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Les changements rapides des conditions climatiques modifient les spécifications du cycle
hydrologique a travers le monde, en particulier dans les régions frGeleshangements peuvent
affecter les caractéristiques du régime d'écoulement, telles qakiteevannuel et le moment du

débit de pointe. L'impact du changement climatique sur les systémes hydrologiques est
généralement évalué a l'aide des projections des modeles de circulation globale (GCM), qui sont
utilisées comme données d'entrée pour leséhesdhydrologiques afin de simuler les séries de
débits naturels a I'avenir. L'objectif commun de ces modéles hydrologiques est de saisir les relations
mathématiques entre les variables climatiques et hydrologiques. Les modeéles hydrologiques
peuvent difféer en fonction de la résolution de leurs données d'entrée (locales ou basées sur une
grille), des représentations des processus hydrologiques (ensemble-tassins). L'estimation

des conditions d'écoulement est potentiellement sensible a la strusctaredéle hydrologique

utilisé. Par conséquent, les résultats des évaluations de l'impact du changement climatique peuvent

étre affectés par le choix des modéles hydrologiques ainsi que par les données d'entrée.

Dans cette étude, les impacts des condititingatiques changeantes sur un systeme hydrologique
canadien sont évalués, dans le but principal d'analyser le réle des modéles hydrologiques dans ce
processus. Le cours supérieur du bassin de la riviere Oldman en Alberta, dans lequel les rivieres
prennemleur source dans les montagnes Rocheuses, est choisi a cette fin. Le réservoir Oldman, le
plus grand réservoir de cette région, joue un rdle essentiel dans la gestion des ressources en eau de
cette région. Les rivieres Oldman, Castle et Crowsnest foraéfhix de ce réservoir. Le bassin

est déja sualloué et sous pressiau auxchangements de précipitations et de température. Le
premier objectif est de comprendre comment |'utilisation du méme modele hydrologique mais avec
une désagrégation spatiataiae résolution des données d'entrée différentes peut affecter le régime
d'écoulement en amont, le volume du réservoir et I'allocation de I'eau elbesdl@lixemeobjectif

est G&faluer comment l'utilisation de différents modeles hydrologiquesuéines de fonte des

neiges peut affecter la quantification du risque dans la performance du systeme d'eau. Enfin, une
série d'analyses sont poursuivies pour comprendre l'importance de tous ces facteurs notés dans

I'évaluation des risques.
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Pour le premieobjectif de cette étude, le modéle HBATL, couplé a une routine de neige en
degrégours est développé sur la base d'un modéle HBV commun pour mieux présenter les
processus hydrologiques dans les régions froides en abordant les impacts des sals lgelés s
génération de débit. Ce modele hydrologique est calibré selon quatre configurations différentes
en utilisant des données de précipitation et de température basées sur des points et des grilles
comme entrées pour les structures localisées etdistribuées du modeéle hydrologique. Grace a
I'étalonnage de ces modeles hydrologiques, non seulement le meilleur, mais aussi une enveloppe
d'ensembles de parameétres est trouvée qui peut ressembler adéquatement au débit observé. Un
modéle simple d'allocatiode I'eau est développé pour le réservoir Oldman afin d'imiter les
politiques opérationnelles existantes. Par conséquent, les modeles couplés d'allocation
hydrologique permettent d'estimer le risque d'inondation, le volume d'eau du réservoir et le déficit
en eau pour répondre aux demandes en eau. La performance des modeles couplés est évaluée a
l'aide de périodes d'étalonnage et de validation a I'aide d'une série de mesures de performance. En
conséquence, les sorties corrigées des biais de 19 GCM difigaemasNASA- sous les voies de
concentration représentatives (RCP) 4.5 et 8.5 sont utilisées comme entrée dans les modeles
couplés pour évaluer la vulnérabilité du bassin de la riviere Oldman en amont. Etant donné que
chagqueGCM a ses avantages et sesoimeenients dans la projection des conditions climatiques,
l'utilisation d'un tel ensemble de modéles climatiques peut représenter de maniére plus réaliste les
conditions climatiques futures. Les résultats montrent que les quatre configurations du modele
hydrologique reproduisent de maniére acceptable diverses composantes du systéme hydrologique
au cours de la période historique, le modele s#stribué étant forcé avec les données ponctuelles
ayant les meilleures performances. A l'avenir, bien que le osusesoit les débits de pointe
intensifiés et plus précoces, ainsi qu'une pénurie d'eau plus grave, l'importance de ces changements
dépend fortement de la configuration du modéle considéré. Les différences entre les risques
projetés dans le systéeme d'eauyent atteindre 30%, ce qui représente le role décisif de la
résolution spatiale d'entrée et de la représentation spatiale du bassin versant dans I'évaluation des

