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ABSTRACT

ASSESSING THE PERFORMANCE OF A NOVEL HBV MODEL.:
A COMPARATIVE ANALYSIS WITH EXISTING HBV  -LIGHT MODEL
AND CLIMATE PROJ ECTIONS

Yél ptem
Master of ScienceCivil Engineering
SupervisorAssoc.Prof. DrM. Tuj rul Yeél maz

September 202346 pages

Climate change and water resource investigati@wmgiently use surface runoff as a
key hydrometeorological metrid.o meetthese investigation objectivean open
sourcehydrologicalmodel is necessaryhere currentlyonly a limited number of
models are availabl@he main goal of this study is to creaieopenrsource, new,
and simplehydrological modetalledthe HBV-R. To compare the performance of
HBV-R, the benchmark model HBMght, which has no opesource code, is
utilized. This studys performedoverthe¢ ouh Basinof T ¢ r kkngwa for having
significant hydropower potential. The HBV conceptual hydrological model is
calibrated and validated usingnoff observationfrom 30 different ground stations
between 1980 an2005. TRMM3B42 and ERAH.and precipitationdataare used

as forcing datasets in different simulatioi® investigate the impact afimate
change on the water resources potential @f ouh Basin precipitation and
temperature projections originating fragtobal climate model datasets HadGEM2
ES, MPIESM-MR, and GFDLESM2M under the RCP 4.5 and RCP 8.5 emission
scenarios araised after beindgiascorreced by QDM method A comparative



analysis of HBVLight and HB\WR models revealmean NSE values of 0.51 and
0.61, respectively, validating daily simulations across thirtylsagins. HBVLight
predicts a decline in surface runoff potential by approximately 3% (&&Pand
8% (RCP8.5) from 2023 to 209& onversely, HBVR projects amcrease in surface
runoff potential, estimating a rise of 20% (RZB) and 13% (RCB.5) during the
same periodResults show the high potential of HB¥ in hydrological modeling

and prediction.

Keywords:Climate Change, Surfac Runo f f , ¢ o rGlobal @imatei n ,
Model

Vi

HBV,
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~ YENK BKR HBV MODELKNKN PERFORMANSI N
DEJERLENDKRKLMESK: -MEGEUTMOBELK VE KKLKI
PROJEKSKYONLARI KLE KARKILAKTI RMALI BI

Y él nsem
Y¢ ks ek,Kniksasaants M¢hendi sl i 7] i
Tez YO rDetDrMiTsuij:rul Yél maz

Ey !l ¢ 1,14@ day2a3

Kkl im dejikikIlifji ve su kaynakl aréenén a
hi drometeor ol oj iskek KRall-l¢ganeélodrar akBu t ¢r
ger-eklektimnehbhtr ekmekaynakl & bir hidrol ojil

sénérl e sayeda model bulunmadRt adéndaByeni
ve basit bir a-éeék kaynakHKHaéa kil darkd led jmiak amg
a- ek kaynaklInagefelamsdnodel-HBL mgge Kkul |l anél mekt é
b¢e¢yek bir hidroelektrik potansiyele sahi
ger-eklexktirilmiktir. HBV kavramsal hidr
el de edil en 30 dfaar kall & nyaenr aik®tka gy @ed tlemml er |
edi Il mik ve dojrul anméexter,; farkl e simg¢gl a
ERA5L and yaj éx veril eri kull anél mékteéer .
potansiyeline iklim de-jiirk,i kkd¢rjasnaln ieklkiin

setlerinden HadGEMES, MPIESM-MR ve GFDLESM2 M kaynakl é yaj
sécakl ek projeksi yyann laeleg k QID/MREHA dtbhndeesmi yial g
RCP 8.5 emi syon senar yol alight vea HBVRn d a k u

modele r i ni n kar kél akt érmal & anali zi sonu-|
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NSE dejerlerini g°stermik ve otuz al t hav

dojrul amdaktgért.,, RBV3 ile 2098 yellaré araseéen
yakl akek awal mgk (RCP 4.5) ve %8'lik bir azal
HBV-R, ayne d°nemde y¢zey akéeké potansiyelin
(RCP 8.5) bir artecx ° nRy madehimrk Hideoldjik r . Sonu- |
model |l eme ve tahmin aslaahn én doa dyu¢] kusneuk gp°osttaenrsme
Anahtar KelimelerK k | i m Dej i ki kliji, Y¢zey Suyu Akéke
K¢resel Kkl im Model:i
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CHAPTER 1

INTRODUCTION

Climate changssignificantly affecs runoff dynamics, whicheads todrought and

flood occurrences across ¢ r k Thgse runofirelated events have fagaching
consequences, affecting multiple sectors. They impact water resources, disrupt
infrastructure like dams, affect energy generation, and legubHilation-related
health issued~urthermore, it contributes to @@amic losses, spurs unemployment,
and triggers a decline in tourism due to flanduced damages. Climate change can
worsen flood events and soil erosion, escalating into soil pollution. The
compounding effects ainplannedurbanization and inadequaciesiifirastructure
further amplify the consequences of floods. The repercussions span ecosystems,
biodiversity, and cultural heritag€omprehensive climate change investigations
carry great importance in the pursuit of reducing and managing these multifacete

flood impacts

At the core of the hydrological cycle, runpthysa pivotal component, orchestrating

the movement of water across the Earth's surfacesmmificantly affecting the
distribution of freshwater, ecosystems, and water supalsious factes, including
rainfall patterns, changes in land use, topographical characteristics, soil properties,
vegetation cover, and human activities influence runtdiese factors collectively
determinehow watermoves througHandscapes, impacting streamflow ameer
discharge. However, human actions and ltteaning impactof climate change
disrupt this complex cycle, leading to shifts in runoff patterns g@nelsenting
challenges for water resources managemeént light of T ¢ r ksi diverse
geographical attribes, fluctuating climate dynamics, and escalating water demands,
implementing a hydrological model becomes imperative to foster sustainable water

management, enhance disaster resilience, and facilitateéwezthed policymaking.



Hydrological models with atospheric data such as temperature and precipitation
can simulate runofiMainly in climate change studighesetypesof simulations are
essentialThere are thregypes of hydrological models: empirical, conceptual, and
physically basedEmpirical modek overlook important system details and are not
easily appliedo other catchment$hysically based modelsn the other handyre
challengingo run because they require extensive dataompassing soil properties,
land use, weathertopography, and moreHowever, conceptual models are
comparativelymorestraightforwardput theres a limited selection of opesource

options

Even though there are several studies to investigate the rtivest is not a simple

yet powerful modetha also has an opesource code. There is amsufficient of

existing model s6 transferabil egthgreisan di f fere
needfor an easyto-apply and opersource conceptual mod#hat can represent

basins accuratelyor the adancement of models, it is valuable for them to be epen

source. The availability afpen sourcgivesmodel development opportunities and

is essential in topics such as data assimilafidns aspecis relevant toclimate

change studiesas models play aiyotal role in forecasting and projecting future

scenarios.

This study examines the effects of climate change on runoff usigensource

and conceptudtydrological model applied to approximately 30 d#sins within

the ¢ordhmheB&®irmh Basin's steep gradients ar
crucial for hydropower, necessitating accurate drought and flood predictions and

early warning systems due mamerous hydroelectric power plants and dakhso,

the application of conceptual model s in stud

yet to be explored.

In addtion, acomparative analysis is conducted betw#emHBV hydrological
model and a newly dewagbed simplified modelHBV-R, which employs fewer
parametersThese two models are compateing ERA5Land, areanalysis dataset.
Furthermore TRMM 3B42, a satellite dataset, is used to assess its potential
enhancements compartxa reanalysis datasetiaput



Additionally, to investigate climate change using the newly developed model, we
have generated future predictions for two scenariggresentativeoncentration
pathways(RCP) 4.5 and 8.5using General Circulation Models (GCMs). These
predictions have undergone bias correction through the quantile delta mapping
method Moreover,a comparisorns doneto evaluate the performance of the newly
developed hydrological model against an existingdeh thatneeds moreopen

source code availability.

The thesis comprises five chapters. The first chapter clarifies the research objectives
andunderscores the significance of investigating surface rucloffate changeand
opensource codesThe secondhapter comprehensively reviews relevant literature,
encompassing definitions of hydrological models, globally employed models, and
their applications irT ¢, r k Adgliteonally, the chapter examines the importance of
climate change, both globally and witht ¢ r k Theg third chapter delineates the
dataset specifics and the methodologies employed in this research. The fourth
chapter summarizes the analysis' findings and extensively reviews them. Finally, the
fifth chapter encapsulates the primamgnclusiors and implications of the study,

topping in a set of recommendations for future exploration.






CHAPTER 2

LITERATURE REVIEW

2.1  Modelling Studies

Water continuously circulates through the Earth's atmosphere, evaporating from
seas, lakes, and plants, then cooling and condensing to return as precipitation,
shaping the land and forming streams, lakes, and filegtezakis et al., 2016 he
hydrolagical cycle comprises numerous interconnected components, and runoff links
precipitation and stream flow. Surface runoff occurs when a portion of precipitation
does not penetrate the soil and instead flows over the land surface, eventually

reaching surfaceaters such as streams, rivers, lakes, or resei8&S, 2022.)

Surface runoffis employedin investigating broader environmental problems
addressing water quality and quantity issues, including flood forecasting, and
studying ecological and biolampl interactions within aquatic environments
(Kokkonen et al., 2001 Modeling surface runoff is vital in various aspects of water
resources management, including analyzing catchment yields and responses,
assessing water availability, monitoring changes over time, and generating future

forecastg{Vaze & Banerjee, 2012)

2.1.1 Hydrological Models

Rainfallrunoff models are categorized into three main tymespirical models,
conceptual models, and physttased model@vi. B. Beck, 1991)Empiricalmodels
(e.g.,Young, 2020 are highly focused on observations and aim to characterize
system response by extracting information from existing data without considering
the specific structure of the hydrological sys{gukkonen et al., 2001 onceptual

models (e.gB e r g s t995°%im to ddscribe critical hydrological processes using



simplified conceptualizations, resulting in a system of interconnected stores
recharged and depleted by relevant hydrological cycle fliweshe other hand, the
governing partial differential equations of physibesed models (e.g., Abbott et al.,
1986)can be numerically solved using finite difference or finite elemanterical

methodsby usingclassical continuum mechanicsnceptgKokkonen et al., 2001)

Table2-1 Characteristics of thilodels(Devia & al., 2015)

Empirical Model Conceptual Model Physically Based Model

Data based or metric or black box modelParametric or grey box model Mechanistic or white box model

Based on spatial distribution, Evalutaior

Involve mathematical equations, derive Based on modeling of reservoirs and Incluc - .
of parameters describing physical

value from available time series semi emprical equations with a physical ba: -

characteristics
Little consideration of features and Parameters are derived from field data and Require data about initial state of mode
processes of system calibration and morphology of catchment

High predictive power, low explanatory Simple and can be easily implemented in  Complex model. Require human experti
depth computer code and computation capability

equire large hydrological meteorological
Cannot be generated to other catchmengatgl ge hy 9 9 Suffer from scale related problems

SHE or MIKESHE model, SWAT, NOAt

ANN it hyd h HBV del, TOPMODEL .
, unit hydrograp model, Mosaic

S . Calibration invol fitti ki
Valid within the boundary of given domau(r:]a ibration involves curve fitting make

) L . Valid for wide range of situations
difficult physical interpretation

As can be seen from the table, there are different types of models based on their
structure. Some of the modéhatare used widely in research #ne Soil and Water
Assessment Tool (SWAT) model, Hydrologiska Byrarettenavdelning (HBV)
model, Systeme Hydrologique European (MIKE SHE) model, HHBCS and
Variable Infiltration Capacity Model (VIC).

Utilizing the MIKE SHE model necessitates comprehensive model data and physical
parameters, which may not always be readdgessible, posing challenges during
model setufDevia et al.,, 2015) Furthermore, the model's code remains
unmodifiable by users; however, it boasts a higher processing capacity than other
models(Devia et al., 2015)A significant advantage lies the extensive graphical
functionalities for prgprocessing and pegrocessing, facilitating a more convenient

modeling process.



The HBV model, applied in Slovenia for flash flood cases, underwent calibration
and validation using historical rainfalinoff events. The results were satisfactory,
with NashSutcliffe coefficients ranging from 0.82 to 0.@&rillakis et al., 201Q)

A study conducted in Tanzania analyzed a -datace high-humidity tropical
catchment using three different modé#&=C-HMS, HBV, and ANN (Tibangayuka

et al., 2022) The HECHMS model demonstrated superior performance with NSE
and R2 values of 0.80 and 0.82 for calibration and 0.84 and 0.79 for validation. The
HBV model also showed suitability with NSE and R2 values of 0.730amt for
calibration and 0.64 and 0.64 for validation. The ANN model performed
satisfactorily with NSE and R2 values of 0.66 and 0.67 for calibration and 0.55 and
0.52 for validation. These results offer essential insights for effective water resources

management in the face of climate change impacts in the region.

In a differentexamined study, the authors introduce the Groundwater for Ungauged
Basins (GrUB) module, a significant component in the simulation of low flows
within physically based land suriaenodels (LSMs) and conceptual raindialhoff
models (HBV)(Tashie et al., 2022)5rUB, designed for calibratieinee operation

and reliant on widely available physically based data, demonstrates computational
simplicity and adaptability across variouSMs and rainfalrunoff models. The
study's evaluation, conducted in 84 United States watersheds by integrating GrUB
into the popular HBV rainfaltunoff model, reveals noteworthy results. Notably,
GrUB's performance in predicting low flows consistentlgtones or surpasses that

of the calibrated HBV groundwater module. The study also explores the module's
robustness, subjecting it to extreme scenarios, with GrUB exhibiting remarkable
resilience, resulting in only minimal increases in error metrics. Haéfys strongly
indicate GrUB's potential to enhance low flow predictions in LSMs and rainfall
runoff models, especially in situationsth limited calibration data.

A studyassessed runoff estimates from 10 mawale hydrological models using
the WFDEI dataset and data from 966 catchments world@iHdd=. Beck et al.,

2017) Key findings include significant variations in model performance,



highlighting the importance ahodel choice in hydrological studies. Modelsed

runoff trends in mediursized catchments showed poor agreement with observed
trends, emphasizing the need for cautious interpretation. In regions dominated by
rainfall, global hydrological models (GHMs) permed similarly to land surface
models (LSMs), but GHMs outperformed LSMs in shd@minated areas.
Calibrated models performed better, and despite ghaged adjustments, biases in
precipitation data persisted, affecting runoff simulations. Muliidel eassembles
showed only a slight decrease in performance compared to the best model,
suggesting the potential benefits of nyplirameterization ensembles. Many models
generated early spring snowmelt peaks, likely due to precipitation underestimation
and theabsence of certain processes. Overall, this study underscores the significance
of model uncertainty in hydrological modeling and the need for improved

precipitation data in sendrid regions.

A study on the Rhine basin compares hydrological models HBW#adfinding

that the semdistributed conceptual HBV model outperforms the distributed land
surface model VICTe Linde et al., 2008)The paper emphasizes the need for reliable
hydrological models to understand climate change impacts on large rivethdik
Rhine in Europe. It highlights that complex modeling does not necessarily yield
better results, and meteorological forcing data significantly influences model
performance. The importance of grotim@ised meteorological measurements is

emphasized.

Another study conducted in Kenya compares three different models, SWAT,
STREAM, and HBV andevaluated the model performance using statistical criteria
(NSE and R2) and visual assessment of hydrogrdgihendu & Mutua, 2017)The

HBV Light model outperforme the SWAT and STREAM models in simulating the
Nyangores and Amala Rivers hydrograph. However, the STREAM model had a
higher R2 efficiency during calibration and validation than HBV. Overall, the results
demonstrate the effectiveness of the HBV model mufating observed flow

compared to other models.



Also, a study byBizuneh et al. (2021lindicates that SWAT and HBV models need
improvementdo capture daily hydrographs during high and Hotensity rainfall
events accurate\Refinements, including seanatbased evaluations, can enhance

their representation of extreme runoff and rainfall conditions.

The models are extensively employed for the modeling of both gauged and ungauged
catchments, playing a crucial role in flood forecasting, efficient wasource
management, and the evaluation of various waieated aspects such as water
quality, erosion, sedimentation, nutrient and pesticide circulation, land use, and

climate change impacts, among oth@svia et al., 2015)

The selection of rainfaltunoff models should align with project objectives, data
accessibility, study scope, required outputs, and desired simgiitgrson et al.,
2018) Physically distributed models offer detailed insights into the rairdalbff
process, aiding effege water system management. However, the model choice may
be restricted by data availability. Due to this, simpler models are frequently
employed since detailed catchment characteristics are either unknown or entail high

investigation costgRinsema, 2014

2.1.2 Hydrological Modeling Studies inT ¢ r ki y e

There are different hydrol og.iOnenfithetmmodel i n
is SYGM (2020b) a detailed researcimvestigating climate change's effecs

precipitation, temperatuf@ nd r unof f a Aldo, there are diffErgnt ki y e .
studies investigate such as flaflbods (Saber & Yilmaz, 2018) streamflow

predictions( ¢ ol a k , 2 0 1 7-AlhanKea ale 202E; | Komaanlioglu &

Fistikoglu, 2019; Mest et al., 2019and snow recharge¢ al | &€ et al . |, 202

T ¢ r kseryegas a geographical bridge between its Eastern and Western regions. It
hasapproximately 3% landmasgsEuropg(Thrace), with the remaining area situated
on the Asian continent (Anatolia) (DSI, n.d.). The nation encompasses 25 distinct

river basins. Many of its rivers originate within Turkish borders and flow into



domestic seas. Particularly noteworthy among theseestically draining rivers are
Kezéelérmak (1,151 km), Sakarya (824 km), B¢
km), Yexkilérmak (519 km), Ceyhan (509 km),6
(129 km) (DSI, n.d.). Conversely, ¢, r ksiriyers that begin withiits territory but

flow into seas bordering other countries include the Euphrates (1,263 km within

Te¢r B iTigrie (512 km withinT ¢ r Bi, y& or uh ( 34 RkkKgrawi t hi n

(189 km withinT ¢, r B, angl Aras (548 km withif ¢ r B. Oty tke other handhe

Asi (88 km withinT ¢ r Bi mend Mer i - T(1r8Riiveleorigimate inh i n

neighboring lands before converging aldng, r ksicoastlines.

T ¢ r ksidiyeese precipitation patterns across different regions and seasons and
varying riverbed gradiestlead to dynamic changes in river flow rates, water
volumes, sediment transport, and erosional capacities throughout the year (DSI,
n.d.). The substantial riverbed gradients offer a promising potential for hydropower
generation while simultaneously posititallenges for river transportation due to the
intricate morphology of the riverbeds. These distinct hydrological characteristics
underscore the significance of comprehending r kscoyn@icatediver dynamics

and their multifaceted implications acr@sstors. Such comprehension is pivotal in
steering the nation's effective resource management and sustainable development

endeavors.

GivenT ¢ r ksivaried geographical features, fluctuating climate, and increasing
water requirements, a hydrological modelimperative for fostering sustainable
water management, enhancing disaster resilience, and facilitatingnfeethed

policymaking.

