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1. Introduction  
 

1.1 Background 

Human-induced global warming is widely recognized, with an estimated increase in global mean 

temperature by approximately 1.08±0.13 ℃ in 2021 above the pre-industrial level (WMO, 2021). 

Although 197 participating countries in the recently held 26th Conference of the Parties (COP26) have 

broadly agreed to limit the warming to 1.5 ℃ at the end of the 21st century by introducing new 

controlling measures of ground rules and emission reporting, the collective political will and policy 

frameworks may not be adequate to achieve the goal owing to the intrinsic contradictions in the 

agreement (O’Grady, 2021). One major influence of global warming is that heavy rainfall may 

intensify as the atmospheric water vapors increase at a rate of ~7% per degree warming based on the 

thermodynamic Clausius–Clapeyron (CC) (for abbreviations, see Table 1.1) relationship (Pendergrass, 

2018; Trenberth et al., 2003). This intensification of heavy rainfall, induced by the natural and 

anthropogenic climate variability, can further increase the risks of flooding (Tabari, 2020) under the 

joint influence of other factors such as population growth, urbanization, and land-use change, which 

can be quite detrimental to a multitude of interdependent sectors including agriculture, infrastructure, 

socioeconomics in the affected regions (Kundzewicz et al., 2014; Shah et al., 2022). Therefore, 

quantifying the rainfall intensification and the resulting flooding risks is imperative to pave the way 

for strengthening the political will to achieve the 1.5℃ goal as well as for policymakers to decide 

mitigation and adaptation measures, especially for the low-income developing countries in Southeast 

Asia (SEA), which are vulnerable to heavy rainfall-induced floods due to the poor infrastructure 

(Hijioka et al., 2014). 

The design of various flood-prevention infrastructures is affected by the likelihood of the heavy 

rainfall events mathematically represented as the intensity–duration–frequency (IDF) curves at various 

spatiotemporal scales (Nissen, and Ulbrich, 2017; Hosseinzadehtalaei et al., 2018, 2020). IDF curves, 

representing the relationship between the rainfall intensity, rainfall duration, and frequency of 

occurrence, are commonly used for infrastructure design. An example of the application is shown in 

Fig. 1.1; where IDF curves with different return periods can be transformed through the Chicago 

equation (Willems, 2013) into storm hyetographs, which subsequently are used for different 
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engineering designs (e.g., 2-year (10-year) for small-scale (large-scale) urban drainage system). 

Development of the IDF curves and the subsequent hydraulic studies and management strategies for 

the hydroclimate risk for any specific site rely upon the rainfall records based on the rain gauge stations. 

However, this task remains a challenge for the data-scarce regions, especially in Southeast Asia where 

many traditional rain gauge stations are designed to record only daily rainfall 

(https://portal.mrcmekong.org/home). Additionally, global warming requires us to update the IDF 

curves based on observations by using climate change predictions that can provide future rainfall 

datasets (Srivastav et al., 2014; Volosciuk et al., 2017). However, climate change predictions usually 

provide us with limited (in terms of coarse temporal and spatial scales) future rainfall information due 

to their high demand in computational power (Berg et al., 2019; Tabari et al., 2016), which is not 

sufficient enough for some infrastructure design (e.g., urban drainage system). Moreover, climate 

change predictions are subject to the model uncertainty arising from the unresolved physical processes, 

parameterization schemes, and coarse spatial resolution (usually 25-50 km) (Volosciuk et al., 2017). 

The uncertainty is found to be larger for projecting the future rainfall extremes (Ning et al., 2015; Ning 

and Bradley, 2016). Therefore, reducing the model uncertainty is essential in the development of IDF 

curves to help identify and act upon suitable adaptation measures in the face of global warming. 

 

Table 1.1 List of abbreviations used in this study 

 

Full name Abbreviations Full name Abbreviations 

Annual maximum rainfall time series AMS 
Intensity-duration-

frequency 
IDF 

Artificial neural network ANN 
Markov chain monte 

carlo 
MCMC 

Areal reduction factor ARF 
Maximum likelihood 

method 
MLE 

Bias correction BC 
Monthly maximum 

rainfall time series 
MMS 

Clausius–Clapeyron CC 
Normalized quantile 

mapping 
NQM 

Climate change signal CCS 
Parameter estimation 

method 
PEM 

Cumulative distribution function CDF Phnom Penh City PPC 

https://portal.mrcmekong.org/home
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Conditional artificial neural network CANN Quantile delta mapping QDM 

Can Tho City CTC Quantile mapping QM 

Coordinated regional climate 

downscaling experiment 
CORDEX Regional cliamte model RCM 

Extreme value analysis EVA 
Representative 

concentration pathway 
RCP 

General circulation model GCM Southeast Asia  SEA 

Generalized extreme value GEV 

Zero-inflated 

generalized extreme 

value function 

ZIGEV 

Ho Chi Minh City HCMC   

 

 

Fig. 1.1. An example of application of IDF curves to engineering design. 

 

1.2 Purpose and structure of this study 

 In view of the abovementioned limitations, our study’s objectives are three-fold. 

1) To provide some cost-effective frameworks to develop and update the IDF curves in data-sufficient 

and -scarce regions (based on an assumption of homogeneity of hydrologic region). 

2) To propose some novel bias correction (used for spatial downscaling) (Hereinafter, bias referring 

to the difference between climate model results and observed results) and temporal disaggregation 

methods for us to obtain future rainfall information at fine temporal and spatial scales. 

3) To quantify different uncertainty sources in the development of IDF curves, followed by discussion 

on the adaptive measure under deep uncertainty. 

 The remainder of this study is presented as follows. Chapter 2 introduces a framework applied to 
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establish historical and future IDF curves in the case study cities (including two data-sufficient cities 

and one data-scarce city) based on latest climate models by using new temporal disaggregation, bias 

correction methods and spatial interpolation method. Chapter 3 extends the framework to a flood-

prone and data-scarce country in SEA by using some auxiliary datasets, followed by the quantification 

of the governing physical mechanisms for the heavy rainfall (owing to various hydro-climate 

conditions in the study area, heavy rainfall is defined as the rainfall amount that deviates from the 

normal rainfall amount (e.g., annual maxima), instead of the exceedances over high thresholds, (e.g., 

rainfall amount > 100 mm/h) change in the study area. Thereafter, a new flood risk change index is 

applied to develop a province-level flood risk change map. In Chapter 4, we quantify the uncertainty 

in developing historical and future IDF curves and discuss on sustainable adaptation strategies that can 

be updated in the face of deep uncertainty. At last, conclusions and future studies are summarized in 

Chapter 5.
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2. Establishment of IDF curves in data-sufficient 

and -scarce cities 
 

2.1 Background 

A recent Intergovernmental Panel on Climate Change special report has estimated that human 

activities have warmed the globe by 1 °C since the pre-industrial period, and at the current rate of 

temperature increase, global warming is expected to rise further to 1.5 °C between 2030 and 2052 

(Hoegh-Guldberg et al., 2018). This rise is likely to occur earlier than foreseen by the Paris Agreement 

because almost all G20 economies (representing 75% of total 2010 greenhouse gas emissions) are not 

ambitious enough to implement the agreement or achieve their pledged contributions to the 

implemented policies (Roelfsema et al., 2020). Previous work has shown that extreme precipitation is 

expected to increase with global warming at a rate of approximately 7% per degree based on the 

thermodynamic CC relationship (Trenberth et al., 2003). However, this rate varies across different 

latitudes and is subject to the water availability (i.e., water supply and demand) of that region (Tabari, 

2020; Tabari et al., 2019), which requires a regional climate change study focusing on extreme 

precipitation. This requirement is crucial for policymakers to decide mitigation and adaptation 

measures for reducing the negative impacts of global warming, and is imperative in the Southeast Asia 

(SEA) region, which is vulnerable to extreme precipitation-induced floods due to the poor 

infrastructure (e.g., urban drainage systems) of many developing countries (Hijioka et al., 2014). 

Global climate models (GCMs), as the term suggests, provide information on future extreme 

precipitation at global scales. However, the coarse spatial resolution of GCMs (usually greater than 

100 km) precludes their direct use at local scales (He et al., 2016; Maraun et al., 2010). To obtain finer 

spatial resolution information, there are two main approaches: dynamical downscaling and statistical 

downscaling. Dynamical downscaling denotes the use of higher resolution climate models (i.e., 

regional climate models (RCMs)), where RCMs use GCMs and reanalysis data as boundary conditions 

and improve physical processes to reproduce the regional climate conditions (e.g., rainfall) (Hewitson 

and Crane, 1996; Xu et al., 2019). For example, the RCMs (RegCM4, see in Tangang et al., 2019), 

with the Massachusetts Institute of Technology (MIT)-Emanuel convective scheme, can better 

simulate the temperature and precipitation in the regional scales (~ 25-50 KM) than GCMs (which 
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consist of a simplified convective scheme). Therefore, compared with GCMs, RCMs through 

dynamical downscaling involve the use of regional numerical models that include full sets of physics. 

On the other hand, statistical downscaling predicts the regional scale variables by developing the 

statistical relationships between the observed climate data and the output of GCMs for the same 

historical period without fully considering the physics (Chen et al., 2013a). Thereafter, after the 

validation of such statistical relationships in the historical period, these relationships can be used to 

develop regional-scale variables for the future period. However, dynamical downscaling is 

computationally expensive and time-consuming, which often exceeds the capability of institutions in 

developing countries (Trzaska and Schnarr, 2014). To solve this problem, the World Climate Research 

Programme has established the Coordinated Regional Climate Downscaling Experiment (CORDEX) 

(Giorgi et al., 2009; Gutowski and Giorgi, 2020). The Coordinated Regional Climate Downscaling 

Experiment Southeast Asia (CORDEX-SEA) was initiated in 2013 and represents the most 

comprehensive set of high-resolution (25 km) regional simulations over SEA (Tangang et al., 2020). 

Based on these CORDEX-SEA simulations, several papers researching future rainfall have been 

published. Tangang et al. (2020) evaluated the performance of CORDEX-SEA in simulating mean 

rainfall over SEA in the historical and future periods. Ge et al. (2019) used six ensemble members of 

CORDEX-SEA simulations to estimate the changes in extreme precipitation over SEA under the 1.5 °C 

and 2 °C global warming levels. Based on multi-model simulations of CORDEX-SEA, more intense 

rainfall events are expected to occur over most of Indochina during the middle of the 21st century 

(Tangang et al., 2018) and at the end of the 21st century (Supari et al., 2020). 

Although these studies have used CORDEX-SEA simulations to project changes in daily rainfall 

in the future, there are no studies on changes in sub-daily (e.g., hourly) rainfall. More specifically, the 

changes in rainfall IDF curves, representing the relationship between the rainfall intensity, rainfall 

duration, and frequency of occurrence, based on CORDEX-SEA simulations are not well understood. 

IDF curves can be estimated by obtaining rainfall quantiles at different durations separately 

(Hosseinzadehtalaei et al., 2020) or through a general formula that includes rainfall intensity, duration, 

and frequency of occurrence in one analytical equation (Koutsoyiannis et al., 1998). Traditionally, this 

estimation of IDF curves is based on the observed rain gauge dataset for a single location (Liew et al., 

2014), and for a large region based on the dataset provided by satellite (Endreny and Imbeah, 2009; 
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Marra et al., 2017), weather radar (Marra et al., 2017; Marra and Morin, 2015; Peleg et al., 2018) and 

reanalysis products (Cannon and Innocenti, 2019; Hosseinzadehtalaei et al., 2020). However, IDF 

curves developed by these historical datasets can misrepresent future conditions due to the non-

stationarity in rainfall (Srivastav et al., 2014). Therefore, updating IDF curves based on the datasets of 

projected rainfall in the future period is important for the urban drainage system design in the 

developing countries in SEA. Regarding the projected rainfall datasets, while the RCMs with a high 

resolution are suggested in many studies (Poschlod et al., 2021; Tabari et al., 2016; Tangang et al., 

2019), their availability is still limited in SEA. Therefore, the outputs from state-of-the-art RCMs 

provided by CORDEX-SEA simulations were explored in this chapter. 

In addition to the lack of study on IDF curves based on CORDEX-SEA simulations, most climate 

impact studies used the raw outputs without a bias correction. Based on the evaluation of CORDEX-

SEA in Tangang et al. (2019), a large discrepancy was found between the statistical properties of 

observed rainfall and those of modeled rainfall. Tangang et al. (2020) suggested that future studies 

should focus on removing the model bias provided by CORDEX-SEA simulations due to the 

parameterization schemes, unresolved process in these climate models, and the systematic model bias 

that arises from the large-scale atmospheric circulation (Volosciuk et al., 2017). Bias correction (BC) 

method is a standard practice in removing the systematic model bias because it increases the agreement 

of modeled variables with observed variables and hence decreases the ensemble spread of modeled 

variables (Chen et al., 2013a; Wang et al., 2016). Generally, BC method cannot be used in datasets 

with a large spatial gap (Maraun, 2013), but is reliable for (spatially) downscaling the daily data from 

RCMs to the local rain gauges with respect to the local distributional and time series characteristics 

(Ivanov and Kotlarski, 2017). For the climate change impact studies based on CORDEX-SEA 

simulations, previous studies used BC with quantile mapping (QM) to remove the systematic model 

bias (Ngai et al., 2020; Trinh-Tuan et al., 2019). The main task of QM is to adjust the cumulative 

distribution function (CDF) of the modeled variables (e.g., rainfall) to resemble the CDF of observed 

variables (Gudmundsson et al., 2012). In this way, the statistical properties of modeled variables will 

resemble those of observed variables. However, QM has been criticized for changing the raw modeled 

climate change signal (CCS, denoting the changes in the variables of interest inforamed by the climate 

models), due to its stationarity assumption (Maraun, 2013; Themeßl et al., 2012) and difficulty of 
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removing the bias in temporal structure (e.g., inter-annual variability and temporal dependence of 

different variables) (Chen et al., 2013b; Maraun, 2013; Volosciuk et al., 2017). Quantile delta mapping 

(QDM) (Cannon et al., 2015) and scaled distribution mapping (Switanek et al., 2017) were developed 

without a stationarity assumption. The nesting BC methods for correcting the bias at multiple temporal 

scales have shown success in correcting the inter-annual variability (Johnson and Sharma, 2012). 

Mehrotra and Sharma (2015, 2016) extended the nesting BC methods to simultaneously remove the 

bias across multiple variables. The results show that considering dependence in multiple variables 

removes the bias not only in individual variables but also in the correlation between these variables. 

Cannon (2018) developed the multivariate bias correction algorithm by transferring the statistical 

properties of multivariate distribution of observed variables to the corresponding multivariate 

distribution of modeled variables, which showed better accuracy in reproducing the spatiotemporal 

autocorrelation of rainfall fields. The multivariate bias correction algorithm has also been used for 

removing the bias in statistical properties and spatial dependence in multiple rain-gauge stations (Su 

et al., 2020). However, Hnilica et al. (2017) found that the multivariate bias correction algorithm 

generated unrealistic results when it was applied to variables other than those used for the development 

of the multivariate bias correction algorithm. Overall, BC methods have been changing from single 

time scale, variable, and station to multiple time scales, variables, and stations. Even though immense 

progress has been made in the development of BC methods, different types of assumptions behind 

these BC methods require us to select suitable BC methods before application (Chen et al., 2013a). 

This selection is important because the uncertainty associated with the choice of different BC methods 

is comparable to that associated with the choice of different climate models (Wang et al., 2016). A 

recent study also suggested that updating IDF curves based on CORDEX simulations should consider 

the uncertainty of different BC methods (Hosseinzadehtalaei et al., 2020). 

Regarding the temporal resolution, few climate models of CORDEX-SEA simulations have 

provided hourly rainfall products, but most models’ temporal resolution is not sufficiently fine to 

update the IDF curves. Moreover, sub-daily rainfall extremes generated mainly by convective events 

are not well reproduced by most climate models, such as the models with parameterized convection 

(Cannon and Innocenti, 2019). Thus, temporal disaggregation tools are needed to obtain rainfall 

datasets at finer time scales (e.g., hourly rainfall) based on the rainfall datasets at long time scales (e.g., 



13 

 

daily rainfall) provided by CORDEX-SEA simulations. Previous studies have often used stochastic 

models, which generate statistically consistent rainfall events based on stochastic and probabilistic 

techniques, such as Hyetos (Kossieris et al., 2018; Koutsoyiannis, 2003; Koutsoyiannis and Onof, 

2001), Cascade (Müller and Haberlandt, 2018), and MuDrain (Koutsoyiannis, 2003; Lu and Qin, 2014). 

However, the accuracy of the stochastic models is closely related to the prior assumption of rainfall 

generating mechanisms (Kossieris et al., 2018), trade-off between the computational complexity and 

incorporation of rainfall statistics into the models (Sharma and Mehrotra, 2010). Another category of 

temporal disaggregation models is based on non-parametric data-driven approaches that quantify the 

underlying mathematical relation between long-duration and short-duration rainfall without explicit 

prior physical assumption (Rajagopalan et al., 2010). The method of fragments makes use of the short-

duration rainfall information at neighboring stations to disaggregate long-duration rainfall into short-

duration fragments at the station of interest (Sharma and Srikanthan, 2006; Poschlod et al., 2018). 

Burian et al. (2000) and Burian and Durrans (2002) proved that an artificial neural network (ANN) 

can be a viable way to disaggregate hourly rainfall into sub-hourly rainfall. The data-driven model 

based on the K-nearest neighbor algorithm was found to perform better than Hyetos in reproducing 

the hourly rainfall series based on daily rainfall series (Lu and Qin, 2014). Nourani and Farboudfam 

(2019) proposed several data-driven models, which are especially suitable for rainfall disaggregation 

in mountainous regions. Mirhosseini et al. (2013, 2014) found that the ANN-based model was better 

than the stochastic model in reproducing short-duration rainfall extremes, and the stochastic model 

tended to underestimate the rainfall extremes. Data-driven models such as the ANN-based model are 

becoming increasingly popular in the field of hydrologic science, owing to more efficient algorithms, 

higher computing power, and ever-increasing amounts of data (He et al., 2016; Shen et al., 2018). At 

last, the development and update of IDF curves in the data-scarce areas (with only daily rain-gauge 

rainfall datasets available) is difficult owing to a lack of observed sub-daily that is not only needed to 

develop the historical IDF curves but to remove the bias in climate model simulations. 

The objective of this chapter, therefore, is to project the IDF curves in the future period for 

designing urban drainage systems in tropical data-sufficient and -scarce cities based on a temporal 

disaggregation of bias-corrected climate models provided by CORDEX-SEA simulations. Through 

this projection, three important aspects are included. First, we propose a new BC method, called 
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normalized quantile mapping (NQM). We evaluate NQM, QM, and QDM by their capabilities of 

removing the systematic model bias in the historical period and preserving the raw modeled CCS in 

the future period. Based on this evaluation, we select a suitable BC method for each dataset provided 

by CORDEX-SEA. Second, for temporal disaggregation, we introduce an ANN-based model to obtain 

the future (sub-daily) monthly maximum series (MMS) based on the daily datasets provided by 

CORDEX-SEA. Third, for the establishment of IDF curves in data-scarce city, a spatial interpolation 

method is introduced. In this chapter a case study is conducted for Ho Chi Minh City (HCMC), Can 

Tho City (CTC), and Phnom Penh City (PPC). The remainder of this chapter is organized as follows. 

We introduce the research area and present our data in Section 2.2. The methodology of NQM, ANN-

based model, and the method for constructing IDF curves are explained in Section 2.3. In Section 2.4, 

different downscaling and temporal disaggregation methods are compared, final IDF curves are 

presented, and future works are described; uncertainties in the IDF curves are also discussed. Finally, 

conclusions are presented in Section 2.5. 

 

2.2 Study Area and Data 

2.2.1 Study Area 

In general, floods have been regarded as the dominant natural disaster in Southeast Asia, where 

the associated economic loss reached approximately 312.1 million USD per year (UNISDR and World 

Bank, 2010). To investigate the climate change impacts on floods, we selected three cities in flood-

prone Southeast Asia, namely, Phnom Penh City (PPC) (the data-scarce city), Can Tho City (CTC), 

and Ho Chi Minh City (HCMC). PPC, the capital of Cambodia, is situated on the floodplain of the 

Mekong River (Fig. 2.1). The monsoon here brings approximately 96% of rainfall in the rainy season 

(April to November) every year. Therefore, the surface (pluvial) floods caused by the monsoon 

thunderstorms as well as river floods from monsoons and snowmelt-induced streamflow in the upper 

Mekong river are flooding PPC almost every day during the rainy season (Doyle, 2012; Flower and 

Fortnam, 2015). According to the questionnaire conducted in PPC, flash floods (one of the pluvial 

floods) in the urban area usually last within three hours (Lyna, 2019), which can cause severe damage 

to the prevailing socioeconomic activities (Fowler et al., 2021). The capacity of the drainage system 

tends to be exceeded during heavy rainfall events due to insufficient maintenance and the rapid 
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transformation of urban wetlands into residential lands driven by the socioeconomic and population 

growth in PPC (Lyna, 2019). Similar to PPC, CTC, as the biggest city located on the Mekong River 

delta of Vietnam, is also affected by the combined effects of pluvial floods and river floods. Moreover, 

due to the low topography of CTC (60-80 cm above mean sea level) and proximity to the sea (only 

about 84 km to the South China Sea), the river floods are likely to be exacerbated due to the global 

warming-induced future sea-level rise (Huong and Pathirana, 2013; Takagi et al., 2015). The third 

study site, i.e., HCMC, a coastal megacity, is also facing the risk of coastal floods caused by the high 

tide levels in addition to the pluvial floods and river floods (Vachaud et al., 2019). To reduce the 

flooding risks, Japan International Cooperation Agency (JICA) has been working with HCMC on 

urban flooding control, but the flooding problem still persists (Tran Ngoc et al., 2016). Further details 

of the location and elevation of the three study cities are shown in Fig. 2.1. 

