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ABSTRACT

Floods are among the worst destructive natural hazards, can result in significant
fatalities, extensive property damage, large-scale displacement of people, and serious economic
consequences. For effective flood monitoring and early warning systems, accurate streamflow
prediction is essential. Although hydrologic models are commonly employed for streamflow
simulation, their effectiveness is limited by biases and uncertainties stemming from nonlinear
processes, model parameterization, and errors in meteorological inputs. This thesis aims to
enhance the simulation of streamflow by addressing uncertainties related to input data, model
structure, and parameters. The approach involves generating an ensemble precipitation dataset
and using this as input for a hydrologic-hydrodynamic model to produce the ensemble
streamflow dataset. Following this, the output of the hydrological model is post-processed by

utilizing a data-driven methodology to further enhance the accuracy of streamflow predictions.

The first part of this thesis focuses on creating a high-resolution ensemble precipitation dataset
for the Indian mainland, addressing the need for high resolution while incorporating uncertainty
estimates. To achieve this, we created the Indian Precipitation Ensemble Dataset (IPED) by
utilizing the vast number of precipitation gauge stations across India and applying a locally
weighted spatial regression approach. IPED is a daily ensemble precipitation dataset
comprising 30 members, available at 0.25° and 0.1° resolutions for the period from 1991 to
2023. It accounts for topographical attributes such as elevation, aspect, and slope along with
the input gauge data. IPED is the first observation-based ensemble precipitation product for
India and is anticipated to have numerous hydrometeorological applications. After developing
this uncertainty-aware dataset, the next step is to evaluate its performance in detecting extreme

precipitation events and assessing its usefulness for flood modeling.

Detecting Extreme Rainfall Events (ERE) like cloudbursts is challenging as they often
occur in remote locations without gauge stations or radar coverage. To assess whether finer-
scale, terrain-aware interpolation can improve ERE detectability without adding new stations.
We evaluate the 0.1° IPED, developed using the same station network as the India
Meteorological Department (IMD) dataset but using an improved interpolation technique,
against three benchmark datasets: 0.25° IMD, the 0.1° Integrated Multi-satellitE Retrievals for
GPM (IMERG) satellite, and the 0.12° Indian Monsoon Data Assimilation and Analysis
(IMDAA) reanalysis dataset. This study demonstrates that the new ensemble-based
precipitation dataset, combined with a district-specific 99.90th percentile threshold,



significantly enhances cloudburst like ERE detection compared to the other dataset such as
IMD 0.25°, IMERG 0.1°, and IMDAA 0.12°. The findings of this analysis indicate two key
points: (i) ensemble-based interpolation alone can substantially enhance ERE detection, and

(i1) locally tailored thresholds are crucial in regions where rainfall gradients are steep.

In the next part of this thesis, the focus was on investigating how uncertainty in
precipitation affects uncertainty in streamflow. This study presented an end-to-end approach
for generating ensemble streamflow for the Narmada River basin. The IPED 0.25°, dataset is
used as input serves as input for a nationally-calibrated hydrologic-hydrodynamic model for
producing streamflow ensembles. The analysis revealed that the uncertainties in both
precipitation and streamflow exhibit distinct scale effects, influenced by spatial and temporal
averaging within the basin. However, time series analysis of the streamflow showed issues with
peak timing in the ensemble simulations, emphasizing the need for an effective post-processing

framework to better align modeled streamflow with the observed data.

To address, the streamflow biases and peak-flow timing errors, we introduced a
spatiotemporal Graph Neural Network (GNN) model for post-processing ensemble streamflow
predictions generated from the hydrologic-hydrodynamic model in the Narmada River basin.
The proposed GNN framework in this dissertation integrates Graph Attention Networks (GAT)
to represent spatial connectivity among gauging stations and Long Short-Term Memory
(LSTM) networks to model temporal relationships. This framework effectively captures both
upstream-downstream interactions and temporal evolution by using previous time steps as
input features, in contrast to traditional hydrological models or standalone deep learning
approaches. GAT introduces an attention mechanism to assign different importance to upstream
stations based on their influence on downstream flows. The proposed GNN model reached the
daily highest median Kling Gupta Efficiency (KGE) of 0.74, demonstrating that incorporating
graph-based spatial connectivity significantly enhances the model's ability to identify
spatiotemporal hydrological dependencies and improves overall streamflow prediction

accuracy.

In summary, the strategies evaluated in this thesis highlight the importance of
addressing uncertainty in hydrological modeling, leading to improved flood prediction models
in complex hydrological regions such as India. The public release and operational transfer of
IPED dataset to IMD enhances the potential for advancing the flood research and management

in the country.