Athesisby¢ o | a k delv@slnio the predictability of streamflow, a crucial aspect

in water resources management and hydroelectric energy production. It explores a
spectrum of hydrologic modeling approaches, spanning physizasigd models
reliant on future data sets and adtiven models harnessing inherent seasonality
and autocorrelation in streamflow data. Focusing on the prediction of monthly

streamflow data in the ¢oruh Basin from 20(
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data from TRMM and grounbased stations (MGM])t validategredictions against
independent DSI streamflow measurements. Employing diverse modeling
techniques, including Simple Linear Regression (SLR), Multiple Linear Regression
(MLR), Artificial Neural Networks (MLP), and Copula Models (Normal Copuld a
Frank Copula), the study compares predictions against climat@adypersistenee
based forecasts. Findings highlight the efficacy of climatcloaged methods,
exhibiting correlations exceeding 0.90 for complete data sets. Persibtesent
predictiors also demonstrate robust performance, wisillding standardized
anomaly components enhances predictions. In summary, this thesis advances our
understanding of streamflow predictability, emphasizing the effectiveness of
different modeling techniques ancetpivotal role of climatologypased approaches

in achieving accurate predictions.

Astudy( Saber & Y ailhetd doassestBelpdtgntial of GSMaP for flash
flood simulation in Mediterranean catchments. The research followed astbpee
process: cmparing GSMaP estimates with gatggsed data, developing a bias
correction scheme using a rain gauge network, and employing the -Bizd\ivl
hydrologic model for flash flood simulation with corrected and uncorrected GSMaP
data. The study highlighted GSMaRsadency to underestimate heavy precipitation
events and overestimate light ones, emphasizing the need for thrbakell
analysis in satellitdbased rainfall product evaluation. The developed correction
scheme improved flash flood simulation performaneéh further investigation

recommended to incorporate local variables for enhanced accuracy.

A different study aimed to model rainfalunoff processes in a 10,508 km2
catchment using HEEIMS by Mesta et al. (2019) |t was par-t o f
funded progctthat develope@ geographical information systetibased decision

making tool for water quality management in the Ergene watershed. Meteorological
data (daily precipitation and temperature) and daily streamflow data were collected,
alongside land useytrologic soil groups, and elevation data integrated into a GIS.
The hydrological model, calibrated with 199802 streamflow data and validated

with 20032 005 dat a, demonstrated favorable

11
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stream gauge, with NasButcliffe Eficiency (NSE) values of 0.8 (calibration) and
0.75 (validation). Similasub-catchment models were also developed, calibrated,
and evaluated using NSE values and correlations, indicating successful model

performance.

Astudyby¢ a | | & e taddeskes thg cBalledde pf incorporating snow recharge
into karst hydrological models, like KarstMod and Varkarst, which typically lack a
snow routine to avoid model complexity. The absence of snow representation raises
accuracy concerns, especially in higititude karstic aquifersA novel pre
processing method called the ShR@overed Area (SCA) routine is introduced to
address thisDriven by temperature, precipitation, and satellite snow data, it
classifies precipitation as rain, snow, or mixed based opdsature and distributes
each phase across the catchment using SCA products. Coupling the SCA routine with
the KarstMod model significantly improves spring discharge simulations.
Comparisons show that SG#hanced simulations outperform models without a
smow routine and the Degrd2ay method, achieving a higher NaShtcliffe
Efficiency (NSE) value of 0.784. This approach offers a more physically realistic
parameter set, benefiting snaleminated karstic aquifers, as demonstrated in the

Central Taurus regoof T ¢ r ki y e

Kumanlioglu & Fistikoglu (2019) aimed to enhance a conceptual hydrological daily
rainfall-runoff model (GR4J) by incorporating an artificial neural network (ANN)
and genetic algorithm (GA). By integrating ANN, the model's performance was
improved by elimiating routing parameters. The integration of GA allowed
automatic calibration. Applied to the Gediz River Ba3iry, r Kk theyhgbrid model
showed superior predictive capabilities compared to both the original GR4J model

and a standalone ANNased model.

Another study focuses on the Ayamama watershed, aiming to develop a model using
HEC-HMS, simulate a significant 2009 flood event, and evaluate the model's
perf or man c e -Alfpak atzak, 202F).| Diwidizg the area into subbasins,

defining natural watechannel features, and incorporating rainfall data, the study

12



emphasizes HEEIMS's ability to capture watershed characteristics. Results match
well with a previous method and underscore HEXZS's physical insights for flood
management planning in higlsk areas. This work establishes HEDS as a

powerful tool in urban flood risk assessment and management.

2.2  Climate Change

Climate change refers to prolonged shifts in weather patterns and temperatures
stemming from natural causes like solar fluctuations travac activity(UN, n.d.)

However, since the 1800s, human actions, especially burning fossil fuels like coal,

oil, and gas, have become the primary driver of climate ch@dije n.d.) These

fuels release greenhouse gases that create an insulategrgal@undthe Earth,

trapping solar heat and raising temperatues.r r ent war mi ng, ar oun
the late 1800s, surpasses recorded temperatures in the last 100,000\ eard.)

The most recent decade holds the warmest record, with the ysdwoior decades

consistently warmer since 18890N, n.d.)

While many associate climate changes primarily with escalating temperatures,
temperature increases represent only the initial aspect of the situation. As the Earth
functions as an interconnectegstem, modifications in one facet can reverberate

across all othersesulting inmore frequent extreme events.

The consequences of climate change encompass a variety of issues; extensive
evidence, combined with consistent trends worldwide, strongly indicate that
observed changes in terrestrial and freshwater species' behaviors, ranges, and
attributes are a resulf cegional and global climate shif(®armesan et al., 2022)
These shifts are particularly noticeable in the escalation of extreme events. Recent
studies, encompassing over 12,000 species globally, demonstrate changes that align

with climate change.
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Regicnal median trend
in percentage change
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Figure2-1 Global Analysis Annual Mean River Flow Trends across Regions From
7250 Observatories (1972010)(Gudmundsson et al., 2021)

It could also be observed froRigure 2-1 that various regions, including northeast
Brazil, southern Australia, and the Mediterranean, are undergoing drying trends,
whereas northern Europe is experiencing increased wetness. These shifts result from
substantial changes in precipitation patternedifications in factors influencing
evapotranspiration, and adjustments in the timing of snow accumulation and melting
due to rising temperaturéSudmundsson et al., 202T)hese alterations are brought
about by significant modifications in precipitatigpatterns, adjustments to the
determinants of evapotranspiration, afthngedo the time of snow buildup and

meltingdue towarming temperatures.

Ecosystems are undergoing biome distribution and structure changes that align with
climate change and thecireasing presence of CQRarmesan et al., 202Z}limate

change presents substantial risks to both terrestrial and freshwater ecosystems. If

gl obal mean surface air temperatures increa
extinctions could rise to 80 (Parmesan et al., 2022Changes in significant

vegetation for ms, known as biome shifts, C C
35% (at 4AC warming) of global |l and. Addit,|

could increase by 35%atadt ACA@awai mghgoft gl 4

(Parmesan et al., 2022)
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The irreversible species loss becomes more pronounced with higher temperatures,
affecting ecosystem integrity and resilience. Biome shifts could impact up to 35% of

global land, leading to signdant alterations in ecosystems like the Amazon
rainforest and boreal fores(®armesan et al., 2022)Varmer temperatures also

el evate the risk of wildfires, projecting
warming(Parmesan et al., 2022)ioreover climate change intensifies the potential

release of stored carbon into the atmosphere due to factors such as wildfires, tree
mortality, insect infestations, peatland drying, and permafrost thaw.

2.2.1 General Circulation Models (GCMs)

GCMs are mathematical negsentations that capture the physical interactions of the
atmosphere and ocean, allowing them to simulate how the global climate responds
to the growing emissions of greenhouse gé$&SC, 2013) Some commonly used
GCMs are MPEESM-MR, HadGEMZ2ES, andGFDL.

The MaxPlanckiInstitute Earth System Model (MBESM-MR) represents an
extensive circulation model developed by Germany's Max Planck Institute. It is
composed of interconnected satodules, which include the atmospheric ECHAM6
model(Stevens et al., 201,3the MPIOM ocean modélungclaus et al., 2013he

land and vegetation subsystem model JSBASEhneck et al., 2013)he ocean
biogeochemistry model HAMMOCCSIyina et al., 2013and the OASIS module
facilitating concurrent functioning. The araction among these models is depicted
in Figure 22. ECHAMBG6, the atmospheri@CM, collaborates with the physical and
biogeochemical soil and vegetation model JSBACH. The oc&@Md MPIOM
integrates with the underwater biogeochemistry model HAMOCC. TASI®
module ensures the synchronized operation of these central components, managing
daily flows of water, energy, momentum, and CO2 between m{@misgetta et al.,
2013) The MPIESM model is offered in three versions based on resolution: MPI
ESM-LR (Low Resolution - Dynamic Vegetation), MPESM-MR (Medium

Resolution- Dynamic Vegetation), and MAEESM-P (LowResolution Paleo Mode
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- Static VegetationjAfshar et al., 2020)MPI-ESM-MR has an atmospheric grid
resolution of 1.8653 degrees latitude b§7h degrees longitude, while the ocean

grid employs a curvilinear coordinate system.

Carbon

Energy Energy
mamentum momentum

. |_“'“’”

Water

QASIS

MPI-ESM

Figure2-2 Schematic Structure of MEESM Model(Cotronei & Slawig, 2020)

HadGEM2 (Hadley Centre Global Environment Model version 2) represents the
second generation of global models, comprising a range of HadGEM2 models that
focus on atmospheric, hydrological, and oceanographic cycles. The Hadley Centre
Global Environment Modelor HadGEM2, is a collection of HadGEM2 models
concentrating omtmospheric, hydrological, and oceanic cycles. It is a member of
the second generation of global models. While sharing a common physical
foundation, these models exhibit varying levels oadlefn integrated atmosphere
ocean setup unifies them and offers enhancements in stratospheric modeling and
versatile surface system configurations encompassing dynamic vegetation, ocean
biology, and atmospheric chemis{ollins et al., 2008)The stadard atmospheric
model module is structured with approximately 38 layers that extend to about 40 km,
utilizing a 192 x 145 global grid system with a horizontal resolution of 1.25 degrees
latitude by 1.875 degrees longitude. In the extended vertical (phmios) version,

60 atmospheric layers stretch up to 85 katich is crucial for investigating
atmospheric processes and their global climate implications. The ocean model
component employs a-degree latitude by -tlegree longitude grid resolution,
transitoning smoothly to a 1/8egree solution closer to the equator. This includes
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360 x 216 grid points featuring 40 uneven vertical levels above the surface, with a
spacing of 10 nfMartin et al., 2011)

Developed jointly by the NOAA and Princeton Univey'sit Geophysical Fluid
Dynamics Laboratory, the GFDL Global Climate Model encompasses a
sophisticated mathematical framework defining key climate elements (atmosphere,
ocean, sea ice, land surface) and their intricate interactions. The equilibrium of
energyexchange among these components on a-termgy basis holds immense
significance for accurate climate forecasting. The GFDL CM2.0 and 2.1 versions,
introduced in 2004, provide output accessibility through an open data platform.
These versions maintain antmospheric model with a grid of 144 x 90
(approximately 2.5 degrees latitude by 2.5 degrees longitude), incorporating 24
vertical levels using a hybrid coordinate grid where sigma surfaces smoothly
transition from the surface to pressure levels above Pa0The lowest model level

is situated around 30 meters above the surface.

Specific climate scenarios have been established in formulating climate projections
to predict climate outcomes under varying global emissions levels. Two prominent
scenarios, RCR.5 and RCB.5, represent moderate and high emission possibilities,
respectively. RCRL.5, developed by the Pacific Northwest National Laboratory,
anticipates a stabilization of radiative forcing shortly after 2100 through global
emission reduction policge Its underlying assumptions include lower energy
intensity, expanded forested areas, increased agricultural productivity, reduced
cropland and grassland usage due to dietary changes, stable climate policies, constant
methane emissions, and a CO2 emissiajectory that rises until 2040 and then
declineg(SEI, 2017)

Conversely, the RCB.5 scenario, developed by the International Institute for
Applied System Analysis, assumes that no significant policy changes will occur to
reduce emissions. This sceimaenvisions a future where elevated greenhouse gas
emissions increase atmospheric concentrations. Key assumptions 8f5R@¢&ude

a tripling of CO2 emissions by 2100, rapid methane emission growth, expansion of
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cropland and grassland usage due to [adjmn growth, a projected global
population of 12 billion by 2100, slow technological advancements, heavy reliance
on fossil fuels, high energy intensity, and the absence of substantial climate
protection policiegSEI, 2017) Figure 23 shows thearbon dioxideemissiongor

different scenarios.
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Figure 2-3 CO2 emissions (tofeft), concentrations (tepgght), anthropogenic
radiative forcing (bottonteft), and global mean temperature (bottdght) for the
21stcenturyscenarios in the ScenaioO6 Ne i | | et al , 2016)

In this related topic, a study Bayaret al. (2023Jinds that the CMIP6 Earth System
Models predict faster climate zone shifts due to more robust warming rates. Using
advanced CMIP6 and earlier CMIP5 climate models, this study delves into how
warming climate and precipitation changes impaichate zones and ecosystems.
The models collectively indicate substantial climate zone changes, varying with
ensemble subsets. By the century's end, 3i748%% of global land area is
projected to shift climate zones, particularly in Europe (71884%)and North
America (51.2%65.8%)(Bayar et al., 2023)

The foundation of many studies concerning the impacts of climate change rests on

predictions generated by global circulation models (GCMs). Initially developed to
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evaluate the worldwide consequenoédifferent emission trajectories and advocate

for mitigation actions, these models have evolved into crucial tools for understanding
the complexities of climate dynamics and their eff¢€@i&CD, 2013) To mitigate

the impactof climate change and safeguard the planet's natural balance for future
generations, emission mitigation aims to limit the amount of greenhouse gases
released into the atmosphere. Concurrently, effective adaptation measures play a
pivotal role in managingater risks, fortifying resilience, and minimizing the overall

impacts of climate change on water resources and the ecosystems they support.

GCMsarecritical tools for projecting precipitation in climate change scenarios, yet
they cannot capture finescde spatial variations. Generating higesolution
precipitation scenarios using regional climate models (RCMs) nested within GCMs
for specific regions is computationally intensive and warrants justification primarily
when RCMs enhance the accuracy of raglaclimate projections compared to the
driving GCMs (Eden et al., 2014)To obtain RCMs, the GCMs aynamically
downscaledDynamical downscaling is a technique that involves conducting high
resolution regional simulations to dynamically project timpacts of largescale

climate phenomena onto regional or local scales of corfG#BL, n.d.)

2.2.2 Climate Change Effectson Water Resources

In the late 1980s, a significant shift occurred in natural sciences, with the
Intergovernmental Panel on Climate Chan(IPCC) assessments spotlighting

climate change as a central focus for scientific endegvdése i b er t & Bergs
2022) This shift also profoundly impacted hydrological modeling due to the
recognition of climate change's influence on water resoypeets;ularly in response

to extreme hydrological events worldwide.

Climate change profoundly influences the entire water cycle, and water is the
primary conduit through which climate change effects manifest. This phenomenon

entails an ongoing intensification of the water cycle, characterized by escalated
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evapotranspiratio and precipitation, due to the impact of climate change
(Huntington, 2006) Essentially, in a warmer atmospheric environment, the water

cycle accelerates.

The repercussions of climate change on freshwater encompass a range of effects such
as altered p@pitation patterns, elevated water temperatures, deteriorating water
quality, heightened evapotranspiration, and an increased frequency and intensity of
extreme eventKundzewicz et al., 20Q8IPCC, 2007. These impacts are projected

to grow more ppminent over time, with their pace of change anticipated to escalate,
leading to more severe consequences, particularly in the latter half of the century
(OECD, 2013)

Climate change is projected to bring about significant shifts in precipitation gattern
and increased variability, leading to global water resource ch#@#«3sD, 2013)

These changes are expected to impact runoff, groundwater recharge rates, and the
occurrence of rainy seasons. Extreme weather events, such as intense precipitation,
drougnts, and floods, will likely become more frequent and severe due to climate
change. These changes directly affect water quantity and quality, freshwater
ecosystems, and various aspects of human society, including agriculture, energy,
infrastructure, and bdiversity. Adapting to these changes is essential, and it calls
for flexible and futureoriented strategies that consider uncertainties associated with

climate predictions.

A study by Lehner et al. (2006) found that most climate change impact investgyati

on regional water resources primarily concentrate on average flows and overall water
availability. Unfortunately, these studies often fail to consider the effects of human
water consumption. While extreme events such as floods and droughts areytypicall
analyzed on a smaller scale, climate change and human water use can affect these
events on a broader regional leyieéhner et al., 2006)To address this, the study
employs the WaterGAP model for a comprehensive analysis that assesses the
potential cmsequences of global changencompassing both climate change and

altered water usieon the frequencies of floods and droughts in Europe. The findings
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highlight critical regions that could experience significant shifts in flood and drought
risks, undersaring the crucial need for continentalvel strategies aimed at

mitigation and adaptation.

Below is the figure from the study mentioned. Figuré B an alteration in the
frequency of 10§/ear floods examined by comparing current climate and water use
conditions (19611990) and simulations for the 2020s and 2070s.

Future retum period [years] less frequent no change more frequent

of floods with an intensity
of today’s 100-year events: < 100 70 40 10

Figure2-4 Alteration intheoccurrencdrequency of 10§earfloods

(Lehner et al., 2006)
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Future retum period [years] less frequent no change more frequent
of droughts with an intensity I
of today's 100-year events: < 100 70 40 10 >

Figure2-5 Shift in thefrequency of 10§eardroughtevents
(Lehner et al., 2006)

Figure 25 presents the change in the frequency ofyiédr drought events assessed
by comparing the present climate and water usagalitions (19611990) and
simulations for the 2020s and 2070s. These two figures' analyses involved ECHAM4

and HadCM3 climate models and the Baselineater use scenario.
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Figure2-6 Alteration intheintensity of 100yeardroughts(Lehner et al., 2006)
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In the illustration presented above, the variation in the severity efd@0droughts

has been assessed by comparing the current climate and water utilization conditions
(1961 1990) and simulations foné 2070s. The left map shows the results using the
HadCM3 climate model and the Baselihewater use scenario. In contrast, the
correct map displays the results using only the Baséliwater use scenario without

climate change.

In these aspects, the Hpdt o gi ska Byr -ns Vattenbal ansa
assumed a new role in addressing climate change's effects, as seen in projects across
Nordic and Baltic countrie§ Sei ber t & B.eSwedsnts SWEBCLIM 2 0 2 2)
initiative and the establishment of the RmssCentre further advanced regional

climate scenario development, enabling interdisciplinary collaboration between
meteorologists, hydrologists, and oceanographers. The HBV model is now widely

used worldwide to assess how climate change may affect vaggiens' water

resources( Sei bert & B.eDegpiet suctasses, ¢héll@nges remain,
including the transferability of model applications across different climate conditions

and the need for harmonization between various modeling concepts foatire w

cycle. Today, the HBV model is extensively employed worldwide to evaluate

climate change effects on water resources in multipleregidd® i bert & Ber gs
2022) At the same time, ongoing efforts continue to refine modeling processes for

thenext generation of researchers.

2.2.3 Climate Change inT ¢ r ki y e

Due to its geographical locatiom, ¢, r kis sytuated in the eastern Mediterranean,
positioning it among the highsk countries that will intensely experience the
impacts of climate chand&YGM, 220c) Similar changes to global climate shifts
are already being observed Th¢, r ksiclymate, and in the 21st century, more
frequent, severe, and prolonged droughts, heatwaves, and forest fires are expected to
occur in both Southern Europe ahd, r k Adglitmnally, an increase in the number

of days with short but intense rainfall events is projected to increase sudden floods
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significantly (SYGM, 2020c) According to a study cited in a report kyhe World
Bank, 2009)T ¢ r kwill pesone of thedp three countries most exposed to extreme

climate events in Europe and Central Asia by the end of the 21st century.