  

 

 

Fig. 2.1. Location and elevation (above mean sea level) of PPC, HCMC, and CTC. 
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2.2.2 Data 

For HCMC and CTC, we used two types of rainfall datasets, as summarized in Table 2.1. Hourly 

observed rainfall at a single gauging station in each city was provided by the Southern Regional Hydro-

Meteorological Center in Vietnam. Given that each city is located in flat terrain, the rainfall observed 

at a single station can be considered, to a certain extent, valid to represent the statistical rainfall 

characteristics in each city for the application in urban drainage design. In addition, there is almost no 

missing value (less than 0.02%) in the observed rainfall series. Daily rainfall for the future periods was 

provided by all the latest (as of June 2020) CORDEX-SEA simulations (https://esg-

dn1.nsc.liu.se/projects/cordex/), except for the one based on the model named IPSL-CM5A-

LR_RegCM4-3, which gave an unreasonable underestimation of rainfall in our study area as well as 

in SEA (Li et al., 2019). The data extracted from the nearest neighboring grid cell center was used for 

further analysis at the station of interest. For all CORDEX-SEA simulations, we used a high emission 

scenario (i.e., RCP8.5), which is viewed as the worst future case in the 21st century (Hausfather and 

Peters, 2020). Due to the limited record length and the setting of RCP scenarios (the period of 

projection under RCP scenarios starts from 2006) in CORDEX simulations, we constrained the 

historical period to 1986-2005. Future periods considered in the current study consist of the near future 

period (2026-2045) and far future period (2066-2085). 

 

Table 2.1. Datasets used in HCMC and CTC. The index of CORDEX-SEA is listed in the first 

column. 

 

No. Dataset (Developer)  Resolution Time 

1 EC-EARTH_RegCM4-3 (ICTP1) 

0.22°(daily) 

1
9
8
6

–
2
0
0
5
 (

H
is

to
ri

ca
l 

p
er

io
d
) 

2
0
2
6

–
2
0
4
5
 (

N
ea

r 
fu

tu
re

 

p
er

io
d
) 

2
0
6
6

–
2
0
8
5
 (

F
ar

 f
u
tu

re
 p

er
io

d
) 

2 NorESM1-M_REMO2015 (GERICS2) 

3 MPI-ESM-MR_RegCM4-3 (ICTP) 

4 HadGEM2-ES_REMO2015 (GERICS) 

5 MPI-ESM-LR_REMO2015 (GERICS) 
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6 HadGEM2-ES_RCA4 (SMHI3) 

7 GFDL-ESM2M_RegCM4-3 (ICTP) 

- Observations (SRHMC4) 
Point 

(hourly) 

1986–2005  

(Historical 

period) 

  1 The Abdus Salam International Centre for Theoretical Physics (ICTP) 

  2 Climate Service Center Germany (GERICS) 

  3 Swedish Meteorological and Hydrological Institute (SMHI). 

  4 Southern Regional Hydro-Meteorological Center (SRHMC) 

For PPC, the long-term observed rainfall data is available only in daily duration at the Pochentong 

gauge station. Almost no missing values (<0.02%) were found in these observed datasets. The future 

rainfall datasets are listed in Table 2.2.  

 

Table 2.2. List of RCMs from CORDEX simulations for RCP 4.5 and 8.5 used in PPC. 

 

Driving model RCM version Developer Resolution Time 

EC-EARTH 

RegCM4-3 ICTP 0.22° 

(3h) 

1986–2005 (Historical 

period) 

2026–2045 (Near 

future period) 

2066–2085 (Far future 

period) 

GFDL-ESM2M 

MPI-ESM-MR 

HadGEM2-ES 
RCA4 SMHI 

 

2.3 Methods 

2.3.1 Procedure 

Fig. 2.2 demonstrates the procedure for constructing the IDF curves in data-sufficient and -scaece 

cities. For the IDF curves established in HCMC and CTC, 1: Historical IDF curves (1986-2005) were 

constructed based on the rainfall quantiles (at different durations) of observed rainfall; 2: a new BC 
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method, NQM, was proposed and compared with QDM and QM. Based on this comparison, we 

selected a suitable BC method for each dataset provided by the CORDEX-SEA simulations; 3: selected 

BC methods were applied to downscale the future daily rainfall datasets projected for the periods of 

2026–2045 and 2066–2085; 4: we compared two temporal disaggregation models based on how well 

they reproduce the observed MMS; 5: we generated sub-daily MMS from the downscaled daily rainfall 

in step 3 based on the superior disaggregation method in step 4; 6: IDF curves for the future periods 

were constructed based on the ‘change factor’ operation mentioned in detail in Section 2.3.5. The 

uncertainties in the projected IDF curves were also discussed. The development of IDF curves in PPC 

is based on the combined rainfall information in PPC, HCMC, and CTC. Firstly, daily rainfall provided 

by the RCMs was firstly spatial downscaled. Then the observed daily rainfall for the historical period 

and downscaled daily rainfall for the future period were used to estimate the historical and future return 

rainfall, respectively, based on the Bayesian generalized extreme value (Bayesian GEV) parameters 

estimated in HCMC and CTC. Thereafter, the estimated return rainfall was applied to construct the 

IDF curves in the historical and future periods. 

 

  

 

Fig. 2.2. Research framework for developing IDF curves in HCMC, CTC and PPC 

 

2.3.2 Normalized Quantile Mapping 

In this section, a new BC method, NQM, was proposed and compared with QM and QDM. Fig. 2. 
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3 illustrates how to remove the bias at a given empirical cumulative distribution function (ECDF) 

(quantile of order 0.9 in this figure) by QM, QDM, and NQM. In QM, the error correction value is the 

ratio of the raw historical model to the observations at ECDF ≈ 0.93. This error correction value 

remains the same between the raw future model and future downscaled data (that is called ‘BC by 

QM’, which represents the bias-corrected or downscaled future data by QM) at ECDF = 0.9. Thus, 

QM uses the error correction values established at a higher ECDF to remove the bias at a lower ECDF, 

which could alter the raw modeled CCS (Switanek et al., 2017). In QDM, the error correction value is 

the ratio of the raw future model data to the raw historical model data at ECDF = 0.9. This error 

correction value multiplied by observations is the ‘BC by QDM’ (‘BC by QDM’ = observations × raw 

future model / raw historical model). 

 

 

 

Fig. 2.3. Difference between the QM, QDM, and NQM methodologies. BC by QM (QDM, NQM) 

represents the bias-corrected (or downscaled) future projection by QM (QDM, NQM). Raw historical 

and future models represent climate model outputs (uncorrected outputs) for the historical and future 

periods, respectively. ECDF represents the empirical cumulative distribution function. ‘(1)’, ‘(2)’, 

and ‘(3)’ in NQM correspond to the steps (1), (2), and (3) in Section 2.3.2. 
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QM and QDM assume that biases between the observations and the raw historical model exist at 

the same ECDF. In other words, the largest (second-largest,…, smallest) observed and modeled 

quantiles correspond to the same ECDF, which is unverifiable (Switanek et al., 2017). In contrast, in 

NQM, we determine the location of biases (the way to connect raw historical model and observations) 

based on a data normalization in step (1). This data normalization is used to change the values to a 

common scale, which is frequently applied in machine learning.  

The methodology for applying NQM is explained as follows. Steps (1), (2), and (3) were used to 

remove the biases of the wet-day rainfall amount and correspond to the three arrow lines, in turn, in 

Fig. 2.3 (NQM). We removed the biases of the wet-day frequency in step (4). Step (5) was used to 

obtain the bias-corrected datasets.  

Step (1): set a threshold as the daily minimum observed rainfall amount. Herein, we used 0.1 mm 

as the threshold, below which all raw modeled rainfall values were set to 0 mm. Next, observations 

(wet-day) and raw historical model variable (wet-day) were normalized by:  

𝑃̂𝑂𝐵𝑆 =
𝑃𝑂𝐵𝑆−𝑃̅𝑂𝐵𝑆

𝜎(𝑃𝑂𝐵𝑆)
; 𝑃̂𝑀,𝐻 =

𝑃𝑀,𝐻−𝑃̅𝑀,𝐻

𝜎(𝑃𝑀,𝐻)
            (2.1) 

where the subscripts 𝑂𝐵𝑆  and 𝑀,𝐻  denote the observed and modeled variables (rainfall) in the 

historical period, respectively. 𝑃𝑂𝐵𝑆  represents the observations (wet-day) and 𝑃𝑀,𝐻  represents the 

raw historical model data (wet-day). 𝑃̅ and 𝜎(𝑃) are the mean and standard deviation values of the 

respective datasets (i.e., observations and raw historical model data). Thus, 𝑃̂𝑂𝐵𝑆 and 𝑃̂𝑀,𝐻 are the 

normalized variables. Next, 𝑃̂𝑂𝐵𝑆 is mapped into the range of 𝑃̂𝑀,𝐻 by: 

𝐾 =
𝑚𝑎𝑥(𝑃̂𝑀,𝐻) − 𝑚𝑖𝑛(𝑃̂𝑀,𝐻)

𝑚𝑎𝑥(𝑃̂𝑂𝐵𝑆) − 𝑚𝑖𝑛(𝑃̂𝑂𝐵𝑆)
 

∆= 𝐾 × (𝑃̂𝑂𝐵𝑆 −𝑚𝑎𝑥(𝑃̂𝑂𝐵𝑆)) + 𝑚𝑎𝑥(𝑃̂𝑀,𝐻)              (2.2) 

where max (min) is the maximum (minimum) value of the respective datasets. 𝐾 is the ratio of 𝑃̂𝑀,𝐻’s 

range to 𝑃̂𝑂𝐵𝑆 ’s range. ∆  is the location of 𝑃̂𝑂𝐵𝑆  in the range of 𝑃̂𝑀,𝐻 . Then, we linked the 

observations to the raw historical model by: 

𝑃∗𝑂𝐵𝑆 = ∆ × 𝜎(𝑃𝑀,𝐻) + 𝑃̅𝑀,𝐻                        (2.3) 

where 𝑃∗𝑂𝐵𝑆 is the location of 𝑃𝑂𝐵𝑆 in the range of 𝑃𝑀,𝐻. In other words, Eq. 2.3 gives the location 
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of biases between observations and raw historical model data.  

Step (2): remove the biases by error correction values, which are the ratio of the future model data 

to the historical model data at the same ECDF: 

𝑃̂𝐵𝐶 = 𝐹𝑀,𝐹
−1 (𝐹𝑀,𝐻(𝑃

∗
𝑂𝐵𝑆))                (2.4) 

where the subscripts 𝐵𝐶  and 𝑀,𝐹  denote the bias-corrected and uncorrected modeled variables 

(rainfall) in the future period, respectively. 𝑃̂𝐵𝐶  is the bias-corrected future data with a scaling factor, 

which is explained in Eq. 2.5. 𝐹𝑀,𝐻 is the ECDF of climate model outputs for the historical period. 

𝐹𝑀,𝐹
−1  is the inverse ECDF of the climate model outputs for the future period. 

 Step (3): obtain bias-corrected future data 𝑃𝐵𝐶  by removing the scaling factor. 

𝑃𝐵𝐶 = (

𝑃̂𝐵𝐶−𝑃̅𝑀,𝐻

𝜎(𝑃𝑀,𝐻)
−𝑚𝑎𝑥(𝑃̂𝑀,𝐻)

𝐾
+𝑚𝑎𝑥(𝑃̂𝑂𝐵𝑆)) × 𝜎(𝑃𝑂𝐵𝑆) + 𝑃̅𝑂𝐵𝑆           (2.5)  

Eq. 2.5 is the inverse operation of Eqs. 2.1, 2.2, and 2.3.  

Step (4): remove the biases of the wet-day frequency based on Switanek et al. (2017). 

𝑊𝐷𝐵𝐶 = 𝑊𝐷𝑀,𝐹 ×
𝑊𝐷𝑂𝐵𝑆/𝑇𝐷𝑂𝐵𝑆

𝑊𝐷𝑀,𝐻/𝑇𝐷𝑀,𝐻
             (2.6) 

where 𝑊𝐷 and 𝑇𝐷 are the number of wet days and the total number of days including dry days 

(days without rainfall), respectively. For example, let’s assume that the total number of days was 1840 

for the observed data, raw historical, and future model data, while those of wet days were 1339, 1714, 

and 1706, respectively. Based on step (4), 𝑊𝐷𝐵𝐶  was found to be 1706 × (1339/1840) / (1714/1840) 

= 1333 days (1333 is the nearest integer value).  

Step (5): place the bias-corrected future wet-day series back into the raw future model wet-day 

series in the correct temporal locations.  

BC methods adjust the CDF of the modeled variables (e.g., rainfall) to resemble the CDF of 

observed variables (Gudmundsson, 2012). However, CDF only considers the datasets in ascending or 

descending order and does not consider the temporal structure (e.g., inter-annual variability) of the 

datasets. Therefore, in step (5), we sorted the bias-corrected datasets in the same order (or rank) as the 

raw future model datasets. In the previous example, based on steps (1), (2), and (3), we obtained a 

bias-corrected future wet-day series with a length of 1339. This length was different from 1333 in step 

(4). Therefore, first, the smallest 6 (1339-1333 = 6) rainfall values in this wet-day series were all set 
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to 0 mm. Second, the maximum daily rainfall in the raw future model was found to occur on September 

13, 2040. Thus, the maximum bias-corrected rainfall was reinserted on that day. Third, a similar 

operation was performed for the rest of the 1332 (1333-1 = 1332) bias-corrected rainfall values. When 

the number of wet days from step (4) (1240) was larger than that from steps (1), (2), and (3) (1232), 

we selected 1240 from step (4) as the wet-day frequency. In this case, the largest 8 (1240-1232) rainfall 

values of the smallest 598 (1840-1232) raw future model rainfall values were placed in the correct 

temporal locations. Herein, we performed bias correction on a seasonal bias by grouping the datasets 

into different seasons (seasonal moving window), as suggested by Räty et al. (2014) because this can 

consider seasonality, or a monthly moving window if a longer duration of the observed rainfall is 

available.   

 

2.3.3 Comparison of NQM, QDM, and QM 

 Two steps were followed to compare NQM, QDM, and QM. Firstly, we compared the 

reproducibility of the upper 95th percentile of the wet-day rainfall series (Q95th) by each method based 

on the observed datasets. Secondly, we compared how each method preserves the raw modeled CCS 

of CORDEX-SEA in Q95th in the future period. Q95th is a commonly used index for climate change 

impact studies focusing on rainfall extremes (Chen et al., 2013a). The quantile is calculated based on 

the default method in quantile function in R language. The details of these steps are described as 

follows. 

 In the first step, we chose 1986–1995 as the calibration period and 1996–2005 as the validation 

period. Each BC method was calibrated using the data for 1986–1995 and the systematic model bias 

was removed considering the data for 1996–2005. Then, we compared the bias-corrected model values 

with the observed values obtained for 1996–2005. Specifically, the comparison was represented by the 

relative error through 100% ∗ (𝑄95𝑡ℎ𝐵𝐶 − 𝑄95𝑡ℎ𝑂𝐵𝑆)/𝑄95𝑡ℎ𝑂𝐵𝑆 .  𝑄95𝑡ℎ𝐵𝐶   and 𝑄95𝑡ℎ𝑂𝐵𝑆 

represent the Q95th of bias-corrected wet-day rainfall series and observed wet-day rainfall series, 

respectively. 

In the second step, we checked how each BC method preserves raw modeled CCS in Q95th in 

future periods (2026–2045 and 2066–2085). For example, the raw future model showed a 20% increase 

in Q95th from the raw historical model. If the bias-corrected dataset showed a 10% increase in Q95th 
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from the observed dataset, the relative change of raw modeled CCS was 100% × (10%-20%) / 20% = 

-50%. These two steps were similar to Cannon et al. (2015) and Chen et al. (2013a). For each BC 

method, we set a threshold=0.1 mm, below which all modeled values were set to zero. QDM and QM 

were implemented by R packages MBC and qmap respectively, that are available online (https://cran.r-

project.org/web/packages/). For each bias-corrected model, we recorded the mean values of relative 

error and relative change. 

To select a suitable BC method for each dataset from CORDEX-SEA, results based on the 

previous two steps were combined. First, we rescaled the relative error series and relative change series 

as follows:  

𝑋∗ = 100% ×
|𝑋|−|𝑋𝑚𝑖𝑛|

|𝑋𝑚𝑎𝑥|−|𝑋𝑚𝑖𝑛|
                      (2.7) 

where |𝑋|, |𝑋𝑚𝑎𝑥|, and |𝑋𝑚𝑖𝑛| denote the absolute value of the data series (that is the relative error 

series or relative change series), maximum of this series, and minimum of this series, respectively. 𝑋∗ 

denotes the mapped data series. Second, we took the average of the mapped relative error series and 

the mapped relative change series. This average is called the total error and is used for selecting a 

suitable BC method for each dataset from CORDEX-SEA in each station. This selection is to improve 

the accuracy of each ensemble member by considering the influence of bias correction and CCS 

preservation through Eq. 2.7, and thus reduce uncertainty in the ensemble mean and spread. These 

three BC methods implicitly conduct spatial downscaling, which has been applied in several studies 

for climate change impacts (Chen et al., 2014, 2018; Ivanov and Kotlarski, 2017; Li et al., 2017; Li 

and Babovic, 2019; Lima et al., 2018; Mullan et al., 2016). 

 

2.3.4 Temporal Disaggregation Model 

For temporal disaggregation, we introduced an ANN-based model that is used to obtain future 

sub-daily MMS based on daily rainfall datasets provided by CORDEX-SEA simulations. This ANN-

based model is similar to the temporal disaggregation model used in Mirhosseini et al. (2014), which 

is used to reproduce MMS instead of the whole sub-daily rainfall series; However, there are two 

important advancements: (1) Instead of using all rainfall data information, we only extracted the 

extreme rainfall information for training, which is more computationally efficient, (2) to improve 

accuracy, we used the most accurate outputs simulated in previous steps (for 12 hourly rainfall) as the 

https://cran.r-project.org/web/packages/
https://cran.r-project.org/web/packages/
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inputs for later steps (for 6, 18 and 24 hourly rainfall). For comparison, we applied a widely used 

stochastic disaggregation model called Hyetos (Koutsoyiannis, 2003). Hyetos was improved by 

Kossieris et al. (2018), as it allowed for a temporal disaggregation from daily scale down into 1-min 

scale. This model is called Hyetosminute, which was implemented in this chapter using the R package 

(http://www.itia.ntua.gr/en/softinfo/3/).  

More details on how to apply Hyetosminute and ANN-based model are described as follows. 

Hyetosminute was used for generating hourly rainfall series based on daily rainfall series. 

Hyetosminute, as a stochastic model, generates statistically consistent hourly rainfall events, thus 

needing suitable distribution functions to simulate the rainfall duration and intensity. The cell (rainfall 

events divided into different cells) intensity was simulated by Weibull distribution, which was also 

suggested by Kossieris et al. (2018). A preliminary analysis showed that a model considering 

dependence between cell duration and intensity performed better, which was similar to Kossieris et al. 

(2018). For the ANN-based model, we used a three-layered (input, hidden, and output layer) back-

propagation network. The input layer sends the input variable (shown in Table 2.3) to the hidden layer 

(that produces the output variable based on nonlinear transformations), and the output layer gives the 

output variable (Burian et al., 2000). The objective of back-propagation is to minimize the error 

function (the mean squared error in our study) by adjusting the nonlinear transformations (Burian et 

al., 2000). We applied 20 hidden neurons with a dropout (rate = 0.5) between the hidden layer and 

output layer based on trial and error. Dropout is a technique where selected neurons are ignored 

randomly in the training to avoid overfitting. Such settings are problem-dependent and are based on a 

trial rule (Macukow, 2016; Mendenhall and Meiler, 2016). The input and output variables are listed in 

Table 2.3. Monthly maximum 1, 3, 6, 12, 18, 24 hourly rainfall series are signified by MMR1, MMR3, 

MMR6, MMR12, MMR18, MMR24, respectively. The optimum input variable was selected based on 

the minimum Akaike Information Criterion (AIC), which is widely used for input variable selection 

(Mirhosseini et al., 2014; Panchal et al., 2010). To set up the model, 80% of the datasets were used for 

training (80%) and validation for minimizing over-fitting (20%), and the remaining 20% for testing 

(Mirhosseini et al., 2014). For example, among 20-year observed hourly rainfall series, we used 154 

(12 months × 20 years × 80% × 80%) observed MMR1 as the output variable for training. Based on 

the observed MMR1, we knew the exact time (i.e., month (𝑚), day (𝑡), the previous day (𝑡 − 1), the 
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next day (𝑡 + 1)) when MMR1 occurred and the amount (P) of rainfall accumulated during these 

times. Then, we had 154 sets of (P𝑡−1, P𝑡, P𝑡+1, P𝑚) as the input variable. We also found that the ANN-

based model simulated MMR6, MMR18, and MMR24 better if we used simulated MMR12 

( 𝑠𝑖𝑚_𝑀𝑀𝑅12 ) as the input variable. Other combinations of input variables, such as 

(P𝑡−2, P𝑡−1, P𝑡, P𝑡+1, P𝑚, 𝑠𝑖𝑚_𝑀𝑀𝑅24 ), performed worse than those in Table 2.3 and are not shown 

here. Overall, we established 12 ANN-based models for six durations at two stations.  

Table 2.3 shows that if we use the ANN-based model, we need to know the exact time when sub-

daily rainfall extremes (e.g., MMR1) occurred. This information is unavailable in the future daily 

rainfall series provided by CORDEX-SEA. Therefore, firstly, we regarded daily rainfall as P𝑡 and 

obtained 7305 (7305 days during 2026–2045 or 2066-2085) sets of (P𝑡−1, P𝑡, P𝑡+1, P𝑚) . Secondly, 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚)  was input into ANN-based model to generate 7305 output variables. Next, we 

exacted MMS from these output variables. This procedure was also tested in the historical period 

(Section 2.4.2). 

 

Table 2.3 Selecting the optimum input variables for ANN-based models based on Akaike 

Information Criterion (AIC). Output variables MMR1, MMR3, MMR6, MMR12, MMR18, and 

MMR24 represent monthly maximum 1, 3, 6, 12, 18, and 24 hourly rainfall series, respectively. P is 

the total rainfall in that particular day (𝑡) and month (𝑚). P𝑡−1 and P𝑡+1 are the daily rainfall 

centered by 𝑡. 𝑠𝑖𝑚_𝑀𝑀𝑅12 is the disaggregated MMR12 in that month. The best input variables 

are selected for each output variable based on the minimum AIC value (shown by the bold number).  

