 and
2 billion THB (Myanmar fragility curve), and 3.5 and 5.5 billion THB (Japan fragility
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curve), respectively. Whereas for 50-year and 100-year return periods, as expected,
the damage shows a higher value of approximately 6.7 and 7.3 billion THB (Philip-
pines fragility curve), 2.7 and 2.9 billion THB (Myanmar fragility curve), and 7 and 7.6
billion THB (Japan fragility curve), respectively. However, it is interesting to note that
even though the damage amount for Myanmar is different than the other two simi-
lar (Philippines and Japan) cases, the change in damage is similar. For both high and
low frequencies, it is evident that the increase in damage with consideration of climate
change scenarios is likely to be between 20 and 30% for the Philippines, Myanmar, and
Japan cases.

Table 6.1: Past and future changes in agriculture economic damage based on three
fragility curves of the Philippines, Myanmar and Japan. The past columns show the
absolute values (billion THB) and the columns for the six GCMs show the change fac-
tor.

Change in agriculture economic damage
Fragility
Curve

Return
Period
[years]

Past
[Billion
THB]

CC GF HA MI MP MR

Philippines 5 3.3 1.4 1.7 1.5 1.0 1.2 1.4
10 5.1 1.2 1.4 1.3 1.0 1.1 1.2
50 6.7 1.3 1.5 1.2 1.0 1.2 1.3
100 7.3 1.2 1.4 1.3 1.0 1.2 1.4

Myanmar 5 1.3 1.4 1.7 1.5 1.0 1.2 1.4
10 2.0 1.3 1.4 1.3 1.0 1.1 1.3
50 2.7 1.3 1.4 1.2 0.9 1.1 1.3
100 2.9 1.2 1.4 1.2 0.9 1.1 1.3

Japan 5 3.5 1.4 1.7 1.5 1.0 1.2 1.4
10 5.5 1.2 1.3 1.2 0.9 1.1 1.2
50 7.0 1.3 1.4 1.2 1.0 1.2 1.3
100 7.6 1.2 1.4 1.2 0.9 1.2 1.3
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Figure 6.7: Past agriculture damage for the d4PDF (a) 5-year, (b) 10-year, (c) 50-year
and (d) 100-year return period with respect to depth > 0 m (the color bar represents the
economic damage in million THB and the red cross represents the C2 station).

The past economic damage maps for different return periods (5-year, 10-year, 50-year,
and 100-year) are shown in Fig. 6.7 based on the Philippines fragility curve. In the
future climate, the southern area will experience extended damage area for some SST
ensembles. As expected, the damage amount is increasing with respect to the increase
in the return period. This states that the increase in depth and duration affects the
damage to the rice crops. The d4PDF results for the future high-frequency 10-year
event and low-frequency 100-year event are shown in Fig. 6.8 (a-f) and Fig. 6.9 (a-f),
respectively, based on the Philippines fragility curve. The damage maps for rice for
5-year and 50-year are shown in Fig. A.7 (a-f) and Fig. A.8 (a-f), respectively, based
on the Philippines fragility curve. As expected, the damage amount increases with
respect to the increase in the return period. This states that the increase in depth and
duration affects the damage to the rice crops. It is evident that not only is the damage
amount more for the higher return periods, but just like the exposure the affected area
is also high.
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Figure 6.8: Future agriculture damage for six SST GCMs (a) CC, (b) GF, (c) HA, (d)
MI, (e) MP and (f) MR with respect to the d4PDF 10-year return period and depth >
0.5 m (the color bar represents the economic damage in million THB and the red cross
represents the C2 station).
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Figure 6.9: Future agriculture damage for six SST GCMs (a) CC, (b) GF, (c) HA, (d)
MI, (e) MP and (f) MR with respect to the d4PDF 100-year return period and depth >
0.5 m (the color bar represents the economic damage in million THB and the red cross
represents the C2 station).

Similar results in the future climate can be observed in the study by Shrestha et al.
(2019), which shows that an increase in agricultural damage area by 13% is expected
for thewhole CPRB for a 100-year return period event. Another study using the d4PDF
dataset for the Cambodian floodplain of the Lower Mekong River Basin shows that
agricultural damage from extreme flood occurrences with 10-year, 50-year, and 100-
year return periods would rise by 32%, 38%, and 39% in the 4K rising scenario (Try
et al., 2023). This states that the influence of climate change is likely to be higher for
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rice crops for all the low- and high-frequency events in LCPRB and the neighboring
regions.