Numerous studies have been carried out i n
Sever al prominent r e s leaains énbludeadroaghts flood,i t hi n T ¢r
renewable energy sources, forest fires, snowmelt, and agricdtwle a®laborated

research done b§YGM (2016) snowmelt runoff patterns investigated Yycel et

al. (2015) precipitation and temperature change investigat®&la j - a c i et al ., 2
Gumus et al., 2023tlimate changeffecton drought characteristiqg\fshar et al.,

2020)and climate change affect on run@uri Balov & Altunkaynak, 2020; Ozkul,

2009)

One of the studies done byicel et al. (2015¢xamines snowmelt runoff patterns at

15 streamflow stations in the Euphrates, Ti
Anatol i a, T¢rkiye to understand their resp
analysisfrom 1970 to 2010 reveals significant temperature increases (average
1.3AC), slight increases in annual precipit:
timings due to rising temperatures. Shifts in spring streamflow timing of up to 9 days

earlier are bserved. A high emissions scenario simulation projects significant

decreases in annual surface runoffs for the Aras, Euphrates, and Tigris basins

(11. 6 %, 23. 5%, and 28. 5%, respectively) and
(about 4%) by the end of tleentury. These findings highlight the need to consider

changing snowmelt patterns in dam reservoir planning and inform future regional

water management policies.

In a different study done bgaj - aci e ,t the pdrformafc2 0f2Global
Circulation Models (GCMs) from the latest release of the Coupled Model
Intercomparison Project phase 6 (CMIP6) was evaluated and compared with its
predecessor, CMIP5, with a focus on monthly precipitation and temperature patterns
overT ¢ r Kk a clineate change hotspdthe analysis revealed that CMIP6 models

exhibited superior accuracy statistics, especiafjardingprecipitation compared
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to CMIP5. CMIP6 demonstrated reduced intermodel variability, indicating an
improved climate signal compared to CMIP5. SpecificallyllP6 reduced errors in
precipitation and temperature by 11% and 6%, respectively, and increased
precipitation correlation by 13%. Notably, the winter precipitation and autumn
temperature projections showed substantial improvements. Overall, CMIP6
forecet s a slightly warmer climate (up to
mean precipitationthan CMIP5. However, CMIP6 captured more pronounced
variations in precipitation, particularly in maximurmecreaseand increase,
suggesting enhanced resolution of future climate variability. The study also
highlighted significant summer -£0%)y mi ng
trends in autumn across the country. Additionally, increased winter and spring
precipi@ation projections in specific regions, such as the east of the Black Sea Region

andnortheas®natolia, may heighten flood risks.

Another investigated topic is how climate change affects meteorological drought
characteri st i c ¢AfshanetalA B0R® Byaising dbgervédi rainéll

data from local meteorological stations and downscaled data from three global
climate models (GCMs) under different scenarios (RCP 4.5 and RCP 8.5), the study
computed the Standardized Precipitation Index (SPQHdur historical (19862018)

and future (2018050) periods. The analysis indicated a heightened probability of
future drought events, potentially leading to longer durations of mild droughts and
more severe and extended extreme droughts. Copula functipisyed for joint

return period analysis indicated a 12% decrease in the return period for extreme
droughts, implying their increased occurrence. Notably, the study emphasized the
need for more robust adaptation strategies to address severe droughb s cidié

to the anticipated rise in events with longer durations and higher severities. The
results, rooted in various GCMs, showcased a significant surge in extreme droughts
compared to the reference period. This underscores the necessity for broader
assesments spanning more significant geographical regions to draw conclusive

insights into the impact of climate change on drought characteristics.
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A study by Nuri Balov & Altunkaynak, 2020) examines climate change's etiacts
total runoff volume in two Turlsh watersheds: Melen and Munzur. Employing
downscaled GCM outputs (GFBESM2M, HadGEM2ES, MPIESM-MR) under

RCP 4.5 and RCR.5, the WASMODBD hydrological model is utilized. Model
parameters are optimized via a mualjective genetic algorithm, and GCM
uncertainties are mitigated using the quantiapping method with observed data
from 1971 to 2000. Future periods of mrudntury (20412070) and lateentury
(2071 2100) are assessed. The results reveal reduced water volume in both
watersheds due to decsed precipitation and elevated temperatures in thdiml

and late future. By the end of the 21st century, runoff volume is projected to decline
by approximately 15.42% in Melen and 26.65% in Munzur. Monthly runoff patterns
remain relatively steady dugnthe present century. While Melen experiences
varying precipitation changes, Munzur generally faces decreased precipitation. Both
watersheds anticipate warmer conditions throughout the year during tkitemaid

and late future. Despite occasional prectmta increases in certain months,
decreasing runoff is expected due to temperahdeced evaporation effects.
Runoff decline differs among GCMs and scenarios, with the Munzur watershed

displaying more pronounced reductions.

Ozkul (2009undertooka seprate studyhat assesseatie impact of potential climate
change on water resources in the Gediz and Buyuk Menderes Basins, using various
modeling analyses. The IPCC Fourth Assessment Report confirms global climate
warming, affecting hydrologic systems amdter resources. The study projects
declining surface water potential in the basins due to decreased precipitation and
increased temperature. The water budget model simulation reveals that surface
waters will reduce by about 20% by 2030, rising to 35%2@%0 and over 50% by

2100. This leads to significant water stress issues, especially for agricultural,
domestic, and industrial users. Rising potential evapotranspiration will also escalate
irrigation water demand. The findings highlight the need for iwvgdowater
management strategies and adaptation measures to mitigate the basins' vulnerability

to climate change impacts.
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A study done byGumus et al. (2023)tilizes the latest CMIP6 climate models and

two future scenarios (SSPR5 and SSRB.5)toasses c |l i mat e extr emes
from 2015 to 2100. Coargesolution climate models were downscaled to a finer

0.1A T 0.1A (~9 km) -lrasdsdatdset,templayinguhsee ng t h
guantile mapping techniques. The findings consistently point to coeditions,
increased severe precipitation events, a
both scenarios. The SSIB% scenario indicates more pronounced water stress, with
precipitation decreasing by up to 20% in the Aegean and Mediterranean regions
Precipitation extremes shift from heavy to very heavy rains, contributing to increased

total precipitation from very heavy rain days. Temperature extremes, including
coldest, warmest, and mean daily maximum temperatures, are expected to rise across
alregi ons, with pot en ttheaehturpisemdntertaig regigns, t o 7 .
such as the Aegean, Southeastern Anatolia, Marmar#@lditerranean, exhibit

higher variability inthe coldest daily maximum temperaturds contrastthe Black

Sea, @ntral Anatolia, and Eastern Anatolia regions show greater sensitivity in mean

daily maximum temperatures in response to climate change.

A study by SYGM (2016) suggestghat dimate change projections far ¢ r ki y e
temperatures could risd.bysapnapni 8. 4AC€ u
under the RCR.5 scenario by 2100. These temperature increases are expected to
extend gradually fronT ¢ r ksisquimern latitudes to the north over the century

(SYGM, 2016)

Climate change projections fdr ¢, r kindigagée an expected increase in average
temperatures across all model simulations and scenarios. Models used are the
RegCM4.3 regional climate model, including HadGEER, MPFESM-MR, and
CNRM-CM5.1 models undeRCP 4.5 and RCRB.5 scenarios, reveal temperature
anomalies for each season during the 2B180 projection periodSYGM, 2016)

The projections consistently demonstrate warmer conditions compared to the
reference period. Despite some initial fluctuasiothe impact of rising greenhouse

gas concentrations is expected to dominate temperature increases over regional

variability, resulting in significant warming across seasons and years. Winter
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temperatures are projectemlbeat | east 1 AC comparedgal9Z0f t er 2050
2000. By 20912100, temperature increases under BRCP5 scenari o range fr
to 3.4AC, 8whi peediCPts higher I nc8theases of
demonstrates more significant temperature increases after the 2050s, especially i

the summer and spril@YGM, 2016)

The MPFESM-MR model indicates that the Eastern Black Sea, Western Black Sea,

¢or uh, and Yekil é@&rmak Basins exp&5 rience i nt
compared to RCH.5. Conversely, 21 other basins expect ceduprecipitation

under RCP3.5. CNRMCMS5.1 predicts increased precipitation in specific basins,

including the Marmara Basin(SYGM, 2016) These changes suggest significant

fluctuations, with winter and early spring experiencing more precipitation ioasat

Mediterranean coastal basins show dramatic shifts, with reduced precipitation totals

projected by models like HadGEM2S and MPIESM-MR. Projections differ,

indicating varying levels of drought and wetness acfogsr ksregi@as under RCP

4.5 and P 8.5 scenario§SYGM, 2016)
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Figure2-7 Variation inseasons across d@arintervals foraveragetemperature
anomalyvalues in the HadGEMES Model under the RCR5 scenario(SYGM,
2016)
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Figure2-8 SeasonaVariation of 18yearintervals fortotal precipitationanomaly
values in the HadGEMES Model under the RCR5 scenario(SYGM, 2016)
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2.2.4 Cli mate Change in ¢oruh Basin

The SYGM (20206t udy on the ¢oruh basin's c¢li ma

from GCMs for 20152100 indicates a steady rise in average temperatures, with the
basin's mean temperature expect®@, to i
particularly pronounced in its sdwgrn regions. Precipitation patterns are also
projected to shift, with a 10% increase in total precipitation during -2000D,

mainly concentrated in the northern basin areas. Utilizing the SWAT hydrological
model, the study forecasts a potential reduadiounp to 20% in gross water potential

by 20712100 due to climate change effects. Despite this, between 2015 and 2100,
available water potential is anticipated to exceed total water demand in the basin,
mitigating the risk of water deficit. The hydrogegical investigation reveals a
groundwater hydrogeol ogi cal reserve of
Climate change is predicted to cause around 5% reduction in the hydrogeological
reserve and approximately 7% reduction in the usable reserveelgnth of the
century. In summary, the study underscores the potential impact of climate change
on rising temperatures, changing precipitation patterns, and shifting water reserves

in the ¢oruh basin, which coulhtregidnf ect

A different study published by € | ma z e t investigates {h2 analysis of
forthcoming hydremeteorological droughts by employing climate projections from

a set of 13 European Coordinated Regional Downscaling Experiments (CORDEX)
domainoutputs. These projections were scrutinized across two distinct scenarios,
namely the RCP 4.5 and 8.5, spanning the periodsi 2059 and 207®099 within
the Upper T rr kHToy eecsta this analysis, the bamrected
CORDEX climate projectios were integrated into the Soil and Water Assessment
Tool (SWAT) hydrological modelTwo optimization algorithms were applied for
parameter calibration: the sequential uncertainty fitting algorithm for SWAT
calibration and the shuffled complex evolutiddQE) algorithm in the parameter
estimation tool (PEST). Notably, the SCE algorithm yielded superior parameter

solutions. This endeavor marked the inaugural comprehensive assessment of
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anticipated drought occurrenceaemlicaton t he Uppe:
of a standardized precipitation index and streamflow index for meteorological and

hydrological drought evaluations, respectively. The study's outcomes projected

changes in annual precipitation and temperature, with a ranr@6.46% to 8.74%,

0.02 AC to-286%4AELCtoabd27 AC, respectively.
augmented likelihood of hydrological drought occurrences under RCP 4.5 and RCP

8.5 during 20302059. Additionally, thepossibility of experiencing hydrological

high-severity droughts (>~5) and leseverity droughts (<~2) varied between the

two scenarios for the periods 202059 and 207®099. Nevertheless, evidence

remains inadequate to conclusively assert a heightened significhingérological

and meteorological droughts in the twefitgt century.
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CHAPTER 3

STUDY AREA AND METHODOLOGY

3.1 ¢tcoruh Basin

3.1.1 Gener al Il nformation About ¢coruh Basi

The ¢oruh Basin is | ocated wiThr kit ybe No
|l ies between the geographical coordinate
39A40' and 42A35' East |l ongitudes. Encom
¢ o r u hn cahstimites about 2.61% of¢, r ksiovwerall land aregs8YGM, 2020b)

This basin covers portions or entire territories of provinces, including Artvin,
Bayburt, Erzur um, Ar dahan, Ri ze, G¢ m¢ K ha
precipitation within its boundaries. From a settlement perspective, the basin
incorporates districts from Artvin, Bayburt, and Erzurum provinces, along with
villages from Erzincan and G¢m¢gkhane pr o

Hydraul i c Wor ks ( DeSbHsin into anise sdbasingyeMm,i zed t
2020b)
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Thetopography of the basin is notably varied. According to the findings from the
gueries, the elevations span from 50 meters to an impressive 4,000 meters
approximately(SYGM, 2020b) Settlements are primarily concentrated within the
range of 1,800 to 2,00fneters. Beyond the 2,000eter mark, the number of
settlementsexperienced significant decline. The lands between 1,800 and 2,000
meters encompass about 41% of the entire basin's area, leaving 59% outside this
elevation rang€SYGM, 2020b) Thisimplies that a substantial part of the basin's
surface consists of elevations unsuitable for human habitation. This rugged terrain
limits the habitable areas within this region. Figur8 @splays amap of ¢ r ki y e
with the position of th& ouh Basin detenined utilizing the digital elevation model

with the Shuttle Radar Topography Mission, also know(S&TM) (Farr et al.,
2007).

4000E 41900 QU0E

20700N

0 10 20 40 60 80 Goruh SRTMDEM [
— Kilometers :] Dams (Brj) Value Low:45

River oy Hioh 3916

Figure3-3The Topography and The Dams of

The ¢ or dromwkichvthe basin derives its name, originates from the Mescit
Mountains within the boundaries of Erzurum province. It merges with Kurt Stream
in Bayburt province, becoming known as
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from the Bayburt plains, takigpn t he name <¢oruh. After passi
province, it enters Artvin province and leaves the country border at an altitude of
approximately 50 meters. Finally, it flows from Batumi, Georgia, into the Black Sea.
The main br anch aflengthhoE296tkdeYGM, 20R0by e r h a

The ¢oruh Basin's northern perimeter is frar
its western side byhe Giresun Mountains, and the southern edge bordered by

Otl ukbel i, Duml u, Kar gap aztans.eAt theGanmel ¢ , and /
time,theYal néz-am Mountains and Georgia shape it
basin, the lowest point is found at an elevation of 550 meters, while the highest point
reaches 3,397 met((SYGM 2820mp Mount Ka-kar

The ¢oruh Basin i 9 ¢ o kvtlytbefhighedt erosiorergtesons i n
Approximately 500 million tons of soil are transported annually due to erosion.

Currently, around 1.38% of ¢ r ksielgatricity demand is met by dams on the

¢oruh Ri¢weruh Bhae i n holds significant i mport
resource inT ¢ r kKiThedastf | owi ng currents of the <¢oruh
effectively utilized to establish multiple hydroelectric power plants, playing a crucial

role in augmenting the natits renewable energy generation capacity. With projects

pl anned by the General Directorate of St at
electricity generated, including hydroel ec:
expected to contribute 8% of the total pratitucand 34% of the hydroelectric power

(SYGM, 2020b) Table 31 details these dams, and their locations are illustrated in

Figure 310.

Table3-1Dams I n ¢oruh Basin

Annual Averag Drainage Are Installed Annual Total
Sub-Basin Dams and HESS Natural Flow 6 Y Y u \ Capacity (MW Energy (GWF Situation ~ Opening Yea

OYAL A
adzNJ} Gt P 51 Y 1666 | 9 {19748 115 444 Operating 2005
Down Stream . 2 NXel | 51 Y | $6885 | 9 { {19255 300 1039 Operating 2007
Deriner Dam and HESS 4840 18389 670 2118 Operating 2012
Middle Strearn Artvin Dam and HESS 3837 15540 340 1026 Operating 2015
Yusufeli Dam and HESS 3789 15250 540 1888 Operating 2022
Arkun Dam and HESS 1814 6853 237 779 Operating 2014
Aksu Dam and HESS 1500 6338 160 383 In Construction -
UpStream DNf £ N6l € 51 Y M00R | 9 915 96 280 Operating 2012
TaLmANI 5L Y | 90R | 9{ {4915 97 272 In Construction -
Laleli Dam and HESS 936 4760 105 241 Operating 2017
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Most of the basin occupies elevations surpassing 1,800 to 2,000 meters, resulting in
a prevalence of regions characterized by heightened elevation and steep inclines
(SYGM, 2020b) Evaluations of slope categories adhere to the standards outlined in
the Soil and Land Classification Standards Technical Directive. In line with this
classification, approximately 50% of the entire basin, covering an area of 1,015,063
hectares, falls whtin regions boasting slopes of 45% or more, signifying very steep
slopes(SYGM, 2020b) An additional 30% of the basin's expanse, equivalent to
602,112 hectares, is designated as areas with slopes ranging from 20% to 45%,

representing steep slopes.

A hypsometric curve, or cumulative height distributioapresents elevations or

heights within a specific area, typically depicted on a topographic map or elevation

data. It shows the cumulative land area or terrain percentage below each elevation
value. A hygometric curve illustrates how much of a region's area is located at or

below a specificelevatioi.he Hypsometric curve of ¢oruh
3-4.
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Figure3-4Hy psometric Curve of ¢oruh B:

The ¢oruh River is one of the | argest ri"

derived from the spring waters on the wi
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southwest of the Mescit Mountains (3,239 m). Flowing between the Eastern Black
Sea Mountais and the Mescit Mountains, it ultimately reaches the Black Sea south
of Batumi Port. The river spans a length of 466 km from its source to its mouth
(SYGM, 2020b)

The ¢oruh Basin benefits from many smal
altitudesnear 2,000 meteflsFa ki oj |l u. eCoapl ed2@DO®h t he
descent from 50 meters as it leaves Turkish territory, this geographical configuration
allows for swift elevation changes across short distances. This unique terrain,
coupled withrestricted agricultural water consumption, establishes the basin as

remarkably conducive for establishing dam and ftype power plants. As a result,

[ a

¢or u

the ¢oruh Basin stands out as one of t he m

hydropower potential. Theombination of these factors positions the basin as highly

favorable for harnessing hydropower resources.

The ¢oruh River serves as the primary
substantial influence over the geography and economy of the regionviRethor

its formidable characteristics, the ¢or
white-water riverg(T.C. KTB, n.d.) Its notable volume is predominantly fueled by

the melting snow in the Eastern Black Sea mountains, a feature that contgbutes t

its rapid and tumultuous currents. These dynamic qualities have earned the river a
reputation that beckons adventure sports enthusiasts, making it a-afiaght

destination for activities like whitewater rafting and kayalkifgC. KTB, n.d.)

3.1.2 Climate o f ¢coruh Basin

The ¢oruh Basin's geographical | ocati on

between the continental climate of Eastern Anatolia and the hinterland climate found

wat e

uh |

gi v

behind the Bl ack Sea. The n or eneces tha stretch

influence of moisturdaden air masses originating from the Eastern Black Sea

Mountains, resulting in a milder climate. Conversely, the southwestern side is
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sheltered from cold air masses by natural features such as the Otlukbeli and Dumlu
Mountans and the ErzurusKars Plateau. This dynamic leads to a climatic spectrum
ranging from the more rigorous Black Sea climate to the gentler Eastern Anatolia
climate. Summers are warm and dry, while winters are cool and wet, with the highest
precipitation ypically occurring in spring. The elevated sections of mountains on the
left bank behind the Black Sea receive substantial snowfall, which melts during

spring, often causing flooding after April and May rainfall.

