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ABSTRACT

Streamflow plays a central role in both providing water for human and economic needs and
making a critical contribution to ecological health, making its accurate prediction vital for
holistic water management. From ensuring agricultural productivity and industrial
development to providing reliable drinking water and preserving ecological balance, the
multifaceted demands on this vital resource underscore the need for sophisticated streamflow
modeling techniques that balance scalability with local relevance. Addressing this challenge is
pivotal for enhancing water resources management strategies and ensuring water security
across the nation. This dissertation is oriented towards developing and assessing such models,
with a particular emphasis on integrating advanced deep learning techniques with traditional

hydrological modeling approaches to predict streamflow more effectively.

The first aim of this research focused on developing an Indian Land Data Assimilation
System (ILDAS), motivated by the need for a high-resolution, modular, and open-source
hydrological modelling framework over the Indian Subcontinent. ILDAS integrates a coupled
land surface model with a hydrodynamic model, enhancing its ability to estimate various
hydrological parameters crucial for managing water resources effectively. A detailed reanalysis
product spanning 1981 to 2021 is generated by integrating data from four distinct
meteorological forcing datasets, selected for their reliability and specificity, to account for
various atmospheric and climatic influences. Additionally, all major components of the
terrestrial water balance, such as surface runoff, soil moisture, terrestrial water storage
anomalies, evapotranspiration, and streamflow, were validated against a diverse array of
satellite and in situ observations. This rigorous validation process not only ensures the accuracy
of ILDAS outputs but also underscores the system’s potential to become a vital tool for water
resources management, adapted to the unique challenges faced by India. By having the

capabilities of both terrestrial and atmospheric data assimilation, ILDAS represents a
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significant advancement in the generation of hydrologically robust and locally relevant
information for managing water resources sustainably and mitigating the impacts of extreme

weather events.

The streamflow evaluation from ILDAS revealed that at an uncalibrated stage, the
predictions are not suitable for operational purposes. Additionally, calibrating a large-scale
hydrological model on multiple river basins is computationally prohibitive. Therefore, this
research explored an alternative data-driven approach by training state-of-the-art deep learning
models: Long Short-Term Memory (LSTM) networks to predict daily streamflow at 220 gauge
locations across India. We assessed the efficacy of incorporating meteorological information,
catchment-specific geophysical parameters and dynamic land surface states as supplementary
inputs to LSTM models. Our results demonstrated that incorporating catchment geophysics
into the models led to a substantial improvement in performance over the base LSTM model,
However, when it came to the inclusion of dynamic land surface states, the impact on model
performance did not align with the expectations, indicating that such information did not

contribute significantly to the overall predictive capability of the models.

Building on these findings, the dissertation introduces a hybrid solution aimed at
optimizing streamflow prediction by combining ensemble outputs from large-scale
hydrological models of ILDAS with advanced deep learning post-processor based on LSTM
networks. We proposed a two-stage correction and combination process that involved the
residual correction of ensemble members followed by their optimal integration with the moving
average of observed streamflow data. Designed to enhance local relevance of streamflow
predictions, this approach is validated across the same 220 gauge locations, demonstrating

marked improvements in accuracy and reliability. This methodology, sensitive to local
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hydrological contexts, presents a significant advancement in the area of generating accurate

streamflow estimates relevant to various water resources management practices.

Overall, this dissertation seeks to understand the potential of hybrid models to
overcome complex challenges in streamflow modeling and provide the hydrological
community with a scalable framework that can integrate physical information with deep
learning models. The strategies explored in this dissertation demonstrate that hybrid models,
which merge physical hydrological principles with deep learning algorithms, yield superior
performance, proving especially beneficial for streamflow modeling in complex environments

like India.
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e aeE # Tl () arg) 3 9die iysganh aeaguf § i a8 amda ek
3o SrReRll & forw Uit Iueist) R o T1y-1y uTRfRufoes e § +t g e
31 21 Y IadTeehdr 3R Siefie faser gifdd o 3 Ao fayafa doeid ueH
HRA IR RIS e SHIE 3@ d, 39 HE@qul TJ1eH B agmar 7t uRsgd
TR HIS AT deb-iieh] BT SHTaTTendl 1 J&iTohd Bdl & | 3 dbiie] § HIU-Tdr 3R
R URifiedr & o9 Sgad g1 T1iu] 39 Ak & THIYH Sd S91e gt
RO 1 S SR o= R H Ot YR&M GHTEd I3 & e Aeayul ¢ | I8 i T
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&1 ¥ HiTsgaTol A & o I9a SiU AT ddb-iiop! I URURS gegiaieidbd HisfenT
EPHION & Y THIHd P W =AY SR ez mar g

