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ABSTRACT

Climate change has become one among the global concerns and is currently affecting the
resilience of aquatic ecosystem worldwide. Through the increase of greenhouse gas
emission and global mean temperature, climate change is able to alter the spatiotemporal
patterns of rainfall which poses a great impact on river flow and flood inundation. In the
Mekong River Basin (MRB), annual flooding, being an important hydrological
characteristic, drives the high productivity of the ecosystem and biodiversity in the Tonle
Sap Lake as well as the Mekong Delta. Therefore, changing the annual river flow and flood

inundation in the MRB seriously affects the biodiversity production and people’s daily lives.

This thesis aims to provide more understanding of the characteristics of flood inundation
and estimate the effects of climate change on flood inundation in the MRB by considering
various sources of climate outputs. The main focuses of this thesis are explained as the

following.

Firstly, prior to the study on climatic impacts, the validated long-term historical
precipitation in the MRB is importantly required, and the gauged observation is currently
not available enough for the climate change study in this thesis. Therefore, the performance
of five gridded precipitation datasets including APHRODITE, GPCC, PERSIANN-CDR,
GSMaP, and TRMM were evaluated with the available gauged rainfall (2000-2007). The
results showed that GPCC and TRMM performed satisfactorily in simulating river
discharge in the MRB. Since the GPCC dataset is available for longer periods (1982-2016),
it is used for reference precipitation and historical discharge simulation for climate change

study in the followings.

Secondly, the large ensemble climate dataset (d4PDF), which consists of 100 ensemble
members in the historical (1951-2010) and 90 members in the future (2051-2110)
projections, was used to calculate the frequency changes of extreme flood inundation in the

Lower Mekong Basin (LMB). Under 4 K increasing scenario, the results of extreme flood
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events showed an increase in peak discharge by 25%, 33%, and 40%; inundation extent by
19%, 29%, and 36%; and inundation volume by 23%, 34%, and 37% for 50-year, 100-year,

and 1000-year return periods, respectively.

In addition, the effects of climate change in the LMB were estimated from the present
climate (1979-2003) to future climate (2075-2099) using high- (MRI-AGCM3.2H) and
super-high-resolution (MRI-AGCM-3.2S) datasets. By applying with linear scaling bias
correction method, the results of climate change suggested that flood magnitude in the LMB
will be severer by the end of twenty-first century. The increment of precipitation of 6.6
14.2% was able to lead an increase of river flow exceeding 5% of time (Qs) 13-30%, annual
peak inundation extent 19-43%, and peak inundation volume 24-55% in the LMB for
ranging of four Representative Concentration Pathways (RCPs) and four sea surface
temperature (SST) scenarios.

Moreover, the performance of the new Coupled Model Intercomparison Project Phase 6
(CMIP6) for flood estimation was evaluated by comparing with the previous CMIP5.
According to the performance analysis based on Taylor diagrams, the results indicated an
improvement of 8 CMIP6 GCMs in terms of precipitation and flood simulation with higher
correlation and less error values than the same models in CMIP5. The projection of future
flood inundation in the MRB from 8 CMIP6 GCMs showed an increase of annual peak
discharge at Kratie between 10.1-17.9% and 9.9-28.9% for SSP2-4.5 and SSP5-8.5
scenarios, respectively during three projection periods in the near future (2026-2050), mid
future (2051-2075), and far future (2076-2100).

Last but not least, this thesis analyzed various sources of climate change outputs to assess
the possible impacts of climate change on flood inundation in the MRB. Generally, the
results from the large ensemble dataset (d4PDF), high- and super-high-resolution AGCM
(MRI-AGCM3.2H and MRI-AGCM3.2S), and the most recent CMIP6 GCMs were
consistent to reveal the significant increase of the severity and magnitude of future flood
inundation in the MRB under the effect of climate change. However, the extreme flood

events would vary their increasing magnitude depending on future projection scenarios. In
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order to reduce the forthcoming possibility of flood damages, it requires efficient long-term
water resources planning and management, flood adaptation and mitigation strategies,

flood prevention infrastructure, and effective flood early warning and forecasting systems.

vii



viii



CONTENTS

ACKNOWLEDGEMENT .....coiiiiiieiisie ettt ettt sb e e i
ABSTRACT Lt bbbttt bbb bbbt b bbb ne e v
CONTENTS Lttt bttt b bttt e sb e sbe e sbe e saeesab e s nbeebeenbeenteas iX
LIST OF TABLES ...ttt sttt sae e Xiii
LIST OF FIGURES ... oottt sttt sttt nene s XV
LIST OF ABBREVIATIONS ...ttt XXi
CHAPTER 1 General INtrodUCLION .........cccoiiiiiiiiiieiiieeiee e 1
IR =T Tod o | (00 g o USSR 1
1.2 ODJECHIVES ..ottt ettt ettt e e te et b e e r e te e nreenes 4
1.3 OULHNE OF TRESIS ...ttt 4
CHAPTER 2 Study Area and Flood Inundation Modeling............ccccceevveviiiiiieicincce e, 9
2.1 TNE STUAY ATA......cuiieieiieiee ettt e e 9
2.1.1 The MeKkong RIVEr BaSiN.........ccoiiiiiiiieieieese e 9
2.1.2The Tonle SAP LaKe........cooiiiiiiiieieeeee s 12
2.1.3 Flood Situation in the MeKong REGION...........cciiiiiiiinieiceeesee e 14
2.1.4 Climate of the MeKong BaSin...........cccceviiiiiiiiiiie e 18

2.2 Rainfall-Runoff-Inundation Model.............ccocooiiiiiiiiicccc e 22
2.2.1 MOl OVEIVIEBW ... 22
2.2.2 MOEl SETUCTUIE ... 25
2.2.3 MOdeling PrOCEAUIE ......ccuiiieeiieee ettt e 28

2.3 SUMIMAIY ettt ettt b ekt s bt b et s bt e se ekt s be e b e sb e e b e sbeebe e b nne s 30

CHAPTER 3: Comparison of gridded precipitation datasets for rainfall-runoff and

inundation modeling in the Mekong RIVEr BaSin..........ccccooiiiiniiiieiecsesc e 39
iX



G0 A [ (Yo [0 Tex {0 o TR 39

3.2 MELNOUOIOFY ...t 40
3.2.1 Rainfall-Runoff-Inundation Model.............cccccoiiiiiniiiie e 40
3.2.2 Precipitation DataSelS ........ccciveiieiiiieieiie et st 41
3.2.3 Evaluation Approach of Gridded Precipitation Datasets...........cc.ccccevvvivveruenne. 43

3.3 ReSUIt aNd DISCUSSION. ......c.eviiiieiiireiisiiistei et 44
3.3.1 RRI Model Calibration and Validation ..............ccccoveriiniiinniinciieicenee 44
3.3.2 Performances of Gridded Precipitation Datasets...........ccccoerveivrirerencnienienens 49

34 SUMMAIY ettt et bt e s bbb sb e ne e b e st e rear e e resneeneennenne s 52

CHAPTER 4 Projection of extreme flood inundation in the Mekong River Basin under 4 K

increasing scenario using large ensemble climate data ............ccocoevereiiiniininiscseeee 59
A1 INEFOTUUCTION .ottt 59
4.2 MELNOAOIOGY ...ttt 61

4.2.1 Flood Inundation MOEIING .......c.ccieiieiiiiiiie e 61
4.2.2 Model Performance INICES. .........ccoeiiiiriiiiiieiseseee e 62
4.2.3 UAPDF DALASEL.......ccueiiiiieiiiieiii ettt 63
4.2.4 The Generalized Extreme Value (GEV) Distribution ...........cccccoeviviiviicinene. 63
4.2.5 SEAtiStICAl TESTING ...evvevieiiiiieiirie st 64
4.2.6 ANAIYSIS PrOCEAUIE .......cviiiiiiiiiiete sttt 65
T (=11 ] | TSR 66
4.3.1 Long-term Model Validation.............ccooeiiiiiiiiiiecce e 66
4.3.2 Simulation Of d4PDF Dataset.........ccccviveiririiine e 72
4.3.3 Kolmogorov-Smirnov Test of TWo Samples.........ccocvveiiniivinciieiceee e 74
4.3.4 Projection of Future Extreme FIO0d ..........ccccovie i 75
4.4 DISCUSSION ...ttt ettt bt b e st et r e r e nn e n e enes 78



4.4.1 Impact of Ensemble Members on Uncertainties.............ccccovvvviiiniiisinncnnnns 78

4.4.2 Impact of Mainstream DamsS .........cccooeieiiiiiiiseree e 80
4.4.3 Implementation of Future Changes .........cccccovvieeie i cecsc e 82
A 4.4 LIMITALIONS. ....viviitiieieieeeeie ettt 83
4.5 SUMIMATY .oviiie ettt te e st e e sr e s e e st e e e et e e beesbeesbeeanteeneeenree e 83

CHAPTER 5: Assessing the Effects of Climate Change on Flood Inundation in the Lower

Mekong Basin Using High Resolution AGCM QUIPULS .......c.cccceeeeiieveeiieie e 89
5.1 INFOUUCTION ...t 89
5.2 Materials and MEtNOAS ........cooviiiiiiie e 91

5.2.1 Climate Change DataSelS...........ccrerrerieiieieisiiise s 91
5.2.2 RRI Model SIMUIALION ......ccviiiiiiiiicice e 92
5.2.3 Assessing Climate Change IMPactS...........ccvviirerineneneeeeesese e 95
5.3 RESUILS ..ttt et 96
5.3.1 Performance of the Long-Term Model Simulation ............c.ccooviiiviiiincnne. 96
5.3.2 Precipitation ChangeS.........cciiciiiieiieieite ettt sttt 98
5.3.3 Effects of Climate Change on River FIOW.........c.ccccooeviiiiiciicecc e 100
5.3.4 Effect of Climate Change on Flood Inundation.............cccceecevviviiiciecvienennns 102
5.4 DISCUSSION ...ttt ettt stttk b bbbttt b et n e 110
5.4.1 Benefits of High-resolution Data.............ccocuviiiiinineneieciee s 110
5.4.2 Implementation of Climate Change ImpactS..........ccccoovvviiiinininiineneen 112
5.4.3 LIMITALIONS......cvitiieieiieieise ettt 113
5.5 SUMMAIY ittt bt bbbt n e e 114

CHAPTER 6 Evaluation of Performance of CMIP5 and CMIP6 GCMs for Flood Projection
iN the Mekong RIVEN BASIN..........oiiiiiiiiie et s 119

L0 A g (o To 18 o1 {0 o TR 119



6.2 MELNOUOIOGY ...t 121

6.2.1 FIOOd MOUEIING ..o 121
6.2.2 Climate Change Datasel ..........cccviveieieiiieiiii et 122
6.2.3 Performance ASSESSMENT. ..ot 124

B.3 RESUITS ...t 125
6.3.1 Performance of Precipitation ...........cccccevvveiiiiiiie i 125
6.3.2 Performance of Discharge Simulation...........cccccooviiiiiieiccc s, 130
6.3.2 Projection of FUtUre FIOOAS ..........cccooeieiiiiiiiiiicseeees e 133

6.4 DISCUSSION ...tttk b ettt bbb 136
5.5 SUMMAIY ..ottt ne e nenre e 137
CHAPTER 7 Concluding Remarks and Future Perspectives............ccocuvvrvrerenenennenn 145
7.1 Summary and CONCIUSION.........c.oiiiieiiiece e s re e 145
7.2 Limitations and FULUIe WOTK ..o 149
Appendix A: List 0f PUDLICAtIONS .......cc.ciiiiiiiiiccce et 151
Appendix B: Shuffled Complex Evolution Algorithm............ccccoiiiiiiiiiiic e 155

xii



LIST OF TABLES

Table 2.1 The distribution of catchment size and flow of the MRB in each country. ...... 12
Table 2.2 Seasonal climate in the Mekong RIVEr Basin. ..........cccooeveieininiininenenenieas 18
Table 3.1 Description of the gridded precipitation datasets used in this study................. 42
Table 3.2 Model performance of the river discharge evaluation at the gauging stations
during calibration (2000-2003) and validation (2004—2007) periods. ...........ccoceeervervenen. 45
Table 3.3 Model performance of the flood inundation extent compared with the remote
SENSING UALASEL. ...ttt 47
Table 3.4 Performance indices for individual precipitation datasets. ..........c..cccoeeevvevenens 49
Table 3.5 Statistical performance indices of the average annual maximum flood extents of
the gridded precipitation datasets of 2000—2007...........ccceoveiieriiiieriesiesiee e 51
Table 4.1 The values of parameter setting of the RRI model used in the study. .............. 62

Table 4.2 The Peak Discharge Ratio (PDR) values of simulation over observed discharge.

Table 4.3 The statistical indices of model performance of flood extent: TR and HR. .....69
Table 4.4 K-S statistics evaluation of the null hypothesis test of peak discharge at Kratie
(v'is acceptance of the null hypothesis, and x is rejection of the null hypothesis). .......... 74
Table 4.5 Changes of extreme flood events in the LMB from present to future. The bold
italic number is relative change ValUES. ... 78
Table 5.1 The values of parameter setting of the RRI model used in the study. .............. 94
Table 5.2 Changes (%) of annual mean discharge (Qm) and flow exceeded 5% of the time
(Qs) for RCP and SST scenarios compared to the present climate. The values for SST
scenarios show mean (p) + standard deviation (6).......cc.cuerirererieieeiesienese e 101
Table 5.3 The ratio (F) of mean (u) and variance (o?) of inundation area and volume for
future climates comparing their present climate.............cooeviiiiii e 103
Table 6.1 Description of CMIP5 and CMIP6 models............cccoooeiviiiiiiiiieneieee 123
Table 6.2 Comparison of correlation coefficient (R), root mean square difference (RMSD),
and standard deviation (STD) between grid by grid and basin average precipitation from
CMIP5 and CMIPE GCMS. .....veuieieieieieie ettt sttt seene s 126

Xiii



Table 6.3 Comparison of monthly precipitation from CMIP5 and CMIP6 GCMs based on
each zone: Zone | (upper basin), Zone Il (middle basin), and Zone Il (lower basin) of the
IMIRB. .ottt b ettt R ettt Rt n et neann 129
Table 7.1 Summary of change of flood inundation in the LMB under different future

(o FTaaF e o] (o] T (o] PSS 148

Xiv



LIST OF FIGURES

Figure 1.1 Global average surface temperature change from 2006 to 2100 from the multi-
model simulation in CMIP5 relative to 19862005 (IPCC, 2014). ......c.ccceovvvvrvrinerernenne. 2
Figure 1.2 Change in average surface temperature (a) and change in average precipitation
(b) based on multi-model mean projection for 20812100 relative to 1986-2005 under the

RCP2.6 (left) and RCP8.5 (right) scenarios (IPCC, 2014)........c.cccoereieieienieniinineneseeenes 3
Figure 1.3 Roadmap Of thiS theSIS. .........ccuiiiiiiiiieeee s 5
Figure 2.1 The location of the Mekong RiVer Basin. ...........ccoovviiieniiiininie e 10
Figure 2.2 Longitudinal river profile of the Mekong River from the headwaters to the river
110011 o OSSPSR PP 11
Figure 2.3 Location of the Tonle Sap Lake in the Lower Mekong Basin of Cambodia (Uk
BL AL, 2018). ottt sttt ettt eene s 13
Figure 2.4 Flood economic damages of the greater Mekong sub-region. The data was
retrieved from EM-DAT datahase. .........ccuoviiririerieieieisesise e 14
Figure 2.5 Flood event number in the greater Mekong sub-region. The data was retrieved
from EM-DAT dataDaSse. ......coveieiiiiiiisie e 15

Figure 2.6 Scatter plots of the distribution of annual maximum flood discharge and the
volume of the annual flood hydrograph at Kratie between 1924 and 2006. The darker boxes
indicate one and two standard deviations for each variable above and below their respective
MEANS (MRC, 2007). ...oueiiiitiiteieieiee sttt e b e 15
Figure 2.7 The statistical distribution of the annual flood peak and volume at Kratie. The
points located outside the 1% line correspond to a recurrence interval in excess of 1:100
year; the points located outside the 2% line have a recurrence interval greater than 50 years,
and S0 fOrth (MRC, 2007). ...c.veiiieieieiesee et 16
Figure 2.8 Hydrograph separation for spatial zone from the upstream of the MRB for 2011

flood event. The color represents the spatial zone identities which are the sources of flow

at Kratie and the total Dasin. ..o 17
Figure 2.9 Annual precipitation from APHRODITE dataset. .........ccccceoeviiiieniieinnnnnn 19
Figure 2.10 Average temperature from APHRODITE dataset...........ccccceoevrivenineiennenne. 20

XV



Figure 2.11 Annual evapotranspiration (ET) from JRA-55 dataset...........cc.cccevrvverernnnne. 21

Figure 2.12 Schematic diagram of the RRI model (Sayama et al., 2015a)....................... 23
Figure 2.13 Graphical representation of (a) surface and subsurface flow for hill slope
region and (b) Green-Ampt infiltration model for floodplain ..............cccooe i, 24
Figure 2.14 Integration of RRI model with SCE-UA Optimization.............c.ccceevevernnne. 28
Figure 2.15 Illustration of Shuffled complex evolution (SCE-UA) method (Duan et al.,
17 TSRS 29
Figure 3.1 Location of the Mekong River Basin (a) and the Lower Mekong Basin (b) (Try
BL AL, 2020). ..ttt et e r et nr e aenaerene e 41

Figure 3.2 Simulated (blue) and observed (red) discharge during the calibration and
validation periods at Luang Prabang (a), Pakse (b), Stung Treng (c), and Prek Kdam (d).
(Note: The positive value at Prek Kdam represents the flow from Phnom Penh to the Tonle
Sap Great Lake; the negative value indicates the reversed flow from the Tonle Sap lake to

PRNOM PENN). oot 46
Figure 3.3 Model simulation and MODIS flood observation of the annual maximum flood
extent from 2000 £0 2007. ....cc.oieieieieisiee e 48
Figure 3.4 Observed (red) and simulated discharge (blue) from individual precipitation
datasets At STUNQG TIENQ. ...ccuiiiiiiie ettt beete e be s be e e e beeaeesrestaenbesre s 50
Figure 3.5 Flow Duration Curve of the simulated discharge...........cccccocvviviiiieeceinee. 51
Figure 4.1 Flowchart of this StUAY. ........ccccoviiiiiiicicccce e 66

Figure 4.2 Comparison of daily observed and simulated discharge at Luang Prabang, Pakse,
AN KEALIE. ©.vveveteee ettt st et st e e s e re e b e e ne et e ntenbenne e ne e 67
Figure 4.3 Comparison of flood extent from simulation result (top) and MODIS flood
0DSErVation (DOEOM). ...c.viiiciii et re e e sre s 70
Figure 4.4 Relationship between annual peak discharge at Kratie (black dots and lines) and
peak inundation volume (red dots and lines) with precipitation extracted from different
0 [UT U0} TSR RTPRSSSN 71
Figure 4.5 Comparison of histogram and boxplot of annual maximum 90-day precipitation
From GPCC and dAPDF . ..ottt te e st aenne s 72
Figure 4.6 Comparison of probability plot of annual peak discharge at Kratie................ 73

XVi



Figure 4.7 Change of probability density of present and future experiments of 90-day
precipitation of A4PDF dataset. .........ccceiiiiieiiieee e 75
Figure 4.8 Comparison of fitting curves of discharge from annual maximum series (upper)
and 20-year block maxima (lower) for present (GEV HPB) and future (GEV HFB)
projections including their confidence interval (C1) 95%. .......ccccccevviiive v, 76
Figure 4.9 Comparison of extreme flood events (50-year, 100-year, and 1000-year return
period) for present and future climate eXperiments. .........ccocvevrerereieieie e 77
Figure 4.10 The boxplot of the deviation of ensemble number for 90-day precipitation (left)
and peak discharge at Kratie (right). The values represent the deviation from the mean of
observation. Samples of 2, 10, and 50 members were randomly selected from a total size
of 100 members. The central red lines represent mean Values. ............ccccovvvvrerenenenennnn. 79
Figure 4.11 Uncertainty boundary of flood extent for the lower tail, mean, and upper tail
for the total ensemble for present (left) and future projection (right) in the LMB. ........... 80
Figure 4.12 The simulation with and without dam at hydrological stations along the
MaiNStream OF the IMRB. .......coviiee e st see e 81
Figure 5.1 Monthly simulated and observed discharges at Luang Prabang, Pakse, and Stung
Treng for the period of 1982-2007. Model performance for river discharge was evaluated
by Nash-Sutcliffe efficiency (NSE), coefficient of determination (R?), and root mean
SQUATE EITOF (RIMSE). ...cviiiieiieciee ettt sttt r e s ta e srestaesbesre s 97
Figure 5.2 Comparison of raw and bias-corrected average daily precipitation and discharge
at Stung Treng for historical AGCMs (SPA_mO01 and HPA_mO01) with GPCC simulation.