Southern regions like Oltu and Narman extabcontinental climate. In contrast, the
northern areas around Bor-ka and Muratl e
climate typical of the Eastern Black S&¥YGM, 2020b)

Meteorological stations, operated by the Turkish State Meteorological Service

( MGM) and the State Hydraulic Works (DSK)
These stations measure rain and snowfall; some even monitor snow cover depth and

d ensi t wyruh Badinas sdparated from the Eastern Black Sea Basin by the
Eastern Black Sea Mountains, resul ting i
Basin compared to coastal regions. Generally, annual rainfall declines downstream

within the basi(SYGM, 202Db).

The melting of snow significantly infl ue.l
Thiessen Polygon and the isohyetal methods, the annual average precipitation in the
project area is estimated at 561.84 mm and 551.94 mm, respedB»¥GMV,

2020b) The distribution of precipitation throughout the year highlights the
dominance of spring (30.7%) and is followed by summer (22.8%), autumn (24.5%),

and winter (22.0%)SYGM, 2020b) This pattern indicates that the highest total

rainfall occurs duringhe spring season in the basin.
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(Equal Rainfall) Curve§SYGM, 2020)

The basin's average monthly and annual temperature aclods st ati ons i s 9. ¢
the long term. Extreme temperaturesrange #®m . 7 AC at t he Kér ék Met €
Observation Station to 45.5AC at the Ardanu
(SYGM, 2020b) Temperature patterns generally correspond with dhea's

el evati on, with colder winters averaging ar
spring onward.

Evaporation | evels within the Meteorol ogi ce
basin vary, with the highest relcnram;ded at th
and the lowest at the Uzundere station, measuring 485.8&M@M, 2020b)

The climate within the ¢oruh basin is infl ue

Anatolia, resulting in a blend of continental and Black Sea clictaeacteristics.
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3.1.3 Subbasins in ¢oruh Basin

There are a total number of 85 runoff observation stations. However, certain stations
are utilized for shorterm purposes and subsequently closed, while others exhibit
missing values within their annual recor@ansequently, stations that do not have

a continuous time series are excluded from the analysis. As a result, the research is
restricted to a subset of 30 stations. The-Isagins are created by using ArcGIS
Desktop 10.7 with Arc Hydro tools. The digitéeation map employed in this study

was derived from the Shuttle Radar Topography Mission (SRTM), which provides
global coverage with a spatial resolution of 1-second, corresponding to

approximately 30 metefgarr et al., 2007)
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Figure3-6 Someofthesubasins in ¢oruh
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Figure3-7SubBasi ns in ¢oruh
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3.2 Datasets

This research aims to obtain accurate runoff predictions and calculate future runoff
projections wusing the HBV model . For t
investigate the developed model. Runoff, precipitation, and temperature data were
needed to condtt the analysis. To calculate the future runoff, historical observations

for runoff were used. These data were obtained filmaDirectorate General for

St ate Hydraul i c Wor ks o runof f observat.i
precipitation data, grourbased meteorological stations were insufficient. A total of

five stations were selected to represent
directly in the analysis. Since enough data waavailable, th&RAS5-Land dataset

was used for temperature apiecipitation. Bias correction has been applietho

ERA5Land dataset with the selected five representative grbasdd
meteorological stations. For the HBV model to be run, evapotranspiration must be

used because no applicable data is observed iroaappiration. Thornthwaite's
(Thornthwaite, 1948jormulation, which only needs the temperature and latitude of

the station, was selected for the analysis. After analyzing these historical datasets,

the parameters obtained were used to predict futurefft Three GCMs with two

different representative concentration pathway (RCP) scenarios were used for future

predictionsIn Figure 38, the flow chart of this study is shown.
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Figure3-8 Flow Chart
3.2.1 Ground-Based Meteorological Stations
There are a total number of 63 meteorol ogi

temperature and precipitation data are from the Republit ofr kMinysey of

Environment, Urbaization and Climate Change General Directorate of

Meteorology. However, not all the stations have continuous data, and some have

been observed only briefly. Because of these reasons, some stations had to be

eliminated and choose the ones that could reptdbe basin best with an extended

observation period. Five meteorological stations were selected for calculation in

¢oruh Basin (17045, 17089, 17 6sl608Bnin 17666, 17
purple in Figure 3. These meteorological stations weredifor bias correction for

ERA5-Land temperature and precipitation data.
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Table3-2 Meteorological Stations Used in Analysis

Station Id Latitude Longitude Variable Period Variable Period
17045 41.1752 41.8187 T( ) 1970-201 P (mm) 1979-201:
17089 40.2547 40.2207 T( ) 1970-201° P (mm) 1979-201.
17666 40.4868 40.9997 T( ) 1970-201° P (mm) 1979-201.
17668 40.5497 41.9951 T( ) 1970-201 P (mm) 1979-201:
17688 40.3013 41.5409 T( ) 1970-201 P (mm) 1979-201:
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Figure3-9 Map of Meteorological Stations

3.2.2 Runoff Observations

The annual runoff observation annuals of the General Directorate of State Hydraulic
Works shared publicly, was used for runoff observation data. The annuals have daily
runoff values of each located stream gauge station. There is runoff data from 1935
to 2015. However, the data length for each station is different. Some stations need
more data, or the datzeedsto be more continuous to apply the HBV model. In

¢or uh Braare atptal humiger of 85 stations. Nevertheless, by eliminating

45



the stations with insufficient data, 30 stations could be analyzédtkénor uh Basi n,
there are a total of six dams. Since these dams affect the natural runoff data, the data

set used fothe hydrological model is until the opening of the first dam in 2005.
Because each station has different observation intervals, the years the model runs
between differs.

40°00°E 41°00°E 42°00E
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40°00°N
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Figure3-10 The Runoff ObservatioBtations and The Dams

3.2.3 ERA5-Land

ERA5-Land is a reanalysis dataset that offers an enhanced and consistent perspective
on the evolution of land variables spanning several decades, surpassing the resolution
of ERAS. Produced by rmunning the land component of ECMWF ERAS5 climate
reanalysisERA5-Land merges model data and global observations using physical
laws, yielding a comprehensive dataset portraying historical climate conditions.
Employing atmospheric variables like air temperature and humidity from ERA5 as
input, ERA5Land ensures thaccuracy of simulated land fields. Although not

directly incorporating observations, the dataset indirectly accounts for them through
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atmospheric forcing, preventing modesed estimates from straying from reality.
Additionally, ERA5Land corrects inputariables to match its higher resolution grid,
termed 'lapse rate correction.' Despite inherent uncertainties in -inaskd
estimates, ERA%and is a valuable tool for various land surface applications like
flood and drought forecasting due to its satigfey temporal and spatial resolutions
(Bell et al., 2023)Numerous studies also indicate that the ERABd dataset gives
good results, suggesting they cogleive as substitutes for observatiofigsoy,
2022; Gumus et al., 2023; Yilmaz, 2023a, 2023b)

In this thesis, temperature and precipitation data sets of HRA8 were used for

HBV models because of few observation stations and insufficient data from the
observation stations. ERASand consists of hourly data from 1950 to the present

year. Thedat a set has a horizont al resol ution
9 km.

The 2m air temperature, measured above land, sea, or inland waters, is determined

by interpolating between the Earth's surface and the lowest model level while
consideringatmospheric conditions. The temperature unit is in Kelvin; it is converted

to degrees Cel sius ( AC) by subtracting
observations are daily to use the same time steps in the analysis, the hourly

temperature dataset hasen converted to daily by arithmetic average for 24 hours.

Precipitation, encompassing both liquid and frozen water in the form of rain and
snow, descends to the Earth's surface, comprising the summation e$dalge
precipitation originating from exgnsive weather patterns like troughs and cold
fronts, as well as convective precipitation driven by warmer, less dense air ascending
over more relaxed air. Excluded from precipitation variables are fog, dew, and the
portion of rain that evaporates in thtenasphere before reaching the Earth's surface.
This metric accumulates from the forecast's onset to its conclusion, measured in
meters of depih representing the hypothetical uniform water spread across the grid
box. Because of the data compatibility, imsteof hourly data, daily data is used.

This parameter also accumulates precipitation in the last hour of the day. As a result,
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the day's final hours were used for daily rainfall. The annual average of precipitation

and temperature is shown in the figuréole
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Figure3-11¢ o r u h B ¥&@ar Avérage Teriperaturédp) and Precipitation
(Bottom) Distributionfrom ERA5Land

ERA5-Land dataset is a gridded dataset for HBV analysis; gnueess must be
done. By using the observation stations, bias correction is conducted. Next, the data
needs to be in a single continuous data format. To obtain the forrbasuts are
createdor each station by using ArcGIS. The ERA&Nd dataset is cropped over

the subbasins, and the mean value is calculated for the area. This calculation is

applied to both precipitation and temperature.
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3.24 Climate Change Datasets (GCM)

Three different GCMs wth two different RCPs are used in this study. A total of six
different scenarios are conducted. Selected GCMs are Hadd&ESVIRPIESM-

MR, and GFDELESM2M. For these three models, R&€B and RCR8.5 scenarios

are used. Temperature with Celsius and totatiptation in mm parameters are
obtained from the Republic df ¢ r kMinjstey of Environment, Urbanization and
Climate ChangeGeneral Directorate of Meteorology Department of Climate and
Agricul tur al Met eorol ogy. T halytide step.s et
The time series is between 192000 for the reference period and 2298 for the

future. Bias correction is also applied to these datasets.

3.25 TRMM 3B42

The collaborative Tropical Rainfall Measuring Mission (TRMM) undertaken by

NASA and he Japan Aerospace Exploration Agency (JAXA) investigated rainfall

patterns to advance weather and climate research. The satellite was equipped with

five instruments: a comprehensive themmnsor suite for rainfall assessment (PR,
TMI, VIRS) alongside twacomplementary tools (LIS and CERES). The resultant
TRMM dataset, capturing global tropical rainfall and lightning trends, emerged as a
definitive standard for precipitation measurement in spdéeMM, n.d.) The
dataset, derived from the TMPA (TRMM Mukatellite Precipitation Analysis)
Algorithm, furnishes precipitation estimates in TRMM regions characterized by the
negligible bias of the "TRMM Combined Instrument" precipitation estimate. This
dataset combines the advantages of minimal bias with ddrgh;quality
microwave data and fiin utilizing microwavecalibrated infrared assessments. The
temporal coverage of each granule is set at 3 HG&ES DISC n.d.) These data

supported practical applications, including flood and drought surveillande a

advancements in weather forecasting techniquetudyby ¢ ol ak (2017)
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the importance of the TRMM (Tropical Rainfall Measuring Mission) dataset for

precipitation data, which is crucial for streamflow predictions in the region.

The TRMM 3B42rainfall dataset is converted to a daily time step for the analysis in
the study The TRMM 3B42 dataset used is years between-P895. The starting
period of the dataset does not cover the historical data, which runoff starts from the
1980s. Also, the ahing date was in 2005. The short period makes it insufficient to
run a model. Because of this reason, the dataset is only used for validation from the

calculated parameter set from ERA&Nd.

Table3-3 Information About the Used Data in the Research

Spatial

Data Name Source Data Type Temporal Resolution ) Time
Resolution
ERA5-Land Copernicus CDS Precipitation, Temperature Hourly nomc E 1880-0022
TRMM-3B42 NASA-USGS Precipitation, Temperature 3 Hourly noHpc E 19980015 c
HadGEM2-ES N . s %971—2000,
(RCP4.5, RCPS. WCRP-CMIP  Precipitation, Temperature Daily M®PHpPpCEM O\QOT—Z%Q%
MPI-ESM-MR o . = 97%—2000,
(RCP4.5, RCPS. WCRP-CMIP  Precipitation, Temperature Daily mMm®dycpoc Elz'Hz %OTQBO
GFDL-ESM2M - . = 971-2000,
(RCP4.5, RCPS. WCRP-CMIP  Precipitation, Temperature Daily H®pcEH 2828-2098
Meteorological
observation MGM Precipitation, Temperature Daily - 1979-2021
station
Runoff
Observation DSl Runoff Daily - 1980-2005
Station
3.2.6 Potential Evaporation

Four data are needed to run the HBV mddgtecipitation, temperature, runoff, and
potential evaporation. Because there is not any gauge to obisetaeer parameter,
an empirical approach is used. The selected method is the Thornthwaite equation, in

which the only inputs are temperature and the station's latit{idernthwaite,
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1948) Thornthwaite developed this methodology to estimate the potential
evaporation. In the study, because the GCM dataset is in 360 days for a year, the
analysis is performed based on the assumption that one year is 360 days. Due to that,
the potential evapotranspiration is daily of 360 days per year. The formulation used
in the analysis approximates the original method proposed by Willmott by using the

T > 26 equation(Willmott et al., 1985)The formulas for calculating potential

evaporation are belo@Vikifire, n.d.).
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N is the duration of the sunlight rours calculated as:

T
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Where wis the sunset hour angle in radians calculated as below:
0 AOAADGE® ©OE
1 stands for the solar declination in radians anck tls¢ands for latitude in radians.

Solar declination is calculated as:

1 @ naEL— 0B W
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Here, J represents Julian's date as the day number within the year, ranging from 1 (1
January) to 365 or 366 (31 December). In the study, a year is asssirdéd days

as Julian's date.

3.3 Bias Correction

Climate model projections of precipitation and temperature often exhibit

discrepancies in their statistical properties compared to the observed time series
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during the control period. To mitigate these errotias lxorrection methods are
applied. These methods help to align the climate model outputs more closely with

the statistical properties of the observed d&taiano et al., 2019)

These methods encompass various techniques, such as linear scaling:evarian
scaling, power transformation, and quantile delta mapping. The choice of a bias
correction algorithm plays a prominent role in assessing hydrological change
(Teutschbein & Seibert, 2012)

The exploration of bias correction methods for precipitatiamjegtions has been
instrumental in identifying the optimal approach for precipitation frequency curves,
which may differ from the most effectiweay for flood frequency curvegSoriano

et al., 2019)The research done by Soriano et al. (2019) underst@@sonounced
significance of bias correction for precipitation time series, outweighing the
importance of temperature correction. This observation is relevant for hydrological
modeling, as precipitation plays a pivotal role in influencing streamflopubsitin

the HBV modelSoriano et al., 2019)

The QDM for precipitation preserves mogebjected relative changes in quantiles
while at the same time correcting systematic biases in quantiles of a modeled series
concerning observed values. The QDM for precipitation corrects systematic biases
in quaniles of a modeled series with respect to observed values while preserving
relative changes in quantiles tithe model projectedThe algorithm involves a
sequential twestep process: first, future model outputs undergo detrending and bias
correction usingquantile mapping, aligning them with observed data; second,
modelprojected relative quantile changes are incorporated into thectnsected
model outputs. Quantile mapping algorithms are widely utilized to bias correct daily
precipitation series fromlimate models, aiming tolosely align their distributional
properties with those of historical observatig@annon et al., 2015Yhis approach
enhances the credibility of the model projections and ensures their compatibility with
realworld data, whib is crucial in the context of this thesis.
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Various bias correction algorithms examined, the quantile delta mapping (QDM)
method demonstrates marginally better performance compared to quantile mapping
(QM) and detrended quantile mapping (DQM) when appleprecipitatiorbased
extreme indice§Gumus et al., 2023However, in the study by Gumus et al. (2023),

no notably superior method was identified for extreme indices based on temperature.

In this study, two distinct approaches are employed. FitsityTRMM and ERA5S

Land datasets arbiascorrectedby proportioning the average gauge station
observations (limited to five for precipitation and temperature) with average grids at
the stations. Following our evaluation, it has opted to utilize the geadhilta
mapping (QDM) method, as it exhibits superior performance in-dnagcing
GCMs when employing the ERASand dataset. This informed choice enhances the
accuracy and reliability of our climate model projections, bolstering the credibility

of our gudy.
wqghg 0 Oy "Oﬁwﬁozy o]
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Within the context of these equationw,y 4 O denotes the biasorrected

historical period data, and o signifies the relative change in the model data

across both the historical and forecast periods.

3.4 The HBV Model

The Hydrologiska Byr-ns Vattenbal ansavde
Bergstr®°mnBengd®Oi73m & .HBRVrnodehisag wideRised )
hydrological model in hydrology and watershed management. It is preferred owing

to its inherent simplicity, ease of comprehension, and applicability. The model

requires a moderate amount of input data, such as precipitation, temperature, runoff,
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and eaporation. In addition, it demonstrates commendable performance across a
multitude of applications. Consequently, it finds extensive application within Nordic
regions and beyond international boundaries. The HBV model has different
versions; investigatits indicate its potential compatibility with other models.

HBV model is a conceptual model for continuous runoff simulations of stream flow
and other variables. It is a mathematical model which has a simple {yoket
structure. The model is ndmear, time-variant, and dynamic. HBV model is a
deterministic hydrological model, enabling the projection of future events without
relying on randomness. The deterministic nature is due to the pivasied
equations, deterministic input data, and sifgaéh smulations. HBV model could

be performed as a lumped model or semtributed model. A lumped model is
typically employed for simulating diverse hydrological processes within a specific
location or region. The parameters utilized in this model encapssieatigally
averaged attributes of a hydrological system and are frequently not directly
comparable to field measuremeriRanit et al., 2014)A variant of the lumped
technique is serndistributed modeling. A basin is divided up into smadigpsbasins

using this method. Runoff amounts obtained from methods like the unit hydrograph
are used to evaluate streamflow coming from these separatdésials. The HBV
model could be sendistributed by dividing the catchment into shbdisins,

elevation and vegetation zones.

This study uses HBV Light Version 4.0.0.28eibert, 20050 comparea novel
hydrological modelThe model initialization in HBV Light should be done using a
warmingup time, and a routing parameter that can accept any actuakvaktead

of only integer values is the only two changes between HBV Light and the HBV
model(Seibert, 2005).

The HBV model depicts the water balance utilizing three storage reservoirs: a soil
moisture zone, an upper zone storage (forssubace storritow), and a lower zone

storage, asht®wn schematically in Figure . The general water balance equation
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for the HBV model is as follows, including an algorithm for snow accumulation and

melt (based on the degrday technique) and an algorithm accougtior lakes:

0 O 0 gb“vﬁ YO YR 0@ 0 dQQi

P refers to precipitation, E to evaporation, and Q to discharge. UZ and LZ refer to
the upper and lower groundwater zones, whereas SP and SM stand for snowpack and
soil moisture. The laketermrefers to the storage in lakes. The regional distribution

of temperature and precipitation can be represented using a subroutine for

meteorological interpolatio(Driessen et al., 2010)
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Figure3-12 General Structure of HBV ModéSeibert, 2000)

As illustrated in the figur8-12, the equations comprise a range of parameters. Some
delineate the properties of the catchment, while others pertain to parameters
associateavith vegetation zones.

The model simulates discharge using rainfall, temperature, and potential evaporation

as input variables. Precipitation is differentiated as snow or rain based on a threshold

temperature, denoted as nshdlowTRA gécipitatioh t he
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accumulation becomes in the form of snow. Snowmelt occurs when the temperature
rises above the threshold temperature. Snowfall, occurring when the temperature is
below TT, is modified by a snowfall correction factor, SFgFRJhich accounts for
systematic errors in snowfall measurements and the unaccdontedaporation

from the snowpack. Snowmelt follows a degdes approach (degreapt f er non

daily time steps) as depicted belpwBer gst r.°m, 1995)
The calculation of meltwat is governed by the following equation:
0 Qda 00 "00 0ZWY "Y'Y
CFMAX represents a coefficient characterized by a dynamic range. Notably, regions

with forest cover tend to adopt lower values for CFMAX, commonly approximating

values of 2 for foresd terrain and 3.5 for open landscag&egibert, 2005)

Accumulated meltwater and rainfall within the snowpack are retained until they
surpass a specific fraction, expressed as CW,bf the snow's water equivalent.
The liquid water within the snowpackdergoes refreezing accordingateefreezing
coefficient, CFR

The equation governing the process of refreezing meltwater is expressed as follows:
YQQI QQadQO¥d "0O0 0zZw'Y'Y Y

An important observation is that when the Snowpack fd&B), which serves as an

adjustment parameter, assumes a value lower than 1, the-degreef act or under goe
seasonal variability. Specifically, during
while during summer, it corresponds to CFMAX. Notably, all simdl@tstances of

snowfall undergo multiplication by the correction factor SFCF.