AR

¢ I ORISR Widhiad SMIarsi § ¥ T 7, foR ofF 11d & JoH, 3R 9 UHH
TR AT B ORI & Tcdiol 81 Ihd ¢ | 916 PI 3RRGR AT R Y31 Iara-t
Ren & fore, WiHwal &1 81 SAM T S ¢ | gTailie Tual S0l B &

foTT AR WR BESIANG AISH BT SXAATH BT Md &, Tdh SADT SR Ai--alaR
TR, died IRHICIZWY SR HI9H @ §g 394 | Tafadl J g ard Iy 8-
fAfEaarsil &t aoie I Tfd 8id1 81 39 XY UeY HT AHYC 39YC ST, Alsd TR 3R
R} A T SHfAfEddrell B gR B LGN & R &1 dgaR M1 5 1 39 b
T U Ted WIS Seric §9MT 3R 34 gRSaNG-g3 g S Aled & fad
ZYC & IR W WA TP THET KIHG ScRie §FT M gl 39 4G,
gISeIaehd Aled & 33CYC DI THUA! & 3igTell P! Tcidhdl Bl 3R dgaR a1 &
fore Ser-f$a7 am-iie &1 XU HRh URe IR &1 +f =nfda 3 |

= MY Y& BT Ygell HFT HRAT A Y & T T gT3-Rellcg=RM T=ied
R SeRic 91 R HIdd SRl 8, ST ATl & A &I UMHE HRd gU TS
RS egRM B SRexd P QRT &l & | 3 UM & o, 89 I HRA | WiRITUeeH i 2=l
& JIY TS cddh Bl WA PP 3R AHd des WA RIRE 30 Bl AN Hb
$& iU T Serie, IPED SdaY fohal TN IPED Ueh Sefl 30-HeR THwId
TR Serie g o 1991 § 2023 06 & THT & o7 0.1° 3R 0.25° Rl eg=H IR Iuds
81 U8 3AYC I 3T & AIY SaTs, A 3R U S STuRnihed UeIsged &I &M
H @1 51 I8 HRA & foQ Ugell Sileqid¥H-oe Trad MU Wieae § 3R 396
MUl 38 HeRIAnvhd TRIBYH 8H &t IHIE 8 | 39 Y-S ® Seric &1

Vi



AU HRA & TG, ST HEH Sgd TGl MU Sded BT Udl T H 39d IRBIaY

DI ZAegUC BT 3R TG HISIAT & T TPt IUFINIAT BT 3ATHad BT 7 |

§1d e ol S(fid aul Pt ge-mal (ERE) BT Ul T GiRebd § Fifd o

SRR GR-GXIS! DI SHTGI TR BIchl § O] 1ol TR AT TSR Haxel 16! gidl| Y WH g
fHT, dgcR-Thdl dTell, TA-31ATR SERUIARM ERE BT Udl I B &HdT DI dgaR &l
THd! § 1181, DT THT B b T, §H 0.1° IPED &1 Heidh B &, ol R

A A fAHTT IMD) SeTtie & GA WM Acdd BT SEIHTS HRPp ST 71 8, Al

T I8dR SR ddb-idh & Y, diF dTHTh SeRIE & I1Y: 0.25° IMD, 0.1° IMERG,

3R 0.12° ST AMYT SeT TR T8 TR (IMDAA) AR Serie | 78
T fezard g for a1 Tvad-a%s a1RY &1 Seie, fod & f3ard ¥ 99.90th ReTsd

IS & 1Y FAAHR, IMD 0.25°, IMERG 0.1°, 3R IMDAA 0.12° S TR STRIT &1 el
¥ 9TGd We oY ERE &1 Udl O H 1! JUR &Rl & | 39 fawawor & s &l @™

I1d FAd & (i) 3P TET-9%S SCUIARM ERE &1 Udl &I H BIH! YR B Fabdl
8, 3R (ii) 37 31! H T&T 9N BT e FIel 8l 8, 98! Aibd iR IR daR fdhu e
IRIeE Sgd el BId g |

3 QY Ty & 3T HIT H, $H 1 R Bibd fobar 1 fob 1Ry # gy,
EHEI H ST ®1 58 YHTad Bl 81 39 Tel | FHal s & g Tdiad
AT 99 & foIe U S0l Usfd URgd &1 71 § | IPED 0.25°, STRIC &1 S%HTd 31YC
& IR WR fHar Irar 8, S EHua! TRHad a9 & Al Th A=%Fd ddd IR Bisics

BT SIqINIh-BI3 SIS IaHG HISd & ol 39YC &1 HIH HRdl o | FIRAT0r ¥ udt e fh
IR 3R AT ST H AT 31eT-31elTT Wod & UHTa e €, St 8t & iR

vii



RIS 3R TR TS I THIfad Bt & | BTdlifds, THU & ergH RIS TR 9
TR e § dies ez & 91y gaan foxars &, for Atse fbw 7 v &
3 T ST & Y IR &7 F AT HRA & AU Th 3RRGR URe-URIRAT Traehs &