Figure 5.3 Bias corrected monthly precipitation in the present and future climate
experiments of MRI-AGCM3.2H and MRI-AGCM3.2S models. The bottom and top of the
box show first and third quartiles, and the flat line inside the box is the median. The
whiskers represent the minimum and maximum ValUES. ...........ccccoovrerriniiniiniiiinesenens 99
Figure 5.4 Monthly flow for present climate (HPA) comparing with each projected future
climate RCP scenarios (HFA) and different sea surface temperature scenarios (SST)...102
Figure 5.5 25-year average of annual maximum inundation extent for the present and the

future Climate eXPEriMENTS. ......coiiiiiiieie e 104

XVii



Figure 5.6 Peak inundation time (upper row) and peak inundation volume (lower row) in
the LMB resulted from MRI-AGCM3.2H model (left column) and MRI-AGCM3.2S model
(right column). The boxplot explanation is the same as Figure 5.3. ........cccccceevvviiiernenee. 104
Figure 5.7 Spatial distribution of inundation probability (upper row), difference between
present and future RCP scenarios (middle row), and K-S test (lower row) for MRI-
AGCM3.2H MOGEL ..o et 106
Figure 5.8 Spatial distribution of inundation probability (upper row), difference between
present and future SST scenarios (middle row), and K-S test (lower row) for MRI-
AGCMB3.2S MOGEL ....viueviieiecee ettt re st ne e ars 107
Figure 5.9 Spatial distribution of inundation duration (upper row), difference between
present and future RCP scenarios (middle row), and K-S test (lower row) for MRI-
AGCMS3.2H MOUEL. ..ot 108
Figure 5.10 Spatial distribution of inundation duration (upper row), difference between
present and future SST scenarios (middle row), and K-S test (lower row) for MRI-

AGCMSB.2S MOUEL ....ocveiiiie e 109
Figure 5.11 Spatial distribution of annual precipitation of GPCC and four climate models
(MRI-AGCM-3.2S, MRI-AGCM3.2H, MRI-CGCM3, and MRI-ESM1). ...........cc...... 111

Figure 5.12 Violin plot and boxplot of monthly basin average precipitation of GPCC and
four AGCM and GCM models. The red circle and black dots represent mean and median.
The side of violin shows the density distribution of data samples. ...........ccccccevevvvernennenn, 112
Figure 6.1 Study area of the Mekong River Basin: a) digital elevation model (DEM) and
b) three zone for precipitation evaluation...........c.cccccceeieiiiicic e 125
Figure 6.2 Taylor diagram of average monthly precipitation for grid by grid distribution
from CMIP5 (left) and CMIP6 (Fight). ......c.coeiieiiiicc e 127
Figure 6.3 Taylor diagram of average monthly precipitation for basin average for CMIP5
(1eft) and CMIPB (FIGNL). .oveieiiiieieeiee e 127
Figure 6.4 Taylor diagram of average monthly precipitation for each zone (1, 11, and I11)
for CMIPS5 (left column) and CMIP6 (right column). ........ccccoeiiiiiiiiirceee 128
Figure 6.5 Comparison of observed and simulated monthly discharge at Kratie from
CMIP5 and CMIP6 GCMs. The central point represents mean, and its lower and upper bars

display mean + standard deviation from model ensembles. ..........cccoevevvviiiieiieiiere e 132

xviii



Figure 6.6 Comparison of annual peak discharge at Kratie between observation and
simulation from CMIP5 and CMIP6 GCMs. The central point represents mean, and its
lower and upper bars display mean plus and minus standard deviation...............c.......... 132
Figure 6.7 Annual maximum 90-day precipitation from baseline to projections in near
future, mid future, and far future for SSP2-4.5 and SSP5-8.5. The horizontal straight lines

represent mean in baseline period. The central bold lines are mean of model ensembles.
Figure 6.8 Annual peak discharge at Kratie from baseline to projections in near future, mid

future, and far future for SSP2-4.5 and SSP5-8.5. The horizontal straight lines represent
mean in baseline period. The central bold lines are mean of model ensembles............... 135

XiX



XX



LIST OF ABBREVIATIONS

2-D LIE
ACC

AGCM

AMS
APHRODITE

AR5
CDF
CMIP5
CMIP6
d4PDF
DEM
DIR
ECS
EM-DAT
ET
GCM
GEV
GFDL
GHG
GISS
GPCC
GSMaP
HR
IPSL
JICA
JMA-AGCM
IPCC

2-D Local Inertial Equation

Flow Accumulation

Atmospheric General Circulation Model

Annual Maximum Series

Asian Precipitation Highly-Resolved Observational Data
Integration Towards Evaluation

The fifth assessment report

Cumulative Distribution Function

Coupled Model Intercomparison Project Phase 5
Coupled Model Intercomparison Project Phase 6
database for Policy Decision making for Future climate change
Digital Elevation Model

Flow Direction

Equilibrium Climate Sensitivity

Emergency Events Database

Evapotranspiration

General Circulation Model

The Generalized Extreme Value

Geophysical Fluid Dynamics Laboratory
Greenhouse gas

The Goddard Institute for Space Studies

Global Precipitation Climatology Centre

Global Satellite Mapping of Precipitation

Hit Ratio

Institut Pierre Simon Laplace

Japan International Cooperation Agency
Japanese Meteorological Agency AGCM

Intergovernmental Panel on Climate Change

XXi


https://www.carbonbrief.org/explainer-how-scientists-estimate-climate-sensitivity

PERSIANN-
CDR

R2
RCP
RMSD
RMSE
RRI
SCE-UA
SSP

SST
STD
SWAT
TR
TRMM
T-SAS
VE

Japanese 55-year Reanalysis dataset
Kullback-Leibler test

The Kolmogorov-Smirnov test

Lower Mekong Basin
Multi-Error-Removed-Improved-Terrain
Moderate Resolution Imaging Spectroradiometer
Mekong River Basin

Mekong River Commission

National Aeronautics and Space Administration
Normalized Error

Nash-Sutcliffe Efficiency

Percent Bias

Probability Density Function

Peak Discharge Ratio

The Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks-Climate Data
Record

coefficient of determination

Representative Concentration Pathway

Root Mean Square Difference

Root Mean Square Error
Rainfall-Runoff-Inundation model

Shuffled Complex Evolution Method

Shared Socioeconomic Pathway

Sea Surface Temperature

Standard Deviation

Soil and Water Assessment Tool

True Ratio

Tropical Rainfall Measuring Mission
Time-Space Accounting Scheme

Relative Volume Error

XXii



CHAPTER 1 General Introduction

1.1 Background

Flooding is one of the major natural disasters which disturb the prosperity, safety, and
amenity of human settlements (Jha et al., 2012). Flood risk is defined as the synthesis of
hazardous phenomenon flooding and vulnerable system of loss which carries together with
natural, human, social, economic, and environmental aspects. Nowadays, the flood risk is
a damaging natural hazard in the world. The studies of flood phenomena and consequences
are useful for flood control, risk reduction, improvement of resilience, and flood
management. Moreover, flood forecasting and early warning are important to evacuate the
residents from the likely damage. The necessary states to understand the flood phenomenon
are the characteristics of hydrology, hydraulics, geography, the sensitivity of the assets, and

environmental economics.

Flood risk management is extremely complex, involving public and private interests,
confronting society, economy, politics, environment, religion, and nature. The economic
evaluation of flood damage plays an important role in decision making. Economic analyses
of flood risk are also crucial for budget determination and planning. Flood risk analysis is
an indispensable tool to support land-use policy, flood management projects, including

financial determination.

Complexity arises when it comes to selecting the comprehensive method and models in
implementing flood damage estimations because different approaches may have different
influence on estimation accuracy. Data availability is the main challenge that many
researchers are facing in real practice (Messner, 2007). It is requisite to understand the

impacts of data and methods used for flood damage evaluation.
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Figure 1.1 Global average surface temperature change from 2006 to 2100 from the multi-
model simulation in CMIP5 relative to 1986-2005 (IPCC, 2014).

Climate change has become a global issue that attracts worldwide attention. Climate change
is the major factor in changing precipitation and evapotranspiration (Wang et al., 2019),
affecting the variation of river flow and flood characteristics. The changes in
spatiotemporal patterns of precipitation would lead to altering the frequency and intensity
of flooding in the river basin. The impacts of climate change on flooding are complicated
which causes results in agricultural damages, people’s life losses, economic damages, and
other critical ecosystem vulnerabilities. Southeast Asia is one of the most vulnerable
regions to the impact of climate change. The impacts of climate change on flooding in the
Mekong River Basin (MRB), the mainland of Southeast Asia, would affect the food

production, domestic water supply, transportation, and culture (MRC, 2005).

According to the Fifth Assessment Report of the Intergovernmental Panel on Climate
Change (IPCC AR5), the evidence of observed climate change impacts is the strongest and
most comprehensive for the natural system. The changing of precipitation and the melting
of snow and ice are altering the global hydrological system. The increase of global mean
surface temperature by the end of the 21° century (2081-2100) relative to 19862005 is



likely between 0.3°C to 1.7°C under the RCP2.6 scenario and 2.6°C to 4.8°C under the
RCP8.5 scenario (Figure 1.1).

The changes in average surface temperature and average precipitation are not uniform in
each region around the globe (Figure 1.2). The extreme precipitation events over the wet
tropical regions will be likely more intense and frequent. The risk of climate-related impacts
will increase as well as the interaction of climate-related hazards with vulnerability and
exposure to human and natural systems (IPCC, 2014). Hence, it is crucial to evaluate the
risk assessment from the possible range of impacts from the low greenhouse gas emission
scenario (e.g. RCP2.6 in CMIP5 models) to the high emission scenario (e.g. RCP8.5). This
information could increase the awareness and ability for climate change adaptation and
possible risk reduction and mitigation.

RCP2.6 RCP8.5
(a) Change in average surface temperature (1986-2005 to 2081-2100)

Figure 1.2 Change in average surface temperature (a) and change in average precipitation
(b) based on multi-model mean projection for 2081-2100 relative to 19862005 under the
RCP2.6 (left) and RCP8.5 (right) scenarios (IPCC, 2014).
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1.2 Objectives

This thesis aims to provide the analysis on the determination of the impacts of climate
change on flood inundation in the MRB by considering various sources of climate outputs.
The detailed principle objectives are as the following.

o To evaluate the performance of satellite-based precipitation products for flood
inundation modeling in the MRB.

e To determine the effective duration of precipitation which is highly correlated to
peak flood inundation in the LMB.

e To examine the changes in effective duration from the present to the future
projection climate in the MRB.

e To address the changes in flood characteristics of extreme events from the present
to the future climate projections.

e To investigate the changes in flood characteristics from the present to the future
climate by considering various emission scenarios and sea surface temperature
scenarios.

e To evaluate the performance of the recent climate dataset CMIP6 by comparing to

the previous CMIPS5 for the projections of future flood inundation in the MRB.

1.3 Outline of Thesis

This thesis attempts to deal with multiple sources of climate datasets for climate change
assessment on flood inundation in the MRB. This thesis consists of seven chapters which
can be seen in Figure 1.3. Chapter 1 presents a general introduction, and Chapter 2 describes
the study site and rainfall-runoff-inundation modeling used in this study. Chapter 3 explains
the evaluation of the performance of satellite-based precipitation products for rainfall-
runoff and flood inundation modeling in the MRB where gauged observed availability is
quite limited. Chapter 4 focuses on the investigation of projection of future extreme flood
inundation events by using a large ensemble climate dataset. Chapter 5 shows assessing the
effects of climate change on flood inundation using high resolutions AGCM outputs by

considering various future projected scenarios. Then, Chapter 6 presents the performance
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evaluation of CMIP5 and CMIP6 climate projection GCMs for flood inundation in the
MRB.
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Figure 1.3 Roadmap of this thesis.

Chapter 1 presents the background of the study on flood inundation modeling, climate
change impacts, the principle objectives, and the key contents implemented in this thesis.

Chapter 2 describes the basic information and characteristics of the study area of the MRB,
including climate, situation of flood characteristics, and the rainfall-runoff-inundation (RRI)

model mainly used as a modeling tool in this dissertation.

Chapter 3 addresses the performance of satellite-based precipitation products (namely as
APHRODITE, GPCC, PERSIANN, GSMaP, and TRMM) for flood inundation modeling
in the MRB by comparing their performance with the available gauged observation period
(2000-2007). The best performing gridded precipitation (high accuracy and less error)
dataset is used for reference and long-term historical simulation of the RRI model in climate

change study in the following chapters.



Chapter 4 firstly defines the effective duration of precipitation prior to peak flood
inundation and assesses the changes of effective precipitation and extreme flood inundation
events (i.e. 50-year, 100-year, and 1000-year return periods) from the present to future
projections in the MRB. This study used a large ensemble climate dataset (d4PDF) which
consists of 6000-year (60-year: 1950-2010 x 100-ensemble) in the present and 5400-year
(60-year: 2050-2110 x 90-ensemble) in the future. The changes in peak river discharge,

inundation extent, and inundation volume from present to future climate were evaluated.

Chapter 5 provides the impact assessment of climate change from the present (1979-2003)
to the future (2075-2099) climate, considering four greenhouse gas emission scenarios
(RCP2.6, RCP4.5, RCP4.5, and RCP8.5) and four different sea surface temperature
patterns (SSTs). The changes in annual precipitation, Qs (high flow exceeding 5% of the
time), peak inundation area, and peak inundation volume were figured out from present to

future.

Chapter 6 shows the performance evaluation of the most recent climate dataset CMIP6
from the Intergovernmental Panel on Climate Change (IPCC) by comparing with CMIP5.
The temporal and spatial distribution of 8 general circulation models (GCMs) from the

same institution in CMIP5 and CMIP6 were evaluated.

Finally, Chapter 7 summarizes the thesis with concluding remarks, research limitations,

and further perspective of this dissertation.
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CHAPTER 2 Study Area and Flood Inundation
Modeling

2.1 The Study Area

2.1.1 The Mekong River Basin

The Mekong River is one of the largest river basins in the world. Its drainage area, 795,000
km2, lies in China, Myanmar, Lao PDR, Thailand, Cambodia, and Vietnam (Figure 2.1;
Table 2.1). Annual flooding is an important hydrological characteristic of the MRB where
it drives the high productivity of ecosystems and biodiversity (Lamberts and Koponen,
2008), particularly the Tonle Sap floodplain and the Mekong Delta (Kummu et al., 2006).
The population is approximately 69 million (Varis et al., 2012). The mean annual discharge
of the basin was 14,500 m®/s (MRC, 2005). The annual hydrological regimes in the MRB
had a strong seasonal change. The MRB is located in the tropical monsoon climate with
two seasons: rainy season (May—October) and dry season (November—April) (MRC, 2005).
The flood season, accounting for 80-90% of annual flow, is exclusively essential for

maintaining the aquatic ecosystem in the basin (MRC, 2010).

The annual flood pulse drives benefits in the environmental, social, and economic sectors
in the LMB greater than any other river basins in the world. For example, flood deposited
the sediments, improving the natural soil fertilizers for agriculture across the LMB
floodplains. The flood can flush and transport the polluted water out of the basin. Moreover,
the river system supports many sectors including fisheries, navigation, and hydropower.
The annual flooding significantly contributes to recharging the groundwater table and
maintaining the river morphology. In the dry season, the floodwater, stored from flood

season, is used for agricultural irrigation.



Most areas in the LMB are prone to flooding (Try et al., 2019) with significant annual flood
economic damages of approximately US$ 60—70 million (MRC, 2011). Flood damage in
the Mekong region has increased dramatically from 1984 to 2017 (Try et al., 2018a), and

the frequency and severity of extreme flood events have also increased in the LMB (Oddo
etal., 2018).
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Figure 2.1 The location of the Mekong River Basin.
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The MRB is located in the various physiographic regions, including the Tibetan Plateau,
Three Rivers Area, Lacang Basin, Northern Highlands, Khorat Plateau, Tonle Sap Basin,
and the Mekong Delta. The geographical distribution of high elevated mountainous area in
the upstream of the MRB links to significant flood hazards in the LMB. Figure 2.2 shows
the whole basin profile of elevation and upstream drainage area along with the distance
from the headwaters to the river mouth in the Mekong Delta. The flow form the catchment
area 24% of the total size in the Lancang River (Upper Mekong River in China and
Myanmar) contributes to only 18% of the basin annual flow, of which Lao PDR, Thailand,
Cambodia, and Vietnam drains 35%, 18%, 18%, and 11% (Table 2.1), respectively.
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Figure 2.2 Longitudinal river profile of the Mekong River from the headwaters to the

river mouth.
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Table 2.1 The distribution of catchment size and flow of the MRB in each country.

o ) Myan- Lao Thai-  Cambo- Viet- Total
Description  China .
mar PDR land dia nam MRB
Area
165 24 202 184 155 65 795
(<1000 km?)
Catchment
3 25 23 20 8 100
as % of MRB
Flow as % of
16 2 35 18 18 11 100
MRB

2.1.2 The Tonle Sap Lake

The Tonle Sap Lake, the heart of the MRB, is the largest freshwater body in Southeast Asia
located in the flood plain of Cambodia (Figure 2.3). This lake supports the people living in
and around its floodplain (Kummu, 2009; Siev et al., 2018; Uk et al., 2018). The Tonle Sap
River connects Phnom Penh, the intersection of the Mekong’s mainstream, the Tonle Sap
River, and the Bassac River, to the Tonle Sap Lake. The Tonle Sap Lake in the LMB has a
unique hydrologic system of two-directional flows. In the dry season, the water flows from
the Tonle Sap Lake to the Mekong River, while the water level of the river is higher than
the water level in the lake causing the water flowing backward to the Tonle Sap Lake in the
rainy season. The surface area of the lake expands from 2,600km? in the dry season to
12,000km? in the wet season resulting in the inundation from the floodplain (Oeurng et al.,
2019).

The huge seasonal inundations during flood season are the predominant ecosystem driver
as an interaction between the main lake and the Mekong River. This natural phenomenon
maintains high productivity and biodiversity (Arias et al., 2013; Keskinen et al., 2013;
Sarkkula et al., 2003; Uk et al., 2018). The floodplain of the Tonle Sap Lake can be
categorized into five types: open water body, forest, seasonally flooded habitat, transitional
habitat, and rain-fed habitat (Arias et al., 2012). More than one million people who are
living on and around the Tonle Sap Lake are directly depending on its ecosystem services

(Kummu et al., 2008).
12
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Figure 2.3 Location of the Tonle Sap Lake in the Lower Mekong Basin of Cambodia (Uk
etal., 2018).

The Tonle Sap Lake and its floodplain are vulnerable to hydrological changes mainly due
to the development of water infrastructure (Arias et al., 2012; Baran et al., 2001; Johnstone
et al., 2013; Kite, 2001; Lamverts, 2008; Lamberts and Koponen, 2008; Uk et al., 2018),
climate change effect (Burnett et al., 2013; Chadwick et al., 2008; Hoang et al., 2016;
Johnstone et al., 2013; Keskinen et al., 2013), water quality degradation (Chea et al., 2016;
Sarkkula et al., 2003), and land use/land cover change (Senevirathne et al., 2010). The
natural resources and biodiversity are prone to be affected by altering the hydrological cycle
in the Tonle Sap Lake the Mekong river systems (Arias et al., 2012; Uk et al., 2018).
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2.1.3 Flood Situation in the Mekong Region

Flood has become one of the most widespread and frequent natural disasters causing losses
of people’s lives and properties (Yilmaz et al., 2010). There were 8,835 global disasters
from 1970 to 2012, accounting for 1.94 million deaths and US$ 2.4 trillion in economic
damages (WMO, 2014). In the Lower Mekong Basin, the average annual cost of floods is
between US$ 60 and 70 million (MRC, 2010). Figures 2.4 and 2.5 illustrate the flood
economic damage and the number of flood events in the Mekong sub-region (i.e. Cambodia,
China, Lao PDR, Myanmar, Thailand, and Vietnam). These figures were plotted based on
the EM-DAT database (http://www.emdat.be/database). Both flood economic damages and

the number of flood events significantly increased from 1984 to 2017. The increase of flood
economic damages might be due to the country’s economic development. Try et al. (2018a)
found a significant increase in satellite nightlight values, representing the economic
activities from 1992 to 2013 in the Mekong region. In addition, the escalation of extreme
flood events in the MRB might be mainly caused by climate change effects (Lauri et al.,
2012; Perera et al., 2017; Try et al., 2020a; 2020b; Vastila et al., 2010).