It is crucial to emphasize that these computations are performed independently for
each elevation and vegetation zone, thereby ensuring the model's capacity to adapt

to variousenvironmental conditiong. Ber gst r °© m, 1995)

The partitioning of rainfall and snowmelt (P) into soil box water content and
groundwater recharge hinges on the relationship between the soil box's water content
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(SM [mm]) and its maximum value (FC [mm]). Beis the shape parameter that
determines the shape of the curve. If it has higher values, the model will be
transformed into a simple bucket model, meaning the soil moisture would be closer
to the maximum capacity for any water that goes into the grousdwdte equation
of this process is as follows:
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Figure3-13 Soil Routine Graphs of the HBV Modgbeibert, 2005)

If SM/FC exceeds the limit LR][ actual evaporation from the soil box equates to

potential evaporation; otherwise, a linear reduction enuése v al ue of C p
cruci al role in shaping the curve. When
line, asshown in the lefgraphin Figure 313. However, when C tak
values, typically ranging from 7 to 10, the model undergoes a transformation
resembling a simplified bucket model. In this scenario, the soil moisture tends to
remain closer to itmmaximum capacity, indicating that any water input will quickly

infiltrate the groundwateC , , dndPFC influence the amount of evaporation. They

are slightly different in timing when essential, but all three influence how much water

goes to runoff and how much leaves the catchment as evaporation. The flood soil

box is filled inptspmaitng,r .s Sutmmer¢ ddes va
critical. The more significant value of

soil moisture content in the soil box, the less water will go to groundwater and
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eventually to the runoff, and more wateitl stay in the soil boxandevaporation

can happen. So, the value of C also control
runof f . Hi gher values of C | ess water wil/l
evaporation and, therefore, runoff. Invighh summer flood but essential in the

summer. When some water is missing in the soil box, the evaporation is reduced. It

leads to a higher runoff because evaporation is negligible. Higher value in LP and

FC means evaporation is more diminutive and coregitjumore minor runoff. As

given in the equation below.

0 0 z | El

In the HBV model, groundwater is represented by two boxes. The lower box
represents slowly reacting groundwatehich feeds into basefla The upper box

is the shallower groundwater that responds quickly to precipitation or snow melt
input, creating higher runoff values. Groundwater recharge is introduced to the upper
groundwater box (SUZ [mm]). The maximum percolation rate from the applee

| ower groundwater box (SL Zl],[sdefmed.Inthelenot ed a:
case of lakes, precipitation and evaporation are directly incorporated into and
deducted from the lower box. Runoff stemming from the groundwater boxes is
evaluated by @mbining two or three linear outflow equations contingent on whether
SUZ surpasses a predetermined threshold, UZL [mm]. Where the outflow is
dependent on the water level of the box multiplied by the constant. As soon as more
water comes in as mms per déye water level in the upper box starts to rise, and
first, Q1 is activatedif the level goes higher than UZL, the QO also gets activated.
Moreover, all three outflows contribute to runoff; all individually are linear, but the
combination is no#linear. The equation is as follows:

~

0 O 0 2YOD U 2YYD 0 21 ABYYDO YOt
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Figure3-14 Response Routine of the HBV Mod8eibert, 2005)

Different K values influence the shape of thelrograph. The water will eventually
come to runoff when it reaches the response function. The time will change, so the
area under the curve will always be the same. However, the question is when the
water will come to runoff. With a lower value of KO naff will have less peak, and

the water will last longer. If the UZL threshold is lower, it earlier activated higher
runoff values for a short time, and the water will be gone rapidly, so there will be a
shift in timing. The runoff is mainly affected by Kbd UZL parameters. K1 is most
effective between the runoff events; lower values mean less peaky but more
prolonged recession. PERC parameter controls how much water goes from the upper
bucket ox to the lower bucket and the baseflow level. With largeesalf PERC,

more water goes to the lower box, contributing to an extended baseflow period. K2
affects the baseflow and is less dynamic; slower values baseflow continues constant

for a long time. For higher values, there is more recession during baseflow.

Waterhasreached the stream network with the routines followed but has yet to reach

the catchment outlet. So, there is a need to transform the water to the catchment
outlet. A triangular weighting function determined by the parameter MAXBAS is
applied tot hi s runof f, cul minating i n-1t he der
Transformation of the runoff as simulated by the response function is damped, and

the peak is shifted slightly in time. The equation is presented as follows:
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Figure3-15 Routing Routine of the HBV ModéEeibert, 2005)

In scenarios involving distinct elevation zones, changes in precipitation and

temperature corresponding to elevation alterations are calculated through the

utilization of two parameters: PCALT [ %/ 100

.o - 0 0 0 UAYQ
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Y'Q
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The longterm mean of potential evaporatidd, j , for a specific day of the year,

can be adjusted to its value at timestep t, 0, by considering the deviations of

temperature, T(t), from its loAgrm mean, TM, alongside a correction factor, CET
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3.5 HBV-Light and HBV -R Models

3.5.1 HBV -Light Model

The HBV-Light program cansimultaneously utilize various model structures,
elevation, and vegetation zond=or this study, the standard structure and basic
model were adopted. The graphical interface, as depicted in FiglGeeBables
manual adjustment @larameters, with immediate observation of the ensuing effects
upon program execution. Moreover, the NSE (N&slcliffe Efficiency) value and
mean difference are provided, offering valuable assistance during the manual

calibration.

The interface also preses informative graphs, showcasing simulated and observed
runoff, simulated snow, measured precipitation, temperature, and Qdiff (difference
between observed and simulated streamflow). These graphical representations

enhance the understanding and evalnatiothe model's performance.

8 HBV-light - o X
File Settings Results Tools Help
Catchment: D23A001 E3|/ER|EQ
Snow Routine From: 01-01-1992 [~ | Previous Plot [] Same min/max for each period Efficiency of the model 06510
Veg. 20ne 1 To: 011998 @ | MNext @ PTQ O Soi+EsQ O GW+Q  g5Catchment: [SubCatchment_1 v | | Reset Mean dfference [nm/year]: 32
L 0.0542666806] ] 30 300
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Figure3-16 HBV-Light Graphical User Interface
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3.5.2 HBV -R Model

The noveldevelopedHBV-R model represents a simplified version of the original

HBV model translated fron{Aghakouchak et al., 2013)adhering to similar

principles. There aratotal number of 12 parameters employed in its md@efen

that the HBV modelusesthe Degree By snow routine, which overlooks the

transitional phase between rain and snow, a distinct approach becomes necessary

(¢al |l & eThis aew snow raudirvasylevelopedbyg al | &€ etandal . (2022)
¢ al | é.UpliRedh2 gégntioned study, in tiiesearchMODIS snow cover data

is not used in the snow routine.

The total hydrological response to precipitation is computed by summing the
snowmelt and rainfall. Subsequently, the actual evapotranspiration is determined
using the permanent wilting paias the threshold, with the same equation as the
HBV model.

Moving on to the soil and groundwater routines, vertical percolation from soil to
shallow groundwater storage is evaluated based on the kO, kkhdkRp parameters.

The initial parameter, kO, amages the rapid response mechanism at the reservoir's
upper portion. The second parameter, k1, dictates the flow from the intermediate
reservoir to the runoff, while the third parameter, k2, governs the flow from the deep
reservoir to the runoff. Lastlthe Kp parameter signifies the vertical percolation's

conductivity from the upper to the deep reservoir.

Unlike the HBV model, the HBAR model lacks a routing routine, and neither
vegetation nor elevation factors are incorporated. However, it differentigte
including a mixed phase of precipitation, using Latin Hypercube Sampling (LHS)
instead ofGenetic Algorithm and PoweglGAP) optimization Most importantly, the

HBV-R model has opesource code
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3.5.3

The HBV-light modelencompasses 14 parameters dedicated to the catchment and

HBV-Light and HBV -R Parameters

an additional 11 parameters specific to vegetation zdviesreagheHBV-R model

only has 12 parameterBhe details of the parameters are given below.

Table3-4 Parametersf HBV-R and HB\fLight Model

Description

Function

Calibratec Parameter Type

HBV-Light HBV-R  Unit I;/;:ige
PERC -  YYkp G[0,nf)
Alpha - - [0,inf)
uzL L mm [0,inf)

Ko KO wmkni [01)
K1 K1 mkn i [01)
K2 K2 mknid [01)

- Kp Mk n i [01)
MAXBAS - nt  [1,100]
Cet - Mk c/ [01]
PCALT -  %/100m (-inf,inf)
TCALT - ¢/ k M A@nkinf)
Pelev - m (-inf,inf)
Telev - m (-inf,inf)
PART - - [0.1]
DELAY - nid  [0nf)
T Ts c/ (-inf,inf)
- Tm c/ (-inf,inf)
- Tr c/ (-inf,inf)
CFMAX DDF YYknp i [Ginf)

SP - [0.1]
SFCF - [0,inf)
CFR - [0,inf)
CWH - [0,inf)
CFGlacier - [0,inf)
CFSlope - (0,inf)
FC FC mm (0,inf)

LP - [0.1]

- pwp - [0.1)
BETA BETA - (0,inf)

Treshold paramater
non-linearity coefficent
Treshold paramater
storage(or recession) coefficent 0
storage(or recession) coefficent 1

storage(or recession) coefficent 2

Response Function
Response Function
Response Function
Response Function
Response Function

Response Function

Yes
No

Yes
Yes
Yes

Yes

Percolation Conductivity

length of triangular weighting function
potential evaporation correction factor
increase of precipitation with elevation

decrease of temperature wth elevation

elevation of precipitation

elevation of temperature

portion of the recharge which is added to

groundwater box 1

time period over which recharge isevenley

distributed
Threshold Temperature

Snowmelt Temperature
Minimum Rain Temperature
RS3INBS npi
aStrazylt
snowfall correction factor
refreezing coefficient
Water holding capacity
glacier correction factor
Slope correction factor

maximum soil moisture storage

@I NAI OAEAGE

Response Function
Routing Routine
Evaporation
Height Increment Variables
Height Increment Variables
Height Increment Variables

Height Increment Variables

Response Routine with Delay

Response Routine with Delay

Snow Routine

Snow Routine

Snow Routine

FI OG2NJ Snow Routine

A ySnowRawide S i i

Snow Routine

Snow Routine

Snow Routine

Glacier Model
Aspect Model,Glacier Model

Soil Moisture Routine

soil moisture value above Which AET reaches PET Soil Moisture Routine

Permenant Wilting Point

Soil Moisture Routine

Parameter that determines the relative contributic

to runoff from rain or snowmelt

Soil Moisture Routine

Yes
Yes
No
No
No
No
No

No

No

Yes
Yes
Yes
Yes
Yed
Yes
Yes
Yes
No

No

Yes
Yes
Yes

Yes

Catchment Zone
Catchment Zone
Catchment Zon¢
Catchment Zone
Catchment Zone
Catchment Zone
Catchment Zone
Catchment Zone
Catchment Zone
Catchment Zone
Catchment Zone
Catchment Zone

Catchment Zone

Catchment Zong

Catchment Zone

Vegetation Zone
Vegetation Zone
Vegetation Zone
Vegetation Zone
OVegetadion Zone
Vegetation Zone
Vegetation Zone
Vegetation Zone
Vegetation Zone
Vegetation Zone

Vegetation Zone
Vegetation Zone
Vegetation Zone

Vegetation Zone

63



3.6 Model Calibration and Validation

The HBV model's parameters cannot be measured in the field. They must be
determined by calibration. To find the correct parameters to best fit the measured
runoffs to represent the study area accurately. Calibration could be done manually
by trial and erroor automatically. There are different criteria used while calibrating.
One is a visual inspection of the observed and simulated plots, and the other uses
statistical criteria. In this study, automatic calibration is done, and-Sastfiffe's

(Nash & Sutliffe, 1970)efficiency coefficient is used.

The calibration process necessitates including various hydrological events within the
calibration period. A splsample test is conducted for this process, evaluating the
model's performance using calibrajgarameters in an independent period. In the
study, data is split into twdhe calibration period and the validation period. Each
phase plays a crucial role in ensuring the reliability and accuracy of the model's
predictions. Each stage is essential targatee the dependability and accuracy of
the model's predictions. Seibert (2005) suggests that a calibration period of 5 to 10
years is adequate for the model. In the research, a year is assumed to be 360 days,
and all the datasets start on tffeol Jaruary and end on the 8®f December. The
calibration and validation periods for each dataset used in the research are given in
Table 35.
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Table3-5 Calibration and Validation Periods for edghb-Basin

MODELS WIT
MODELS WITH ERAS -LA MODELS WITH GCMs TRMM 3B42

Sub-Basin Training Validation Training Validation Validation Elev. Area

Period Period Period Period Period m o61Y
D23A001 1992 - 1999 2000 - 2005 1992 - 1997 1998 - 2000 1998-2005 310 1680
D23A003 1998 - 2002 2003 - 2005 - - 1998- 2005 1562 162
D23A016 1999 - 2002 2003 - 2005 - - 1999- 2006 1805 481.2
D23A026 1980 - 1995 1996 - 2001 1980 - 1994 1995- 2000 2004-2015 1850 110
D23A031 1986 - 1999 2000 - 2005 1986 - 1996 1997 - 2000 1998- 2007 1740 60.01
D23A032 1986 - 1999 2000 - 2005 1986 - 1996 1997 - 2000 1998- 2006 1740 153.5
D23A037 1991 - 1999 2000 - 2005 1991 - 1997 1998 - 2000 1998- 2005 1625 207.6
E23A004 1980 - 1999 2000 - 2005 1980 - 1994 1995- 2000 1998-2010 1545 1734
E23A005 1980 - 1999 2000 - 2005 1980 - 1994 1995- 2000 1998-2010 654 7272
E23A016 1980 - 1999 2000 - 2005 1980 - 1994 1995- 2000 1998-2015 1170 5505.2
E23A020 1993 - 2001 2002 - 2005 1993 - 1997 1998- 2000 1998-2010 1365 4759.2
E23A021 1980 - 1999 2000 - 2005 1980 - 1994 1995- 2000 1998-2010 705 1586
E23A022 1980 - 1991 1992 - 1999 1980 - 1993 1994 - 1999 - 201 18326
E23A023 1980 - 1991 1992 - 2002 1980 - 1994 1995- 2000 1998-2002 572 6854
E23A025 1991 - 2000 2001 - 2005 - - - 1129 1762
E23A026 1982 - 1993 1994 - 1997 1982 - 1992 1993 - 1997 1998-2010 875 250.7
E23A027 1982 - 1993 1994 - 1997 1982 - 1992 1993 - 1997 2006-2015 570 1216.4
E23A028 1982 - 1999 2000 - 2005 1982 - 1994 1995- 2000 1998- 2009 365 546.8
E23A029 1982 - 1999 2000 - 2005 1982 - 1994 1995- 2000 1998-2011 1004 3518.5
E23A030 1982 - 1999 2000 - 2005 1982 - 1994 1995- 2000 1998-2010 995 113.6
E23A031 1988 - 1995 1996 - 1999 1988 - 1995 1996 - 1999 1998-1999 560 99.7
E23A033 1994 - 2001 2002 - 2005 1994 - 1997 1998 - 2000 1998- 2010 830 367.5
E23A034 1990 - 2000 2001 - 2005 1990 - 1997 1998 - 2000 1998-2010 366 1472.6
E23A035 1993 - 2001 2002 - 2005 1993 - 1997 1998 - 2000 1998- 2010 435 15687
E23A036 1993 - 2001 2002 - 2005 1993 - 1997 1998 - 2000 1998- 2006 805 541.3
E23A037 1990 - 2000 2001 - 2005 1990 - 1997 1998- 2000 1998-2010 892 6634.2
E23A038 1993 - 2001 2002 - 2005 1993 - 1997 1998- 2000 1998-2010 1265 5168.1
E23A039 1991 - 1994 1995 - 1998 - - - 213 297.7
E23A040 1992 - 2000 2001 - 2005 1992 - 1997 1998 - 2000 1998-2010 682 202
E23A042 1993 - 2000 2001 - 2005 1993 - 1997 1998 - 2000 1998- 2010 1122 318.4
3.6.1 HBV -Light Calibration

The automatic calibration could be done usignte Carlo simulation, batch

simulation, and GAP optimization method$hese methods also could be found in

the HBV-Light program. In this study, GAP optimization is conduct&dhe

calibration process employs the GAP optimization tool, which combines a genetic

algorithm for approximating the optimization soluti(®eibert, 2000and Powell's
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guadratically convergent method for local optimizati®ness, 1992)One or more

populations of 50 randomly generated parameter sets within specified ranges are
created initially. These parameter sets undergo evaluation by running the model, and
their goodness of fit is determined based on the objective function. Sets with better
performance are assigned a higher probability of generating new sets, while those

yielding poorer results are less likely to generate new(Setbert, 2000Q)

85! GAP optimization — O x

Population Settings Vegetation zone parameters
Lower Limit Upper Limit

cmax  or e ]
SP 0 1

SFCF [oa 5

Reproduction Settings CFR ,Di 0.05

Probability for optimization between sets @ CWH C ‘:
FC 100 400

Number of parameter sets 0

[

Number of populations 1 ‘
Frequency of exchange

Number of PSs which exchange

Probability for mutation 0.02 ‘
P [oa [1
Probability for optimized value 0
1 8
Probability for random value between the old values  |0.16 ‘ BETA I—
Probability for taking one of the old values 0.82 Catchment parameters
Parameter Lower Limit Upper Limit
Portion of range for small change (f random n 1
between and both values equal) 0 1 PERC I—” 00
Value of C 2 uzL [0 [700
KD 0.0001 0.99
Model Settings
No of modsl nuns 5000 ] K [0.0001 (53
0
No of runs for local optimization (Powell) 1000 . 0.0001 \DEE—
Calibrate [100 ‘ times MAXBAS 1 100
Goodness of Fit Measure FCALT |1D— \10—
S T T —
Obj. Function Weight ~ Blev. of P 310 310
» |Reff v |09
Blev.of T 310 310
LogReff ~ |01 v

Figure3-17 HBV-Light GAP Optimizatiorinterface

The figure above shows the inputs that could be edited with the i@\ program.
Parameter ranges for each sdsin are adjusted manually. Model settings are 5000
model runswhich create sets for the genetic algorithm, and 1000 runs fetuiimeg

for all calibrations. The reproduction settings for the genetic algorithm are left
default, as shown in the figure. The objeetifunction to be optimized is a
combination of model efficiency (Reff), which is the N&&tcliff equation, and
efficiency for Log(Q) (LogReff).
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3.6.2 HBV -R Calibration

A distinct calibration strategy is adopted within this methodoloagyngthe LHS
method. While Monte Carlo Sampling (MCS) and Qt«Mente Carlo Sampling
(QMCS) offer robust ways to quantify uncertainty, themgotational demands can

be substantia(Dutta & Gandomi, 2020)To tackle this computational challenge,

LHS providesa practical approach to reduce the requisite number of simulations
while still capturing the uncertainty in responses. LHS employsti#istiasampling
scheme involving dividing the input space into distinct "strata" or intervals and
selecting a representative value from each interval. These representative values are
combined to ensure comprehensive coverage of the simulation spacey thereb

minimizing redundancy.