IR TR SR fear |

T 9199 3R Uieh-Uell eTg i TR & 31 R & oy, g FHar aRA |
g SIdNP-gIgerea-IH® Aled ¥ SFRe g TANad W IHTl JaigaH! & URe-
TRIRIT & o U WIRARTIRE U -gRd "edd (GNN) Aisd U fhar g1 30 Iy Uey
T yEIfad GNN ThHad, ST MY 3R di=1 2Té-cd AHRY (LSTM) Acdd & aig WRd
FAfgefact &I fiaM & fow WH 1EXM Acad (GAT) &I §¢e Rl § dlid cHRd
fSUST 1 F=R a1 o Td | I8 hHad IS TgH ¥W Pl 397 BIay & dR W

o\

AT TR, <fSTAA eReIaivhd A I }WS3MAH SiU a3 & IdT,

TTH-SIITREH SeXaRM 3R STURT AIYRA GIHI Dl 3RRER dRid § TR Bl g

GAT SI¥KH Tl R I-d SRR & UR TR UL T A1 B! HAT-3He T8 o o
foT T 31T HpMTH U T ¢ | URATTdd GNN AISH 0.74 $I Soil BT HIfSaH
faeiT e Uit R (K GE) 9% uga 71, for ) o e & o UTth-avs WRrd dAfaefact
DI A TR Y A & WRACTIRT gEeaidd [SUSH! &I hER ®- 1 &I
BT G T & SR SHTaR3TA TR VSR Tyl § guR gl 5 |

S e, 39 Y aie & IaTs T8 ol grggIaisind disient H ffddar &
W HH & Agd & @ §, S8 URd O gfRwd gRsiaiiegd sad § aig &l
HfwaTol & dgck ATSd &1 Udhd & | IPED STRIC & Ufedids H SRt ®4 3R IMD 1

viil



TR TR IR I < | d1g RO 3R AT B 3 T &1 JUTT §¢ Sl
gl

MY P P TG SR IFAZHICH Sl 3R U R Aead & a1y Th SHATdd-
STRe® TS Arsie haad

B BT A SEET U

A= H=AT: 2020CEZ8288



TABLE OF CONTENTS

(08 = o I 1 o [N N SRR i
ACKNOWLEDGEMENTS ...ttt e e nae e annae e ii
A B ST R A C T ettt ettt e bt e et e e e e e e e e ba e abe e e reeennae e \Y
TABLE OF CONTENTS L.ttt e e e et e e e ne e e X
LIST OF FIGURES ...ttt sttt sttt sttt Xiii
LIST OF TABLES ...ttt bttt XXi
LIST OF ABBREVIATIONS ..ottt xxiii
CHAPTER L.ttt ettt b et et e st e b ettt enbe st ene et 1
1.1 Problem StatemMent. ..o 5
1.2 SCIENCE QUESTIONS ....cveeiieiiesieeieeiesee sttt ettt e steesaesnaesreeeeeneesbeeneeaneenrees 8
1.3 OBJECTIVES ...ttt bbb 8
1.4 Organisation Of the theSiS.........cccoiii e 9
CHAPTER 2.ttt ettt ettt se e be st e nea b e e ene s 10
2.1 INTFOAUCTION ...ttt ettt et b bbb e et 10
2.2 Data and METNOUS ........cvoieieie e et 14
2.2.1 STUAY AT ...c.viiiiceie ettt ettt et et e s te e e b e e st e et e saaesteanresnaenreens 14
2.2.2 INPUE DALA. ..o 15
2.2.3 Preprocessing and Data IMPULALION............ccocoviiiiiniiieee e 16
2.2.4 Generation Of ENSEMDIES. ........covviieieie e 17
2.2.5 SENSITIVITY ANAIYSIS ..o 21
2.2.6 Ensemble verification MEtIiCS.........cuiiiiiiiie it 22
2.2.7 EVAIUALION MELIICS ...vevveieiecie sttt 22

2.3 RESUILS aNd DISCUSSION ....c.eeiiiiiiiiiiitieieeiieie ettt st st ne e nens 23
2.3.1 Performance of the Developed Dataset...........cccccceevieiiiiiicceccec e 23
2.3.2 Wt DAY FraCliON ........cccviiiiiiie ittt sttt 27
2.3.3 Discrimination and Reliability during Monso0on ...........cccceveniiininininieien. 28
2.3.4 Comparison With IMD determiniStiC ..........ccccoviririniiiieiee e 30
2.3.5 Comparison with the global probabilistic EM-Earth.............cccccooeviviiiiinnenn, 32
2.3.6 Validations using Out-of-Sample Stations ...........cccceeeiiieninencse e 34