Flood economic damage
[Billion USS]
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Figure 2.4 Flood economic damages of the greater Mekong sub-region. The data was

retrieved from EM-DAT database.
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Figure 2.5 Flood event number in the greater Mekong sub-region. The data was retrieved
from EM-DAT database.
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Figure 2.6 Scatter plots of the distribution of annual maximum flood discharge and the

volume of the annual flood hydrograph at Kratie between 1924 and 2006. The darker

boxes indicate one and two standard deviations for each variable above and below their
respective means (MRC, 2007).
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The mean annual peak discharge and mean annual flood volume flowing through Kratie
station for 83 years (1924-2006) were 52,000 m?/s and 335 km?® with standard deviations
of 8,300 m*/s and 70 km? respectively. Figures 2.6 and 2.7 provide significant insight into
historical floods in the Mekong River. The 2000 flood covered the inundated area of 45,000
km? in the Tonle Sap floodplain and the Mekong Delta. This extreme flood event killed
more than 800 people (MRC, 2005) and caused economic damages of more than US$ 282
million (MRC, 2014). It was the most extreme flood event in terms of flood volume of
approximately 480 km?® at Kratie while its annual peak discharge was only marginally
above the average. The estimated recurrence interval of exceptionally high flood volume
of 2000 flood lay between 20 and 50 years in Figure 2.7.
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Figure 2.7 The statistical distribution of the annual flood peak and volume at Kratie. The
points located outside the 1% line correspond to a recurrence interval in excess of 1:100
year; the points located outside the 2% line have a recurrence interval greater than 50
years, and so forth (MRC, 2007).
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The application of a distributed rainfall-runoff-inundation (RRI, Sayama et al., 2015a;
2015b) model and a Time-Space Accounting Scheme (T-SAS, Sayama and McDonnel,
2009) is able to track and identify the source of flow from the spatial zone of the upstream
area. Their application to the MRB during a large historical flood event in 2011 indicated
that the Upper Mekong Basin from China and Myanmar (pink), northern Lao PDR (blue),
southern Lao PDR and eastern Thailand (green), and floodplain of the MRB in Cambodia
and Vietnam (red) contributed by 18%, 28%, 39%, and 15% to flow at Kratie; and 16%,
25%, 35%, and 24% to the total basin flow (Figure 2.8).
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Figure 2.8 Hydrograph separation for spatial zone from the upstream of the MRB for
2011 flood event. The color represents the spatial zone identities which are the sources of
flow at Kratie and the total basin.
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2.1.4 Climate of the Mekong Basin

The climate in the Mekong River Basin is dominantly covered by tropical monsoon with a
seasonal change between the rainy season (May — October) and dry season (November —
April) period (MRC, 2005). The south-west monsoon brings heavy rains and high humidity
from mid-May to early October, and drier and cooler air (lower temperature) is from north-
east from early November to March (Table 2.2). Tropical cyclones occur in most areas of
the basin in the wettest periods in August, September, and early October. In the Upper
Mekong Basin, there is a similar monsoon climate with the LMB in Yunnan province of
China, even though the topographic conditions are considerable variation. However, the
climate changes from tropical and subtropical monsoons in the southern Yunnan to
temperate monsoon in the headwaters at the elevation of approximately 4,500 above mean

sea level (m.a.s.l.) in the Tibetan Plateau.

Table 2.2 Seasonal climate in the Mekong River Basin.

Cool/Cold Hot/Dry Wet Cool/Cold

Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec

NE Monsoon Transition SW Monsoon NE Monsoon

Figure 2.9 shows the spatial distribution of average annual precipitation for the entire
Mekong region from Asian Precipitation Highly-Resolved Observational Data Integration
Towards Evaluation of Water Resources (APHRODITE) (Yasutomi et al., 2011; Yatagai
et al., 2012). In general, the annual precipitation in the LMB is much higher compared to
the Upper Mekong Basin (Lancang River) in Myanmar and China. The map clearly
indicates the high precipitation Lao PDR while the low precipitation was observed in the
Plateau in Thailand comparing to the other parts in the LMB. According to the gauged
observation, the annual basin average precipitation in the entire MRB is approximately
1,480 mm (Try et al., 2020c). In the Upper Mekong Basin, the precipitation is quite a little
amount comparing to the LMB. For instance, the annual precipitation at Degen in the
Tibetan Plateau is only around 600 mm. Snow is rare in the valleys of the Upper Mekong,
but it is more significant in the higher altitudes and the source of water in the dry season

and spring (April and May) for the flow in the mainstream of the Lancang River.
18
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Figure 2.9 Annual precipitation from APHRODITE dataset.
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Figure 2.10 Average temperature from APHRODITE dataset.

The seasonal range of mean temperature in the lowlands and river valleys of the LMB is
not relatively large. However, there are significant changes between the dry and rainy
seasons and from day to night (MRC, 2005). Mean summer temperatures from March to
October are similarly within the LMB from Phnom Penh in Cambodia (28 — 30°C) to Luang
Prabang (26 — 28°C) in Lao PDR and Chiang Rai (26 — 29°C) in Thailand (MRC, 2005).
Figure 2.10 shows the average distribution of temperature for the entire MRB from the

APHRODITE dataset (Yasutomi et al., 2011). At the high elevation area in the Upper Se
20



San in Vietnam with 2,500 m.a.s.l., the temperature is only 2 — 3°C lower than the lowlands.
Winter mean temperatures decrease to 26 — 27°C in Phnom Penh and 21 — 23°C in Chiang
Rai (MRC, 2005). The temperature is cooler in the Upper Basin in Yunnan, China. The
average temperatures at Jinhong station are lower than temperatures in Chiang Rain only 2
—3°Cinsummer and 5-6°C in winter. At the high elevation of 4,000 m.a.s.l. in the Plateau

of Tibet in Degen, the temperatures can reach below zero in winter and 13°C in summer.
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Figure 2.11 Annual evapotranspiration (ET) from JRA-55 dataset.
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The annual rates of evapotranspiration in the MRB vary with little variability from year to
year but high relative humidity. The Korat Plateau in north-east Thailand is one of the driest
in the region. For example, the observed mean annual rainfall at Khon Kaen is about 1,200
mm comparing to the annual rate of evapotranspiration of up to 1,900 mm (MRC, 2005).
Generally, within the LMB, the evapotranspiration rate does not reach below 1000 mm.
The evapotranspiration in the Upper Basin in Yunnan is much lower than the LMB due to
lower temperature and large variation of altitude and slope. Figure 2.11 displays the
distribution of evapotranspiration extracted from the Japanese 55-year Reanalysis (JRA-55)
dataset (Kobayashi et al., 2015).

2.2 Rainfall-Runoff-Inundation Model

2.2.1 Model Overview

This study used the Rainfall-Runoff-Inundation (RRI) model which is a 2D distributed
model capable of simulating rainfall-runoff and flood inundation simultaneously (Sayama
etal., 2012). The model has been applied in various basins to simulate large-scale flooding,
to conduct hazard mapping and real-time inundation prediction. It is also used to elucidate
flooding characteristics as well as to assess flood risk at a river basin scale (Bhagabati and
Kawasaki, 2017; Kuribayashi et al., 2016; Perera et al., 2017; Sayama et al., 2015a; 2015b;
Try el at., 2020a; 2020b; 2020c).

At the stream network cell level, the model assumes that both river channel and surrounding
slopes are located in the same grid. The model slope grid cells receive rainfall and flow
based on the 2D diffusive wave equations, while the in-channel flow is calculated with the
1D diffusive equations. The RRI model simulation deals with surface and subsurface flow
in the mountainous area and the Green-Ampt infiltration method in the floodplain
separately. The flow interaction between the river channel and the slope is computed at a
running time step interval based on different overflowing formulae, which depends on
water-level and levee-height conditions. The RRI model provides the output of river

discharge, river water level, inundation extent, and inundation depth at the same time. The
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model was integrated into the global optimization algorithm of the Shuffled Complex

Evolution (SCE-UA) tool (Duan et al., 1994) for calibration of its sensitive parameters.

Rainfall-Runoff-Inundation (RRI) model is a two-dimensional distributed model dealing
with slopes and river channels separately (Sayama et al., 2012; Sayama et al., 2015a;
2015b). The RRI model calculates flow on slopes and rivers based on 2D and 1D diffusive
wave equations which are able to consider reversed flow (Figure 2.12). At the river grid
cell, the model considers slope and river are located in the same grid cell. To represent the
rainfall-runoff-inundation processes, the RRI model simulates lateral subsurface flow,
vertical infiltration, and surface flow. The lateral surface flow is important for mountainous
regions accounting for saturated subsurface and surface flows (Figure 2.13.a). The vertical
infiltration flow is calculated by the Green-Ampt model (Figure 2.13.b). The flow
interaction between slope and river channel depends on differences in water level and

levee-height.

1D Diffusion
in River

Subsurface + Surface

2D Diffusion Vertical Infiltration
in Catchment

Figure 2.12 Schematic diagram of the RRI model (Sayama et al., 2015a).
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Figure 2.13 Graphical representation of (a) surface and subsurface flow for hill slope
region and (b) Green-Ampt infiltration model for floodplain

The RRI model has been widely used for different purposes in various study areas,
confirming its good performance and ability to simulate flood inundation. For instance, the
RRI model was used to study the characteristics of the 2011 flood (Sayama et al., 2015a)
and hydrologic sensitivity of rainfall-runoff and inundation (Sayama et al., 2015b) in the
Chao Phraya River Basin, Thailand. Try et al. (2018b) used the RRI model for reproducing
a historical large flood event in 2000 in the MRB, and Try et al. (2020a) evaluated the
performance of satellite-based precipitation products. Perera et al. (2017) and Try et al.
(2020b) used the RRI model to evaluate the effects of climate change in the LMB by
considering various Representative Concentration Pathways (RCPs) and sea surface
temperature (SST) scenarios. Moreover, Try et al. (2020c) used the RRI model for the
projection of extreme flood inundation events in the MRB. Additionally, the RRI model

has been successfully applied in other river basins, including Nyaungdon Area (Khaing et
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al., 2019) and Bogo River Basin (Bhagabati and Kawasaki, 2017) in Myanmar, Solo River
Basin (Kudo et al., 2016) and Batanghari River Basin (Yamamoto et al., 2020) in Indonesia,
Kabul River Basin in Afghanistan (Sayama et al., 2012), Kalu and Mundeni River Basins
in Sri Lanka (Rasmy et al., 2019), Kelantan River Basin in Malaysia (Chong et al., 2017),

and several other river basins in Japan (Sayama et al., 2019).

2.2.2 Model Structure

A storage cell-based inundation model is used to calculate lateral flow in grid cells (Hunter
et al., 2007). The governing equations of the RRI model are derived according to the
following mass balance equation (2.1) and momentum equation (2.2) and (2.3) for

gradually varied unsteady flow.

oh dq, O0q,
S T T A 2.1
atoaxtay T/ (21)
9] 0 0 0H
T Plx Ty _gp 2 I (2.2)
Jat d0x dy x  pw
9] 0 0 0H
My (T Ty __ 00 Ty (2.3)
Jt dx dy ay  pw

where h is the height of the water from the local surface, g, and q,, are the unit width
discharges in x and y directions, u and v are the flow velocities in x and y directions, r is
the rainfall intensity, H is the height of the water from the datum, p,, is the density of water,
g isthe gravitational acceleration, and 7,, and 7,, are the shear stresses in x and y directions.

The second terms of the right-hand side of equations (2.2) and (2.3) are calculated with

Manning’s equation:

T, gn®uvu? +v?2

= 7 (2.4)
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where n is Manning’s roughness parameter. According to the approximation of the
diffusion wave approach, inertia terms (the left side terms of equations (2.2) and (2.3)) are
neglected. On the other hand, by dividing x and y directions (i.e. u and v are neglected in
equations (2.2) and (2.3)), we obtain as the following:

1 0H o0H
— —__p5/3 ||—— _ 2.6
x nh |6x|5gn<6x) 26)
1 0H 0H
3y =1 |5 ] s (35) &7

where sgn is the signum function.

The RRI model spatially discretized mass balance equation (2.1) as follows:

ij-1 ij i=1j _ ij
dh*’ + qyx ~ Ay + qy qy

— ij _ fij (2.8)
dt Ax Ay r f

i,j

where g, and q;',‘j are x and y direction discharges from a grid cell at (i, ).

In this study, we considered the effect of unsaturated and saturated subsurface flow and

surface flow with single variable of h (Sayama and McDonnell, 2009).

n\B on
~kmdi (3-) 5 (h < dp)
a a
Gx = { —ka(h = d) 52 = kpnd oo, (dm <h<dy) (29

1 5 |1oH dH dH dH
L= 20— do)s |2 sen () = kalh = d) 2 ~ ndd 22, (da < )

26



/3 oH
dm ay

—k (h dm)_ - k d (dm <h< da) (210)

max

R Y e B

(h < dp)

where:
-k, isthe hydraulic conductivity of the lateral saturated soil layer
-k, is unsaturated hydraulic conductivity (k,, = k,/B)
- d,, isthe soil depth of unsaturated layer

- d, is the total soil depth of the effective porosity.

Infiltration loss can be calculated using the Green-Ampt infiltration model (Rawls et al.,
1992) as shown in the following equation:

@~ 605 ] (2.11)

=k,|1+
f v [ F
where k,, is the vertical saturated hydraulic conductivity, ¢ is the soil porosity, 6; is the
initial water content, S is the suction at the vertical wetting front, and F is the cumulative

infiltration depth.

The RRI model calculates stream flow at river grid cells with one-dimensional diffusive
wave. The river geometry is assumed to be rectangle, whose shapes are noted by width W

(m) and depth D (m) as the following equations:
W = CyASw (2.12)

D = CpASP (2.13)
where Cy,, Sy, Cp and Sp are river geometry parameters, and A is upstream contributing

area (km?).
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2.2.3 Modeling Procedure

The procedure of RRI modeling is shown in Figure 2.14. The required input datasets are
precipitation, topography (digital elevation model, flow direction, and flow accumulation),
land use, evapotranspiration (ET), and river geometry. The RRI model was integrated with
a global optimization called shuffled complex evolution developed at the University of
Arizona (SCE-UA, Duan et al., 1994) to calibrate the sensitive parameters. The SCE-UA
algorithm continues adjusting the values of parameters until obtaining the satisfactory
results by comparing with observed river discharge and satellite-based inundation extent.
After that, the calibrated RRI model will be used to simulate another period of flood
inundation performance by reserving the same parameter values. The RRI model provides

the outputs as river discharge, river water level, flood extents, and inundation depths.

[ River Geometry J

- Topography
- Ramfall

- Land Use
-ET

G
SCE-UA [ Adjust Parameters ]
¢ ~
(" \ No
Calibration
- Observed Discharge \ Yes -
- Observed Inundation p 3 N
Validation
. v
) !
River Discharge
' I _
Flood Extent
I
Inundation Depth

Figure 2.14 Integration of RRI model with SCE-UA Optimization.
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The SCE-UA optimization algorithm (Duan et al., 1992; 1993; 1994) is an effective and
efficient technique for calibration of a non-linear hydrological model. This computer-based
automatic algorithm has been widely used by numerous researchers (Gan and Biftu, 1996;
Lee et al., 2006; 2007; Kim et al., 2008; Lee and Kang, 2015; Try et al., 2018b; 2020a),
and it has been found to be a practical method influenced by the choice of parameters. The
concepts of this approach follow three of the following: (1) the combination of the simplex
procedure by applying a controlled random searching approach; (2) competitive evolution;
and (3) complex shuffling (Figure 2.15. This automatic calibration aims to search for the
proper values of the parameters of the RRI model by optimizing the value of the objective
function. More detail of the algorithm of SCE-UA is available in Appendix B.

a) Initial Population b) Independently Evolved Compl
(Start of the First Cycle) X (End of the First Cycle)

X X
¢) Shuffled Population d) Independently Evolved Comp
(Start of the Second Cycle) (End of the Second Cycle)

Figure 2.15 Illustration of Shuffled complex evolution (SCE-UA) method (Duan et al.,
1994).
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2.3 Summary

This chapter presented the study area of the Mekong River Basin, the focused area for this
thesis. The basic information of the hydrological system, flood characteristics, and climate
condition were introduced. On the other hand, the rainfall-runoff-inundation (RRI) model,
a two-dimensional diffusive wave model, was described in details of its governing equation
and simulation characteristics and. The RRI model was used as the main hydrological tool
and flood inundation modeling in this thesis by integrating with a global optimization
algorithm SCE-UA for the calibration of sensitive parameters. Chapter 3 used the RRI
model for comparison of the performance of gridded precipitation for flood inundation
modeling in the MRB. Chapter 4 employed the RRI model for the future projection of
extreme flood inundation in the MRB using a large ensemble climate dataset under 4 K
increasing scenario. Chapter 5 applied the RRI model with a high- and super-high-
resolution climate dataset to evaluate the effects of climate change under different sea
surface temperature (SST) and RCP scenarios. Finally, Chapter 6 utilized the RRI model
to compare the performance of the most recent CMIP6 models with the previous CMIP5

models.
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CHAPTER 3: Comparison of gridded
precipitation datasets for rainfall-runoff
and inundation modeling in the Mekong

River Basin

3.1 Introduction

Annual flooding is an important hydrological characteristic of the Mekong River Basin
(MRB), especially in the Lower Mekong River (LMB) in which flooding is a way of life.
On the one hand, prolonged floods challenge the survival and sustainability of the local
community, causing huge socio-economic damages. The annual average cost of the flood
damages in the LMB ranges between 60 and 70 million USD (MRC, 2011; Try et al.,
2018a). The flood in 2011 caused more than 430 million USD and the death toll reached
396 (MRC, 2015). On the other hand, flooding drives the high productivity of the
ecosystem and biodiversity in the downstream floodplains (Lu etal., 2014; Try et al., 2019).
It is critically essential to understand the characteristics of the hydrological regime in the

MRB for sustainable development and flood management.

Hydrological modeling is an effective approach to extrapolate and interpolate missing
information over time and space between observations for hydrological assessment (Hu et
al., 2019). Oeurng et al. (2019) studied the Tonle Sap sub-basin of MRB using the SWAT
model. Try et al. (2018b) applied the RRI model for a single flood event in the LMB.
Tanaka et al. (2018) investigated the flood characteristics in the Tonle Sap floodplain using
an integrated hydrological-hydraulic model. However, the study of the hydrological regime
over the whole MRB using a reliable model and related input is still lacking and needs to

be fully addressed.
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Precipitation is useful for understanding the mechanism of the hydrological system and is
the most necessary input data in hydrological and hydraulic modeling (Hu et al., 2017).
Therefore, accurate precipitation data is required for effective hydrological studies. The
available ground precipitation data at the country level in the MRB is limited (Ono et al.,
2013). Thus, it is necessary to evaluate the gridded rainfall products which are widely and
freely available. To date, the evaluation of gridded precipitation has been conducted in
several sub-basins of the MRB (Luo et al., 2019; Phoeurn and Ly, 2018; Thom et al., 2017).
However, the performance evaluation of gridded precipitation for flood-inundation
modeling in the whole MRB has not been reported yet.

Therefore, this study aims 1) to evaluate the performance of a rainfall-runoff-inundation
model in the whole MRB for river discharge and flood inundation prediction; 2) to assess
the performances of different gridded precipitation datasets in simulating the river
discharge in the whole MRB and flood inundation in the LMB.

3.2 Methodology

3.2.1 Rainfall-Runoff-lnundation Model

This study used the Rainfall-Runoff-Inundation (RRI) with a spatial resolution of 2.5 arc
minutes to understand the hydrological system for the whole MRB (Figure 3.1.a) and 1.5
arc minutes for the LMB (Figure 3.1.b) for more accurate inundation estimation. The time
series of the river discharge at Stung Treng station was used as the boundary condition
during the LMB simulation. The topography data including digital elevation model (DEM),
flow direction (DIR), and flow accumulation (ACC) were obtained from the Multi-Error-
Removed-Improved-Terrain (MERIT DEM) at the original resolution of 3 arc seconds
(approx. 90 m at the equator) (Yamazaki et al., 2017). A topographic data scale-up
algorithm in the RRI model was applied to transform the topography data to 1.5 and 2.5 arc
minutes for LMB and MRB respectively. The land use data were obtained from the MODIS
Land Cover Type Product (MCD12Q1) (Friedl et al., 2010). The surface evaporation was
from the Japanese 55-year Reanalysis dataset (JRA-55) with a spatial resolution of 0.5625°

and 3-hour temporal resolution (Kobayashi et al., 2015).
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Figure 3.1 Location of the Mekong River Basin (a) and the Lower Mekong Basin (b)
(Try et al., 2020).

3.2.2 Precipitation Datasets

This study used five gridded precipitation datasets including APHRODITE, GPCC,
PERSIANN-CDR, GSMaP-RNL, and TRMM-3B42V7. Those datasets were chosen as a
wide range of precipitation datasets at different spatial and temporal resolutions that should
be explored for an informative assessment. Brief information on the gridded rainfall
products used in this study is illustrated in Table 3.1. The basin average annual precipitation
recorded by the rain gauge is 1,488 mm/year, APHRODITE 1,349 mm/year, GPCC 1,588
mm/year, PERSIANN-CDR 1,720 mm/year, GSMaP-RNL 1,145 mm/year, and TRMM-
3B42V7 1,393 mm/year.
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Table 3.1 Description of the gridded precipitation datasets used in this study.

Spatial/temporal

Dataset Version esolution Period Source
APHRODITE V1801R1 0.25°/daily 1998-2015 Yatagai et al. (2012)
GPCC V.2018 (V2) 1°/daily 1982-2016  Ziese et al. (2018)
PERSIANN CDR 0.25°/daily 1983-present  Ashouri et al. (2015)
GSMaP RNL 0.1°/hourly 2000—present  Kubuta et al. (2007)
TRMM 3B42V7 0.25°/3-hourly 1998-present Huffman et al. (2007)

3.2.2.1 APHRODITE dataset

The APHRODITE rainfall product is created by collecting and analyzing data from the
gauged rainfall from 5,000-12,000 stations across Asia (Yasutomi et al., 2011). This
product was produced by a joint project from the Research Institute for Humanity and
Nature and Meteorological Research Institute covering 1951 to 2007 for Version V1101
and 1998-2015 for Version V1801R1. This study used APHRODITE Version V1801R1
with the daily temporal resolution and the spatial resolution of 0.25° (Yatagai et al., 2012).

