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EVALUATION AND INTER-COMPARISON OF SATELLITE PRECIPITATION
ESTIMATIONS FOR EXTREME FLOOD EVENTS IN PENINSULAR MALAYSIA

ABSTRACT

Satellite precipitation products (SPP) have been useful in any hydrological applications
as their extensive spatial coverage and finer space and time resolutions. However, these
satellite estimations exhibit large systematic and random errors which may cause large
uncertainties in any hydrological applications. In this study, three advanced satellite
precipitation products, i.e. CMORPH, TRMM 3B42V7, and PERSIANN are utilized in
conjunction with the ground observation to investigate their performance in detecting
rain, capturing storms and rainfall pattern during extreme flood events. This study
evaluates and compares the capability of the SPP by focusing on the 2014-2015 northeast
monsoon extreme flood events. Three affected river basins, i.e. Kelantan (13,100 km?),
Johor (1,652 km?) and Langat river basin (2,350 km?) are chosen as study areas. Firstly,
to compare with the grid-based satellite estimations, a validation between five spatial
interpolation methods (Arithmetic Mean (AM), Thiessen Polygon (TP), Inverse Distance
Weighting (IDW), Ordinary Kriging (OK), and Spline (SP)) with ground observations is
done whereby the result shows that none of the spatial interpolation methods is superior
to the others. Furthermore, the result shows that all three SPP have performed reasonably
well for the Kelantan river basin whereas for the other two river basins, only TRMM and
CMORPH perform better. As these SPP exhibit biases, the three widely used approaches
of bias correction, namely Linear Scaling (LS), Local Intensity Scaling (LOCI) and Power
Transformation (PT) are applied on the daily SPP to improve the estimations. Bias
correction analysis is performed using the aforementioned methods to the Langat river
basin only. Findings indicate that the LS scheme is able to match the mean precipitation

of every SPP but does not correct the standard deviation (SD) and coefficient of variation



(CV) of the estimations regardless of extreme floods selected. For the LOCI scheme,
TRMM and CMORPH estimations in certain floods show a significant improvement in
the result but not for PERSIANN. PT scheme is found to be the best method as it improves
most of the statistical performances as well as the rainfall distribution of the floods. In
addition, this study also evaluates the sensitivity of the parameters used in the BC process
where the result indicates that the PT scheme is found to be the least sensitive in correcting
the daily SPP compared to the other two schemes. Finally, this study performs rainfall-
runoff simulation by employing the Hydrological Modelling System (HEC-HMS) to
validate the performance of the raw and bias-adjusted SPP for the 2014-2015 flood events
in the Langat river basin. Generally, corrected precipitations exhibit a significant
improvement during the high rainfall event especially LOCI-adjusted TRMM and
CMORPH. For PERSIANN-simulated flow, the BC schemes are able to improve the
discharge simulation. However, further calibration is suggested in order to enhance its

accuracy.
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PENILAIAN DAN PERBANDINGAN ANTARA SATELIT HUJAN TERHADAP
BANJIR EKSTRIM DI SEMENANJUNG MALAYSIA

ABSTRAK

Produk hujan satelit (SPP) telah berguna dalam mana-mana aplikasi hidrologi disebabkan
oleh liputan spatial yang luas dan resolusi ruang dan masa yang lebih baik.
Walaubagaimanapun, anggaran satelit ini menunjukkan ralat sistematik dan rawak besar
yang boleh menyebabkan ketidakpastian besar dalam sebarang aplikasi hidrologi. Dalam
kajian ini, tiga produk terkini hujan satelit, iaitu CMORPH, TRMM 3B42V7 dan
PERSIANN digunakan bersama dengan stesen pemerhatian di padang untuk menyiasat
prestasi mereka dalam mengesan hujan, menyukat ribut dan corak hujan semasa peristiwa
banjir ekstrim. Kajian ini menilai dan membandingkan kebolehan SPP dengan
memfokuskan pada banjir ekstrim monsun timur laut 2014-2015. Tiga lembangan sungai
yang terkesan iaitu Lembangan Sungai Kelantan (13,100 km?), Johor (1,652 km?) dan
Langat (2,350 km?) telah dipilih sebagai kawasan kajian. Pertamanya, untuk
membandingkan dengan anggaran satelit berasaskan grid, pengesahan antara lima kaedah
interpolasi spatial (Min aritmetik (AM), Poligon Thiessen (TP), Pengimbang Jarak
Songsang (IDW), Kriging Biasa (OK), dan Spline (SP)) dengan stesen pemerhatian di
padang telah dilakukan dimana keputusan menunjukkan bahawa tiada kaedah interpolasi
spatial yang lebih baik daripada kaedah yang lain. Tambahan lagi, hasil kajian ini
menunjukkan bahawa ketiga-tiga SPP telah dapat menganggarkan hujan dengan baik
untuk Lembangan sungai Kelantan manakala bagi dua lagi lembangan sungai, hanya
TRMM dan CMORPH yang menunjukkan keputusan lebih baik. Memandangkan SPP ini
mempamerkan ralat, tiga kaedah pembetulan ralat (BC) yang paling meluas digunakan
laitu Penskalaan linear (LS), Skala Keamatan Setempat (LOCI) dan Transformasi kuasa
(PT) telah digunakan pada data harian SPP untuk meningkatkan anggaran. Analisa

pembetulan ralat dilakukan menggunakan kaedah yang dinyatakan pada Lembangan



Sungai Langat sahaja. Keputusan menunjukkan yang skim LS mampu selaraskan purata
hujan bagi setiap SPP tetapi tidak membetulkan sisihan piawai (SD) dan pekali variasi
(CV) anggaran satelit tanpa mengira banjir ekstrim yang dipilih. Bagi skim LOCI,
anggaran TRMM dan CMORPH dalam banjir-banjir tertentu menunjukkan peningkatan
penting dalam keputusan tetapi tidak pada anggaran PERSIANN. Skim PT didapati
sebagai kaedah terbaik kerana ia meningkatkan prestasi kebanyakan statistik dan juga
taburan hujan banjir. Tambahan juga, kajian ini juga menilai sensitiviti parameter yang
digunakan dalam proses BC dimana keputusan menunjukkan yang skim PT didapati
menjadi paling kurang sensitif dalam membetulkan SPP harian berbanding dengan dua
skim lain. Akhir sekali, kajian ini melaksanakan simulasi hujan air larian dengan
menggunakan Sistem Pemodelan Hidrologi (HEC-HMS) untuk mengesahkan prestasi
SPP asal dan pembetulan-ralat SPP untuk peristiwa banjir 2014-2015 di Lembangan
Sungai Langat. Secara umumnya, pembetulan hujan mempamerkan peningkatan ketara
semasa peristiwa hujan lebat terutamanya pembetulan-LOCI TRMM dan CMORPH.
Bagi aliran simulasi PERSIANN, skim BC mampu meningkatkan simulasi aliran sungai.
Walau bagaimanapun, penentukuran lanjut adalah dicadangkan untuk meningkatkan

ketepatannya.

Kata-kata kunci: Hujan satelit, Banjir ekstrim, Malaysia, Pembetulan ralat, Pemodelan

hidrologi

Vi



ACKNOWLEDGEMENTS

First and foremost, | would like to express my heartfelt gratitude to my principal
supervisor, Dr. Wan Zurina Wan Jaafar. Her guidance, support, and continuous
encouragement have enabled me to complete my research. She has shown great patience,
kindness and provided excellent motivation throughout the course of my doctoral degree.
Without her understanding and guidance, the completion of my doctoral degree would

have remained a farfetched dream.

Next, I would also like to express my gratitude to my co-supervisor Assoc. Prof. Dr.
Lai Sai Hin who has also provided support and shared his immense knowledge during my
doctoral study. I am also thankful to all my colleagues in the Department of Civil
Engineering who were truly understanding, supportive and always encouraged me to have
patience and hard work as well as to those who contributed directly and indirectly in

bringing the project to completion.

This work was supported by the Malaysia Ministry of Higher Education (MOHE) for
their FRGS research grant (Project No. FP039-2014B) and the University of Malaya for
PPP grant (Project No. PG194-2015B). | also would like to acknowledge the Department
of Irrigation and Drainage Malaysia for providing the daily precipitation rain gauge and
streamflow data as well as the developers of all SPP for providing the downloadable

rainfall data.

Finally, and most importantly, 1 would like to thank my family who offers never-
ending support and continuous encouragement throughout my years of study and through

the process of researching and writing this thesis. Thank you very much.

“Thank you everyone for being an important part of my story...”

Eugene Soo Zhen Xiang

vii



TABLE OF CONTENTS

AADSTFACT ... i
AADSTFAK ... %
ACKNOWIEAGEMENTS ... e e e e ee e e sreeee s vii
Table OF CONLENES ... viii
IS o) T U =TSSR Xiii
LISt OF TADIES. ... e XVi
List of Symbols and ABBreViations...........c.cccvceiiiiiiic i XVil
[T A0 Y o] o 1=] o [ oSSR XXI
CHAPTER 1: INTRODUCTION ..ot 1
1.1 Background Of StUAY ........coueiiiiiiiccic et 1
1.2 Identification Of ProbIem ..........ccooiiiiiiiicc e 3

1.2.1 Recent floods in Malaysia..........ccccoveieiiiiiiic e 3

1.2.2  Rainfall MeasUreMeNt..........ccooi it 3

1.2.3  Studies 0f SPP in MalaySia .........ccccovevueiieiiiie e 6
1.3 RESEArCH QUESTIONS. .....veiiiiiiieectie et e ettt ettt et ere e s be e sbeeebe e sbeesnbeesreesnneens 7
1.4 Objectives O the STUAY.........ccoiieiiiiece e 8
1.5  SCOPE OF the STUAY ....cveeieee et e 8
1.6 Significance of the STUAY .........ccoiiiiiiii i 11
1.7 Organization 0f the TheSIS.......cciiiiiie e 12
CHAPTER 2: LITERATURE REVIEW........ooi e 14
2.1 INErOAUCTION. ...ttt bbb ane s 14
2.2 Monsoon weather systems in SOUtheast ASIa...........cccuevvveeiieiiieniie e 14
2.3 Weather Of MalaySIa.........ccoeiiiiiiieiiee e e 17

viii



2.4 Ground-based rainfall MeasureMent............cccoovireineneise e 18
2.4.1  Rain gauge MEaSUIEMENT.........cccviieieerieiresiesreeeeseesteeeeseesraesesreessaeneens 18
2.4.2  Automatic Weather Stations (AWS) ......cccovieiiiieiiecece e 22
2.4.3  WEALNET FAAAT ......ovieeiiieiieie e 23
2.5 Remote Sensing Applications in Weather and Climate.............cccccceeevvieiveieennenn, 23
251 Weather RAGAI........cccoviiiiieiii e 25
2.5.2  Weather SAtEllITES. ........ccviiiiiiiieise e 28
2.6  Satellite Precipitation Products (SPP) ........cccccciiiiiieiiiie e 29
2.7 Errors of Satellite Precipitation EStimations............cccccoveiveviiic e 31
2.7.1  The density of ground-based rainfall measurement ..............c..ccccovevvennene 31
2.7.2  Rain detection, systematic, and random errors of SPP..........c..cccccceevennie 33
2.7.3  Seasonality, storm type, and topography.........ccccceeveeveeieiieirese s 33
2.8 Hydrological modeling studies in Malaysia ..........ccccoccveveiiericic i 35
2.9 SPP forced hydrological Models...........ccocveiieiiiciiecc e 36
2.00  SUMIMAIY . eiiiiiiie ittt ettt e et et e e st e e e srb e e st e e e anb e e e anbe e e nsbeeennes 36

CHAPTER 3: EVALUATION OF RAW SATELLITE PRECIPITATION

PRODUCTS FOR EXTREME FLOOD EVENTS IN MALAYSIA......cccooiiien. 38
3.1 INEOTUCTION. ...ttt 38
3.2 Review 0N Previous SPP STUAIES.........ccciiiiiiiiiicieiiresesee e 38
3.3 Description of the StUAY area...........ccoiveiiiiiiiie e 40
3.3. 1 Langat FiVer DASIN .......ccoviiiece e 41
3.3.2  Kelantan rver Dasin..........cccoiiiiiiiiiee e 42
3.3.3  JONOF MIVEr DASIN ... 43
3.4 Data ACQUISTTION ....vieiiiiie ettt e et re e snee e 44
3.4.1  RaIN gaUQE NEIWOIK ......oivieiiiiieiiieieeie et 44
3.4.2  Satellite rainfall @StIMALIONS .........ccooviiiiiiii e 46



3.5

3.6

3.7

1Y/ L1100 0 TR 48

3.5.1 Interpolation of rain gauge precipitation ...........ccccoccevvveiieiieieece s s 48
3.5.1.1 Arithmetic Mean (AM) ......cco oo 49
3.5.1.2 Thiessen Polygon (TP) ......cccevveieiieiieeie e 49
3.5.1.3 Inverse Distance Weighting (IDW).......cccccovveviviieiieeii e 50
3.5.1.4 KIIQING cveeieiieiree et 51
3.5.1.5 SPHINE....eioie s 51
3.5.2  EValuation INEXES .......coeiieiriiiieieiiiieieise e 52
3.5.2.1 Quantitative evaluation INAEXES ..........ccevveeiieiireeiie e 53
3.5.2.2 Categorical evaluation indeXes..........ccccceevverveveereiieseere e 54
RESUILS AN DISCUSSIONS......cveviiiitirieieiisie ettt 55

3.6.1 Evaluation of wvarious interpolation methods for rain gauge

ODSEIVALIONS. . ... et 55
3.6.2  Evaluation of SPP against interpolated rain gauge observations ............. 59
3.6.3  Rain Detection Ability Assessment of SPP............cccooeviviiiiieveiicieee 69
3.6.4  Capturing Storm Performance of SPP.........c.ccccooviiiiieii e 71
U0 0= RPN 73

CHAPTER 4: BIAS ADJUSTMENT OF SATELLITE PRECIPITATION

ESTIMATIONS .. ettt be e ne e 76
A1 INEOAUCTION. ...ttt 76
4.2  ReVIEW 0N BiaS COIMECHION .......ccuiiiiiiiiiieiieiee e 76
4.3 Description of the study area and selected flood events...........c.cccceeveeviiieecnen, 80
4.4 Data ACQUISTTION .. .oieiiiiie ettt et e e et e e re e snee e 83
4.5 Bias CorreCtion MELNOAS .........cooiiiiiiiiiiici e 83

4.5.1  Linear SCANG (LS) .ooveieeiiiieiieiesie ettt 84

4.5.2  Local intensity SCAlING (LOCH) ....ccoiiiiieiiiie e 85



4.5.3  Power transformation (PT) ......c.ccociviiiiiieiiiie e 85
4.6 RESUIS anNd DISCUSSIONS. ... ..cciitiieiiriieiitiieiitie et e st sbe e s sbe e s sbe e s sabe s s srbeessaeeeans 86

4.6.1 Evaluation of raw satellite estimates over selected extreme flood events 86

4.6.2 Performance evaluation of bias-corrected satellite estimates................... 87
4.6.2.1 Rainfall pattern and distribution............cccccooveviveveiiene e, 87

4.6.2.2 Statistical performance...........cccoovevevieiieeie s 91

4.6.3  Variation and sensitivity of parameters...........cccccvevevieiiesie v s 94

AT SUMMAIY ¢ttt ettt ettt e et et e s s bt e e sa bt e e aabe e e ssbe e e anbe e e sbbeeennbeeennneean 97

CHAPTER 5: PRECISION OF RAW AND BIAS-ADJUSTED SATELLITE

PRECIPITATION ESTIMATIONS IN RAINFALL-RUNOFF MODELLING....99

5.1 INErOTUCTION. .....eiiiiiitiieeee et 99
5.2 Review on Hydrological Modelling with SPP Estimations............c.ccccceeevvveiveennnne 99
5.3 MEINOUS ... 101
5.3.1 Hydrologic Modelling System (HEC-HMS).........cccccoeiiviviiieiiecee, 101
5.3.2  Soil Conservation Service Curve Number (SCS-CN) method............... 103
5.3.3  SCS unit hydrograph method ...........ccccoevieiiiiiic e 104
5.3.4  Muskingum method............ccccceiieiiiiiiie e 104
5.3.5  Hydrologic Simulation ProCeSS.........ccccvveieerieiieieeiesee e 104
5.3.6  Model Performance INdiCators ............ccoooiriiiiiiiiiiccee 106
5.4 ReSUIS and DISCUSSIONS........ccviiiiiiiiiiiiiisie st 108

54.1 Comparison of SPP rainfall estimates with rain gauge (RG)

ODSEIVALIONS. . ... . it 108
5.4.2  Model calibration ... 110
5.4.3 Model Validation using Raw and Bias-adjusted SPP Rainfall Datasets 112

5.4.3.1 Simulation of streamflow with raw SPP estimations.............. 113

Xi



5.4.3.2 Simulation of streamflow with Bias-adjusted SPP

ESTIMALIONS. ... i s 114
5.5 SUMMAIY ... 118
CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS.........ccocvvininninn. 120
B.1  INTrOAUCTION.....ciuiiiiieitc ettt be e 120
6.2 Verification of Spatial Interpolation Methods of Rain Gauge Network.............. 120

6.3 Validation of SPP at Different Geographic Location of Peninsular Malaysia....121

6.4 Evaluation of Bias-Adjusted SPP EStimations ...........ccccceeveiiieneiiciieie e 121
6.5 Rainfall-runoff using Raw and Bias-Adjusted SPP Estimations...............c.c....... 122
6.6 Recommendations and Future PErspectiveS ........cccccvieieeieiieie s 123
RETEIEINCES ...ttt 124
List of Publications and Papers PreSented ...........cccooveeieeieiiiesie s 141
N o] 0T 410 SO POP 142

Xii



LIST OF FIGURES

Figure 1.1: Conceptual framework of research............ccccoevviiiicic i 10
FIgUre 2.1: SOULNEAST ASTA ....ecuveiiieiiieiesiie sttt sttt 15
FIQUIE 2.2: RAIN GAUGE ..ottt sttt st sreenbe e e sneees 19
Figure 2.3: Meteorological Station in Mersing ........cccocvvvereriienenie e see e 22
Figure 2.4: The Electromagnetic SPECIIUM ........cccoovuiiiriieiieiieseee e s 24
Figure 2.5: Passive and active remote SENSING.........ccvvvveivereiieeseere e e ere e sie e 25
Figure 2.6: Weather radar in Miri, Sarawak, Malaysia...........c.cccccecvivievviveiiieieene s 26
Figure 2.7: Sample of radar observation in Malaysia...........c.cccccveveiiieiveccsicieece e 26
Figure 2.8: The global satellite observation SyStem...........ccccvvevieviiieve e 28
Figure 2.9: Number of stations used by the GPCC ... 32
Figure 3.1: Location of the StUAY Areas. ..........ccoovrieieienenese e 41

Figure 3.2: Distribution of rain gauge stations in (a) Langat, (b)Kelantan and (c) Johor
AT o= TS 1 SRRSO 44

Figure 3.3: Results of interpolation methods for daily mean precipitation of the Kelantan
river basin on 17" December 2014. (a) TP; (b) IDW (¢) OK; (d) SP....vevvveveeeeieeea, 57

Figure 3.4: Results of interpolation methods for daily mean precipitation of the Langat
river basin on 22" December 2014. (a) TP; (b) IDW (C) OK; (d) SP ....c..covvevvvveierennen 58

Figure 3.5: Results of interpolation methods for daily mean precipitation of the Johor
river basin on 25" December 2014. (a) TP; (b) IDW (c) OK; (d) SP...ouvvevveverereeereceee 58

Figure 3.6: Comparison of daily mean precipitation series between interpolated ground
observations and (a) CMORPH, (b) TRMM and (c) PERSIANN satellite observations for
the 2014-2015 flood events at Kelantan river Dasin...........cccoccovveienieeresis e e 60

Figure 3.7: Comparison of daily mean precipitation series between interpolated ground
observations and (a) CMORPH, (b) TRMM and (c) PERSIANN satellite observations for
the 2014-2015 flood events at Langat river basin. ..........ccccooveviiiiieiie i 61

Figure 3.8: Comparison of daily mean precipitation series between interpolated ground
observations and (a) CMORPH, (b) TRMM and (c) PERSIANN satellite observations for
the 2014-2015 flood events at JONOr rVEr DASIN. .......ccevviieiieececeere e 62

Xiii



Figure 3.9: Scatter plots comparisons of daily mean precipitation for satellite
precipitation products versus rain gauge observation for Kelantan, Langat and Johor river
0 ] S PTRRP 65

Figure 3.10: Comparison of the (a) coefficient of determination (R?), (b) coefficient of
Pearson Correlation (CC), (c) percentage bias (PBias), (d) mean absolute error (MAE),
(e) root mean square error (RMSE) and (f) normalized root mean square error (NRMSE)
for three SPP versus rain gauge observations over Kelantan, Langat and Johor river basins
during 2014-2015 FlOOd BVENLS. ......ccveiieiieiie e sre e 67

Figure 3.11: Rain Detection Capability of SPP in (a) Kelantan, (b) Langat and (c) Johor
V=T o T RSP RP 69

Figure 3.12: The Heidke Skill Score (HSS) of three satellite precipitation products
(CMORPH, TRMM and PERSIANN) for storm thresholds ranging from 10 mm to 100
mm in Kelantan river DaSIN ..o 71

Figure 3.13: The Heidke Skill Score (HSS) of three satellite precipitation products
(CMORPH, TRMM, and PERSIANN) for storm thresholds ranging from 1 mm to 20 mm
IN Langat FiVer DASIN.......cc.ooii e 72

Figure 3.14: The Heidke Skill Score (HSS) of three satellite precipitation products
(CMORPH, TRMM, and PERSIANN) for storm thresholds ranging from 1 mm to 30 mm
1IN JONOK FIVEN DASIN ..o 73

Figure 4.1: (a) Location of study area. (b) Distribution of gauge stations and DEM of the
LaNGat FIVEE DASIN. ......eiiiiiiie bbb 81

Figure 4.2: Daily mean precipitation series of selected flood events in Langat river basin

Figure 4.3: Frequency distribution of daily precipitation of selected flood events in Langat
Y= o= L [ USRS 82

Figure 4.4: Time series of daily rainfall data (mm/day) and daily accumulated rainfall
data (mm) of gauge observations, raw and bias-corrected satellite estimations for selected
flood events in Langat rver Dasin. ... s 88

Figure 4.5: Quantile-Quantile plots of raw and corrected satellite estimations versus
gauged observations for every flood event in Langat river basin. ...........cccoccevcviiveivennnne 90

Figure 4.6: Scatter plots of statistics of the rain gauge (RG) precipitation versus raw and
corrected satellite precipitation eStimations. ..........cccovvveiieiii e 92

Figure 4.7: Boxplot of the parameters used in BC for every satellite estimation. [(a)
Parameter s for LS scheme, (b) Parameter ¢ for LOCI scheme, (c) Parameters a and (d) b
TOF PT SCNEIME] ...t bbb 96

Figure 4.8: Sample histogram of bootstrap values for 1000 random samples. ............... 96

Xiv



Figure 5.1: Schematic diagram for the setup of HEC-HMS hydrological modeling system.