2.4 CONCIUSION ...ttt ettt sttt et et e beenbeeseeereenee e 35
CHAPTER 3.ttt sttt et s et et e e e se st et e seabe e e s ene e 37
3L INEFOAUCTION ...ttt ettt e b e e e bt e nbe e e e sreenbe e 37



3.2Dataand Methods ... 42

3.2, 1 STUAY AT ...ttt bbbt 42
3.2.2 DIALA SOUICES. ......eieeeeiuteetee ettt ettt et e e et ekt e et e e sbb e et e e s beeenbeesaneenbeesneeennee e 43
KIS | 1= 1 g [0 (] (oo Y 2SSOSR 44
3.3 RESUITS aNd DISCUSSIONS .....cuviviiiiiiitieiieiieieeie ettt e bbb 52
3.3.1 Assessment of ensemble gridded datasets for the reported past events with IMD
GFIAOEA AALASEL.......cviieieiieieiee et bbbttt 52
3.3.2 Evaluation of ensemble gridded datasets for the reported past events with
IIMIERG ...ttt bttt bbbttt b e n b ne et 55
3.3.3 Understanding cloudburst-like EREs Using IMDAA Hourly Precipitation Data
.......................................................................................................................................... 59
3.3.4 Case Study: Srinagar Event (5 September 2014)........cccooeveieniiiniininieeeiees 62
KB O o] o 1115 o] 1 1SS 63
(O 1 e I PSSR 65
g I | o o T T 1 o o S TORURRN 65
4.2 Data and METNOAS ........ccviiiieie et 69
O B (1 [0 |V A =T USROS 69
4.2.2 DALA USBA.....c.eiiiieiiieieeiiee ettt bbbttt bbb 70
e B\, 1= 1 g To T (o] [o | SRS POSPRRRON 73
4.3 RESUITS AN DISCUSSIONS ......vvivieieariesiiesieesieseesieesie e steesaesseesseessesseesseessesseesseessessessses 79
4.3.1 Characteristics of Ensemble Precipitation ...........ccccooviviiieniieninesescee 79
4.3.2 Validation of StreamflOW ..........cccooiieiiiiiiiee e 81
4.3.3 Streamflow ClIimatology .........ccooviiiiiiiiiie e 87
4.3.4 Flood Representation Capability of the Ensemble Streamflow........................ 89
4.3.5 Scale Effect of Precipitation and Streamflow Uncertainties..............ccccccove.... 90
4.3.6 Error Propagation from Precipitation to Streamflow.............c.ccccooeiieiiienn, 92
i @0 o (o (U] o] o PSR TORRTN 93
CHAPTER 5.ttt sttt et e et et et e be et et e seebe e e s eneee 95
T80 A 1 011 oo [T 1 o o PSS 95
5.2 Data and METNOGUS.........cccviiiieeiece et e e ste e enre e 99
5.2.1 STUAY BB .....cuiiuiiiieiieieie ettt bbbt bbb 99
5.2.2 DAA SOUICES. ....uvieiieiiee st teesiee et e it e et e s sb e et e s e e et e asbeesbe e anbeesbeesnbeenbeeentaenreeanees 101
5.2.3 MEtNOAOIOQY ...cuveeieieiie e 103
5.3 ReSUIS aNd dISCUSSIONS......c.uiiuieiieiiiiie ittt 112
5.4 CONCIUSIONS ...ttt ettt ettt se e b e et e e esreesbe e e nnes 120
(O 1 e I PRSP 122



5.1 SUIMIMBIY ...ttt b ettt be e e e bt e et e e sbe e e st e e ebeeenbeennneanes 122

6.2 Limitations and FUTUIe WOIK..........cccoooiiiniieie e 125
REFERENGCES. ... ..ottt et e et e e et e e e nte e e e teeeeneeeanes 128
JOURNAL PUBLICATIONS . ... .ottt sttt 142
CONFERENCE PRESENTATIONS ..ottt 143
CURRICULUM VITAE . ...ttt sttt anas 144

xii



LIST OF FIGURES

Figure 2.1 A map representing the spatial domain of the Indian mainland, including the location
of IMD precipitation gauge stations. The thick black line outlines the state
administrative boundaries, color contours illustrate the elevation of the terrain, and
orange dots represent station locations. The bar plot diagram shows the yearly

fluctuation in the number of stations used to generate IPED across India. ................. 14
Figure 2.2 The diagram shows the distribution of elevation with the number of stations....... 15