 

Statio

n 
Input variable 

Output variable 

MMR

1 

MMR

3 

MMR

6 

MMR1

2 

MMR1

8 

MMR2

4 

HCM

C 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 4.69 4.47 4.36 None 4.42 4.64 

(P𝑡−1, P𝑡, P𝑡+1, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 4.75 4.44 4.25 None 4.29 4.57 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚) 4.42 4.11 4.47 3.90 4.50 4.68 

(P𝑡−1, P𝑡, P𝑡+1) 4.54 4.09 4.29 3.62 4.37 4.65 

CTC (P𝑡−1, P𝑡, P𝑡+1, P𝑚, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 3.85 4.48 4.64 None 3.57 3.16 
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(P𝑡−1, P𝑡, P𝑡+1, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 4.12 4.36 4.61 None 3.53 3.05 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚) 3.65 4.33 4.66 3.46 4.04 3.74 

(P𝑡−1, P𝑡, P𝑡+1) 4.10 4.28 4.74 3.41 4.01 3.61 

 

2.3.5 Constructing IDF Curves  

For the historical period, extreme value analysis (EVA) was conducted using the annual maximum 

series (AMS) given from the observed rainfall series. For the future period, EVA was applied to AMS 

extracted from MMS, which is the product of downscaling and temporal disaggregation explained in 

Sections 2.3.3 and 2.3.4, to determine the return rainfalls (representing the rainfall intensity with a 

given return period) at different durations that were later used to construct the IDF curves. Compared 

with the peak over threshold method, the AMS method can ensure the independence of the data series 

and is suitable for the EVA in highly variable climatic conditions (Marra et al., 2017). For EVA, we 

applied a Bayesian generalized extreme value (GEV) distribution model proposed by Lima et al. (2018) 

based on the scaling-invariant property of the rainfall process (Blanchet et al., 2016; Koutsoyiannis et 

al., 1998). Lima and coworkers applied this model for estimating GEV parameters at several stations 

in a homogeneous hydrologic region simultaneously, while we used it for HCMC and CTC, separately. 

The scaling-invariant property implies that the statistical properties of rainfall with different rainfall 

durations are linked to each other by an operator consisting of the scaling ratio and scaling exponent 

(Blanchet et al., 2016). GEV has been widely used to fit the annual maxima in the field of hydrology 

(Coles et al, 2001; Papalexiou et al., 2013). The standard cumulative distributing function of GEV is 

defined by : 

𝐺(𝑦) = 𝑒𝑥𝑝 {− [1 + 𝜉 (
𝑦−𝜇

𝜎
)]

−
1

𝜉
} , for, {𝑦: 1 + 𝜉 (

𝑦−𝜇

𝜎
) > 0}            (2.8) 

where −∞ < 𝜇 < ∞, σ > 0 and −∞ < 𝜉 < ∞.   𝜇, 𝜎,  and 𝜉  are the location, scale, and shape 

parameters of GEV, respectively. 𝑦 denotes the rainfall intensity data. 

There are mainly two methods for parameter estimation based on the likelihood function: the 

maximum likelihood method and the Bayesian method (Muller et al., 2008). The Bayesian method is 

desirable since it can reasonably assess the uncertainty in estimated parameters (Mélèse et al., 2018). 

Moreover, to reduce the uncertainty arising from the scarcity of data, Bayesian method can include 
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other sources of information through the prior distributions of parameters (Muller et al., 2008). The 

joint posterior distribution with the complete parameter set Θ of the Bayesian GEV model is given 

by (Lima et al., 2018): 

𝑃𝑟 (
Θ

𝑦
) ∝∏ ∏ ∏ 𝐺𝐸𝑉(𝑦𝑑,𝑗,𝑖|𝜇𝑑,𝑖, 𝜎𝑑,𝑖, 𝜉𝑑,𝑖)

𝐷

𝑑=1

𝑇

𝑗=1

𝑁

𝑖=1
 

× 𝑁 (𝑙𝑜𝑔(𝜇𝑑,𝑖)|𝛼𝑖 − 𝐻𝑖 ⋅ 𝑙𝑜𝑔 (
𝑑 + 𝜃𝑖
24 + 𝜃𝑖

) , 𝜏𝜇
2) × 𝑁 (𝑙𝑜𝑔(𝜇𝑑,𝑖)|𝛽𝑖 − 𝐻𝑖 ⋅ 𝑙𝑜𝑔 (

𝑑 + 𝜃𝑖
24 + 𝜃𝑖

) , 𝜏𝜎
2) 

× 𝑁(𝜉𝑑,𝑖|𝜉, 𝜏𝜉
2) × 𝑁(𝛼𝑖|0, 10

6) × 𝑁(𝛽𝑖|0, 10
6) 

× B(𝐻𝑖|1,1,0,1) × 𝑈(𝜃𝑖|0,10) × 𝑁(𝜉|0, 0.32) 

× 𝐼𝑛𝑣 − 𝐺𝑎𝑚𝑚𝑎(𝜏𝜇
2|0.01,0.01) × 𝐼𝑛𝑣 − 𝐺𝑎𝑚𝑚𝑎(𝜏𝜎

2|0.01,0.01) 

  × 𝐼𝑛𝑣 − 𝐺𝑎𝑚𝑚𝑎(𝜏𝜉
2|0.01,0.01)                                                (2.9) 

where, 𝑦 and Θ denote the rainfall intensity value and complete set of Bayesian GEV parameters, 

respectively, 𝑇 and 𝑁 represent the number of years and gauge stations, respectively. 𝐷 is the set of 

rainfall durations considered in the construction of IDF curves. 𝛼 and 𝛽 are 𝑙𝑜𝑔(𝜇24) and 𝑙𝑜𝑔(𝜎24) 

associated with the rainfall duration of 24h, respectively. 𝜉 denotes the average shape parameter of 

the considered durations. 𝜏𝜇
2, 𝜏𝜎

2, and,𝜏𝜉
2 denote the variance in the respective scaling processes. 𝑁(⋅,⋅) 

and 𝑈(⋅,⋅)  represent the normal distribution and uniform distribution, respectively. 𝐵(⋅,⋅, 𝑎, 𝑏) 

denotes the beta distribution associated with the lower bound of 𝑎 and upper bound of 𝑏. The inverse 

gamma distribution is signified by 𝐼𝑛𝑣 − 𝐺𝑎𝑚𝑚𝑎(⋅,⋅). The priors for these parameters are explained 

in detail in Lima et al. (2018) and hence not repeated here. Owing to the lack of sub-daily datasets in 

PPC, Eq. 2.9 can only be used in HCMC and CTC. Subsequently, posterior distributions of 𝜉 and 𝜏𝜉
2 

can be obtained and then used as the prior distributions for the scaling process in PPC, 

𝑃𝑟(𝜇24, 𝜎24, 𝜉24|𝑦) ∝ ∏ 𝐺𝐸𝑉(𝑦𝑗|𝜇24, 𝜎24, 𝜉24) ∙ 𝑁(𝜉24|𝜉, 𝜏𝜉
2)𝑇

𝑗=1                         (2.10) 

where 𝜇24, 𝜎24, and 𝜉24 denote the GEV parameters of 24h annual maximum series in PPC. In this 

case, to remove the difference between daily annual maximum series and 24h annual maximum series, 

the correction factor was used, as suggested by Young and McEnroe (2003). 

Historical return rainfalls at different durations were used to construct the historical IDF curves. 

However, future return rainfalls, which were based on future disaggregated MMS by ANN, could 

distort the true MMS. Fig. 2.5 displays a similar distortion (e.g., light-tail problems in shorter durations) 

in the historical period. When constructing future IDF curves, this distortion needs to be considered. 
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Therefore, first, we generated ANN-based historical and future return rainfalls. Secondly, the ‘change 

factor’ (climate response that indicates the ratio of future rainfall intensities to historical ones) (Wilby 

et al., 2009) was computed by the ratio of ANN-based future return rainfalls to ANN-based historical 

ones. Finally, we constructed the IDF curves for future periods by multiplying the ‘change factor’ and 

observation-based historical return rainfalls (future IDF curves = observation-based IDF curves × 

future ANN-based IDF curves / historical ANN-based IDF curves). This procedure is similar to the 

development of IDF curves by using the ratio of model-based future rainfall intensity and model-based 

historical rainfall intensity in Liew et al. (2014) and Tabari et al. (2016).  

Regarding IDF curves in PPC, we spatially downscaled the daily rainfall datasets by the BC 

method and constructed the IDF curves by Bayesian GEV-based interpolation (Eq. 2.10). The GEV 

parameters for 24h estimated from Eq. 2.10 and the scaling parameters previously estimated from Eq. 

2.9 for HCMC and CTC were used to obtain the sub-daily GEV parameters for PPC. Subsequently, 

these GEV parameters were used to compute the return rainfall that was later used to construct IDF 

curves for PPC. 

 

2.4 Results and Discussion 

2.4.1 Comparison of NQM, QM, and QDM 

 Fig. 2.4 shows the total error of each dataset from CORDEX-SEA generated by the three BC 

methods. For each climate model dataset of CORDEX-SEA simulations, the most suitable BC method 

(either of QM, QDM, and NQM) was selected to minimize the total error integrating the influence of 

bias correction and CCS preservation. On the whole, we selected NQM, QDM, and QM as the most 

suitable BC method for downscaling 15, 11, and 2 rainfall datasets, respectively (this number 

corresponds to the number of black bars for each BC method shown in Fig. 2.4). This difference 

indicates that NQM and QDM performed better than QM. QM performed poorly mainly because QM 

uses the error correction values established at a higher ECDF to remove the bias at a lower ECDF, 

which could alter the raw modeled CCS (Switanek et al., 2017). The best BC methods remained almost 

the same in the near and far future periods and were similar in HCMC and CTC (Fig. 2.4). This 

similarity in selecting suitable BC methods for HCMC and CTC makes sense given the geographical 

location of these two cities.  
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 In general, NQM and QDM performed better than QM. For some CORDEX-SEA products (e.g., 

far future case of Model 7 for HCMC), NQM gave a comparably small total error, although NQM was 

not selected as the best BC method. Given that NQM performed better than the other two BC methods 

with regard to certain datasets (e.g., No. 4 in Table 2.1), climate change impact studies in other cities 

are suggested to use NQM. In addition, since datasets downscaled by selected BC methods performed 

better than the datasets downscaled by one specific BC method, future study should consider selecting 

a suitable BC method for each climate model.  

 

 

 

 

Fig. 2.4. Total error for datasets of CORDEX-SEA generated by three BC methods for HCMC (top) 

and CTC (bottom) in the near future and far future periods. The black bar indicates the minimum 

error among the three BC methods (QM, QDM, and NQM) for each dataset. The number at the 

bottom of each bar, 1 to 7, corresponds to the dataset number in Table 2.1. 

 

2.4.2 Disaggregated MMS 
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 Table 2.3 shows that the optimum input variables for ANN-based models are the same between 

HCMC and CTC. Comparing AIC between the input variable with 𝑠𝑖𝑚_𝑀𝑀𝑅12  and without 

𝑠𝑖𝑚_𝑀𝑀𝑅12 , such as (P𝑡−1, P𝑡, P𝑡+1, 𝑠𝑖𝑚_𝑀𝑀𝑅12)  and (P𝑡−1, P𝑡, P𝑡+1) , we found that 

𝑠𝑖𝑚_𝑀𝑀𝑅12 improved accuracy for long durations (i.e., MMR6, MMR18, MMR24) while reduced 

it for short durations (i.e., MMR1, MMR3). This finding is probably because that compared with long-

duration rainfall extreme, short-duration rainfall extreme is more related to the small-scale convective 

events (Fowler et al., 2021). Thus the long-duration rainfall extreme doesn’t help a lot in improving 

accuracy for the short durations. The best input variables (shown by the bold number) were then 

compared with Hyetosminute based on how well they reproduce the observed MMS (Figs. 2.5 and 2.6) 

and used to obtain future MMS for different durations. The evaluation of ANN-based models is listed 

in Table 2.4, where the models performed similarly on the training datasets and test datasets, which 

indicates that there are no overfitting and underfitting problems.  

Figs. 2.5 and 2.6 compare the quantile-quantile plot of the observed and simulated (disaggregated) 

MMS. Both ANN-based model and Hyetosminute gave satisfactory results in long durations (i.e., 12, 

18, 24 h), while ANN-based model performed much better than Hyetosminute in short durations (i.e., 

1, 3, 6 h). However, both ANN-based model and Hyetosminute tended to distort from (mainly 

underestimate) the observed MMS in the tails, especially in short durations. These results were in 

agreement with the results in Mirhosseini et al. (2014). Distortion problems are unavoidable, especially 

for short durations (Arnbjerg-Nielsen et al., 2013; Burian et al., 2000; Burian and Durrans, 2002; 

Kossieris et al., 2018; Mirhosseini et al., 2014). This is maybe because short-duration rainfalls are 

mainly derived from small-scale convective events (which usually last less than one day) that are 

difficult to represent by the daily rainfall datasets (Llasat, 2001). 

Although we improved the ANN-based model by using the most accurate outputs (i.e., 

𝑠𝑖𝑚_𝑀𝑀𝑅12) in previous steps as the inputs in later steps, as shown in Table 2.3, we further need to 

reduce uncertainty in future studies. First, we can consider other climate factors (such as temperature) 

as input variables to improve the accuracy of results, especially in short durations. Mirhosseini et al. 

(2014) showed that ANN-based model has better accuracy when using temperature as the input. 

Second, data for short durations, provided by high-resolution convection-permitting climate models, 

can be used directly (Cannon and Innocenti, 2019; Kendon et al., 2017).  
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In general, ANN-based model showed superior performance over Hyetosminute in short durations, 

and future work should consider using more input variables and convection-permitting climate models 

to reduce uncertainty. 

 

Table 2.3. Selecting the optimum input variables for ANN-based models based on Akaike 

Information Criterion (AIC). Output variables MMR1, MMR3, MMR6, MMR12, MMR18, and 

MMR24 represent monthly maximum 1, 3, 6, 12, 18, and 24 hourly rainfall series, respectively. P is 

the total rainfall in that particular day (𝑡) and month (𝑚). P𝑡−1 and P𝑡+1 are the daily rainfall 

centered by 𝑡. 𝑠𝑖𝑚_𝑀𝑀𝑅12 is the disaggregated MMR12 in that month. The best input variables 

are selected for each output variable based on the minimum AIC value (shown by the bold number).  

 

 

Table 2.4. Performance of ANN-based models based on Pearson coefficient r. 

 

Station Type 

Duration 

1 h 3 h 6 h 12 h 18 h 24 h 

HCMC Train 0.88 0.96 0.97 0.98  0.99  0.99  

Station Input variable 
Output variable 

MMR1 MMR3 MMR6 MMR12 MMR18 MMR24 

HCMC 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 4.69 4.47 4.36 None 4.42 4.64 

(P𝑡−1, P𝑡, P𝑡+1, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 4.75 4.44 4.25 None 4.29 4.57 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚) 4.42 4.11 4.47 3.90 4.50 4.68 

(P𝑡−1, P𝑡, P𝑡+1) 4.54 4.09 4.29 3.62 4.37 4.65 

CTC 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 3.85 4.48 4.64 None 3.57 3.16 

(P𝑡−1, P𝑡, P𝑡+1, 𝑠𝑖𝑚_𝑀𝑀𝑅12) 4.12 4.36 4.61 None 3.53 3.05 

(P𝑡−1, P𝑡, P𝑡+1, P𝑚) 3.65 4.33 4.66 3.46 4.04 3.74 

(P𝑡−1, P𝑡, P𝑡+1) 4.10 4.28 4.74 3.41 4.01 3.61 
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Test 0.93 0.96  0.98  0.99  0.98  0.98  

CTC 

Train 0.90  0.96 0.97  0.99  0.98  0.99  

Test 0.92  0.93 0.94  0.99  0.99  0.99  

 

 

 

Fig. 2.5 Comparison of the quantile–quantile plot of the observed and disaggregated (wet-day) 

monthly maximum series in HCMC. 
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Fig. 2.6. Same as Fig. 2. 5, but for CTC. 

 

2.4.3 Historical and Future IDF curves  

Figs. 2.7 and 2.8 display the IDF curves in historical and future periods. Comparing the 25-yr IDF 

curves for the near and far future periods, HCMC shows a higher rainfall intensity in the near future 

while CTC shows a lower rainfall intensity in this period. This observation can be attributed to the 

discrepancies among the climate models in simulating the changes in rainfall extremes. Based on a 

preliminary analysis (not shown), most raw climate models indicate that rainfall extremes (average of 

annual maximum daily rainfall) in the far future are smaller than those in the near future around HCMC, 

while giving an opposite result around CTC. This contradiction between climate modes provided by 

CORDEX-SEA simulations has also been identified by Supari et al. (2020), Tangang et al. (2020, 2019, 

2018), and Trinh-Tuan et al. (2019). Owing to the complex climate and terrain in SEA, simulating the 

local rainfalls by regional climate models is still challenging (Tangang et al., 2020). With further 

development of CORDEX-SEA simulations, the uncertainties resulting from these simulations could 

be reduced in future studies. Despite the uncertainty, some common conclusions with regard to both 

HCMC and CTC can be drawn; these are mentioned as follows. 

In the near future, for 2-yr IDF curves, which comprise the median values of annual maximum 

rainfall for different rainfall durations, HCMC showed an average change of 0.6% and CTC of -5.8% 

compared to the rainfall intensities during the historical period. The changes are in general agreement 

with the changes in annual maximum daily rainfall in this region reported by Tangang et al. (2018). In 

the far future, based on the 2-yr IDF curves, the rainfall intensity was expected to increase by 7.7% in 

HCMC and 1.8% in CTC, which is similar to changes in annual maximum daily rainfall in Supari et 
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al. (2020). Furthermore, based on the 25-yr IDF curves, the rainfall intensity was expected to increase 

by 34.5–36.8% (depending on the rainfall duration) in HCMC and by 15.7–30.4% in CTC in the near 

future, and 27.4–32.6% in HCMC, 55.4–72.8% in CTC in the far future. Thus, compared with IDF 

curves with a lower return period, IDF curves with a higher return period increased more from the 

historical period. This difference implies that the rainfall intensity for rarer rainfall events will intensify 

more in the future, which is similar to the results in Truong Ha, (2018), and in other regions like Europe 

and North America (Cannon and Innocenti, 2019; Kharin et al., 2018; Myhre et al., 2019). In addition 

to this observation, generally, more increase is found in longer-duration rainfall intensity in HCMC 

and CTC (Fig. 2.9). Despite the general increase, for some cases (e.g., 25-year in HCMC), longer-

duration rainfall intensity increased less than that of shorter-duration one. This general increase 

compares well to a previous research on IDF curves in HCMC (Truong Ha, 2018). As extreme short-

duration rainfall is generally responsible for flash flooding (Fowler et al., 2021), the less increase in 

extreme short-duration rainfall in our study region may be helpful in the timely implementation of 

efficient preventive measures for flash flooding. 

Overall, rainfall intensity with higher return periods, especially for longer durations, is expected 

to increase more in both cities and future periods. These expected change in IDF curves urges us to 

update the existing drainage systems for higher return periods in HCMC and CTC. 
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Fig. 2.7. 2 and 25-yr IDF curves for historical and future periods in HCMC (top) and CTC (bottom) 

based on observed and bias-corrected model datasets. IDF curves for future periods are the mean of 

the future projections based on the datasets (downscaled by selected BC methods) shown by black 

bars (after temporal disaggregation) in Fig. 2.4. 
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Fig. 2.8. Same as Fig. 2.7, but for 5 and 10-yr IDF curves. 

 

 

 

Fig. 2.9. Change in rainfall intensity in the future periods. Rainfall intensity for future periods is the 

mean of future projections obtained from seven models based on QM, QDM, NQM, and selected BC 

methods, respectively. 

 

IDF curves for both the historical period (based on observations) and the future periods (based on 

the RCMs with BC) in PPC are shown in Fig. 2.10. 20-year rainfall intensity is projected to increase 

by 12.5–13.7% (depending on the rainfall duration) under RCP4.5 in the far future, which is much 

smaller than 16.4–26.2% in CTC and 31.4–49% in HCMC, during the same period. This difference is 

partly because we developed the historical and future IDF curves in this data-scarce city by integrating 

rainfall information at different levels (i.e., daily extreme rainfall in PPC and scaling properties for 

HCMC and CTC). This integration assumes that these cities are located within the homogenous 

hydrologic regions, which are difficult to check due to the limited number of existing gauge stations 

in the region. Nevertheless, this assumption is, to some extent, reasonable given that three cities are 

located in very flat terrain and relatively close proximity (Fig. 2.1), and Bayesian GEV model (Eqs. 
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2.9 and 2.10) through Markov Chain Monte Carlo (MCMC) wouldn’t be possible to converge if these 

cities are located in the non-homogenous hydrologic regions. In the future study, further investigation 

on this assumption based on a delineation of homogenous regions in terms of scaling property is 

required (Ouali and Cannon, 2018). The use of clustering method (e.g., K-means clustering) to select 

the homogenous regions based on more rain-gauge observations can be recommended and is the future 

effort. 

 

 

 

Fig. 2.10. 5- and 20-yr IDF curves in the historical period and future periods in PPC. The rainfall 

intensity in the historical period was based on observations, and that in the future periods was 

calculated based on the ensemble median of the RCMs (with BC) by using Bayesian GEV through 

MCMC. The model uncertainty was based on the 90% of the ensemble spread. 