Figure 5.2: Overall hydrologic SImulation ProCESS..........c.coovrireiieiieieiese e 106

Figure 5.3: Comparison of daily mean precipitation series between interpolated RG
observations and selected SPP estimations for 2014-2015 flood events at Langat river
0T ]| SRS SRS ORRPS 109

Figure 5.4: Comparison of runoff hydrograph for 2014-2015 flood events.................. 111

Figure 5.5: Comparison of raw and bias-adjusted (a) TRMM, (b) CMORPH and (c)
PERSIANN simulated flow and RG calibrated flow for 2014-2015 flood events at Langat
V=T o | o ST RSOSSN 115

Figure 5.6: Flow duration curves of raw and bias-adjusted SPP simulated flows......... 117

XV



LIST OF TABLES

Table 2.1: Recommended minimum densities of rain gauge stations...............c.cccevenna. 21
Table 3.1: Information about satellite precipitation products (SPP)........ccccccoveviieiennnnne 46
Table 3.2: Contingency table for comparing gauge and satellite precipitation estimate 55

Table 3.3: Highest areal rainfall of each interpolation method during 2014-2015 flood
BVBINTS. ...t 56

Table 3.4: Statistical analysis of SPP versus rainfall interpolation methods for the 2014-

2015 FlOOU BVENTS. ...ttt bbbttt b et 66
Table 3.5: Overall rain detection capability of each precipitation product..................... 70
Table 4.1: Overview of SOme BC SChEMES. ........coiiiiiiiiiic e 77
Table 4.2: Selected flood events for this StUAY ..........ccoceieiiriniiinecce e 81

Table 4.3: Inter-correlation of rain gauge observations between selected flood events in
LaNGat FIVEE DASIN. ... bbb 82

Table 4.4: Statistical Results of Raw Satellite Estimations for the overall Langat river

Table 4.5: Nash-Sutcliffe EffICIENCY.......ccoiiiiiiccecece e 89

Table 4.6: Statistical analysis of original and corrected satellite estimations versus gauged
observations at Langat Fiver Dasin............c.coveiiiiie i 93

Table 4.7: The mean, resampled mean and 95% confidence interval (95% CI) for every
parameter applied 0N the SPP. ... 97

Table 5.1: Classification of performance of NSE of models............cccocoovvviiiiiinnennne. 107

Table 5.2: Statistical analysis of raw and bias-adjusted SPP versus IDW-interpolated RG

observations for the 2014-2015 flood events at Langat river basin.............ccccocvveneee. 109
Table 5.3: Optimized model parameter sets of HEC-HMS model .............c..ccoeenen. 111
Table 5.4: Calibration result for every sub-event...........ccccoeeiiiiiiii e, 112
Table 5.5: Statistical result for raw and bias-corrected TRMM streamflow................. 116
Table 5.6: Statistical result for raw and bias-corrected CMORPH streamflow ............ 116

Table 5.7: Statistical result for raw and bias-corrected PERSIANN streamflow ......... 116

XVi



ACC
AM

AMSR-E

AMSU
ANNSs
AO

APHRODITE

ARIMA
AWS
BC

CcC
CERES
Cl
CMORPH
CN
CONUS
CSlI

Cv
DEM
DID

DT
EASM
EAWM
EM

EMS

LIST OF SYMBOLS AND ABBREVIATIONS

Accuracy
Arithmetic Mean

Advanced Microwave Scanning Radiometer for Earth
Observing System

Advanced Microwave Sounding Unit
Anrtificial Neural Networks
Arctic Oscillation

Asian Precipitation — Highly — Resolved Observational
Data Integration Towards Evaluation

Auto-Regressive Integrated Moving Average
Automatic Weather Stations

Bias Correction

Coefficient of Pearson Correlation

Clouds and the Earth's Radiant Energy System
Confidence Interval

Climate Prediction Center (CPC) morphing technique
Curve Number

Continental United States

Critical Success Index

Coefficient of Variation

Digital Elevation Model

Drainage and Irrigation Department

Decision Tree

East Asian Summer Monsoon

East Asian Winter Monsoon

East Malaysia

Electromagnetic Spectrum

XVil



FAR : False Alarm Ratio

FR : Frequency Ratio

GBHM : Geomorphology-Based Hydrological Model

GEO : Geostationary

GES-DISC ; Goddard Earth Sciences Data and Information Services
Center

GIS : Geographical Information System

GOES-IR : Geosynchronous Satellite Longwave Infared Imagery

GPCC : Global Precipitation Climatology Center

GPCP : Global Precipitation Climatology Project

GPM : Global Precipitation Measurement Mission

GSMaP : Global Satellite Mapping of Precipitation

HBV : Hydrologiska Byrans Vattenbalansavdelning

HEC-HMS : Hydrologic Engineering Center’s Hydrologic Modelling
System

HIMS : Hydro Informatic Modelling System

HSS : Heidke Skill Score

IDW ] Inverse Distance Weighting

IM 3 Inter-monsoon

IMERG : Integrated Multi-satellitE Retrievals for GPM

IOP : Indian Ocean—western Pacific

IR : Infrared

JAXA : Japan Aerospace Exploration Agency

LEO : Low Earth Orbiting

LOCI : Local Intensity Scaling

LR : Logistic Regression

LS : Linear Scaling

LSM ; Land Surface Model

MAE : Mean Absolute Error

Xviil



MMD
NASA
NEM
NOAA
NRMSE
NSE
NWP
OK
PBias
PED

PERSIANN

PERSIANN-CCS

PM
PMW
POD

PT

QME
QMG

QQ plots
RZ

RCM

RG

RMSE
SAC-SMA
SCS-CN
SD

SH

Malaysian Meteorology Department

National Aeronautics and Space Administration
Northeast Monsoon

National Oceanic and Atmospheric Administration
Normalized Root Mean Square Error
Nash-Sutcliffe Efficiency

Numerical Weather Prediction

Ordinary Kriging

Percent Bias

Parameter Efficient Distributed

Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks

PERSIANN-Cloud Classification System
Peninsular Malaysia

Passive Microwave

Probability of detection/ Hit rate

Power Transformation

Quantile mapping based on an Empirical distribution
Quantile Mapping based on a Gamma distribution
Quantile-Quantile plots

Coefficient of Determination

Regional Climate Models

Rain Gauge

Root Mean Square Error

SACramento Soil Moisture Accounting

Soil Conservation Service Curve Number
Standard Deviation

Siberian High

XiX



SP

SPP
SWAT
SWM
TMI
TMPA
TP
TRMM
USACE
VIC
VIS
VPR
WCN
WMO
WoE

WPSH

Spline

Satellite Precipitation Products

Soil Water Assessment Tool
Southwest Monsoon

TRMM Microwave Imager

TRMM Multi-satellite Precipitation Analysis
Thiessen Polygon

Tropical Rainfall Measuring Mission
United State Army Corps of Engineers
Variable Infiltration Capacity

Visible

Vertical Profile of Reflectivity
Weighted Curve Number

World Meteorological Organization
Weight of Evidence

Western Pacific Subtropical High

XX



LIST OF APPENDICES

Appendix A: List of Selected Rain Gauge Stations ....cceeeveeieeeeecennnnnnnn. 142
Table Al: Rain Gauge Stations in Langat River Basin.......................... 142
Table A2: Rain Gauge Stations in Kelantan River Basin........................ 143
Table A3: Rain Gauge Stations in Johor River Basin............................ 144

XXi



CHAPTER 1: INTRODUCTION

1.1 Background of Study

Climate change is the most significant threat to living beings in this world. Recent
seasons have shown the effects of climate change in the form of extreme temperature and
precipitation regimes, increasing global sea level and so on. In most of the regions in this
world, extremities in weather condition cause flooding, which is one of the most
widespread of hydro-meteorological hazards that can be particularly disruptive, leading
to widespread collapse of infrastructure (Khan et al., 2011; Scofield & Kuligowski, 2003;

Seyyedi et al., 2014).

In order to identify the trends in the statistics of historical streamflow, reliable climatic
information is critical for climate analyses and for verification of climate model
simulations (Easterling et al., 1999; Moazami et al., 2013). Rainfall data or precipitation
is an important input required for water resource management, hydrologic and ecologic
modeling, recharge assessment, and irrigation scheduling (Behrangi et al., 2011; Jiang et
al., 2012; Mair & Fares, 2010; Su et al., 2008). Unfortunately, the extreme transience and
spatial inhomogeneity of rainfall make it one of the most challenging variables to quantify
as an input to hydrological models, particularly in regions for which surface gauge and

radar observations are sparse (Gu et al., 2010).

Satellite precipitation products (SPP) have been emerging as one of the most important
precipitation data sources in hydrology, climatology and meteorology studies for the last
few decades. These products have been successfully applied in studying the precipitation
patterns at global scale as well as regional scale. These remotely sensed data have several
advantages over the traditional measurements including higher spatial resolution and
uninterrupted coverage and hence beneficial over the ungauged catchments, especially

mountainous and oceanic regions (Behrangi et al., 2011; Collischonn et al., 2008; de



Coning, 2013; Gado et al., 2017; Moazami et al., 2013; Tian et al., 2009). Various new
global high-resolution SPP have been operationally available, including the National
Oceanic and Atmospheric Administration (NOAA) Climate Prediction Center morphing
technique product (CMORPH) (Joyce et al., 2004), the Tropical Rainfall Measuring
Mission (TRMM) Multi-satellite Precipitation Analysis products (TMPA) (Huffman et
al., 2007), the Precipitation Estimation from Remotely Sensed Information using
Artificial Neural Networks (PERSIANN) (Hsu et al., 1997; Sorooshian et al., 2000), the
Global Satellite Mapping of Precipitation (GSMaP) (Kubota et al., 2007), and so on.
These SPP have provided quasi-global high-temporal (<3 h) and spatial (<0.25°)

resolution precipitation maps.

Although SPP have been widely used in various meteorological models, these satellite
estimations are still imperfect and prone to systematic and random errors associated with
observations, sampling, and retrieval algorithms. (Dinku et al., 2009; Jiang et al., 2018;
Pereira Filho et al., 2010; Piani et al., 2010; Teutschbein & Seibert, 2013; Villarini et al.,
2009; Vu et al., 2018). The models could augment or suppress rainfall biases to the
streamflow based on the response mode of the model (Fang et al., 2015; Habib et al.,

2014; Segond et al., 2007).

In this study, three advanced SPP, including TRMM 3B42 Version 7 (V7), CMORPH
and PERSIANN were utilized in conjunction with the rain gauge ground observations to
investigate the rainfall pattern specifically during extreme flood events due to Northeast
Monsoon (NEM). The three selected river basins, i.e. Langat, Kelantan and Johor river
basin are located at the west, north and south parts of Peninsular Malaysia, respectively.
Later, this study attempts to improve these selected SPP with different approaches of bias
correction schemes followed by assessing their suitability and performance in predicting

runoff through the hydrological simulation.



1.2 Identification of Problem
1.2.1 Recent floods in Malaysia

Malaysia, of which the weather is hot and humid all year round, receives an average
rainfall of about 2500 mm annually and this country is susceptible to extreme flooding
events especially in the East Coast of Peninsular Malaysia. In recent years, flooding
events are increasing in terms of frequency and impact. For example, the 2014-2015
floods in Malaysia have been described as the worst flood in decades. The damages
caused by this flood has affected badly the people causing them great devastation,
especially when it comes to the loss of homes and other infrastructures. Theoretically,
this flood happened due to NEM and suppose only the East Coast of Peninsular Malaysia
will be affected. However, during this event, more than half of the Peninsular Malaysia,
including those regions at the central part and west side, were affected and most of the
rivers had reached dangerous levels. More than 200,000 people were affected and 21
people were killed due to this natural disaster (Akasah & Doraisamy, 2015). According
to the senior meteorological officer from the Malaysian Meteorological Department,
Mohd Hisham Mohd Anip, a full moon became the cause for the high tide in addition to
the presence of the northeast monsoon winds that blowing consistently across the South
China Sea from November until March 2015. He added, incessant rainfall caused water

from the upstream to not reach the confluence and resulted in an overflowing river.

1.2.2 Rainfall measurement

Precipitation or rainfall is the key input for hydrometeorological modeling and
applications. The accuracy and reliability of hydrologic studies heavily depend on the
availability of good quality precipitation estimates. Precipitation measurements can be
conducted as ground-based precipitation measurements (such as rain gauge and radar

networks) and satellite-based precipitation measurements. Rain gauges provide a direct
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physical measurement of the surface precipitation; however, they are susceptible to
certain errors such as the size of collectors, evaporative loss, out-splash, leveling, siting
of gauges, the effect of wind, etc. (Strangeways, 2004). Moreover, establishing and
maintaining the infrastructure of the rain gauge and radar network is costly. These
networks are also either sparse or non-existent in remote parts of the world and in
developing countries. This situation is further exacerbated in regions with complex
topography where precipitation is characterized by high spatio-temporal variability. In
these regions, rain gauges are generally located in lowland due to accessibility
considerations, thus underrepresenting the precipitation occurring in highland. SPP are
perhaps the only source to fill this important gap. SPP retrieval algorithms enable the
representation of high space-time variability of precipitation field with quasi-global
coverage hence they are potentially attractive for hydrologic modeling studies in data-

sparse regions.

In order to identify the trends in the statistics of historical streamflow, reliable climatic
information is critical for climate analyses and for verification of climate model
simulations (Easterling et al., 1999; Moazami et al., 2013). Rainfall data or precipitation
is an important input required for water resource management, hydrologic and ecologic
modeling, recharge assessment, and irrigation scheduling (Behrangi et al., 2011; Jiang et
al., 2012; Mair & Fares, 2010; Su et al., 2008). However, it is difficult to determine the
amount of rain that falls across the world as the temporal and spatial distribution of

rainfall is not even (Gu et al., 2010).

Rain gauge was the most common instrument used to measure how much rain has
fallen. There are several types of rain gauge that are usually used to collect rainfall depth
such as tipping-bucket rain gauge, weighing precipitation gauge, and telemetering rain
gauge. According to Suhaila et al. (2010), since year 1975 to 2004, the Malaysian

Meteorology Department (MMD) and Drainage and Irrigation Department (DID) had
4



collected the daily rainfall data from 30 rain gauge stations from four regions, i.e.
northwest, west, southwest, and east over Peninsular Malaysia. This instrument was
cheap and easy to install and calibrate and had been used for decades, and thus the only
available information from which to derive long records of reference precipitation
(Tapiador et al., 2012). However, these precipitation measuring stations sometimes fail

in providing a continuous record of precipitation.

Precipitation can also be estimated using weather radar due to its continuous spatial
coverage (Habib et al., 2012) but it has difficulties in hardware calibration (Yilmaz et al.,
2005). The area covered by weather radar is still limited; the precipitation can be
undetected, or the rate can be underestimated as the distance from the radar increases.
(Diederich et al., 2015; Gu et al., 2010; Scofield & Kuligowski, 2003). Moreover, the
accuracy of the reflectivity values can be influenced by fixed targets such as ground

clutter, beam block or anomalous propagation (de Coning, 2013; Diederich et al., 2015).

Although SPP have been widely used in various meteorological models, these satellite
estimations are still imperfect and prone to systematic and random errors associated with
observations, sampling, and retrieval algorithms. (Dinku et al., 2009; Pereira Filho et al.,
2010; Piani et al., 2010; Teutschbein & Seibert, 2013; Villarini et al., 2009). Also, the
models could augment or suppress rainfall biases to the streamflow based on the response

mode of the model (Fang et al., 2015; Habib et al., 2014; Segond et al., 2007).

In February 2014, the Global Precipitation Mission (GPM) (Hou et al., 2014) was
launched as a follow-on to TRMM and the objective was to observe global precipitation
more frequently and more accurately than TRMM. The GPM design is based on the
improvement of the shortcomings of TRMM and hence an in-depth study of the

performance of TRMM could provide the basis for a study on GPM improvements. Yet,



despite having a significant period of rainfall records, extensive studies of TRMM

accuracy in measuring rainfall in South East Asia, specifically in Malaysia, are sparse.

1.2.3  Studies of SPP in Malaysia

In the past, studies about the evaluation of SPP in Malaysia appear to be limited.
Varikoden et al. (2010) evaluated the performance of TRMM 3B42V6 rainfall data in
Peninsular Malaysia which covers only about 40% of the total area of Malaysia and this
study using only four precipitation gauges for the purpose of validation. Semire et al.
(2012) validated the various version of TRMM Microwave Imager (TMI) such as 2A12,
3B42V6, 3B43V6, and Global Precipitation Climatology Center (GPCC) with the
monthly precipitation data collected over 10 years (2001-2010) from 22 precipitation
gauges distributed over Malaysia. Both studies showed that 3B43V6 performs well over
Malaysia, with a +15% error bias at monthly scale. However, these studies were

conducted at monthly scale and compared only few SPP, thus limiting their conclusions.

Later, Tan et al. (2015) compares daily, monthly, seasonal, and annual rainfall amount
at 342 rain gauges over Malaysia using the five SPP (3B42RT, 3B42V7, GPCP (Global
Precipitation Climatology Project) 1DD, PERSIANN, and CMORPH) and a ground-
based precipitation product (APHRODITE - Asian Precipitation — Highly — Resolved
Observational Data Integration Towards Evaluation). In their study, they assessed the
accuracy and spatial variations of each SPP by regions and found that the SPP performed
better in the northeast monsoon (NEM) than in the southwest monsoon (SWM). Also, the
SPP’s performance was the best in the regions receiving higher annual precipitation such
as eastern and southern Peninsular Malaysia and northern East Malaysia. By contrast,
poor SPP performance occurred over western Peninsular Malaysia which is characterized

by low rainfall amounts since it is sheltered by the Titiwangsa Range and Sumatra. They



also concluded that the TRMM products outperformed the PERSIANN product for this
country particularly in estimating precipitation during the 2006-2007 flood event.
Generally, this study was just focused on the comparison between the original SPP
estimations and the capability of SPP in recent years remains unclear as the assessment
period of this study is only from 2003 to 2007. More comprehensive comparisons of
various SPP can not only provide guidance on the selection of better products over
Malaysia for local application but also offer insight into the strengths and weaknesses of
different satellite products over this typical tropical climatic zone, enabling further

improvement of the satellite products.

1.3 Research Questions
Based on the problem statements described in Section 1.2, the following research

questions were addressed.

i.  Which rainfall interpolation methods is suitable to convert the point-based rain
gauge network to a gridded surface at the same resolution of the satellite data?
ii.  How do the latest SPP perform during recent extreme floods in various river basins
of Peninsular Malaysia?
iii.  How to improve the available SPP estimations so that more accurate prediction of
extreme events can be achieved?
iv.  After improvement, are these improved SPP able to replace the rain gauge

observations and driven in hydrological modeling?



1.4 Objectives of the Study
The main goal of this study is to assess the suitability and performance of the selected
SPP in predicting runoff through hydrological simulation during the 2014-2015 flood

event. In order to achieve the goal, the main objectives of this research are as follows.

i. To validate various spatial interpolation methods to be adopted on the rain gauge
network before comparing with the grid-based satellite estimations.

ii. To evaluate the performance of satellite precipitation products (SPP) during
extreme floods at three different geographic locations of Peninsular Malaysia.

iii. To infer the improvement that can be made using SPP so that more accurate
predictions of extreme events can be achieved.

iv. To simulate rainfall-runoff during selected events based on raw and improved SPP

estimations.

1.5 Scope of the Study

The present study attempts to evaluate three advanced SPP including TRMM 3B42
Version 7 (V7), CMORPH and PERSIANN during a huge tragedy of flood that happened
at the end of 2014 in the three different river basins, i.e. Langat, Kelantan and Johor river
basin located at the west, north and south parts of Peninsular Malaysia, respectively. The
study was divided into four sections. Firstly, before comparing the rain gauge
observations with the selected SPP estimations, a comparative evaluation of a set of
interpolation methods including the Arithmetic Mean (AM) (Anctil et al., 2006; Creutin
& Obled, 1982; Shaw & Lynn, 1972), Thiessen Polygon (TP) (Thiessen, 1911), Inverse
Distance Weighting (IDW) (Di Piazza et al., 2011; Ly et al., 2011; Ly et al., 2013;
Wagner et al., 2012), Ordinary Kriging (OK) (Buytaert et al., 2006; Zhang & Srinivasan,

2009) and Spline (SP) (Franke, 1982; Hutchinson, 1995; Mitas & Mitasova, 1988; Tait et



al., 2006) was performed on the rain gauge network for all river basins using the
Geographical Information System (GIS) platform, to identify the most suitable spatial
interpolation methods to be compared with the gridded surface SPP estimations. Next,
the gridded surface rain gauge observations will be compared with the selected SPP
estimations and the performance in terms of rainfall pattern, detection and capturing storm

ability were assessed.

Later, this study attempts to improve the SPP estimations by adopting bias correction
(BC) schemes including the Linear Scaling (LS) (Lenderink et al., 2007), Local Intensity
Scaling (LOCI) (Schmidli et al., 2006) and Power Transformation (PT) (Leander &
Buishand, 2007) methods to produce more accurate prediction before the data are ready
to be input in the hydrologic modeling. It is found that studies regarding the BC on SPP
estimations in Malaysia appear to be limited. Finally, the simulation process was carried
out to simulate the rainfall-runoff during the 2014-2015 flood events based on the raw
and improved (LS, LOCIl and PT) SPP estimations (TRMM, CMORPH, and PERSIANN)
that had been performed previously. The Hydrological Modelling System (HEC-HMS)
was employed to validate the performance of the raw and bias-adjusted SPP simulated
flows with rain gauge model parameters. Figure 1.1 shows the design framework for this

research where it illustrates the overall process and the flow of work.



Figure 1.1: Conceptual framework of research
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1.6 Significance of the Study

Precipitation or rainfall is a vital element in the hydrological cycle regardless of
whether one is primarily concerned with climate-scale, regional, or local hydrology.
Nevertheless, the extreme transience and spatial inhomogeneity of rainfall make it one of
the most challenging variables as an input to the hydrological models particularly in the
regions for which their rain gauges and radar observations are sparse. Hence, accurate
and reliable precipitation information is therefore necessary to ensure better water
resources management and decision-making. At present, there are several SPP are freely
available publicly of which their huge potential benefits should be explored by the
hydrological community as an alternative source to overcome the limitation of ground
observation techniques. Recent development in SPP estimations is the multi-sensor
technique that combines the advantages of both geostationary (high temporal resolution)
and polar-orbiting satellites (direct relation) data. Malaysia, as a tropical country, is prone
to annual flooding while experiencing a major flooding event at least once every five
years where multiple states are affected. Towards the end of the year, northeast monsoons
cause massive heavy downpours of rain, particularly in the eastern states. Despite several
flood mitigation initiatives, forecasting and warning system efforts have been undertaken
by the various agencies, particularly the DID, under the Ministry of Natural Resources
and Environment, present countermeasures remain insufficient as experienced during the
December 2014 — January 2015 flood crisis, where close to 250,000 residents were
displaced. Since not many studies had been implemented in Malaysia, these advance
satellite data are important and crucial to be investigated for this country. Also, evaluation
of atmospheric parameters between ground observation and satellite image should be
done by our researchers in Malaysia so that future researchers can make use of these

alternative data other than rain gauge to predict future events in Malaysia. Moreover, this
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will be beneficial for the SPP's sensor and algorithm developers to assess the capability

of SPP in high precipitation variability regions.

1.7 Organization of the Thesis

The thesis comprises of six chapters dealing with various aspects of dynamic response
and probabilistic analysis. Chapter 1 gives general introduction of the research. Chapter
2 reviews various papers that have been done in order to have a better understanding and
explanation of the relevance of the study. This part is much helpful as a good research

study can only be achieved when there is a good basic knowledge of the study.

Chapter 3 provides a thorough evaluation of the selected SPP estimations for 2014-
2015 extreme flood events that happened in the three different river basins in Peninsular
Malaysia, i.e. Langat, Kelantan, and Johor river basins. This chapter covered the first and
second objectives of this research. The first approach is the validation of the spatial
interpolation methods applied to the rain gauge network. Next, the comparison between
SPP and interpolated rain gauge observations at different geographic locations of the
selected river basins were conducted. The third approach is the assessment of rain

detection and capturing storms abilities by these selected SPP at those river basins.