3.2.4.2 GPCC dataset

The Global Precipitation Climatology Center (GPCC) Full Data Daily Version 2018 is
based on the gauged precipitation from 67,200 stations worldwide provided by national
meteorological and hydrological services, regional and global data collection organizations
such as the World Meteorological Organization (Ziese et al., 2018). This product contains
daily precipitation from 1982-2016 with the spatial resolution of 1° covering latitude: -90°
to 90° and longitude: -180° to 180°.

3.2.4.3 PERSIANN dataset
Precipitation Estimation from Remotely Sensed Information using Artificial Neural
Networks—Climate Data Record (PERSIANN-CDR) is developed by the Center for
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Hydrometeorology and Remote Sensing measures rainfall using infrared (IR) brightness
temperature data from geostationary satellites (Ashouri et al., 2015). The PERSIANN-CDR
dataset is daily and 0.25° in space covering 60°S to 60°N from 1983 to the present.

3.2.4.4 TRMM dataset

The Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis
(TMPA) is a product resulting from the combination of precipitation from multiple
satellites and rain gauges (Huffman et al., 2007). The data covers the latitude from 50°S to
50°N from 1998 to the present. TRMM 3B42 algorithm version 7 (TRMM-3B42V7) at fine
spatial and temporal scales (0.25°%0.25° and 3-hourly) were used in this study.

3.2.4.5 GSMaP dataset

The Global Satellite Mapping of Precipitation (GSMaP) is derived from Precipitation Radar
(PR), statistical classification, and scattering algorithms (Kubota et al., 2007). This study
used GSMaP reanalysis version (GSMaP-RNL) precipitation available hourly from 2000

to date with a fine resolution of 0.1° covering 60°S to 60°N.

3.2.3 Evaluation Approach of Gridded Precipitation Datasets

The present study focused on the period from 2000 to 2007, due to the existence of the
largest number of rainfall gauged stations and a few missing data during this period. The
RRI model was calibrated and validated using the gauged rainfall during 2000-2007 as the
gauged data from 2000 to 2007 used in this study showed good quality and density. Gauged
rainfall has been commonly used for hydrological model calibration (Luo et al., 2019).
Meanwhile, it is reported that model calibration using gridded data would produce
unrealistic parameters (Thom et al., 2017; Habib et al., 2010). The calibrated model was
used to simulate river flow and flood inundation using the gridded precipitation datasets.
To evaluate the performance of streamflow simulation, we used three indicators including
Nash-Sutcliffe model efficiency (NSE), coefficient of determination (R?), and relative

volume error (VE), as follows:
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where Qg (t) and Qs (t) are the simulated and observed discharges at time step t, and
Qs,m and Q,,s are the simulated and observed average discharges. To evaluate the
performance of inundation simulation, we used three indices including true ratio (TR), hit
ratio (HR), and normalized error (NE), as follows:

TR = ICobs nICsim

3.4
ICsim ( )
ICos NICyi1,
R= —5__oim (3.5)
IAobs
ICsim - ICobs
NE = —sim __—obs (3.6)
ICobs

where ICg;,,, and IC,,, are the number of inundated cells from the model simulation and
MODIS observation data.

3.3 Result and Discussion

3.3.1 RRI Model Calibration and Validation

3.3.1.1 River Discharge

The model calibration and validation were carried out using the gauged precipitation

between 2000-2003 and 20042007, respectively. The RRI model was calibrated using an
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automatic global optimization algorithm called the Shuffled Complex Evolution (SCE-UA)
at Stung Treng to evaluate the characteristics of the upstream area. Then, the daily discharge
at this station was extracted as the input for the boundary condition to simulate the flood
inundation performance at downstream of the Mekong River. The calibration was done
using gauged rainfall with 500 simulations by changing the values of fives parameters:
roughness coeficient for river (n_river), effective porosity (gamm_a), lateral saturated

hydaulic conductivity (k.), porosity for subsurface soil (gamma_m), and parameter for

unsaturated hydraulic conductivity (f3).

The comparison of the simulated and observed river discharges in Luang Prabang, Pakse,
Stung Treng, and Prek Kdam is shown in Figure 3.2. It was found that there is a good
agreement between the observation and simulation. The Stung Treng station provided the
highest statistical performance indices with NSE = 0.94, R? = 0.94, VE = 0.05 in the
calibration and NSE = 0.89, R?=0.92, VE = 0.09 in the validation (Table 3.2). The statistics
at Pakse were NSE = 0.90 and 0.89, R? = 0.94 and 0.91, VE = 0.14 and 0.09 during
calibration and validation, respectively. For the upstream located areas at Luang Prabang,
the evaluation indicators were NSE = 0.81, R? = 0.83 and -0.13 in the calibration and NSE
=0.77, R? = 0.78, VE = 0.06 in the validation. NSE and R? at Prek Kdam were 0.75 and
0.84 in the calibration and 0.69 and 0.77 in the validation. The coefficients of relative
volume error VE = -0.27 and -0.31 in Prek Kdam were calculated by the assumption of the

absolute value of inflow and outflow.

Table 3.2 Model performance of the river discharge evaluation at the gauging stations
during calibration (2000—-2003) and validation (2004—2007) periods.

Dataset NSE R? VE
Calibration 0.81 0.83 -0.13
Luang Prabang o
Validation 0.77 0.78 -0.06
Calibration 0.90 0.94 0.14
Pakse
Validation 0.89 0.91 0.09
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Figure 3.2 Simulated (blue) and observed (red) discharge during the calibration and

validation periods at Luang Prabang (a), Pakse (b), Stung Treng (c), and Prek Kdam (d).

(Note: The positive value at Prek Kdam represents the flow from Phnom Penh to the

Tonle Sap Great Lake; the negative value indicates the reversed flow from the Tonle Sap

lake to Phnom Penh).

3.3.1.2 Flood Inundation
For inundation estimation, the annual peak flood extent in the LMB during 2000-2007 was

compared with the MODIS flood observation dataset (Figure 3.3). This study selected the
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threshold value 0.5 m of water depth to distinguish between the flood and non-flood areas.
Previous studies (Perera et al., 2017; Sayama et al., 2015a; 2015b; Try et al., 2018b; 2020)
have chosen this threshold value since the water level is related to severe flood damage in
the floodplain where the agricultural area is dominant land use type (Okada et al., 2011).
According to the performance indices of the spatial inundation extent in Table 3.3, the RRI
model simulated the flood extent with a good agreement of 84% accuracy (i.e. the hit ratio
in 2000 was 0.84). On the other hand, the hit ratio in 2006 was 0.89 corresponding to the
accuracy of 89% of the simulated inundation area. The average values are TR = 0.68, HR
=0.81,and NE =0.23;and TR = 0.56, HR = 0.80, and NE = 0.43 during calibration (2000
2003) and validation (2004-2007) respectively. The flood inundation simulation in this
study was better than the previous study by Sayama et al. (2015a) in Chao Phraya River
Basin in terms of true ratio and hit ratio (i.e. their average values during 2005-2011 were
TR = 0.41 and HR = 0.30). However, the normalized error value in the Chao Phraya case
study was lower than that of this study (NE = -0.18).

Table 3.3 Model performance of the flood inundation extent compared with the remote
sensing dataset.
Year IC_obs IC_sim IC obsNIC sim TR HR NE

2000 5177 5011 4187 0.84 0.81 -0.03
2001 4731 5610 3973 0.71 0.84 0.19
Calibration
2002 3860 4697 3257 0.69 0.84 0.22
2003 2093 3280 1596 0.49 0.76 0.57
Avg. 0.68 0.81 0.23
2004 2597 3307 1972 0.60 0.76 0.27
2005 2204 2915 1590 0.55 0.72 0.32
Validation
2006 2955 4562 2627 0.58 0.89 0.54
2007 2526 3942 2125 0.54 0.84 0.56
Avg. 0.56 0.80 0.43
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3.3.2 Performances of Gridded Precipitation Datasets

After model calibration and validation, the same parameter setting was used to simulate
river discharge and flood inundation using the five gridded precipitation datasets during
2000-2007. Figure 3.4 illustrated the observed and simulated discharge from all the
precipitation datasets at Stung Treng. The performance indices include NSE from 0.42 to
0.92; R? from 0.73 to 0.93; and VE from -0.46 to 0.21 (Table 3.4). The results of the river
discharge indicated that APHRODITE, TRMM and GPCC datasets performed better with
NSE =0.81, 0.85, 0.84; R? = 0.90, 0.89, 0.88; and VE = -0.19, 0.12, 0.13 at Stung Treng
station followed by PERSIANN, and GSMaP. In addition, the extreme flow of the highest
5% of flow (Qs) from the flow duration curve was evaluated (Figure 3.5). The ratio of Qs
from the simulated discharges using the individual precipitation datasets were 1.00, 0.82,
1.09, 1.12, 0.53, 1.10 for rain-gauge, APHRODITE, GPCC, PERSIANN, GSMaP, and
TRMM respectively.

Table 3.4 Performance indices for individual precipitation datasets.

Dataset NSE R? VE
Rain gauge 0.92 0.93 0.07
APHRODITE 0.81 0.90 -0.19
GPCC 0.84 0.88 0.13
PERSIANN 0.80 0.88 0.21
GSMaP 0.42 0.73 -0.46
TRMM 0.85 0.89 0.12
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Figure 3.5 Flow Duration Curve of the simulated discharge.

The results of the average annual maximum flood extents in the simulation period (2000—
2007) indicated that APHRODITE performed at the highest true ratio TR = 0.69 while the
hit ratio indices of GPCC, PERSIANN, and TRMM were among the best (Table 3.5). The
error indicators of APHRODITE and GSMaP were NE = -0.06 and 0.20 respectively
followed by GPCC (NE = 0.58), TRMM (NE = 0.62), and PERSIANN (NE = 0.80).

Table 3.5 Statistical performance indices of the average annual maximum flood extents

of the gridded precipitation datasets of 2000-2007.

Index  Gauge APHRODITEGPCC PERSIANN GSMaP TRMM
TR 0.62 0.69 0.58 0.53 0.65 0.57
HR 0.81 0.62 0.86 0.91 0.69 0.86
NE 0.33 -0.06 0.58 0.80 0.20 0.62

GPCC and TRMM and APHRODITE were found to be suitable rainfall product to be used
in hydrological modeling in the MRB. The GSMaP product underestimated the amount of

51



rainfall while PERSIANN-CDR overestimated the rainfall in the MRB. This result agreed
with the previous study by Try et al. (2018b) which validated and used the APHRODITE
product for modeling a single flood event in the LMB. Guo et al. (2015) found out that
GSMaP and TRMM performed better while PERSIANN could not achieve good
correlation coefficients in the Central Asia region. Tan et al. (2015) mentioned that TRMM
(3B42V7) and APHRODITE performed the best over Malaysia while PERSIANN-CDR
had the worst performance. However, PERSIANN-CDR was found to underestimate the
rainfall over the Luanhe River Basin, China, and the bias-corrected version of TRMM
(3B42) had the smallest error and highest correlation coefficient compared with the real-
time version of TRMM (3B42RT) and PERSIANN-CDR.

Results from this study were in line with those of Thom et al. (2017), indicating that the
TRMM and APHRODITE datasets had good performances as input data to a hydrological
model in the Srepok River Catchment, a tributary of the MRB. However, the GPCC dataset
was not evaluated in the above study (Thom et al., 2017). Findings from the present study
showed that the high-resolution dataset did not always perform better in comparison with
the coarse resolution datasets. For instance, GPCC at the coarsest resolution (1°) performed
better than the other products while GSMaP (resolution 0.1°) did not perform well for a
large-scale basin such as the MRB. A similar conclusion was found by Vu et al. (2012)
where the GPCP rainfall product (i.e. resolution of 1°) was proved to be the second accurate

dataset in the Dak Bla river basin, Vietnam.

3.4 Summary

This chapter investigated the performance of the five gridded precipitation datasets for
rainfall-runoff modeling and flood inundation simulation in the MRB. The results indicated
that the RRI model performed well for prediction of river discharge and flood inundation
in the MRB. In addition, TRMM, GPCC, and APHRODITE had a better performance
compared to GSMaP and PERSIANN-CDR for rainfall-runoff and inundation modeling in
the whole MRB. GPCC and APHRODITE were found suitable for climate change studies

and hydrological extreme event analysis in this region since these datasets provide long-
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term availability. Additionally, the TRMM dataset is available with 3-hour and daily
temporal resolutions up to date, so it could be a useful data source for the flood event and
real-time flood modeling. This study provides useful guidance for applications of the
gridded precipitation for the hydrological modeling and assessing annual maximum

inundated extents.
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CHAPTER 4 Projection of extreme flood
iInundation in the Mekong River Basin
under 4 K increasing scenario using large

ensemble climate data

4.1 Introduction

Climate change has a profound impact on hydrological processes through changes in
precipitation and evaporation (Wang et al., 2019). It plays a significant role in altering river
flow, flood characteristics, and water availability, particularly their extreme values (Hu et
al., 2017). The changes in the frequency and intensity of future precipitation and flooding
influence adaptation strategies of social infrastructure development and water resources

management (Hu et al., 2019).

The impacts of climate change on flood risk are complicated and important for our society.
Even if climate change increases rainfall intensity, the flood risk and its frequency may not
always increase (Sharma et al., 2018). The possible impacts of climate change on the flow
regime in the MRB may be spread into the fields of food production, water supply,
transportation, and culture (MRC, 2005). Uk et al. (2018) suggested that it is necessary to
study the impacts of climate change in the Tonle Sap Lake as it interacts with the main

Mekong River.

Previous studies of climate change impacts on the MRB generally depended on individual
General Circulation Model (GCM) or mean of GCM ensembles. Kiem et al. (2008) used a
single output from the high-resolution Japanese Meteorological Agency Atmospheric
General Circulation Model (JMA-AGCM) to investigate variations of temperature and
precipitation in 2080-2099 in the MRB. Perera et al. (2017) used a combined method of
super-high-resolution AGCM output with a physical-based hydrological model to project
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future changes of flood inundation in the Lower Mekong Basin (LMB). Lauri et al. (2012)
selected five GCMs to assess the impacts of climate change on the hydrology of the MRB
in 2032-2040. Their results showed that climate change increased basin precipitation while

the range between GCMs was relatively large.

Typically, a GCM reproduces a single climate scenario or a few scenarios based on some
ensemble members. However, it would not be sufficient to predict quantiles for return
periods of 100 years or more (Tanaka et al., 2018). Simulation with large ensemble
members is necessary to reduce the uncertainty in the estimation of the probability of
extreme events. Duan et al. (2019) pointed out that increasing ensemble size could improve
the estimation of the mean and standard deviation values of regional precipitation events.

It is important to study the possibility of future changes in flood inundation characteristics
in the LMB under climate change impact. The peak flood in the large river basin is generally
related to the precipitation prior to the timing of flood peaks. For example, Sayama et al.
(2015) found that 6-month precipitation showed the highest correlation to peak inundation
in the Chao Phraya River Basin in Thailand. In the MRB, the information on the
contribution of antecedent precipitation to peak inundation is not available up to now. So
far, there has been no study focusing on the effective duration to evaluate the relative

changes in precipitation using large ensemble datasets under climate change in the MRB.

The goal of this study is to address the following questions. (1) What is the duration of
effective precipitation contributing to peak flood inundation in the LMB? (2) What is the
possible change in the effective precipitation under the future climate condition? (3) What
are the projected extreme floods in the future with respect to the peak discharge, the flood

extent, and the inundation volume in the LMB using a large ensemble climate dataset?
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4.2 Methodology

4.2.1 Flood Inundation Modeling

The river discharge and inundation were simulated using the rainfall-runoff-inundation
(RRI) model with a diffusive wave approximation (Sayama et al., 2012; 2015). The
topographic information was derived from the MERIT DEM (Yamazaki et al., 2017) by
scaling up from 3-arc second (~90 m) to 5-arc minute (~10 km) for the whole MRB
simulation and 60-arc second (~2 km) for the LMB. Try et al. (2020) suggested that the
Global Precipitation Climatology Centre (GPCC) product is suitable for long-term
hydrological modeling in the MRB. Therefore, GPCC precipitation was used for long-term
verification in this study. Surface evapotranspiration was obtained from the Japanese 55-
year Reanalysis dataset (JRA-55, Kobayashi et al., 2015), and land use was available from
MODIS (product: MCD12Q1, year: 2000, Friedl et al., 2010). The river cross-section
parameters, river width W (m) and depth D (m), were calculated from equations (4.1) and
(4.2) validated by Try et al. (2018) as a function of upstream area A (km?). Try et al. (2020)
have calibrated and validated the RRI model for 8 years (2000-2007) in the MRB. This
study used the validated RRI model for flood inundation simulation (1983-2010) to
confirm the capability of the model for long-term simulation. Table 4.1 shows the

parameter setting used for long-term simulation.

D = 0.0015 x A%7491 (4.1)

W = 0.0520 x A%75% 4.2)
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Table 4.1 The values of parameter setting of the RRI model used in the study.

Parameters Mountains Plains
Manning’s coefficient for slope n (m13s) 0.4 0.015
Soil depth d (m) 2.0 -
Lateral saturated hydraulic Ka (m/s) 0.1 -
conductivity
Parameter of unsaturated S - 9.0 -

hydraulic conductivity

Vertical hydraulic conductivity ky (cm/h) - 0.06
Soil porosity o - - 0.6
Wetting front soil suction head St - - 0.273
Manning’s coefficient for river Nriver (m13s) 0.03

4.2.2 Model Performance Indices
The statistical indicators of Nash-Sutcliffe Efficiency (NSE) and Peak Discharge Ratio

(PDR) were used for evaluating discharge simulation.

_ _ Z(Qsim(t)_Qobs(t))z
NSE - 1 Z(Qobs(t)_m)z (43)

PDR = Qpeak/Qpeak (4.4)

sim obs

where Q4 (t) and Q,p,(t) are the simulated and observed discharge at a daily time step t.
Qops is mean of observed discharge. Q¥ and Q22" are simulated and observed annual

peak discharge.

To evaluate the performance of modelled flood extent, the true ratio (TR) and hit ratio (HR)

were used:
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— ICobsMCsim

TR= e (4.5)
_ ICobs nICsim (4 6)
IAobs

where IC;,,, and IC,,, are the number of inundated cells from simulation and observation.
The observed inundation maps were available from NASA MODIS near-real-time global
flood mapping product (https://floodmap.modaps.eosdis.nasa.gov/) whose spatial and

temporal resolutions are 250 m and 3 days at global scale (Nigro et al., 2014).

4.2.3 d4PDF Dataset

This study used present and future climate variables (precipitation and evapotranspiration)
extracted from the d4PDF dataset. The d4PDF is a large number of ensemble climate
experiments available with 60 km resolution on the global scale (Mizuta et al., 2017). The
present climate simulation (1951-2010) has 100 ensemble members, and the future climate
simulation (2051-2110) has 90 ensemble members including six sea surface temperature
(SST) patterns and 15 members for each SST. The future climate was projected under the
global mean surface air temperature 4 K warmer than the pre-industrial climate,
corresponding to the representative concentration pathway 8.5 (RCP8.5) of CMIP5 models.
The d4PDF dataset considered SST patterns obtained from the six CMIP5 model outputs:
CCSM4, GFDL-CM3, HadGEM2-AO, MIROC5, MPI-ESM-MR, and MRI-CGCM3
denoted as CC, GF, HA, MI, MP, and MR, respectively.

4.2.4 The Generalized Extreme Value (GEV) Distribution

The GEV is a well-known three-parameter distribution for flood extreme fitting from a
generalization of three extreme value distributions: Fréchet, Weibull, and Gumbel. The
cumulative distribution function (CDF) and probability density function (PDF) of the GEV

with variable x are given by the following equations:
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F(x) = exp {— [1 + é(%)]_g} 4.7

gt P
fo=Z[1+eEH]| Cexp {— [1+eED)] é} (4.8)
where u, o, and & are the location, scale, and shape parameters, respectively.

4.2.5 Statistical Testing
The Kolmogorov-Smirnov (K-S) test is a non-parametric test to check the variation of the

CDF of two samples. The maximum difference between two CDFs ranges from 0 to 1
defined by:

Dym = sgp|Fn(x) — E, ()] (4.9

where F, and F,, are the empirical distribution functions of the two samples, and sup is
supremum function. The null hypothesis, Hy, assumes that the two samples have no
significant difference in CDF. When the likelihood of the different distribution of the two
samples exceeds a significance level, the null hypothesis is rejected. Two samples have
different distribution if

Dym > (@) S (4.10)

where n and m are the sample sizes. At the 5% significance level, c(«) is equal to 1.36.
The K-S test of two samples was used to test the variability of annual peak discharge from
SST patterns. Each SST pattern covered the period of 60 years with 15 ensemble members
(900 years for serial simulation); the rejection of the null hypothesis corresponded to K-S

statistics exceeding 0.0641.
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This study used the Kullback-Leibler (K-L) divergence to evaluate the difference of
probability distribution functions p; and p, for present and future precipitations of d4PDF

as shown in the following:

L .
D (p 172)= ) pailogy (22) (411)
i=1 2t
The probability of i-th value is from set of L elements.