 

2.4.4 Uncertainty in IDF Curves  

The IDF curves projected for the future period include different kinds of uncertainty due to the 

observed and modeled datasets, and the methods used to estimate the IDF curves. The observed 

datasets collected by the rain gauges are affected by systematic errors such as the underestimation due 

to the wind effects, and evaporation (Hosseinzadehtalaei et al., 2020), which is difficult to verify for 

the observed data we used. In addition, the observations with a record length of 20 years are easily 

affected by the natural variability of the climate system (Aalbers et al., 2018), thus causing uncertainty 

in the estimated return rainfall. This limited record length of data is mainly due to the limited 

observation period and the setting of the historical period in CORDEX-SEA simulations, which ends 
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in 2005. Since the period of projection under RCP scenarios starts from 2006, we constrain the time 

span of observed rainfall examined in this chapter to 1986-2005. Nevertheless, the applied Bayesian 

GEV model uses more information to estimate the return rainfall, leading to a reduction in uncertainty 

caused by the natural variability. The uncertainty in the climate models can be attributed to various 

factors in RCMs and GCMs (e.g., physical parameterization schemes, coarse spatial resolutions, and 

boundary forcing) (Tangang et al., 2019, 2020). In RCMs, modeling the convective rainfall poses 

certain errors in the estimation of rainfall. For example, the convective rainfall scheme used in 

RegCM4-3 (Table 2.1), i.e., MIT-Emanuel cumulus parameterization scheme, was found to generally 

overestimate daily rainfall amount (Tangang et al., 2020) and daily rainfall extremes (e.g., R99pTOT) 

over SEA (Ge et al., 2019), and some models (e.g., No.3 in Table 2.1) even projected an opposite future 

change compared with the forcing GCMs (Tangang et al., 2020). Regarding the temperature, RCMs 

simulated the daily temperature better than GCMs in our research area, but still projected a different 

temperature from the forcing GCMs in the future period (Nguyen-Thi et al., 2021). Generally, RCMs 

affect the return rainfall estimates (Fig. 2.11) much more than the forcing GCMs (Berg et al. 2019). In 

addition, the coarse spatial resolution of the RCMs is difficult to provide us the high-resolution local 

rainfall fields in an urban environment, especially in complex terrain (Poschlod et al., 2018). Obtaining 

local rainfall fields from these RCMs based on BC methods could also cause uncertainty. All these 

limitations in climate models would cause significant uncertainty in return rainfall estimates (Poschlod 

et al., 2021). As SEA could be more affected by the enhanced convectional process in the future (Ge 

et al., 2019), RCMs with explicit convection schemes (focusing on the spatial resolution of 3-4 km) 

are needed to improve the results (Tabari et al., 2016). In addition to the shortcomings of these climate 

models, the natural variability of the climate system also limits the predictability of the CCS indicated 

by the climate models (Aalbers et al., 2018). These effects of natural variability on rainfall were found 

more obvious at smaller spatial scales and shorter durations (Hawkins and Suton, 2009; Aalbers et al., 

2018). As these effects are difficult to estimate from observations with a limited record length, 

Poschlod et al. (2021) quantified their effects by using 50 ensemble members with the same emission 

scenario, model structure, and physics. Results show that the convectional process is more affected by 

natural variability. Therefore, it is also important to quantify the impact of natural variability on the 

estimated IDF curves, which is subject to the future work. 
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The uncertainty due to the choice of BC methods gives a substantial influence on the estimation 

of sub-daily rainfall extremes and resulting IDF curves. Figs. 2.11 and 2.12 display the uncertainty of 

projected return rainfall in the future periods. Day(BC) and Day(Raw) represent the daily return 

rainfall based on bias-corrected models and those based on raw climate models, respectively. To better 

compare these two kinds of return rainfall, we applied an areal reduction factor of 0.8 to Day(Raw) 

(Willems, 2013). However, the area reduction factor is usually site-dependent, which should not be 

seen as a reliable transformation of Day (Raw) (Poschlod et al., 2021). The range of the return rainfall 

(ensemble spread) is usually used as a measure of the uncertainty and ensemble median or mean (the 

former being more outlier-robust and the latter making full use of the obtained information) is 

advocated as a representation of the future (Kundzewicz et al., 2018). Maurer and Pierce (2014) found 

that after bias correction, the ensemble mean better preserved the raw modeled CCS than the ensemble 

median. This better performance based on the ensemble mean is also shown in Fig. 2.11, where the 

ensemble mean of Day(BC) showed a similar CCS (change from near future to far future) to that of 

Day(Raw), while ensemble median Day(BC) sometimes (e.g., 2-yr return rainfall in CTC) showed an 

opposite CCS to that of Day(Raw). Even though Fig. 2.11 displays some outliers in the certain boxplots 

(e.g., 1h, 25-year return rainfall in CTC), these outliers (defined by the boxplot) also represent possible 

and plausible futures (Kundzewicz et al., 2018). Therefore, if we apply BC methods to remove the 

systematic model bias, using the ensemble mean instead of the ensemble median is suggested.  

Compared with Day(Raw), Day(BC) decreased the ensemble spread of daily return rainfalls by 

47.1% in HCMC and 61.4% in CTC. This decrease indicates that the BC methods used in our study 

(especially NQM and QDM) reduced the uncertainty caused by the systematic model bias effectively 

owing to their approach to capture the CCS, although BC methods cannot be used to solve the 

fundamental problems of RCMs (e.g., parameterization schemes) (Maraun, 2016). Furthermore, 

ensemble means of Day(Raw) generally gave a larger return rainfall than those of Day(BC). This 

overestimation in rainfall extremes was also reported by Supari et al. (2020). A preliminary analysis 

(not shown) shows that some models project extremely large rainfalls, which cannot be seen as outliers 

without a compelling reason. The bias in these larger rainfalls is difficult to remove by almost all BC 

methods that calculate quantiles in a non-parametric way (Maraun et al., 2019). Future work could use 

a parametric method (such as Generalized Pareto distribution) to fit these extremes in the bias 
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correction (Switanek et al., 2017). 

Some durations, such as 12, 18, and 24 h in CTC (Fig. 2.11, 25-yr return rainfall, near future), 

gave a wider ensemble spread than that of Day(BC). This wider spread is mainly due to the uncertainty 

arising from the temporal disaggregation model. This uncertainty from temporal disaggregation 

models cannot be eliminated (Burian et al., 2000; Burian and Durrans, 2002; Kossieris et al., 2018; 

Mirhosseini et al., 2014) but can be reduced by the solutions (i.e., using more input variables and 

convection-permitting climate models) mentioned in Section 2.4.2. Moreover, the temporal 

disaggregation model trained by the historical daily rainfall datasets was used in the future period 

based on the so-called stationarity assumption, which could introduce additional uncertainty. Although 

using the projected daily rainfall datasets for future periods reduces the uncertainty, the rainfall 

generating systems for the sub-daily rainfall are usually different from the daily rainfall (Cannon and 

Innocenti, 2019). Quantifying the uncertainty caused by the stationarity assumption is difficult due to 

the complexity of the rainfall generating systems and the interaction between thermodynamic and 

dynamic factors (Moustakis et al., 2021). Though the stationarity assumption is commonly accepted 

in climate change impact studies (Hosseinzadehtalaei et al., 2020, 2021; Lombardo et al., 2017), this 

assumption needs to be checked in the future study when climate models with higher accuracy are 

available (Berg et al., 2019). 
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Fig. 2.11. Box plot showing the uncertainty in 2 and 25-yr return rainfalls with different rainfall 

durations in HCMC (top) and CTC (bottom). Day (BC) and Day (Raw) represent the daily return 

rainfall based on bias-corrected model datasets (downscaled by selected BC methods) and those 

divided by an areal reduction factor based on raw climate model datasets (that mean uncorrected 

models), respectively. The horizontal line within the box represents the median value, and each circle 

represents rainfall depth for a specific climate model. The red plus sign in the figure denotes the 

ensemble mean value. The extent of box signifies the first quartile (Q1) to the third quartile (Q3), 

which is also called interquartile range (IQR). The values outside the range of [Q1- 1.5IQR, Q3 + 

1.5IQR] are considered as outliers. (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.) 
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Fig. 2.12. Same as Fig. 2.11, but for 5 and 10-yr return rainfalls. 

 

2.5 Summary 

This chapter provides a framework for constructing IDF curves in the near future period (2026–

2045) and far future period (2066–2085) for tropical cities in Southeast Asia based on the state of art 

climate models provided by CORDEX-SEA simulations, through the application in three cities in 

Southeast Asia. In this framework, we proposed a new BC method, NQM, and compared it with QDM 

and QM. Thereafter, we spatially interpolated the IDF values in a data-scarce city (i.e., PPC) by using 

the scaling property of heavy rainfall. Furthermore, we selected the best BC method for each dataset 

provided by CORDEX-SEA to ensure the removal of the systematic model biases by BC methods as 

well as the retainment of the raw modeled CCS of CORDEX-SEA simulations. An ANN-based 

disaggregation model was introduced and compared with a stochastic disaggregation model, 

Hyetosminute. The following conclusions can be drawn: 

(1) In general, NQM and QDM performed better than QM. Given that for some datasets, NQM 

showed much better accuracy than QDM and QM, the climate change impact studies in other 

cities should consider using NQM and comparing it with other downscaling methods.  

(2) CORDEX-SEA-simulated rainfall is always characterized by a significant bias and uncertainty, 

which precludes its direct use for constructing IDF curves. The selected BC methods eliminated 

the systematic model bias and reduced the associated model uncertainty for the construction of 

IDF curves for future periods effectively.  
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(3) The short-duration MMS generated by ANN was much more accurate than that generated by 

Hyetosminute. Future work should focus on reducing uncertainty, especially in short durations. 

In addition to utilizing the enhanced observed and modeled datasets, using the most accurate 

outputs in previous steps as the inputs in later steps is recommended.  

(4) Projected IDF curves for future periods revealed that rainfall intensity for rarer rainfall events 

was expected to increase more, requiring that the existing urban drainage systems for higher 

return periods in HCMC, CTC and PPC be updated. 
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3. Establishment of IDF curves in data-scarce 

countries by using auxiliary datasets: changes, 

physical mechanisms, and associated risks 
 

3.1 Background 

Cambodia is regarded as one of the most climate-vulnerable countries worldwide, ranked as 14th 

out of 181 countries by the global climate risk index (CRI) for 2000-2019 (Germanwatch, 2021). The 

high CRI, representing high vulnerability and exposure to extreme weather events, is primarily due to 

the climate-sensitive fabric of the country (WBG and ADB, 2021), where about one-fourth of the 

country’s population is likely to be affected in case of extreme flood events (Willner et al., 2018). 

Heavy reliance on rainfed (not irrigated) agriculture and inland fisheries (essentially surrounding Tonle 

Sap Lake) and their contribution to the country’s GDP (25%) and labor force (49%) highlight the need 

for timely adaptation to mitigate the devastating effects of weather extreme on people and properties 

(WBG and ADB, 2021; Willner et al., 2018). The country has high exposure to flooding, mainly 

ascribed to the heavy rainfall, with an average of ~10% of the total population affected by flooding 

annually (Chen et al., 2020; Kundzewicz et al., 2014) and an average annual economic loss of $250 

million (WBG and ADB, 2021). Therefore, quantifying the impact of climate change on flooding and 

putting forward subsequent adaption suggestions for decision-makers have become the substantial way 

forward to alleviate the flood risks effectively. Although heavy rainfall-induced flooding has been 

recognized as the dominant natural hazard in Cambodia (UNISDR and the World Bank, 2010), 

sustainable infrastructure design to withstand flooding remains largely unexplored due to the scarcity 

of rainfall dataset in terms of the record length, spatial coverage, and/or temporal resolution. Therefore, 

in the context of global warming, the question arises whether or not the current infrastructure design 

of Cambodia is resilient enough to withstand the future heavy rainfall and its resultant flooding. Since 

there is no previous work to answer this question, we hypothesize that the future flooding risk in 

Cambodia under climate change depends on the rainfall duration, geographical conditions and region-

wide socio-economic situations, which needs to be explicitly quantified to prioritize the areas for 

adaptation strategies.   
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Extreme/heavy rainfalls with a given exceedance probability are commonly used for the 

infrastructure design (e.g., urban drainage system) to withstand flooding (Kourtis and Tsihrintzis, 

2021). Although the conventional way of quantifying the extreme rainfall under different durations, 

which are further processed to obtain rainfall IDF curves, is based on the historical rain gauge-based 

rainfall datasets, non-availability of sufficient record length, impaired data quality, and inadequate 

spatiotemporal distribution impede the assessment solely based on the ground data, especially in 

developing countries (Ombadi et al., 2018). Therefore, researchers have recently been focusing on 

using auxiliary precipitation products, i.e., remotely sensed datasets, reanalysis datasets, or a 

combination thereof in conjunction with the gauge data (Courty et al., 2019; Hosseinzadehtalaei et al., 

2020; Marra et al., 2017; Noor et al., 2021; Ombadi et al., 2018; Poschlod et al., 2021). These 

alternative datasets can provide rainfall information in the ungauged locations even in complex terrains, 

thus helping in quantifying the distributive heavy rainfall (which plays a vital role in the flood 

generation (Zhou et al., 2019)), associated risks and impacts, and subsequent implications for the 

infrastructure design.  

Regarding future rainfall, GCMs and RCMs are commonly used for rainfall projections at various 

spatiotemporal scales. Compared with GCMs, RCMs included in the CORDEX, which is a part of 

Coupled Model Intercomparison Project 5 (CMIP5), have been extensively used in projecting changes 

in regional-scale rainfall (Hosseinzadehtalaei et al., 2020, 2021; Requena et al., 2021; Tangang et al., 

2018; Villafuerte et al., 2020) owing to their added values in simulating the physical process of regional 

climate. CORDEX in Southeast Asia, launched in 2013 by international collaborations between several 

research institutions, represents the most comprehensive set of readily available regional climate 

simulations over the region so far (Tangang et al., 2020). However, sub-daily rainfall datasets from 

CORDEX in Southeast Asia are still limited due to the high demand for computational power (Westra 

et al., 2013). Unfortunately, sub-daily heavy rainfall, particularly 1-3h, can inflict severe damage on 

the urban area through rapidly developing flooding (Fowler et al., 2021). This rainfall information is 

essential for urban planning (e.g., drainage system design) in developing cities (e.g., Phnom Penh in 

Cambodia), where the drainage system’s capacity is either not sufficiently well designed or not updated 

timely to match the increasing residential area and other urban infrastructure (Irvine et al., 2015; Yim 

et al., 2016). This problem has been aggravated by the transformation of the wetlands and existing 
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drainage systems into impervious surfaces (Mialhe et al., 2019).  

Therefore, it is imperative to apply the temporal disaggregation models to obtain rainfall datasets 

with finer temporal resolutions. The widely used models can be mainly categorized into two types: 

stochastic models (e.g., Kossieris et al., 2018) and data-driven models (e.g., Nourani and Farboudfam, 

2019), both of which are mainly used to generate the time-series of rainfall with relatively finer 

temporal scales. Other models mainly focus on the extreme rainfall, including disaggregating daily 

maximum to a sub-daily maximum based on equidistance quantile mapping (Srivastav et al., 2014) 

and establishing a relationship among rainfalls with different temporal resolutions based on the ‘scale-

invariance’ (or ‘scaling’) property (Blanchet et al., 2016; Cannon and Innocenti, 2019). However, all 

of the abovementioned models typically suffer from the stationarity assumption that supposes the 

relationships between the covarying variables (i.e., rainfall with finer and coarser temporal resolutions) 

established based on historical datasets are also applicable for the future (Lu et al., 2016; Sane et al., 

2018, among others). In other words, when obtaining the rainfall with finer temporal scales (e.g., sub-

daily) only based on rainfall with coarser time scales (e.g., daily rainfall), these models may be 

problematic as the daily and sub-daily rainfall would not change in the same manner in the context of 

changing climate (Westra et al., 2013). Even under limited climate change and global warming 

influences, this problem can be recognized from the different CC scaling for the daily rainfall and the 

sub-daily rainfall (super-CC scaling) (Lenderink et al., 2017). Therefore, it is essential to have 

improved statistical methods (e.g., a temporal disaggregation model with less dependence on the 

stationarity assumption) utilizing the auxiliary datasets (e.g., reanalysis or modeled datasets). 

 This chapter has considered both aspects of accuracy in quantifying extreme rainfalls and 

developing IDF information, i.e., high-quality input data and more robust statistical inference methods. 

As a whole, this chapter investigates and bridges over the quantitative assessment of the heavy rainfall 

characteristics, followed by developing a province-level flood risk change map and proposing 

adaptation strategies. More specifically, the objectives are, 

1) To propose a temporal disaggregation model which is less dependent on the stationarity assumption.  

2) To project the global warming-induced change in heavy rainfall (referring to a rainfall intensity with 

a given return period and rainfall duration) over Cambodia and subsequently establish the past and 

future IDF relationships, followed by quantification and discussion of the governing physical 
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mechanisms. 

3) To develop a province-level flood risk change map based on the projected heavy rainfall and various 

socioeconomic factors and provide strategies for sustainably mitigating the multidimensional adverse 

impacts of flood events in different provinces of Cambodia.  

The remainder of this chapter is presented as follows. Section 3.2 describes the study area and 

datasets used in this chapter, including both the rainfall datasets and the atmospheric variables used 

for establishing the temporal disaggregation model. Section 3.3 introduces a framework applied to 

quantify the extreme rainfalls under different durations and return periods and develop the past and 

future IDF curves for Phnom Penh, based on the disaggregated (duration of 1 hour) and existing 

(durations longer than 1 hour) rainfall extremes. Thereafter, the way to develop the flood risk change 

map is introduced. Section 3.4 presents the results and discussion, including warming-induced changes 

in heavy rainfall, associated physical mechanisms, and the specific sustainable adaptation strategies 

for different provinces of Cambodia. At last, conclusions are summarized in Section 3.5. 

 

3.2 Study area and datasets 

3.2.1 Case study area 

Cambodia is located in the southern area of Indochina Peninsular and is bordered by Thailand, 

Laos, Vietnam, and the Gulf of Thailand (Fig. 3.1). The topography consists of a central low-lying 

terrain surrounded by mountains and highlands in the coastal areas and at the eastern borders. The 

climate in Cambodia is governed by the tropical monsoon, which brings highly humid air from the sea 

during the rainy season (May to October). Approximately 80–90% of the rainfall occurs during the 

rainy season, with a distinctively large rainfall in the coastal area and the nearby highland regions 

(WBG and ADB, 2021). Cambodia’s population is approximately 16.5 million, 76% of which live in 

rural areas (WBG and ADB, 2021). Since the beginning of the 21st century, Cambodia has been 

sustaining one of the fastest-growing economies in the world (average annual growth rate of 7.7%) 

(World Bank, 2021) and experiencing rapid urbanization that is likely to be accelerated in the future 

due to population growth and the associated socioeconomic developments (UNDESA, 2019). In 

addition to flash floods ascribed to the undeveloped drainage system (Section 3.1), river floods arising 

from the high moisture brought by monsoon winds and high water levels caused by heavy rainfall in 
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the upstream of the Mekong River are also causing severe damage to the country (JICA, 2015; WBG 

and ADB, 2021). For example, 19 out of 25 (76%) provinces in Cambodia were affected by the recent 

heavy rainfall-induced (river and flash) floods in October 2020, with over 175 thousand households 

affected and 300 thousand hectares of agricultural land damaged (HRF, 2020).  

 

 

 

Fig. 3.1. The geographical location (inset), provinces, and elevation (above mean sea level) of 

Cambodia and ERA5 grid points used for obtaining IDF information. GOT: Gulf of Thailand. 

 

3.2.2 Datasets 

 To get the input datasets for the temporal disaggregation model (Section 3.3.1), a range of 

atmospheric variables summarized in Table 3.1 from the CORDEX simulations (Table 3.2) was 

extracted from the ERA5 reanalysis (regarded as grid-scale observed datasets) and CORDEX 

simulations (regarded as grid-scale projected datasets) for each grid point in Fig. 3.1. The data 

extracted from ERA5 is from 1980 to 2005, at a spatial scale of 0.25° × 0.25° and a temporal scale of 

one hour. ERA5 is the new reanalysis that replaces the ERA-Interim reanalysis (spanning 1979 
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onwards) which was started in 2006. Benefitting from a decade of developments in data assimilation, 

model physics, and core dynamics, ERA5 possesses a significantly enhanced horizontal resolution of 

31 km, compared to 80 km for ERA-Interim, hourly output throughout, and an uncertainty estimate 

from an ensemble (3-hourly at half the horizontal resolution) (Hersbach et al., 2020). 

 The one from CORDEX is from 1980 to 2005 (historical climate reproduction that ends in 2005), 

2040-2065 (mid-century), and 2070-2095 (late-century) under the RCP 8.5 scenario (future climate 

projection that starts from 2006), at a spatial scale of 0.22° × 0.22° and temporal scale of three hours. 

RCP 8.5 scenario was used in the current study to represent a worst-case future situation (Hausfather 

and Peters, 2020). It should be noted that extraction of these variables was done by bilinear 

interpolation if the variables are not located exactly at the ERA5 grid points shown in Fig. 3.1. These 

variables represent the water vapor content (specific humidity) in the atmosphere, horizontal water 

vapor flux (e.g., wind speed, air pressure) from nearby regions to the heavy rainfall regions, and 

vertical water vapor transport (e.g., surface latent heat flux). Moreover, previous applications have 

successfully used these variables (e.g., Fowler et al., 2021, Westra et al., 2013) to study the atmospheric 

thermodynamics and dynamics that may trigger heavy rainfall events. 

 

Table 3.1. Summary of the variables extracted from ERA5 reanalysis and CORDEX simulations. 

 

Variable Abbreviation Unit 

Precipitation (1h for ERA5, 3h for CORDEX) pr mm 

2 m air temperature tas ℃ 

2 m specific humidity huss g/kg 

10 m eastward wind speed  uas m/s 

10 m northward wind speed vas m/s 

Surface latent heat flux hfls W/m2 

Surface sensible heat flux hfss W/m2 

Sea level pressure psl Pa 

Surface air pressure ps Pa 
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Table 3.2. List of CORDEX simulations for RCP 8.5 used in this chapter. 

 

GCM RCM Developer Resolution Time 

HadGEM2-ES 

RegCM4-7 ICTP 
0.22° 

(3h) 

1980–2005 (Historical 

period) 

2040–2065 (Mid-

century) 

2070–2095 (Late-

century) 

NorESM1-M 

MPI-ESM-LR 

Acronym: ICTP, International Centre for Theoretical Physics 

3.3. Methods 

 The overall research methodology framework adopted in the current study consists of four main 

parts: temporal disaggregation, extreme value analysis, development of IDF relationships, and 

adaptation strategies discussion based on the developed flood risk change maps. A schematic of the 

framework is shown in Fig. 3.2. 

 



51 

 

 

 

Fig. 3.2. Research methodology framework used in this chapter. (MMS: Monthly maximum series, 

ZIGEV: Zero-inflated generalized extreme value distribution). 

 

3.3.1. Conditional temporal disaggregation 

 In this chapter, we built over and advanced an ANN-based temporal disaggregation model 

previously used in chapter 2 (Fig. 3.3). This improved ANN model uses multiple atmospheric variables 

and is designed to generate future finer temporal-scale rainfall extremes conditional on (in other words, 

based on) the historical atmospheric status, unlike the model in Section 2.3.4, which is based only on 

rainfall datasets. Therefore, this conditional ANN model (hereinafter, CANN), to some extent, is able 
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to reduce the stationarity uncertainty in past applications (e.g., Kossieris et al., 2018). The CANN 

model consists of three layers, i.e., input, hidden, and output layers, which are used to minimize the 

error function through the backpropagation. Owing to the good performance and simplicity of the ANN 

model with respect to traditional hypothesis-driven models, ANN models have been successfully 

utilized in various hydrological applications, such as streamflow forecasting (Cheng et al., 2020), flood 

frequency analysis (Kumar et al., 2015), temporal rainfall disaggregation (Mirhosseini et al., 2014), 

and data gap filling (Abhishek et al., 2021), particularly when the ample hydrological data of auxiliary 

variables are available. However, the establishment of the ANN model is usually time- and labor-

consuming due to the flexibility of the ANN model’s structure (i.e., hyperparameters such as learning 

rate). Therefore, we applied the grid search approach to tune the hyperparameters. 