Chapter 4 provides bias-adjustment for the SPP estimations. This chapter attempts to
improve the SPP estimations by adopting bias correction (BC) schemes and produce more
accurate predictions (Refer to the third objective) before the data are ready to be input in
the hydrologic modeling. The selected bias correction schemes are described. Next, this
section provides a comparative analysis between the raw and bias-adjusted SPP
estimations. Moreover, in order to evaluate the uncertainty of the BC parameters applied
on the SPP rainfall and whether these parameters can be applied in a similar event of

different time period, this chapter has included an addition of four flood events of the
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same month as 2014-2015 floods (December and January) for the purpose of sensitivity

analysis.

Chapter 5 covers the final objective of this research whereby both raw and bias-
adjusted SPP estimations will be applied to the hydrological modeling (HEC-HMS). The
purpose of this chapter is to demonstrate the applicability of SPP in flood prediction using
rain gauge optimized parameters. Description of the model and simulation process are
discussed in this chapter. Apart from that, this section provides a comparative analysis of

flood prediction with and without bias-adjustment SPP estimations.

Finally, Chapter 6 draws the conclusions for every objective of this research and

provides general recommendations for future studies.
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CHAPTER 2: LITERATURE REVIEW

2.1 Introduction

This literature review aims to address various aspects of the use of satellite
precipitation products (SPP) for hydrological applications. This chapter will first describe
the monsoon weather systems in Southeast Asia followed by that for Malaysia
specifically. Next, a review on different types of rainfall measurements including the
ground-based measurements and remote sensing technologies is discussed. SPP is the
main concern of this research, a review of SPP estimation techniques and different types
of error depending on the quality of the measurements made by the sensors as well as
climate, topography, season, and the local climatic regime was present. Finally, this

chapter discusses SPP-forced hydrological modeling.

2.2 Monsoon weather systems in Southeast Asia

Southeast Asian countries include East India, South China, Myanmar, Laos, Vietnam,
Thailand, Malaysia, Singapore, Kampuchea, Indonesia, Borneo, the Philippine islands,
Portuguese Timor and western New Guinea as illustrated in Figure 2.1. These countries
are influenced by the monsoon which is a large-scale seasonal reversal of the wind regime

(Serreze & Barry, 2010).
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Figure 2.1: Southeast Asia

Monsoonal areas receive summer rainfall maximums and most of the double rainfall
maximums. This monsoon not only influences Asian countries but also breaches beyond
the tropical latitudes. Monsoon rainfall can also affect regions that were not originally
considered as monsoonal (Serreze & Barry, 2010). The two main monsoon regimes are
specifically named the northeast monsoon (winter monsoon), which happens from
November to March annually, and the southwest monsoon (summer monsoon) from late
May to September. Furthermore, October is the transition month from the southwest to
northeast monsoon seasons (Cruz et al., 2013). The East Asian summer monsoon
(EASM) happens when rainfall reaches a maximum during the boreal winter, whereas the
East Asian winter monsoon (EAWM) happens during boreal summer where rainfall
reaches maximum. The EAWM is an atmospheric flow over Asia and is varies greatly

depending on the Siberian High (SH) and the Arctic Oscillation (AO) (Wang et al., 2012).
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The SH refers to the semi-permanent system that accumulates cold, dry air in
northeastern Siberia. It reaches its maximum intensity in winter and accounts for the
lowest temperatures and the highest pressures in weather systems. On the other hand, the
AO, also known as the Northern Hemisphere annular mode of atmospheric circulation, is
categorized into two phases by looking at the characteristics of the wind that circulates
the Arctic in an anti-clockwise direction (NOAA, 2012). When the wind is strong, the
circulation remains in the Arctic Circle. This is termed as the positive phase. During the
negative phase, the high pressure at the North Pole and lower pressure at mid-latitudes
(0SS, 2013) result in the wind moving towards the tropics. The weather and climate of
the Arctic affect the monsoon seasonality indirectly. The Arctic ice sheets control the
intensity of SH which influences the EAWM - a strong SH results in a strong EAWM.
This is also recorded by the methods of measuring the grain size of loess done by many
scientists as an indicator of the intensity of EAWM. A stronger wind is able to carry
coarser dust (Wang et al., 2012). Chinese loess records showed that there has been an
increase in grain size suggesting that the strength of the EAWM has increased during the
Holocene (Wang et al., 2012). The increased dust deposition has been associated with

drier and cooler EAWM conditions (Porter, 2001).

The EASM however, is dominated by the Western Pacific Subtropical High (WPSH)
(SOEST, 2013; Wang et al., 2013; Zhou et al., 2009). Findings of the study done by Wang
et al. (2013) showed that positive WPSH-ocean interaction can provide a source of
climate predictability and highlight the importance of subtropical dynamics in
understanding monsoon and tropical storm predictability. Zhou et al. (2009) stated that
the change in atmosphere temperature partly affected the WPSH which directly influences
the EASM. Since the late 1970s, the WPSH had shifted westward for reasons unknown
to date. Referring to the study of Zhou et al. (2009), the westward shift of the WPSH from

the mean position of the western edge (133.5°E) is 14° during the 1980-1999 (119.5°E).
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It was suggested that the westward shift of EASM is due to the atmosphere's response to
the observed Indian Ocean—western Pacific (IOP) warming (Huang & Yan, 1999; Zhou
et al., 2009). The Himalayan uplift or the Tibetan Plateau is also another factor that
influences the monsoon rainfall onset dates (Kilaru et al., 2013). The rate of growth of
the Tibetan Plateau was faster than its erosion process possibly (Mishra & Kumar, 2014).
The decrease in rainfall over major parts of the region may account for the slow erosion
process. This has been argued as a factor that promoted the monsoon strengthening in
Asia (Reuter et al., 2013). The increased convection at high temperatures results in more
rainfall in the leeward region. This may also be a contributor to the flooding in Indian

regions.

2.3 Weather of Malaysia

Malaysia is located at Southeast Asia and lies near the Equator, between 1°-8°N
latitude and 99°—120°E longitude. Malaysia has a total land area of 329,758 km? of which
is divided into two main parts: (1) Peninsular Malaysia (PM) (131,598 km?), located in
the south of continental Eurasia; and (2) East Malaysia (EM) (198,160 km?) in the
northwestern coastal area of the island of Borneo. The two areas are 531 km apart,

separated by the South China Sea.

Malaysia has a tropical rainfall climate. High temperatures and high humidity prevail
with an average temperature of 27°C. During the day, the temperature rises above 30°C
year-round and during the night temperature rarely drop below 20°C. Inland regions are
slightly cooler, with an average daytime temperature of 26°C, while the upper altitudes

have an average daytime temperature of 23°C.

The climate of Malaysia is subjected to the Southeast Asia Maritime Continent

monsoon, which is part of the larger Asian—Australian monsoon system (Tangang et al.,
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2012). According to Dale (1974), the rainfall pattern in Peninsular Malaysia was divided
into four periods based on the Southeast Asia monsoon, i.e. the southwest monsoon

(SWM), northwest monsoon (NEM) and two inter-monsoon (IM) seasons.

Precipitation from the NEM starts in November and ends in February, while the SWM
brings rain from May to August. The NEM brings heavy precipitation on the east coast
of Peninsular Malaysia and in the northeast of the East Malaysia region as a result of
orography, while the SWM brings relatively less precipitation, particularly on the west
coast of the PM because of the shield provided by Indonesia. By contrast, the two IM
seasons, i.e., from March to April and from September to October, bring heavy

precipitation that normally occurs as convective rain.

2.4 Ground-based rainfall measurement
2.4.1 Rain gauge measurement

Rain gauge, also known as an udometer, pluviometer, or an ombrometer (as shown in
Figure 2.2) was the most common instrument used to measure how much rain has fallen.
There are several types of rain gauge that are usually used to collect rainfall depth such
as tipping-bucket rain gauge, weighing precipitation gauge, and telemetering rain gauge.
This instrument measures directly the precipitation and had been the only available
information from which to derive long records of reference precipitation over many years
(Tapiador et al., 2012; Yilmaz et al., 2005). However, rain gauges are considered as point
measurement which cannot represent for the environment (de Coning, 2013; Habib et al.,
2012). Also, many regions of the world including developing countries, oceans and
mountains are ungauged (Behrangi et al., 2011; Collischonn et al., 2008). Apart from
that, the instruments do malfunction and back-up systems may not always provide

accurate data (Strangeways, 2004).
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Rain gauges also may underestimate on true precipitation due to significant bias arising
from coarse spatial resolution, location, wind, and mechanical errors (de Coning, 2013;
Groisman & Legates, 1994; Yilmaz et al., 2005). Precipitation can also be estimated using
weather radar due to its continuous spatial coverage (Habib et al., 2012) but it has
difficulties in hardware calibration (Yilmaz et al., 2005). The area covered by weather
radar is still limited, the precipitation can be undetected or rate can be underestimated as
distance from the radar increases. (Diederich et al., 2015; Gu et al., 2010; Scofield &
Kuligowski, 2003). Moreover, the accuracy of the reflectivity values can be influenced
by fixed targets such as ground clutter, beam block or anomalous propagation (de Coning,

2013; Diederich et al., 2015).

Figure 2.2: Rain Gauge

Rain gauge is cheap and easy to install and calibrate and has been used for decades,
and thus the only source available from which it is used to derive a long term records of
reference precipitation (Tapiador et al., 2012). However, it has several problems. Firstly,
these precipitation measuring stations sometimes fail in providing a continuous record of
precipitation. According to Suhaila et al. (2010), it was found that a percentage of missing

values was less than 10% for the period 1975 to 2004. Besides, the instruments do
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malfunction and back-up systems may not always provide accurate data (Strangeways,
2004). The rain gauges may underestimate the true precipitation due to significant bias
arising from coarse spatial resolution, location, wind, and mechanical errors (Groisman

& Legates, 1994; Yilmaz et al., 2005).

In order to determine the rainfall-runoff in the river basins, the spatial distribution of
rainfall over a basin is required. Rain gauges can provide only fractional coverage of the
overall spatial domain. Thus, this often resulted in inability to provide an accurate
representation of the variability in a rainfall field. Considering this, a network of gauges
(consisting of a series of gauges distributed throughout the basin) is used to produce a
spatial distribution and approximate rainfall accumulations at ungauged locations. Spatial
distribution of rainfall from point rain gauge values can be determined using various
spatial interpolation techniques such as Thiessen Polygon, Inverse distance weighting
(IDW), Kriging and Spline. Rainfall fields, however, often exhibit a high degree of spatial
variability (Tao, 2009) which is often uncaptured through the interpolation of point rain
gauge values that generally produce a uniform rainfall field (Sinclair & Pegram, 2005).
Previous researchers had investigated the effect of gauge network design on interpolation
accuracy. It was found that the interpolation accuracy of rainfall data sets was dependent
on the optimal network density and spacing (Rodriguez-lturbe & Mejia, 1974; Xu et al.,
2013). Nevertheless, optimal gauge density and spacing, for the most part, are never been
achieved in a river basin (Smith et al., 2007). Huff (1970) demonstrated that a rain gauge
network density of one gauge per 65 km? is required in order to achieve an average
sampling error in recorded rainfall accumulations of less than 5% for six-hour rainfall
accumulations. The density required, however, will change depending on operational
considerations. According to the United State Army Corps of Engineers (USACE)
(1996), the optimal network design should consist of evenly distributed gauges at a spatial
density determined by:
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N = A0S (2.1)

where N = the number of gauges, and A = the area of the basin in squared miles. The
World Meteorological Organization (WMO) (2008) recommends rain gauge network

densities dependent on catchment type (refer to Table 2.1).

Table 2.1: Recommended minimum densities of rain gauge stations

(WMO, 2008)
Physiographic Unit Area per station (km?)

Coastal 900
Mountains 250
Interior plains 575
Hilly/ undulating 575
Small islands 25

Polar/ arid 10,000

Highly variable rainfall fields have a demonstrated effect on runoff modeling
(Schilling & Fuchs, 1986). The effect of rainfall field variability was investigated by
Faures et al. (1995) who studied the effect of varying gauge density and placement on
hydrological modeling results for a watershed in southeastern Arizona, United State. By
varying the gauges used to generate the rainfall input for the model, they found that the
peak runoff and the runoff volume varied substantially with a coefficient of variation
which ranged from 9% to 76% and 2% to 65%, respectively. This study indicated that in
an environment dominated by high-intensity rainfall events with considerable spatial
variability, rain gauge density and placement can strongly influence predicted stream

flows from hydrological modeling, leading to an increase in model uncertainty results.
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The errors within gauge measurements due to systematic and calibration issues also often

lead to considerable error in subsequent modeling efforts.

2.4.2  Automatic Weather Stations (AWS)
In recent years, weather monitoring has become increasingly automated. This
automated weather system (as shown in Figure 2.3) consisting of the following major

components:

e A suite of meteorological sensors housed in instrument shields and connected to
a field processing unit (data-logger) by means of shielded cables

o A field-processing unit (data-logger) of data acquisition, processing, storage, and
data transmission; and

e Peripheral equipment such as stabilized power supply, modem, Dbuilt-in-

diagnostics and local terminals for manual entry, data editing, and display.

Figure 2.3: Meteorological Station in Mersing

(Source: Malaysian Meteorological Department)
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The AWS measures precipitation (amount of rainfall), atmospheric pressure,
temperature, humidity, wind speed and direction, and global solar radiation, updating the

data every minute, 24 hours a day without human intervention.

2.4.3 Weather radar
Radar is an acronym for ‘Radio Detection and Ranging’, and it is a ground-based and
active remote sensing equipment. The details on the use of weather radar in weather

forecasting will be explained in Section 2.5.1.

2.5 Remote Sensing Applications in Weather and Climate

Remote sensing refers to the activities of obtaining information about an object by a
sensor without being in direct contact with the object. Applications of remote sensing
span a wide range of fields, including meteorology, hydrology, oceanography, geologic
studies, etc. In the realm of meteorology, weather radar and satellites are the common
remote sensors in the weather and climate measurement due to the ways in which the
atmosphere and other earth systems interact with the electromagnetic spectrum (EMS)
(Figure 2.4). The detail on the principle of operation of weather radar and satellites will

be discussed in the next section.
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Figure 2.4: The Electromagnetic Spectrum
(Source: Laing & Evans, 2011)

Generally, remote sensing systems can be classified into active and passive types in
accordance with the source of electromagnetic radiation. Passive sensors (Figure 2.5a)
can only be used to detect radiation when the radiation is available. Remote sensing of
objects that reflect solar radiation is possible only when the sun is illuminating the earth.
Since there is no reflected radiation available from the sun at night, cloud images in the
visible channel are only available in the day. On the other hand, remote sensing of objects
in the thermal infrared channel can be performed day or night as long as the objects radiate

enough amount of thermal infrared radiation.

On the other hand, active sensors (Figure 2.5b) generate and transmit their own energy
and have the advantage of being independent of solar radiation and the time of the day. It
can be used for examining objects in wavelengths that are not sufficiently provided by
the sun, such as microwaves. However, active sensors require the generation of a fairly

large amount of radiation to adequately illuminate an object.
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Figure 2.5: Passive and active remote sensing

(Source: http://atlas.sansa.org.za/atlas-intro_to_rs.html)

2.5.1 Weather Radar

“Weather radar measurement is a complex process to make quantitative estimation of
rainfall due to involving complicated and sophisticated hardware with both electronic and
mechanical subsystems, signal processing, propagation and interaction of
electromagnetic waves through the atmosphere and with the ground, image analysis, and
quality control, physics of precipitation processes, optimal estimation and uncertainty
analysis, database organization and data visualization and hydrologic applications using
electromagnetic wave” (Krajewski & Smith, 2002). However, it was useful for the input
of runoff and flood prediction models, validation of satellite remote sensing algorithms
as well as for statistical characterization of extreme rainfall frequency. In the case of
rainfall, the raindrop size and distribution are related to the reflectivity using the Marshall-

Palmer reflectivity droplet size ratio, Z-R (Marshall and Palmer, 1948), following:

Z=aR" (2.2)

where Z is the reflectivity factor measured by the radar station (dbz), R is the rainfall
intensity (mm/hr), and a and b are empirical coefficients determined during calibration.

Figure 2.6 shows one of the weather radar stations in Miri, Sarawak, Malaysia and Figure
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2.7 shows a sample of radar observation provided by the Malaysian Meteorological

Department (MMD).

Figure 2.6: Weather radar in Miri, Sarawak, Malaysia

Figure 2.7: Sample of radar observation in Malaysia

(Source: MMD)
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Creutin et al. (2000) characterized three major sources of radar error for quantitative

precipitation estimation:

(1) Electronic instability and miscalibration of the radar system and Z-R relationship;

(2) Beam geometry; and

(3) Fluctuation in atmospheric conditions.

All three categories of errors can have a considerable effect on the ability to use radar
in hydrological modeling applications. According to Golding (2009), it is the above
sources of error that limit the widespread use of radar in hydrological modeling. The first
error outlined by Creutin et al. (2000) relates to the use of the Marshall-Palmer
relationship introduced in Equation (2.2) above. This relationship can be calibrated at
each radar location. Once calibrated, the coefficients are generally held constant (Steiner
& Smith, 2000). Each droplet, however, does not hold true to the same ratio. Furthermore,
the ratio does not hold true for each storm event and consequently will tend to either
underestimate or overestimate the rainfall rate. Vieux and Bedient (1998) and Morin et
al. (2006) investigated the effect of manipulating the Marshall-Palmer relationship on
simulated hydrographs and found that small manipulations in this relationship can cause
substantial changes in the simulated hydrograph. The second and third categories
identified by Creutin et al. (2000) are dependent on the radar environment. These errors
include beam broadening, clutter, anomalous propagation, visibility effects, variability in
time and space of the vertical profile of reflectivity (VPR), beam power attenuation and
issues related to the microphysics of precipitation. These errors affect the measurement
of reflectivity from the atmosphere and can result in substantial measurement uncertainty.
For example, Michelson and Koistinen (2000) demonstrated how beam broadening in a
study conducted in the Baltic Sea caused radar accuracy to deteriorate the further the

beam traveled. Furthermore, spatio-temporal sampling errors can result from the fact that
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radar measures rainfall at substantial heights above the ground. Between the measurement
location and the ground, the rainfall can move substantial lateral distances or even
evaporate before reaching the ground. Errors in reflectivity result in errors in the

subsequent rainfall estimation.

2.5.2 Weather Satellites

Satellite sensors are the only instrument to measure precipitation on a global scale with
short revisit time. In this era of globalization, there are various types of satellite products
used in the study of weather and climates. Figure 2.8 shows the global satellite

observation system.

Figure 2.8: The global satellite observation system

A distinction is made between sensors deployed on polar-orbiting and geostationary
satellites. Polar-orbiting satellites can sense the whole globe but have a relatively low

revisit time which limits its temporal resolution, whereas geostationary satellites hold a
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high temporal resolution but cover a limited but constant area. In addition, they operate
about two orders of magnitude higher in space compared to the polar-orbiting satellites.
Passive microwave (PMW) instruments have large antenna sizes and, consequently,
cannot operate on geostationary satellites. However, plans exist to deploy microwave
sounders on geostationary satellites (Lambrigtsen et al., 2006). The so-far deployed
visible (VIS) and infrared (IR) sensors retrieve information mainly from the cloud top.
Cloud top information is used to indirectly derive the precipitation rate, which can lead
to erroneous detection of precipitation from non-convective high clouds with cold cloud

tops (Kidd & Levizzani, 2011).

PMW sensors represent the second commonly used type of satellite instruments to
estimate precipitation from space. They provide a more physically complete image of the
atmospheric water content compared to VIS/IR satellite sensors (Levizzani et al., 2007).
Whereas low-frequency channels serve to directly detect medium-to-large water droplets
below the freezing level, high-frequency channels can infer smaller particles and
specifically ice particles indirectly from scattering above the freezing level. As a
downside, particularly the low-frequency channels have a coarse spatial resolution of
several tens of kilometers in diameter. In contrast, active microwave sensors reach much
higher spatial resolutions but with a very narrow swath width. Due to the low swath width,
these spaceborne radars commonly serve as a calibrator for PMW sensors or for case

studies

2.6 Satellite Precipitation Products (SPP)
Satellite precipitation estimates can be derived from a range of observations from
many different sensors, including Geostationary (GEO) satellites and Low Earth Orbiting

(LEO) satellites (Kidd & Huffman, 2011; Serrat - Capdevila et al., 2014). Five
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operational GEO satellites are required to ensure full West-East (and ~70 °N to 70 °S)
coverage and provide imagery on a frequent and regular basis (i.e., every 30 min). LEO
satellites generally cross the Equator at the same local time on each orbit, providing about
two overpasses per day. Rainfall can be inferred from visible images since thick clouds,
that are more likely to be associated with rainfall, tend to be brighter than the Earth’s
surface. Infrared (IR) imagery, which is available night and day, is potentially more useful
since heavier rainfall tends to be associated with larger, taller clouds with colder cloud
tops. Passive Microwaves (PMW) represent a useful alternative, as emissions from rain
droplets lead to an increase in PMW radiation and scattering caused by precipitating ice

particles leads to a decrease in PMW radiation.

A growing number of techniques have been developed that exploit the synergy
between polar-orbiting retrievals (infrequent, more direct) and geostationary observations
(frequent, less direct) and that blend IR radiances with PMW observations (Turk et al.,
2000). TMPA (Huffman et al., 2007), is one of the examples that ingests data from PMW
imaging with sounding sensors and geostationary IR data. Other techniques have used
Artificial Neural Networks (ANNSs) to derive precipitation estimates by combining
information from multi-channel and multi-sensor observations like the PERSIANN (Hsu
et al., 1997). Other techniques use IR data as a measure of cloud movement to morph the
PMW observations between successive satellite overpasses. Examples of current state-
of-the-art methodologies are the CMORPH (Joyce et al., 2004) and the GSMaP (Kubota
et al., 2007). Recently, the National Aeronautics and Space Administration (NASA) and
Japan Aerospace Exploration Agency (JAXA) GPM in coordination with the Goddard
Earth Sciences Data and Information Services Center (GES-DISC) released the Integrated
Multi-satellitE Retrievals for GPM (IMERG) (Huffman et al., 2015), which merges

precipitation estimates from PMW and IR sensors and monthly surface precipitation
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gauge analysis data to provide half-hourly precipitation estimates on a 0.1° grid over the

60° N-S domain.

2.7 Errors of Satellite Precipitation Estimations

Several studies had validated SPP through comparison with gauge and radar rainfall
estimates in different parts of the world and under different climatic conditions (Ebert et
al., 2007; Gottschalck et al., 2005; Maggioni et al., 2016; Stampoulis & Anagnostou,
2012; Tian & Peters-Lidard, 2010) and found that the SPP are subjected to different types
of error depending on the quality of the measurements made by the sensors as well as
climate, topography, season, and local climatic regime. In this section, we summarize the
main sources of errors of these products that may limit their use in hydrologic modeling

to monitor and predict floods.

2.7.1  The density of ground-based rainfall measurement

The errors in SPP are commonly assessed with respect to ground-based rainfall
measurements such as rain gauge or weather radar. Lacking a sufficiently dense rain
gauge coverage is the main obstacle for a proper evaluation of the satellite retrievals (Kidd
etal., 2017; Maggioni & Massari, 2018; Massari et al., 2017). Thus, this poses a challenge
not only for the mere validation of SPP but also for the understanding of how SPP
uncertainties propagate into hydrologic simulations and using rain gauge information for

correcting the bias in SPP prior to their use in hydrologic models.

For example, Anagnostou et al. (2010) presented cross-validation of the rainfall
gauges based on an independent small-scale in Oklahoma. As the rain gauge network was

relatively dense (100-m inter-gauge distances), they had demonstrated the need to
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benchmark reference data sources prior to their quantitative use in validating remote
sensing retrievals. This reference can be easily obtained from the United States, Europe,

Australia, and China that having relatively high rain gauge density (Refer Figure 2.9).