Figure 2.3 The methodology adopted for generating the IPED dataset. The input data to the
model is represented by a dotted green line. The red dotted part represents the step
where the model and its relevant parameter are determined. The grey box displays the
critical parameters that impact the model's performance, which are identified through
sensitivity analysis. The development of the ensemble precipitation involves a two-

stage process, represented by the blue diamonds...........cccccoeiieiiiicicce e, 18

Figure 2.4 a) 30-year mean annual precipitation from 0.25° IMD and b) 30-year mean annual
precipitation form 0.1° IPED 30 ensembles c) 30 years mean annual precipitation from
0.25° IPED 30 ensembles d) annual mean standard deviation of the ensemble 0.25°
IPED and e) annual mean standard deviation of ensemble 0.1° IPED for the duration of

199110 2020. ...t 24

Figure 2.5 The correlation of the station precipitation values from 1991 to 2020 for all station
vs their corresponding values a) from 0.25° IMD b) from 0.25° IPED c) from 0.1°
IPED. The 4-hotspot regions where there is a significant change in value of correlation
were identified and represented as H1, H2, H3, and H4. The oval shape marks the

different NOtSPOL FEGIONS. .....o.veviiiiiiiiieieee e 26

Xiii



Figure 2.6 The long-term wet day fraction (WDF) for a) 0.25° IMD, b) 0.25° IPED and c¢) 0.1°

Figure 2.7 a) ROC for different event thresholds of precipitation such 1 mm, and 91.2mm (99
percentile values) for the JJAS seasonal station precipitation from 1991 to 2020. b)
Reliability for different event thresholds of precipitation such 1 mm, 22.3mm (90
percentile values), 91.2mm (99 percentile values) for the JJAS seasonal station

precipitation from 1991 to 2020. The black line indicates the case of perfect reliability.

Figure 2.8 Comparison of IPED 0.25° with IMD deterministic dataset for the period of 1991 —

2020 with different error metrics such as a) MAE, b) RMSE and c¢) Pearson Correlation.

Figure 2.9 Correlation plot of daily national average precipitation of 0.25° IMD vs station
precipitation b) Correlation plot of daily national average precipitation of 0.25° IPED

ensembles mean vs station PreCipitation. ...........coccoveierenininieree s 31

Figure 2.10 Comparison of 0.1° IPED with 0.1° probabilistic EM-Earth dataset for the study
area period 1991 to 2019 represented by different error metrics a) MAE, b) RMSE and

C) Pearson COrTEIALION. ..........oiieie e e e nneas 32

Figure 2.11 a) Correlation plot of daily national average precipitation of 0.1° IPED ensembles
mean vs station precipitation. b) Correlation plot of daily national average precipitation
of 0.1° EM-Earth ensembles mean vs station precipitation. The upper left text box
shows the error metrics associated with the station data and corresponding dataset. The
text box in the bottom right shows the correlation coefficient of station precipitation

and correspoNdiNg PrOUUCT. ...........oiiiiiiiiiieie e 33

Xiv



Figure 2.12 a) Correlation plot of daily national average precipitation of 0.1° IPED ensembles
mean vs station precipitation. b) Correlation plot of daily national average precipitation
of 0.1° AERA-5 Asia vs station precipitation. The upper left text box shows the error
metrics associated with the station data and corresponding dataset. The text box in the
bottom right shows the correlation coefficient of station precipitation and

COrreSPONAING PrOUUCT. .....oueeeiiiieitcii e 34

Figure 2.13 The correlation of unseen station precipitation with the 0.1° IPED ensemble mean.

Figure 3.1 Study area diagram. The color represents the terrain elevation. The black boundary
indicates the administrative boundary. Red dotes indicate the IMD rain gauge stations.
The triangle symbol represents the location of cloudburst-like EREs events listed in this
paper. The in-site map indicates the whole administrative boundary of India along with

BIBVALION. ...t 42
Figure 3.2 The overall methodology diagram for identifying a cloudburst-like EREs event..46

Figure 3.3 Maximum rainfall for each cloudburst event was obtained from both the 0.25° IPED
and 0.25° IMD datasets with state-wise 99.99 percentile threshold (indicated by dotted
line) and 99.90 (indicated by black dotted line) percentile threshold. The black bar
indicates 0.25° IPED, and the grey bar indicates the 0.25° IMD dataset. The bars above

the corresponding dotted line indicate an identified cloudburst event. ............c.......... 53

Figure 3.4 Maximum rainfall for each cloudburst event was obtained from both the 0.25° IPED
and 0.25° IMD datasets with a) district-wise 99.99th percentile threshold and b) district-
specific 99.90th percentile threshold. The black bar indicates 0.25° IPED, and the grey
bar indicates the 0.25° IMD dataset. The highlighted bars represent the detected event