impacts du changement climatique sur le systéeme d'eau a l'avenir.
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Pour remplir le deuxiémobijectif, de nouvelles configurations de modélisation hydrologique sont
également envisagées pour comprendre comment ces choix peuvent affecter I'estimation du risque
dans les systemes hydrologiques dans des conditions changeantes. Ces optionstitilisadion

de GR4J, un modele hydrologique bien connu en plus de-MBV. De plus, outre la méthode
desdegrégours CemaNeige est utilisé pour représenter les processus neigeux. Alors que la
méthode deslegrésjours fournit une représentation globalesdprocessus neigeux, le modéle
CemaNeige vise a définir une routine de neige shstiibuée basée sur l'altitude. Ainsi, au total,
compte tenu également des options pour les données d'entrée et la désagrégation spatiale du bassin
versant, lI'impact de ltilisation de 16 configurations de modéles hydrologiques est étudié. Les
modeles hydrologiques sont ensuite couplés au modele d'allocation de réservoir existant et sont
alimentés avec les 19 sorties GCM indiquées pour estimer les conditions du systeme d'ea
l'avenir. Les projections de ces modeles couplés sont ensuite analysées pour comprendre
I'importance de l'incertitude structurelle de la modélisation hydrologique, entre autres facteurs, sur
les conditions projetées du systeme d'eau. Les résultatenaa performance adéquate de toutes

les représentations hydrologiques dans I'estimation des conditions d'apport observées au cours de
la période historique. Parmi 16 configurations, les modules de neige uttlisg®gours vs.
CemaNeige) ont I'impactominant sur I'estimation du moment et de l'intensité du débit de pointe
hebdomadaire. La dynamique du réservoir dépend également fortement du choix du module de
neige. Néanmoins, les modeles hydrologiques (HBM. vs. GR4J) s'averent plus importants

pour simuler les caractéristiques des apports journaliers. L'utilisation de différentes routines
d'enneigement et de modeéles hydrologiques montre une divergence de 23 % et 27 % dans les
intensités de débit de pointe hebdomadaires et quotidiennes estimééséEat, gious ne pouvons
prétendre qu'un modele hydrologique individuel surpasserait largement les autres dans I'estimation
des différentes caractéristiques du systeme hydrologique. Par conséquent, tous les modéles sont
utilisés pour analyser l'avenir dusts§me d'eau dans des conditions climatigues changeantes.
Semblable a la période historique, I'utilisation du modele hydrologique et sa désagrégation spatiale,
ainsi que la résolution des données d'entrée, affectent principalement les conditions de débit
qguotidien projetées. Cependant, le modéle de routine d'enneigement utilisé a un impact
considérable sur le calendrier et l'intensité du débit hebdomadaire futur. Alors que différents
modeles projettent a I'unanimité une augmentation de l'intensité du déluiinde, le changement
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de synchronisation reste subjectif aux caractéristiques du module de routine de neige appliqué. En
moyenne, les modeles avec les modules de neige CemaNagggégoursprojettent un décalage

d'une semaine vers l'avant et de deemaines vers l'arriere du moment du débit de pointe,
respectivement. La transition décrite dans le régime d'apport, qui est plus sévere sous RCP 8.5 que
sous RCP 4.5, conduit a des changements dans le volume du réservoir a long terme dans le futur.
Alors que les modeles avec la routine de neige CemaNeige projettent un volume de réservoir plus
élevé tout au long de l'année, l'utilisation du modigigrésoursmontre une réduction du volume

en été. L'épuisement prévu du stockage d'eau a mis la pressies glans d'exploitation actuels

du réservoir pour répondre a la demande locale en eau d'irrigation a l'avenir, entrainant un déficit
hydrique accru. Néanmoins, les modeles utilisant le module neige CemaNeige estiment un déficit
hydrique considérablemeptus faible dans le futur par rapport aux modéles utilisant le module
DegreeDay. Bien qu'au cours de la période historique, on observe jusqu'a 13 % de différence entre
le déficit hydrique estimé par différents modeles, cette valeur passe a 30 % dendelges le

futur. Dans les deux RCP, le déficit hydrique projeté augmente jusqu'a I'norizon-fatwreAlors

que le déficit hydrique diminue en passant d'un avenir a moyen terme a un avenir a long terme dans
le cadre du RCP 4.5, une tendance a la haigadicative de la pénurie d'eau est prévue tout au

long du siecle dans le cadre du RCP 8.5. Ces analyses mettent en évidence la nécessité d'actualiser

les politiques d'exploitation du réservoir dans des conditions climatiques changeantes.