Figure 2.9: Number of stations used by the GPCC

(Source: The Climate Data Guide: GPCC: Global Precipitation Climatology
Centre)

In order to adopt the rain gauge measurements as the benchmark or reference points
for the evaluation and validation of SPP, the temporal sampling uncertainties (related to
observation frequency) and the spatial sampling error (related to rain gauge density) are
considered. In particular, temporal sampling uncertainties increase with the sampling
interval according to a scaling law and decrease with an increasing averaging area with
no strong dependence on local orography (Villarini et al., 2008). On the other hand,
spatial sampling uncertainties tend to decrease for increasing accumulation time, with no

strong dependence on the gauge location within the pixel or on the gauge elevation.
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2.7.2  Rain detection, systematic, and random errors of SPP

SPP estimations can be affected by detection, systematic, and random errors. Detection
errors include false alarms (when the satellite estimate is larger than zero, but in fact, it
does not rain) and missed rain (when the satellite estimate is zero, but there is rain at the
ground). When the satellite correctly detects rainfall, the estimated rain rate may be
characterized by systematic (or bias) and/or random errors. Biases arise from systematic
problems, whereas the random error depends on the remote sensing measurement
(retrieval error) and the lack of continuity in the coverage by LEO satellites (sampling
error) (Bennartz & Petty, 2001). Typical sources of retrieval error are due to beam-filling
issues and sub-pixel inhomogeneity in the rainfall field (Kummerow, 1998) and to the
difficulties in estimating the impact of solid hydrometeors (Bennartz & Petty, 2001).
Nevertheless, sampling errors are determined by the satellite orbit, swath width and
space-time characteristics of the rainfall fields themselves (Chang & Chiu, 1999). Errors
in rain detection and in precipitation rate estimation can both play an important role in

water cycle applications such as flood forecasting, land surface modeling, etc.

2.7.3  Seasonality, storm type, and topography

The performance of SPP can also be influenced by seasonal precipitation patterns, type
of storm, and topography (Dinku et al., 2010; Ebert et al., 2007; Gottschalck et al., 2005;
Moazami et al., 2013; Tian & Peters-Lidard, 2007). For instance, Ebert et al. (2007)
compared to near real-time SPP with numerical weather models in Australia, the US, and
Northwestern Europe. They found that SPP performed better than models for convective
storms (summer) and from the tropics to mid-latitudes. In these cases, retrieval
uncertainty is the primary error source, mainly caused by the IR inaccuracy with
stratiform precipitation and snow cover. In semi-arid climates (northern Mexico), large

false alarm rates are observed due to raindrop evaporation before reaching the surface.
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Moazami et al. (2013) and Dinku et al. (2010) detected a similar behavior in Iran and

Eastern Africa, respectively.

Tian and Peters-Lidard (2010) reported that the spread of global estimates
systematically depends on seasonality, location and rain rate with the largest standard
deviations among products at high latitudes (>40°) and during the cold seasons. Low
deviations were noted in tropical regions with intense convective precipitation and higher
in cold regions with a complex topography and light rainfall events, along with coastlines
and over water bodies (Kubota et al., 2009). In summary, the more the precipitation
regime tends toward deep convection, the more accurate the satellite estimates are.
Despite the SPP have higher accuracy during summers, in this season they are
characterized by a considerable positive bias which may largely impact hydrologic model

predictions when SPP are used as forcing data.

High-mountain regions are among the most challenging environments for SPP
measurements due to extreme topography and large weather and climate variability. Apart
from that, these regions are typically characterized by a lack of in situ ground
observations. Hong et al. (2007) evaluated the impact of topography on PERSIANN-
Cloud Classification System (PERSIANN-CCS) performances in western Mexico and
found the satellite managed to capture the spatial distribution and timing of diurnal
convective rainfall, but showed elevation-dependent biases, underestimating light rain at
both high elevations and early in the day and overestimating precipitation rates at low
elevation. Elevation-dependent trends with underestimation at higher elevation for
CMORPH and TRMM 3B42RT were also observed in Ethiopia and Colombia (Dinku et
al., 2007; Hirpa et al., 2010). A similar case was found by Guo et al. (2017) in central
Asia where significant elevation-dependent errors were observed in eight SPP especially
at altitudes higher than 3000 m with large miss precipitation errors and poor detection

capabilities. Nevertheless, in some regions of the world, such as the Kabul basin in
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Afghanistan (Ghulami et al., 2017), a relatively good detection of both amount and

distribution of precipitation was observed.

2.8 Hydrological modeling studies in Malaysia

Hydrological models are vital components and essential tools for water resources and
environmental planning and management (Devia et al., 2015). Recently, several studies
have been conducted in examining the compatibility of model results with in-situ
streamflow measurements (Easton et al., 2010; Gao et al., 2010; Grillakis et al., 2010;
Halwatura & Najim, 2013; Park & Markus, 2014). Some modelers are of the view that
even the use of complex modeling techniques, it does not give better assessment due to

soil heterogeneity and climatic changes that play vital roles in the behavior of streamflow.

In Malaysia, several public domain hydrologic models that range from physically-
based models, empirical models and conceptual models are in use, including the
Hydrologic Modeling System (HEC-HMS), Soil Water Assessment Tool (SWAT),
MIKE-SHE, Artificial Neural Network (ANN). Abdulkareem et al. (2018) had conducted
a study on evaluating the hydrological models used in Malaysia, determine the coverage
of the hydrological models in major river basins. The results of the review showed that
65% of the studies conducted used physical-based models, 37% used empirical models
while 6% used conceptual models. Of the 65% of physical-based modeling studies, 60%
utilized HEC-HMS an open-source model, 20% used SWAT (public domain model), 9%
used MIKE-SHE, MIKE 11 and MIKE 22, Info works occupied 7%, and the others
occupied 4%. Thus, indicating a preference for open access models in Malaysia. In the
case of empirical models, 46% from the total of empirical researches in Malaysia used
ANN, 13% used Logistic Regression (LR), while Fuzzy logic, Unit Hydrograph, Auto-

regressive integrated moving average (ARIMA) model and support vector machine
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(SVM) contributed 8% each, whereas the remaining proportion is occupied by Numerical
Weather Prediction (NWP), Land Surface Model (LSM), Frequency Ratio (FR), Decision

Tree (DT) and Weight of Evidence (WOE).

2.9 SPP forced hydrological models

SPP estimations are increasingly becoming more applicable in hydrological studies
(Alazzy et al., 2017; Bajracharya et al., 2015; Ciabatta et al., 2016; Li et al., 2018;
Pakoksung & Takagi, 2016; Tramblay et al., 2016; Wang et al., 2016; Wang et al., 2018;
Zulkafli et al., 2014). Maggioni and Massari (2018) reviewed that the intrinsic quality of
SPP, the basin size, the SPP resolution, and the choice of the hydrologic model has been
shown to impact the error propagation from the precipitation forcing to the output.
However, the quantification of these effects had not consented. In some cases, the error
is shown to increase with the catchment area (Falck et al., 2015). However, in others,
there is no change in the error magnitude was observed as a function of the basin size
(Pan et al., 2010). SPP resolution has been shown to play a more important role than the
error associated with SPP and its impact on the streamflow simulations strongly depends
on the catchment area (Nikolopoulos et al., 2010). Nevertheless, different models show
different performances for different SPP suggesting the existence of interconnections

between models and their precipitation forcing (Qi et al., 2016).

2.10  Summary

Accurate and reliable precipitation data are the basis for hydro-climatological studies.
SPP estimations have provided alternative precipitation data for regions with sparse rain
gauge measurements. Despite the continuing great efforts to develop fine resolution SPP,

the errors of SPP estimates cannot be removed completely due to the characteristics of
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the retrieval errors that vary in different climatic regions, seasons, and surface conditions.
At the same time, we’d expect to see an increase in extreme flood events, it is crucial for
the hydrologists and climatologists to investigate and enhance the available SPP datasets

for extreme floods around the world.
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CHAPTER 3: EVALUATION OF RAW SATELLITE PRECIPITATION

PRODUCTS FOR EXTREME FLOOD EVENTS IN MALAYSIA

3.1 Introduction

This chapter evaluates the three advanced satellite precipitation products (SPP), i.e.
CMORPH, TRMM 3B42V7, and PERSIANN against the ground observation to evaluate
their performances during the 2014-2015 extreme flood events at three river basins, i.e.
Kelantan, Langat and Johor river basin located at the northern, west and south part of
Peninsular Malaysia, respectively. As SPP rainfall estimates are continuous and represent
areal rainfall whereas gauge observed rainfall is at a particular point in location, therefore
comparisons between both datasets are done by converting the point rainfall values into
areal using several interpolation techniques. Then, a comparative evaluation of various
rainfall interpolation methods used to transform the point-based rain gauge data to areal
precipitation was performed. The purpose of this evaluation is to find out the most suitable
method for the rain gauge observations to compare with the grid-based satellite
estimations. Moreover, this study presents the rain detection and capturing storm ability

of every SPP over three river basins.

3.2 Review on Previous SPP Studies

Numerous studies on evaluating the performance of weather satellites which have been
done varies with location, season, topography, climatology, and so on (Dinku et al., 2008;
Jiang et al., 2016; Luo et al., 2017; Moazami et al., 2013; Tan et al., 2015). In Malaysia,
Varikoden et al. (2010) and Semire et al. (2012) evaluated the TRMM 3B42V6 daily and
monthly data, respectively, and found that 3B42V6 performed well over Malaysia with
about 15% error bias at monthly scale. Later then, Tan et al. (2015) found that CMORPH,

TRMM, and PERSIANN satellite products performed better in the northeast monsoon

38



compared to the southwest monsoon. These products also showed better performances
occurred in eastern and southern Peninsular Malaysia (Kelantan, Terengganu, Pahang and
Johor) and in the north of East Malaysia (Sabah), which receives higher rainfall during
the northeast monsoon, whereas poor performances occurred in the western and dryer

Peninsular Malaysia.

In China, Xue et al. (2013) evaluated two versions of TRMM 3B42 (V6 and V7)
products in the mountainous Wangchu Basin of Bhutan using rain gauge data. The results
showed that TRMM 3B42V7 product had a significant upgrade from the 3B42V6 product
in precipitation accuracy and can serve as input to distributed hydrological modeling in
that study area. Jiang et al. (2012) evaluated the performance of near real-time satellite
products, i.e. CMORPH and two models of TMPA satellite — 3B42V6 and 3B42RT from
the year 2003 to 2008 (6 years) in the Mishui Basin in South China. They found that the
3B42V6 satellite underestimated the rainfall precipitation of about 4 %, while the other
two underestimated largely of about 40%. Later, Jiang et al. (2016) evaluated the latest
version of TRMM 3B42V7 with CMORPH over 12 years starting from the year 2000 —
2011 in two different latitude basins of China and found that both satellite products
overestimated precipitation over the high-latitude Laoha river basin and underestimated
for the low latitude Mishui Basin. Chen et al. (2014) evaluated the performance of
CMORPH and PERSIANN products during flood events in Beijing, China in July 2012.
The results showed that both CMORPH and PERSIANN were not comparable to the
dense rain gauge observations. CMORPH overestimated the daily accumulated rainfall

whereas PERSIANN underestimated the daily accumulated rainfall.

Gottschalck et al. (2005) evaluated the performance of PERSIANN and TRMM
3B42RT over the Continental United States (CONUS) and found that both PERSIANN
and 3B42RT overestimated precipitation over the central CONUS and western mountains

during the spring and summer. However, during the fall and winter months, PERSIANN
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underestimated precipitation in the western mountains and 3B42RT overestimated it.
Later on, Tian and Peters-Lidard (2007) furthered the work by evaluating CMORPH over
the CONUS and found that there was an underestimation over the northeast during the
summer months, but a severe overestimation over the central CONUS and mountain west

during the summer and spring months.

Some researchers evaluated the performance of SPP by point to pixel comparison
(Bajracharya et al., 2015; Ghaju & Alfredsen, 2012; Hughes, 2006) and some of that
compared in terms of mean areal precipitation by implementing rainfall interpolation
method. None of the researchers thus far did an evaluation on which interpolation method
is the best to be compared with the grid-based satellite estimations. Most of the
researchers used the inverse distance weighting (IDW) technique to interpolate the rain
gauge data and evaluated the performance of TRMM 3B42 by direct comparison of the
mean rainfall (Collischonn et al., 2008; Tan et al., 2015; Tuo et al., 2016). Liu et al.
(2012, 2015) used the Thiessen Polygon method to convert the point-based rain gauge
observations into areal precipitation. Akbari et al. (2011) used the Kriging method on the
existing gauge network to explain the storm pattern over Klang watershed and to compare

with TRMM rainfall estimation.

3.3 Description of the study area

This study focuses on a huge tragedy of flood that happened at the end of 2014. This
extreme flood event hit certain countries such as Indonesia, Malaysia, Thailand and the
Philippines where heavy rains fall due to the southeast monsoon blowing across the South
China Sea, making the sea warmer than usual. In Malaysia, extreme floods that occurred
on 15 December 2014 — 3 January 2015 have been considered as the worst flood events

in decade. During this event, most of the rivers in Kelantan, Pahang, Perak, and
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Terengganu had reached dangerous levels. More than 200,000 people were affected and
21 people were killed due to this natural disaster (Akasah & Doraisamy, 2015). In this
study, three river basins are chosen mainly based on their history of great flood, varies in
basin size and different geographic location. As shown by Figure 3.1, Kelantan, Langat,
and Johor river basins are located at the northern, western and southern parts of Peninsular
Malaysia, respectively. Further explanation of these study areas is discussed in the

following section.

Figure 3.1: Location of the study areas.

3.3.1 Langat river basin

Langat river basin covers the state of Selangor and Negeri Sembilan and also a portion
of the Federal Territory of Putrajaya, Kuala Lumpur, and Klang, and Petaling Jaya
district. The basin has a total catchment area of about 2,350 km?. The larger part of the

basin totaling 1,900 km? occupies the south and south-eastern parts of the state of
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Selangor. The basin is located between latitudes 1°30'—2°10'N and longitudes 103°20"—
104°10’E. There are three major tributaries, i.e. Langat River (is the main river),
Semenyih River and Labu River. The Langat River, has a total length of about 180 km,
draining from the main range (Banjaran Titiwangsa) at the Northeast of Hulu Langat
District in south-southwest direction into the Straits of Malacca. Both Langat River and
Semenyih River originate from the hilly and forested areas in the western slope of
Banjaran Titiwangsa, northeast of Hulu Langat. This water catchment is important as it
provides raw water supply and other amenities to approximately 1.2 million people within
the basin. Important conurbations served include towns such as Cheras, Kajang, Bangi,
Government Centre of Putrajaya and others. There are two reservoirs (Semenyih and Hulu
Langat) and 8 water treatment plants (4 of which operate 24 hours), which provide clean
water to the users after undergoing treatment. In terms of climate, high rainfall and high
humidity occur at various periods throughout the year. The mean areal annual rainfall of
this basin is 1994.1 mm. The highest recorded monthly rainfall was about 327.1 mm
occurred in November (i.e. during the northeast monsoon) while the lowest was 97.6 mm

in June (i.e. during the southwest monsoon).

3.3.2 Kelantan river basin

Kelantan river basin is one of the major basins in Malaysia which is located at the
North-Eastern part of Peninsular Malaysia at latitudes 4° 40' N to 6° 12' N and longitude
101° 20" E to 102° 20" E. The maximum length and breadth of the catchment are 150 km
and 140 km, respectively. The river is about 248 km long and drains an area of 13,100
kmz, occupying more than 85% of the State of Kelantan. The basin has an annual rainfall
of about 2,500 mm much of which occurs during the North-East Monsoon between mid-
October and mid-January. The mean annual temperature at Kota Bharu is 27.5 °C with a

mean relative humidity of 81%. The mean flow of the Kelantan River measured at
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Guillemard Bridge (5.76° N, 102.15° E) is 557.5 m®/s. The entire basin contains large
areas of tropical forested mountains, lowland forest, and limestone hills. Currently, there
are many activities involving land-use changes from lowland forest to vegetation and
urban area. In terms of climate, southwest and northeast monsoons hit Peninsular
Malaysia annually (Sow et al., 2011; Tangang et al., 2007). The northeastern monsoon
produced heavy rains and thunderstorms between November and March. From May to
September, another inter-monsoon comes from the southwest and hits places like
Kelantan, bringing the most rainfall to the study area. During the 2014-2015 flood events,
Kelantan was the most seriously affected state that had the most evacuees with more than

20,000 people (Akasah & Doraisamy, 2015).

3.3.3  Johor river basin

Johor river basin is located at the southern part of Peninsular Malaysia with the
latitudes ranging from 1°30'-2°10'N and longitudes 103°20'-104°10’E. The catchment
covers four districts of Johor State: Kota Tinggi, Kluang, Kulai Jaya, and Johor Bahru. It
has a surface area of about 1,652 km2. The main river, Johor River is 122.7 km long and
originates from Gunung Belumut (the second-highest mountain in Johor) in the north of
the basin. The river flows in a north-south direction and then southwest into the Strait of
Johor. This basin is covered mostly by rubber and oil plant plantation. This catchment
has an average annual rainfall of 2500 mm. Like the Kelantan river basin, the climate in
the Johor river basin is a tropical monsoon climate, divided into the northeast monsoon
(November—February), and the southwest monsoon (May-August) (Sow et al., 2011;
Tangang et al., 2007). Flooding events frequently occur in December where the highest

rainfall and peak streamflow are recorded.
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34 Data Acquisition
3.4.1 Rain gauge network

The daily rainfall data starting from 1 December 2014 until 31% January 2015 (62
days) were acquired from the 50 operating rain gauge stations in the Kelantan river basin,
28 stations in Langat river basin and 18 stations in Johor river basin. All data were
collected from the DID. The list of stations with detailed information including station
name, district, river, latitude, and longitude for those three river basins is attached in
Appendix A. Figure 3.2 shows the distribution of rain gauge network for all three river
basins. For Langat river basin, as shown in Figure 3.2(a), more stations are concentrated
at latitudes 3°00'—3°15'N and longitudes 101°45-102°00'E, but fewer active stations
were found at the south-eastern portion of the basin. For the Kelantan river basin, as
shown in Figure 3.2(b), most of the rain gauge stations are installed at lower elevations
in the northern portion of the basin, only a few stations are found at the southeastern
portion of the basin. Not many rain gauge stations are active during the selected event in
Johor River Basin, in fact, some grids are found with only one station, as shown in Figure

3.2(c).

(a) Langat river basin

Figure 3.2: Distribution of rain gauge stations in (a) Langat, (b)Kelantan and (c)
Johor river basin.
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(b) Kelantan river basin
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(c) Johor river basin

Figure 3.2, continued
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3.4.2  Satellite rainfall estimations
Three satellite-derived rainfall products chosen for this study, i.e. TRMM 3B42 V7,
CMORPH, and PERSIANN. The selected resolution for each satellite product is

summarized in Table 3.1.

Table 3.1: Information about satellite precipitation products (SPP)

Satellite Spatial Temporal Spatial Data Source
Products Resolution Resolution Coverage
TRMM 0.25° Daily 50°N - 50°S http://mirador.gsfc.nasa.gov
o . o o ftp://ftp.cpc.ncep.noaa.gov/precip/glob
CMORPH 0.25 Daily 60°N — 60°S al_ CMORPH
PERSIANN 0.25° Daily 60°N — 60°S http://www.ngdc.noaa.gov/

The Tropical Rainfall Measuring Mission (TRMM) is NASA's first mission dedicated
to observing and understanding the tropical rainfall and how this rainfall affects the global
climate. It is a joint mission with the Japan Aerospace Exploration Agency (JAXA). This
product is a combined microwave-infrared precipitation product (Huffman et al., 2007),
providing precipitation for the spatial coverage of 50°N — 50°S at the latitude-longitude
resolution. The primary instruments for measuring precipitation are the Precipitation
Radar (PR), the TRMM Microwave Imager (TMI), and the Visible and Infrared Scanner
(VIRS). Additionally, TRMM will carry the Lightning Imaging Sensor (LIS) and the
Clouds and the Earth's Radiant Energy System (CERES) instrument. These instruments
can function individually or in combination with one another. The latest version of this
product, 3B42V7, can be freely downloaded from Goddard Earth Sciences Data and
Information Services Centre (http://mirador.gsfc.nasa.gov). In this study, the daily

aggregated TRMM 3B42V7 observations at the spatial resolution of 0.25° were analyzed.
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The National Oceanic and Atmospheric Administration’s (NOAA) Climate Prediction
Center (CPC) morphing technique (CMORPH) (Joyce et al., 2004) was available since
December 2002 at various spatial and temporal resolutions (e.g. 8 x 8 km?

0.25° x 0.25° ; 30 min, 3 hourly, and daily) for regions that are situated between 60°
N and 60° S. Due to its near-real-time availability and high temporal and spatial

resolution, this satellite product was useful in any hydrologic and water resources
application (Habib et al., 2012). This satellite product combines various passive
microwave (PMW) rain estimates such as TRMM Microwave Imager (TMI), Special
Sensor Microwave Imager (SSM/I), Advanced Microwave Sounding Unit (AMSU), and
Advanced Microwave Scanning Radiometer for Earth Observing System (AMSR-E), but
calibrates against TMI values (Sohn et al., 2010). However, due to insufficient global
coverage by microwave measurements at a 30 minutes time scale only, vast areas may
have gaps where PMW estimates are not available. To fill these gaps, microwave-based
rainfall values are interpolated with time according to the propagation of cloud systems
obtained from geostationary infrared (IR) based motion vectors (Joyce et al., 2004). In
the latest CMORPH Version 1.0, bias correction was conducted by adjusting the satellite
estimates against a daily rain gauge analysis and can be accessed from the ftp:
(ftp.cpc.ncep.noaa.gov/precip/global_ CMORPH). Three spatial and temporal resolutions
can be selected: 8 km-30 min, 0.25°-3 hourly, and 0.25°-daily. In this study, the 0.25°-

daily bias-corrected Version 1.0 CMORPH data were used.

Precipitation Estimation from Remotely Sensed Information using Artificial Neural
Networks (PERSIANN) (Hsu et al., 1997; Sorooshian et al., 2000) was an automated
system developed for the estimation of rainfall from geosynchronous satellite longwave
infrared imagery (GOES-IR). This product can provide precipitation data for the spatial
coverage of 60°N — 60°S. In this study, the bias-corrected PERSIANN data, which

maintains the total monthly precipitation estimation with GPCP at the spatial resolution
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of 0.25° and daily temporal resolution were downloaded from the following website

(http://www.ngdc.noaa.gov/).

35 Methods
3.5.1 Interpolation of rain gauge precipitation

Rain gauge measurement is considered as a point precipitation measurement and it
cannot represent the volume of precipitation falling over a given catchment area.
Therefore, dense rain gauges with spatially distributed are crucial as true representative
precipitation of the area. However, often a very dense rain gauge with spatially distributed
is practically difficult to find in most countries. When a limited number of rain gauge is
compared to the satellite products, point-to-grid precipitation is insufficient for the large
variability of rain gauge associated with the spatial and temporal resolution of satellite
products. Therefore, conversion to a gridded surface from rain gauge data at the same
resolution of the satellite data by the interpolation method is applied to overcome the large
variability issue (Lo Conti et al., 2014). As a result, a comparative evaluation of a set of
interpolation methods was performed in this study for all river basins using the
Geographical Information System (GIS) platform. Given a limited number of rain gauges
stations by DID, several interpolation methods chosen were Arithmetic Mean (AM)
(Anctil et al., 2006; Creutin & Obled, 1982; Shaw & Lynn, 1972), Thiessen Polygon (TP)
(Thiessen, 1911), Inverse Distance Weighting (IDW) (Di Piazza et al., 2011; Ly et al.,
2011; Ly etal., 2013; Wagner et al., 2012), Ordinary Kriging (OK) (Buytaert et al., 2006;
Zhang & Srinivasan, 2009) and Spline (SP) (Franke, 1982; Hutchinson, 1995; Mitas &

Mitasova, 1988; Tait et al., 2006). Details of each interpolation are described below.
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3.5.1.1 Arithmetic Mean (AM)

This method consists of computing the arithmetic average of the values of the
precipitation for all stations within the area. Since this method assigns equal weight to
all stations irrespective of their relative location and other factors, it should be adopted in
area where rainfall is uniformly distributed. The average precipitation of the basin is

computed using Equation (3.1)

n
Zi=1 P
n

P (3.1)

where average precipitation is over an area, P is the precipitations at individual station i,

and n is the number of stations.