IN DOth the SUDPIOLS. ... e 54

XV



Figure 3.5 Maximum rainfall for each cloudburst-like EREs was obtained from both the 0.10°
IPED and 0.10° IMERG datasets with state-wise 99.99 percentile threshold (indicated
by dotted line) and 99.90 (indicated by black dotted line) percentile threshold. The black
bar indicates 0.10° IPED, and the grey bar indicates the 0.10° IMERG dataset. The bars
above the corresponding dotted line indicate an identified cloudburst-like ERE. The

thresholds values are calculated from the observed station (gauge) data. ................... 56

Figure 3.6 Maximum rainfall for each cloudburst-like EREs was obtained from both the 0.10°
IPED and 0.10° IMERG datasets with a) district-wise 99.99th percentile threshold and
b) district-specific 99.90th percentile threshold. The black bar indicates 0.10° IPED,
and the grey bar indicates the 0.10° IMERG dataset. The highlighted bars represent the

detected event in both the SUDPIOLS. ..o 57

Figure 3.7 Histogram of 0.25° IMD and 0.10° IPED daily rainfall for JJAS season of 1991—
2020 for NWH region. The precipitation value corresponding to 98th, 99th, 99.90th and
99.99th percentiles are shown in dashed lines which are calculated from the station data.
The number of events is shown in natural log scale. The highlighted points and labels

are the number of events at 99 percentiles, 99.90percentiles and 99.99 percentiles. ..59

Figure 3.8 A time series plot shows all three products for the station Banihal (latitude 33.5° N
and longitude 75.17° E) from 01 September 2014 to 20 September 2014. The light grey
filled line shows the 0.25° IPED ensembles spread, and one shade higher light grey
filled values show the 0.1° IPED ensembles spread during the period. The dotted line
shows the mean of the 0.25° IPED ensembles, the solid line represents the mean of the
0.1° IPED ensembles and dash dot line indicates the 0.25° IMD dataset. The black

dashed line indicates the corresponding station precipitation..............cc.ccoevvvriereenenn. 63

XVi



Figure 4.1 A Map representing the spatial domain of the Narmada basin, showing the location
of IMD precipitation gauge stations and CWC streamflow stations. The thick black
line outlines the Narmada basin, while the color contours illustrate the elevation of the
terrain. The circles represent the location of the stations, with red circles indicating
precipitation stations and yellow stars representing streamflow stations. Thin black

lines define the boundaries Of the DASIN. .........eeee e 70

Figure 4.2 The figure illustrates the overall framework for the study, which aims to generate

the ensemble streamflow from ensemble precipitations members using ILDAS......... 74

Figure 4.3 Visualization of precipitation from different ensembles members: a) ensemble 2, b)
ensemble 4, and c) ensemble mean d) standard deviation of annual precipitation from

199110 2018, ..o 80

Figure 4.4 The figure shows a) the correlation between daily station precipitation and the
corresponding pixel's daily mean of ensemble precipitation data, and b) the correlation
between daily station precipitation and the corresponding nearby pixel of daily

deterministic Precipitation data............cccveoereereie e 81

Figure 4.5 The figure presents a time series analysis of the ensemble streamflow, ensemble
mean stream flow, deterministic streamflow and the observed streamflow for the three
stations; a) Sandia, b) Handia and ¢) Mandleshwar, covering the period from 1991 to
2018. The light blue color represents the spread of the ensemble forecasts, while the
blue indicates the streamflow generated from the mean ensemble precipitation. The red
line depicts the deterministic streamflow. All of these are compared against the actual

observed data for each station from 1991 t0 2018, .....cooeveeiiiiiii 82

XVii



Figure 4.6 Scatter plots comparing observed streamflow with (a, c, e) ensemble and (b, d, f)

Figure

Figure

Figure

deterministic simulations for the Sandia station, Handia station, and Mandleshwar

SEAEION. et eeee ettt ettt ettt te e et et e e eeaeeteaeeeeaaeeeeeeeteeeaeeaeaeannnan—n—na—————————————— 84

4.7 Comparison of simulated streamflow for Ens Q (shown as the box plot), Ens P-
Mean Q (represented by a blue circle), and the Det Q precipitation dataset (indicated

by a red circle). The grey circles represent the outlier points. ..........c.ccocvoviiiiiicien, 86

4.8 Monthly climatology plots illustrate the streamflow measurements across various
stations from 1991 to 2018: a) Sandia, b) Handia, and c¢) Mandleshwar. The black line
represents the observed streamflow values, while the cyan color indicates the ensemble
streamflow values. Additionally, the blue shows the streamflow generated from the

mean of the ensemble Precipitation. ... 88

4.9 Metrics for verifying categorical events to analyze flood detection capability
include: a) Probability of Detection (POD), b) False Alarm Ratio (FAR), and c) Critical
Success Index (CSI). A good model should have a high POD (close to 1), a low FAR