 

 

 

Fig. 3.3. The framework of the CANN temporal disaggregation model developed in the study. 

Various predictors (input layer), hidden layers, and the output variable are also shown. 

 

 Apart from the hyperparameter tuning, some studies suggested that selecting the suitable variables 

(i.e., predictors) to save the computing resources is critical for ANN models (Mirhosseini et al., 2014). 
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Nevertheless, the current CANN model does not require this input variable selection because we only 

input the concurrent atmospheric variables (i.e., information on the atmospheric status when heavy 

rainfall happens) for training instead of the whole time-series of atmospheric variables (Fig. 3.3). Our 

preliminary assessment using the complete time series did not improve the accuracy of the model, thus 

giving confidence in using the concurrent variables. More specifically, in the training processes, a 

MMS of hourly (1h) rainfall was firstly extracted from ERA5 reanalysis as the output variables. 

Secondly, 3h dataset of each atmospheric variable, aggregated from 1h ERA5 dataset of a 

corresponding atmospheric variable, were generated as the input variables if these 3h datasets were 

recorded during the 1h MMS events. For example, when one heavy rainfall event from 1h MMS 

happened at 10 a.m., the 3h datasets covering the period from 9 a.m – 11 a.m. would be extracted as 

the input variables (Fig. 3.3). When the CANN model was applied for disaggregating future rainfall in 

the CORDEX simulations, the 3h time series of rainfall along with other 3h time series of atmospheric 

variables was given as input in the model directly, and subsequently, 1h MMS was extracted. Afterward, 

this extracted (disaggregated) 1h MMS was compared with the observed 1h MMS (Section 3.4.1). 

Overall, for each grid cell over Cambodia (Fig. 3.1), 243 CANN models were established.  

 

3.3.2. Extreme value analysis 

 In order to reduce the impacts of the bias in the disaggregated rainfall (Kossieris et al., 2018; 

Mirhosseini et al., 2014), we performed extreme value analysis (EVA) based on MMS directly, which 

is different from the traditional approach used in these past studies, where the AMS was extracted from 

the disaggregated MMS and fitted based on some commonly used probability distribution functions, 

such as GEV.  

 In this chapter, for 1h rainfall, EVA was applied directly to 1h MMS, which is the output of the 

CANN model (temporal disaggregation) explained in Section 3.3.1 to infer the rainfall intensity with 

a given return period (hereinafter, return rainfall). The same approach was also applied for a set of 

MMS (with the duration of 3, 6, 12, 18, 24, 36, 48 hours (2 days), 5, 10, and 15 days) provided by 

CORDEX simulations. Due to numerous zero-rainfall in MMS (especially during December, January, 

February, March), commonly used probability distribution functions, such as GEV and Pearson III 

distribution, cannot be used (Silva et al., 2014). Therefore, we applied a zero-inflated generalized 



54 

 

extreme value function (ZIGEV) proposed by Quadros Gramosa et al. (2019), which is a combination 

of zero-inflated Poisson Distribution (Lambert, 1992) and GEV. The parameters in ZIGEV were 

estimated using a Bayesian framework with the Markov Chain Monte Carlo algorithm.  

 The estimation of ZIGEV parameters was implemented by a joint application of Metropolis Block 

sampling and Gibbs sampling (Quadros Gramosa et al., 2019). Mathematically, the joint posterior 

probability distribution,π, is given by 

π(𝜃,𝑤|𝐷)  ∝ 𝑤𝑆+𝑐−1(1 − 𝑤)𝑛−𝑆+𝑑−1 (
1
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)
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 (3.1) 

where 𝜃 = (𝜇, 𝜎, 𝜉) , which specifies location (𝜇 ), scale (𝜎 ) and shape (𝜉 ) parameters of GEV, 𝑤 

represents the proportion of zeroes responsible for data inflation, 𝐷 denotes the variables for zero-

inflated distribution, 𝑧𝑖 is MMS, 𝑛 is the number of MMS, 𝑚 is the observed zeroes in MMS, 𝑆 

is the number of points inflating with zeroes, the hyper-parameters 𝜎0𝜇
2   and 𝜎0𝜉

2   are the prior 

variance for 𝜇 and 𝜉, 𝑎0 and 𝑏0 are hyper-parameters of Gamma prior distribution for 𝜎, 𝑐 and 

𝑑 are the hyper-parameters of Beta prior distribution for 𝑤. On the right-hand side of Eq. (3.1), the 

first two lines and the last line denote the likelihood and the prior distribution, respectively (Quadros 

Gramosa et al., 2019). 

Based on the estimated parameters from Eq. (3.1), the annual return levels can be obtained by the 

following equation (Coles et al., 2001): 

𝑃𝑎 = (
𝑃𝑚−𝑤

1−𝑤
)
1/12

         (3.2) 

𝑍𝑝𝑎 = {
𝜇 +

𝜎

𝜉
((−𝑙𝑜𝑔(𝑝𝑎))

−𝜉
− 1) , 𝜉 ≠ 0

𝜇 − 𝜎𝑙𝑜𝑔(−𝑙𝑜𝑔(𝑝𝑎)), 𝜉 = 0 
     (3.3) 

where 
mp  and 

ap denote the monthly and annual non-exceedance probability, respectively, 𝑍𝑝𝑎 is 
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the rainfall with return period of 
1

1−𝑃𝑎
 years.  

 Apart from this approach for EVA (i.e., MMS combined with ZIGEV), we also employed the 

traditional approach (i.e., AMS combined with GEV) for comparison purposes (Section 3.4.1). Please 

note that ZIGEV was not applicable for some grid cells (<5%) because of some outliers in the datasets 

of MMS. Therefore, for these locations, we computed the return rainfall based on GEV through the L-

moment method that usually performs well in the presence of outliers (Poschlod et al., 2021).  

  

3.3.3. IDF curve development 

 IDF curves of the duration ranging from 1-hour to 48-hour were developed based on the estimated 

rainfall quantiles (with different durations) through ZIGEV. For example, to construct 2-year IDF 

curves, 50% of non-exceedance return rainfall of 1, …, 48h based on ZIGEV were estimated. For the 

historical period (i.e., 1980-2005), IDF curves were developed based on the 1, …, 48h MMS provided 

by ERA5. However, owing to the spatial resolution of ERA5, these IDF curves depict the extreme 

rainfall information on a large region (0.25° × 0.25°) (hereinafter, area IDF curves), which is usually 

not sufficient for the urban drainage design (Willems, 2013). Therefore, the areal reduction factor 

(ARF) was used to transform the area IDF curves to point IDF curves (or sometimes called gauge-

based IDF curves) (Willems, 2013). Owing to the difficulty in estimating ARF, arising from a lack of 

gauge-based sub-daily rainfall datasets in Cambodia, this transformation was only performed in Phnom 

Penh based on the gauge-based datasets available at 

https://www.wunderground.com/dashboard/pws/IPHNOMPE8.  

 For the mid- and late-century (i.e., 2040-2065 and 2070-2095, respectively), climate change 

signals (future return rainfall/past return rainfall) based on CORDEX were computed following the 

approach explained in Section 3.3.2 and subsequently multiplied by the ERA5-based area IDF curves 

to get the future area IDF curves. Afterward, ARF, which is assumed to remain the same in the future, 

was applied to obtain future point IDF curves in Phnom Penh.  

 

3.3.4 Warming-induced flood risk change index  

 Flood risk, i.e., the potential for the loss associated with a flood event, usually derives from the 
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interaction between hazard, exposure, and vulnerability (Kundzewicz et al., 2014; Shrestha et al., 2013; 

Zscheischler et al., 2018, among others). 

 In this chapter, instead of focusing on the flood risk itself, we developed a warming-induced flood 

risk change index as below, 

𝐹𝑙𝑜𝑜𝑑 𝑟𝑖𝑠𝑘 𝑐ℎ𝑎𝑛𝑔𝑒𝑤𝑎𝑟𝑚𝑖𝑛𝑔−𝑖𝑛𝑑𝑢𝑐𝑒𝑑

= (𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝐻𝑎𝑧𝑎𝑟𝑑) × 𝐸𝑥𝑝𝑜𝑠 𝑟𝑒 × 𝑉 𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (3.4) 

 where, 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝐻𝑎𝑧𝑎𝑟𝑑  denotes the warming-induced change in the occurrence of flood 

events (mainly caused by heavy rainfall). In this chapter, the change in heavy rainfall obtained by the 

extreme value analysis was used as a proxy for the change in the occurrence of flood events, although 

multiple factors (e.g., antecedent soil moisture) also affect the flood generation. To account for the 

major components of 𝐸𝑥𝑝𝑜𝑠 𝑟𝑒 , we considered the province-level population, economy, and 

agriculture. 𝑉 𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦  is defined as the historical damage and loss in the affected provinces 

(which, to some extent, signify the inability to withstand the flood events), as suggested in Shrestha et 

al. (2013). 𝐸𝑥𝑝𝑜𝑠 𝑟𝑒 and 𝑉 𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 are assumed to be unchanged in the future due to the lack 

of detailed information on the population and development policy in Cambodia. Since agriculture is 

primarily affected by river flooding and massive inundation due to long-lasting (one day or longer) 

heavy rainfall, two different types of flood risk change index are quantified based on the 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝐻𝑎𝑧𝑎𝑟𝑑 . Considering the heavy rainfalls of two different durations, i.e., the duration 

longer than one day, and less than or equal to one day, and the agriculture’s exposure and vulnerability 

only for the long-lasting rainfalls, Eq. (3.4) takes the form,  

 𝐹𝑙𝑜𝑜𝑑 𝑟𝑖𝑠𝑘 𝑐ℎ𝑎𝑛𝑔𝑒𝑤𝑎𝑟𝑚𝑖𝑛𝑔−𝑖𝑛𝑑𝑢𝑐𝑒𝑑 =

 {
(𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙) × (𝑃𝑜𝑝 𝑙𝑎𝑡𝑖𝑜𝑛 + 𝐸𝑐𝑜𝑛𝑜𝑚𝑦 + 𝐴𝑔𝑟𝑖𝑐 𝑙𝑡 𝑟𝑒) × (𝐷𝑎𝑚𝑎𝑔𝑒),𝑤ℎ𝑖𝑙𝑒  𝑟𝑎𝑖𝑛 𝑎𝑙𝑙 𝑑 𝑟𝑎𝑡𝑖𝑜𝑛 > 𝑜𝑛𝑒 𝑑𝑎𝑦
(𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙) × (𝑃𝑜𝑝 𝑙𝑎𝑡𝑖𝑜𝑛 + 𝐸𝑐𝑜𝑛𝑜𝑚𝑦) × (𝐷𝑎𝑚𝑎𝑔𝑒)𝑤𝑖𝑡hou𝑡 𝑎𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑢𝑟𝑒 , 𝑤ℎ𝑖𝑙𝑒 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙 𝑑 𝑟𝑎𝑡𝑖𝑜𝑛 < 𝑜𝑛𝑒 𝑑𝑎𝑦

  

(3.5) 

 where 𝑃𝑜𝑝 𝑙𝑎𝑡𝑖𝑜𝑛 denotes the population of the respective province (NIS, 2019), 𝐸𝑐𝑜𝑛𝑜𝑚𝑦 is 

the relative number (ratio of each province to country) of economic units (NIS, 2012), which refers to 

all the economic activities, excluding the agriculture, forestry, fishing and public service, that are 

conducted in different provinces of Cambodia. 𝐴𝑔𝑟𝑖𝑐 𝑙𝑡 𝑟𝑒 stands for the total area used for the 

cropping of rice (the staple food in Cambodia) in the respective province (BDLINK, 2017). 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙  in short and long durations is the change of return rainfall with the 
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duration of 1-24h and the duration of 2, 5, 10, and 15 days, respectively. 𝐷𝑎𝑚𝑎𝑔𝑒 refers to the total 

number of affected people, destroyed houses, affected paddy fields, and submerged roads due to flood 

events during 1996-2021 (available at http://camdi.ncdm.gov.kh/DesInventar/definestats.jsp). 

However, this information does not separate the damage resulting from different flood events, thus we 

use the same information on damage for both types of duration (short and long). Under the limited data 

availability, this approach would be acceptable considering that these two kinds of heavy rainfall 

sometimes occur simultaneously (e.g., floods in October 2020, Cambodia). To remove the influence 

of the areal size of different provinces (a province with the larger area tends to show more population, 

assets, and damages), each element included in 𝐸𝑥𝑝𝑜𝑠 𝑟𝑒  and 𝑉 𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦  in Eq. (3.5) was 

divided by the total area of individual province. Moreover, these elements were transformed to the 

range of 0 (least) to 1 (most) by min-max rescaling, an approach also used in other flood risk 

assessments (e.g., Mondal et al., 2020; Shrestha et al., 2013). The detailed information of items 

considered in Exposure and 𝑉 𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 is summarized in Table 3.3. 

 In the calculation of the 𝐹𝑙𝑜𝑜𝑑 𝑟𝑖𝑠𝑘 𝑐ℎ𝑎𝑛𝑔𝑒𝑤𝑎𝑟𝑚𝑖𝑛𝑔−𝑖𝑛𝑑𝑢𝑐𝑒𝑑, for each type of rainfall durations, 

the occurrence probability of the rainfall events was also incorporated in 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙 

based on the discrete equation as below (Chow et al., 1988), 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙

=  

{
 

 
∑[

𝐶ℎ𝑎𝑛𝑔𝑒𝑇𝑖 + 𝐶ℎ𝑎𝑛𝑔𝑒𝑇𝑖+1
2

] [𝑃(𝑇 ≥ 𝑇𝑖) − 𝑃(𝑇 ≥ 𝑇𝑖+1)]

∞

𝑖=1
}
 

 

÷ 𝑃(𝑇 ≥ 𝑇1) (3.6) 

 where 𝐶ℎ𝑎𝑛𝑔𝑒𝑇𝑖 denotes the change in return rainfall for the return period 𝑇𝑖, 𝑃(𝑇 ≥ 𝑇𝑖) is 

the exceedance probability of return rainfall (= 1/Ti), and the subscript i (=1, 2, 3, 4,…) specifies the 

return period (5-year, 10-year, 25-year, 50-year,…, respectively). In Eq. (3.6), we assume that the 

change in return rainfall for Ti larger than 50-year is the same as that for Ti = 50-year. Furthermore, 

the change in return rainfall corresponding to Ti smaller than 5-year was omitted from Eq. (3.6) 

given the negligible damage caused by the return rainfall with a smaller than 5-year return period. 

For example, in the mid-century, the 5-year, 10-year, 25-year, and 50-year return rainfall change in 

Phnom Penh, averaged over 1h to 24h, are 40%, 50%, 60%, and 70%, respectively. Subsequently, the 
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𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙 would be 45.5% (([
40%+50%

2
] (

1

5
−

1

10
) + [

50%+60%

2
] (

1

10
−

1

25
) +

[
60%+70%

2
] (

1

25
−

1

50
) + 70% ×

1

50
) ÷

1

5
= 45.5%). At last, we quantified the relative contribution of 

each factor to the total flood risk change ( 
𝑓𝑙𝑜𝑜𝑑 𝑟𝑖𝑠𝑘 𝑐ℎ𝑎𝑛𝑔𝑒  𝑓𝑟𝑜𝑚 𝑒𝑎𝑐ℎ 𝑓𝑎𝑐𝑡𝑜𝑟

𝑡𝑜𝑡𝑎𝑙 𝑓𝑙𝑜𝑜𝑑 𝑟𝑖𝑠𝑘 𝑐ℎ𝑎𝑛𝑔𝑒
), where each factor was 

normalized by min-max scaling and 𝑡𝑜𝑡𝑎𝑙  𝑙𝑜𝑜𝑑 𝑟𝑖𝑠𝑘 𝑐ℎ𝑎𝑛𝑔𝑒 was computed by summarizing 

flood risk change from each factor. The detailed information of 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙 is 

summarized in Table 3.4. 
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Table 3.3. Summary data of each element considered in 𝐸𝑥𝑝𝑜𝑠 𝑟𝑒 and 𝑉 𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 for each province of Cambodia (including the capital city). 

Tbong Khmum province, a newly formed province after 2013, was considered part of Kampong Cham province.  

 

Region 

Province/ 

Metropolis 

(number) 

Area 

(km2) 

Exposure Vulnerability 

Population 

(persons) 

Economy 

(%) 

Agriculture 

(hectares) 

People-

affected 

(persons) 

 Paddy 

field-

affected 

(hectares) 

House-

destroyed 

Road- 

submerged 

(m) 

Southeast 

Svay Rieng (1) 2964 524554 3.1 162989 41 84168 76 21192 

Prey Veng (2) 4873 1057428 6 309570 490 143689 11 28818 

Kampot (3) 4859 592845 3.6 240140 23 113383 75 42030 

Kandal (4) 3180 1195547 8 127240 134 29487 917 31104 

Takeo (5) 3569 899485 6.1 240224 72 9295 24 24280 

Kampong Cham 

Tbong Khmum (6) 
9659 1671059 11 239609 809 40380 247 118951 

Phnom Penh (7) 679 2129371 19 12517 5 1857 0 2400 

Kep (8) 337 41798 0.3 3109 0 562 0 6780 

Northwest 
Banteay 

Meanchey (9) 
6663 859545 4.2 307176 60 202011 0 228012 
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Battambang (10) 11755 987400 6.4 513863 77 157970 98 157563 

Siem Reap (11) 10271 1006512 5.1 424458 337 39610 143 78094 

Pailin (12) 804 71600 0.7 10703 10 923 248 23545 

Other 

region 

Otdar Meanchey 

(13) 
6220 261252 1.1 194889 5 14700 153 12877 

Kampong 

Chhnang (14) 
5536 525932 4 155032 32 4260 40 18500 

Kampong Speu 

(15) 
7034 872219 4.4 127380 7 32394 37 3800 

Kampong Thom 

(16) 
13822 677260 4.4 305310 86 44651 53 63110 

Preah Sihanouk 

(17) 
1942 302887 2.4 22278 11 73 0 1580 

Kratie (18) 10965 372825 2.4 59472 97 31974 46 110949 

Pursat (19) 12867 411759 2.7 147207 24 36835 79 12000 

Preah Vihear (20) 13964 251352 1.3 95833 14 29793 45 28215 

Stung Treng (21) 11398 159565 1.1 46923 15 50248 18 104655 

Ratanak Kiri (22) 10738 204027 1.2 34346 9 25660 29 17705 

Koh Kong (23) 10302 123618 1.1 12574 1 1519 47 170 
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Mondul Kiri (24) 14775 88649 0.4 28150 1 2558 15 0 
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Table 3.4. Same as Table 3.3, but for 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 ℎ𝑒𝑎𝑣𝑦 𝑟𝑎𝑖𝑛 𝑎𝑙𝑙 based on Eq. (3.6). 

 

Region 

Province/ 

Metropolis 

(number) 

Mid-

century 

(short-

duration) 

(%) 

Late-

century 

(short-

duration) 

(%) 

Mid-

century 

(long-

lasting) (%) 

Mid-

century 

(long-

lasting) (%) 

Southeast 

Svay Rieng (1) 74 143 38 62 

Prey Veng (2) 56 91 32 52 

Kampot (3) 79 176 11 58 

Kandal (4) 54 106 29 67 

Takeo (5) 61 120 22 66 

Kampong Cham 

Tbong Khmum (6) 
57 102 29 58 

Phnom Penh (7) 52 110 25 72 

Kep (8) 64 167 6 46 

Northwest 

Banteay 

Meanchey (9) 
54 84 29 45 

Battambang (10) 56 94 26 43 

Siem Reap (11) 51 57 29 30 

Pailin (12) 40 75 18 34 

Other 

region 

Otdar Meanchey 

(13) 
78 78 34 40 

Kampong 

Chhnang (14) 
63 127 28 69 

Kampong Speu 

(15) 
61 128 21 71 
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Kampong Thom 

(16) 
47 98 27 49 

Preah Sihanouk 

(17) 
56 156 7 37 

Kratie (18) 42 72 33 38 

Pursat (19) 38 82 16 42 

Preah Vihear (20) 42 64 31 37 

Stung Treng (21) 37 68 29 25 

Ratanak Kiri (22) 51 60 36 24 

Koh Kong (23) 58 115 9 41 

Mondul Kiri (24) 37 65 29 33 

 

3.4. Results and discussion 

3.4.1 Performance of CANN and ZIGEV 

 The CANN model was trained for each grid cell based on the disaggregated and observed (ERA5-

based) 1h MMS for the period between January 1980 and December 1997 and validated for the period 

between January 1998 and December 2004 (Fig. 3.4). The results showed that the proposed CANN 

model performed well for training runs (RMSE = 0.97 mm, R = 0.95) and test runs (RMSE = 1.1 mm, 

R = 0.93), when the results for each grid cell were averaged over Cambodia (Fig. 3.4a). However, the 

extreme spatiotemporal variability of rainfall in the mountainous regions has compromised the CANN 

performance (RMSE = 1.4 mm, R = 0.86 for the test runs) in the region encompassing site A (Fig. 

3.4a), which is in line with the observations by Nourani and Farboudfam, (2019). These observations 

are also visible in the time series of disaggregated and observed 1h MMS (left panel of Fig. 3.4b). 

Although the CANN model generally reproduced the MMS well, it tends to underestimate some large 

values in the MMS, which is evident in the extracted AMS (right panel of Fig. 3.4b). This 

underestimation, especially for the larger extreme rainfalls, is a common problem in temporal 

disaggregation models (Kossieris et al., 2018; Mirhosseini et al., 2014, among others), which 

motivated us to apply climate change signals (future return rainfall/past return rainfall) (Section 3.3.3).  
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Fig. 3.4. Evaluation of CANN model based on training and test datasets provided by ERA5 for the 

entire country (a) and three selected locations (b), i.e., Site A: grid (lon=103.35, lat=11.57) in Koh 

Kong, Site B: grid (lon=104.92, lat=11.56) in Phnom Penh, and Site C: grid (lon=104.46, lat=10.84) 

in Kampot. MMS and AMS in (b) denote the monthly and annual maximum series, respectively. For 

better visualization, symbols denoting the three sites in (a) have been enlarged and the period from 

1987 to 1996 is not shown in the left panel of Fig. 3.4(b). 