3.5.1.2 Thiessen Polygon (TP)

Thiessen polygon is also a simple and straight forward technique that was introduced
to estimate equivalent uniform depth (Thiessen, 1911). This technique assumes that an
average value over the same area of a Thiessen polygon is taken to be equivalent to the
point value located at the centroid of this polygon. For every basin, encompassing n

Thiessen polygons, the areal rainfall over the basin (Pr) is computed from

Pr =Y, TiP; (3.2)

where Piis the observed rainfall at the centroid of the ith polygon, and the weighting factor

Tiis given by
T; = ;‘_Ti (3.3

where A is the total area of the basin, and 4; is the area defined by the intersection of

the Thiessen polygon and the basin boundary. The Thiessen polygon technique is suitable
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for application over relatively flat and expansive areas. However, this technique assumes
that precipitation varies linearly between stations and is therefore unsuitable for use in

mountainous regions which have an effect on the precipitation amount.

3.5.1.3 Inverse Distance Weighting (IDW)

IDW assigns weights to neighboring observed values based on the distance to the
interpolation location and the interpolated value is the weighted average of the
observations. In standard IDW, the interpolated value is estimated by a weighted mean of
the observations and the weights are proportional to a negative power of geographical
distances d; between the point of interpolation and the considered observation points.
Typically, not all observations P; are considered in the estimation of the interpolating

value P, but only n neighboring with

Po — Yizq Pio; (34)

Zln=1 O
and the weights

o = L (3.5)

The power A of distance has to be chosen appropriately depending on the interpolated
variable. Spatially smoother variables show larger spatial dependence and thus like
smaller values of A than spatially rougher fields. Generally, it is assumed that the
separation of close-by observations increases faster than linear with station distance and

often a power A of two (2) is assumed.
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3.5.1.4 Kriging

Kriging assumes that the distance or direction between sample points reflects a spatial
correlation that can be used to explain variation in the surface. The Kriging tool fits a
mathematical function to a specified number of points, or all points within a specified
radius, to determine the output value for each location. Like IDW, it weights the
surrounding measured values to derive a prediction for an unmeasured location. The

general formula for both interpolators is formed as a weighted sum of the data:

2(50) = i1 AiZ(sy) (3.6)

where Z(s;) is the measured value at the ith location, 4; is an unknown weight for the
measured value at the ith location, s, is the prediction location and n = the number of

measured values.

However, the weights A; in the kriging method are based not only on the distance
between the measured points and the prediction location but also on the overall spatial
arrangement of the measured points. To use the spatial arrangement in the weights, the
spatial autocorrelation must be quantified. Thus, in ordinary kriging, the weight, 4;,
depends on a fitted model to the measured points, the distance to the prediction location,

and the spatial relationships among the measured values around the prediction location.

35.1.5 Spline
The Spline tool uses an interpolation method that estimates values using a
mathematical function that minimizes overall surface curvature, resulting in a smooth

surface that passes exactly through the input points.

The algorithm used for the Spline tool uses the following formula for the surface

interpolation:
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SCy) =T, y) + Xz LiR(r) 3.7)

where i is the index of point, n is the total number of points, A; are coefficients found by
the solution of a system of linear equations, r; is the distance from the point (x, y) to the

ith point. T(x,y) and R(r) are defined differently, depending on the type of spline.

There are two Spline types: Regularized and Tension. The Regularized type creates a
smooth, gradually changing surface with values that may lie outside the sample data
range. The Tension-type controls the stiffness of the surface according to the character of
the modeled phenomenon. It creates a less smooth surface with values more closely
constrained by the sample data range. In this study, the Regularized option was used in
this analysis. Therefore, T(x,y) and R(r) are computed using Equation (3.8) and (3.9)

respectively.
T(x,y) = a4 + a,x + azy (3.8)

where a; are coefficients found by the solution of a system of the linear equation.

R(r) = i{;—z [ln (z%) +c— 1] + 12 [Ko (2) +c+ ln(i)]} (3.9

where r is the distance between the point and the sample, 72 is the weight parameter, K, is

the modified Bessel function and c is a constant equal to 0.577215.

3.5.2  Evaluation indexes

The performance of satellite precipitation products with respect to rain gauge datasets
was assessed based on a specific set of widely applied criteria in this field. Evaluation
criteria used in this study comprises of quantitative and categorical indexes of which

representing precipitation values and precipitation occurrences, respectively.
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3.5.2.1 Quantitative evaluation indexes

There are six quantitative evaluations used in this study to measure the differences
between the satellite products and rain gauge datasets. These quantitative evaluations are
the coefficient of determination (R?), coefficient of Pearson Correlation (CC), bias, mean
absolute error (MAE), root mean square error (RMSE) and normalized root mean square
error (NRMSE). CC explains the relationship between the actual values of two variables
(independent and dependent) while R? measures how well the independent variable
explains the dependent variable in a regression. Both values range between 0 (no
correlation) to 1 (perfect correlation). The percentage bias (PBias) describes the degree
to which the observed value is overestimated or underestimated. The mean absolute error
(MAE) represents the average magnitude of the error. RMSE indicates how closely the
satellite observation predicts the measured values and NRMSE evaluates the reliability of

SPP. Equations (3.10) to (3.15) show the aforementioned quantitative evaluations.

2 _ _ 2?:1(51'_602
R =1-3w Gey (310
CC = TGOS (3.11)

\/2?=1(Gi_6)2\/2?=1(5i—§)2

PBias = (# _ 1) x 100% (3.12)
MAE = H=leal (3.13)
RMSE = [H=CmC) (3.14)
NRMSE = ”2_5’5 (3.15)
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where S and G represents satellite/gridded and gauge precipitation, respectively, and n is
the total number of measurements, i is the index of data, S is the average value of S; and

G is the average value of G;.

3.5.2.2 Categorical evaluation indexes

In order to assess the rainfall detection and capturing storm capabilities, five
categorical evaluation indexes including the accuracy (ACC), probability of detection
(POD), false alarm ratio (FAR), critical success index (CSI) and Heidke Skill Score (HSS)

were accessed to discriminate between rain/no-rain events (days).

ACC represents the level of agreement between the satellite estimate and the rain gauge
precipitation data. POD measures how well SPP correctly detected rainfall for all the
actual occurrences of rainfall detected by the rain gauges. FAR measures how often SPP
detected rainfall when actually there was no rainfall. CSI measures the fraction of a
gauge’s precipitation that was correctly detected by the SPP. HSS measures the fraction
of correct SPP estimates without considering random matches. The equations used to
calculate these quantities have all been given by Mashingia et al. (2014). Equations (3.16)
to (3.20) below show the formulas of the aforementioned categorical statistics. The
quantities A, B, C, and D are computed based on the contingency table (Table 3.2) where
A represents hits (event forecast to occur, and did occur); B represents false alarm (event
forecast to occur, but did not occur); C means misses (event forecast not to occur, but did
occur); D is known as correct negative (event forecast not to occur, and did not occur)

and n is the sum of A, B, C, and D.

Accuracy, ACC = % (3.16)

Hit Rate/ Probability of detection, POD = —— (3.17)
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False Alarm Ratio, FAR = L (3.18)
A+B

A

Critical Success Index,CSI =
A+B+C

(3.19)

2(A-D-B-C)
(A+C)-(C+D)+(A+B)-(B+D)

Heidke Skill Score, HSS = (3.20)

Table 3.2: Contingency table for comparing gauge and satellite precipitation

estimate
Gauge > Threshold Gauge < Threshold
Satellite > threshold A B
Satellite < threshold C D

ACC, POD, FAR, and CSI range from 0 to 1, with 1 being the perfect score for ACC,
POD, and CSI and 0 being the perfect score for FAR. The HSS ranges from —oo to 1, with
1 being a perfect score, 0 means no skill, negative HSS indicates that the forecast is worse

than the gauge observation.

3.6 Results and Discussions

3.6.1 Evaluation of various interpolation methods for rain gauge observations
During the extreme floods, the highest amount of rain over the Kelantan river basin is

observed on 17" December 2014 as 205.72 mm/day. On the other hand, for the Langat

river basin and Johor river basin, the highest total amount of rainfall over the basin are

37.45 mm/day on 22" December 2014 and 49.31 mm/day on 25" December 2014,

respectively. From this rainfall data, we can observe the highest rainfall pattern that hit

these three basins in response to time. As the northeast monsoon season brings in rainfall
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from the north towards the western and southern, thus the first hit is on the 171" (Kelantan)
followed by 22" (Langat) and 25" (Johor). This rainfall pattern seems to follow the

northeast season circulation.

The analysis begins with the result from several interpolation methods such as
Arithmetic mean (AM), Thiessen polygon (TP), inverse distance weighting (IDW),
ordinary kriging (OK) and spline performed on rain gauge daily precipitation to produce
mean areal precipitation. The purpose of this interpolation is to examine the accuracy of
spatial interpolation output when various interpolation methods are performed. Generally,
this study found that the trend between five interpolation methods in computing the mean
areal precipitation is almost similar for every basin. All interpolation methods performed
based on rain gauge data exhibit somewhat a similar pattern with values are quite close
across all the methods even though the result shown by the Kelantan river basin for the
highest rainfall performed by an average method is a bit different from other methods, as

shown in Table 3.3.

Table 3.3: Highest areal rainfall of each interpolation method during 2014-2015
flood events.

Highest Areal Rainfall of the Flood Events (mm/day)

River Basin
AM TP IDW OK SP
Kelantan 202.46 105.63 109.05 105.32 109.12
Langat 37.45 36.22 38.98 37.46 36.21
Johor 49.31 43.29 47.65 43.92 33.34

For each basin, four representative examples (TP, IDW, OK, and SP) of 248
precipitation maps created are shown in Figure 3.3 (Kelantan river basin), Figure 3.4

(Langat river basin) and Figure 3.5 (Johor river basin). These precipitation maps are from
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the peak (highest rainfall) of the flood events. AM is not shown as the mean precipitation
computed represents the whole basin. The precipitation map for the Kelantan river basin
shown in Figure 3.3 appears to be related to the geographic location of the area whereby
the higher precipitation values (280 — 350 mm/day) in the northern zone is due to direct
exposure to the South China Sea. For the Langat river basin (Figure 3.4), higher
precipitation values (75 — 90 mm/day) are found at the south-western part of the basin
which is in the low elevation area and very near to the sea. Higher precipitation values
(50 — 110 mm/day) are found in the north-western part of the Johor river basin (Figure

3.5).
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Figure 3.3: Results of interpolation methods for daily mean precipitation of the
Kelantan river basin on 17t December 2014. (a) TP; (b) IDW (c) OK; (d) SP
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Figure 3.4: Results of interpolation methods for daily mean precipitation of the
Langat river basin on 22" December 2014. (a) TP; (b) IDW (c) OK; (d) SP
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Figure 3.5: Results of interpolation methods for daily mean precipitation of the
Johor river basin on 251" December 2014. (a) TP; (b) IDW (c) OK; (d) SP
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3.6.2  Evaluation of SPP against interpolated rain gauge observations

In addition to the spatial representation of different interpolation methods, a
comparison between all interpolation methods against satellite products is performed by
observing their daily temporal data. Figure 3.6 — Figure 3.8 show daily temporal
precipitation between the interpolated ground observations (i.e. AM, TP, IDW, OK and
SP) and (a) CMORPH, (b) TRMM and (c) PERSIANN satellite observations for the

2014-2015 flood events at Langat, Kelantan and Johor river basin, respectively.

For the Kelantan river basin, the first and second highest rainfall occurs on the 16" and
22" December 2014 given by all interpolation methods except the average method that
reaches nearly between 150 — 200 mm/day. By comparing all five interpolation methods
to the SPP (Figure 3.6), it is found that TRMM and CMORPH demonstrate the best
performance as both of them capture the 16" December event quite comparable to the
interpolation methods with the exception of the average method. Conversely, the amount
of rainfall given by PERSIANN is slightly lower, i.e. less than 50 mm/day which implies
the PERSIANN satellite is performed poorly for the Kelantan region. For the Langat river
basin (Figure 3.7), all interpolation methods show somewhat good agreement, especially
for the average method. A high rainfall value for Langat is found to occur three times, i.e.
20" December 2014, 22" December 2014 and 8™ January 2015 with the value between
30 — 40 mm/day. As in Kelantan, the SPP result for Langat exhibits the CMORPH and
TRMM outperform the PERSIANN. This graphical result also shows that the TRMM is
overestimated. The interpolation methods perform on the Johor river basin show that all
methods produce a comparable result and the highest rainfall (30-50 mm/day) occurred
on the 26™ December 2014 (Figure 3.8). The 30 mm/day rainfall is observed from the
average method. The SPP result seems not to be able to capture this event for the Johor

river basin as none of them can correctly measure the highest rainfall.
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Figure 3.6: Comparison of daily mean precipitation series between interpolated
ground observations and (a) CMORPH, (b) TRMM and (c) PERSIANN satellite
observations for the 2014-2015 flood events at Kelantan river basin.
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Figure 3.7: Comparison of daily mean precipitation series between interpolated
ground observations and (a) CMORPH, (b) TRMM and (c) PERSIANN satellite
observations for the 2014-2015 flood events at Langat river basin.
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Figure 3.9 shows the scatterplots of averaged daily rainfall overall river basins for the
three SPP versus the rain gauge observations. The scatter plot further demonstrates the
SPP performance by comparing with each of the interpolation methods. For the Kelantan
river basin, the average method displays slightly different in pattern as compared to the
other methods. In addition, most of the data points are underestimated with less scattered.
For the Langat river basin, the relatively scattered data points imply high variability in
the SPP compared to all interpolation methods. Nevertheless, the TRMM shows a good
agreement as indicated by the square plots. A similar trend can also be observed for the

Johor river basin whereby a large variability given by the SPP.

Details statistical performance of the SPP for all river basins and using all interpolation
methods are tabulated in Table 3.4 and accompanied by graphs in Figure 3.10. This result
shows that the Kelantan river basin outperforms other river basins followed by Langat
and lastly Johor river basin as indicated by the three SPP and based on all interpolation
methods. Kelantan river basin is the largest basin followed by Langat and Johor river
basin and this Kelantan river basin is geographically located near to the South China Sea
that directly and highly influenced by heavy rainfall. The SPP results shown by this study
are in accordance with the movement of the rainfall circulation of the northeast monsoon
of which this monsoon circulation starts from the South China Sea towards the west and
south of Peninsular Malaysia. It is interesting to suggest a new study in investigating the
SPP performance during the southwest monsoon season of which the general monsoon
circulation is opposite to the northeast monsoon by applying to the river basins that are

situated in a different part of Peninsular Malaysia.

The R? given by all SPP in Kelantan is relatively high which is above 0.6 which implies
all SPP perform better regardless of any interpolation methods. As we move further
towards western, i.e. Langat river basin, the SPP gives slightly lower compared to the

previous basin and it is found that the TRMM and CMORPH be able to perform about
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50 to 60%. PERSIANN, however, not be able to measure accurately that resulted in a
quite low R? value. The SPP performance becomes worse as we move down towards the
south of Peninsular Malaysia, which was consistent with the findings by Tan et al. (2015).
As evident by the Johor river basin, all SPP are performed poorly. In general, by
comparing those three SPP for the three basins, it can be concluded that the CMORPH
and TRMM be able to capture the extreme event with acceptable accuracy compared to

the PERSIANN.

In terms of bias error, underestimate of actual rainfall for about 30% to nearly 60% are
shown by all SPP for the Kelantan river basin given by all the interpolation methods.
According to Thiemig et al. (2012), the significant underestimation of the SPP might be
due to poor ability in estimating heavy rain (>10 mm/day). However, the under or
overestimation is found to be smaller for the Langat river basin of which bias ranging up
to 50% maximum for PERSIANN and 30% maximum for CMORPH. TRMM shows the
lowest variability with less than 20%. As for the Johor river basin, the variability is
somewhat higher as compared to the other basins. It is evident that TRMM and
PERSIANN produce a relatively high bias value of more than 80%. Conversely,

CMORPH performs better with about up to 10% overestimation.
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Figure 3.9: Scatter plots comparisons of daily mean precipitation for satellite precipitation products versus rain gauge observation for
Kelantan, Langat and Johor river basins.
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Table 3.4: Statistical analysis of SPP versus rainfall interpolation methods for the 2014-2015 flood events.

Rainfall Kelantan River Basin Langat River Basin Johor River Basin
'”tﬂst‘;l'sé'on CMORPH TRMM  PERSIANN CMORPH TRMM  PERSIANN CMORPH TRMM  PERSIANN

R2 0.909 0.908 0.754 0527 0.626 0.196 0.289 0.352 0.150
cc 0.954 0.953 0.868 0.726 0.791 0.443 0.538 0.593 0.388
Arithmetic ~ PBias (%) 52.1 316 -44.9 29.2 220 505 97 89.9 927
Mean MAE (mm) 11.207 8.413 11,593 3.912 4.301 7577 4.187 6.177 6.665
RMSE (mm) 10.898 8.523 12.860 2.978 3.716 5.828 4635 6.373 6.159
NRMSE 0.531 0.415 0.626 0.439 0.548 0.860 0.981 1.348 1.303
R? 0.654 0.691 0.808 0.460 0552 0.162 0.257 0.332 0.131
cc 0.809 0.831 0.899 0.678 0.743 0.402 0.507 0.576 0.362
Thiessen PBias (%) 543 -34.7 47.4 -30.4 19.9 47.9 19.3 106.4 109.5
Polygon MAE (mm) 12.339 10.481 12.040 4216 4.680 7.923 4.170 6.244 7.028
RMSE (mm) 14.257 12.306 13.780 3.342 3.993 6.049 4.666 6.527 6.206
NRMSE 0.662 0571 0.640 0.484 0.579 0.877 1.073 1.501 1.427
R? 0.680 0.715 0.816 0.502 0.582 0.176 0.276 0.345 0.143
Inverse cc 0.824 0.846 0.903 0.709 0.763 0.420 0.526 0.588 0.378
Distance PBias (%) 53.1 -33.0 -46.0 -31.9 17.4 44.8 116 93.2 96.1
Weighting  MAE (mm) 11.694 9.976 11.681 4217 4.487 7.794 4.150 6.131 6.814
(IDW) RMSE (mm) 13.333 11.367 12.974 3.219 3.853 5.944 4.651 6.415 6.170
NRMSE 0.635 0.541 0.618 0.457 0.547 0.843 1.001 1.381 1.328
R2 0.653 0.689 0.810 0.498 0583 0.180 0.321 0.382 0.166
cc 0.808 0.830 0.900 0.706 0.764 0.424 0.567 0.618 0.407
Ordinary PBias (%) -54.6 -35.2 478 322 16.9 44.2 8.0 87.0 89.7
Kriging MAE (mm) 12.527 10.649 12.214 4.238 4575 7.732 4.021 6.008 6.612
RMSE (mm) 14.402 12.450 13.918 3.198 3.851 5.906 4.431 6.235 6.005
NRMSE 0.664 0574 0.641 0.452 0.544 0.835 0.923 1.298 1.250
R2 0.651 0.684 0.807 0.450 0.540 0.161 0.308 0.383 0.174
cc 0.807 0.827 0.898 0.671 0.735 0.401 0.555 0.619 0.417
spline PBias (%) -55.7 -36.8 -49.1 -30.7 195 474 14.2 977 100.6
MAE (mm) 12.877 11.020 12.598 4.270 4736 7.899 4.160 5.995 6.697
RMSE (mm) 15.055 13.095 14.607 3.359 4.040 6.041 4398 6.301 5.913

NRMSE 0.677 0.589 0.657 0.485 0.584 0.873 0.968 1.387 1.302
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Figure 3.10: Comparison of the (a) coefficient of determination (R?), (b)
coefficient of Pearson Correlation (CC), (c) percentage bias (PBias), (d) mean
absolute error (MAE), (e) root mean square error (RMSE) and (f) normalized root
mean square error (NRMSE) for three SPP versus rain gauge observations over
Kelantan, Langat and Johor river basins during 2014-2015 flood events.
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Figure 3.10, continued
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3.6.3 Rain Detection Ability Assessment of SPP

This section discusses the capability of each SPP in detecting the precipitation rate
using the categorical evaluation indexes, i.e. ACC, POD, FAR, CSI and HSS. The result
is presented in Figure 3.11 and Table 3.5. This study uses a 1 mm/day rainfall threshold
to discriminate whether it is a rainy or no-rain day. It is noticeable that the TRMM and
PERSIANN perform better for all the categorical evaluation indexes for all river basins.
Nevertheless, the differences in all categorical values for these two SPP are not great
compared to CMORPH. For example, TRMM gives the highest ACC with value varies
from 0.790 — 0.839 for all basins. As for POD and FAR, the highest is shown by
PERSIANN, i.e. POD from 0.846 — 0.962 and FAR from 0.149 — 0.390. TRMM also
exhibits well in CSI and HSS. As ACC and POD indexes denote the level of agreement
and correctly detected rainfall, it is observed that the Langat river basin has shown a better
result based on these two indexes for all SPP. As for the rest of the indexes, i.e. FAR, CSI
and HSS, the best is shown by Johor, Langat and Kelantan river basins, respectively. It
can be thought that the categorical indexes are unlikely influenced by the geographic
location or size of the river basin. These factors are somehow difficult to be determined

in this case.

HSS (7~ POD

Perfect Score

------- CMORPH

PERSIANN

(a) Kelantan river basin

Figure 3.11: Rain Detection Capability of SPP in (a) Kelantan, (b) Langat and
(c) Johor river basins
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(c) Johor river basin

Figure 3.11, continued

Perfect Score

------- CMORPH

PERSIANN

Perfect Score

------- CMORPH

PERSIANN

Table 3.5: Overall rain detection capability of each precipitation product

River Basin CMORPH TRMM PERSIANN

ACC 0.790 0.823 0.806

POD 0.718 0.821 0.846

Kelantan FAR 0.067 0.111 0.154
CSlI 0.683 0.744 0.733

HSS 0.584 0.630 0.585

ACC 0.806 0.839 0.839

POD 0.814 0.860 0.930

Langat FAR 0.103 0.098 0.149
CSlI 0.745 0.787 0.800

HSS 0.570 0.631 0.597

ACC 0.742 0.790 0.726

POD 0.731 0.846 0.962

Johor FAR 0.321 0.290 0.390
CSlI 0.543 0.629 0.595

HSS 0.476 0.581 0.479
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3.6.4 Capturing Storm Performance of SPP

In this section, the capability of every SPP in capturing storm using the HSS categorical
index is further demonstrated. The rainfall threshold is increased in order to examine the
ability of every SPP to capture the rain. Generally, all SPP perform poorer as the extreme

precipitation threshold increases. The HSS is decreasing as the storm threshold increases.