(close t0 0), and @ high CSI VAlUE. ......c.ooiiiiiii e 89

Figure 4.10 The figure represents the Narmada basin with HydroSHEDS subcatchment level

6. The blue line represents the major river, while the dots indicate the location of actual
observation stations. The colormap represents the uncertainty ratio of a) precipitation
variable by averaging over S-only scale b) precipitation variable by averaging over T-
only scale c) Streamflow variable by averaging over S-only scale d) streamflow

variable by averaging over T-0nly SCale. .........cocviiiiiiiiiice e, 91

Figure 4.11 Streamflow rRMSE error propagation factor for the Narmada basin each station.

The rRMSE error propagation factors are unitless. The box plots represent the ensemble

StreaMTIOW TRIMISE VAIUES. ...ttt e e e e, 92

Xviii



Figure 5.1 The map of the Narmada River Basin displays the locations of the Central Water
Commission (CWC) streamflow stations. The thick black line marks the boundary of
the Narmada basin, while the background shading illustrates the elevation in the sub-
basin divisions (level 6) according to the HydroSHEDS dataset. In the bottom panel, a
graph representation is shown, where nodes represent the streamflow stations and

directed links indicate the hydrological connectivity between them. ...........ccccce.e. 100
Figure 5.2 Overall methodology diagram for the Study............cccceiiiiiiiiiencneeee, 104

Figure 5.3 Comparison of model performance across different stations using Kling—Gupta
Efficiency (KGE) and coefficient of determination (R?) metrics for total and high flow
conditions. Panel (a) shows results for the ILDAS-GNN model, while panel (b) presents

results for the ILDAS-LSTM MOdel. ... 114

Figure 5.4 (a-c) Scatterplot with mean of the ILDAS-GNN post-processed streamflow vs
observations at the Handia, Sandia and Hoshangabad gauge during the period 2013—
2018. (d-f) Scatterplot with mean of the ILDAS-LSTM post-processed streamflow vs

observations at the Handia, Sandia and Hoshangabad gauge during the period 2013—

Figure 5.5 a) The time series presents the observed streamflow, along with the ensemble ILDAS
streamflow, and the post-processed ILDAS-GNN LSTM for daily streamflow of
Handia station from 2013 to 2018 and b) The time series presents observed streamflow,
along with the ensemble ILDAS streamflow, and the post-processed ILDAS-LSTM for
daily streamflow of Handia station from 2013 to 2018. In both the panels the light green
line represents the calibrated ensemble ILDAS streamflow, while the dark green line

indicates the mean of the calibrated ensemble ILDAS streamflow. The black dotted line

Xix



signifies the actual observation data recorded at the Handia station. Finally, the dark

blue line depicts the post-processed Streamflow. ..........ccceveieieiiinniseceeee, 117

Figure 5.6 Scatter plots illustrating the relationship between mean gridded precipitation and
mean ILDAS streamflow (a, c, e) and post-processed ILDAS-GNN (b, d, f) daily

streamflow for the Garudeshwar, Handia, and Sandia stations during 2013-2018...118

Figure 5.7 The time series presents the observed streamflow, along with the ensemble ILDAS
streamflow, and the post-processed ILDAS-GNN and ILDAS-LSTM for daily
streamflow from 2013 flood. The light green line represents the calibrated ensemble
ILDAS streamflow, while the dark green line indicates the mean of the calibrated
ensemble ILDAS streamflow. The black dotted line signifies the actual observation data
recorded at the Handia station. Finally, the dark blue line depicts the post-processed

SETRAMTIOWV. ..ottt ettt et e et e e e e eeeeeeeeeeeeeeeeeneeeeeeenennennns 119

XX



LIST OF TABLES
Table 2.1 Different parameters and their possible values for sensitivity analysis................... 21
Table 2.2 Error metrics of station precipitation vs their corresponding pixel values for all three
precipitation products, 0.25° IMD, 0.25° IPED and 0.1° IPED, from 1991-2020. The
overall median of the error metrics is represented as the national value. The bold value

highlights the DESE SCOTES. ....cvveiiiiiciee e 25

Table 2.3 Statistical comparison of 0.1° IPED, 0.25° IPED, and 0.25° IMD against station
precipitation over the four hotspots [H1-H4]. Numbers in bold represent the highest

value for that particular error MatriX...........cccceviveiieie i 26

Table 2.4 The national yearly average of JJAS monsoon precipitation of 0.1° IPED, 0.25°