4.2.6 Analysis Procedure

Figure 4.1 shows the flowchart of this study. First, the RRI model was validated from 1983
to 2010. The same parameter setting was used to simulate the present and future discharge
and flood inundation. Next, different intervals of precipitation (1-month to 6-month) were
calculated counting backward from the day of peak flood to determine the correlation of
effective precipitation and peak flood inundation. Their correlation coefficients were
determined in comparison to peak discharge and inundation volume. Then, the changes in
the most effective precipitation from the present to the future were evaluated. The validated
RRI model was used to simulate the whole period and ensemble members of the present
(60-year: 1951-2010 x 100-member) and future (60-year: 2051-2110 x 90-member)
climate experiments of d4PDF. The flood probability of the present simulation of d4PDF
was checked with observed discharge. The simulated peak discharges of the present and
future extreme flood events were investigated using GEV fitting. Moreover, the K-S test
of two samples was used to check and discuss the variability of different SSTs. Finally,
changes in extreme flood events (50-year, 100-year, and 1000-year return periods) were

investigated between the present and future climate experiments.
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Figure 4.1 Flowchart of this study.

4.3 Results

4.3.1 Long-term Model Validation

The RRI model was validated for 1983 to 2010. The simulation of discharge (Figure 4.2)
at the daily time step performed satisfactorily with NSE of 0.71, 0.86, and 0.88 at the
stations of Luang Prabang, Pakse, and Kratie, respectively. The coefficient of PDR varied

for each year and the station location (Table 4.2). At the Luang Prabang station, most of

the years showed an underestimation of model performance with the average PDR

0.67+0.13. The performances of the RRI model were more satisfactory with PDR
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0.96+£0.17 and 0.98+0.16 at Pakse and Kratie. This study mainly focuses on peak flood
inundation in the LMB in which the Kratie station is located; therefore, the RRI model is

suitable for further analysis in the next section.
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Figure 4.2 Comparison of daily observed and simulated discharge at Luang Prabang,

Pakse, and Kratie.



Table 4.2 The Peak Discharge Ratio (PDR) values of simulation over observed discharge.

year Luang Prabang Pakse Kratie
1983 0.64 0.75 0.87
1984 0.57 0.77 0.85
1985 0.65 0.78 0.81
1986 0.66 1.09 1.08
1987 0.82 0.81 0.91
1988 0.56 0.64 0.74
1989 0.69 0.73 0.81
1990 0.61 1.05 0.98
1991 0.50 0.78 0.97
1992 0.83 0.99 0.88
1993 0.72 1.12 1.14
1994 0.87 1.28 1.22
1995 0.61 1.12 0.98
1996 0.48 0.97 0.90
1997 0.51 0.78 0.77
1998 0.62 0.82 0.99
1999 0.59 1.04 0.88
2000 0.65 0.93 1.04
2001 0.58 1.00 1.08
2002 0.58 1.13 1.10
2003 0.75 1.13 1.17
2004 0.97 1.02 1.07
2005 0.67 0.92 1.16
2006 0.93 1.24 1.30
2007 0.88 1.02 1.08
2008 0.61 1.10 1.16
2009 0.54 0.72 0.63
2010 0.69 1.03 0.98
mean + STD 0.67+0.13 0.96+0.17 0.98+0.16
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To evaluate the performance of annual maximum inundation, the threshold of inundation
depth of 0.5 m was selected following previous studies (Sayama et al., 2012; 2015; Try et
al., 2018; 2020) to identify the flooded and non-flooded areas. The statistic indices of
observation and model prediction flood extent for 8 years (2000-2007) were calculated (see
Figure 4.3 for the comparison map of simulation and observation). The spatial performance
index TR ranged from 0.42 to 0.82 where average accuracy was 58% (avg. TR = 0.58). The
indicator HR varied from 0.76 to 0.94 (Table 4.3), and its mean value was 0.86. However,
there was a difference between simulated and satellite observed flood extent at the lowest
part of the Mekong delta where the simulation could not identify the inundated area. The
factors which reduced inundation accuracy would come from two main sources. First, the
satellite observation would not be able to detect flooded area at the mangrove forests on the
banks of the Tonle Sap Lake while the simulation might correctly identify the area under
inundation. Secondly, the simulation was not able to detect the inundated area in some low
parts of the Mekong delta where might be influenced by saltwater intrusion. This effect was
not considered in this study due to unavailability of observed information.

Table 4.3 The statistical indices of model performance of flood extent: TR and HR.

2000 2001 2002 2003 2004 2005 2006 2007 avg.

TR 0.82 0.74 0.65 0.42 0.58 0.46 0.49 0.47 0.58
HR 0.85 0.80 0.87 0.89 0.76 0.88 0.94 0.89 0.86

Figure 4.4 shows the relationship between precipitation amounts of different intervals
(horizontal axis) and peak discharge (left vertical axis) and peak inundation volume (right
vertical axis). The basin-averaged precipitation upstream of the Kratie station was
calculated and plotted with peak discharge while the whole basin-averaged precipitation
was plotted with peak inundation in the LMB. The results revealed that 3-month
precipitation (90 days) had the highest correlation (R?= 0.81) for both peak discharge and
inundation volume. Consequently, the 90-day precipitation was hereafter used for further

analysis of the projected future precipitation change.
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Figure 4.3 Comparison of flood extent from simulation result (top) and MODIS flood
observation (bottom).
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Figure 4.4 Relationship between annual peak discharge at Kratie (black dots and lines)
and peak inundation volume (red dots and lines) with precipitation extracted from
different durations.
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4.3.2 Simulation of d4PDF Dataset

Prior to simulation using the d4PDF dataset, the performance of 90-day precipitation was

compared with GPCC precipitation. Figure 4.5 shows the histogram and boxplot of

maximum 90-day precipitation from the two datasets. The present d4PDF mean (777 mm)

showed an underestimation of 15 mm compared to GPCC precipitation (792 mm). The
d4PDF precipitation ranges from 588 mm to 1053 mm while the GPCC product ranges

between 544 and 937 mm.
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Figure 4.5 Comparison of histogram and boxplot of annual maximum 90-day
precipitation from GPCC and d4PDF.
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Figure 4.6 Comparison of probability plot of annual peak discharge at Kratie.

Next, the validated RRI model simulated the present experiment of d4PDF (6000 years: 60
years x 100 ensembles). The annual peak discharge at Kratie in the LMB was selected for
flood frequency analysis. Then, the non-exceedance probability of discharge from d4PDF
was compared with the observed discharge which was available from 1934 to 2011 from

the Mekong River Commission. The non-exceedance probability in Figure 4.6 was
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determined by the empirical value. The red dots are observed discharge, the blue lines are
d4PDF ensemble members of all 60 years and the black dots represent all ensemble
members from the present experiment of d4PDF. The large observed flood events were
successfully reproduced by the d4PDF ensemble members. Overall, there was a good
agreement of flood magnitude between all ensemble members of d4PDF and gauged
observation for the large extreme events (e.g. large recurrence interval greater than 10 years)
while underestimation was seen in lower return period events (e.g. return period of 2 or 5
years). Since this study investigated large extreme events (return period of 50, 100, and
1000 years), the prediction of d4PDF ensemble was acceptable in this study.

4.3.3 Kolmogorov-Smirnov Test of Two Samples

To investigate the effect of different SST patterns in future climate experiments on the
probability distribution, annual peak discharge from each SST (each sample size: 900 years)
was carried out with the K-S test for all combinations of the six SST pattern distributions
(CC, GF, HA, MI, MP, and MR). At 5% significance level, the results of the K-S test of
annual peak discharge showed significant differences (rejection of null hypothesis) in 14
out of 15 cases (CC-GF, CC-HA, CC-MI, CC-MP, CC-MR, GF-HA, GF-MI, GF-MP, GF-
MR, HA-MI, HA-MP, HA-MR, MI-MP, MI-MR, and MP-MR) while null hypothesis of
only one case (CC-HA) was accepted (Table 4.4).

Table 4.4 K-S statistics evaluation of the null hypothesis test of peak discharge at Kratie
(v'is acceptance of the null hypothesis, and x is rejection of the null hypothesis).

SST GF HA Ml MP MR
CC x v x x x
GF - x x x x
HA - - x x x
MI - - - x x
MP - - - - X
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4.3.4 Projection of Future Extreme Flood

Since the annual 90-day precipitation had the best correlation with peak discharge and
inundation in the LMB, the changes of maximum 90-day precipitation between the present
and future climates were assessed. Figure 4.7 shows the shifted probability density of
annual maximum 90-day precipitation from present to future climates in the MRB. The
Kullback-Leibler divergence was tested to evaluate the shifted distance of probability
density from the present (p,) to future precipitation (p,) with Dk (p4 Il p2) = 0.01 bits. The
probability density of 90-day precipitation shifted from the present to future climate
experiments with changes of mean from 777 mm to 900 mm (ratio: 1.16) and standard
deviation from 57 mm to 96 mm (ratio: 1.67).
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Figure 4.7 Change of probability density of present and future experiments of 90-day
precipitation of d4PDF dataset.

This study investigated the magnitude of variation of 1:50, 1:100, and 1:1000 year flood
events from present to future. The fitting performance of annual maximum series (AMS)
and block maxima of annual peak discharge at Kratie in the LMB was compared. Dealing

with the 20-year block maxima approach, we can have 300 and 270 blocks for present and
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future climates. Figure 4.8 showed that 20-year block maxima had better performance
compared to the AMS fitted curve for the whole dataset simulation (6000 and 5400-year
for present and future). The fitted curve of the AMS curve showed an overestimation of
empirical values for future projection, particularly when the return period is greater than 50
years. The GEV fitted curve of block maxima showed a good simulation of d4PDF with a
greater variation for future projection. In general, there was a clear shift of flood magnitude
from the present to future climate projections. The fitted curve from the 20-year block

maxima was considered for the projection of extreme events in this study.
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Figure 4.8 Comparison of fitting curves of discharge from annual maximum series
(upper) and 20-year block maxima (lower) for present (GEV HPB) and future (GEV
HFB) projections including their confidence interval (CI) 95%.

76



The magnitude of flood inundation of 1:50, 1:100, and 1:1000 year flood events increased
from present to future climate experiments (Figure 4.9). The peak discharge at Kratie in the
present was 61,588 m?/s, 67,400 m®s, and 84,762 m3/s for 1:50, 1:100, and 1:1000 year
events; these values drastically rose to 77,103 m®/s (+25%), 89,331 m¥s (+33%), and
118,912 m¥/s (+40%) in the future (Table 4.5). Moreover, the magnitudes of the extreme
events in 50, 100, and 1000 years would increase by +19%, +29%, +36% for inundation

extent and +23%, +34%, +37% in terms of inundation volume in the future, respectively.
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Figure 4.9 Comparison of extreme flood events (50-year, 100-year, and 1000-year return

period) for present and future climate experiments.
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Table 4.5 Changes of extreme flood events in the LMB from present to future. The bold

italic number is relative change values.

Peak Discharge Peak Area Peak VVolume
Extreme Event
(m3/s) (km?) (km?3)
Present 61,588 31,636 114
1:50 Year Flood
Future 77,103 (+25%) 37,677 (+19%) 140 (+23%)
Present 67,400 33,938 124
1:100 Year Flood
Future 89,331 (+33%) 43,870 (+29%) 166 (+34%)
Present 84,762 40,812 156
1:1000 Year Flood
Future 118,912 (+40%) 55,438 (+36%) 214 (+37%)

4.4 Discussion

4.4.1 Impact of Ensemble Members on Uncertainties

Figure 4.10 shows the deviation of precipitation and peak discharge selected from random
ensemble members of the present d4PDF dataset comparing with the observations. The
increasing number of ensemble members (from 2 to 100 members) can improve both the
mean and tail of the distribution for both 90-day precipitation and peak discharge. The mean
of deviation (central red lines in Figure 4.10) improved from -29 mm and -2,443 m®/s (2
members) to -16 mm and -1,095 m3/s (100 members) for precipitation and discharge,
respectively. Overall, the deviation of 90-day precipitation over the MRB ranged from -
171 mm to +102 mm for 2 members, and it reduced to between -131 mm and +95 mm for
100 members. The peak discharge deviation at 2 ensemble members was between -20,593
m®/s and 16,108 m®/s while it changed to -16,593 — 12,807 m®s for 100 members.
Furthermore, the peak discharge changed its range from the present climate from 27,013 —
60,664 m®/s to 35,000 — 78,169 m¥s in the future. The uncertainty boundary of flood

inundation extent was assessed for the present and future experiments as shown in Figure
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4.11. The range between lower and upper tails of the inundated area shifted from 17,154 —

38,622 km? to 18,458 — 43,131 km? for present and future climates, respectively.
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Figure 4.10 The boxplot of the deviation of ensemble number for 90-day precipitation
(left) and peak discharge at Kratie (right). The values represent the deviation from the
mean of observation. Samples of 2, 10, and 50 members were randomly selected from a

total size of 200 members. The central red lines represent mean values.
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Figure 4.11 Uncertainty boundary of flood extent for the lower tail, mean, and upper tail

for the total ensemble for present (left) and future projection (right) in the LMB.

4.4.2 Impact of Mainstream Dams

During the study period (1983-2010), the construction of four dams along the mainstream
of the upper Mekong River in China (Binh et al., 2017) was completed (Manwan in 1993,
Dachaoshan in 2001, Jinhong in 2008, and Xiaowan in 2009), and two more dams operated
in 2012 (Gongguogiao and Nouzhadu). The Xayaburi dam in Lao PDR was operated in
2019 while other several dams were under construction. To check the impact of Chinese
cascade dams on hydrology in the MRB, the simulation period (2012-2016) was conducted
by considering six dams operated from 2012. Since there was no available information on
dam operation rules, the simulation assumed that the dams were operated to maximize
water storage in the reservoirs in flood season and minimize storage in the dry season.
Figure 4.12 indicated that these six dams had obvious impacts (i.e. PDR of simulation with
and without dams = 0.90) in Chiang Saen, the direct outlet from the Upper Mekong in
China. The impacts on peak flooding were gradually weakening at the lower hydrological
stations of the basin (PDR = 0.96, 0.99, and 0.99 at Vientiane, Pakse, and Kratie,
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respectively). Hence, we could conclude that the impacts of dams are limited by the
downstream distance, and the impacts could be neglected at Kratie during peak flooding in
the floodplain area of the MRB.
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Figure 4.12 The simulation with and without dam at hydrological stations along the

mainstream of the MRB.
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4.4.3 Implementation of Future Changes

This study investigated the changes in extreme flood inundation events between the present
and the future using a large ensemble dataset (d4PDF). The flood probability from all
ensemble members in the present d4PDF had a good agreement with observation in the
MRB. Similarly, Tanaka (2019) found a very strong relationship between 100-year return
level and ensemble mean of block maxima over six river basins in Japan. The application
of a large ensemble dataset was able to predict extreme flood events in spite of the absence
of bias correction of climate data in this study.

The K-S test showed a significant difference in future SST patterns (14 out of 15 SST
combination cases). Duan et al. (2019) also found that the boundary condition input of the
SST pattern was a major source of uncertainty in future precipitation projection in southern
China. The different patterns of SST play a critical role in extreme precipitation and flood
inundation. As a result, ensuring realistic SST patterns is essential when improving the

performance of atmospheric models for further climate projection.

The impacts and severity of climate change differ for each sub-basin of the MRB. Oeurng
et al. (2019) found that it is likely to decrease in extreme flows in both high and low flow
seasons in 11 sub-basins of the Tonle Sap Lake in the LMB. Shrestha et al. (2016)
investigated flow change in the Sekong, Sesan, and Srepok (3S), a large sub-basin of the
MRB, and revealed a huge growth from 54.1 to 78.9% for the RCP2.6 to RCP8.5 scenarios.
However, the studies of climate change effects on river flow for the whole MRB found a
similar increase with this study. For instance, Perera et al. (2017) identified an increase of
discharge volume at Kratie of 25% from the present (1979-2003) to future climate (2075—
2099) under the RCP8.5 scenario. In addition, Lauri et al. (2012) found increases of 13.4%
and 8.1% at Kratie in 2032 to 2049 under the A1B and B1 scenarios (comparable to RCP6.0
and RCP4.5, respectively).
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4.4.4 Limitations

The potential impacts of climate change on extreme flood inundation in the LMB were
conducted under a 4 K warming scenario (comparable to RCP8.5) for future climate
projection in the MRB. Other scenarios such as RCP2.6, RCP4.5, and RCP6.0 for future
projection were not taken into account in this study. It would require huge and expensive
calculation resources because the climate dataset (d4PDF) has large ensemble members (i.e.
90 ensemble members for only the +4K future scenario). This study used projected climate
data based on only one GCM (MRI-AGCM) by considering other six GCM in SST setting,
but the projection of future flood inundation is also dependent on different GCMs of which
direction and model structure may deviate from each other. Due to different of
evapotranspiration is quite small between each ensemble member in the climate projection;

therefore, this study assumed the same evapotranspiration for each ensemble member.

The simulation uncertainty in this study might be due to some important sources. First, land
use was assumed to be static during the simulation period for model verification (1983—
2010). Additionally, the influence of model structure and parameters was not investigated.
The observation data (e.g. gauged precipitation and river discharge) were insufficient to
permit comparison with the baseline simulation. Plus, the future simulation did not include
impacts of human activities, which could be addressed by land-use change and water
infrastructures such as hydropower dams and irrigation reservoirs in the basin. The
uncertainty of climate data in this study is probably due to the absence of bias correction of
the d4PDF dataset. Further research will consider bias correction before conducting the

simulation.

4.5 Summary

This chapter analyzed the changes in flood frequency under the impacts of climate change
using present and future 4 K increasing experiments of the d4PDF dataset. The extreme
flood events of the present climate experiment of d4PDF were confirmed by observed
discharge. Maximum 90-day precipitation prior to peak flood was found to have the highest

correlation with peak discharge and inundation in the LMB. The probability density of 90-
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day precipitation significantly shifted from present to future climates in the MRB. The
different patterns of SST are an important factor that significantly influences the changes
in future precipitation and flood inundation in the LMB. The projection of future climate
under 4 K rising experiments reveals a great increase in the severity of flood extreme events
in the LMB. To reduce the forthcoming flood damages, it requires an efficient method of
water resources planning and management, an effective flood warning and forecasting

system, and flood mitigation techniques.
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CHAPTER 5: Assessing the Effects of Climate
Change on Flood Inundation in the Lower
Mekong Basin Using High Resolution
AGCM Outputs

5.1 Introduction

The impacts of climate change became one among the global concerns threatening the
environment and natural resources. The fifth assessment report (AR5) of the
Intergovernmental Panel on Climate Change (IPCC) reported the increase of global average
temperature from 1.0°C in the lowest emission scenario to 3.7°C in the highest emission
scenario by 2100 (IPCC, 2014). Climate change has an impact on the hydrological system
by altering the hydrological cycle and precipitation patterns (Wang et al., 2013). The spatial
and temporal patterns of precipitation are the main factors affecting flow regimes and
climate conditions (Beyene et al., 2010; Wu et al., 2016). The variation of precipitation
patterns would disturb the water system in the entire catchment. In Southeast Asia, the
precipitation was projected to increase from 1% to 8% at the end of the 21% century (Oeurng
et al., 2019). The future hydrologic system will be severely affected by climate change in
the Mekong River Basin (MRB) (Lauri et al., 2012; Perera et al., 2017) and its sub-basins:
the Tonle Sap Lake (Oeurng et al., 2019) and the Sekong, Sesan, and Srepok Rivers
(Oeurng et al., 2016; Shrestha et al., 2016). The increment of river discharge is expected
during flood season, while severe droughts are plausible to happen in the dry season
(Oeurng et al., 2019). The seasonal inundation and water interchange between the Mekong
River and Tonle Sap Lake of Cambodia produce high productive biodiversity, agriculture,
and fisheries (Arias et al., 2013; Uk et al., 2018). The Mekong River supports about 70
million people from four countries (Cambodia, Laos PDR, Thailand, and Vietnam) in the

Lower Mekong Basin (LMB) where most of the areas are prone to flooding (Try et al.,
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2019). The ecosystem of the lake and its floodplain are prone to be affected by altering the
hydrological cycle in the Mekong River (Arias et al., 2012).