 

 The main reason for the underestimation is that the CANN model is specifically designed to 



65 

 

simulate the rainfall patterns (Section 3.3.1), and subsequently, to reproduce the rainfall. However, the 

rainfall patterns of extremely large rainfall (e.g., upper 80th percentile of the MMS) are sometimes 

different from those of normal rainfall (e.g., lower 20th percentile of the MMS) (see Fowler et al., 

2021). Therefore, the CANN model trained by all those rainfalls may not reproduce the extreme 

rainfall well, which is a drawback common to other data-driven models. Therefore, to improve the 

accuracy, further efforts can focus on reproducing the AMS directly instead of MMS that comprises 

some zero-rainfall, when longer observed rainfall datasets and the concurrent atmospheric variables 

are available. As an alternate solution, instead of reproducing the Block Maxima (i.e., MMS and AMS), 

the current CANN model can be used to reproduce the ‘Peak-Over-Threshold’, where thresholds can 

be chosen to avoid simulating multiple rainfall patterns of these peaks (i.e., extremes) at the same time. 

Subsequently, these peaks can be fitted by the generalized Pareto distribution to estimate the return 

rainfall (Coles et al., 2001).  

 To apply ZIGEV for EVA at each grid cell, our approach to estimating return rainfall based on 

observed MMS through ZIGEV was compared with the return rainfall based on a standard approach, 

i.e., observed AMS through GEV in Phnom Penh (Table 3.5). The estimated return rainfall (mean value) 

by ZIGEV was slightly larger (6.2%-8.9%) than the return rainfall by GEV, which may be caused by 

different assumptions used in these two distributions (Quadros Gramosa et al., 2019). Further 

comparison of the return rainfall bias (difference between disaggregated and observed return rainfall) 

by ZIGEV and GEV is illustrated based on the outputs from CANN models (Fig. 3.5). ZIGEV was 

generally found to outperform the GEV, especially in 5- and 10-year return rainfall. Specifically, 

considering the absolute bias averaged over Cambodia, the application of ZIGEV decreased this bias 

of GEV by a minimum of 0.5% (5.6% for GEV and 5.1% for ZIGEV) for 25-year return rainfall and 

a maximum of 1.7% (5.1% for GEV and 3.4% for ZIGEV) for the 5-year one. This result demonstrates 

the overall better performance in EVA using CANN combined with ZIGEV. However, as the CANN 

models introduced in this chapter cannot provide a clear understanding of the causal relationships 

between input and output variables, a careful validation should be performed, especially for studies 

focusing on new areas 
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Fig. 3.5. Comparison between disaggregated (CANN) and observed (ERA5) hourly return rainfall based 

on GEV and ZIGEV, respectively, in the historical period (Bias = 100×(disaggregated - 

observed)/observed). Return rainfall computed by ZIGEV (or GEV) was based on MMS (or AMS 

extracted from this MMS). Please note that MMS and AMS were obtained by inputting 3h time-series 

datasets into CANN (Section 3.3.1) 

 

Table 3.5. Comparison between return rainfall (mm) based on ZIGEV and that based on GEV in 

Phnom Penh during 1980-2005. GEV and ZIGEV parameters were computed by the maximum 

likelihood and Bayesian estimation, respectively. Lower and upper limits of 95% confidence 

intervals (CI) correspond to 2.5% and 97.5% of posterior distributions of the ZIGEV parameters, 

respectively. 

 

Return period 
GEV 

(mean) 

ZIGEV 

Lower 

bound 

(95% CI) 

Mean 

Upper 

bound (95% 

CI)  

5-year 11.63 10.23 12.67 15.77 

10-year 12.44 10.78 13.54 17.18 
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15-year 12.88 11.03 13.96 17.91 

25-year 13.41 11.30 14.43 18.75 

50-year 14.09 11.59 14.97 19.77 

 

3.4.2 Change in return rainfall and underlying physical mechanism 

 Applying ZIGEV to the disaggregated 1h MMS and the existing MMS for the duration from 3h 

to 15 days based on three CORDEX simulation outputs (historical, mid-century, and late-century), we 

obtained the spatial distribution of relative change in extreme rainfalls for different durations and return 

periods (Figs. 3.6-3.9). An apparent increase in the return rainfall is observed over Cambodia in the 

future, where more increase is likely to occur in late-century (82.6%) than mid-century (48.5%), as 

compared to the historical period when averaged over Cambodia for four different durations (1, 3, 12, 

24h) and all return periods (Figs. 3.6 and 3.7). This result is consistent with the larger increase in 

atmospheric water vapor content in the late-century than the mid-century (Fig. 3.11) due to the high-

emission scenario (RCP 8.5) that projects a comparatively higher temperature rise in Cambodia (3.4 ℃ 

in the late-century and 1.8 ℃ in the mid-century). According to a simple idea that the extreme rainfall 

intensity is expected to increase at a rate proportional to the warming-induced moisture increase (i.e., 

CC scaling, amounting to approximately 7% per degree warming) (see Pendergrass, 2018), extreme 

rainfall intensity is expected to increase by 24% ≈ 3.4 ℃ × 7%/℃ in the late-century, which is much 

smaller than the values shown in Fig. 3.6. This difference can most likely be explained by two reasons. 

Firstly, ‘extreme rainfall’ in the study of CC scaling usually refers to the rainfall with a given percentile 

(e.g., 99%) of the annual rainfall series (including the normal rainfall) (see Lenderink et al., 2017), 

which is different from the ‘extreme rainfall’ (different percentiles of MMS or AMS) defined in Eqs. 

(3.2) and (3.3). Secondly, a physical argument implies that the more extreme rainfall (which is less 

frequent) is likely to increase more under global warming owing to the change in atmospheric 

circulation (Pendergrass, 2018). A similar result can also be seen in Fig. 3.12, where the stronger wind 

convergence (4.9×10-5/s for the past, 6.1×10-5/s for the mid-century, and 6.2×10-5/s for the late century) 

brings more precipitable water to the heavy rainfall region (i.e., the southern part of Koh Kong 

province), causing a super-CC scaling for heavy rainfall events in the future. Some other factors (e.g., 
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interplay between thermodynamic and dynamic factors, see Fowler et al., 2021), need a further 

investigation in the future work. 

 25-year return rainfall is found to increase by 69.7%, while 10-year one is around 61.5% (averaged 

over Cambodia for four different durations in both mid- and late-century) (Fig. 3.6), which indicates 

that rainfall with larger return periods is likely to intensify more in the future. This result is in good 

agreement with the previous studies focusing on the same or nearby regions (Ge et al., 2019; Truong 

Ha, 2018) and also following well the abovementioned physical mechanism (Pendergrass, 2018). Apart 

from this difference in rainfall with different return periods, the rainfall intensification is likely to abate 

with the increasing duration (Fig. 3.6). When averaged over Cambodia for different return periods (10-

year and 25-year) during mid- and late-century, the relative changes are 76.2%, 72.35%, 64.5%, and 

49.1% for 1h, 12h, 24h, and 48h, respectively, which indicates that rainfall with shorter duration is 

likely to intensify more in the future. The possible underlying reasoning may be the feedbacks in cloud-

core updrafts that could cause more increased extreme rainfall in shorter durations (Lenderink et al., 

2017; Loriaux et al., 2013). Moreover, the convective heavy rainfall is likely to be more frequent and 

intense in the future over the most area of Cambodia (Fig. 3.13) (albeit with a little decrease in the 

coastal areas), which also contributes to a higher increase in the shorter duration, especially sub-daily, 

extreme rainfall. However, there is a lack of broad consensus that extreme rainfall with a shorter 

duration will intensify more globally, which is due to different climate models and methods applied in 

different climate zones.  

 Spatially, it is evident that more increase is estimated to happen in Southern and Central Cambodia, 

mainly in the late century (Figs. 3.6-3.9). This spatial pattern can be explained by the synergy of 

prevailing westerly monsoon winds (Fig. 3.11) and the mountains in southwestern Cambodia (Fig. 3.1), 

bringing more water vapors from the sea to coastal areas and further to Southern and Central parts. In 

addition, some regions in Southern Cambodia are projected to experience a distinctively large 

intensification (over 200%) of extreme rainfall (Fig. 3.6), because of the combined effect of moisture 

increase in this region and a stronger (future > past) wind convergence (during the heavy rainfall events) 

which results in more water vapor transport from the sea to heavy rainfall areas (Fig. 3.12). 
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Fig. 3.6. Relative change of 1, 12, 24, and 48h return rainfall from the historical period to the mid- 

and late-century corresponding to the 10-year (left) and 25-year (right) return periods based on the 

ensemble mean of EVA results obtained from three CORDEX simulation outputs (Table 3.2). The 

historical return rainfall is shown in Fig. 3.10. 
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Fig. 3.7. Same as Fig. 3.6 but for 5-year (left) and 50-year (right) return periods. 

 

 



71 

 

 

 

Fig. 3.8. Same as Fig.3.7 but for 5-, 10- and 15-day return rainfall. Please note that color scheme has 

been changed for better visualization. 
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Fig. 3.9. Same as Fig. 3.8, but for 10- and 25-year return periods. 
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Fig. 3.10. 1, 12, 24, and 48h return rainfall intensity (mm/h) (corresponding to 10-and 25-year return 

period) in the historical period based on observed (ERA5) datasets by ZIGEV. 
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Fig. 3.11. Wind and specific humidity at 1000 hPa over Cambodia in the rainy season (May to Oct) 

during past (a), mid-century (b), and late-century (c), and change of specific humidity from the past 

to mid- (d) and late-century (e). For each period, monthly average values during the rainy season are 

used. 
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Fig. 3.12. Heavy rainfall and the concurrent weather conditions (i.e., specific humidity, wind, and its 

convergence) in the historical, mid- and late-century periods. In each period, the amount of rainfall 

and concurrent weather conditions were averaged for 26 events (one event per year) included in the 

annual maximum series. Please note that the convergence in the southern part of Koh Kong province 

(lat=11.00, lon=103.75; Fig. 3.1) was 4.9×10-5/s for the past, 6.1×10-5/s for the mid-century, and 

6.2×10-5/s for the late century. 
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Fig.3.13. Change in the number of convective heavy rainfall days and the average rainfall amount on 

these days from the past to mid- and late- century. Heavy rainfall days denote the days when the 

daily convective rainfall amount is larger than 20 mm. 

 

 Based on the projected heavy rainfall change, the historical and future IDF curves (1-48h) in 

Phnom Penh city were developed (Fig. 3.14), revealing an apparent upshift of the IDF curves in the 

future periods compared with the curves in the historical period. Rainfall intensity with a return period 

of 5 years is estimated to increase by 26% (48h) - 50% (1h) in the mid-century and 75% (48h) - 128% 

(1h) in the late-century. Specifically, the 5-year 1h rainfall intensity is likely to increase from 110.5 

mm/h in the past to 252.2 mm/h in the late-century, which would place high pressure on the drainage 

system, whose capability is already insufficient. Apart from the change in rainfall intensity, the 

occurrence probability of extreme rainfall is also estimated to become approximately 10-folds in the 

mid-century. For example, rainfall intensity from 50-year IDF curves in the historical period is similar 

to that from 5-year IDF curves in mid-century, meaning that a 50-year 48h extreme rainfall event in 

the past would likely be a 5-year 48h event in the mid-century.  
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Fig. 3.14. IDF curves (1-48h) in Phnom Penh city in the historical, mid- and late-century period. 

CCS and ARF denote the climate change signals (i.e., rainfall intensity change shown in Figs. 3.6 

and 3.7), and areal reduction factor. IDF curves (point) and (area) denote the IDF curves established 

based on point (gauge) datasets and area (ERA5) grid datasets, respectively. 

 

3.4.3 Flood risk change map and suggestions for sustainable adaptation 

strategies 

 The projected increase in rainfall intensity is likely to exacerbate flooding over Cambodia at 

different spatiotemporal scales, while the influence of river flows from upstream regions of the 

Mekong River (i.e., China, Laos, and Thailand; see Fig. 3.1) and warming-induced sea level rise are 

the additional causes of flood hazard. For example, the more intensive sub-daily rainfall will trigger 

localized surface (pluvial) flooding, particularly in urban areas with rapidly increasing imperviousness. 

In the rainy season, the longer duration (2-day or longer) heavy rainfall in Cambodia may result in a 

prolonged inundation, especially in low-lying areas, and the rise in water level of rivers causing the 
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overflow in nearby land areas (i.e., fluvial flooding). Several suggestions made to reduce these flood 

risks are discussed as follows based on the flood risk change maps, embodying the information of the 

spatial distribution of risk changes in different provinces of Cambodia, developed in this chapter.  

The maps of flood risk change caused by sub-daily heavy rainfall (Fig. 3.15) show that the 

Southeastern and Northwestern Cambodia are projected to encounter a larger risk change in the mid- 

and late-century than the other regions. Based on Figs. 3.15a and b, Phnom Penh city (labeled with 

number ‘7’) and Kandal province (‘4’) (urban areas surrounding the capital city) are likely to face the 

most serious flash flooding damage, which is explained by manifold reasons; 1) the relatively larger 

increase of sub-daily heavy rainfall (Figs. 3.6 and 3.7), 2) the remarkably huge exposure of population 

and economic assets (especially in Phnom Penh city, mainly ascribed to the rapid urbanization) 

(Fig.3.16a), 3) the substantial flood damages in Kandal province (Fig. 3.16b), and 4) their contributions 

to the total risk change (over 60% attributed to ‘Exposure’ in Phnom Penh, and over 60% to 

‘Vulnerability’ in Kandal province, see Fig. 3.15c). Considering that ‘People’ and ‘Road’ were mainly 

affected in Phnom Penh (‘7’ in Fig. 3.16d), two countermeasures, including improving early warning 

systems to avoid casualties or injuries and upgrading the drainage systems to reduce flood impacts on 

traffic system in the city, are suggested. To this end, the projected IDF curves in Phnom Penh (Fig. 

3.14) can be applied by the governing agencies in Phnom Penh. For Kandal province, as ‘House’ was 

mostly affected (‘4’ in Fig. 3.16d), optimizing the urban development plan by determining the base 

elevation and guiding the location of newly-built buildings can be considered. For other regions in 

Southeastern and Northwestern Cambodia, those countermeasures can also be selected depending on 

the degree of risk change shown in Fig. 3.15 and the major contributing components in Fig. 3.16. 
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Fig. 3.15. Province-level (and the capital city, Phnom Penh) flood risk change caused by short-

duration (1-24h) heavy rainfall in the mid-century (a), late-century (b), and contribution of various 

parameters to the total risk (c). The location and information of each province are shown in Fig. 3.1 

and Tables 3.3 and 3.4, respectively. 
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Fig. 3.16. The spatial distribution of the exposure (a) and vulnerability (b) for the short-duration 

rainfalls, as well as the contribution of various indicators to the total exposure (c) and vulnerability 

(d). 

 

 Apart from the pluvial (flash) flooding, provinces (‘1-12’) in Southeastern and Northwestern 

Cambodia are likely to experience an increased risk of massive inundation and river flooding caused 

by long-lasting heavy rainfall (Fig. 3.17). This projection mainly owes its existence to the heavy 

rainfall increase, especially in the late-century, albeit with a little decrease in the mid-century in the 

coastal areas (Figs. 3.8 and 3.9), and higher exposure of people and properties to flood as well as the 

associated damages than other provinces (Fig. 3.18a and b). In particular, agriculture, the major 

component of exposure (approximately 88% averaged over these provinces, except for ‘7’), was 

seriously affected by the flood events during the past 26 years (‘Paddy field’ accounts for 35% of total 
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flood damage on average, as indicated in Figs. 3.18c and d) and is likely to be aggravated in the future 

due to the increase in the amount of heavy rainfall, which could pose a significant threat to national 

food security. The long-lasting heavy rainfall can cause persistent inundation that submerges the rice 

fields, damages the soil structure, and further leads to nutrient losses which will take a long time to 

recover. Implementing or improving hydraulic structures or irrigation systems (e.g., ditch) in the paddy 

fields (mostly rainfed) is needed to avoid the potential inundation. Moreover, provinces closely located 

to the Mekong River or the Tonle Sap Lake (e.g., ‘2’, ‘4’, ‘6’, ‘10’) are likely to be affected by the 

river flooding due to the increase in long-lasting heavy rainfall amount and low-lying areas of these 

provinces (Figs. 3.8, 3.9 and 3.1). Therefore, considering the economic situation of Cambodia, making 

full use of the existing dams on the Mekong River (mainly in the Lancang River in China) by 

optimizing reservoir operation through international cooperation is pivotal to improving food security 

and possibly one of the cost-effective approaches (compared with other measures such as importing 

food from other countries). Besides agriculture, ‘People’, ‘House’ and ‘Road’ account for 24%, 7%, 

and 34%, respectively, of the flood damage (averaged over Southeastern and Northwestern Cambodia) 

(Fig. 3.18d). Adaptation strategies similar to flash flooding, such as determining the base elevation of 

newly-built buildings, can also be considered here to reduce the associated inundation and river 

flooding impacts. 

 Other regions in Cambodia, mainly in the highlands (except for provinces ‘14-16’) with low 

population density, are found to face the lowest risk change (Figs. 3.15 and 3.17). These provinces 

have been reported to suffer from flash foods due to the massive deforestation in these provinces (JICA, 

2015). Such deforestation combined with the heavier rainfall events will increase the risks of flash 

floods and may even lead to unprecedented severe landslides in the mountainous regions (e.g., Koh 

Kong province). Therefore, enacting legislation to control further deforestation, designing detailed 

flood and landslide risk maps, and relocating the inhabitant in vulnerable regions in advance can be 

considered as potential countermeasures. At last, due to human intervention (such as dam construction 

and operation) in the upstream countries, further research is required to quantify the socioeconomic 

loss better, design the flood risk map, and put forward the applicable countermeasures. 
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Fig. 3.17. Same as Fig. 3.15 but for flood risk change caused by long-lasting (>2 days) heavy rainfall. 
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Fig. 3.18. Same as Fig. 3.16, but for the long-lasting rainfalls (taking agriculture into account). 

 

3.4.4 Uncertainties in projecting future extreme rainfall 

 Rainfall data plays a crucial role in understanding the future extreme rainfall events, assessing the 

associated risks, and subsequently designing the appropriate infrastructure to mitigate the adverse 

effects. Using an ensemble of a large number of climate models is important to reduce the impacts of 

model uncertainty. However, we used only three RCMs provided by CORDEX simulations due to the 

limited availability of high-quality datasets (multiple variables with high spatial and temporal 

resolution are needed, as shown in Fig. 3.3) that are not accessible from other RCMs. Future extreme 

rainfall projection based on three CORDEX models may not be sufficient enough because the previous 

assessment of CORDEX models has indicated a large variance among different model outputs 

(Tangang et al., 2020), especially for the extreme rainfall (e.g., RX1day), some model outputs can be 
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up to five times of the others for the same location (Supari et al., 2020). The application of ERA5 can 

also introduce additional uncertainty owing to the sparse and uneven gauge-based observed rainfall 

datasets (that are needed in developing ERA5 datasets) in Cambodia and some simplified physical 

processes (e.g., parameterized convection scheme) (Hersbach et al., 2020) 

 In terms of the accuracy of CORDEX, R50mm (annual number of days when rainfall ≥ 50mm) 

and RX1day (annual maximum daily rainfall) of CORDEX were much greater than those of ERA5 

(Fig. 3.19), which is mainly due to the wet bias produced by the parameterization schemes adopted in 

RegCM4 (Tangang et al., 2020). Such overestimation of extreme rainfall in CORDEX outputs was 

also reported in Supari et al. 2020. Although some studies applied bias correction methods (e.g., 

quantile mapping) for removing the model bias (e.g., Choubin et al., 2019; Hosseinzadehtalaei et al., 

2020), these methods are only applied in rainfall and temperature datasets so far and usually, they 

neglect the interdependence that exists among the multiple atmospheric variables (Su et al., 2020). 

While bias problems can be better resolved in climate models at less than 4 km spatial resolution (e.g., 

convection-permitting climate models) (Tabari et al., 2016), the spatiotemporal data records of these 

models are still limited for use by the research community. Nevertheless, the application of climate 

change signals (i.e., the relative change of return rainfall amount) from CORDEX instead of absolute 

value (i.e., return rainfall amount) (Section 3.3.3), to some extent, avoids the problem of wet bias in 

our study although this approach could introduce uncertainty by implicitly assuming the bias of 

CORDEX models is stationary.  

 Regarding the temporal disaggregation, the CANN model was trained by the near-surface (~1000 

hPa) atmospheric variables provided by ERA5 that might not well represent the atmospheric 

circulation that triggers extreme rainfall (Fowler et al., 2021). For example, the mountainous terrain 

may affect the movement of near-surface moisture. Although the higher altitude atmospheric variables 

(e.g., moisture and wind at 850 hPa) can better depict the moisture movement, they are not concurrently 

available in ERA5 and CORDEX. The aggregation of multiple datasets, such as CORDEX and RCMs 

under CMIP6 may help solve this problem. Still, this task imposes a significant challenge due to the 

difference in standards and accuracy (both spatially and temporally) of these datasets, particularly 

when the CANN model is highly dependent on the concurrency among these atmospheric variables 

(as shown in Fig. 3.3). Moreover, someone could argue whether the CANN model trained and verified 
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based on ERA5 reanalysis can be used for CORDEX. Here, the CANN model is specifically designed 

to simulate the near ‘observed’ precipitation mechanisms embedded in ERA5; an approach similar to 

the Massachusetts Institute of Technology-Emanuel scheme, albeit dealing with different mechanisms. 