IPED, and 0.25° IMD datasets along station precipitation. ...........c.ccccoecevvieiieereiiiennn, 27
Table 3.1 Date, location, and damage caused by reported cloudburst-like ERES events. ......47

Table 3.2 District-specific thresholds for 99.90th percentile and 99.99th percentile along with
their corresponding state is calculated from the observed gauge station-based data from

199110 2020. ..o 50

Table 3.3 The result summary of spatial and temporal analysis of all 24 cloudburst-like ERES
using hourly IMDAA dataset. The number of connected pixels is the number of pixels
whose rainfall value is greater than the 99.9 percentile district threshold. Number of
consecutive hours is the continuous rainfall hour at the origin which are above 99.9

percentile district threshold. Also displays the total hour of precipitation in that day.60

Table 4.1 Information about the observation stations located across the Narmada Basin......72

Table 4.2 ILDAS model configuration for the current study...........ccccooviiiieie e, 75

XXi



Table 4.3 Summary of KGE and NSE values for each observation station in the Narmada basin.

Table 5.1 The list of all the features used for training the Graph-based model..................... 102

Table 5.2 Hyper-parameters and their values used for hyper-parameter tuning. The bold values

represent the final selection for training the models. ... 110
Table 5.3 System SPecCifiCatiONS. ..........ccooiiiiiiiieee e 110
Table 5.4 Experimental setup for the two models. ... 111

Table 5.5 Summary of KGE scores of ILDAS, ILDAS-LSTM and ILDAS_GNN at each station

N TE NAIMAAA DASIN. ... ennnnnns 113

XXii



AUC

CAl

CAMELS

CHIRPS

CP

CSl

cwcC

DDS

DEM

DWE

DWR

ECMWF

EMDNA

EM-Earth

ERE

ERFS

FAR

FN

FP

GAT

GCN

GEE

GEFS

LIST OF ABBREVIATIONS

Area Under the Curve

Climatologically Aided Interpolation

Catchment Attributes and Meteorology for Large-Sample Studies
Climate Hazards Group InfraRed Precipitation with Station data
Cumulative Probability

Critical Success Index

Central Water Commission

Distributed Dimension Search

Digital Elevation Model

Disastrous Weather Events

Doppler Weather Radar

European Centre for Medium-Range Weather Forecasts
Ensemble Meteorological Dataset for North America
Ensemble Meteorological Dataset for Planet Earth
Extreme Rainfall Events

Extended Range Forecast System

False Alarm Rate

False Negatives

False Positive

Graph Attention Networks

Graph Convolution Network

Google Earth Engine

Global Ensemble Forecast System

xXXxiii



GMET
GNN
GNN
GPCC
GPEP
GWN
HP
HyMAP
IDW
ILDAS
IMD
IMDAA
IMERG
IPED
IQR
J&K
JIAS
KGE
LDAS
LP3
LSM
LSM
LSTM
LULC

LWLR

Gridded Ensemble Meteorological Tool
Graph Neural Network

Graph Neural Network

Global Precipitation Climatology Center
Geospatial Probabilistic Estimation Package
Graph WaveNet

Himachal Pradesh

Hydrological Modeling and Analysis Platform
Inverse Distance Weighing

Indian Land Data Assimilation System

India Meteorological Department

Indian Monsoon Data Assimilation and Analysis
Integrated Multi-satellitE Retrievals for GPM
Indian Precipitation Ensemble Dataset

Inter Quartile Range

Jammu and Kashmir

June, July, August, and September

Kling Gupta Efficiency

Land Data Assimilation System

Log-Pearson Type -Il1

Land Surface Models

Land Surface Model

Long Short-Term Memory

Land Use Land Cover

Locally Weighted Linear Regression

XXiv



MAE Mean Absolute Error

MAXD Maximum Distance

MICE Multiple Imputation by Chained Equations

ML Machine Learning

NASA National Aeronautics and Space Administration
Noah-MP Noah land surface model with multi-parameterization options
NR Not Reported

NRSC National Remote Sensing Centre

NSE Nash-Sutcliffe Efficiency Index

NWH Northwestern Himalayas

NWP Numerical Weather Prediction

PCP Estimated Precipitation

PET Potential EvapoTranspiration

POD Probability of Detection

PoP Probability of Precipitation

QC Quality Control

RMSE Root Mean Square Error

RN Random Normal Deviate

RNN Recurrent Neural Network

ROC Relative Operating Characteristic

SCOPE Climate  Spatially Coherent Probabilistic Extended Climate dataset

SCRF Spatially Correlated Random Fields
STGNN Spatio-Temporal Graph Neural Network
TP True positives

TRMM Tropical Rainfall Measuring Mission

XXV



UCRB Upper Colorado River Basin

UK Uttarakhand
us United States
WDF Wet Day Fraction

XXVi