It is a challenge to predict the change of flow regime (Bates et al., 2008). The IPCC AR5
published climate change scenarios known as the Representative Concentration Pathways
(RCP) (IPCC, 2014). The RCP scenarios incorporate four emission scenarios of greenhouse
gas: a stringent mitigation scenario (RCP2.6), two intermediate scenarios (RCP4.5 and
RCP6.0), and one very high GHG emission scenario (RCP8.5). The future projections
given by IPCC reports were based on general circulation models (GCMs) outputs. GCMs
are generally capable to produce a coarse resolution that might consist of large uncertainty.
Overall, downscaling approaches were taken by statistical downscaling and dynamical
downscaling to produce the regional climate condition. The uncertainties of GCMs were
dominantly caused by coarse resolution (Li et al., 2012). To overcome this uncertainty, this
study used the outputs from two high-resolution atmospheric general circulation models
(AGCMs) namely as MRI-AGCM3.2S and MRI-AGCM3.2H with 20km and 60km spatial
resolution, respectively. The model performed a historical climate experiment using
observed sea surface temperature, and they showed the improvement in heavy monthly-
mean precipitation around the tropical pacific region confirmed by numerical skill score
(Mizuta et al., 2012).

A hydrological model is an effective tool that can simulate hydrological characteristics
under different scenarios. Various hydrological models were developed and applied to
investigate the hydrological processes in the MRB and its tributaries: Soil and Water
Assessment Tool (SWAT) model (Arnold et al., 1998), Vmod model (Koponen et al., 2010),
2-D Local Inertial Equation (2-D LIE) model (Tanaka et al., 2018), and Rainfall-Runoff-
Inundation (RRI) model (Sayama et al., 2012; 2015). Try et al. (2020) used the RRI model
for comparison of gridded precipitation products for flood inundation modeling in the MRB.
Perera et al. (2017) applied the same model to assess the climate change impacts on
hydrological analysis in the MRB using outputs from atmospheric general circulation

models (AGCM) based on RCP8.5 scenario considering different sea surface temperature
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(SST) boundary condition; however, their study did not consider different emission of

greenhouse gas scenarios.

To further the understanding of the hydrological study of climate change impacts in the
MRB, this study aims to predict the changes in extreme river discharge in the MRB and
aspects of flood inundation such as inundation area, inundation volume, peak inundation
duration and time, and inundation probability in the LMB by using present climate (1979—
2003) and future projected climate (2075-2099) from high- and super-high-resolution
AGCM models under different future projection scenarios.

5.2 Materials and Methods

5.2.1 Climate Change Datasets

The Meteorological Research Institute (MRI) developed a high-resolution (MRI-
AGCM3.2H, 60km) (Mizuta et al., 2012) and a super-high-resolution atmospheric climate
model (MRI-AGCM3.2S, 20km) (Kitoh and Endo, 2016; Mizuta et al., 2014) with hourly
temporal scale. The climate parameters (precipitation and evapotranspiration) were used as
input for the RRI model for two 25-year periods: present climate covering of 1979-2003
and the future climate (2075-2099). The MRI-AGCM3.2H model was projected from
present (HPA _m01) to future climate based on the degree of GHG emission ranking from
low emission (RCP2.6) to high emission (RCP8.5) namely as HFA_rcp26, HFA rcp45,
HFA rcp60, and HFA_rcp85, respectively. The MRI-AGCM3.2S model was simulated for
the present climate (1979-2003) using the observed boundary condition of SST
(SPA_m01). The different SST patterns for future projection under the RCP8.5 scenario
were characterized by using SST as output from 28 GCMs in Coupled Model Inter-
comparison Project Phase 5 (CMIP5) (Taylor et al., 2012). The future climate experiments
(2075-2099) were grouped with SST distributions into four clusters: 8-model average
(uniform warming in the northern and southern hemispheres), 14-model average (El Nino-
like pattern with a larger warming belt in the central equatorial Pacific), 6-model average
(larger warming in the northern hemisphere than in the southern hemisphere), and total 28-
model average labeled as SFA_rcp85_cl, SFA rcp85_c2, SFA rcp85_c3, and SFA_rcp85,
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respectively. GPCC was determined to be an accurate precipitation product in the MRB
region (Try et al., 2020). Therefore, this precipitation was used as a reference for bias
correction as the following linear scaling method:

PR

PB¢ = —agem X pm (5.1)

mon

where PgLs : average monthly GPCC precipitation, P;9°™: average monthly AGCM
precipitation, P,,7“™: hourly AGCM precipitation, and PA¢: hourly bias-corrected AGCM
precipitation. The correction factor calculated from the present climate was applied to

future climate experiments.

The different climate change scenarios would lead to generating different
evapotranspiration (ET) in the future. For example, when precipitation increases in the
future, and ET may also increase due to the increase in temperature increase. In this case,
the surface runoff might not change following only precipitation change. In order to
eliminate this uncertainty for future projection, the correction of future ET was calculated

by extracting ET from present and future climates of AGCMs as the following equation.
ETfut = ET]RA—SS + AETfut (52)

where ETy,,; is ET for each future scenario; ETjg4_ss is evapotranspiration from JRA-55
dataset; and AET,is the change of ET for each future scenario comparing to their present

climates.

5.2.2 RRI Model Simulation

The Rainfall-Runoff-Inundation (RRI) model was used to simulate runoff and flood

inundation for the MRB. The RRI model is a two-dimensional distributed hydrodynamic

model that is able to simulate rainfall-runoff and inundation processes simultaneously

(Sayama et al., 2012; 2015). The slope grid cells receive rainfall and flow based on 2D

diffusive wave equations, while the in-channel flow is calculated with 1D diffusive
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equations. Digital elevation model (DEM), flow direction (DIR), and flow accumulation
(ACC) were obtained from the Multi-Error-Removed-Improved-Terrain (MERIT DEM,
Yamazaki et al., 2017) and used as input to the RRI model. The river geometry was
available from the Mekong River Commission, and land use was from MODIS (product:
MCD12Q1) for 2000 (Friedl et al., 2010). The simulation setting was separated into two
parts. First, the model was set up with 2.5’ resolution (approx. 5 km) for the whole MRB
for assessing river discharge. Then, the model was set up with 1.5’ resolution (approx. 2.7
km) for the LMB for predicting more accurate flood inundation. Try et al. (2020) evaluated
the performance of five various gridded precipitation datasets for rainfall-runoff and
inundation modeling over the MRB. The result showed that the Global Precipitation
Climatology Centre (GPCC) product was suitable for long-term hydrological modeling in
the MRB comparing to other precipitation products: APHRODITE, TRMM-3B42V7,
PERSIANN-CDR, and GSMaP. Based on a retrospective experiment, this study conducted
a simulation of 25 years (1982—-2007) using GPCC precipitation for model verification. The
surface evapotranspiration was available from the Japanese 55-year Reanalysis dataset
(JRA-55) with 3-hourly and 0.5625° resolution (Kobayashi et al., 2015). The calibrated
RRI model and its parameter setting (Table 5.1) were retrieved from Try et al. (2020). The
performance of river discharge and flood inundation were compared between the
observation and simulation results. After verification of the hydrodynamic model, the same
parameter setting was used to simulate river discharge and flood inundation using the

climate change dataset.
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Table 5.1 The values of parameter setting of the RRI model used in the study.

Parameters Mountains Plains
Manning’s coefficient for 0 (m_1,3s) 0.4 0.015
slope
Soil depth d (m) 2.0 -
L I ted h li

atera §at.ura ed hydraulic ke (mis) 01 )
conductivity
Parameter of unsaturated 5 ] 9.0 ]
hydraulic conductivity '
Vertical hydraulic conductivity kv (cm/h) - 0.06
Soil porosity 17 - - 0.6
Wetting front soil suction head St - - 0.273
Manning’s coefficient for river  Nriver (m™73s) 0.03

To evaluate the performance of the model, we used statistical indicators: Nash-Sutcliffe
model efficiency (NSE), coefficient of determination (R?), and root mean square error
(RMSE):

_ _ Z(Qsim(t)_Qobs(t))z
NSE - 1 Z(Qobs(t)_m)z (53)

2 T((Qsim () =Qsim) (Qobs (£)—Qops))?
= e 4
R 2(Qsim () —Qsim)? X(Qobs(t)=Qops)? (5 )

n

where Qg (t) and Q,p,(t) are the simulated and observed discharge at time step t. Qqm,

and Q, s are the simulated and observed average discharge, and n is the number of data.

94



5.2.3 Assessing Climate Change Impacts

In addition to assessing the impacts of climate change on extreme river flow and flood
inundation in the MRB, the change of precipitation was also examined. The monthly
precipitation of the projected future climate was compared with that of the present climate
for the entire MRB. Next, the mean annual flow (Qm) and the high flow exceeded 5% of
the time (Qs) were calculated. Further, the changes of inundation area and volume, flood
probability, and inundation peak time and duration were also evaluated from the present
period (1979-2003) to the future period (2075-2099). Moreover, the statistical
Kolmogorov-Smirnov (K-S) test, a non-parametric test of two samples, was used to check
the variation of flood inundation between the present and future climates. The maximum

difference of the cumulative distribution function of the two samples is defined by:
Dn,m = Supan(x) - Fm(x)l (5,6)
X

where E, and F,, are the empirical distribution functions of the two samples, and sup is the
supremum function. The null hypothesis, H,, assumes that two samples have no significant
difference in CDF. When the likelihood of the different distribution of the two samples
exceeds a significance level, the null hypothesis is rejected. Two samples have different
distribution if

Dpm > c(a) 22 (5.7)

nm

where n and m are the sample sizes. At the significance level 5% used in this study, c(a)

is equal to 1.36.
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5.3 Results

5.3.1 Performance of the Long-Term Model Simulation

The RRI model simulated for 1982-2007, the model verification period, and the
performance indices of NSE, R?, and RMSE were calculated at three stations along the
mainstream of the MRB: Luang Prabang, Pakse, and Stung Treng. These three stations
were selected according to the availability of observed river discharge, and their locations
vary in the upper part of the LMB (i.e. Luang Prang is located near the outlet from the
Upper Mekong in China), middle part (Pakse), and downstream of the LMRB (Stung
Treng). Figure 5.1 showed the simulated and observed monthly discharge at the three
locations. In general, the hydrographs of observation and simulation had a similar pattern
for three stations; however, the model predicted underestimation in the low flow season in
Luang Prabang. The evaluation statistics were NSE = 0.79. R? = 0.85, and RMSE = 1,371
m®/s. At Pakse, the performance indices were NSE = 0.90, R? = 0.92, and RMSE = 3,433
m®/s. The prediction at Stung Treng was high performance (NSE = 0.91, R? = 0.92);
however, large flow at this location produced more error value (RMSE = 3,990 m?/s) than

other locations.

The performance of annual maximum flood inundation was determined using true ratio
(TR) and hit ratio (HR). The observed flood extent was obtained from the NASA MODIS
flood observation dataset (Nigro et al., 2014) for the period of 2000-2007. The threshold
of inundation depth of 0.5 m was selected following the previous studies (Sayama et al.,
2012; 2015; Try et al., 2018) to identify the flood and non-flood areas. The spatial
performance index TR ranged from 0.42 to 0.82 during 2000-2007 where the average
accuracy was 58% (avg. TR = 0.58). The HR indicator varied from 0.76 to 0.94, and its
mean accuracy was 86% (avg. HR = 0.86). The uncertainty in inundation accuracy was

discussed in Chapter 4 (Section 4.3.1. Long-term model validation).
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Figure 5.1 Monthly simulated and observed discharges at Luang Prabang, Pakse, and
Stung Treng for the period of 1982—2007. Model performance for river discharge was
evaluated by Nash-Sutcliffe efficiency (NSE), coefficient of determination (R?), and root

mean square error (RMSE).
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5.3.2 Precipitation Changes

The bias correction performance was checked by comparing the precipitation and simulated
discharge of historical AGCMs before and after bias correction. Figure 5.2 shows average
daily precipitation and simulated discharge comparing between GPCC and AGCMs before
and after bias correction. The raw precipitation and discharge had seasonal bias (i.e.
overestimation) at the beginning of the wet season. The performance of average daily
AGCM precipitation before and after bias correction was improved with R2 from 0.85 to
0.94 for SPA_mO1 and from 0.87 to 0.93 for HPA_mO1, respectively. Moreover, the
performance discharge was improved from R? = 0.89 and 0.96 to R? = 0.99 and 0.98 for
SPA_mo01 and HPA_mO01, respectively.
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Figure 5.2 Comparison of raw and bias-corrected average daily precipitation and
discharge at Stung Treng for historical AGCMs (SPA_m01 and HPA_m01) with GPCC

simulation.

Figure 5.3 showed the bias-corrected monthly precipitation from MRI-AGCM3.2H and
MRI-AGCM3.2S datasets in the present (1979-2003) and future (2075-2099) climates.
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The basin average precipitation was expected to increase for RCP and SST scenarios during

the rainy season (May—October). During the late rainy season in September, the

precipitation of future scenarios of HFA rcp45, HFA_60, and HFA_rcp85 significantly

raised up while less increase could be observed in HFA_rcp26. Three future SST patterns

(SFA _rcp85, SFA c2, and SFA c3) provided a higher increase of precipitation than

SFA _rcp85_cl in the rainy season compared to their present climate SPA_mO01. The annual

precipitation would increase by 6.6%, 8.0%, 9.5%, and 14.2% for four RCP scenarios
(RCP2.6-RCP8.5), and four SST pattern scenarios had less diversified increasing (9.9—

12.5%).
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Figure 5.3 Bias corrected monthly precipitation in the present and future climate
experiments of MRI-AGCM3.2H and MRI-AGCM3.2S models. The bottom and top of
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the box show first and third quartiles, and the flat line inside the box is the median. The

whiskers represent the minimum and maximum values.

5.3.3 Effects of Climate Change on River Flow

The future changes in river discharge were assessed by simulation of RRI model using
precipitation and evapotranspiration projected by MRI-AGCM3.2H and MRI-AGCM3.2S
models from present climate (1979-2003) to the future climate (2075-2099) for four
greenhouse gas emission scenarios (RCP2.6, RCP4.5, RCP6.0, and RCP8.5) and four SST
scenarios (Figure 5.4). The flow change was examined at four locations along the
mainstream of the MRB. Table 5.2 showed the mean annual discharge (Qm) and extreme
river flow exceeding 5% of the time (Qs). Overall, Qm and Qs increased for all future
scenarios. The Qm of the upstream stations (Chiang Saen and Vientiane) was predicted to
increase by 5-10% while the downstream stations (Pakse and Kratie) raised up a higher
increment of 10-15% for three climate change scenarios (RCP2.6, RCP4.5, and RCP6.0).
The Qm for all stations significantly escalated for RCP8.5 (23-26%) and SST scenarios
(10+3% — 29+3%). At the end of the 21% century, high flow (Qs) showed increases of 5
14% at Chiang Saen and Vientiane and 11-18% at Pakse and Kratie for the three low
emission scenarios (RCP2.6, RCP4.5, and RCP6.0). The Qs momentously stepped up to
21-30% for four observing stations for RCP8.5 while it ranged between 10+4% and 18+3%
for the SST scenario. The peak discharge took place in September (Figure 5.4), and this
remained the same for all future scenarios at Vientiane, Pakse, and Kratie except Chiang

Saen where the peak discharge from SST somehow happened earlier in August.

100



Table 5.2 Changes (%) of annual mean discharge (Qm) and flow exceeded 5% of the time
(Qs) for RCP and SST scenarios compared to the present climate. The values for SST

scenarios show mean (p) + standard deviation (o).

Station Scenario Qm Qs
RCP2.6 +6% +9%
RCP4.5 +9% +10%
Chiang Saen RCP6.0 +5% +14%
RCP8.5 +23% +27%
SST (ut0) +10+3% +10+4%
RCP2.6 +7% +5%
RCP4.5 +10% +8%
Vientiane RCP6.0 +7% +10%
RCP8.5 +23% +21%
SST (ut0) +11+2% +10+4%
RCP2.6 +10% +11%
RCP4.5 +13% +11%
Pakse RCP6.0 +13% +17%
RCP8.5 +26% +29%
SST (utao) +25+3% +16+4%
RCP2.6 +12% +14%
RCP4.5 +13% +13%
Kratie RCP6.0 +15% +18%
RCP8.5 +25% +30%
SST (ut0) +29+3% +18+3%
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Figure 5.4 Monthly flow for present climate (HPA) comparing with each projected future
climate RCP scenarios (HFA) and different sea surface temperature scenarios (SST).

5.3.4 Effect of Climate Change on Flood Inundation

The flood plain and agricultural land are the majority in the LMB, so the threshold was
selected at 0.5 m of water depth to classify the inundated and non-inundated area.
According to the simulation results, flood magnitudes were expected to increase for all
future scenarios. Figure 5.5 showed the 25-year average inundation extent in the present
and future climatic conditions. The ratios of mean and variance of the inundation extent of
the future and present were 1.19-1.43 and 2.08-3.92 for MRI-AGCM3.2H and 1.26-1.32
and 1.12-2.13 for MRI-AGCM3.2S (Table 5.3), respectively. Figure 5.6 showed boxplot
comparison of peak inundation time (days of the year, DOY) and inundation volume in the
LMB. There was no significant change of peak flood time of future climate compared to
the present climate (i.e. the variation of the median was within +5 days). The K-S test
showed result of no significant difference for all future scenarios (RCP and SST) at

significant level 5% (p-value = 0.2370-0.8774). The peak inundation volume took place in
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October for the present climate and all projected future scenarios. However, there was a
huge variability in peak inundation volume. The first quartile values of the LMB peak
inundation volume (the boxplot in the lower row of Figure 5.6) for all future scenarios
(100-124km? for HFA and 99-118km? for SFA) were greater than the third quartile value
of their present climates (99 km? and 98 km? for HPA and SPA). Median of peak inundation
volume for HFA increased between 15% for RCP2.6 to 42% for RCP8.5 and 28-41% for
SST. The relative ratio of the mean of inundation volume varied between 1.24-1.55 and
1.29-1.41, and the relative ratio of inundation volume variance changed from 2.30 to 4.60
and from 1.66 to 2.09 (Table 5.3) for RCP and SST scenarios, respectively. The result of
K-S test of peak inundation volume revealed a significant difference for all RCP and SST
scenarios (i.e. null hypothesis was rejected at a significant level of 5% with p-value less
than 0.002).

Table 5.3 The ratio (F) of mean () and variance (o?) of inundation area and volume for

future climates comparing their present climate.

Inundation area Inundation volume
Model Scenario
F(w) F(0?) F(w) F(0?)
HFA rcp26 1.19 2.28 1.24 2.68
MR| HFA_rcp45 1.26 2.08 1.32 2.30
HFA_rcp60 1.32 3.92 141 4.60
AGCM3.2H
HFA_rcp85 1.43 3.37 1.55 3.96
avg. 1.30 291 1.38 3.38
SFA _rcp85 1.32 1.12 1.41 1.66
MRI SFA_rcp85_cl 1.26 2.13 1.29 1.98
SFA_rcp85_c2 1.32 1.67 1.38 2.09
AGCM3.2S
SFA_rcp85_c3 1.27 2.08 1.30 1.89
avg. 1.29 1.75 1.34 1.90
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Figure 5.5 25-year average of annual maximum inundation extent for the present and the

future climate experiments.

g e 8

B 1 a8
= : — 5 —_ — —_
& T : i T 8 i ! : :
5g | : : : : 58 : i : :
5® H | ' | 5™ — ] H ; ]
=1 ! ! | ! 2 ' ] \ 1 ]
o | | © ! ] | i
E : } E L
58 — 55 - —]
A - £3 ;
g I—‘ : : H ' ' :
2 i . H 3 i 1 ] |
= T ! ! j : £ T ] | ) PR
g4 - i : —= g i — ! :
o~ B ] oo H —_— '
@ —— i —
2 — 2 L
3 3

° °

2 4 g

3 B3

T T T T T T T T T T
HPA HFA rcp26  HFA repd5  HFA rep80  HFA rcp85 SPA SFA rcp85  SFA_rcpa5 o1 SFA rcp85 c2 SFA rop85_c3
g — 8
S T 5

——
T
|
|

150
1

el e

LMB Peak Inundation Volume [km?]

|

\

'

\

P

'
—_

LMB Peak Inundation Volume [kma]

150
1

o o |
8 - 8 :
i ) - :

o - —_—

P
3 3 1
T T T T T T T T T T
HPA HFA_rcp26  HFA_rcpd5  HFA_repB0  HFA_ropdS SPA SFA_rcp85  SFA_rcp85_cl SFA_rcpB5_c2 SFA_rop85_c3
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the LMB resulted from MRI-AGCM3.2H model (left column) and MRI-AGCM3.2S

model (right column). The boxplot explanation is the same as Figure 5.3.
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Figures 5.7 and 5.8 showed the flood inundation probability, the difference of probability
of flood inundation from the present to future (dP), and the K-S test result for each climate
model. The dP clearly indicated the positive value for all projected future scenarios. For
MRI-AGCM3.2H, the dP ranged within one less increase (HFA rcp26), two medium
increases (HFA _rcp45 and HFA _rcp60), and one large increase (HFA _rcp85). Among the
area of significant difference of inundation probability (dP > 0.05 in Figures 5.7 and 5.8),
the proportion for area dP > 0.3 was only 12% (i.e. area of proportion 0.05 < dP < 0.03 was
88%) for RCP2.6, and this proportion raised up to 48%, 40%, 56% for HFA_rcp4b5,
HFA_rcp60, and HFA rcp85. On the other hand, the same proportion value of dP > 0.3
had less diversification (i.e. 54-62%) for ranges of SST scenarios. The spatial K-S test
indicated almost no significance in HFA_rcp26 and partial significant in HFA_rcp45 and
HFA_rcp60 while large area was found significance in HFA_rcp85. The K-S test for SST
patterns determined significance at the most area in SFA_rcp85 following by
SFA _rcp85_c3, and SFA_rcp85_c2 and SFA_rcp85_c1 had less area of significance.