6.5 Conclusions

To plan future development in basins that are prone to flooding, such as LCPRB, it is
crucial to identify high-risk areas based on an evaluation of flood damage. Therefore,
this chapter assessed the possible effects of future climate change on agriculture, flood
risks, and agricultural losses in the LCPRB. This chapter assessed agricultural damage
in the LCPRB by utilizing fragility data from the Philippines,Myanmar, and Japan. The
goal is to conduct a resilient analysis that considers factors such as yield loss, depth and
duration of floods, etc. This approach contributes to a more holistic understanding of
the fragility curves of three different spatial regions.

To produce flood risk curves for rice cultivation, this study used large ensemble cli-
mate data from the d4PDF dataset. Data on past climate flood risks, damage, and their
linkages are important for validating and then identifying future flood risks in econom-
ically important areas. The estimated damage from flood occurrences was compared
with reported data as well as other studies in the basin in order to verify a flood dam-
age assessment approach. The results show that 2011 flood damage is likely to surpass
the d4PDF past climate data. This could be due to higher flood depth and duration in
2011 causing higher damage. On average, agricultural economic damage is likely to in-
crease by 20-30% for both high- and low-frequency flooding events and across fragility
data for three spatial regions. The findings indicate that futuremajor flood occurrences
will have greater potential damage andmagnitude due to the effects of climate change.
The extreme flooding events are likely to affect rice cultivation and cause a significant
amount of loss in the basin. The three fragility curves employed resulted in largely
different estimates as absolute values, while the future change ratio concluded above
was consistent over the variability of the fragility curve, implying that climate change
signal in the 4-degree warmer world in terms of flood hazard magnification is beyond
the uncertainties of rice vulnerability assessment in the LCRB.

Flood mitigation strategies for climate change adaptation may be implemented with
the help of the flood damage assessment results of this chapter. In order to reduce
the potential damage in the future, further studies on the inclusion of dams in the
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basin can be explored for future research. This could lead to a reduction in agricultural
damage, particularly rice in the basin. In addition, landuse/cover and other social
changes were not incorporated in this chapter, which can also be considered for other
future assessments.

96



Chapter 7

Conclusions

The Chao Phraya River Basin (CPRB) in Thailand is Southeast Asia’s heartland and
is highly susceptible to climate change impact. This is due to the amplified flooding,
especially in the delta of the river basin. However, due to the vast catchment area,
diverse climatic conditions, varied terrain, and human interventions due to the con-
struction of dams, there lies a challenge to conduct risk assessments. This complex
situation makes it difficult to create precise climate simulations, and model hydrology
of the basin accurately. The large ensemble d4PDF dataset, which spans 6000-years of
past and 5400-years of future climate (6 Sea Surface Temperature (SST) Global Climate
Models (GCMs) with 90 ensembles), is recently gaining popularity in the Southeastern
region as it addresses some of the challenges in climate risk assessments. However,
bias correction of various hydrological variables such as unmonitored runoff or dis-
charge remains a challenging issue. Therefore, this study makes use of the d4PDF
dataset and tries to address the discharge bias correction issue to carry out the climate
change risk assessment in the CPRB under the +4K warming scenario in global mean
temperature by the late 21st century.

The focus of Chapter 3 is on exploring methods to remove the spatial biases in stream-
flow within the d4PDF dataset and then understanding its potential implications on
future flooding due to the effect of climate change. Therefore, this Chapter 3 utilized
d4PDF runoff data, translating it into streamflow in the CPRB using the 1-km Flow
Routing Model (1K-FRM) with dam operation modules. Corrections are made to dam
inflow biases, aiming to eliminate upstream biases while retaining middle-stream bi-
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ases. The study observed that the impact of upstream bias correction was minimal due
to significant biases in the midstream catchment. Comparing different bias correction
methods for d4PDF shows an expected increase in future flood volumes compared to
the past. Results of Chapter 3 suggest that future floods will be more severe than the
2011 Thailand flood and d4PDF past climate, with increased flood volumes, earlier oc-
currences, and longer duration. The study observed a 1.1–1.6 times increase in 100-year
extreme discharge lasting 10–50 days longer than in the past climate.