3 TNY HT Ugdl 3639 HRATT IUHETE R I-Rileg=H, Aleger $iR 3Iu-
TR gregIaiornd HisfiT o @t sMaxgdmdl ¥ IRT gl YR yffy Se1 uhifia=e
ReH (1LDAS) fdRId BT UTI ILDAS T YfHd HH Tdg Hisd Pl gESIe-IHS
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gIES AT d HIUGS! BT SITHM T BT D! &HdT B IgTIdT 81 1981 F 2021 T BT
I gAfa=ayTT Idre IR SeT-faT Ay ot 9 SeRie ¥ 31 &I ThIdhd b
R o ma B, e faftrs argwseia ok Siaarg yumel &) @ # 9 gu SHdt
fasritgar oiR fafkmyar & forg g wan B 1 59 sifafvad, ®icy fa Igem & a v
®I JUUE 3R 3A-Ulg sraaia- & U fafay wRoflt & favg 7 foran mar ot 98 #eR
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TATOH fehdl T Had ILDAS 3MT3eYE B Teidbdl YAHd Bl g, dfeh YR & T
M aTeRt 3 AT & SPd SieT THIEH UseH & 7T T Heeaqul SUsRy &1 B
TR T &l Y Hft X@ifrd Bt 71 el 3R argrs g SHY ST Y AT B
DI HATIT , ILDAS e TOTYAT bl RIRf 70 T Ui B 3R TR HIgH &1 gerai
& gUIal B HY FA F T TRIIAoemd wU ¥ Aol R RIFY w0 § yrifie
MR & IdeT § Th AgaqUl W b1 Ul BRar g1 MEUaeIued & Udie
Tedich | Uell el 8 b for Sicrsie fby e wRor J, gaigHe uivere gl & forg
SUgHd el 81 3P SHfafkad, F3 A Tl R 78 I W FRSaemd Hied &
HIASE BT HIYCIHA © 0 I OIS § | ST, 39 MY 7 Sy~ g a1 aisd
! IR HRb TP dapfcud Scl-aTferd VD0 B @i BT YR R H 220 T Rl
R % Uag o Hiawamht B & forg o1 2ie-aH AERY (Tauadied) Sedd | g9
AT Aisd § R 3TYC & 20 & A19A Jadt STHHRY, Servrevu-fafy yiifde
Age SR Tafta YA g & FRUfA B AT 37 B THIGSIRGAT BT ST faan|
AR Uo7 vefkid fFar b die  Sewewr yiifast & Wibd e F SMUR
TAUHEITH Hied &1 ga-T & UeRH H Taied uR ga, 3 Fhsl & sfyR |, ik ue
TTIS THTYM TRdd Bl © ForIdT IERT TATHCITH Aead WR TR I ST AT
URE-TIRRR & 1Y ILDAS & §8 J0H & gRIamied Hled ¥ Tuiad M3eye o
e ! Hfasarolt # G S 8 | 0 G-IRUg FUR SR Yo ufssar
BT URaTd oo o T iad Jawi o Safiy UR & 916 39 ¢ U K HFI Sl &
TIRT TaRS o 1Y S¥AH U hRUl JMAT AT LA HITZarorl &t R g
DI T & fore fEeims far o, 39 =fPiur &) 9aM 220 I R IR A fhar T g,
o gafgAr Sdedr iR fayTiadr ¥ Icieg guUR UeRid &Rar 81 ®Hg
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Figure 4.6: Distribution of KGESS by comparing KGE for various models (ILDAS, LSTM and
ILDAS-rLSTM) with ILDAS-mLSTM. ILDAS-mLSTM is the best performing model,
and hence, the KGESS calculated to understand the scale of improvement it made over
the other models. The inset value denotes the number of gauges where KGESS is

positive (improved KGE) or negative (degraded KGE). ........ccoevviviiiiiiciiiiieiee, 94

Figure 4.7: Comparison of peak timing and peak magnitude errors in ILDAS vs ILDAS-
mLSTM. The improvement at each location is highlighted by an upward triangle and is

color coded by the magnitude of IMProvement. .........c.cccvevverieeiiecieecieeeereeeee e 96
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the model's overall performance. The positive (blue) value of Peason-r signifies an
increase in the model performance with a higher value of the catchment property and
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