In the Kelantan river basin (Figure 3.12), TRMM exhibits the best performance as the
HSS ranging from 0.4 to 0.9 which implies this satellite precipitation estimation at
watershed scale is better than chance performance. For CMORPH and PERSIANN, when
the storm threshold is reduced from or equal to 40 mm, the HSS values are larger than 0.5
implies that both satellites capable of capturing moderate storms effectively. When the
storm threshold is more than or equal to 50 mm, the HSS of CMORPH seems unstable.
As for PERSIANN, the HSS shows zero at storm threshold more than or equal to 70 mm
where this satellite precipitation product could not capture extreme storm effectively at

watershed scale.
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Figure 3.12: The Heidke Skill Score (HSS) of three satellite precipitation products
(CMORPH, TRMM and PERSIANN) for storm thresholds ranging from 10 mm to
100 mm in Kelantan river basin
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For the Langat river basin (Figure 3.13), all three satellites cannot capture heavy
storms as in the Kelantan river basin. When the storm threshold is less than or equal to
11 mm, the forecast of TRMM and CMORPH satellites show better than the gauge
observations as they show positive HSS, ranging from 0.4 to 0.7. However, CMORPH
does not perform well when the storm threshold is more than 11 mm where the HSS shows
less than 0.4. As for TRMM, it does not perform well when the storm threshold is more
than 15 mm. PERSIANN does not perform well compared to the other two satellites
where the HSS shows less than 0.4 when the storm threshold is more than 5 mm, and the

results become worse as the storm threshold increases.
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Figure 3.13: The Heidke Skill Score (HSS) of three satellite precipitation products

(CMORPH, TRMM, and PERSIANN) for storm thresholds ranging from 1 mm to
20 mm in Langat river basin

In Johor river basin (Figure 3.14), all three satellites could not capture the storm as
effective as in the Kelantan river basin. Among three satellites, when the storm threshold
is less than 20 mm, the HSS values are larger than 0.4. For CMORPH, it seems that this
product is unstable for the storm threshold of more than 12 mm. As for PERSIANN, the
HSS is around 0.35 to 0.5, however, the performance is getting worse when the storm
threshold more than 20 mm and shows zero at storm threshold more than or equal to 26
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mm. The results showed that none of the SPP can be considered ideal for detecting
extreme events. Although in the previous section on rainfall detection, TRMM showed
lower POD compared to PERSIANN product, however, low POD of a product cannot be
concluded as no rainfall detection. In fact, the product may have detected precipitation,

but below the selected rainfall threshold (AghaKouchak et al., 2011).
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Figure 3.14: The Heidke Skill Score (HSS) of three satellite precipitation products
(CMORPH, TRMM, and PERSIANN) for storm thresholds ranging from 1 mm to
30 mm in Johor river basin

3.7 Summary

This chapter has presented the outcomes for the first and second objectives of this
study, which are validating various spatial interpolation methods to be adopted on the rain
gauge network before comparing with the grid-based satellite estimations and evaluating
the performance of SPP with reference to the interpolated rain gauge observations during

extreme floods at different geographic locations of Peninsular Malaysia.

This study uses daily observed rainfall data with the total number of 62 days and
applied several rainfall interpolation methods, i.e. Arithmetic Mean (AM), Thiessen
polygon (TP), Inverse Distance Weighting (IDW), Ordinary Kriging (OK) and Spline
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(SP) methods to examine the effect of different spatial interpolation methods based on
the observed data. The result indicates that the areal precipitation transformed by these
interpolation methods give a slight varies in values but overall it is comparable. Even
though the AM overestimated the peak rainfall for Kelantan river basin, the output of
these five selected rainfall interpolation methods can be adopted on the rain gauge

observations before comparing with the gridded SPP estimations.

Based on the verification of the three SPP (CMORPH, TRMM 3B42V7, PERSIANN)
during 2014-2015 extreme floods at three study areas (Langat, Kelantan, and Johor river
basins), this study found that all three SPP perform better during this extreme event as
they show an acceptable accuracy in capturing high rainfall in Kelantan river basin.
However, this performance has decreased as monsoon moving away towards the west and
south that hit Langat and Johor river basin. About 50 — 60% accuracy is obtained for the
Langat and 30 — 40% for the Johor river basin given by the TRMM and CMORPH.
Conversely, PERSIANN shows poor accuracy for these two river basins. It is noted that
all SPP tend to overestimate or underestimate the actual rainfall. By comparing those
three river basins, extreme events in Kelantan river basin are better captured by all SPP
compared to the other basins. This might be due to geographic location near to the South

China Sea that is directly exposed to heavy rainfall during the northeast monsoon.

The categorical indexes indicate that TRMM has a good level of agreement as denoted
by ACC whereas PERSIANN shows better performance in detecting rainfall, as denoted
by POD. Langat river basin is found as the best river basin with the highest ACC and
POD for all SPP. In general, the values of ACC and POD for all river basins computed
by all SPP are relatively quite close. Based on this study, it can conclude that all SPP be
able to capture extreme events of heaviest rainfall with acceptable accuracy. As proven
by this study, all SPP work well for Kelantan however, as the monsoon moves further

away, the TRMM and CMORPH outperform PERSIANN.
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Based on the conclusions derived above, it is important to highlight that the spatial and
temporal uncertainties may exist when comparing different SPP with the ground
observations. Thus, bias-adjustment is suggested in order to improve the reliability of the

estimation of SPP.
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CHAPTER 4: BIAS ADJUSTMENT OF

SATELLITE PRECIPITATION ESTIMATIONS

4.1 Introduction

In the previous chapter, we noted that the available SPP (TRMM 3B42V7, CMORPH
and PERSIANN) perform better during the 2014-2015 extreme floods as they show an
acceptable accuracy in capturing high rainfall in Kelantan river basin. However, the
performance has decreased as monsoon moving away towards the west and south that hit
Langat and Johor river basin. In this chapter, we attempt to improve the SPP estimations
by adopting bias correction (BC) schemes and produce more accurate prediction, before
the data are ready to be input into the hydrologic modeling. This section is unique as
studies regarding the BC on satellite estimations in Malaysia appear to be limited.
Moreover, in order to evaluate the uncertainty of the BC parameters applied on the SPP
rainfall and whether these parameters can be applied in a similar event of different time
period (Terink et al., 2010), this chapter has included an addition of four flood events of
the same month as 2014-2015 floods (December and January) for sensitivity analysis. It

should be noted that evaluation is only implemented in the Langat river basin.

4.2 Review on Bias Correction

Bias correction (BC) or bias adjustment is a model output statistics approach that seeks
to use information from biased model outputs (Chen et al., 2013a). The correction usually
identifies possible differences between the observed and simulated climate variables,
which provide the basis for correcting both control and scenario model runs with a
transformation algorithm. However, BC of precipitation is more challenging compared to
other climate variables such as temperature due to the fact of spatial/temporal

heterogeneity and zero inflation.
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In recent years, numerous studies of improving the SPP estimations by BC have been

done varies with location, season, topography, climatology, and so on (Abera et al., 2016;

Boushaki et al., 2009; Fang et al., 2015; Gumindoga et al., 2016; Habib et al., 2014; Pan

et al., 2016; Tesfagiorgis et al., 2011; Valdés-Pineda et al., 2016; Worglul et al., 2017a).

Table 4.1 shows an overview of some BC methods used to correct precipitation data.

Table 4.1: Overview of some BC schemes.

Method

Advantage

Disadvantage

Reference

Linear scaling (LS)

¢ Mean-based

¢ A mean monthly
correction factor is
applied to the regional
climate model (RCM)
simulated daily
precipitation in a
month. It is the
simplest bias
correction method.

o The daily precipitation
sequence is the same as that of
the RCM-simulated data
(usually too many wet days
compared to the observation).

o It does not account for the
changes in the frequency
distribution of precipitation.

o No adjustment is made to the
temporal structure of daily
precipitation occurrence.

Lenderink et al.
(2007)

Teutschbein and
Seibert (2013)

Local intensity
scaling (LOCI)

Mean-based

The wet-day frequency
is corrected. A mean
monthly correction
factor is applied to the
RCM-simulated daily
precipitation in a
month.

o It does not account for the
different changes in the
frequency distribution of
precipitation.

o No adjustment is made to the
temporal structure of daily
precipitation occurrence.

Schmidli et al.
(2006)

Power
Transformation
(PT)

Mean-based

a precipitation
threshold can be
introduced a priori to
avoid too many drizzle
days (i.e., very low but
non-zero
precipitation). corrects
mean and standard
deviation

(variance)

events are adjusted
non-linearly
variability of corrected
data is more consistent
with original data

o Adjustment of wet-day
frequencies and intensities
only to some extent.

Leander and
Buishand (2007)
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Table 4.1, continued

distribution (QME)

based on point-wise
daily constructed
empirical cumulative
distribution functions
(ecdfs). The frequency
of precipitation
occurrence is corrected
at the same time.

Method Advantage Disadvantage Reference
Quantile mapping e Distribution-based « No adjustment is made to the | Jakob Themefl et al.
based on an « Corrects the RCM- temporal structure of daily (2011)
empirical simulated precipitation precipitation occurrence.

Quantile mapping
based on a gamma
distribution (QMG)

e Distribution-based

e Corrects the RCM-
simulated precipitation
based on a gamma
distribution. The
frequency of
precipitation
occurrence is corrected

¢ The performance depends on
whether the observed and
RCM-simulated precipitation
follows the gamma
distribution (or not).

o No adjustment is made to the
temporal structure of daily
precipitation occurrence.

Piani et al. (2010);
Teutschbein and
Seibert (2012)

using the LOCI
method.

The linear scaling (LS) scheme corrects the average precipitation value based on the
differences between the rain gauge data and satellite data. However, this method does not
correct the standard deviation or variance and all events are adjusted with the same
correction factor (Ajaaj et al., 2016; Boushaki et al., 2009; Lenderink et al., 2007;
Tesfagiorgis et al., 2011; Teutschbein & Seibert, 2013; Vila et al., 2009). Local Intensity
Scaling (LOCI) scheme combines a precipitation threshold with LS (Ajaaj et al., 2016;
Schmidli et al., 2006; Teutschbein & Seibert, 2013). This method separately corrects wet-
day frequency and wet-day intensity, applied pointwise and individually for each day of
the year, and the estimated precipitation is corrected using a scaling factor. However, the
output of this method is limited because, as with LS, the standard deviation and variance
are not corrected and all events are adjusted using the same correction factor. The Power
Transformation (PT) method is a nonlinear correction in an exponential form that
combines the correction of the coefficient of variation (CV) with LS. This scheme
corrects the mean and variance of the temporal series of estimated precipitation (Leander
& Buishand, 2007; Teutschbein & Seibert, 2012, 2013). The coefficient of variation of
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both daily and multiple-day precipitation amounts depends on the wet-day frequency but

this correction does not adjust the frequency of wet days (Leander & Buishand, 2007).

Quantile Mapping (QM) (Ajaaj et al., 2016; Leander & Buishand, 2007; Piani et al.,
2010; Teutschbein & Seibert, 2013) also known as the Distribution Mapping adjusts the
cumulative distribution of estimated data to the cumulative distribution of rain gauge data
using a transfer function. This correction can capture the evolution of the mean and the
variability of precipitation while matching all statistical moments. Under this correction
method, it can be referring to an empirical distribution or a gamma distribution. Hay et
al. (2002) applied a gamma transform to correct RCM precipitation data and Leander and
Buishand (2007) applied a power transformation, which corrects for the coefficient of
variation (CV) and mean of the precipitation values. Hay et al. (2002) found that the
corrected precipitation data did not contain the day-to-day variability which was
presented in the observed data set. Piani et al. (2010) validated a statistical BC method
based on QM method (with Gamma distribution) and the performance was good for
seasonal means, heavy rainfall events and seasonal drought index but not for the daily
rainfall events. Lafon et al. (2013) compared the performance of LS, PT, QMG and QME
methods and found out that mean and standard deviation of daily rainfall can be
effectively corrected while the correction of skewness and kurtosis of daily rainfall are
sensitive to the choice of BC method and calibration period. Although, gamma-based
quantile mapping method provides better results where the variability in rainfall was
captured by gamma distribution, the study employed monthly gamma parameters to
correct the daily rainfall data. The performance of distribution derived, parametric and
nonparametric transformations was compared by Gudmundsson et al. (2012) and
identified that nonparametric transformations possess good proficiency in the reduction
of biases in rainfall simulated by RCM. While assessing hydrological response to climate

change, Teutschbein and Seibert (2012) reported that all BC methods improved RCM
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outputs (rainfall and temperature) and distribution mapping method was found to be

superior for hydrological simulation but the corrections employed monthly factors.

Although the correction of climate variables can considerably improve the hydrologic
simulations under current climate conditions (Chen et al., 2013b; Teutschbein & Seibert,
2012), there is a major drawback whereby most methods follow the assumption of
stationarity of model errors which means that the correction algorithm and its
parameterization for current climate conditions are assumed to be valid for a time series
of changed future climate conditions. Whether or not this condition is fulfilled for our
future climate, it cannot be evaluated directly. This motivated us to address this issue and
to test how well different correction schemes perform for conditions that differ from those

used for calibration.

4.3 Description of the study area and selected flood events

In this chapter, evaluation is performed on the Langat river basin only, map as shown
in Figure 4.1. The description can be referred to Chapter 3 (Section 3.3.1). In addition to
the 2014-2015 flood events, another four extreme flood events due to NEM specifically
during the month of December to January are added. Table 4.2 shows the details of all
five selected flood events. Figure 4.2 shows the daily temporal precipitation of every
selected flood event and the inter-correlation of the rain gauge observations between these
events was tabulated in Table 4.3. It can be noticed that the rainfall pattern of the selected
events was slightly different from each other even though they are of the same monsoon
(NEM) and the same months. Figure 4.3 exhibits the frequency distribution of daily
precipitation in different intensities to each flood event focused on Langat river basin. It
is noticed that Events 2 and 4 are drier compared to the other events whereby more than

50% of the event is no-rain (0 mm/day). Light rainfall (0 — 1 and 1 — 5 mm/day) occurred
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at less than 20% of every period whereas heavy rainfall (20 — 30 and > 30 mm/day)

occurred at about 3 — 8% of the event period.

Figure 4.1: (a) Location of study area. (b) Distribution of gauge stations and
DEM of the Langat river basin.

Table 4.2: Selected flood events for this study

Event Rainy Period
1 1 December 2012 — 31 January 2013
2 1 December 2013 — 31 January 2014
3 1 December 2014 — 31 January 2015
4 1 December 2015 — 31 January 2016
5 1 December 2016 — 31 January 2017
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Figure 4.2: Daily mean precipitation series of selected flood events in Langat
river basin

Table 4.3: Inter-correlation of rain gauge observations between selected flood
events in Langat river basin.

Event 1 2 3 4 5
1 0.061 -0.108 0.047 -0.026
2 0.061 0.092 0.015 0.010
3 -0.108 0.092 -0.158 -0.187
4 0.047 0.015 -0.158 0.151
5 -0.026 0.010 -0.187 0.151
60
50 1
3 40
§30
E 20 1
10 A
0
0 0-1 1-5 5-10 10-20 20-30 > 30

Precipitation (mm/day)

mEvent 1
OEvent 2
WEvent 3
BEvent 4

BEvent 5

Figure 4.3: Frequency distribution of daily precipitation of selected flood events

in Langat river basin.
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4.4 Data Acquisition

For rain gauge ground observations, daily rainfall data collected at 28 operating rain
gauge stations collected from the Department of Drainage and Irrigation (DID), Malaysia
are analyzed (Refer Appendix Al). As for SPP, the same products and respective

resolutions presented in Chapter 3 (Section 3.4.2) are utilized for this chapter.

4.5 Bias correction methods

SPP estimates exhibit large systematic and random errors which may cause large
uncertainties in hydrologic modeling. Moreover, the models could augment or suppress
rainfall biases to the streamflow based on the response mode of the model (Fang et al.,
2015; Habib et al., 2014; Segond et al., 2007). Several bias-correction (BC) schemes have
been developed to downscale the meteorological variables from any datasets or models,
ranging from the simple scaling approach to sophisticated distribution mapping
(Teutschbein & Seibert, 2012). However, these schemes have not been investigated in
Malaysia. Thus, it is necessary to apply the BC schemes to improve the reliability of the
estimation of SPP in Malaysia. In the present study, all SPP are bias-corrected utilizing
three BC schemes, i.e. Linear scaling (LS) (Lenderink et al., 2007), Local intensity
scaling (LOCI) (Schmidli et al., 2006) and Power transformation (PT) (Leander &
Buishand, 2007) methods. In this study, Quantile Mapping, which is known as the best
effective correction scheme, was not selected as this scheme is often used to reduce the
biases in statistical downscaling of future climate change projections (Jeon et al., 2016)
and ignores the correlation between raw ensemble forecasts and observations, thus there
is still a large uncertainty in representation of extreme precipitation (Huang et al., 2014;

Zhao et al., 2017). More detailed descriptions of the selected methods is presented below.
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45.1 Linear Scaling (LS)

The LS method aims to perfectly match the monthly mean of corrected estimations
with that of observed ones (Lenderink et al., 2007). This method operates with monthly
correction values based on the differences between observed and estimated data. The
daily satellite precipitation amounts, P are transformed into P* by multiplying with the

monthly scaling factor, s. (Equation 4.1)

P*=s xXP (4.1

The scaling factor is the ratio of the true mean to the mean of biased estimates
(Anagnostou et al., 1998). In this case, this study assumed the rain gauge measurement
as the true observation and the satellite estimations are the biased estimation as shown by

Equation 4.2.

(4.2)

(7]
Il
el

where S and G represents satellite/gridded and gauge precipitation, respectively, i is the
date of the events, S is the monthly average value of S; and G is the monthly average

value of G;.

Unlike other studies (Ajaaj et al., 2016; Schmidli et al., 2006; Teutschbein & Seibert,
2013), this study is focusing on the calculation of the monthly scaling factors. These
scaling factors are applied separately for every selected extreme event as the rainfall
pattern is not consistent even though they are of the same monsoon (NEM) and the same

months.
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45.2 Local intensity scaling (LOCI)

The LOCI method (Schmidli et al., 2006) corrects the wet-day frequencies and
intensities and can effectively improve the raw data which have too many drizzle days
(days with little precipitation). It normally involves two steps: firstly, a wet-day threshold
for the mth month Presm IS determined from the raw precipitation series to ensure that

the threshold exceedance matches the wet-day frequency of the observation; secondly, a

P—(Pobs,m,d | Pobs,m,d>0)
P(Praw,m,d [ Praw,m,d>Pthres,m)

scaling factor ¢ = is calculated and used to ensure that the

mean of the corrected precipitation is equal to that of the observed precipitation:

0 ’ PS,m,d < Pthres,m

Psma X c, otherwise. (4.3)

Procima = {

Similar to LS scheme, the scaling factor is calculated and applied separately for every

selected event.

45.3 Power transformation (PT)
Shabalova et al. (2003) and Leander and Buishand (2007) advocated the PT method
because it uses an exponential form to further adjust the standard deviation of

precipitation series, P, as shown in Equation (4.4).
P*=q- PP (4.9)

To implement this method, there are two scaling factors to be calculated, a and b. The
b factor is calculated iteratively so that the coefficient of variation (CV) of the satellite
daily precipitation time series matches that of the gauged precipitation time series. Next,
the a factor is calculated such that the mean of the transformed precipitation values

matches that of the gauged precipitation. Finally, these two scaling factors are applied to
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each uncorrected daily satellite observations corresponding to that month to generate the

corrected daily time series.

4.6 Results and Discussions
4.6.1 Evaluation of raw satellite estimates over selected extreme flood events
Before performing the BC schemes, the accuracy of the three selected satellite
products (TRMM, CMORPH, and PERSIANN) at Langat river basin for all events is first
examined. Table 4.4 shows the summarized result of the raw satellite estimations for
Langat river basin. TRMM capable to estimate rainfall reasonably well with CC ranging
from 0.52 — 0.77 and so does the CMORPH although the poor correlation is shown for
Event 2. As for PERSIANN, the estimation is slightly poor compared to TRMM and
CMORPH for the first three events but somehow slight improvement is noticeable in
Event 4 and 5. Based on the bias, it is found that the raw TRMM and PERSIANN
estimations almost overestimate the actual precipitation of every event of the same
months (December — January) for about 6 — 60% whereas CMORPH underestimates the
actual precipitation by 27 — 51%. Similar results were reported by Tan et al. (2015) and
Derin and Yilmaz (2014), where CMORPH showed significant precipitation
underestimation over Peninsular Malaysia and the western part of Turkey, respectively
compared to other SPP. According to Thiemig et al. (2012), the significant overestimation
and underestimation of the SPP might be due to poor ability in estimating heavy rain (>10
mm/day). Overall, the results found that PERSIANN performs poorly compared to the
other two satellites for the selected basin. However, there are some studies that indicated
PERSIANN can estimate well the rainfall compared in other regions (Ghajarnia et al.,
2015; Kizza et al., 2012). Based on the NRMSE and MAE, it is noted that CMORPH has
the lowest value among those three SPP estimations which implies the CMORPH rainfall

estimation is more reliable.
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Table 4.4: Statistical Results of Raw Satellite Estimations for the overall Langat

river basin
SPP Event 1 2 3 4 5
CcC 0.54 0.52 0.77 0.66 0.61
PBias (%) 14.9 54.5 17.6 6.1 -3.1
TRMM NRMSE 1.4 2.5 1.3 1.4 1.2
MAE (mm/day) 5.4 5.1 5.0 5.4 5.6
CcC 0.63 0.49 0.63 0.80 0.68
PBias (%) -37.9 1.9 -37.6 -51.2 -26.9
CMORPH NRMSE 0.8 1.9 1.0 1.1 1.0
MAE (mm/day) 4.0 4.0 4.3 3.8 4.9
CcC 0.30 0.50 0.37 0.56 0.54
PBias (%) 6.4 61.8 43.9 -15.1 28.7
PERSIANN NRMSE 1.1 2.4 1.8 1.2 1.2
MAE (mm/day) 5.6 5.8 7.9 4.5 6.6

4.6.2 Performance evaluation of bias-corrected satellite estimates

4.6.2.1 Rainfall pattern and distribution

Figure 4.4 shows the direct comparison of the daily and accumulated rainfall data of
every raw and bias-corrected dataset over every study period at Langat river basin to give
a first impression of the data characterization. It is found that LS-corrected rainfall
estimates predict the overall gauged rainfall reasonably well but as for LOCI, this method
is less effective for the PERSIANN estimations as it exacerbates the overall rainfall over
the basin by 40 — 85% overestimation. Nevertheless, this method is seemed suitable in
certain events for TRMM and CMORPH estimations. This might due to the rainfall
threshold that we set (1 mm) to ensure that the threshold exceedance matches the wet-day
frequency of the observation. Here, sensitivity analysis based on the rainfall threshold is
recommended as every region has different geographical condition and the rainfall will
never be equally distributed. Thus, the rainfall threshold might be varying from region to
region. For PT-corrected rainfall estimates, it is noted that this scheme is much better
compared to LOCI, the difference in total rainfall compared to the accumulated gauge
observations are less than 20% except for PT-corrected PERSIANN estimation in Event
4, whereby the corrected estimation overestimated the total rainfall over basin by 31%.
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Figure 4.4: Time series of daily rainfall data (mm/day) and daily accumulated
rainfall data (mm) of gauge observations, raw and bias-corrected satellite
estimations for selected flood events in Langat river basin.
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Next, the distribution of the data is evaluated based on the Quantile-Quantile plots (QQ
plots) as shown in Figure 4.5 and accompanied by Table 4.5. QQ plot provides a useful
comparison of the response of rainfall distribution across various bias-corrected rainfall
values. In every QQ plot (Figure 4.5), a 45° reference line is also plotted. If the two sets
come from a population with the same distribution, the points should fall approximately
along this reference line. The greater the departure from this reference line, the greater
the evidence for the conclusion that the two data sets have come from populations with
different distributions. Based on Table 4.5, all the BC methods exhibit a significant
improvement for TRMM and CMORPH estimations whereas a satisfactory level (0.70 —
0.80) for some selected events are achieved by PERSIANN estimations corrected by LS
and LOCI. PT scheme was found to be the best scheme for correcting the distribution of
satellite estimations as it adjusted the rainfall data points closer to the reference line with

high NSE (Nash-Sutcliffe Efficiency) values (> 0.85) in all events.