Further narrowing down the study region, this thesis focuses on an in-depth study
of the inundation and its effects on different socio-economic conditions in the Lower
Chao Phraya River Basin (LCPRB), as it holds significant importance in the Southeast
Asian region. The capital city of Thailand in the LCPRB, plays a crucial role in the na-
tion’s economy through various industries and agricultural contributions. However,
the basin faces frequent river floods from the Chao Phraya River, impacting both resi-
dential and economic zones. The analysis covers both low- and high-frequency flood
events, using 2700 years of historical (from a 6000-year dataset) and 2430 years of future
climate data (from a 5400-year dataset) under a +4K temperature increase scenario.

When compared to the past climate, low-frequency floods with a +4K rise are antici-
pated to rise in terms of both maximum volume and inundation area, as mentioned in
Chapter 4. However, for all scenarios, the future high-frequency floods with a +4K rise
are going to be more severe in terms of both inundation area, maximum volume, and
inundation depth. The inundation area is roughly increasing by 1.2–1.3 times across all
depths, return periods, and SST GCMs. In addition, the past and future relationships
between peak discharge and flood volume show little variation, suggesting that the
physical relationships maintained across the d4PDF climates are comparable. Further-
more, the King’s Dyke region is represented by the inundation area for each case well,
indicating that the Multi-Error-Removed Improved-Terrain Digital Elevation Model
(MERIT DEM) in the basin accurately depicts the study area.

In the +4K temperature rise scenario, it is anticipated that future low-frequency flood-
ing, such as 50-year and 100-year events, will exhibit increased severity in terms of
exposed area and duration compared to the past climate, as mentioned in Chapter
4. However, Chapter 5 explicates that despite these intensified flooding conditions,
the projected future exposed population is expected to decrease by 0.7 to 0.9 times
compared to the past climate across all return periods and SST GCMs (depths > 0 m).
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Similar patterns are foreseen for flood depths exceeding 0.45 and 3 m. Nonetheless,
when the analysis keeps the future population constant regarding flood exposure, it is
projected that there will be an increase of approximately 1.2 times for high-frequency
floods and 1.5 times for low-frequency floods on average for depths greater than 0 m.
This demonstrates the significant impact of climate change in the basin as well as the
influence of demographic changes. The study further indicates that the anticipated de-
crease in the projected population by the year 2100 cancels the effects of climate change
on population exposure. Although overall population exposure is not expected to in-
crease due to the combined effects of climate change and decreased population, higher
return period flood events are likely to affect a larger population compared to lower
return period events.

In addition to population exposure, Chapter 5 conducts an analysis of rice exposure
for different return periods, demonstrating a clear increase in the area of rice exposure
in the future compared to past climate conditions. On average, Chapter 5 anticipates
a 1.3 times increase in the rice exposure area for high-frequency events and a 1.2 times
increase for low-frequency events across six SST GCMs. In addition, the average du-
ration of rice exposure is projected to increase by 1.1 times and 1.2 times for high- and
low-frequency events, respectively. It is noteworthy that the rise in exposed rice area
in the future surpasses the increase in exposed average duration. This outcome could
be due to the proximity of the rice fields to the river channel, which allows water to
drain more rapidly through the river channel.

Chapter 6 focuses on risk assessment by producing the risk curves and economic dam-
age to rice cultivation in the LCPRB. On average, it is expected that the economic dam-
age in agriculture will increase by 20-30% for both high- and low-frequency flooding
events. It is worth noting that the rice yield loss in the future is likely to increase by a
similar ratio as per the the analysis based on the rice yield loss for different spatial re-
gions (Philippines, Myanmar, and Japan). However, the actual damage amounts differ
from each other for the LCPRB. In addition, the 2011 simulated damage surpasses the
historical damage amount indicating that it was one of the most significant economic
losses in the past across all three fragility curves. This may be because of severe depth
and duration, which causes higher yield loss and damage. Hence, Chapter 6 outcomes
highlight that forthcoming severe floods will likely cause significantly higher dam-
ages and impacts due to climate change effects. Both high- and low-frequency flood
events are anticipated to adversely affect rice production, leading to substantial losses
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in the basin. The assessment of flood damage from this study could serve as a basis
for implementing flood mitigation strategies to adapt to climate change. To mitigate
potential damage in the future, further investigations could explore the potential inclu-
sion of dams within the basin. This measure could notably reduce agricultural losses,
particularly in rice cultivation.