The inundation duration, change of duration, and its spatial K-S test results were illustrated
in Figures 5.9 and 5.10 for MRI-AGCM3.2H and MRI-AGCM3.2S, respectively. The
variation of inundation duration per 25-year in the present and future between -1 and 1 day
was considered as no change in this study. Overall, the longer durations of inundation were
observed for the LMB for both RCP and SST scenarios. The area with high flood inundation
probability commonly experienced long flood durations while the low probability place
corresponded with a shorter duration of inundation. Similarly, the spatial K-S test showed
significance in most areas regardless of RCP and SST scenarios. The increase of flood
duration was observed at the floodplain except inside the Tonle Sap Lake where the water

exists for the whole year.
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Figure 5.7 Spatial distribution of inundation probability (upper row), difference between present and future RCP scenarios (middle
row), and K-S test (lower row) for MRI-AGCM3.2H model.
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Figure 5.8 Spatial distribution of inundation probability (upper row), difference between present and future SST scenarios (middle
row), and K-S test (lower row) for MRI-AGCM3.2S model.
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Figure 5.9 Spatial distribution of inundation duration (upper row), difference between present and future RCP scenarios (middle row),

and K-S test (lower row) for MRI-AGCM3.2H model.
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Figure 5.10 Spatial distribution of inundation duration (upper row), difference between present and future SST scenarios (middle
row), and K-S test (lower row) for MRI-AGCM3.2S model.
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5.4 Discussion

5.4.1 Benefits of High-resolution Data

This study used two high-resolution models MRI-AGCM3.2H and MRI-AGCM3.2S with
a spatial resolution of 60 km and 20 km. To see the benefits of fine spatial-scale, two other
coarse-resolution GCMs (MRI-CGCM3 and MRI-ESM1) from the CMIP5 were examined
to compare their performance without bias correction for 25-year in the historical climate
(1979-2003). The grid resolutions of MRI-CGCM3 and MRI-ESM1 are 125 km x 125 km.
Figure 5.11 showed the comparison of the spatial distribution of annual average
precipitation of GPCC and the four models over the MRB region. The two high-resolution
AGCMs (MRI-AGCM3.2H and MRI-AGCM3.2S) used in this showed a similar
distribution while the two coarse resolution models (MRI-CGCM3 and MRI-ESM1)
indicated a large error, particularly in the area close to the coast. This was the advantage of
using observed SST as a boundary condition in AGCM; however, GCMs were not able to
consider this effect.

In addition, basin monthly precipitation was also compared between GPCC and four
climate models without bias correction. Figure 5.12 showed the similarity of violin shapes
between GPCC and two high-resolution AGCMs (MRI-AGCM3.2H and MRI-
AGCM3.2S). The mean values range between 131-137 mm for AGCMs and 119-113 mm
for GCMs comparing to 126 mm of GPCC. The MRI-CGCM3 and MRI-ESM1 models
produced precipitation at more spread density (i.e. their median is at a very low value, and
top height of violin is overestimated) comparing to GPCC. Overall, two high-resolution
AGCMs used in this study performed better than two GCMs in CMIP5 in terms of spatial
and monthly precipitation in the MRB region.
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Figure 5.11 Spatial distribution of annual precipitation of GPCC and four climate models
(MRI-AGCM-3.2S, MRI-AGCM3.2H, MRI-CGCM3, and MRI-ESM1).
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Figure 5.12 Violin plot and boxplot of monthly basin average precipitation of GPCC and
four AGCM and GCM models. The red circle and black dots represent mean and median.

The side of violin shows the density distribution of data samples.

5.4.2 Implementation of Climate Change Impacts

The results from this study clearly indicated that the river discharge and flood inundation
in the MRB were significantly affected by climate change impacts. The simulation results
of climate change revealed that flood inundation magnitude in the future in the LMB would
be severer than the present climate. The increasing of annual precipitation (6.6-14.2%)
could force to enlarge the extreme high flow (Qs) at the LMB (increasing 13-30% at Kratie)
and lead to increase excessive inundation in the LMB up to 19-43% for inundation area
and 24-55% for inundation volume. Lauri et al. (2012) determined the change in discharge
at Kratie from -10.6 to +13.4% for A1B scenario (comparable to RCP6.0) and between -
6.9 and +8.1% for B1 scenario (comparable to RCP4.5) using five GCMs from baseline
(1982-1992) to projected period (2032-2042). Vaéstila et al. (2010) projected annual
maximum flooded area in the LMB flood pulse for 2010-2049 by changing between -3%
and 14% in for A2 emission scenario (comparable to RCP8.5). Perera et al. (2017) found
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out the increasing discharge volume of 25% at Kratie in RCP8.5 scenario. Shrestha et al.
(2016) analyzed the uncertainty sources of climate change on river flow in the Sekong,
Sesan, and Srepok (3S) Rivers, one of the main tributary of the MRB, using three GCMs
(GISS, GFDL, and IPSL) and revealed the results that peak flow was likely to increase
ranging from 54.1% for RCP2.6 to 78.9% for RCP8.5 for the 2060s. The assessment results
of climate change impacts on hydrological extreme flows in 11 sub-basins of the Tonle Sap
Lake by Oeurng et al. (2019) using three GCM models (GFDL-CM3, GISS-E2-R-CC, and
IPSL-CM5A-MR) for three projected time horizons (2030s, 2060s, and 2090s) under
RCP6.0 scenario revealed that most sub-basins of the Tonle Sap basin would face more
extreme drought than flooding.

In addition to the findings of Perera et al. (2017) studied flood inundation under SST
patterns in the LMB, this study found the significant increment of flood inundation area
and volume on various projected future climate change including 4 RCP scenarios and 4
different SST patterns scenarios. More importantly, further analysis of increasing changes
in flood inundation duration and probability was significantly determined in this study

while the flood peak time would be no substantial variation.

5.4.3 Limitations

However, the limitation of this study was assessing only output from MRI-AGCM3.2H and
MRI-AGCM3.2S. Considering more high-resolution GCMs would provide more reliability
for future prediction of flood inundation. Plus, due to the limited capacity of long-term and
large-scale simulation, the spatial resolution of the inundation simulation in this study was
taken 1.5' (approx. 2.7 km); therefore, the finer resolution was able to provide more
accurate results. Furthermore, the water for urban water supply, irrigation, and power
generation purposes was not carried out in this study. The land-use map was taken from
MODIS (year: 2000) considered as static from the present to the future. The rapid
development would affect the uncertainty in the prediction. The potential effect of land-use

change should be considered in future studies in the MRB.
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5.5 Summary

This chapter presented the effects of climate change on flow in the MRB and inundation in
the LMB from the present period (1979-2003) to the future period (2075-2099). This study
compared the extreme river flow, peak inundation area, peak inundation time and volume,
flood probability, and inundation duration. The analysis was conducted based on bias-
corrected precipitation and evapotranspiration which were outputs from two high-
resolution atmospheric models (MRI-AGCM3.2H 60km and MRI-AGCM3.2S 20km). The
result indicated that the extreme river flow and extreme flood inundation will be severer
and higher magnitude at the end of the 21% century for all future scenarios (RCP and SST).
However, flood peak time was observed with no significant variation. The area with a long
flood duration corresponded with a high probability of flood inundation. This study
provided additional information about climate change impacts on flood inundation for
further understanding and preparing for climate change adaptation as well as flood damage

reduction strategies in the LMB.
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CHAPTER 6 Evaluation of Performance of
CMIP5 and CMIP6 GCMs for Flood

Projection in the Mekong River Basin

6.1 Introduction

The Mekong River Basin (MRB) is one of the largest international rivers with a drainage
area of 795,000 km? in China, Myanmar, Thailand, Lao PDR, Cambodia, and Vietnam. The
annual flood damages range approximately US$ 60—70 million (MRC, 2011). The flood-
related damages dramatically increase from 1984 to 2017 (Try et al., 2018a), and the
frequency and severity of extreme flood events have also raised in the MRB (Oddo et al.,
2018). Try et al. (2018a) found a significant increase in the trend of population settlement
close to the river network and floodplain in the Lower Mekong Basin (LMB) in which most
areas are prone to flooding (Try et al., 2019). Climate change was projected to affect the
hydrological and ecological system in the LMB, particularly in the Tonle Sap Lake (Burnett
et al., 2013; Chadwick et al., 2008; Hoang et al., 2016; Johnstone et al., 2013; Keskinen et
al., 2013; Uk et al., 2018) as the interaction from the Mekong River. The natural
phenomenon of huge seasonal changes of flood inundation is the home to more than 370
plant species, 197 phytoplankton species, and more than 225 bird species (MRC, 2010).
The annual flood deposited the sediment as natural fertilizers as benefits for high

agricultural productivity and biodiversity.

Climate models are generated from different research groups worldwide. The research
groups update their modeling results according to the schedule of the assessment report of
the Intergovernmental Panel on Climate Change (IPCC). The IPCC fifth assessment report
(AR5) addressed the Coupled Model Intercomparison Project Phase 5 (CMIP5) in 2013
while the CMIP6 is being launched. The climate projections are scenario-dependent. The
IPCC AR5 examined different possible future greenhouse gas emissions addressing by four
Representative Concentration Pathways (RCPs). These scenarios were RCP2.6, RCP4.5,
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RCP6.0, and RCP8.5 (IPCC, 2014). The new Coupled Model Intercomparison Project
Phase 6 (CMIP6) has designed new scenarios called Shared Socioeconomic Pathway (SSP)
namely SSP1-2.6, SSP2-4.5, SSP4-6.0, and SSP5-8.5 (Eyring et al., 2016; O’Neill et al.,
2016). The improvement of CMIP6 scenarios was increasing equilibrium climate
sensitivity (ECS). CMIP5’s ECS ranges between 1.5C—4.5C which means that 66% chance
of true value falls in that range. However, around 34% extra values of ECS was considered
in CMIP6 models. The models in CMIP6 generally have a finer spatial resolution which
can raise their capability and reduce uncertainty (Chen et al., 2020).

Generally, the information on climate change effects on a river basin is urgently important
to policymakers to prepare the mitigation and adaptation activities. The use of the general
circulation model (GCM) in climate change projections usually includes uncertainties from
different sources identified as assumptions of greenhouse gas (GHG) emission scenario,
model configuration, climate downscaling, and unforced variability of the climate system
(Giorgi, 2010). Hoang et al. (2016) marked that uncertainty of hydrological extremes under
climate change in the MRB was reduced in CMIP5, compared to the previous CMIP3.

Ruan et al. (2018) evaluated the ranking scores of precipitations from CMIP5 GCMs over
the LMB. Chhin and Yoden (2018) proposed a framework for model ensemble selection
based on historical simulations of CMIP5 GCMs in the Indochina region, and Chhin et al.
(2020) used their optimal ensemble subset for future drought projection. Try et al. (2020b)
assessed future climate change impacts on flood inundation in the LMB through high-
resolution Atmospheric General Circulation Model from Meteorological Research Institute
(MRI-AGCM) in which sea surface temperature from 28 CMIP5 GCMs were used as a
boundary condition. Try et al. (2020c) projected the extreme flood inundation in the MRB
from a large ensemble database for policy decision making for future climate change
(d4PDF) using MRI-AGCM with sea surface temperature boundary condition for six
CMIP5 GCMs including CCSM4, GFDL-CM3, HadGEM2, MIROCS5, MPI-ESM-MR, and
CGCMa. Overall, the previous studies of future projections of flooding in the MRB were
based on only previous CMIP3 and CMIP5 GCMs while the performance of CMIP6 over

CMIP5 is necessarily required in this area.
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To overcome this limitation and to explore more information on the possibility of future
flood inundation in the MRB, this paper aims to examine the hypothesis stating that the
improving performances of CMIP6 over CMIP5 are expected for flood inundation
simulation in the MRB. Then, we are going to investigate the effects of climate change on
flood inundation in the MRB using designed scenarios in the near future, mid future, and

far future at the end of the 21 century.

6.2 Methodology

6.2.1 Flood Modeling

This study used an integrated model of rainfall-runoff and flood inundation (RRI model,
Sayamaetal., 2012; 2015a; 2015b). The RRI model is a two-dimensional distributed model
dealing with slopes and river channels separately. The RRI model calculates flow on slopes
and rivers based on 2D and 1D diffusive wave equations which are able to consider reversed
flow. To represent the rainfall-runoff-inundation processes, the RRI model simulates lateral
subsurface flow, vertical infiltration, and surface flow. The river geometry is assumed to
be rectangular with width W [m] and depth D [m] as equations (6.1) and (6.2) in function
upstream drainage area A [km?]. Try et al. (2018b) calculated the geometry coefficients Cy,,
Sw, Cp, and Sy, with values of 0.0015, 0.7491, 0.0520, and 0.7596, respectively for the
MRB.

W = CyASw (6.1)
D = CpASP (6.2)

The RRI model has been previously used for several purposes that confirms its good
performance and ability to simulate flood inundation in the MRB. Try et al. (2018b) used
the RRI model for reproducing a historical flood event in 2000, and Try et al. (2020a)
evaluated the performance of satellite-based precipitation products. Perera et al. (2017) and
Try et al. (2020b) used the RRI model to evaluate the effects of climate change in the LMB
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by considering various Representative Concentration Pathways (RCPs) and sea surface
temperature (SST) scenarios. Moreover, Try et al. (2020c) validated the RRI model for
long-term simulation (1983-2010) before using for the projection of extreme flood

inundation events in the MRB. Therefore, the validated RRI model is used in this study.

6.2.2 Climate Change Dataset

Daily precipitation and evapotranspiration were obtained from https://esgf-
node.lInl.gov/search/cmip6/ and https://esgf-node.lInl.gov/search/cmip5/ for CMIP6 and
CMIP5, respectively. This study selected eight GCMs from CMIP5, and the updated

version of the same GCM was also selected in CMIP6 produced by the same institution

with CMIP5. Table 6.1 presents the institution, model name, and spatial resolution of each
model. Six GCMs (no. 1 to no. 6 in Table 6.1) have the same spatial resolution in both
CMIP5 and CMIP6; however, the other two GCMs (no. 7 and no. 8) have gridded resolution
double finer in longitude and latitude in CMIP6 compared to CMIP5.

The reference observed-based precipitation used in this study is the Global Precipitation
Climatology Center (GPCC, Ziese et al., 2018) which is available at http://gpcc.dwd.de/.

GPCC precipitation was confirmed for its higher accuracy than other four gridded
precipitation productions (APHRODITE, PERSIANN-CDR, GSMaP, and TRMM) in the
MRB by comparing with gauged precipitation (Try et al., 2020a), and this product was
validated for long-term flood inundation modeling in the MRB during 1982-2007 (Try et
al., 2020b) and 1983-2010 (Try et al., 2020c). Therefore, GPCC is used as a reference to
evaluate the performance of GCMs from CMIP5 and CMIP6.
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Table 6.1 Description of CMIP5 and CMIP6 models.

Model Name Resolution
No. Modeling Agency References
CMIP5 CMIP6 Lon. x Lat.
1  CNRM-CM5 CNRM-CM6-1 1.40625 x 1.40625 Centre National de Recherches Voldoire et al. (2013)
Meteorologiques, France
2 IPSL-CM5A-LR  IPSL-CM6A-LR 2.5 x 1.25874 Institut Pierre-Simon Laplace, France Dufresne et al. (2013)
3 MIROC5 MIROC6 1.40625 x 1.40625  Atmosphere and Ocean Research Institute,  \Watanabe et al. (2011)
National Institute for Environmental
Studies, Japan Agency for Marine-Earth
Science and Technology, Japan
4  MPI-ESM-LR MPI-ESM1-2-LR 1.875 x 1.875 Max Planck Institute for Giorgetta et al. (2013)
Meteorology,Germany
5  MRI-ESM1 MRI-ESM2.0 1.125 x 1.125 Meteorological Research Institute, Japan  Yukimoto et al. (2012)
6 ACCESS1-3 ACCESS-CM?2 1.875 x 1.25 Commonwealth Scientific and Industrial Bi et al. (2013)
Research Organization and Bureau of
Meteorology, Australia
7  GFDL-CM3 GFDL-CM4 1.25 x 1.0* Geophysical FluidUszfgamics Laboratory,  Donner et al. (2011)
8 NorESM1-M NorESM2 1.25 x 0.9375* Norwegian Climate Centre, Norway Bentsen et al. (2013)

*Note: the values describe CMIP6 while their spatial resolution in CMIP5 in both longitude and latitude are double coarser than CMIP6.
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6.2.3 Performance Assessment

Taylor (2001) proposed a diagram to provide a concise statistical summary of model
performance in a single diagram. This study used the Taylor diagram to quantify the pattern
similarity from two variables (i.e., monthly precipitation from observation and GCMs). The
correlation coefficient R between two discrete variables f and r of is determined by:

_ yZR=a 0N

O'fa'r

R (6.3)

where f and 7 are the mean values; or and o, are the standard deviation of f and r,
respectively. N is the number of data that are both temporal and spatial patterns in this study.
The statistical indicator, root mean square difference (RMSD), was used to quantify the

difference between the two variables f and r:

RMSD = [L,(fy = 0w — 2 (6.4)

Taylor diagram is used to evaluate the performance of precipitation over the entire MRB.
Moreover, the precipitation in three main zones inside the MRB (i.e., the Upper Mekong
Basin in China, middle of MRB in Thailand and Lao PDR, and LMB in Cambodia and
Vietnam in Figure 6.1) was also examined. The simulated discharge from the RRI model
from CMIP5 and CMIP6 was figured out in terms of monthly and annual peak discharge,
compared with gauged observation. Finally, the best performance GCMs are selected for
future projection to check out the possibility of change of flood characteristics in the MRB

in the near future, mid future, and far future.
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Figure 6.1 Study area of the Mekong River Basin: a) digital elevation model (DEM) and

b) three zone for precipitation evaluation.

6.3 Results

6.3.1 Performance of Precipitation

The historical experiments were available for the periods of 1950-2005 and 1950-2014 for
CMIP5 and CMIP6, respectively. The results of monthly precipitation based on grid by
grid distribution and basin average basin from each GCMs from CMIP5 and CMIP6 were
displayed in the Taylor diagram in Figures 6.2 and 6.3, respectively. It is clearly seen that
basin average precipitation had higher accuracy in the correlation coefficient (R), root mean
square difference (RMSD), and standard deviation (STD). For grid by grid precipitation,

125



the improvement from the average of eight CMIP5 GCMs with R = 0.48, RMSD = 79.11
mm, and STD = 61.81 mm (STD of GPCC = 87.89 mm) to CMIP6 GCMs with R = 0.58,
RMSD =72.82 mm, and STD = 67.10 mm (Table 6.2). For basin average precipitation, the
performance improvement from CMIP5 to CMIP6 was 0.97 to 0.99 for the correlation
coefficient, 27.20 mm to 24.67 mm for bias index. However, the standard deviation seems
to be larger in CMIP6 110.46 mm comparing to 102.0 mm (STD of GPCC = 101.18).

Table 6.2 Comparison of correlation coefficient (R), root mean square difference (RMSD),
and standard deviation (STD) between grid by grid and basin average precipitation from
CMIP5 and CMIP6 GCMs.