According to the LHS methoda uniform probability distribution consistsof 5
million rows for each parameter $et its ranges. The generated values are recorded
and NSE values are calculated for each parameter set. The paramefién Het
highest NSE value is selected for the specific basin.

The process of generating random samples using the LHS scheme involves the
following stepsn detait

Step 1:Partition the sample space of each random variable (RV) into L intervals,
each with an equal probability of 1/L. The division should not be based on equal
probabilities; intervals can have varying probabilities.

Step 2: Generate one representative randonpke from each interval. Occasionally,
instead of a purely random sample, the midpoint value within the interval is selected
as the representative.

Step 3: Randomly choose one value from the L values of each RV to create the first

sample, denoted as sl.
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Step 4: Randomly select one value from the remainisigMalues of each RV to
generate subsequent samples (s2 and beyond), repeating this process up to L samples
(sL).

Step 5: Reiterate Steps 1 to 4 for all the RVs in the analysis.

Step 6: The subsequenngaling process remains consistent with the methodology
employed in MCS.

LHS offers efficient sampling by capturing a broad spectrum of variability across
input parameters using a comparatively smaller number of simulations than
traditional MCS. This appr@h proves particularly advantageous when
computational resources are constrained, rendering it a valuable tool for quantifying
uncertainty in diverse scientific and engineering domdins& Yang, 2023)
Different studies agrethat LHS performs betterhbtn MCS (Abyani & Bahaari,
2020; Kucherenko et al., 2015)

3.7 Used Statistics

In the study, the results of the analysis are evaluated by statistical accuracy equations.
These are NasButcliff equation, Root Mean Squared Error (RMSE), Coefficient of

Determhnati on (R|]) and Percent Bi as.

i 0 0
YO YO -
€

v B W

P B W W

v .. . B W W
L 0 00 *f -
B w
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L L4 Al 0 0
0 YO p

0 0

0 stands for observed surface rundif, is for simulated surface runoff and

0 s the observed mean surface runoff.

According to Motovilov et al. (1999) a NashSutcliffe Efficiency (NSE) value
between 0.36 and 0.75 indicates asfatitory model performance. An NSE value
exceeding 0.75 signifies a wgderforming model, while a value below 0.36 suggests
less satisfactory performance. However, more than relying solely on one criterion is
required to ensure the adequacy of the mode'dormance. Therefore, it is
imperative to consider additional metrics such as Root Mean Square Error (RMSE),

Coefficient of Determination (RJ]), and bi

The coefficient of determination, R], ap
within the daa. Typically, RMSE values fall within the 0 to 1 range when dealing

with datasets of more minor scales. If the RMSE value surpasses 1, it may indicate

that the model's errors are relatively higher than the data's range. Nevertheless, given

the larger scal of our dataset, an RMSE above one could be deemed acceptable if

the errors remain within a reasonable range.

Regardless of the situation, more than relying solely on RMSE is required to interpret
the model's performance definitively. Thus, it is alsoele8al to compute the
percentage bias. A percentage bias approximating O implies that the model's

predictions are consistently balanced and unbiased on average.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1  Analysis of Datasetand Bias Correction

In this study, ERA8_and is preferred due to the limited number of meteorological
stations representing the shhsins. Since the HBV model requires daily
temperature and precipitation datBRA5-Land obtains a continuous dataset, a
reanalysis dataset combinimdpservations anthelaw of physicswaterand energy
balance Additionally, TRMM 3B42 data is utilized to assess the impact of remote
sensing data on the mod&€RMM 3B42 data is selected as the primary source for
remotesensing data due to its extensive kbagn observation historyfhis research
involves constructing, calibrating, and executing the HBV model using remote
sensing data and ground observation stations.

The dataset has undergone bias correction usingwalbestablished longerm
gauge stationgsirst, rormalization is carried out using the mean of the observations
and corresponding values within the grid of the ERABd and TRMM3B42
datasets. The TRMMB42 and ERAH._and datasets are adjusted throughstbn

by 1.973 and 1.98, respectively. Additionally, a value of 4.07 is added to the-ERA5
Land temperature data.

Next, the GCMs arbiascorrectedwith a biascorrectedERA5-Land datasefThe

graphsgiven belowshowbefore and after the bias correction.
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Figure4-1 Annual Temperature Graph of the Dataset

Bias Corrected Annual Temperature Dataset
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Figure4-2 Graph of Annual Bias Corrected Temperature Data

72




Annual Precipitation Dataset
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Figure4-4 Graph of Annual Bias Corrected Precipitation Data

4.2  Analysis of Precipitation and Temperature

To enhance the dataset comprehension used in the yaodekl averages of ERA5S

Land, historical values of GCMs, TRMM 3B42, and future datasets of GCMs are
calculated for each stlasin. For this calculation, bierrected data is used. The
precipitation ad temperature variables are annually calculaasdhe GCMs
ensemble mean is calculated for historical data, RCP 4.5 and RCP 8.5 separately for
each sukbasinand dividednto two periods between 2023060 (F1) and 2062098

(F2). The results are in Tabfel and Table 4 below.
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The temperature increases significantly from the table comparing the values with

Era5Land data (E5L) and future projections. RCP 8.5 shows a more dramatic
increase in temperature with a rise of arou
the second half. On the other hand, RCP 4.5 increases abdbindand 3 ,

respectively

Table4-1 Annual Averagesof ThE e mper at ur e ()

RAW CORRECTED Change with ERA5-Lant

Sub-Basil E5L GCM-Ensemble Mean E5L GCM-Ensemble Mean ()
Hist F1-4.5F1-8.5F2-4.5F2-8.5 HISTF1-4.5F1-8.5F2-4.5F2-8.5F1-4.5F1-8.5F2-4.EF2-8.5
D23A001 51 50 66 70 72 90 92 79 95 100 101 119 03 08 09 27
D23A003 3.4 42 58 62 64 82 7.4 118 134 139 139 158 60 65 65 84
D23A016 1.5 24 41 46 47 6.6 55 104 121 125 127 146 66 7.0 7.2 91
D23A026 3.2 24 41 45 47 6.6 7.3 100 11.7 121 122 141 44 48 49 6.8
D23A031 41 34 51 55 57 7.6 81 99 116 120 122 142 34 38 41 6.0
D23A032 40 34 51 55 57 76 81 99 116 120 122 142 35 39 41 6.1
D23A037 2.2 35 51 56 57 76 6.2 84 100 104 10.7 126 38 42 45 64
E23A004 24 29 46 51 52 71 64 111 128 132 133 152 63 68 69 88
E23A005 0.1 35 51 56 57 76 4.2 108 125 129 13.0 149 83 87 88 107
E23A016 40 34 50 55 56 75 81 11.2 129 134 135 154 48 53 54 73
E23A020 3.7 35 52 56 58 77 78 114 131 135 136 155 53 57 58 7.7
E23A021 41 44 59 64 65 84 82 100 11.7 121 122 139 35 40 40 58
E23A022 40 3.7 53 57 59 78 80 97 114 118 119 138 34 38 39 538
E23A023 3.1 36 52 57 59 77 72 85 102 106 108 127 30 34 36 55
E23A025 3.0 39 56 60 62 81 71 81 98 102 104 123 27 31 33 52
E23A026 42 50 66 7.0 72 90 83 79 95 100 101 119 13 17 18 3.6
E23A027 40 50 66 7.0 72 90 81 79 95 100 101 119 15 19 20 338
E23A028 45 43 58 63 64 83 86 78 94 98 100 11.8 08 12 14 33
E23A029 41 33 49 54 55 74 81 80 97 101 103 122 15 19 21 40
E23A030 5.0 28 44 49 51 69 9.1 100 11.7 122 123 141 26 31 32 50
E23A031 41 53 69 73 74 92 81 86 101 105 107 125 20 24 25 43
E23A033 3.1 50 66 7.0 72 90 72 79 95 100 101 119 24 28 29 47
E23A034 40 50 66 7.0 72 90 81 79 95 100 101 119 15 19 20 3.9
E23A035 4.1 36 52 56 58 77 81 99 116 120 121 140 35 39 4.0 59
E23A036 49 44 59 64 65 84 9.0 100 11.7 121 122 139 27 31 32 50
E23A037 6.5 3.2 49 53 55 74 105110 126 131 132 151 21 26 27 45
E23A038 1.1 34 50 55 56 75 52 112 129 134 135 154 7.7 82 83 102
E23A039 33 6.6 81 85 86 103 7.3 100 115 119 120 138 42 46 47 64
E23A040 4.7 44 59 64 65 84 87 100 11.7 121 122 139 29 34 34 52
E23A042 48 38 55 59 61 79 89 100 11.7 122 122 140 28 33 34 52
4 2 NHzK8 41 57 62 63 82 89 98 114 11.8 120 138 25 29 31 49

A comparison between the Erd&nd dataset and the ensemble mean of historical
GCMs reveals subtle variations in rainfall patterns. Specifically, it indicates a modest
increase in prapitation levels within the context of RCP 4.5 scenarios. In contrast,
under the RCP 8.5 scenario, there islight increaseduring the initial period,
followed by a notable decline in the subsequent pehoithe RCP 4.5 scenariwith
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the corrected vaks the growth is approximatel2.4%. However,the RCP 8.5

method shows similari ncr ease i n rainfal 24%inthet he ¢o
first half and &.8% decrease the second half of future projections. Comparing the
historicalprecipitation deaset TRMM 3B42 is comparatively lower.

Table4-2 Annual Averages of The PrecipitatiGmm/year)

RAW CORRECTED Change with ERA5-Lan
Sub-Basil GCM-Ensemble Mean GCM-Ensemble Mean (mml/year)
E5L TRMM E5L TRMM
Hist F1-4.5F1-8.5F2-4.5F2-8.5 HIST F1-4.5F1-8.5 F2-4.5 F2-8.5F1-4.EF1-8.6F2-4.EF2-8.5

D23A0011402 1176 1025 1046 1088 1114 1086 708 605 644 655 670 689 664 -53 -39 -19 -44
D23A003 962 461 792 803 803 823 798 486 237 432 438 429 445 421 -47 -56 -41 -65
D23A0161511 922 712 700 719 719 695 763 474 350 343 349 351 335 -420 -415 -412 -428
D23A0261230 922 743 735 726 724 692 621 474 471 462 448 456 426 -159 -173 -165 -196
D23A031 693 553 744 743 739 729 698 350 285 397 396 388 390 367 46 38 40 17
D23A032 679 556 744 743 739 729 698 343 286 397 396 388 390 367 53 45 47 24
D23A037 738 922 763 765 764 774 743 373 474 315 316 312 319 301 -57 -61 -54 -72
E23A004 714 632 741 726 739 742 709 361 325 324 318 321 324 306 -43 -40 -37 -54
E23A005 784 922 770 763 771 773 744 396 474 430 426 423 429 405 30 27 33 9
E23A016 755 677 745 738 747 756 725 382 348 369 366 364 372 351 -16 -17 -9 -30
E23A0201494 444 754 748 755 766 731 755 229 371 368 366 374 352 -387 -389 -380 -403
E23A021 766 634 648 668 672 669 668 387 326 587 602 594 599 580 215 207 212 193
E23A022 786 544 810 809 821 827 800 397 280 434 433 432 440 418 36 35 42 21
E23A023 649 573 805 804 815 823 799 328 295 379 377 377 384 366 50 50 57 39
E23A025 664 584 790 794 804 815 787 335 300 336 338 338 346 329 3 3 0 -7
E23A026 863 563 1025 1046 1088 1114 1086 436 290 644 655 670 689 664 219 234 253 228
E23A027 744 665 1025 1046 1088 1114 1086 376 342 644 655 670 689 664 279 294 313 288
E23A0281105 449 1245 1257 1299 1307 1274 558 231 513 515 525 532 514 -43 -33 -26 -44
E23A029 880 536 848 841 857 870 841 445 276 371 367 370 378 360 -78 -75 -67 -85
E23A0301798 1176 1480 1451 1455 1428 1379 908 605 691 672 656 660 619 -236 -252 -248 -289
E23A031 818 584 1376 1387 1434 1447 1409 413 301 814 819 827 843 809 406 414 430 396
E23A0331554 444 1025 1046 1088 1114 1086 785 229 644 655 670 689 664 -130 -116 -96 -121
E23A034 751 548 1025 1046 1088 1114 1086 379 282 644 655 670 689 664 275 290 310 284
E23A035 686 556 776 773 782 786 760 347 286 419 417 415 422 400 71 68 75 53
E23A0361557 922 648 668 672 669 668 786 474 587 602 594 599 580 -184 -193 -187 -206
E23A0372274 359 827 817 824 827 794 1148 185 416 410 406 413 389 -738 -742 -735 -759
E23A038 763 609 745 738 747 756 725 385 313 369 366 364 372 351 -20 -21 -13 -34
E23A0391083 526 1787 1785 1813 1846 1739 547 271 1084 1076 1066 1102 1025 528 519 554 478
E23A0401103 449 648 668 672 669 668 557 231 587 602 594 599 580 45 36 42 22
E23A0421136 435 882 880 888 875 856 574 224 605 605 597 601 572 31 23 27 -2
4 2 NUz894 662 878 879 894 902 871 502 341 505 507 507 517 491 5 5 15 -1

The table below presents a comparative analysis with a prior. Stinily study
predicts an increase in both precipitation and temperature for future periods.
Although the findings align with the previous reseaegfardingemperature trends,

it's worth noting that the projectegrecipitation increase in this study is

comparatively lower.
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Table4-3 Comparison of the Dataset with Other Study

Precipitation Temperature

Historical Future Historical Future
Source Period mm/year period Change Period 3 period Change
SYGM 19712000 616.8 2071-2101 +10% 1971-2000 8.5 2071-2100 N *23
(2020) max +5.4
This Study | 900 0002 502 2023-200t +2.4% 1980-202. 8.9  2023-209¢ MM +2:53
(2023) max +53

4.3 Historical Period Simulations of HBV Models

HBV models have been configured based on the availability of runoff observations.

Moreover, to mitigate potential external influences on the model, such as those posed

by dam operations, the validation period has been limited until 2005, coinciding with

the starting year of the first dam's operat.
limitations within specific basins, there exists variability in both the training and

validation dates. GCMs historical dataset is between 28d2000. However, the

runoff data in that period is unavailable for each-balsin, so some stlimsins are

disregarded in GCM historical HBV modeling. The divided periods for each sub

basin can be seen in Tabld3

According to theperiods ERA5Land data and three different GCMGAP
optimization has been calibratading HB\ALight. HBV-R model calibration is only
conducted orthe ERA5-Land dataset witlthe Latin Hypercube Sampling method.
The parameters obtained from the analyses are givegrpendices

After calibrating the models,hé simulated and observed runoff values were
subjected to statistical analysis for verification. Statistical accuracy medhares
NashSutcliffe Equation, Coefficient ofDetermination and Percentage Bias
calculated for each stimmsin. A comparative view ofHBV-Light and HBV-R

calibration statisticss givenin Table4-4.
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Table4-4 Calibration Statistics for HB\Light andHBV-R Model for ERA5Land

HBV-LIGHT ERA5-LAND CALIBRATIO HBV-R ERA5-LAND CALIBRATION
. Qobs Qsim RMSE oy QSIM RMSE o
Sub-Basins (mils)  (mi/s) NSE 6 Y W R Bias (%) (mi/s) NSE 6 Y W R Bias (%)

D23A001 30.58 28.86 0.65 1.14 0.65 -561 2869 071 2010 0.72 -6.20
D23A003 2.49 2.17 0.62 1.25 0.63 -13.14 1.97 0.74 1.93 0.76 -20.99
D23A016 4.56 4.44 0.62 0.46 0.62 -2.64 3.76 0.47 3.06 0.52 -17.56
D23A026 1.90 1.88 0.65 1.05 0.65 -1.03 1.85 0.75 1.14 0.75 -2.69
D23A031 1.25 1.19 0.73 1.29 0.73 -5.07 1.04 0.74 0.88 0.75 -16.61
D23A032 2.33 2.32 0.52 1.07 0.52 -046 231 0.63 1.65 0.63 -0.97
D23A037 1.50 1.43 0.82 0.44 0.82 -466 1.25 0.77 1.20 0.78 -16.78
E23A004 15.82 15.35 0.58 0.60 059 -3.00 14.89 0.73 9.65 073 -5.91
E23A005 71.10 69.47 0.71 0.53 071 -229 6748 080 36.68 081 -5.08
E23A016 39.73 38.39 0.64 0.45 0.64 -336 3765 076 2357 076 -5.24
E23A020 27.60 29.02 0.57 0.43 0.58 514 2495 0.65 2144 0.66 -9.63
E23A021 13.96 1249 0.67 1.23 0.68 -10.53 11.23 0.70 7.97 0.73 -19.56
E23A022 162.83 158.71 0.72 0.45 0.72 -253 159.23 0.79 8108 080 -2.22
E23A023 34.83 35.05 0.55 0.36 0.56 0.64 33.37 0.67 2486 068 -4.20
E23A025 6.67 6.58 0.55 0.31 0.55 -1.48 6.20 0.67 5.44 0.67 -7.15
E23A026 8.85 6.71 0.62 2.75 0.68 -24.15 6.77 0.57 8.51 0.60 -23.59
E23A027 22.75 20.80 0.57 1.25 0.58 -856 2160 062 16.73 0.62 -5.07
E23A028 6.10 5.89 0.65 0.75 0.65 -3.41 550 0.73 4.20 0.74 -9.82
E23A029 16.80 16.02 0.59 0.38 0.60 -464 1560 0.68 1356 0.68 -7.09
E23A030 2.96 2.77 0.57 1.63 0.57 -6.44 3.02 0.65 1.94 0.65 1.99
E23A031 5.37 3.22 0.33 4.80 0.45 -40.12 4.60 0.46 4.97 0.48 -14.35
E23A033 5.24 5.12 0.60 0.71 0.60 -2.27 5.35 0.70 2.61 0.71 2.22
E23A034 25.60 23.74 0.67 0.97 0.68 -7.26 2442 073 1513 0.73 -4.65
E23A035 107.63 104.60 0.72 0.36 072 -281 96.81 082 5264 082 -10.07
E23A036 12.41 1181 0.67 1.22 0.68 -487 1215 0.69 7.42 0.69 -2.10
E23A037 54.92 67.34 0.50 0.60 0.54 2263 9228 0.15 60.07 050 68.01
E23A038 31.15 31.37 0.73 0.36 0.73 0.72 2999 079 19.20 0.79 -3.72
E23A039 13.77 9.66 0.36 3.29 0.44 -29.86 9.76 034 1150 043 -29.12
E23A040 2.83 2.77 0.60 1.09 0.60 -2.25 2.85 0.66 2.36 0.66 0.66
E23A042 9.05 8.60 0.71 1.45 0.71 -490 8.67 0.63 6.05 0.64 -4.24

Mean 24.75 2426 0.62 1.09 063 -561 2451 066 1558 0.68 -6.06
Median  13.09 10.73 0.62 0.86 0.63 -3.39 1050 0.69 8.24 0.70 -5.57

Thedata presented in Table4 eveal s t hat the NSE and
within a satisfactory range acroswstof the basins. Furthermore, the RMSE and
percentage bias demonstrate acceptable levels. Additionally, the simulated runoff

exhibits a lgh degree of similarity.