Table 4.5: Nash-Sutcliffe Efficiency

Nash-Sutcliffe Efficiency (NSE)

Raw LS LOCI PT
TRMM
Event 1 0.96 0.92 0.96 0.99
Event 2 0.78 0.95 0.94 0.98
Event 3 0.94 0.99 0.96 0.99
Event 4 0.62 0.91 0.81 0.97
Event 5 0.93 0.99 0.97 0.99
CMORPH
Event 1 0.65 0.91 0.97 0.99
Event 2 0.97 0.98 0.98 0.99
Event 3 0.77 0.99 0.98 0.99
Event 4 0.33 0.89 0.87 0.95
Event 5 0.81 0.96 0.97 0.98
PERSIANN
Event 1 0.74 0.78 0.84 0.97
Event 2 0.84 0.91 0.77 0.99
Event 3 0.86 0.81 0.88 0.94
Event 4 0.35 0.72 0.76 0.88
Event 5 0.80 0.77 0.82 0.95
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Figure 4.5: Quantile-Quantile plots of raw and corrected satellite estimations
versus gauged observations for every flood event in Langat river basin.
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4.6.2.2 Statistical performance

In Section 4.5, we described the methods of the BC, that is employed to fit the mean,
standard deviation (SD) and coefficient of variation (CV) for the precipitation data. Figure
4.6 shows several scatter plots for the fitting statistics of all events which imply the
observed statistics are plotted versus those of the uncorrected and corrected satellite data.
The detailed statistical performances are shown in Table 4.6. Based on the scatter plots,
generally, it is observed that LS scheme matches the mean precipitation of every satellite
estimation, but it does not correct the biases in SD and CV. When applying a higher degree
BC scheme, such as LOCI and PT schemes, a significant improvement on the SD and CV
were noted as the data points in the scatter plots are almost matches to the gauged
observations. PT exhibits greater improvement compared to LOCI. These results are
considered as good as the method of BC schemes applied for this study was only intended

to correct the aforementioned statistical parameters.
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Table 4.6: Statistical analysis of original and corrected satellite estimations versus gauged observations at Langat river basin.

o Statistical Mean Sb cv
measures Raw LS LOCI PT Raw LS LOCI PT Raw LS LOCI PT
CcC 0.16 1.00 0.92 0.98 -0.15 0.90 0.87 1.00 0.30 0.36 0.39 0.83
PBias (%0) 14.74 0.01 -8.58 6.54 5.10 -6.85 -15.73 -1.82 -9.21 -7.50 -7.50 -7.84
TRMM MAE (mm/day) 2.11 0.00 0.87 0.50 441 2.25 2.59 0.29 0.36 0.35 0.33 0.21
RMSE (mm/day) 3.06 0.00 1.25 0.78 7.88 3.40 451 0.44 0.48 0.45 0.44 0.31
NRMSE 0.41 0.00 0.21 0.11 0.56 0.27 0.40 0.03 0.25 0.23 0.23 0.16
cC 0.15 1.00 0.94 0.99 -0.17 0.93 0.92 1.00 0.34 0.49 0.53 0.84
PBias (%0) -32.11 -0.02 9.02 7.68 -40.20 -15.22 -8.86 -2.37 -12.97 -15.22 -15.53 -9.26
CMORPH MAE (mm/day) 2.50 0.00 0.92 0.55 6.30 2.39 2.05 0.34 0.38 0.37 0.37 0.22
RMSE (mm/day) 3.60 0.01 1.17 0.82 9.64 3.68 3.62 0.50 0.52 0.50 0.49 0.31
NRMSE 0.81 0.00 0.16 0.12 1.20 0.32 0.30 0.04 0.29 0.28 0.28 0.17
cC 0.27 1.00 0.94 0.98 -0.16 0.93 0.86 1.00 0.30 0.40 0.39 0.66
PBias (%0) 23.29 -0.03 58.60 19.07 -24.53 -40.46 -5.70 -7.41 -38.93 -39.21 -39.71 -21.72
PERSIANN | MAE (mm/day) 242 0.00 3.85 1.26 5.19 544 2.55 1.00 0.81 0.82 0.83 0.46
RMSE (mm/day) 3.40 0.02 4.17 1.64 8.84 6.82 4.06 1.30 0.92 0.92 0.92 0.56
NRMSE 0.42 0.00 0.40 0.21 0.87 0.85 0.32 0.10 0.73 0.72 0.74 0.34
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4.6.3 Variation and sensitivity of parameters

Based on the statistical analysis, the determined parameters or bias factors (s for LS
scheme, ¢ for LOCI scheme as well as a and b for PT scheme) greatly affecting the
corrected daily precipitation value of the extreme flood. However, the statistical analysis
does not provide a true answer for the study as hydrological events are subject to great
variability and uncertainties. Thus, it is important to evaluate the sensitivity of these
parameters based on the selected events of this study. Moreover, it is also important to
assess whether these parameters can be applied in a similar event of different time periods
(Terink et al., 2010). Figure 4.7 shows the boxplots for every parameter applied
throughout the five selected events with the small circles represent the outliers. For LS
scheme, the parameter s is determined. It is found that most of the rainfall points (for both
months of December and January) of TRMM and PERSIANN are multiplied with the
parameter s around 1.00, which indicates that most of the data points are almost accurate
and there is no any significant correction. For CMORPH, most of the parameter s are
more than 1.00, which means that the actual precipitation is underestimated and thus
correction should be applied on the CMORPH data from a dry to a wet condition for every
extreme flood event. For LOCI scheme, the parameter ¢ was almost in the same range as
parameter s in LS scheme for TRMM and CMORPH estimations. However, the multiplier
is slightly larger for PERSIANN estimation. For PT scheme, there are two parameters, a
and b, which used to correct the mean and the standard deviation or variance of the
datasets, respectively. It is noted that the parameter a applied on all three estimations
varies over every event except for PERSIANN estimation in January. The parameter a
applied on PERSIANN estimation in January is smaller than 1.00, which means that
PERSIANN overestimated the actual rainfall that happened in January over the five flood

events.
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To address the uncertainty concerning the determined parameters of every scheme,
bootstrapping (Tian et al., 2014) is performed for every parameter of the selected BC
scheme. Based on the parameters obtained, 1000 random samples are generated and the
sampling distribution is visualized using histograms to observe the skewness of the
samples. This bootstrapping procedure is repeated for every parameter and every satellite
estimation. Figure 4.8 shows one of the histograms for the resampled parameter s (bias
factor of LS scheme) for January’s TRMM estimations. The mean of the original and
resampled parameters, as well as the 95% confidence intervals, are shown in Table 4.7.

These results can be as a reference for correcting the near-real-time data for further use.

Based on the results, it is noted that the uncertainty ranges of every parameter applied
for the month of December are larger compared to that month of January. Thus, careful
consideration should be given when improving the satellite rainfall estimations. By
comparing the BC scheme, the difference between the original and the resampled mean
for the parameter a and b of PT scheme is much smaller compared to s for LS scheme
and ¢ for LOCI scheme. However, there is still a large uncertainty range for this scheme
to be applied in CMORPH (Parameter b in January) and PERSIANN estimations

(Parameter a in January and b in December).
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Figure 4.7: Boxplot of the parameters used in BC for every satellite estimation.
[(a) Parameter s for LS scheme, (b) Parameter ¢ for LOCI scheme, (c) Parameters
aand (d) b for PT scheme]

Figure 4.8: Sample histogram of bootstrap values for 1000 random samples.
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Table 4.7: The mean, resampled mean and 95% confidence interval (95% CI)

for every parameter applied on the SPP.

[For SPP, T- TRMM, C — CMORPH and P — PERSIANN]

December January
Method | Parameter SPP Mean Resampled 95% ClI Mean Resampled 959 ClI
Mean Mean
T 0.86 5.13 [0.38,5.77] 0.94 2.43 [0.11, 1.04]
LS s C 1.43 12.62 [0.02, 8.45] 2.15 6.97 [0.53, 1.60]
P 0.89 8.65 [0.60, 8.98] 0.88 3.11 [0.46, 2.20]
T 0.81 3.88 [0.27, 4.40] 0.78 1.87 [0.36, 1.08]
LOCI c o 1.65 11.62 [0.26, 6.62] 2.00 7.29 [0.47, 2.26]
P 1.34 10.14 [0.41, 6.81] 1.57 5.25 [0.71, 2.11]
T 1.48 1.82 [0.93, 2.98] 1.97 19 [0.65, 3.07]
a c 1.18 1.66 [0.74, 3.04] 1.15 1.68 [0.43,2.77]
pT P 6.62 35 [1.55, 5.29] 0.19 1.36 [0.49, 2.26]
T 1.18 0.22 [-0.49, 0.81] 0.86 0.51 [-1.26, 0.26]
b c 1.19 0.12 [-0.49, 0.63] 1.10 -0.09 [-0.75, 0.56]
P 1.02 -2.56 [-4.17, -0.20] 1.81 0.07 [-0.54, 0.74]

4.7 Summary

Although climatology adjustments or calibrations have been adopted on the algorithm
of SPP estimations and improved with inputs of evolving versions, the estimations are
still imperfect and their performance varies from region to region, as well as season to
season. This chapter presents an application of three BC schemes (LS, LOCI and PT) to
improve the accuracy of three satellite estimations (TRMM 3B42 V7, CMORPH, and
PERSIANN) at the Langat river basin during the five selected extreme flood events due
to NEM specifically in the month of December to January. Studies of BC on satellite
estimations in Malaysia are arguably limited and therefore accuracy of this global
coverage rainfall data should be assessed according to Malaysia’s topography, location,
and weather system. The selection of BC methods for this study is considered universal
as these methods have been applied in most of the studies. However, due to the rapid
evolution of the SPP estimations, as well as changing climate, it is crucial to implement

these BC on the latest version of SPP for the extreme events of the Malaysia region.

97



During the process of BC, we noticed that the parameters or bias factors (s for LS
scheme, ¢ for LOCI scheme as well as a and b for PT scheme) vary for every flood event
even though these floods happened on the same season/ monsoon. Thus, we also evaluate
the sensitivity of these parameters to the extreme floods selected and whether these

parameters can be applied in a similar event of different time periods.

Based on the findings, all BC schemes are able to improve the satellite estimations.
LS-corrected rainfall estimates predict the overall gauged rainfall of the catchment very
well. Nevertheless, this method matches well the mean precipitation of every satellite
estimation and does not correct the SD and CV of the estimations. For LOCI, in the
present study, we set 1 mm as the rainfall threshold to ensure that the threshold
exceedance matches the wet-day frequency of the observation. We found that this scheme
is suitable for correcting the TRMM and CMORPH estimations in certain flood events
but does not suitable for PERSIANN estimations as it overestimated the overall rainfall
of the catchment by 40 — 85%. Sensitivity analysis on the setting of the daily rainfall
threshold should be carried out. PT scheme offers the best results in this study as it
corrects up to the second statistical moment of the frequency distribution such as SD and

CV and corrected well the rainfall distribution of satellite estimations.

The outputs of this study will help hydrologists to understand the efficiency and
application of satellite estimations data in rainfall-runoff modeling to predict the river
discharge in this catchment which may be useful to our water resources management.

Also, it is required to devote efforts towards operationalizing the BC algorithms.
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CHAPTER 5: PRECISION OF RAW AND BIAS-ADJUSTED SATELLITE

PRECIPITATION ESTIMATIONS IN RAINFALL-RUNOFF MODELLING

5.1 Introduction

This chapter presents findings of the final objective, i.e. to simulate rainfall-runoff
during 2014-2015 flood events in the Langat river basin based on raw and improved (LS,
LOCI and PT) SPP estimations (TRMM, CMORPH, and PERSIANN) that had been
discussed in previous chapters. The Hydrological Modelling System (HEC-HMS) is
applied to validate the performance of the raw and bias-adjusted SPP that had been

discussed in previous chapters with rain gauge model parameters.

5.2 Review on Hydrological Modelling with SPP Estimations

Rainfall data or precipitation is an important input required for water resource
management, hydrologic and ecologic modeling, recharge assessment, and irrigation
scheduling (Behrangi et al., 2011; Jiang et al., 2018; Mair & Fares, 2010; Su et al., 2008).
A plethora of studies estimated the streamflow by using hydrological models with SPP
estimations as input. (Dinku et al., 2008; Hong et al., 2006; Hossain & Anagnostou, 2004;
Jiang et al., 2018; Li et al., 2018; Nijssen & Lettenmaier, 2004; Worglul et al., 2017a;

Yilmaz et al., 2005).

In China, Tong et al. (2014) investigated the streamflow simulation abilities of
TRMM, CMORPH, and PERSIANN using the Variable Infiltration Capacity (VIC)
hydrologic model in upper Yellow and Yangtze river basins and found that TRMM had
comparable performance to the observed data in simulations, whereas the other SPP
exhibited little capability for streamflow simulations. In another study, Liu et al. (2017)
accessed the capability of PERSIANN in the Hydro Informatic Modelling System

(HIMS) model for the same rivers as Tong et al. (2014). Results concluded that the
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PERSIANN-CDR was suitable to simulate reasonably good streamflow in basins of the
Tibetan Plateau and also has the potential to be an alternative source of the sparse gauge
network for future hydrological and climate change studies. Li et al. (2015) simulated
TRMM and CMORPH via geomorphology-based hydrological model (GBHM) model
for the Yangtze river and concluded that TRMM performed best for annual water
budgeting and monthly streamflow simulation. Jiang et al. (2012) highlighted that the
streamflow simulation results of different precipitation inputs in both spatiotemporal
resolutions and accuracy could be somewhat similar through model calibration with each

of the input data.

In other regions, Nijssen and Lettenmaier (2004) investigated the effect of satellite-
based precipitation sampling error on estimated hydrological fluxes. Using TMPA data,
Su et al. (2008) investigated the feasibility of TMPA satellite-based precipitation data for
hydrologic predictions and concluded that satellite estimates have the potential for
hydrologic forecasting particularly with respect to the simulation of seasonal and inter-
annual stream-flow variability. Yilmaz et al. (2005) investigated the PERSIANN in
streamflow forecasting with a lumped hydrologic model (SACramento Soil Moisture
Accounting (SAC-SMA) (Burnash, 1995)) over several medium-size basins in the
southeastern United States. Results indicated that the accuracy of model simulations
depended on the bias in the precipitation estimates and the size of watersheds. Behrangi
et al. (2011) assessed the effectiveness of five SPP (TRMM-RT, TRMM 3B42 V6,
CMORPH, PERSIANN and its adjusted version PERSIANN-adj) using the same model
as Yilmaz et al. (2005) for streamflow simulation over IlInois river basin and found that
these SPP streamflow patterns significantly overestimated over warm months (spring and
summer months) and underestimated during cold season. Su et al. (2008) investigated the
feasibility of TRMM 3B42 Version 6 (V6) for La Plata basin found that the SPP has the

potential for hydrologic forecasting but tended to overestimate peak flows. Their
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extended work (Su et al., 2011) indicated that the relative accuracy and the hydrologic
performance of real time-based TRMM (TRMM-RT) streamflow simulations generally
improved and suggests considerable potential for hydrologic prediction using purely
satellite-derived precipitation estimates in parts of the globe with sparse in-situ
observations. Worglul et al. (2017) tested the TRMM 3B42V7 in two semi-distributed
hydrological models Hydrologiska Byrans Vattenbalansavdelning (HBV) (Lindstrom et
al., 1997) and Parameter Efficient Distributed (PED) (Steenhuis et al., 2009) for Blue
Nile Basin in Ethiopia was not be able to capture the gauged rainfall temporal variation
in both watersheds and was not tested further. They suggested that further calibration of
the satellite is required before applying. Harris et al. (2007) assessed one of the real time
products of TRMM (TRMM 3B41RT) for Upper Cumberland River in southeastern
Kentucky and indicated that the current level of uncertainty in satellite rainfall warrants
caution before institutionalizing its use in operational flood forecasting systems at the
basin scale. In order to minimize the model’s propensity to produce false prediction of
streamflow, they suggested that bias adjustment of satellite rainfall data needs to be

identified.

53 Methods
5.3.1 Hydrologic Modelling System (HEC-HMS)

HEC-HMS is a hydrologic modeling software developed by the US Army Corps of
Engineers Hydrologic Engineering Center (HEC). This physically based and conceptual
semi-distributed model is designed to simulate the rainfall-runoff processes in a wide
range of geographic areas such as large river basin, water supply, and flood hydrology to
small urban and natural watershed runoff. The system encompasses losses, runoff
transform, open channel routing, analysis of meteorological data, rainfall-runoff

simulation and parameter estimation. HEC-HMS uses separate models to represent each
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component of the runoff process, including models that compute runoff volume, models
of direct runoff, and models of base flow. Each model run combines a basin model,
meteorological model and control specifications with run options to obtain results. A
schematic diagram for the setup of HEC-HMS for the Langat river basin is shown in
Figure 5.1. The selected methods for each component of the runoff process such as runoff
depth, direct runoff, base-flow and channel routing in event-based hydrological modeling

are discussed in the following section.

Figure 5.1: Schematic diagram for the setup of HEC-HMS hydrological
modeling system.
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5.3.2  Soil Conservation Service Curve Number (SCS-CN) method

The SCS-CN loss method is chosen to estimate the accumulated precipitation excess
or the runoff of the watershed. This method uses an integration of land use and soil data
to determine the runoff curve number, CN values of the watershed. The SCS-CN equation

is as shown below:

Q = S5 (5.1)

T (P-Ip)+S

where Q = runoff at time t, P =accumulated rainfall depth at time t, Ia = initial abstraction

and S = potential maximum retention after runoff begins.

Initial abstraction (la) is all losses before runoff begins. This parameter includes water
retained in surface depressions, water intercepted by vegetation, evaporation, and
infiltration. la is highly variable but generally is correlated with soil and cover parameters.
Through studies of many small agricultural watersheds, I. was found to be approximated

by the following empirical equation:
I, =028 (5.2)

S is known as the potential maximum retention, which can be calculated based on

Equation (5.3).

25400
CN

S =

— 254 (in millimeter) (5.3)

The runoff curve number CN in the equation can be estimated based on the hydrological
soil group, plant cover, amount of impervious areas, interception, and surface storage of
the watershed. The aforementioned parameters can be referred to (Cronshey, 1986). In
the case of non-homogenous sub-basins, the CN are taken as a weighted value based on

different land uses in the study area. Calculation of weighted curve number (WCN) is
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shown by Equation (5.4), where, WCN is weighted curve number, Aiis area for ith landuse

type and CN; is curve number for ith land use type.

_ XiZTCNpA;

WCN = SEY (5.4)

5.3.3  SCS unit hydrograph method
SCS unit hydrograph is applied for estimating direct runoff. Under this method, the

basin lag time (Tiag) is the parameter which can be calculated from Equation (5.5).

(5+1)%7

— L0.8 .
1900Y

Tlag (5.5)

where L is the longest flor path in kilometer, Y is the watershed slope in percent and S is

the potential maximum retention.

5.3.4 Muskingum method

Muskingum method for channel routing is chosen. Under this method, the X and K
parameters must be evaluated. Theoretically, parameter K is the time of passing of wave
in reach length and parameter X is a constant ranging from 0 to 0.5. The parameters can
be estimated with the help of observed inflow and outflow hydrographs. Parameter K
estimated as the interval between similar points on the inflow and outflow hydrographs.

Once K is estimated, X can be estimated by trial and error (USACE-HEC, 2008).

5.3.5 Hydrologic simulation process
This chapter utilizes all rain gauge (RG) observations, raw and bias-adjusted (LS,

LOCI and PT-adjusted) SPP datasets starting from 1% December 2014 — 31 January 2015
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(62 days) for the flood simulation in Langat river basin. Apart from that, in order to allow
the model to reach an “optimal” state, additional RG and SPP data starting from 15t — 30
November 2014 is collected to “warm-up” the model and the same BC processes
described in Chapter 4 (Section 4.5) are repeated and produced additional bias-adjusted

estimations.

As mentioned in Section 3.5.1, when a limited number of rain gauge (RG) is compared
to the satellite products, point-to-grid precipitation is insufficient for the large variability
of rain gauge associated to the spatial and temporal resolution of satellite products.
Therefore, conversion to a gridded surface from rain gauge data at the same resolution of
the satellite data by the interpolation method is applied to overcome the large variability
issue (Lo Conti et al., 2014). In Chapter 3, we have compared the trend of mean areal
precipitation between five different rainfall interpolation methods for Langat river basin
and found that all interpolation methods performed based on RG data exhibit similar
pattern with values are quite close across all the methods of any interpolation methods.
However, based on the statistical analysis reported in Table 3.4 and Figure 3.10,
excluding the result of Arithmetic mean rainfall (as the mean precipitation computed is
equally distributed to the whole basin), generally, we noticed that the inverse-distance-
weighting (IDW) performed slightly better than other rainfall interpolation results such
as Thiessen polygon and Spline in terms of correlation and other statistical indicators such
as NRMSE. According to Dirks et al. (1998), he reported that the inverse-distance-
weighting (IDW) method is much accurate and feasible compared to other interpolation
methods as it gives consideration to both complexity and calculating time. Therefore, in
this case, we adopted the IDW-interpolated RG data to drive the HMS model and optimize
the parameter values by comparing the simulated RG streamflow with the observed
streamflow gauge station. Finally, the model is then forced by raw and bias-adjusted

TRMM, CMORPH and PERSIANN rainfall data are subsequently used to run the model
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with the RG optimized parameters. Figure 5.2 summarizes the overall hydrologic process

simulation for this study.

Figure 5.2: Overall hydrologic simulation process

5.3.6  Model Performance Indicators

There is no single model performance indicator that determines the strengths and
weaknesses of a particular model. For determining the model performance, five indicators
were adopted, including the Nash Sutcliffe Efficiency (NSE), percent bias (PBias), root
mean square error (RMSE), mean absolute error (MAE) and peak error. NSE indicates
how well the simulation matches the observation and it ranges between -co and 1, with

NSE =1 meaning a perfect fit. Table 5.1 provides a classification of the performance of

NSE.

PBias investigates the tendency of over or underestimation of the simulated flow.
RMSE indicates how closely the modeled discharge predicts the simulated discharge.

MAE demonstrates the average model prediction error with less sensitivity to large errors.
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RMSE and MAE values of 0 indicate a perfect fit. Singh et al. (2005) state that RMSE and

MAE values less than half the standard deviation of the measured data may be considered

low and that either is appropriate for model evaluation. Peak error indicates how close

between the peaks of modeled and observed simulations. Equations (5.6) to (5.10) show

the aforementioned quantitative evaluations, where Q.is the mean of observed

discharges, and Q,,, is modeled discharge. Qf is the observed discharge at time t. Qmp

is the modeled peak discharge and Qopeak is the observed peak discharge.

Yi-1(Q5—05)?
NSE = 1 —=iztsm <ol
YT 1(Q5-Q0)?

T t _nt
PBias = % x100%

MAE = Et=1loh=0f]
n

RMSE = szl(an—Qé)z
n

Q -Q
Peak Error = —peak_opek o 100%

Opeak

Table 5.1: Classification of performance of NSE of models.