M R RMSD STD R RMSD STD
[-] [mm]  [mm] [-] [mm] [mm]

GPCC - - 87.89 - - 87.89

055 75.87 6741 0.55 78.21 75.69

054 7393 53.18 0.46 81.69 64.95

- 062 7053 67.84 0.64 68.34 65.24
(z 9 046 8252 6692 0.38 86.78 63.39
= g 052 7584 5573 % 0.58 72.28 59.12
& 063 7221 7904 © 0.71 65.67 85.26
040 80.84 43.28 0.62 69.30 60.87

011 101.11 61.08 0.73 60.27 62.24

avg. 048 79.11 6181 0.58 72.82 67.10
GPCC - - 101.18 - - 101.18

099 1794 86.95 0.99 20.94 88.01

o 098 2274 8854 0.99 17.79 92.00
S 096 28.66 94.09 0.99 15.17 94.98

I 0 ©

< = 099 1926 9010 2 0.99 16.73 102.33
& o 096 3467 11404 © 0.98 34.26 127.57
0.93 4955 126.30 0.98 34.02 127.89
098 20.06 98.84 0.98 41.00 136.52
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Figure 6.2 Taylor diagram of average monthly precipitation for grid by grid distribution
from CMIP5 (left) and CMIPG6 (right).
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for CMIP5 (left column) and CMIP6 (right column).
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Table 6.3 Comparison of monthly precipitation from CMIP5 and CMIP6 GCMs based on
each zone: Zone | (upper basin), Zone Il (middle basin), and Zone I11 (lower basin) of the
MRB.

ons R RMSD STD R RMSD  STD
[-] [mm]  [mm] [-] [mm] [mm]

GPCC - ~ 109.90 - i 109.90

099 2385 9307 097 2522  106.37

097 2976 116.60 095  34.87 97.93

091 4644 9579 097 2828 10505

% 0 098 2157 10348 097 4029 1315
N = 092 5771 14112 T 097 5890  158.20
092 6357 14883 © 097 5438 15566

099 1919  99.99 097 6893  168.94

094 4527 127.65 099 2262  123.06

avg. 095 3842 115.82 097 4169  131.29

GPCC - ~ 11855 - i 118.55

009 3859 82.32 006  46.88 80.50

098 3263 91.83 099 2123 10565

_ 093 4544 102.82 098 3320 94.50
% 0 099 3260 9051 099 2401 100.25
N = 005 3754 11328 T 098 2233 12202
090 53.02 12034 © 0.97 38.17 137.18

0.96 3269 111.96 098 3910  147.16

099 1876 122.88 099 2010  127.21

avg. 096 3641 104.49 008  30.74 11431

GPCC - i 63.97 - i 63.97

_ 0.08 3458  95.40 098  33.09 92.58
P o 094 2139 6150 © 099  10.80 70.93
N2 099 3887 10070 = 095 4787 10492
097 2414 8127 098  19.42 76.75
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098 30.80 90.11 0.97 52.11 112.00

097 2782  84.60 0.98 26.73 86.13
099 2344 8519 1.00 21.84 84.55
098 50.60 111.39 0.98 31.51 91.94
avg. 097 3146  88.77 0.98 30.42 89.97

In addition to precipitation evaluation based on grid by grid and entire basin average, we
also investigated three zones displayed in Figure 6.1.b. In general, both CMIP5 and CMIP6
were observed higher performance in Zone 111 in the LMB (floodplain and delta), following
by Zone Il (central of the MRB) and Zone | (the Upper Mekong Basin). The tendency of
each model distribution in the Taylor plot in Figure 6.4 can be distinguished by an increase
of correlation coefficient and reduction of bias index RMSD from CMIP5 to CMIP6. Table
6.3 provides a summary of information on all model performance. For Zone Ill, the average
performance indices among eight GCMs were R = 0.97, RMSD = 31.46 mm, and STD =
88.77 mm (reference to GPCC STD = 63.97 mm) for CMIP5 and R =0.98, RMSD = 30.42
mm, and STD = 89.97 mm for CMIP6. Similarly, the advancement from CMIP5 to CMIP6
performed by R = 0.96 to 0.98, RMSD = 36.41 mm to 30.74 mm, and STD = 104.49 mm
to 114.31 mm (STD of GPCC = 118.55 mm). Among the three zones, Zone | had poor
accuracy with R = 0.95 and 0.97, RMSD = 38.42 mm and 41.69 mm, and STD = 115.82
mm and 131.29 mm for CMIP5 and CMIPG6, respectively.

6.3.2 Performance of Discharge Simulation

In addition to the evaluation of precipitation, the daily precipitation from all GCMs was
used as input to the RRI model to check the ability for simulation of river flow as well as
annual peak flood discharge. Figure 6.5 showed a comparison of gauged observation and
simulated discharge at Kratie located in the floodplain of the LMB (Try et al., 2020c).
During flood season from June to November, the CMIP5 underestimated the river discharge
by mean and even though error bar (i.e. mean * standard deviation), especially, the
observation discharge is outside the range of error bar of CMIP5 in July and August.
However, its mean results became closer to observation in the late flood period in October-

December. The overall performance of CMIP6 was improved during flood season
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compared to CMIP5. Particularly, during the peak flood period in September, the mean of

CMIP6 was close to the observation while the mean of CMIP5 was an underestimation.

Similar to precipitation and monthly discharge, the performance in terms of annual peak
discharge (Figure 6.6) showed a similarity of the performance improvement in CMIP6
compared to CMIP5. While the CMIP5 showed an underestimation of annual peak
discharge, the mean from CMIP6 had a good agreement with observation. However, the
ranges from lower to upper error bars of CMIP6 was larger than CMIP5 and observation
peak discharges.

This study considered wet and dry years as their discharge is higher or less than the average
as the threshold. From the observation discharge during 1950-2014, we classified wet and
dry years with 31 years (48%) and 34 years (52%). Among the 8 CMIP5 GCMs for the
historical experiment (1950-2005), wet years accounted for 137 years (31%), and the
remained 311 years (69%) were dry years. The better proportion of CMIP6 GCMs during
1950-2014 was seen by 230 years (44%) and 290 years (56%) for wet and dry years,

respectively.

Last but not least, the overall performance from historical experiments from CMIP6 GCMs
was better compared to the previous version of CMIP5 for precipitation and flood
prediction in the MRB. Therefore, CMIP6 GCMs were used for possible future projection

of flood in the MRB as the following section.
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6.3.2 Projection of Future Floods

Try et al. (2020c) determined the effective duration of precipitation of 90-day in the MRB
correlated with the peak discharge and inundation. For a better representation of
precipitation affected on flooding, we, therefore, evaluated the changes of annual maximum
90-day precipitation for the MRB. Figure 6.7 showed 90-day precipitation from the baseline
period (1980-2014) to the projected periods in the near future (2026—2050), mid future
(2051-2075), and far future (2076—2100) derived from CMIP6 GCMs. Overall, the results
indicated that the precipitation would increase for all the future projected periods for both
scenarios SSP2-4.5 and SSP5-8.5. According to 8 ensembles from CMIP6 GCMs, the
effective precipitation would increase by 4.2 +5.1%, 6.7+7.2%, and 8.9+11.2% for SSP2-
4.5; and 4.0+5.5%, 6.6+7.4%, and 11.6+12.3% for SSP5-8.5 in near, mid, and far futures,

respectively.

In addition to the evaluation of the precipitation, the peak flood was also evaluated for the
changes for the future projections. The annual peak discharge in Kratie of the LMB was
used for the representation of the flooding in the LMB. Generally, the flooding raises up
for all considered periods (Figure 6.8). For the SSP2-4.5 scenario, the peak discharge
enlarges its magnitude by 10.1+11.8%, 16.4+15.1%, and 17.2+17.9% during the near future,
mid future, far future, respectively. Additionally, the peak discharge for SSP5-8.5 sharply
increases by 9.9+11.1%, 17.6+£14.4%, and 28.9+27.9% for the three periods in the future

projection.

The peak discharge in baseline (1980-2014) from the 8 CMIP6 GCMs shows wet years 46%
(128/280) and dry years 54% (152/280). This proportion of wet years for the SSP2-4.5
scenario constantly augments to 55% (109/200), 60% (119/200), and 61% (122/200), while
the dry years decrease to 46% (91/200), 41% (81/200), and 39% (78/200) for near, mid,
and far futures. For the SSP5-8.5 scenario, the ratio for wet years sharply steps up to 56%

(44% for dry years), 64% (36%), and 75% (25%), for three projection periods, respectively.
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6.4 Discussion

The most recent CMIP6 GCMs are expected to improve their characteristics and have better
performance for climate simulation over their previous CMIP5. This study analyzed the
characteristics of precipitation and flood from 8 CMIP6 GCMs in the MRB by comparing
with their sample model from CMIP5According to the Taylor diagram analysis of
precipitation based on grid by grid, basin average, and three-zone divisions, the results
significantly confirmed the improvement of precipitation from CMIP6 GCMs in term of
their correlation and bias values compared with the observation. Similarly, the monthly and
annual peak discharge was also ameliorated. Especially, the model ensemble means from

CMIP5 expressed an underestimation the values from CMIP6 are close to the observation.

In addition, the projections of future climate in the MRB using the CMIP6 GCMs indicate
an increase of both effective precipitation and annual peak discharge in the near (2026—
2050), mid (2051-2075), and far (2076-2100) futures by comparing with the baseline
period (1980-2014). The increases in peak discharge at Kratie range between 10.1-17.9%
and 9.9-28.9% during the three future projected periods for SSP2-4.5 and SSP5-8.5,
respectively. These results had a similar agreement with previous studies on the impacts
and severity of future climate change in the MRB. For instance, Try et al. (2020b)
determined the increase of extreme flow exceeding 5% of times (Qs) by 13-30% in the
projection period in 2075-2099 by comparing to 1979-2003 for ranges of RCP and sea
surface temperature scenarios. Similarly, Perera et al. (2017) found the increase of
discharge volume in Kratie around 25% for RCP8.5 scenario (comparable to SSP5-8.5 in
CMIPG6). Vastila et al. (2010) projected annual maximum flood in the LMB for the period
of 2010-2049 by changes between -3-14% for A2 scenario in CMIP3 (comparable to
RCP8.5 in CMIP5 and SSP5-8.5 in CMIP6).

However, this study used the raw GCMs from CMIP6 without bias correction or
downscaling to regional climate yet, the model uncertainties could involve in the result
analysis. This study mainly focuses on the evaluation of historical simulation from the

climate datasets and the future projection under climate change impact only. To be more
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realistic, the cumulative impacts from other sources should be also considered. For example,
the land use was assumed to be constant from the baseline to the projected periods. Changes
of topography due to soil erosion and deposition were not taken into account. On the other
hand, the hydropower and irrigation reservoirs would influence seasonal hydrology and
river flow of the river basin. However, the future projections of flooding in this study focus
only on annual peak discharge. Try et al. (2020c) found that six mainstream dams in the
Upper Mekong River in China during had impact in reduction of annual peak discharge in
Kratie only 1% during the period of 2012—-2016; therefore, dam reservoirs were neglected
in this study. Further studies are needed to assess the cumulative impacts of climate change
associated with these land-use changes and water infrastructure development impacts.

6.5 Summary

This study focused on the assessment of the performance of CMIP5 and CMIP6 GCMs in
terms of precipitation and discharge simulation in the MRB. The results indicated an
improvement of raw CMIP6 GCMs compared to the previous CMIP5 GCMs. Therefore,
the studies on climate change impacts on hydrology changes such as floods and droughts
using CMIP6 GCMs in the MRB should be more reliable and be carried out as additional
information to the results from the previous CMIP3 or CMIP5 GCMs. Moreover, further
study should focus on bias correction and downscaling of CMIP6 GCMs to catch up with
regional climate and observation and to get finer grid resolution, which is more suitable for
spatial distribution, particularly for the studies in the sub-catchments of the MRB. The
future projections of flooding in the MRB from 8 CMIP6 GCMs showed a significant
increase of effective precipitation as well as annual peak discharge in the near future, mid
future, and far future in both SSP2-4.5 and SSP5-8.5 scenarios.
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CHAPTER 7 Concluding Remarks and Future

Perspectives

7.1 Summary and Conclusion

Climate change impacts on river hydrology and flood inundation have become a global
issue attracting the public attention. Climate change drives the spatiotemporal variation of
precipitation resulting in changes in frequency and intensity of flooding. The studies of
climate change impact on flood phenomena and consequences are important for future
control, hazard risk reduction, and improvement of flood resilience and management. The
Mekong River Basin (MRB) is located in a zone vulnerable to climate change impact which
would affect the local food production, water supply, biodiversity, and environment.

This study focused to provide more detailed information on the possibility of the effects of
climate change on flood inundation in the MRB. This research mainly addressed the
outcomes as the following. Firstly, the performance of gridded precipitation products was
evaluated based on their ability to simulate runoff and flood inundation processes. Next,
the possible impacts of climate change were assessed by considering a large ensemble
climate dataset (d4PDF), high- and super-high-resolution AGCM outputs (MRI-
AGCM3.2S and MRI-AGCM3.2H), and the most recent CMIP6 GCMs.

Five gridded precipitation products were evaluated for their performance for flood
inundation in the MRB. The results indicated that GPCC and TRMM had better
performance in simulating river discharge and flood inundation than the other three
products (PERSIANN-CDR, APHRODITE, and GSMaP). Since GPCC had longer
available periods (1982-2016) than TRMM (1998-present) for daily precipitation.
Therefore, GPCC is suitable for long-term simulation of hydrological characteristics in the
MRB, particularly for the study of climate change impacts on hydrology and flood
inundation. In addition, GPCC precipitation is appropriate for use as a reference for bias

correction of climate datasets. Its monthly precipitation is available from 1891 to 2016
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(version Full Data Monthly Version 2018) at various spatial resolutions of 0.25°, 0.5°, 1.0°,

and 2.5° at a global scale.

Next, the effective duration of precipitation which has the highest correlation to peak flood
inundation was determined, and this duration was used to observe the changes of future
precipitation under climate change impact. 90-day precipitation counting backward from
the day of peak flooding had the highest correlation with peak discharge and inundation
(both R? = 0.81). According to a large ensemble climate dataset (d4PDF), the changes in
future effective precipitation from present climate (60-year: 1951-2010 x 100 ensemble
members) to future climate under 4 K increasing scenario (60-year: 2050-2110 x 90
ensemble members) showed a large variation of mean 777-900 mm and standard deviation
57-96 mm. The statistical Kolmogorov-Smirnov (K-S) test identified a significant
difference in future sea surface temperature (SST) scenarios (6 future SST scenarios x 15
ensemble members). The extreme flood inundation events of 50-year, 100-year, and 1000-
year return periods in the LMB demonstrate an increase of annual peak discharge,
inundation extent, and inundation volume by 25-40%, 19-36%, and 23—-37%, respectively.
The benefits of the application of a large ensemble climate dataset would reduce qualitative

uncertainty of future projection of flood inundation.

Additionally, the climate change effects under different RCP and SST scenarios were
assessed by using high- and super-high-resolution AGCM output from MRI-AGCM3.2H
and MRI-AGCM3.2S models. The results of climate change from the present climate
(1979-2003) to the future climate (2075-2099) suggested that the increment of
precipitation between 6.6-14.2% could lead to an increase in extreme river flow exceeding
5% of time (Qs) 13-30%, annual peak inundation extent 19-43%, and annual peak
inundation volume 24-55% in the LMB for ranging of RCP and SST scenarios. The
statistical K-S test of the spatial distribution of probability and duration of flood inundation

showed significance in most areas regardless of RCP and SST scenarios.

The Coupled Model Intercomparison Project Phase 6 (CMIP6) has just been launched as
the updated version of the previous CMIP5 GCMs. The performance of the 8 CMIP6 GCMs
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was evaluated by comparing their previous CMIP5 GCMs. The Taylor diagram showed
results improvement of correlation and error coefficients of precipitation and discharge
simulation of the 8 GCMs from CMIP5 to CMIP6. Moreover, there was an improvement
of annual peak discharge from mean of CMIP6 GCM ensembles with the observation while
the underestimation was seen in CMIP5 GCMs. The projection of future flooding in the
LMB using 8 CMIP6 GCMs pointed out an increase of annual peak discharge at Kratie by
10.1+£11.8%, 16.4 + 15.1%, 17.2 + 17.9% for SSP2-4.5 scenario and 9.9 + 11.1%, 17.6 £
14.4%, 28.9 + 27.9% for SSP5-8.5 scenario, respectively during three projection periods in
the near future (2026-2050), mid future (2051-2075), and far future (2076-2100).

This dissertation has analyzed climate change impact on flood inundation in the LMB using
various sources of climate outputs including large ensemble climate dataset (d4PDF), high-
and super-high-resolution AGCM (MRI-AGCM3.2H and MRI-AGCM3.2S), and the most
recent CMIP6 GCMs (Table 7.1). Their performance showed an agreement to reveal the
significant increase of the magnitude of extreme flood and inundation in the LMB under

future climate projection.

Different climate outputs may have different benefits. The coarse resolution of climate
datasets would have less impact on the accuracy of the study for climate change impact on
flood inundation in the large-scale river basin (e.g., LMB), but their data quality might be
more significant to influence the reduction of uncertainty for future climate projection. The
large ensemble members of the climate projection would definitely reduce the qualitative
uncertainty of climate projection. However, the climate projection in the tributaries of the
MRB or any other small river basin might be still mainly influenced by the resolution of

the climate dataset.
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Table 7.1 Summary of change of flood inundation in the LMB under different future climate projection

Climate Model Flood Event Scenario Baseline Period Projection Period ~ Magnitude Change
50-year return period 1951-2010 2051-2110 +25%
d4PDF 100-year return period +4K 1951-2010 2051-2110 +33%
1000-year return period 1951-2010 2051-2110 +40%
RCP2.6 1979-2003 2075-2099 +14%
MRIAGCM3.2H high flow exceeding 5% RCP4.5 1979-2003 2075-2099 +13%
of time (Qs) RCP6.0 1979-2003 2075-2099 +18%
RCP8.5 1979-2003 2075-2099 +30%
MRI-AGCM3.2S Qs SST 1979-2003 2075-2099 +18+3%
2026-2050 +10.1+11.8%
SSP2-4.5 1980-2014 2051-2075 +16.4+15.1%
2076-2100 +17.2£17.9%
CMIP6 GCMs Annual Peak Discharge
2026-2050 +9.9+11.1%
SSP5-8.5 1980-2014 2051-2075 +17.6114.4%
2076-2100 +28.9£27.9%
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7.2 Limitations and Future Work

The potential impacts of climate change on flood inundation in the MRB were assessed by
using various sources of climate outputs including the d4PDF dataset, MRI-AGCM3.2S,
MRI-AGCM3.2H, and CMIP6 GCMs. However, there are some limitations to this study.
Firstly, the land use was assumed to be static during the simulation periods to facilitate the
simulation condition while the actual land use may change from year to year. The
uncertainty sources due to model structure and parameters were not considered. Moreover,
the river bed and topography changes were not taken into account in the simulation; in fact,
it would vary for the long-term due to soil erosion and deposition. Plus, the impact of water
infrastructures such as hydropower and irrigation reservoir were not yet examined in the
future projection. Therefore, the future research direction should pay more attention to the
study of integrated impacts of climate change, land-use change, and human activities which
would provide further understanding and represent more realistic for future characteristics
of flood inundation in the MRB. The application of a large ensemble dataset (d4PDF) could
reduce the qualitative uncertainty of future projection of flood inundation. However, the
future projection of flood inundation was conducted under only one scenario (+4 K
increasing) due to the limitation of simulation resources and data availability. Further
research needs to consider more scenarios and include bias correction of large ensemble
climate data. Even though the CMIP6 GCMs were found to be an improvement of their
performance, this study did not apply the bias correction and downscaling of climate data
from the global scale to regional climate conditions as well as to get the higher spatial
resolution dataset. This would also contain the uncertainty of the projection of future flood

inundation.
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Appendix B: Shuffled Complex Evolution
Algorithm

Shuffled Complex Evolution (SCE-UA) Algorithm

SCE-UA method is a global optimization technique for broad class of problems including
hydrological optimization trials. It combines the strengths of Controlled Random Search
(CRS) algorithms with the concept of competitive evolution and complex shuffling. The

steps of the SCE-UA algorithm are as the following.

Step 1
Initialize. Select p >1 and m >n+ 1, where p = number of complexes and m =

number of points in each complex. Compute the sample size s = p X m.

Step 2
Generate sample. Sample s points x4, -, x5 in the feasible space Q < R™. Compute the
function value f; at each point x;. In the absence of prior information, use a uniform

sampling distribution.
Step 3
Rang points. Sort the s points in the order of increasing function value. Store them in an

array D = {x;, f;,i = 1,---,s}, so that i = 1 represents the point with the smallest value.

Step 4
Partition into complexes. Partition D into p complexes, A%,--, AP, each containing m
points, such that A% = {xl‘,jj-"|x}‘ = Xp4p(j-1)J = 1+, m}.

Step 5
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Evolve each complex. Evolve each complex A, k = 1, -+, p according to the competitive

complex evolution algorithm outline as below:

1.
2.

Step 6

Initialize. Select g, ¢, and B, where2 < g <m,a > 1,and g = 1.
Assign weight. Assign a triangular probability distribution to A%, i.e.,
_2m+1-10)

Pi —m.l =1,m
The point x¥ has the highest probability, p, = 2/(m + 1). The point x%, has the

lowest probability, p,, = 2/m(m + 1).

Select parents. Randomly choose q distinct points uy, -+, u, from AF according to
the probability distribution specified above (the g points define a sub-complex).
Store them in array B = {u;,v;,i = 1,---,q}, where v; is the function value of
point u;. Store in L the locations of A¥ which are used to construct B.

Generate offspring

(a) Sort B and L so that the g points are arranged in order of increasing function

value. Compute the centroid g using the following equation:

1 1%
9=l 2
]

(b) Compute the new point r = 2g — u,, (reflection step).

(c) If r iswithin Q, compute the function value f, and go to step (d); else, compute
the smallest hypercube H ¢ R™ that contains A*, randomly generate a point z
within H, compute f,, set f,. = f, (mutation step).

(d) If £ < f, replace u, by r go to Step (f); else, compute ¢ = (q +u,4)/2 and
f (contraction step).

Replace parents by offspring. Replace B into A* using the original locations stored

in L. Sort A¥ in order of increasing function value.

Iterate. Repeat Steps 1) through 4) g times, where f = 1 is a user-specified

parameter which determines how many offspring should be generate.
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Shuffle complexes. Replace A%, -, AP into D, such that D = {4¥,k = 1,---,p}. Sort D in

order of increasing function value.
Step 7

Check convergence. If the convergence criteria are satisfied, stop; otherwise, return to Step
4.
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