The NSE value of 0.66 falls within a satisfactory rang¢iBV-R, indicating a
reasonable level of model performance. Moreover, the coefficient of determination
provides favorable results, further affirming the model's qualityvéder, it is worth
noting that the RMSE value appears notably high at approximd&edysliggesting
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a degree of discrepancy between the model's predictions and the observed data. On
a positive note, the bias value-6f06 is considerably acceptable, sigimg that the

model's predictionsare balanced and unbiasexh average. These findings
underscore the model's ability to capttive observed data's essential characteristics
while highlighting areas for potential improvement, particularly in reducirgy th
observed RMSE.

Table4-5 Calibration Statistics for HB\Light Model for GCMs

HADGEM GFDL MPI
Sub-Basin: ngs Q§|m NSE RMSE Bias Q§|m NSE 'RMSE Bias Q;lm NSE BMSE Bias
(mj/s) (mj/s) oY w (%) (mj/s) 0Yw (%) (mj/s) oY w (%)

D23A001 31.86 29.95 0.66 1.91 0.66 -6.00 29.69 0.53 1.38 0.53 -6.80 29.17 0.59 1.29 0.59 -8.43
D23A026 281 276 054 0.05 055 -1.91 275 059 115 059 -211 279 0.71 096 0.71 -0.85
D23A031 10.28 9.22 0.59 1.06 0.60 -10.28 9.51 0.55 1.71 0.56 -7.53 10.19 0.65 1.50 0.66 -0.86
D23A032 1.65 1.60 051 0.06 051 -3.38 1.35 0.11 1.35 0.13 -18.13 1.65 0.38 1.19 0.38 0.13
D23A037 0.45 0.47 0.63 0.02 0.63 501 041 0.73 0.58 0.74 -8.70 0.46 0.63 0.68 0.63 3.07
E23A004 1.39 1.34 0.46 0.05 047 -3.49 133 056 059 057 -449 135 055 0.60 0.56 -2.82
E23A005 2.04 189 054 0.15 055 -7.21 199 0.70 054 0.70 -2.114 202 0.56 0.65 0.56 -0.79
E23A016 12.45 11.90 0.48 0.56 0.49 -4.46 12.72 0.64 0.44 0.64 213 11.89 0.57 0.48 0.57 -4.53
E23A020 44.08 45.42 0.49 1.35 0.49 3.06 46.52 0.73 0.37 0.74 553 47.01 0.51 0.45 0.52 6.66
E23A021 131.92 121.11 0.52 10.81 0.53 -8.20 123.69 0.66 1.24 0.66 -6.24 124.50 0.60 1.34 0.61 -5.62
E23A022 44.09 43.30 0.52 0.78 0.52 -1.78 42.88 0.60 0.56 0.60 -2.74 44.21 0.56 0.58 0.57 0.27
E23A023 3.01 3.02 0.32 001 033 0.32 295 055 036 055 -227 296 044 040 045 -1.82
E23A026 235.24 212.20 0.54 23.04 0.54 -9.79 227.00 0.55 2.88 0.55 -3.50 210.40 0.45 3.17 0.46 -10.56
E23A027 32.36 30.85 0.47 152 0.48 -4.68 32.17 0.54 1.28 0.54 -0.60 31.12 0.43 1.42 0.43 -3.85
E23A028 293 281 0.59 0.12 0.59 -4.20 297 056 0.88 0.56 1.33 288 0.63 0.81 0.63 -1.75
E23A029 6.00 5.69 0.39 0.31 0.39 -5.16 6.26 0.46 0.45 0.46 4.39 6.08 0.42 046 042 1.34
E23A030 14.95 14.29 0.63 0.66 0.63 -4.43 13.30 0.60 1.60 0.62 -11.04 14.19 0.70 1.39 0.70 -5.12
E23A031 189.66 156.04 0.43 33.62 0.45 -17.73 162.35 0.40 4.57 0.41 -14.40 149.69 0.36 4.71 0.39 -21.07
E23A033 1.58 1.57 0.61 0.62 0.61 -0.78 143 0.78 056 0.78 -9.73 1.54 0.67 0.66 0.68 -2.94
E23A034 1.76 1.64 0.67 0.12 0.67 -6.63 1.76 0.51 1.21 051 -0.19 1.76 0.58 1.12 0.58 0.12
E23A035 2.65 2.68 0.63 0.03 0.64 1.31 265 0.72 0.38 0.72 0.04 280 0.65 0.43 0.65 5.72
E23A036 33.62 31.65 0.68 1.38 0.69 -5.86 30.63 0.70 1.16 0.70 -8.88 31.31 0.63 1.35 0.64 -6.88
E23A037 130.69 122.53 0.72 8.17 0.72 -6.25 130.74 0.72 0.43 0.73 0.03 123.36 0.60 0.52 0.60 -5.61
E23A038 3.37 3.61 054 024 055 7.25 3.69 0.77 033 0.77 9.67 3.69 0.51 049 0.52 9.66
E23A040 71.58 71.55 0.59 0.04 0.59 -0.05 68.28 0.67 0.99 0.67 -4.62 69.10 0.53 1.173 0.53 -3.47
E23A042 882 752 0.69 130 0.69 -14.75 7.34 0.66 1.85 0.67 -16.84 8.11 0.67 1.81 0.67 -8.09
Mean 39.28 36.02 0.55 3.38 0.56 -4.23 37.17 0.60 1.11 0.60 -4.15 3593 0.56 1.14 0.57 -2.62
Median 955 8.37 054 0.59 055 -445 842 0.60 094 0.61 -3.12 9.15 0.58 0.88 0.58 -2.32

Within GCMs in calibration the simulated runoff averagexhibits a comparable
trend. The Nasisutcliffe Efficiency (NSE) values are nearly equivalent between the
MPI and HadGEMand slightly improved for the GFDL. The Coefficient of
Det er mi nat isoniarrésRts gcross allehred sodels; howeverRbet

Mean Square Error (RMSE) significantly surpasses typical levels in the case of the
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Hadley Global Environment Model (HADGEM), in contrast to the other models.
Moreover, when considering bias, MPI demonstrates markedly superior

performanceomparedo the rest.

Table4-6 Validation Statistics for HBM.ight andHBV-R Model for ERA5Land

HBV-LIGHT ERA5-LAND VALIDATIONM HBV-R ERA5-LAND VALIDATION
. Qobs  Qsim RMSE oy QSIM RMSE o
Sub-Basins (mils)  (mi/s) NSE 6 Y W R Bias (%) (mi/s) NSE 6 Y W R Bias (%,

D23A001 32.63 27.00 0.59 1.19 0.65 -17.25 28.69 0.69 20.02 0.71 -12.09
D23A003 2.50 2.46 0.74 1.07 063 -1.74 210 0.69 2.16 0.71 -15.84
D23A016 6.20 4.50 0.38 0.88 0.62 -27.37 3.78 0.52 4.33 0.69 -39.00
D23A026 1.80 1.54 0.47 1.24 0.65 -14.34 1.74 0.68 1.22 0.68 -3.24
D23A031 1.34 1.12 0.63 1.52 0.73 -16.64 0.95 0.58 1.13 0.64 -29.03
D23A032 2.26 2.17 0.38 0.96 0.52 -414 220 0.62 1.33 0.64 -2.72
D23A037 1.40 1.43 0.27 0.73 0.82 2.15 1.33 0.58 1.34 0.63  -5.47
E23A004 14.65 15.23 0.42 0.64 0.59 3.95 15.09 0.75 8.50 0.75 2.94
E23A005 66.09 65.67 0.60 0.57 0.71 -0.63 64.34 0.76 36.65 0.76 -2.66
E23A016 35.96 38.44 0.59 0.48 0.64 6.90 38.77 0.75 2356 0.76 7.78
E23A020 31.78 33.58 0.74 0.36 0.58 565 30.07 079 1743 080 -543
E23A021 14.17 11.89 0.57 1.34 0.68 -16.11 10.79 0.63 8.46 0.69 -23.88
E23A022 161.56 161.94 0.72 0.46 0.72 0.24 152,79 0.79 83.74 079 -546
E23A023 30.48 35.24 0.47 0.32 0.56 15.63 31.19 0.69 19.07 0.75 2.32
E23A025 7.76 6.60 0.52 0.31 0.55 -14.97 6.32 0.52 6.27 0.55 -18.55
E23A026 8.22 5.93 0.55 2.66 0.68 -27.96 6.50 0.76 5.62 0.79 -20.98
E23A027 18.33 22.03 0.66 0.84 0.58 20.17 20.83 0.67 11.73 0.74 13.64
E23A028 5.57 5.41 0.59 0.70 0.65 -2.80 4.99 0.73 3.62 0.73  -10.45
E23A029 15.94 1416 0.51 0.35 0.60 -11.17 15.30 0.61 12,57 0.63 -4.05
E23A030 2.62 2.55 0.51 1.44 0.57 -2.60 3.04 0.54 1.83 0.60 15.91
E23A031 4.15 2.72 0.23 5.18 0.45 -34.36 4.40 0.34 5.53 0.38 5.96
E23A033 6.57 5.82 0.43 1.05 0.60 -11.33 5.83 0.54 3.99 0.56 -11.23
E23A034 25.12 22.05 0.53 1.03 0.68 -12.20 24.08 0.62 1579 0.64 -4.19
E23A035 131.32 115.74 0.63 0.45 0.72 -11.86 10494 0.70 7262 0.75 -20.13
E23A036 14.04 12.62 0.33 1.79 0.68 -10.14 12.68 0.55 9.13 0.56 -9.71
E23A037 54.77 87.05 -0.03 0.87 0.41 5895 10955 -0.37 77.14 040 99.94
E23A038 36.88 35.64 0.74 0.40 073 -3.37 3352 076 2268 078 -9.14
E23A039 10.51 8.05 0.32 2.57 0.44 -23.36 9.54 0.48 7.74 0.52 -9.24
E23A040 2.42 2.56 0.52 0.81 0.60 5.93 2.93 0.55 1.84 0.65 21.29
E23A042 8.95 7.85 0.63 1.43 0.71 -12.35 8.52 0.61 5.45 0.64 -4.90
Mean 25.20 25.30 0.51 1.12 0.62 -524 2523 061 1642 0.66 -3.25
Median  12.27  9.97 0.52 0.88 0.63 -7.14 10.16 0.62 8.10 0.69 -5.44

The NSE value fovalidatingthe HBV-R model surpasse¢be HBV-Light model's
by 0.1. The R} and bias correction values
models. However, a substantial disparity emerggardingRMSE, with HB\Alight
yielding a value of 1.12, whildBV-R demonstrates a significantly higher RMSE of
16.42.
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In Table 47, aside from the bias parameter in which HadGEM exhibits superior

performance compared to GFDL and MPI, the other parameters demonstrate
similarities across the models. The NSE values are ranked in descending order:
GFDL has the highest value at 0.48, followed by HadGEM at 0.41, and MPI at 0.35.

As a result of data limitations, the TRMM 3B42 model was solely validated using
the parameter seacquired from ERA8.and calibration without undergoing its
calibration process. The findings presented in Tab8highlight that while the
TRMM 3B42 dataset yields favorable outcomes in certairkbsgdns, its overall
performancecould be betterNoneheless, a individual comparison between the
HBV-Light andHBV-R modek for TRMM 3B42 suggests that the HBR model
demonstrates superior performance, even though it was not calibrated using the same

dataset.
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Table4-8 Validation Statistics foHBV-LIGHT andHBV-R Model for
TRMM3B42

HBV-LIGHT TRMM 3B42 VALIDATION

HBV-R TRMM 3B42 VALIDATION

Qobs

Qsim

RMSE

Qsim

RMSE

Sub-Basins (mils)  (mils) NSE 6 Y W R Bias (%) (mi/s) NSE 6V W R Bias (%),
D23A001 31.16 28.01 0.54 1.24 0.55 -10.11 29.10 0.61 22.03 0.62 -6.61
D23A003 2.50 1.80 0.02 2.02 0.28 -27.71 1.55 0.59 2.47 0.65 -38.08
D23A016 5.49 240 -0.10 1.07 0.20 -56.25 2.38 0.21 5.07 0.56 -56.77
D23A026 2.21 2.05 0.41 1.63 042 -6.95 154 0.40 2.09 0.47 -30.42
D23A031 1.31 1.24 0.14 2.39 041 -5.00 0.94 0.57 1.17 0.62 -28.47
D23A032 2.28 211 -0.16 1.38 0.38 -7.62 194 0.56 1.52 0.62 -14.90
D23A037 1.38 438 -1496 3.35 0.55 216.14 256 -0.98 2.84 0.42 84.68
E23A004 16.08 21.31 -0.65 1.23 0.48 3248 1454 058 1249 064 -9.62
E23A005 73.30 116.23 -0.87 1.35 0.48 5857 9562 023 7268 050 30.43
E23A016 38.74 60.84 -1.25 1.19 0.53 57.05 4426 053 3447 064 14.23
E23A020 30.63 3.25 -0.30 0.80 0.40 -89.38 343 -0.28 4345 0.33 -88.81
E23A021 14.73 1494 -0.48 2.64 0.49 1.37 9.67 0.50 1040 0.62 -34.38
E23A023 28.01 26.67 0.11 0.37 058 -477 23.06 031 2554 055 -17.69
E23A026 1.09 124 -0.23 0.51 0.30 13,97 580 -5452 9.91 0.36 432.70
E23A027 37.09 21.64 0.48 2.40 059 -41.66 15.07 030 39.02 0.64 -59.39
E23A028 5.94 1.68 -0.06 1.25 0.26 -71.77 241 0.33 6.25 0.60 -59.37
E23A029 17.63 10.75 0.15 0.54 0.30 -38.98 10.04 0.29 20.07 043 -43.02
E23A030 2.67 1.89 0.39 1.66 0.48 -29.20 2.26 0.42 2.13 0.46 -15.48
E23A031 4.32 2.58 0.17 5.82 0.23 -40.16 3.69 0.25 6.38 0.28 -14.74
E23A033 5.89 142 -0.31 1.49 0.38 -7582 161 -0.15 5.92 0.49 -72.73
E23A034 25.01 22.52 0.03 1.55 0.38 -997 2052 056 1790 0.64 -17.95
E23A035 125.12 106.05 0.23 0.65 0.51 -1524 93.79 059 86.36 0.67 -25.05
E23A036 13.25 10.96 0.52 1.50 0.58 -17.27 10.71 0.61 8.41 0.66 -19.19
E23A037 58.33 0.31 -0.66 1.19 0.01 -99.47 270 -055 8861 0.18 -95.38
E23A038 35.51 42.87 -0.09 0.80 0.58 20.73 30.33 056 3037 0.69 -14.59
E23A040 2.65 1.24 0.10 1.33 0.29 -53.29 1.43 0.40 2.56 0.53 -45.97
E23A042 9.03 3.18 -0.06 2.49 0.40 -64.84 6.53 0.50 6.30 0.58 -27.78

Mean 21.90 19.02 -0.63 1.62 0.41 -1352 16.20 -1.73 20.98 0.54 -10.16
Median 13.25 3.25 -0.06 1.35 0.41 -15.24 5.80 0.40 9.91 0.58 -25.05
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Table4-9 NSE Values of The Historical Datasets

Sub- HL-ERA' HL-ERA!HL-GCN HL-GCN HR-ERA! HR-ERA! HL-TRMV HR-TRMM

Basins CAL VAL CAL VAL CAL VAL VAL VAL
D23A001 0.65 0.59 0.59 0.47 0.71 0.69 0.54 0.61
D23A003 0.62 0.74 - - 0.74 0.69 0.02 0.59
D23A016 0.62 0.38 - - 0.47 0.52 -0.10 0.21
D23A026 0.65 0.47 0.61 0.55 0.75 0.68 0.41 0.40
D23A031 0.73 0.63 0.60 0.49 0.74 0.58 0.14 0.57
D23A032 0.52 0.38 0.33 0.19 0.63 0.62 -0.16 0.56
D23A037 0.82 0.27 0.66 0.24 0.77 0.58 -14.96 -0.98
E23A004 0.58 0.42 0.53 0.45 0.73 0.75 -0.65 0.58
E23A005 0.71 0.6 0.60 0.55 0.80 0.76 -0.87 0.23
E23A016 0.64 0.59 0.57 0.43 0.76 0.75 -1.25 0.53
E23A020 0.57 0.74 0.58 0.43 0.65 0.79 -0.30 -0.28
E23A021 0.67 0.57 0.59 0.57 0.70 0.63 -0.48 0.50
E23A022 0.72 0.72 0.56 0.35 0.79 0.79 - -
E23A023 0.55 0.47 0.44 0.20 0.67 0.69 0.11 0.31
E23A025 0.55 0.52 - - 0.67 0.52 - -
E23A026 0.62 0.55 0.51 0.49 0.57 0.76 -0.23 -54.52
E23A027 0.57 0.66 0.48 0.37 0.62 0.67 0.48 0.30
E23A028 0.65 0.59 0.59 0.47 0.73 0.73 -0.06 0.33
E23A029 0.59 0.51 0.42 0.28 0.68 0.61 0.15 0.29
E23A030 0.57 0.51 0.64 0.54 0.65 0.54 0.39 0.42
E23A031 0.33 0.22 0.39 0.21 0.46 0.34 0.17 0.25
E23A033 0.6 0.43 0.68 0.32 0.70 0.54 -0.31 -0.15
E23A034 0.67 0.53 0.58 0.40 0.73 0.62 0.03 0.56
E23A035 0.72 0.63 0.67 0.38 0.82 0.70 0.23 0.59
E23A036 0.67 0.33 0.67 0.49 0.69 0.55 0.52 0.61
E23A037 0.49 0 0.68 0.42 0.15 -0.37 -0.66 -0.55
E23A038 0.73 0.74 0.61 0.46 0.79 0.76 -0.09 0.56
E23A039 0.36 0.32 0.60 0.35 0.34 0.48 - -
E23A040 0.6 0.52 - - 0.66 0.55 0.10 0.40
E23A042 0.71 0.63 0.67 0.59 0.63 0.61 -0.06 0.50

Mean 0.62 0.51 0.57 0.41 0.66 0.61 -0.63 -1.73
Median 0.62 0.53 0.59 0.43 0.69 0.62 -0.06 0.40

The table provided showcases the performance of the-HgM (HL) andHBV-R
(HR) models, with "CAL" denoting the calibration period and "VAL" representing
the validation period. Notably, the NSE values of the GCM models are presented as

an ensemble meama@ are collectively compared.
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It could be seen that HBYight model NSE values for ERABand calibration and
validation are higher than GCM. Theerages for calibration and validation periods
remain relatively closéor ERA5-Land in both mode|sexcept fo the TRMM 3B42
analysis However, upon closer individual examination, it becomes evident that the

HBV-R model consistently outperforms the HBMWht model across various cases.

To conduct a detailed performance comparison between the two distinct HBV
modds, the E23A022 SuBasin is chosen. This selection is based on the basin's
extensive coverage within the ¢oruh

observational data (Table5}.
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The graph below shows HBWight calibrated with historical GCMs and HBW
calibrated ERAH._and parametersalong withthe obserationfor surface runoff in
mj ./ The interquantile graph is provided in Figure/ 40 compare the data
distribution visually

E23A022 Sub-Basin Interquantile Graph

200 250
1 1

Runoff [ms]
150
1

100
1

1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999
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— HBV-Light Model Ensemble mean of GCMs --- Interquantile range of Historical GCMs
— Observations ~— HBV-R Model Simulations Ensemble mean

Figure4-7 E23A022 SukBasin Interquantile Graph of Runoff

4.4  Future Projections of HBV Models

The tabulated data below presents future projections generated by thdR HBV
models Era5Land calibrated parameter setiged andthe 3 GCMs' ensemble mean

is calculated for the projection$hereare substantial increases in runoff patterns
under the RCRL.5 scenario. In the initial period, there is an approximate 21.5%
increase in runoff, followed by a modest decrease of approximately 2.2% in the
subsequentggiod. In contrast, the RC®5 scenario demonstrates a comparatively
lower increaseaboutl18.6%, in the first period, followed by a decrease in the second

period, with a slight increase of 7.42% compared to historical values.