Therefore, the CANN model built based on ERA5 gives confidence in its use for CORDEX, regardless 

of the inherent biases in the latter, which could inevitably result in uncertainties. In other words, the 

discrepancy between ERA5 and CORDEX outputs, mainly ascribed to the bias in CORDEX, should 

not be the reason for us not to apply the mathematical relationship obtained either the data-driven 

model (i.e., CANN) or other mathematical derivation through physical modeling. Nevertheless, future 

studies can reduce this uncertainty by using climate models with higher accuracy. At last, the use of 

ARF to transform area IDF curves to point IDF curves can also cause some uncertainty (ascribed to 

the homogeneity assumption (Peleg et al., 2018) and stationarity assumption of ARF, which can be 

reduced in the future by using climate models with finer spatial resolution.  
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Fig. 3.19. Spatial distribution of R50mm (annual number of days when rainfall≥50mm) and RX1day 

(annual maximum daily rainfall) for the historical period based on ERA5 (left column) and the 

ensemble mean of CORDEX (right column) 

3.5. Summary 

 In this chapter, we proposed a framework for quantifying the climate-informed changes in heavy 

rainfall and assessed the associated adaptation strategies related to flood risk change in our case study 

of the flood-prone country, Cambodia. The framework was developed based on improved temporal 

disaggregation models (i.e., CANN), and the outputs were statistically analyzed based on ZIGEV. A 

novel flood risk change index was built on the information of various socioeconomic factors, including 
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the population, agriculture, economy, flood impacts on population, etc., as well as the information on 

projected heavy rainfall change. Subsequently, we developed a province-level flood risk change map 

in Cambodia and discussed countermeasures to reduce the multidimensional flood-induced risks. The 

following conclusions can be drawn. 

(1) The improved CANN model can reproduce the hourly extreme rainfall well (training, RMSE = 

0.97 mm, R = 0.95; test, RMSE = 1.1 mm, R = 0.93) in Cambodia, and when used in combination 

with ZIGEV for EVA, it can reduce the uncertainty arising from temporal disaggregation bias. 

Future research can further reduce this uncertainty by selecting the suitable output variables for 

CANN (e.g., reproducing AMS instead of MMS). 

(2) The rainfall intensity change obtained in Chapter 3 is a little different from the change in Chapter 

2, which is owing to the use of different CORDEX models (that can cause large difference in 

projecting future heavy rainfall). However, similar to Chapter 2, the rainfall intensity is projected 

to increase more in higher return periods (i.e., rarer rainfall events). Moreover, rainfall intensity 

is projected to increase more in the shorter durations, higher return periods, late-century (than 

mid-century), especially over Southern and Central Cambodia, which is consistent with the 

underlying governing physical arguments (e.g., the convective heavy rainfall is estimated to 

intensify in the future, explaining the higher increase of rainfall intensity in the shorter durations). 

However, when averaging over the whole of Cambodia, only 10~30% of the rainfall intensity 

increase can be attributed to warming-induced moisture increase (according to CC scaling, Section 

3.4.2). The remaining increase can be explained by the change in wind convergence (Fig. 3.12) 

and some other atmospheric activities (Fowler et al., 2021) that need further investigation in future 

work. 

(3) For flood risk change caused by sub-daily heavy rainfall, Southeastern and Northwestern 

Cambodia, especially in Phnom Penh city and Kandal province, are detected as the priority regions 

for strategy adaptation (e.g., optimizing the urban development planning to avoid property loss) 

and taking mitigation actions to reduce the potential urban (flash) flood risks in the future.  

(4) For flood risk change caused by long-lasting heavy rainfall, Southeastern and Northwestern 

Cambodia, especially for the provinces which play a major role in food (rice) production, should 

update field drainage systems and enhance the international cooperation, especially with countries 
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in the upper Mekong River basin to avoid the adverse impacts of inundation and river flooding on 

the national food security. 
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4. Uncertainty quantification in the development of 

IDF curves 
 

4.1 Background 

 Updating the existing IDF curves to reduce the global warming risks are typically based on RCMs. 

However, climate change predictions are subject to the model uncertainty arising from the unresolved 

physical processes, parameterization schemes, and coarse spatial resolution (usually 25-50 km) (Flato 

et al., 2013; Volosciuk et al., 2017). The uncertainty is found to be larger for projecting the future 

rainfall extremes (Ning et al., 2015; Ning and Bradley, 2016). Therefore, reducing the model 

uncertainty is essential in the development of IDF curves to help identify and act upon suitable 

adaptation measures in the face of global warming. Climate model uncertainty can be reduced in two 

ways. The first is to develop high-resolution convection-permitting models; however, convection-

permitting models are still limited in their spatiotemporal data records and access to the research 

community due to their high demand in computational power (Berg et al., 2019; Tabari et al., 2016). 

The second is to use statistical downscaling methods to remove the model bias by tailoring the datasets 

for specific locations, scales (Pour et al., 2018). Among these statistical downscaling methods, bias 

correction (BC) methods are most commonly used owing to the ease of their implementation and good 

performance (Chen et al., 2013a; Hosseinzadehtalaei et al., 2020; Maraun, 2013; Requena et al., 2021; 

Srivastav et al., 2014). Specifically, Li et al. (2017) found that the application of BC significantly 

improved the accuracy of extreme rainfall and was able to estimate the IDF curves accurately. However, 

BC methods have been criticized for introducing additional uncertainty by altering the raw modeled 

climate change signals (Cannon et al., 2015). Some studies also claimed that as climate models can 

preserve the climate change signals, the application of BC is unnecessary if we only focus on the 

change of the target variables (e.g., IDF curves) (Mamoon et al., 2016; Supari et al., 2020; Tangang et 

al., 2018, 2020). Currently, there is no consensus on whether BC should be used or not. BC methods 

are generally used in daily or longer time scale datasets of climate models, with a few studies focusing 

on the sub-daily datasets (Hosseinzadehtalaei et al., 2020; Requena et al., 2021; Srivastav et al., 2014). 

Several studies have assessed the impacts of BC on daily and longer time scale rainfall extremes 

(Cannon et al., 2015; Chen et al., 2013a; Ji et al., 2020; Maraun 2013), yet the effects are rarely 
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assessed on the sub-daily datasets due to the limited availability of sub-daily datasets from climate 

models and observations. Considering that BC methods are gaining an increasing interest in climate 

change impact studies, there is a need to explore and expand our understanding of the impacts of BC 

on sub-daily rainfall extremes as well as the associated uncertainties.  

 In addition to the model uncertainty, the future emission scenarios, which are represented by RCP 

scenarios, are highly uncertain owing to a lack of collective political will to efficiently control the 

emissions, which can be seen in the deep contradictions in UN Climate Change Conference of the 

Parties (COP26) (Masood and Tollefson, 2021). The natural variability of the climate system (‘noise’, 

i.e., the inherent chaotic nature of atmospheric system) limits the predictability of climate change 

signals when a limited number of climate models are used (Aalbers et al., 2018). Estimation of 

distribution parameters also introduces uncertainty for a small record length (Poschlod et al., 2021). 

Although these uncertainties are difficult to reduce without access to new information (e.g., more 

observed datasets), quantifying them is also pertinent to better understand the possible climate change 

impacts. Therefore, this chapter ’s objectives are two-fold. 

 1. Quantifying different uncertainty sources, including the BC method, RCP scenarios, climate 

models, and parameter estimation methods, in the development of IDF curves, with a special focus on 

whether the BC method should be used or not. 

 2. Qualitative discussion on the adaptive measures, which can be updated with additional 

information, under deep uncertainty quantified in this chapter.  

 The remainder of this chapter is organized as follows. Section 4.2 describes the study area and 

various datasets and introduces the methods used in this chapter. The results and discussion are 

described in Section 4.3 followed by the future scope of the adaptive measures that can be updated in 

face of deep uncertainty in Section 4.4. Section 4.5 presents the conclusion of this chapter.  

 

4.2. Material and methods 

4.2.1 Study area and datasets 

 To investigate the uncertainty in the development of IDF curves, we used three flood-prone cities 

introduced in Chapter 2, namely, CTC, HCMC, and PPC (Fig. 2.1). One-hour (1h) observed rainfall 

datasets in HCMC and CTC were collected at Tan Son Hoa gauge station and Can Tho gauge station, 
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respectively. The future rainfall datasets were provided by CORDEX simulations in Southeast Asia 

(Tangang et al., 2020). Although the CORDEX simulations have shown the added values compared 

with the GCM, multiple uncertainty sources still exist (Tangang et al., 2020). To reduce these 

uncertainties, a multi-model ensemble is commonly used to better represent the study parameters (e.g., 

extreme rainfall) than the individual model (Supari et al., 2020). Therefore, our study used all the 

available CORDEX simulations (as of May 26, 2021) (https://esg-dn1.nsc.liu.se/projects/cordex/) that 

provide 3h rainfall datasets in Southeast Asia under two Representative Concentration Pathway 

scenarios (i.e., RCP 4.5 and 8.5) as listed in Table 2.2. 

 

4.2.2. Framework for developing IDF curves 

 The framework of constructing IDF curves (focusing on 1-24h) for historical and future periods 

is shown in Fig. 4.1. In HCMC and CTC (Fig. 4.1a), IDF curves in the historical period were 

constructed based on observed 1h rainfall datasets. In the future period, the 3h rainfall datasets 

provided by RCMs were firstly spatially downscaled based on the BC method and secondly temporally 

disaggregated to 1h extreme rainfall datasets. Subsequently, these datasets (from 1h to 24h) were used 

to estimate the return rainfall (rainfall event with a given return period, i.e., rainfall event that is 

expected to occur once in this given period), which was later applied to construct IDF curves in future 

periods. A change factor approach was applied to remove the bias generated in temporal 

disaggregation. To quantify the uncertainty introduced by BC method, rainfall intensity change with 

BC was obtained in these two cities and compared with the change with BC, as described in Fig. 4.1. 

In HCMC and CTC, the influence of other uncertainty sources was also quantified. To avoid 

redundancy in this chapter, the methods and results for developing IDF curves in PPC were discussed 

in detail in Chapter 2. 
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Fig. 4.1. Research methodology framework for obtaining IDF curves with bias correction (1) for (a) 

HCMC, CTC and (b) PPC, as well as without bias correction (2), quantification of different 

uncertainty sources (3) and discussion on adaption strategies under deep uncertainty (4). (Acronyms: 

RCMs, Regional climate models, Bayesian GEV, Bayesian generalized extreme value, BC method, 

Bias correction method, ANN, Artificial neural network) 

 

4.2.3. Bias correction method 

 Quantile delta mapping, which is an adaptation of the well-known Quantile mapping method and 

has been proven to be more reliable in removing the systematic model bias (Cannon et al., 2015), was 

used to spatially downscale the 3h rainfall datasets from CORDEX simulations for HCMC and CTC. 

Although some other BC methods, such as Normalized Quantile Mapping (see in Section 2.3.2) and 

Scaled Distribution Mapping (Switanek et al., 2017), also show superior performance over Quantile 

mapping, we did not consider those in this chapter to avoid the redundancy in achieving the objectives 

(to compare the results with BC and without BC instead of comparing results with different BC 

methods) of the study. Mathematically, Quantile delta mapping can be represented as below, 

𝑝𝑐𝑜𝑟,𝑓𝑢𝑡 = 𝑝𝑜𝑏𝑠 × 𝐶𝑉                                                            (4.1) 
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𝐶𝑉 =
𝐹𝑚𝑜𝑑,𝑓𝑢𝑡
−1 (𝜏)

𝐹𝑚𝑜𝑑,ℎ𝑖𝑠
−1 (𝜏)

                                                                (4.2) 

where 𝑝𝑜𝑏𝑠 and 𝑝𝑐𝑜𝑟,𝑓𝑢𝑡 denote the observed rainfall for the historical period and modeled rainfall 

after BC for the future period, respectively, and 𝐶𝑉 represents the correction value. 𝐹𝑚𝑜𝑑,𝑓𝑢𝑡
−1  and 

𝐹𝑚𝑜𝑑,ℎ𝑖𝑠
−1  denote the inverse CDF of modeled rainfall for the historical period and the future period 

before BC, respectively, and 𝜏  is the non-exceedance probability. Fig. 4.2a gives an example of 

removing the model bias at 𝜏 = 0.8 . In this chapter, Quantile delta mapping was performed in a 

seasonal moving window and used to downscale the modeled datasets from the nearest neighboring 

grid that contains the targeted rain gauge. To remove the drizzle-effects of modeled datasets, we set a 

threshold of 0.1 mm considering the minimum detectable hourly rainfall of most rain gauges (Pang et 

al., 2021), below which all rainfall values were set to zero. 

 

 

 

Fig. 4.2. (a) Schematic of BC based on quantile delta mapping and (b) schematic diagram of the 

ANN-based temporal disaggregation model. Here, 𝑃1 denotes the 1h monthly maximum series and 

𝑃  represents the 3h rainfall depth happening in the same time of 𝑃1. 𝑃𝑡−1, 𝑃𝑡 , 𝑃𝑡+1 denote the 

daily rainfall depth centered by the day that records 𝑃1. Characteristic features of various statistics 
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associated with the ANN model are also shown in the table. 

 

4.2.4 Temporal disaggregation method 

 Since the CORDEX simulations provide only 3h rainfall datasets (for both RCP 4.5 and 8.5), 

which is not (temporally) sufficient enough to update the IDF curves (focusing on 1-24h rainfall), the 

temporal disaggregation methods are necessary to estimate 1h rainfall (Mirhosseini et al., 2014). Here, 

we used an ANN-based model similar to Section 2.3.4 but using extreme 3h rainfall datasets instead 

of extreme daily rainfall datasets, which can reduce the uncertainty caused by the stationarity 

assumption to some extent (the model trained by the historical observations can be applied to the future 

period). This is because compared with extreme daily rainfall, extreme 3h rainfall is more likely to 

occur in the same rainfall event (e.g., convective process) as that of extreme 1h rainfall (Fowler et al., 

2021). Thus, the characteristics of extreme 1h rainfall can be better represented by extreme 3h rainfall 

than the extreme daily rainfall. The architecture of this ANN-based model is shown in Fig. 4.2b. To 

estimate the observed 1h rainfall extremes (i.e. 𝑃1), the 3h observed rainfall (𝑃 ), which accumulated 

in the same rainfall events that recorded 𝑃1, and the three consecutive days of rainfall amounts (i.e., 

𝑃𝑡−1 , 𝑃𝑡  , 𝑃𝑡+1) centered by the day that recorded 𝑃1 were used as the input variables. Thus, the 

model was trained based on the extreme rainfall information (observed during the rainfall events that 

recorded 𝑃1) instead of the whole time series of rainfall, which improves the accuracy and efficiency. 

However, direct application of this ANN-based model for obtaining the future 1h rainfall extremes is 

problematic as we don’t know when 1h rainfall extremes will happen in the future, given only a time 

series of 3h rainfall is available. Thus, the input variables for the ANN-based model cannot be 

determined by the time series of 3h rainfall provided by CORDEX simulations. To resolve this 

problem, firstly, we regarded time series of 3h rainfall as 𝑃  and associated three consecutive daily 

rainfall as 𝑃𝑡−1, 𝑃𝑡, 𝑃𝑡+1. Thus, we obtained 7305*8=58440 (8 sets of 3h per day for a total of 7305 

days during 2026–2045 or 2066-2085) sets of (𝑃 , 𝑃𝑡−1, 𝑃𝑡, 𝑃𝑡+1). Secondly, (𝑃 , 𝑃𝑡−1, 𝑃𝑡, 𝑃𝑡+1) was 

input into the ANN-based model to generate 58440 output variables. Next, we extracted the monthly 

maximum series from these output variables. We tested this procedure in the historical period (Section 

4.3.1). 
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4.2.5. Extreme value analysis 

 The Bayesian GEV through MCMC was described in detail in Section 2.3.5. Apart from the 

application of MCMC, this chapter also employed two other parameter estimation methods (PEMs), 

i.e., maximum likelihood estimation (MLE) and L-moment methods to examine the impacts of 

different parameter estimation methods on IDF curves. As Bayesian GEV can only be estimated by 

MCMC, MLE and L-moment were mainly used to estimate the GEV parameters. 

 

4.2.6. Constructing IDF curves based on bias-corrected RCMs 

 In HCMC and CTC, the IDF curves for the historical period were constructed based on the return 

rainfall of different durations computed by Bayesian GEV parameters. Regarding the IDF curves in 

the future period in HCMC and CTC, we found that the estimation of Bayesian GEV parameters 

(through MCMC )was slow and hard to achieve for modeled rainfall datasets across two gauge stations. 

This may be because the CORDEX simulations still have a limited ability to simulate the rainfall 

(especially the spatial information of the rainfall) very well (Tangang et al., 2020). Therefore, for the 

future case, we used the Bayesian GEV for each station separately (which means N=1 in Eq. 2.9). 

Subsequently, IDF curves focusing on the duration of 3h to 24h can be obtained directly from return 

rainfall based on Eq. 2.9. For the IDF curves of 1h rainfall, due to the deviation in the disaggregated 

1h extreme rainfalls, a change factor operation (denoting the ratio of future return rainfall to the 

historical one) was used, represented as below, 

𝐶ℎ𝑎𝑛𝑔𝑒  𝑎𝑐𝑡𝑜𝑟 =
𝑅𝐿𝑚𝑜𝑑,𝑓𝑢𝑡

𝑅𝐿𝑚𝑜𝑑,ℎ𝑖𝑠
                                                      (4.3) 

𝑅𝐿𝑐𝑜𝑟,𝑓𝑢𝑡 = 𝑅𝐿𝑜𝑏𝑠,ℎ𝑖𝑠 × 𝐶ℎ𝑎𝑛𝑔𝑒  𝑎𝑐𝑡𝑜𝑟                                            (4.4) 

where, 𝑅𝐿𝑚𝑜𝑑,𝑓𝑢𝑡 and 𝑅𝐿𝑚𝑜𝑑,ℎ𝑖𝑠 denote the ANN model-based (or raw RCMs-based) return rainfall 

for the future and historical period, respectively. 𝑅𝐿𝑜𝑏𝑠,ℎ𝑖𝑠 is the observation-based return rainfall and 

𝑅𝐿𝑐𝑜𝑟,𝑓𝑢𝑡 denotes the corrected/improved future return rainfall. This change factor operation has been 

applied in several climate change impact studies (e.g., Liew et al., 2014; Tabari et al., 2016; among 

others) and is superior to the approach used in Lima et al. (2018), which suffers more from a 

stationarity assumption of the scaling process (from daily rainfall to hourly rainfall).  

 

4.2.7. Impacts of multiple uncertainty sources on IDF curves  
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 To evaluate the impacts of the BC on constructing IDF curves, two approaches, including the one 

described in Fig. 4.1, with and without BC, were used/explored as summarized in Table 4.1. The 

methods used for obtaining IDF curves in the future periods without BC were also based on the change 

factor operation. In specific, the change factor, in this case, denotes the ratio of future return rainfall 

to the historical one, based on RCMs without BC. Subsequently, this change factor was multiplied by 

the historical IDF curves at the targeted rain gauge station to obtain the future IDF curves. This change 

factor operation was mainly used to eliminate the discrepancy between modeled datasets and 

observations, which is similar to that used in Hosseinzadehtalaei et al. (2021). In the data-sufficient 

region (i.e., HCMC and CTC), apart from the impacts of the BC, the impacts of different parameter 

estimation methods, different RCP scenarios, and RCMs on the uncertainty in IDF curves were also 

assessed. Specifically, to quantify different uncertainty sources linked with the choices of different 

RCMs, RCP scenarios, parameter estimation methods, and with and without BC, the ‘analysis of 

variance’ method was used (Wang et al., 2016). The total variance was computed as the sum of the 

standard deviation of each uncertainty source. For each uncertainty source, the standard deviation was 

calculated after taking the average value of rainfall intensity change derived from the remaining 

uncertainty sources. For example, the standard deviation across RCMs was calculated after taking the 

average from all parameter estimation methods, both RCP scenarios and datasets with and without BC. 

Finally, the fraction of total variance was calculated as the ratio of the variance of each uncertainty 

source to the total variance.  
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Table 4.1. Summary of the method used to estimate sub-daily return rainfall for quantifying the influence of BC 

 

City Time Datasets 
Bias 

correction 

Temporal 

disaggregation 

Extreme value 

analysis 
Major assumptions 

HCMC 

& CTC 

Historical 

period 

Observed 1h 

rainfall 
- - 

Bayesian 

GEV 
- 

Future periods 
3h rainfall 

from RCMs 
Yes 

Obtaining 1h rainfall 

extremes from 3h 

rainfall based on ANN 

Bayesian 

GEV 

ANN holds true from 3h to 

1h rainfall in the future 

periods* (Section 4.2.4) 

Future period 
3h rainfall 

from RCMs 
No 

Obtaining 1h rainfall 

extremes from 3h 

rainfall based on ANN 

Bayesian 

GEV 

1. ANN holds true from 3h 

to 1h rainfall in the future 

periods 

2. Return rainfall change 

based on RCMs without 

BC represents the return 

rainfall change in the 

gauge stations** (Section 

4.2.6) 
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PPC 

Historical 

period 

Observed 

daily 

rainfall 

- 
Obtaining sub-daily 

return rainfall from 

daily return rainfall 

based on scaling 

property 

Bayesian 

GEV 

Bayesian GEV parameters 

from neighboring stations 

(i.e., HCMC & CTC) can 

be used in PPC (Section 

4.2.5) 
Future period 

Daily 

rainfall from 

RCMs 

Yes 

Future period 
3h rainfall 

from RCMs 
No 

Obtaining 1h return 

rainfall from 3h return 

rainfall based on scaling 

property 

Bayesian 

GEV 

1. Scaling property holds 

true from 3h to 1h rainfall 

in the future periods*** 

(Section 4.2.5) 

2. Return rainfall change 

based on RCMs without 

BC represents the return 

rainfall change in the 

gauge stations 

* This ANN model trained based on historical observations can be applied to the future period. 

** From a statistical perspective, the percentage change of the areal (return) rainfall provided by RCMs without BC equals that change of the point 

(return) rainfall in gauge stations. 

*** To estimate the GEV parameters of 1h rainfall extremes, which can be not obtained based on 3h rainfall provided by RCMs, we used the 

scaling property.  
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4.3. Results and discussion 

4.3.1 Bias correction and ANN-based temporal disaggregation 

 Based on the framework described in Fig. 4.1a, Quantile delta mapping was applied to remove the 

bias of 3h rainfall datasets provided by RCMs (Fig. 4.2a), after which ANN-based model was applied 

to obtain 1h rainfall extreme datasets for the future periods (Fig. 4.2b). Before applying these two 

methods, we validated them using the observed data in the historical period as shown in Fig. 4.3a and 

Fig. 4.3b, respectively. Compared with observations, the RCMs without BC apparently underestimated 

the 3h rainfall extremes, with the mean value of -59% relative to the observations, averaged over two 

cities (Fig. 4.3a), which is similar to the previous studies using CORDEX simulations (e.g., Berg et 

al., 2019). After BC, RCMs agreed favorably well with the observations, with a weak underestimation 

of the mean value (-9%) averaged over two cities, but the ensemble spread was found to increase 

slightly. The strong underestimation of rainfall extremes in original outputs of RCMs (without BC) is 

mainly attributed to convective parameterization (Berg et al., 2019; Kendon et al., 2017; Li et al., 

2012), coarse spatial resolution (i.e., 25 km2 areal average rainfall) used in these RCMs, and some 

simplified atmospheric forcing mechanisms (e.g., aerosol forcing) employed in the driving GCMs (Lin 

et al., 2018). The slight increase in ensemble spread is also due to the abovementioned model 

simplification of physical processes that cannot be resolved by the BC (Maraun et al., 2019). 