(Moriasi et al., 2007)

NSE Classification
<0.40 Unsatisfactory
0.40-0.50 Acceptable
0.50 - 0.65 Satisfactory
0.65-0.75 Good
0.75-1.00 Very Good

eak

(5.6)

(5.7)

(5.8)

(5.9)

(5.10)
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5.4 Results and Discussions

5.4.1 Comparison of SPP rainfall estimates with rain gauge (RG) observations
This section focuses/ recaps on the rainfall comparison at basin scale between raw SPP

estimations with IDW-interpolated RG observations for 2014-2015 flood events in

Langat river basin that had been discussed in Chapter 3. Apart from that, further

comparison with the bias-adjusted SPP estimations were included to observe the effect of

bias correction on rainfall datasets at basin scale.

Figure 5.3 shows the comparison of the daily and accumulated rainfall data of every
raw and bias-corrected dataset over the focused study period at Langat river basin,
accompanied with Table 5.2. Comparing the inverse distance weighting (IDW)
interpolated areal rainfall of RG observations with every original SPP estimations,
TRMM and PERSIANN overestimated the overall rainfall series by 17.40 and 44.80%,

CMORPH underestimated the total rainfall by 31.90%.

In Chapter 4, we had adopted three BC scheme on every SPP. Generally, it was noted
that the bias of every SPP was greatly reduced regardless of any BC scheme applied,
exceptional for LOCI-TRMM and LOCI-PERSIANN. After performing bias correction
on the rainfall datasets, LS-corrected rainfall estimates predict the overall gauged rainfall
very well. LOCI-TRMM underestimated the overall areal rainfall by 16.81%, however,
compared with other bias-adjusted SPP estimations (including bias-adjusted CMORPH
and PERSIANN sets) it obtains the best MAE (3.88 mm/day) and RMSE (5.97 mm/day).
It noted that LOCI was not really suitable for PERSIANN estimations as it exacerbates
the overall rainfall over the basin still by about 40% overestimation. However, this
method was seemed suitable in certain events for TRMM and CMORPH estimations.
This might due to the rainfall threshold that we set (1 mm) to ensure that the threshold

exceedance matches the wet-day frequency of the observation.
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Table 5.2: Statistical analysis of raw and bias-adjusted SPP versus IDW-
interpolated RG observations for the 2014-2015 flood events at Langat river basin

SPP cC PBias (%) MAE RMSE
(mm/day) (mm/day)
TRMM 0.76 17.40 4.49 3.85
LS-TRMM 0.81 -0.01 410 6.75
LOCI-TRMM 0.79 -16.81 3.88 5.97
PT-TRMM 0.80 -2.10 4,05 6.62
CMORPH 0.71 -31.90 4,22 3.22
LS-CMORPH 0.75 0.00 3.97 6.83
LOCI-CMORPH 0.73 -1.81 3.96 7.00
PT-CMORPH 0.75 4.36 412 7.30
PERSIANN 0.42 44.80 7.79 5.94
LS-PERSIANN 0.46 0.00 5.77 8.20
LOCI-PERSIANN 0.48 41.06 7.30 10.38
PT-PERSIANN 0.43 17.77 7.35 10.82
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Figure 5.3: Comparison of daily mean precipitation series between interpolated
RG observations and selected SPP estimations for 2014-2015 flood events at
Langat river basin.
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(c) PERSIANN
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Figure 5.3, continued

5.4.2 Model calibration

In order to assess the runoff predictions obtained from the RG and selected SPP
datasets, the daily IDW-interpolated RG rainfall data was first used to drive the HEC-
HMS model and optimize the parameter values by comparing the simulated RG
streamflow with the observed streamflow gauge station. The objective of the model
calibration is to match the RG simulated flow with the observed streamflow from DID
and maximize the Nash Sutcliffe Efficiency (NSE) (at least 0.8). Among the parameters
selected to calibrate the model including the Curve Number (CN), Muskingum factor K
and X. As HEC-HMS is an event-based model, we divided the study period into five sub-
events, namely Sub-Event A, B, C, D, and E, and the simulation ran and calibrated
separately. The optimized parameters of every sub-event are listed in Table 5.3 and Figure
5.4 shows the comparison of simulated and calibrated runoff hydrograph, accompanied
by Table 5.4 showing the model performance before and after calibration. It is observed
that the optimized parameter in the HEC-HMS model of every sub-event gave values of

different runoff hydrograph parameters close to the observed streamflow than that before
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optimization, with NSE ranging from 0.81 — 0.93. From Figure 5.4, sub-event B is the
peak event of the overall study period. The statistical analysis of this sub-event gave
values of MAE and RMSE of 96.9 m®/s and 106.7 m®/s, respectively. After the optimized
values are considered, the performances of MAE and RMSE have improved to 33.5 m®/s
and 38.9 m®/s, respectively. A similar case is noted for all other events, the statistical

analysis reveals that the optimized model parameters listed in Table 5.3 should be

considered in the model to simulate the runoff hyd

rograph.

Table 5.3: Optimized model parameter sets of HEC-HMS model

Sub-Event A B C D E
Start Date 1 Nov 2014 | 20 Nov 2014 | 1 Dec 2014 | 20 Dec 2014 | 5 Jan 2015
End Date 19 Nov 2014 | 30 Nov 2014 | 19 Dec 2014 | 4 Jan 2015 20 Jan 2015
Imperviousness (%) 9.90% 9.90% 9.90% 9.90% 9.90%
Lag time (minutes) 18.37 18.37 18.37 18.37 18.37
CN 80 90 80 90 90
Initial Abstraction 17.23 17.23 17.23 17.23 17.23
Muskingum K 1 15 2 2 1
Muskingum X 0.2 0.1 0.1 0.1 0.2
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Figure 5.4: Comparison of runoff hydrograph for 2014-2015 flood events
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Table 5.4: Calibration result for every sub-event

Sub Event A B C D E
Initial Date 1 Nov 2014 20 Nov 2014 1 Dec 2014 20 Dec 2014 5Jan 2015
End Date 19 Nov 2014 31 Nov 2014 19 Dec 2014 4 Jan 2015 20 Jan 2015

Nash-Sutcliffe (NSE)

Simulated RG 0.60 0.45 -3.25 -0.21 -3.03
Calibrated RG 0.83 0.93 0.81 0.83 0.87
MAE (m?3/s)

Simulated RG 33.2 96.9 54.1 63.6 68.3
Calibrated RG 22.5 33.5 12.4 23.5 15.8

RMSE (m?¥s)
Simulated RG 46.0 106.7 75.2 82.6 114.9
Calibrated RG 30.6 38.9 16.1 30.7 20.6

Peak Discharge (m®/s)

Observed SF 254.6 476.4 130.7 286 182
Simulated RG 166.1 371.9 3125 436.4 537
Calibrated RG 198.9 425.8 130 282 177.5

Peak Error (%)
Simulated RG 34.8 21.9 139.1 52.6 195.1
Calibrated RG 21.9 10.6 0.5 14 2.5

5.4.3 Model Validation using Raw and Bias-adjusted SPP Rainfall Datasets

As discussed in the previous section, the RG precipitation data was first used to derive
the HEC-HMS model and optimize parameters against observed streamflow at the outlet.
The model was then forced by raw and bias-adjusted TRMM, CMORPH and PERSIANN
rainfall data are subsequently used to run the model with the same parameter values listed
in Table 5.3 and the simulated runoff by the selected SPP is computed. Figure 5.5 shows
the comparison of hydrograph for every raw and bias-adjusted SPP estimation simulated
flow. The statistical performance of each raw and bias-adjusted TRMM, CMORPH and

PERSIANN simulated flows are presented in Tables 5.5, 5.6 and 5.7, respectively.
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5.4.3.1 Simulation of streamflow with raw SPP estimations

Generally, with the rain gauge optimized parameters, the streamflow simulations from
all three original SPP do not show comparable results with the RG-calibrated streamflow.
The simulations of the raw TRMM and PERSIANN overestimated the overall streamflow
series by 23.5% and 19.9% respectively due to their systematic overestimation of
precipitation that has been identified in the previous section. On the other hand,
CMORPH simulation flow shows an underestimation of 45.6%. Practically, CMORPH
performed well compared to TRMM and PERSIANN as it shows the lowest RMSE and
MAE among three SPP simulated flows. This result is consistent with Bitew and
Gebremichael (2011). However, referring to Figure 5.5(a) and Table 5.5, it is noted that
the original TRMM predicted the peak event (sub-event B) well, with NSE = 0.45, MAE
= 75.1 m%s and RMSE = 95.7 m%/s. The other two SPP (CMORPH and PERSIANN)
(Tables 5.6 and 5.7) did not predict well the peak streamflow, as negative NSE and larger

MAE and RMSE values are shown.

Comparing with other studies, TRMM rainfall had been shown to perform well in
certain regions (Javanmard et al., 2010; Moazami et al., 2016; Ochoa et al., 2014; Tian
& Peters-Lidard, 2007). However, there are also some regions that do not reflect the
performance of TRMM in hydrological simulation (Dinku et al., 2008; Haile et al., 2013).
Haile et al. (2013) identified that the latest version of TRMM was improved (or bias-
adjusted) based on the data from GPCC (Zulkafli et al., 2014), instead of based on rain
gauge data. The distribution of the GPCC and the number of stations per grid is scarce
and therefore further adjustment has to be done to use TRMM 3B42 rainfall products. On
the other hand, the results obtained for PERSIANN streamflow are consistent as Miao et
al. (2015) conducted a similar study over China. Liu et al. (2017) indicated that the

PERSIANN-CDR rainfall product has good potential to be a reliable dataset and an
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alternative information source of a limited gauge network for conducting long-term

hydrological and climate studies on the Tibetan Plateau, China.

5.4.3.2 Simulation of streamflow with Bias-adjusted SPP estimations

The performance of the simulated flow using bias-adjusted SPP indicated an improved
performance for all three SPP. Based on the above analysis for every SPP, it is found that
the BC schemes be able to improve the streamflow simulation especially on the peak

events of the study period.

For TRMM simulated flows, as shown in Table 5.5, it is noted that LOCI-corrected
TRMM estimations (LOCI-TRMM) was found to be the best estimations compared to
LS-TRMM and PT-TRMM, whereby the NSE, MAE, and RMSE had improved from -
0.27 to 0.43, 70.1 to 49.8 m%/s and 101.8 to 68.0 m%/s, respectively. Based on Figure
5.5(a), this estimation (LOCI-TRMM) has matched the two highest peaks of the overall
study period, i.e. in sub-event B (20" November 2014 — 31t November 2014) and sub-

event D (20" December 2014 — 4™ January 2015).

For CMORPH simulated flows (Figure 5.5(b) and Table 5.6), the bias-adjusted
simulated flows are improved equally regardless of any bias correction scheme.
Simulation of bias-adjusted CMORPH rainfall estimate using the RG optimized
parameters performs well with NSE around 0.30 — 0.40, as for the peak event (sub-event
B) the NSE is ranging from 0.45 — 0.50. However, unlike the bias-adjusted TRMM, all
three bias-adjusted CMORPH estimations deteriorate the intermediate simulation flow in
sub-event C and D. PERSIANN flows exhibit lowest improvement regardless of which
bias correction scheme was adopted on the rainfall estimations (Figure 5.5(c) and Table

5.7). However, it is surprising that the performance of LOCI-PERSIANN indicated a
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great improvement for sub-event B with NSE = 0.70, MAE = 70.3 m%/s and RMSE = 57.7
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Figure 5.5: Comparison of raw and bias-adjusted (a) TRMM, (b) CMORPH and
(c) PERSIANN simulated flow and RG calibrated flow for 2014-2015 flood events
at Langat river basin.
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Table 5.5: Statistical result for raw and bias-corrected TRMM streamflow

Sub Event A B C D E Overall
Nash-Sutcliffe (NSE)
TRMM -0.67 0.45 -8.35 -2.46 -1.39 -0.27
LS-TRMM -0.98 0.55 -2.60 0.04 -1.91 0.21
LOCI-TRMM -0.66 0.54 -2.17 0.39 0.02 0.43
PT-TRMM -0.81 0.59 -3.05 -0.05 -0.90 0.28
MAE (m?/s)
TRMM 52.6 75.1 69.5 102.3 55.7 70.1
LS-TRMM 57.8 63.6 50.0 57.8 59.3 57.0
LOCI-TRMM 54.1 65.1 48.6 44.0 415 49.8
PT-TRMM 57.0 62.9 50.2 59.2 49.0 55.0
RMSE (m?®/s)
TRMM 79.6 95.7 107.1 134.9 82.6 101.8
LS-TRMM 86.7 86.7 66.5 71.2 91.1 80.4
LOCI-TRMM 79.4 87.3 62.4 56.6 53.0 68.0
PT-TRMM 82.8 82.6 70.5 74.3 73.6 76.6

Table 5.6: Statistical result for raw and

bias-corrected CMORPH streamflow

Sub Event A B C D E Overall
Nash-Sutcliffe (NSE)
CMORPH 0.30 -0.84 -3.12 0.11 -0.77 0.03
LS-CMORPH -0.11 0.45 -4.44 0.06 0.35 0.37
LOCI-CMORPH -0.39 0.50 -4.87 -0.12 0.37 0.31
PT-CMORPH -0.19 0.49 -4.73 -0.15 0.35 0.33
MAE (m¥/s)
CMORPH 37.8 153.8 52.9 49.9 54.6 62.8
LS-CMORPH 441 77.0 62.0 50.1 32.3 51.6
LOCI-CMORPH 47.0 75.2 62.8 53.1 29.9 52.3
PT-CMORPH 45.0 76.4 61.0 54.9 317 52.3
RMSE (m?3/s)
CMORPH 51.4 175.5 71.1 68.3 71.0 88.9
LS-CMORPH 64.8 95.8 81.8 70.4 429 717
LOCI-CMORPH 727 91.6 84.9 76.6 42.2 74.7
PT-CMORPH 67.2 92.5 83.9 77.9 42.9 73.7

Table 5.7: Statistical result for raw and bias-corrected PERSIANN streamflow

Sub Event A B C D E Overall
Nash-Sutcliffe (NSE)

PERSIANN 0.42 -0.60 -12.93 -10.05 0.55 -1.45
LS-PERSIANN -0.58 0.19 -4.29 -1.19 0.30 0.08
LOCI-PERSIANN -4.91 0.70 -1.77 -2.82 -6.70 -1.06
PT-PERSIANN -1.75 0.25 -7.11 -3.90 -1.78 -0.62
MAE (m?/s)

PERSIANN 47.1 163.7 130.8 241.2 35.7 141.1
LS-PERSIANN 77.4 116.6 80.6 107.3 448 86.3
LOCI-PERSIANN 149.7 70.3 103.8 141.8 148.3 129.5
PT-PERSIANN 102.1 111.8 99.8 160.6 89.0 114.6
RMSE (m?3/s)

PERSIANN 34.0 141.3 94.4 178.4 29.8 90.4
LS-PERSIANN 58.0 96.3 65.4 81.7 36.7 65.4
LOCI-PERSIANN 121.8 57.7 80.2 108.2 95.3 95.4
PT-PERSIANN 77.5 87.2 82.3 114.4 61.7 84.1
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The effect of bias correction of rainfall data on the simulation flow was also evaluated

using the daily flow duration curves to assess the ability in simulating different ranges of

streamflow and its probability of occurrence. The flow duration curves for streamflow

simulated with RG, raw and bias-adjusted rainfall were plotted as shown in Figure 5.6.
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Figure 5.6: Flow duration curves of raw and bias-adjusted SPP simulated flows.

Based on the flow duration curves of original TRMM and its bias-adjusted data sets

plotted (Figure 5.6a), it is observed that the streamflow simulated using LOCI-TRMM

data followed closely the RG flow distribution even though there is a tendency of

117



overestimating the streamflow at the range of 150 — 250 m%/s. This overestimation of
streamflow could be due to the inaccurate simulation in the wet day frequencies during

bias correction (Smitha et al., 2018).

For CMORPH (Figure 5.6b), the streamflow distribution simulated with the LS, LOCI
and PT methods are almost similar. This proven that the streamflow analysis is correct.
Based on Figure 5.6(b), all bias-adjusted CMORPH streamflow indicate an
overestimation at high stream flows (more than 200 m%s). As for PERSIANN (Figure
5.6¢), the LOCI and PT-PERSIANN streamflow distribution are deteriorated whereby the
tendency of overestimation of streamflow is higher compared to the original PERSIANN
distribution. In this case, LS-PERSIANN is the best among the three bias-adjusted

PERSIANN data.

Based on the general result, there is room for improvement in order to adopt these bias-
adjusted SPP estimations for flood prediction. Li et al. (2018) commented that the
calibrated parameters of the model have a tendency to be affected by the correlations
between model parameters and observed data. Thus, it is recommended to the use all raw
and bias-adjusted SPP as the forcing inputs to recalibrate the HEC-HMS model and then
for validation as in the same periods aimed at examining the influence of satellite
precipitation datasets uncertainty on streamflow simulations. Apart from that, we may
examine the difference between the RG optimized model parameters and all raw and bias-

adjusted SPP optimized model parameters.

55 Summary
Accurate and reliable precipitation data are the basis for hydro-climatological studies.
SPP estimations have provide alternative precipitation data for regions with sparse rain

gauge measurements. Despite the continuing great efforts to develop fine resolution SPP,
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the errors of SPP estimates cannot be removed completely because the characteristics of
the retrieval errors vary in different climatic regions, seasons, and surface conditions
(Sorooshian et al., 2011). In this chapter, we investigated the capability of raw and bias-
adjusted SPP estimations with rain gauge model parameters in the HEC-HMS model for

the 2014-2015 flood events in Langat river basin.

Comparing the three original SPP estimations (TRMM, CMORPH, and PERSIANN)
simulated flow with RG optimized parameters, the simulations of the raw TRMM and
PERSIANN overestimated the overall streamflow series and CMORPH simulation flow
show an underestimation of 45.6%. TRMM had the potential to predict the peak

streamflow although CMORPH shows the best performance in general.

Next, we simulate the rainfall-runoff by replacing with the bias-adjusted SPP
estimations. Precipitation correction methods have more significant influence during the
high rainfall event especially LOCI-adjusted TRMM. For PERSIANN-simulated flow,
the BC schemes able to improve the discharge simulation but only to a certain extent.
Based on the general result, it is indicated that the current level of uncertainty in SPP
estimations is still imperfect before institutionalizing its use in operational flood
forecasting systems at the basin scale. As the calibrated parameters are affected by
correlations between model parameters and observed data. To avoid the calibration

effects of different datasets, cross-validation of different datasets is required.
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CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS

6.1 Introduction

Reliable precipitation is critical in any climatic analysis as well as for the verification
of climate model simulations. SPP have provided an alternative for precipitation measures
due to its large-scale approach. Although climatology adjustments or calibrations have
been adopted on the algorithm of SPP estimations and improved with inputs of evolving
versions, the current estimations are still imperfect and their performance varies from
region to region, and probably season to season. The verification of SPP, bias-adjustment,
and application of the rainfall estimates into hydrological modeling for extreme floods
happened in Malaysia’s river basin are the main aspects of this research and the

conclusions are drawn according to the objectives.

6.2 Verification of Spatial Interpolation Methods of Rain Gauge Network

In order to examine the spatial distribution of satellite precipitation products, daily
observed rainfall data are obtained representing the three different river basins, i.e.
Kelantan, Langat and Johor river basin situated at the northern, western and southern part
of Peninsular Malaysia. Several spatial interpolation methods, i.e. AM, TP, IDW, OK and
SP methods are evaluated to examine the effect of different spatial interpolation methods
on the observed data before comparing it with the grid-based SPP estimations. The result
indicates that the areal precipitations transformed by these interpolation methods give a
slight varies in values but overall it is comparable. Even though the AM-estimated peak
rainfall for the Kelantan river basin is too far away from other methods, the output of
these five selected rainfall interpolation methods can be adopted on the rain gauge

observations before comparing with the gridded SPP estimations.
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6.3 Validation of SPP at Different Geographic Location of Peninsular Malaysia

For the next objective, the performance of satellite precipitation products (SPP) during
extreme floods at three different geographic locations of selected river basins in
Peninsular Malaysia is investigated with the interpolated rain gauge observations as a

reference. For this objective, the following conclusions are drawn.

e All SPP are able to capture extreme events of heaviest rainfall with acceptable
accuracy.

e Comparing among those three river basins, extreme events in the Kelantan
river basin is better captured by all SPP compared to the other basins. This
might be due to its geographic location of which near to the South China Sea
so that it is directly exposed to heavy rainfall during the northeast monsoon.

e The performance has decreased as monsoon moving away towards the west
and south that hit Langat and Johor river basin.

e The categorical indexes indicate that TRMM showed the best performance in
terms of accuracy whereas PERSIANN had higher capability in detecting
rainfall.

e During the flood events, all SPP show slightly better accuracy and rain

detection capability in Langat river basin compared with the other two basins.

6.4 Evaluation of Bias-Adjusted SPP Estimations

For the third objective of this research, an application of three BC schemes (LS, LOCI
and PT) was presented to improve the accuracy of three satellite estimations (TRMM
3B42 V7, CMORPH and PERSIANN) at Langat river basin during five different extreme

flood events due to NEM specifically during the month of December to January. This
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section is unique as studies regarding the BC on SPP estimations in Malaysia appear to

be limited. Based on the findings, the following conclusion are drawn.

6.5

LS-corrected rainfall estimates predict the overall gauged rainfall of the
catchment very well. Nevertheless, this method matches well the mean
precipitation of every satellite estimation and does not correct the SD and CV
of the estimations.

For LOCI, in the present study, we set 1 mm as the rainfall threshold to ensure
that the threshold exceedance matches the wet-day frequency of the
observation. We found that this scheme is suitable for correcting the TRMM
and CMORPH estimations in certain flood events but does not suitable for
PERSIANN estimations as it overestimated the overall rainfall of the
catchment by 40 — 85%.

PT scheme offers the best results in this study as it corrects up to the second
statistical moment of the frequency distribution such as SD and CV and

corrected well the rainfall distribution of satellite estimations.

Rainfall-runoff using Raw and Bias-Adjusted SPP Estimations

For the final objective of this research, the raw and bias-adjusted SPP were applied in

the HEC-HMS with the rain gauge optimized parameters for the 2014-2015 flood events

in Langat river basin. The following conclusion are drawn.

The original TRMM and PERSIANN simulated flow overestimated the overall
streamflow series and CMORPH simulation flow show an underestimation.
TRMM had the potential to predict the peak streamflow although CMORPH

shows the best performance in general.
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e The bias adjustment of precipitation has significant influence during the high
rainfall event especially LOCI-adjusted TRMM. For PERSIANN-simulated
flow, the BC schemes able to improve the discharge simulation but only to a
certain extent.

e Based on the general result, we indicated that the current level of uncertainty
in SPP estimations are still imperfect before institutionalizing its use in
operational flood forecasting systems at the basin scale as the calibrated
parameters were affected by correlations between model parameters and
observed data. To avoid the calibration effects of different datasets, cross-

validation of different datasets is required.

6.6 Recommendations and Future Perspectives

This research reveals that the current SPP need to be improved over the Malaysia
region, particularly during extreme events happened. Based on the conclusions derived
above, it is important to highlight that the spatial and temporal uncertainties may exist
when comparing different SPP with the ground observations. Although bias-adjustments
were done on all three SPP, there is room for improving these bias-adjusted SPP.
Therefore, it is required to devote efforts towards operationalizing the bias correction

algorithms.

Apart from that, the current verification has been conducted using limited data. Further
verification may be conducted with additional data and products and using finer temporal
and spatial scales for the utility of SPP in flood forecasting. Also, the bias-adjustment
technique could be further explored as additional data becomes available. Longer sets of
concurrent data between the SPP and rain gauge observation may provide a better

estimate of bias correction which could be applied for improved flood forecasting.
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