87



Table4-10Historical and Future ProjectddeanRunoff Valueswvith HBV-R

Model
Historical Period RCP 4.5 RCP 8.5 Change (%)

Sub- . Observed  Simulated 2023-2060 2061-2098 2023-2060 2061-2098

) Period Runoff Runoff Runoff Runoff Runoff Runoff ~ F1-45 F2-4.5 F2-8.5 F2-8.5
Basins . N . s R . .

O YWwK & OYWK:Z 0YLWK O Y WwkK 0 Y WK 0 Y WK i
D23A001 1992-2005 31.46 29.17 20.39 19.72 19.77 17.04  -35.19 -37.32 -37.17 -45.83
D23A003 1998-2005 2.50 1.97 1.71 1.67 1.66 1.44 -31.56 -94.70 -94.72 -95.43
D23A016 1999-2005 5.26 4.16 1.22 1.19 1.14 0.91 -76.78 -96.21 -96.36 -97.10
D23A026 1980-2001 1.87 1.82 1.49 1.45 1.45 1.29 -20.43 -95.39 -95.38 -95.91
D23A031 1986-2005 1.28 1.02 1.16 1.12 1.13 1.00 -8.85 -96.43 -96.42 -96.83
D23A032 1986-2005 231 2.28 3.27 3.21 3.22 2.98 41.41 -89.80 -89.77 -90.53
D23A037 1991-2005 1.46 1.25 2.17 2.15 2.14 1.96 48.45 -93.16 -93.20 -93.76
E23A004 1980-2005 15.55 14.88 21.74 21.39 21.28 19.73 39.77 -32.00 -32.34 -37.29
E23A005 1980-2005 69.94 66.29 91.43 90.12 89.54 82.07 30.73 186.48 184.64 160.91
E23A016 1980-2005 38.86 37.46 62.24 61.59 61.10 56.37 60.19 95.78 94.24 79.21
E23A020 1993-2005 28.89 27.62 12.55 12.44 11.88 10.37 -56.55 -60.44 -62.24 -67.02
E23A021 1980-2005 14.01 11.20 12.45 12.07 12.11 10.93 -11.14 -61.62 -61.49 -65.24
E23A022 1980-1999 162.32 156.61 223.00 218.65 217.56 197.17  37.38 595.07 591.62 526.79
E23A023 1980-2002 32.75 32.22 64.18 62.88 62.49 56.17 95.98 99.90 98.66 78.58
E23A025 1991-2005 7.04 6.06 13.25 13.16 12.98 11.97 88.33 -58.18 -58.73 -61.95
E23A026 1982-1997 8.70 6.79 5.61 5.35 5.39 4.67 -35.46 -83.00 -82.87 -85.15
E23A027 1982-1997 21.64 21.52 25.43 24.72 24.86 22.54 17.50 -21.42 -20.97 -28.35
E23A028 1982-2005 5.97 5.42 4.29 4.12 4.08 3.46 -28.17 -86.90 -87.04 -89.00
E23A029 1982-2005 16.58 15.54 24.68 24.30 24.02 21.31 48.84 -22.75 -23.64 -32.26
E23A030 1982-2005 2.88 3.05 1.47 1.39 1.39 1.16 -48.98 -95.58 -95.57 -96.31
E23A031 1988-1999 4.97 4.56 3.31 3.08 3.13 2.58 -33.27 -90.20 -90.06 -91.80
E23A033 1994-2005 5.68 5.63 3.29 3.22 3.19 2.83 -42.03 -89.75 -89.86 -90.99
E23A034 1990-2005 25.45 24.25 28.76 27.91 27.99 25.18 13.00 -11.26 -11.00 -19.95
E23A035 1993-2005 114.92 98.23 187.05 184.87 183.96 168.58 62.76 487.70 484.82 435.92
E23A036 1993-2005 12.91 12.77 6.42 5.97 6.00 4.77 -50.32 -81.01 -80.94 -84.83
E23A037 1990-2005 54.87 99.71 21.74 21.62 20.91 18.48 -60.38 -31.26 -33.54 -41.25
E23A038 1993-2005 32.91 30.56 47.63 47.14 46.69 42.72 4472 49.85 48.42 35.79
E23A039 1991-1998 12.14 9.97 7.43 7.12 7.15 6.34 -38.76 -77.36 -77.26 -79.86
E23A040 1992-2005 2.68 2.88 2.67 2.60 2.61 2.29 -0.37 -91.72 -91.71 -92.71
E23A042 1993-2005 9.01 8.69 5.25 4.86 4.90 3.86 -41.71 -84.56 -84.43 -87.74
Mean 24.89 24.79 30.24 29.70 29.52 26.74 0.30 -5.57 -6.14 -15.00
Change in Flow (%) 21.49 19.32 18.60 7.42

Table 411 presents future projections obtained by the HEyht model. In contrast

to the HBV*R model, this model suggests a decrease in runoff dtineduture
periods for both scenarioShe decrease in the RCP 4.5 scenario is less significant,
with a 2.7% decrease in the first period and a 3.6% decrease in the. $¢ooBder,

in the RCP 8.5 scenario, there is a dramatic decrease in runoff, witsPa @ecrease

in the first period and 14.3% decrease in the second period.
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Table4-11 Historical and Future ProjectddeanRunoff Valueswith HBV-Light
Model

Historical Period RCP 4.5 RCP 8.5 Change (%)
Observed Simulated 2023-2060 2061-2098 2023-2060 2061-2098
Sub-Basir  Period Runoff Runoff Runoff Runoff Runoff Runoff F1-4.5 F2-4.5 F2-85 F2-8.5
OYWwWKEé OYwk: 6Yuwk 0 YWwK OYuwkK 0 Y WK i

D23A001 1992-2005 31.46 28.06 32.71 33.15 33.56 30.29 398 539 670 -3.71
D23A003 1998-2005 2.50 2.28 1.58 1.52 1.57 1.33 -94.96 -95.16 -95.02 -95.78
D23A016 1999-2005 5.26 4.47 0.09 0.09 0.10 0.06 -99.71 -99.71 -99.69 -99.82
D23A026 1980-2001 1.87 1.78 1.23 1.19 1.19 1.03 -96.09 -96.22 -96.21 -96.72
D23A031 1986-2005 1.28 1.17 1.24 1.21 1.22 1.09 -96.05 -96.14 -96.11 -96.54
D23A032 1986-2005 2.31 2.27 2.44 2.35 2.40 2.08 -92.23 -92.53 -92.38 -93.39
D23A037 1991-2005 1.46 1.43 1.21 1.19 1.18 0.97 -96.16 -96.21 -96.24 -96.92
E23A004 1980-2005 15.55 15.32 11.22 11.04 11.65 10.09 -64.32 -64.89 -62.97 -67.94
E23A005 1980-2005 69.94 68.59 52.40 51.74 52.13 46.41 66.57 64.47 65.71 47.53
E23A016 1980-2005 38.86 38.40 36.48 36.05 36.44 31.86 15.98 14.59 15.85 1.29
E23A020 1993-2005 28.89 30.42 4.16 4.45 4.13 3.96 -86.78 -85.86 -86.88 -87.42
E23A021 1980-2005 14.01 12.35 19.07 18.68 18.48 16.60 -39.38 -40.63 -41.25 -47.22
E23A022 1980-1999 162.32 160.00 175.49 173.26 174.23 156.00 457.89 450.78 453.88 395.93
E23A023 1980-2002 32.75 35.14 43.25 41.38 42.40 33.68 37.48 31.53 34.80 7.07
E23A025 1991-2005 7.04 6.58 6.81 7.10 6.80 6.83 -78.36 -77.43 -78.37 -78.29
E23A026 1982-1997 8.70 6.52 13.70 13.56 13.78 12.10 -56.45 -56.88 -56.20 -61.55
E23A027 1982-1997 21.64 21.11 54.18 54.98 54.66 49.04 72.25 74.79 73.75 55.89
E23A028 1982-2005 5.97 5.77 6.37 6.39 6.53 5.64 -79.75 -79.67 -79.25 -82.09
E23A029 1982-2005 16.58 15.55 8.21 9.18 8.18 6.72 -73.91 -70.83 -74.01 -78.62
E23A030 1982-2005 2.88 2.72 1.49 1.43 1.44 1.19 -95.26 -95.46 -95.42 -96.21
E23A031 1988-1999 4.97 3.05 5.65 5.72 5.66 5.01 -82.03 -81.82 -82.00 -84.06
E23A033 1994-2005 5.68 5.35 5.23 5.35 5.37 4.93 -83.38 -83.00 -82.93 -84.33
E23A034 1990-2005 25.45 23.22 54.45 53.31 55.19 47.42 73.11 69.46 75.44 50.76
E23A035 1993-2005 114.92 108.03 131.93 130.22 130.72 116.16  319.42 313.97 315.56 269.28
E23A036 1993-2005 12.91 12.06 8.37 8.04 8.22 6.98 -73.39 -74.45 -73.88 -77.81
E23A037 1990-2005 54.87 73.50 0.02 0.02 0.01 0.01 -99.94 -99.94 -99.95 -99.98
E23A038 1993-2005 32.91 32.68 25.20 25.44 25.44 23.53 -19.88 -19.14 -19.12 -25.19
E23A039 1991-1998 12.14 8.85 13.03 12.77 12.88 11.04 -58.57 -59.40 -59.06 -64.92
E23A040 1992-2005 2.68 2.69 2.56 2.50 2.51 2.27 -91.87 -92.05 -92.03 -92.79
E23A042 1993-2005 9.01 8.31 6.88 6.61 6.73 5.64 -78.14 -78.98 -78.61 -82.07

Mean 24.89 24.59 24.22 24.00 24.16 21.33 -23.00 -23.71 -23.20 -32.19

Change in Flow (%) -2.70 -3.60 -2.95 -14.31

Surface runoff is calculated fewo different HBV modelsThe E23A022 sulbasin

has been selected for more extensive examination in the context of these two models.
This choice is based on the consideration that its substantial geographical coverage
of 18 0 0 Ghe &vaidbilityaaf @0 yearsof observational datanake it
representati ve ForfthistsubmsintHBV-R indicBesas3i7.4%%0
increase inthe first half anda 34.7% increase in the second half foe RCP 4.5
scenarioFor RCP8.5scenarios34% and 21.5% increase @rojected for the first

and second periodeespectivelyComparedvith the HBV-Light model for RCRL.5,
thegrowthis 8% forthe first period and 6.7% for tliellowing period. For RCB.5,

the first half shows 7.3% increasewhile the secongberiod indicates a decrease in
runoff with 3.9%.The figures of annual future projections and interquantile graphs

for thetwo models are given below.
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A study done by SYGM (2020ndicated that tbre would be a significant decrease

in the overall water potential, amounting to approximately 20%, as a result of climate
change Conversely, another study conductedYycel et al. (2015projected an
increase of approximately 4% in average datiyean flows from 2070 to 2099
Thesdindings closely align with the projections generated by the HENt model.
However, it's worth noting that the HBR model tends to overestimate surface

runoff compared to theg®ojections
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CHAPTER 5

CONCLUSIONS AND RECOMMENDATIONS

The study aims tontroducea new andpensourceconceptuahydrologicalmodel

called HB\R, where HB\/Light is used as a benchmark hydrological model to
compare the performance of HBY. This study is implemented ovéror uh Basi n
for thehistorical period (utilizing ERA&.and, TRMM, and RCM datasets between

1980 and 2005) and the future (utilizing RCM datasets between 2020 and 2100),
wherethe LHS methods used to acquire optimized HBR parametersThe study

conducts assessments of clitmahange impacts usi@®@CMs(HADGEM, MPI, and

GFDL) and validates both hydrological models for future projecti@isen the
constraints of data and the commendable performance BBWeR model,it could

be saidthatthe conceptuahndnewly developedBV-R modelperforms better in

the case of scarce data

The HBV-Light and HB\R models initially show similar performandering the
calibration period with NashSutcliffe values of 0.62 and 0.66, respectively.
However, a notable dispayitirises in their validation results, with the HER/model
achieving an NSE value of approximately 0.61 compared to the- H§v model's
0.51. The HBV-R model demonstrates a substantial improvement in basin
representation, with an enhancement of aroudd @0the NastSutcliffe Efficiency
(NSE) value. In contrast, the HBMght model aligns more closely with the findings
of previous studies, where HBR predicts significantly higher increases than other
models.Specifically, HB\tLight suggests a decreasesoirface runoff potentiadf
approximately 3% and 8% for RGPS5 and RCRB.5, respectively. Meanwhile, the
HBV-R model projects a dramatic increase¢he surface runoff potential wi20%

for RCP4.5 and 13% for RCB.5.
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To sum up:

U HBV-R model performetbetter than HBWLight in training and validation

comparing the NSE value

i Conversely, HBVLight aligns more closely in future predictions with the

previous studies.

U The models that used TRMM 3B42 did matrform well since there was no
data.Even thougtlthe HBV-R model performed better atostof the basins
thanthe HBV-Light.

U HBV-R model for the second period thfe RCP 8.5 scenario gave similar

findingsto another study

U The increase the rainfall in future projections overlaps with tranclusions

from HBV-R, but in some basinshe model tends to overestimate

U The additiomal snowcomponent in the HB\R could be saitb beplaying a

partin improving themodel'sunderstanding.

For further investigation, to comprehensively explore tHBV-R model's
performance and to model the impacts of climate change on runoff accutagely, t
study suggests extendiagalysedo alternative geographical regions characterized
by different climatic conditions. Given that thédS method requires a longer
calibration time than the GAP optimization technique, considering alternative
parameter calibration algorithms is advisable to enhance efficiency. Despite its
simplicity, theHBV-R modeloffers roomfor further enhancement and irefment

(e.g., via more calibrated parametens Additionally, considering alternative
evapotranspiration equations or utilizimfferent temperature and precipitation
datasetscould contribute to refining the model's representatibarthermore,
expandingthe study's scope to encompass a broader range of GCMs and adopting
diverse biagorrection and downscaling methodologies hdfespotentialto boost

the model's predictive accuracy asthancats future projection capabilities.
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Calibration Parameters for HBMGHT GCM-HADGEM Historical
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Calibration Parameters for HBMGHT GCM-GFDL Historical
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Calibration Parameters for HBMGHT GCM-MPI Historical
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Calibration Parameters for HBR Model for ERA5Land

Sub-Basins DDF Fc beta kO | k1 k2 kp pwp Tm Ts Tr
D23A001 0.8593 163.2511 1.7421  0.1317 0.1445 0.0511 0.0470 0.3379 187.8157 2.3248 -3.7287 2.5122
D23A003 1.2782 749037 49084 0.0248 0.1536 0.0698 0.0449  0.3551 59.8633 2.1455 -3.2930 3.6851
D23A016 1.1407 357.9627 3.5343 0.0825 0.3533 0.0343 0.0130 0.1940 116.1545 -0.8201 -2.9688 4.7608
D23A026 0.6639 103.9176 2.6791 0.1497 0.3386  0.0903 0.0329  0.3881 190.1421 2.4141 -3.3667 4.8310
D23A031 1.0391 28.9712 3.2638 0.0250 0.2274 0.0657 0.0465 0.2717 130.1854 2.4394 -4.6754 3.1103
D23A032 0.6793 3.6039 0.0833 0.0815 0.1742 0.0545 0.0201 0.1436 167.8823 2.3977 -3.5838 4.6350
D23A037 0.5344 857631 3.3992 0.0222 0.3827 0.0701 0.1177 0.0211 121.9833 0.2151 -2.5729  3.1009
E23A004 0.6680 152.4700 0.3586 0.0832 0.0983 0.0976 0.0386 0.4630 74.7340 0.1347 -4.3028  2.5533
E23A005 0.9610 78.4870 3.3994 0.0104 0.3995 0.0436 0.0406 0.4665 168.5651 -1.4717 -4.1871 2.5705
E23A016 0.3894 70.2712 2.1281 0.0518 0.0626  0.0404 0.0330 0.3508 98.4445 -0.3515 -4.9725 4.9608
E23A020 0.3895 380.8556 2.1910 0.1059 0.1575 0.0374 0.1819 0.0215 60.6407 -1.6468 -4.7008 4.2458
E23A021 0.9395 18.1556 0.4911 0.0454 0.3094 0.0231 0.0332 0.4862 149.2610 2.4577 -4.7282 4.4284
E23A022 0.5806 107.2107 1.8353 0.0256 0.2162 0.0232 0.0292 0.4102 172.1837 0.0525 -4.5063  4.3059
E23A023 0.5146 222.1188 1.1572 0.1223 0.3517 0.0460 0.0438 0.4896 187.9820 -0.3446 -4.2194  4.9837
E23A025 0.3367 264.0838 0.8043 0.0176 0.1279  0.1455 0.0767 0.2267 91.0909 -0.8644 -3.1837 3.4763
E23A026 1.7652 73.4854 0.2296 0.1576  0.3306 0.0757  0.0444  0.4799 128.8923 2.4813 -4.9498 3.7686
E23A027 1.3145 25.6115 0.1865 0.0391 0.1696 0.0964 0.0368 0.3966 153.7440 1.6576 -3.9557  4.9372
E23A028 1.0866 223.9055 1.8211 0.0469 0.2715 0.0155 0.0298 0.2784 124.9666 0.8032 -4.3638 3.2861
E23A029 0.4155 233.7464 17749 0.0270 0.3546 0.0665 0.0765 0.4615 161.5002 -0.0006 -3.3909  2.6587
E23A030 1.2291 138.3269 3.8876 0.0186 0.0824 0.0331 0.0283  0.4457 159.7818 2.4685 -4.6889  3.5033
E23A031 4.1118 6.2203  1.5957 0.0842 0.0814 0.1044 0.0132 0.3000 80.2705 2.3177 -4.8956 4.8158
E23A033 0.6506 143.3854 3.2150 0.1157 0.0589  0.0646  0.0180 0.2072 150.5497 0.3813 -4.2357 4.1761
E23A034 1.0715 23.2865 4.9495 0.0900 0.1915 0.0894 0.0308 0.4777 178.1634 1.3469 -4.9606 3.3226
E23A035 0.3355 90.7824 1.6494 0.1156 0.1141 0.0127 0.0310 0.4508 136.1035 0.8660 -3.6201 3.7853
E23A036 1.8357 219.5131 1.2808 0.0145 0.2723 0.0156  0.0148 0.3778 78.6652 2.0463 -4.9072 4.1501
E23A037 0.2618 382.8371 1.8831 0.0144 0.1785 0.0928 0.0324 0.1537 92.7261 -1.3981 -2.6533 4.5769
E23A038 0.8535 142.5948 1.2188 0.0115 0.0635 0.0657 0.0628 0.3503 106.8192 -0.9561 -3.4959  4.3996
E23A039 3.8951 0.3282 15449 0.2710 0.0314 0.0554 0.0207 0.4316 127.5980 0.1589 -4.9292  4.1380
E23A040 1.0428 111.4999 2.7158 0.0565 0.1431 0.0645 0.0387 0.4404 195.8334 1.3685 -3.4395 3.0824
E23A042 2.4612 128.6370 4.5409 0.0446 0.1000 0.0356 0.0143 0.4895 126.3496 2.3994 -4.7350 4.6524

Mean 1.1101 135.2062 2.1489 0.0696  0.1980 0.0593 0.0431 0.3456 132.6297 0.8341 -4.0737 3.9138
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E. GCM Annual Future Graphs
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