 In Fig. 4.3b, the disaggregated 1h rainfall extremes (i.e., 𝑃1), specifically 1h monthly maximum 

series, showed a good agreement with the observed 𝑃1, but deviated from the large values in the tail, 

which is a common problem for many temporal disaggregation models (Burian et al., 2000; Burian 

and Durrans, 2002; Kossieris et al., 2018; Mirhosseini et al., 2014). This deviation is mainly due to 

some large 1h rainfall values generated from rainfall events that lasted within one hour, which makes 

3h and daily rainfall values (input layer in Fig. 4.2b) difficult to reproduce the characteristics of 𝑃1. 

Therefore, we applied the change factor operation to correct the deviation, although the uncertainty 

still persists. Apart from this deviation problem, the stationarity assumption of the ANN-based model, 

which means that the model trained in the historical period can be used for the future period, may add 

additional uncertainty. Such stationarity assumption of the temporal disaggregation model is 

commonly used in climate change impact studies (e.g., Hosseinzadehtalaei et al., 2021; Lombardo et 

al., 2017) and is difficult to validate due to the complexity of the rainfall generating system (Moustakis 
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et al., 2021), and the lack of observed rainfall datasets for future periods. The possible way to reduce 

the uncertainty from the deviation problem and stationarity assumption is to use more climate 

variables., e.g., temperature, humidity, wind velocity, to reproduce the rainfall generating system 

(Westra et al., 2013). An alternate solution is to use the high-accuracy convection-permitting models; 

however, these convection-permitting models are very limited due to their high demand for 

computational power and the limited understanding of (or a lack of focus on) this system in a small 

spatial scale (e.g., cloud-aerosol interactions and urban heat island impacts) (Fowler et al., 2021; Zhang 

et al., 2018). In general, the application of the BC and ANN-based temporal disaggregation can be an 

efficient way to provide the 1h extreme rainfall datasets based on 3h datasets. 

 

 

 

Fig. 4.3. (a) Comparison between RCMs with and without BC, and observations. For comparison 

purposes, the BC method calibrated in 1986-1995 was used to remove the bias of RCMs in 1996-

2005, and subsequently, the RCMs with and without BC were compared with the observations in 

1996-2005. (b) Comparison of the quantile-quantile plots of the observed and disaggregated (wet-
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day) 1h monthly maximum time series based on testing datasets. The training datasets were 

randomly selected 50 times from the observed rainfall series and the unselected 50 sets of remaining 

rainfall series were regarded as the testing datasets. 

 

4.3.2 Impacts of bias correction on rainfall intensity change 

 The relative changes in rainfall intensity from historical to future periods for different return 

periods and durations are shown in Fig. 4.4. Apparent inflation of relative change by BC was observed 

in three cities. For example, in HCMC during the far future period (Figs. 4.4c and 4.4d), a relative 

change in excess of 25% with respect to the observations was observed by applying BC, while the 

maximum relative change without BC hardly exceeded 0%. Nevertheless, this large increase (indicated 

by the RCMs with BC in Fig. 4.4d) during the far future was also found in some previous studies for 

the same or nearby research regions based on the same or similar scenarios (RCP 8.5 and A2). (Liew 

et al., 2014; Noor et al.,2018; Truong Ha, 2018), albeit using different methods to remove the model 

bias. Moreover, in CTC and PPC, RCMs with BC projected a smaller increase in the far future than 

near future under RCP 4.5 (Fig. 4.4b) and a larger increase in the far future than near future under RCP 

8.5 (Fig. 4.4d). However, in HCMC (Figs. 4.4b and 4.4d), the projected change in rainfall intensity 

showed a (weak) opposite trend to those in CTC and PPC, which could be explained by a multitude of 

factors, including the limited number of available CORDEX simulations used in the current research, 

the inherent model biases of these simulations (Section 4.3.1), and some unconsidered factors (e.g., 

spatial and seasonal water availability; Tabari, 2020). Owing to these factors, this kind of disagreement 

between neighboring regions was also found in previous studies (e.g., Trinh-Tuan et al., 2019; Tangang 

et al., 2018; Supari et al., 2020).  

 Based on the RCMs with BC in these three cities (Figs. 4.4b and 4.4d), generally more increase 

was found in rainfall with higher return periods, suggesting that a rarer event (denoting a relatively 

higher rainfall depth distributed in 24 hours) is likely to increase more in the future, which compares 

well to the previous research on the same or nearby research regions (Ge et al., 2019; Truong Ha, 

2018). This observation follows well the laws of physics where, atmospheric circulation tends to drive 

a larger increase in rarer rainfall events than less rare ones in the context of global warming 

(Pendergrass, 2018). However, such a trend was not observed in most cases based on RCMs without 



102 

 

BC (Figs. 4.4a and 4.4c). In general, with respect to the change in rainfall intensity based on the raw 

outputs of RCMs, the application of BC corresponds well to the previous research and physical reality. 

Further investigation on the impacts of the BC by using more high-accuracy RCMs could be a subject 

of future research efforts. 

 

 

 

Fig. 4.4. Change in rainfall intensity from historical period to future periods based on the ensemble 

median of RCMs without and with BC. The rainfall intensity was calculated by Bayesian GEV 

through Markov Chain Monte Carlo (MCMC). Please note that the legend bars correspond to 

different ranges for each plot for better visualization. 
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4.3.3 Impacts of bias correction and parameter estimation methods on the 

uncertainty 

 In addition to the abovementioned impacts on the projected change in the ensemble median of 

rainfall intensity, the impacts of BC on the standard deviation in the change of rainfall intensity among 

RCMs were analyzed to evaluate the uncertainty related to the BC (Fig. 4.5). A comparison between 

the size (i.e., diameter) of circles (with BC) and that size (i.e., side) of squares (without BC) in Fig. 

4.5 shows that the results with BC sometimes (e.g., rainfall duration of 1h, return period of 20-yr and 

RCP 8.5 in Fig. 4.5a) had a larger standard deviation (regarded as the uncertainty) than the results 

without BC. This behavior could be caused by the simplified physical processes that cannot be resolved 

by BC (Section 4.3.1). Apart from the size, in HCMC (Fig. 4.5a), the circles (with BC) and squares 

(without BC) displayed different colors under RCP 4.5 (with hatching line) (except for a few cases 

with a 2-yr return period) and similar colors under RCP 8.5 (without hatching line). A similar 

observation was also found in CTC (Fig. 4.5b). These results indicate that BC may have a larger impact 

on the uncertainty change under RCP 4.5 than RCP 8.5. 

 

 

 

Fig. 4.5. The impacts of BC on the uncertainty of the change in rainfall intensity in the future periods 

in HCMC (a) and CTC (b) based on Bayesian GEV through MCMC. The uncertainty, which is 

represented by the standard deviation in the change of rainfall intensity among RCMs for the near 

future, is signified by the size (i.e., diameter) of the circles (with BC) and the size (i.e., side) of 
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squares (without BC). The color indicates the relative change of the standard deviation from the near 

future to the far future. 

 

 Apart from the impacts of BC, different parameter estimation methods affected the uncertainty, as 

shown in Fig. 4.6. A comparison of the size (signified by the diameter in circles and side in squares 

and diamonds) among circles (MCMC), squares (L-moment), and diamonds (MLE) shows that the 

results based on MLE had larger uncertainty than MCMC and L-moment, especially in the larger return 

periods. This behavior is mainly because MLE cannot work well for some unreliable values at the 

edges of the ensemble in a small sample size (Poschlod et al., 2021). Nevertheless, L-moment is less 

influenced by these unreliable values owing to its stable algorithm, and MCMC makes use of more 

information (i.e., prior information of GEV parameters and scaling property of rainfall extremes) to 

reduce the impact of these values. Focusing on the change of uncertainty from the near future to the 

far future, we found that generally, all three methods had similar colors in each city despite some 

exceptions (e.g., rainfall duration of 6h and return period of 20-yr in Fig. 4.6a). Given that MCMC 

delivered reliable results and Bayesian GEV through MCMC was only the method applicable to PPC, 

we presented the IDF curves based only on MCMC in these these cities. 

 

 

 

Fig. 4.6. The impacts of parameter estimation method (PEM) on the uncertainty of the change in 

rainfall intensity in the future periods in HCMC (a) and CTC (b) based on MCMC, maximum 

likelihood method (MLE), and L-moment method, respectively. The uncertainty, which is 
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represented by the standard deviation in the change of rainfall intensity among RCMs without BC in 

the near future, is signified by the size (i.e., diameter) of the circles (MCMC), size (i.e., side) of 

squares (L-moment), and size (i.e., side) of diamonds (MLE). The color indicates the relative change 

of the standard deviation from the near future to the far future. 

 

4.3.4 Contribution of different uncertainty sources to rainfall intensity 

change 

 The variance of each uncertainty source is by and large proportional to the increasing return period, 

albeit with a varying contribution to the total variance (Figs. 4.7). The contribution of RCMs to total 

variance decreases with the return period, while that of the parameter estimation method generally 

increases with the return period (Fig. 4.7). RCMs are found to be the dominant uncertainty source, of 

which the contribution to the total variance (averaged for all the cases of the return period, duration, 

and future period) accounts for 41.0% at HCMC and 47.9% at CTC. BC accounts for the second-

largest uncertainty, with an average value of 39.4% at HCMC and 29.7% at CTC. The contribution of 

RCP scenarios and parameter estimation methods are 16.5% (13.8%) and 3.2% (8.6%) at HCMC 

(CTC), respectively, the latter providing the lowest uncertainty. Moreover, the contribution of RCP 

scenarios is found to be approximating to zero in the near future in some cases (e.g., 3h rainfall in Fig. 

4.7a), while the contribution is generally more stable and larger in the far future than the near future. 

Specifically, the contribution of RCP scenarios is, on average, 25.8% (14.5%) for the far future relative 

to 7.2% (13.2%) for the near future in HCMC (CTC). This behavior indicates that the rainfall intensity 

differs between RCP scenarios more in the far future than near future, which corresponds well to a 

large difference in accumulated CO2 emissions between RCP 4.5 and 8.5 in the late century 

(Hausfather and Peters, 2020). The larger uncertainty in the projected change of rainfall intensity is 

likely to be linked with more investment in updating the infrastructure. This is because, for example, 

under a high-end case of larger uncertainty, to mitigate the possible severe damage from urban flooding, 

more cost is needed to build the drainage system with high capability.  
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Fig. 4.7. Fraction of total variance in the projected rainfall intensity change in (a) near future, (b) far-

future period in HCMC, and (c) near future, and (d) far-future period in CTC. The variance was 

calculated as a function of return periods explained by the standard deviation of the RCMs, with and 

without BC, different parameter estimation methods, and RCP scenarios. 

 

4.3.5 Change in the IDF curves and convection rainfall 

 IDF curves for both the historical period (based on observations) and the future periods (based on 

the RCMs with BC) are shown in Fig. 4.8. Based on the ensemble median, the rainfall intensity of 5-

yr (20-yr) IDF curves in the near future in HCMC is projected to increase by 13.4–23.5% (37.8–52.3%) 

under RCP 4.5, and 22.6 – 31.0% (30.7– 47.1%) under RCP 8.5. This result reveals an apparent upshift 

of the IDF curves in the future periods, which can also be seen in CTC and PPC. 

 Other characteristics of extreme rainfall, besides the rainfall intensity, are also important for us to 

better understand the extreme rainfall but have rarely been assessed so far. For example, the density 
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estimation of scaling parameters (𝐻 and 𝜃) in the historical period and future periods are shown in 

Figs. 4.9 and 4.10 (for CTC). Generally, large H values and small θ values are regarded as a proxy for 

the strong convective activities due to the large variations (usually caused by the convective rainfall) 

in rainfall distributions with different durations (Eqs. 3 and 4) (Innocenti et al., 2017). It is worth 

mentioning that the results based on RCMs without BC represent the rainfall pattern in a spatial scale 

of 25 km instead of the local scale (e.g., 4 km). Compared with the scaling parameters in the historical 

period based on observations, the parameters based on RCMs without BC are more dispersed and give 

smaller 𝐻 and larger 𝜃 values (Fig. 4.9). Specifically, in the historical period, the results based on 

observations display a mode value of 𝐻 being 0.93 (𝜃 being 0.2), with the standard deviation of 0.04 

(0.21) while these values are 0.77 (0.31) and 0.10 (0.80), respectively, based on RCMs without BC. 

This observation is also because of the abovementioned deficiency in these RCMs (Section 4.3.1). 

Nevertheless, RCMs with BC have apparently larger 𝐻 values than RCMs without BC in the future 

periods, which indicates that, to a certain extent, the BC may improve the simulation of the convection 

process. A comparison between the historical and future periods shows that in both RCMs with BC 

and without BC, there were no obvious changes in these scaling parameters (a small change in 𝜃 does 

not impact the results (Lima et al., 2018)), which implies that from a statistical perspective, there is no 

apparent trend in convection rainfall in the future periods. Further investigation on the trend in 

convection rainfall based on the physical mechanisms will be the subject of future study.  
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Fig. 4.8. 5- and 20-yr IDF curves in the historical period and future periods in all three cities. The 

rainfall intensity in the historical period was based on observations, and that in the future periods was 

calculated based on the ensemble median of the RCMs (with BC) by using Bayesian GEV through 

MCMC. The model uncertainty was based on the 90% of the ensemble spread. 
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Fig. 4.9. Kernel density estimation of scaling parameters (𝐻 and 𝜃) in the historical period and 

future periods in HCMC. 
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Fig. 4.10 same as Fig. 4.9 but for CTC. 

 

4.4. Way forward to institutional measures for climate change 

adaptation under deep uncertainty 

 The changes in extreme rainfall cannot be directly related to the changes in pluvial floods due to 

some other factors (e.g., imperviousness ratio and channelization) that affect the extreme rainfall 

responsiveness (Westra et al., 2014). However, given the rapid urbanization, the abovementioned 

increase in IDF curves generally can account for increasing flood risk in these urban regions. To reduce 

this risk, updating the existing drainage system and other flood-prevention infrastructures with the help 

from the World Bank, among others, is about to end or in process in these cities (JICA, 2016; GFDRR, 

2016; Tran Ngoc et al.,2016). However, recent evidence shows that yearly floods (including the pluvial 

floods and river floods) caused by extreme rainfall continue to cause serious damage in these cities 

(https://floodlist.com/tag/cambodia). For example, at least 1251 households in PPC were affected by 
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the flood events in October 2020 (HRF, 2020). The failure in preventing the flood risk is, to a certain 

extent, owing to the aforementioned deep uncertainty in the projected extreme rainfall and its 

associated floods. To efficiently and effectively reduce this flood risk, it is necessary to reduce the 

uncertainty as quantified in this chapter, especially the uncertainty from climate models. Although 

using high-accuracy convection-permitting models could help address this problem, it is 

computationally expensive, requires substantial expertise from researchers with different fields, and 

needs further validation before their application for future projections (Kendon et al., 2017; Berg et al., 

2019). 

 If uncertainty is difficult to reduce by the current technology, then one alternative adaptation 

strategy to accordingly incorporate the uncertainty can be envisaged. For example, adopting a flexible 

and adaptive flooding prevention strategy, based on an approach for decision making under deep 

uncertainty, is being increasingly applied (Marchau et al., 2019). This strategy characterizes the 

vulnerability (failing to meet the policymakers’ needs, e.g., minimizing the worst outcome of 

substantial importance) of candidate adaptation measures under multiple future scenarios (usually 

hundreds to thousands of future conditions, owing to the deep uncertainty), and identifying new 

options to reduce the vulnerability (Marchau et al., 2019). An example of this strategy for reducing the 

flood risk in HCMC, proposed by Rand Corporation and other partners (Lempert et al., 2013), 

involving various stakeholders is conceptually shown in Fig. 4.11. However, this strategy is qualitative 

and just for the illustration purpose, and therefore needs a quantitative assessment before a pragmatic 

application. The main idea is that some measures like groundwater replenishment can be implemented 

immediately to reduce the flood risk, while some effective but costly measures like elevating buildings 

and relocating residents in the flood-prone areas should be implemented only if needed. Specifically, 

when higher flood risk is quantified based on some observed evidence, these costly measures can be 

implemented to reduce the flood risk and minimize the investment simultaneously. Thus, this kind of 

dynamic strategy should be iteratively updated based on additional new information, e.g., more 

advanced climate models under the Shared Socioeconomic Pathways and feedbacks from the success 

rate of this strategy. To this end, our newly found results in HCMC (CTC and PPC) could provide a 

new perspective for updating (proposing) this strategy, which can be a subject of future research. 

However, the main challenge of this strategy remains that it requires great computing power and much 
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information on the demographic and socio-economic conditions of the target area (Lempert et al., 

2013). 

 

\ 

Fig. 4.11. A qualitative tradeoff plot of increase in the rainfall intensity, possible preventive 

measures, and various associated potential investments (adapted from Lempert et al., 2013). 

(Baseline: Master Plan adopted by JICA in 1999; Groundwater: groundwater replenishment & 

Baseline; Rainfall: rainfall capture & Baseline; Relocating: relocating residents in flood-prone areas 

& Baseline; Elevating: elevating some buildings in flood-prone areas & Baseline; All measures: 

Implementing all measures immediately & Baseline; Adaptive measures (e.g., elevating) 

implementing such measure when needed). 

 

4.5. Summary 

 In this chapter, by developing IDF curves, we quantified the impacts of different uncertainty 

sources associated with the choices of different RCMs, RCP scenarios (i.e., RCP 4.5 and 8.5), 

parameter estimation methods (i.e., MCMC, L-moment, and MLE), and with and without BC on the 

rainfall intensity change, followed by focusing on potential countermeasures to mitigate the 

multidimensional adverse impacts of global warming under the deep uncertainties. The main 

conclusions are listed as follows:  
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(1) A comparison between the RCMs with and without BC revealed that BC can efficiently remove 

the model bias in the historical and future periods. The changes of rainfall intensity with BC were 

consistent with the literature and the underlying physical mechanisms (i.e., more increase in higher 

return periods), supporting the application of BC before developing IDF curves. 

(2) RCMs accounted for the largest uncertainty in the rainfall intensity change, followed by the BC. 

RCP scenarios and parameter estimation methods provided the comparable and lowest uncertainty. 

Moreover, these uncertainties (signified by the variance) were by and large proportional to the 

increasing return period. 

(3) Due to the deep uncertainty, one may hold the opinion that decision-making should be delayed 

until sufficient knowledge (e.g., convection-permitting models) becomes available. However, deep 

uncertainty should not be the reason under the condition of increasing urban flood risk, and it is more 

reasonable to have a flexible and adaptive strategy that can evolve over time with regard to new 

information, e.g., feedback from the current strategy. For the future study, more high-accuracy climate 

models such as CPMs will be explored, and the physical reasons for these observed changes in the IDF 

curves should be focused on.  

5. Conclusion and future study 
 

5.1 Conclusion 

 This study investigated the global warming-induced extreme rainfall changes in Southeast Asia 

through the establishment of IDF curves, proposed specific adaptation strategies to reduce the potential 

risks associated with the changes, and further quantified the uncertainty in the development of IDF 

curves. 

 In chapter 2, we proposed a framework to develop the IDF curves in data-sufficient and -scarce 

cities by using a novel ANN model for temporal disaggregation, selected BC methods for spatial 

downscaling, and the scaling properties of extreme rainfall for interpolation. Rainfall intensity for rarer 

rainfall events is found to increase more in these cities. However, the large uncertainty arising from 

the climate models requires us to update the results by using more high-accuracy models. And 

homogeneity assumption needs further investigation in the next step. 

 In chapter 3, we developed the IDF curves in a data-scarce country-Cambodia mainly by using 
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reanalysis datasets and climate model datasets, and further quantified the warming–induced flood risks 

based on the IDF information as well as various socioeconomic factors. The detailed summaries are as 

follows. 

 1. A temporal disaggregation model (CANN), designed to simulate the heavy rainfall pattern based 

on a range of atmospheric variables, was proposed to reduce the uncertainty arising from stationarity 

assumption. 

 2. MSS from CANN combined with ZIGEV outperforms AMS coupled with GEV in reducing the 

uncertainty from biased disaggregated rainfall.  

 3. Flood risk change maps were developed based on a novel flood risk change index. 

 4. Southeastern and Northwestern Cambodia are prioritized for adaptation strategies. 

 In chapter 4, impacts of different uncertainty sources on updating the IDF curves were evaluated. 

Applying BC methods to remove the climate model bias is suggested although it can introduce some 

uncertainties. RCMs account for the largest uncertainty in the rainfall intensity change, followed by 

the BC. RCP scenarios and parameter estimation methods. Dynamic adaptation that can be iteratively 

updated based on new information is needed under deep uncertainty. 

 These Southeast Asian cities and countries are projected to face heavier rainfall events in the future, 

as revealed by the rainfall intently increase, requiring the governing agencies in our study area to 

update the infrastructure design. Our proposed methods (ANN, CANN, NQM) and approaches 

(ZIGEV&MMS, selected BC methods) can be easily validated and then applied in other southeast Asia 

countries (especially for the data-limit region like Cambodia) owing to the readily accessible global 

datasets (i.e., ERA5, CORDEX) and simplicity of these methods and approaches. 

 

5.2 Future study 

 Quantification of the climate change impacts on extreme rainfall and the associated risk needs 

reducing the uncertainty from the datasets and methods, listed as below. 

Uncertainty from datasets 

 More enhanced datasets are needed, including the climate model datasets from CMIP6, 

combination of different reanalysis datasets and satellite datasets. 

Stationarity assumption of data-driven models 
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 Physics needs considering in the data-driven architecture to reduce the stationarity assumption of 

the temporal disaggregation models. 

Multi-scale spatial downscaling 

 The relationship among different variables (precipitation & temperature) and different locations 

(study area & nearby regions) needs considering in the spatial downscaling. 
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