Extreme flood effects for agricultural fields and populations living in flood-prone
areas present significant issues for the management of water resources. This research
suggests that future exposure to both population and rice cultivation is expected to
rise, leading to increased hardships and greater losses for local communities. As
a result, there is a pressing need for interventions that include both structural and
non-structural measures. These approaches are essential for improved adaptation and
mitigation strategies to aid the affected residents, necessitating coordinated efforts
from relevant agencies and ministries. Urgent climate adaptation is necessary to
prevent potentially devastating economic, social, and environmental damage similar
to or surpassing the 2011 flood. Moreover, this study did not consider factors like
landuse/cover changes and other societal alterations, which could be valuable aspects
to explore in future assessments.
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Figure A.1: Simulated future flood inundation extent and depth for 6SST GCMs (a) CC,
(b) GF, (c) HA, (d)MI, (e)MP and (f) MRwith respect to the d4PDF 5-year return period
and depth > 0 m (the color bar represents the inundation depth in meters and the red
cross represents the C2 station).
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Figure A.2: Simulated future flood inundation extent and depth for 6SST GCMs (a)
CC, (b) GF, (c) HA, (d) MI, (e) MP and (f) MR with respect to the d4PDF 50-year return
period and depth > 0 m (the color bar represents the inundation depth in meters and
the red cross represents the C2 station).

121



Appendix A. Supplementary materials

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

CC 5−year
population exposed

<100

100−300

300−500

500−1000

1000−5000

>5000

(a)

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

GF 5−year
population exposed

<100

100−300

300−500

500−1000

1000−5000

>5000

(b)

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

HA 5−year
population exposed

<100

100−300

300−500

500−1000

1000−5000

>5000

(c)

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

MI 5−year
population exposed

<100

100−300

300−500

500−1000

1000−5000

>5000

(d)

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

MP 5−year
population exposed

<100

100−300

300−500

500−1000

1000−5000

>5000

(e)

13.5°N

14.0°N

14.5°N

15.0°N

15.5°N

 99.5°E 100.0°E 100.5°E 101.0°E 101.5°E

MR 5−year
population exposed

<100

100−300

300−500

500−1000

1000−5000

>5000

(f)

Figure A.3: Population exposure to future floods for 6SST GCMs (a) CC, (b) GF, (c) HA,
(d) MI, (e) MP and (f) MR with respect to the d4PDF 5-year return period and depth >
0 m (the color bar represents the population in nos. and the red cross represents the C2
station).
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Figure A.4: Population exposure to future floods for 6SST GCMs (a) CC, (b) GF, (c) HA,
(d) MI, (e) MP and (f) MR with respect to the d4PDF 50-year return period and depth
> 0 m (the color bar represents the population in nos. and the red cross represents the
C2 station).
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Figure A.5: Rice exposure to future floods for 6SST GCMs (a) CC, (b) GF, (c) HA, (d)
MI, (e) MP and (f) MR with respect to the d4PDF 5-year return period and depth > 0.5
m (the color bar represents the exposed inundation depth in meters and the red cross
represents the C2 station).
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Figure A.6: Rice exposure to future floods for 6SST GCMs (a) CC, (b) GF, (c) HA, (d)
MI, (e) MP and (f) MR with respect to the d4PDF 50-year return period and depth > 0.5
m (the color bar represents the exposed inundation depth in meters and the red cross
represents the C2 station).
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Figure A.7: Future agriculture damage for 6SSTGCMs (a) CC, (b) GF, (c) HA, (d)MI, (e)
MP and (f) MR with respect to the d4PDF 5-year return period and depth > 0.5 m (the
color bar represents the economic damage in million THB and the red cross represents
the C2 station).
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Figure A.8: Future agriculture damage for 6SSTGCMs (a) CC, (b) GF, (c) HA, (d)MI, (e)
MP and (f) MR with respect to the d4PDF 50-year return period and depth > 0.5 m (the
color bar represents the economic damage in million THB and the red cross represents
the C2 station).
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