Enrésung, les performances de différentes représentations hydrologiques pourraient étre presque
similaires et acceptables au cours de la période historique. Néanmoins, le comportement de ces
modeles peut diverger et leurs projections de débit peuvent étre consitératbtéfferentes
lorsqu’elles sont forcées avec les projections @EdN. Ceci est essentiel car le choix de la
configuration du modele hydrologique peut potentiellement affecter le risque quantifié et les seuils
de vulnérabilité dans les systemes d'eaun.cBaséquent, I'utilisation d'un ensemble de modeéles
hydrologiques peut donner une représentation plus réaliste de I'avenir des systemes hydrologiques
et peut aider a proposer des politigues de gestion solides pour réduire les impacts négatifs du
changemeinclimatique a I'avenir. En plus des modeles hydrologiques, les conditions climatiques
projetées sont sensibles a la structure du modele climatique utilisé en raison de l'incertitude intégrée

dans ces modeles. Par conséquent, il est suggéré d'alimeefaékentation mulinodele notée



du systeme hydrologique avec un ensemble de projections de modéles climatiques pour développer
une compréhension plus réaliste de I'avenir des conditions d'écoulement. Le cadre d'évaluation
d'impact proposé est générique peut étre appliqué dans d'autres régions pour évaluer les

vulnérabilités des systemes d'eaws des conditions climatiques changeantes
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Rapid changes in climatic conditions are altering the specifications of the hydrological cycle across
the world, particularly in cold regions. Such changes can affect the characteristics of the flow
regime, such as annual volume and peak flow timing. pgact of climate change on water
systems is commonly assessed using Global Circulation Models (GCMs) projections, which are
used as inputs for hydrological models to simulate natural streamflow series in the future. The
common goal of these hydrological deds is to capture the mathematical relationships between
the climatic and hydrological variables. Hydrological models may differ based on their input data
resolution (local or gricbased), representations of hydrological processes (e.g., estimation of
snowmelt), or assumptions related to the representation of catchment, e.g., lumped (one unit) or
semtdistributed (set of subasins). The estimation of streamflow conditions is potentially
sensitive to the structure of the utilized hydrological model. Toerethe results of the climate
change impact assessments can be affected by the choice of hydrological models as well as input

data.

In this study, the impacts of changing climatic conditions on a Canadian water system are
evaluated, with the primaigoal of analyzing the role of hydrological models in this process. The
headwater of Oldman River Basin in Alberta, in which the rivers originate from the Rocky
Mountains, is selected for this purpose. The Oldman Reservoir, the largest reservoir ieathis ar
plays a critical role in managing water resources in this region. The Oldman, Castle, and Crowsnest
Rivers form the inflow to this reservoir. The basin is already-allecated and under pressure due

to changes in precipitation and temperature. Tisédbjective is to understand how using the same
hydrological model but with different spatial disaggregation and input data resolution can affect
the upstream flow regime, reservoir volume, and downstream water allociliensecond
objective isto evaliate how using different hydrological models, and snowmelt routines can affect
the quantification of risk in water system performance. Finally, series of analyses are pursued to

understand the importance of all these noted factors in risk assessment.
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Forthe first purpose of this study, the HBYTL model, coupled with a Degrel@ay snow routine,

is developed based on a common HBV model to better present hydrological processes in cold
regions by addressing the frozen soil impacts on the flow generationhykhi@ogical model is
calibrated under four different setups: using poamd gridbased precipitation and temperature

data as inputs to the lumped and seimstributed structures of the hydrological model. Through

the calibration of these hydrologicabuiels, not only the best but also an envelope of parameters
sets is found that can adequately resemble the observed flow. A simple water allocation model is
developed for the Oldman Reservoir to emulate the existing operational policies. Therefore, the
cowpled hydrologicalkallocation models enable the estimation of flood risk, reservoir water volume,
and water deficit in meeting water demands. The performance of the coupled models is assessed
using both calibration and validation periods using a seriesrdrpnance measures. Accordingly,

the biascorrected outputs of 19 different GCMs by NAS#nder Representative Concentration
Pathways (RCPs) 4.5 and 8.5 are used as input to the coupled models to assess the vulnerability of
the upstream Oldman River Basiince each GCM has its pros and cons in projecting climatic
conditions, using such an ensemble of climate models can more realistically represent the future
climatic conditions. The results show that all four configurations of the hydrological model
accetably reproduce various components of the water system during the historical period, with
the semidistributed model forced with the poibised data having the best performance. In the
future, although the consensus is the intensified and earlier pees, #hs well as more severe
water shortage, the significance of these changes highly depends on the considered model
configuration. The differences between the projected risks in the water system can be as high as
300%, representing the decisive role giuhspatial resolution and catchment spatial representation

in assessing the climate change impacts on the water system in the future.

To fulfill the second objective, new setups for hydrological modeling are also considered to
understand how these chascean affect the estimation of risk in water systems under changing
conditions. These options include the usage of GR4J, &naiin hydrological model in addition

to HBV-MTL. Moreover, besides the Degr®my method, CemaNeige is utilized to represent
snav processes. While the DegrBay method provides a lumped representation of snow
processes, the CemaNeige model aims at defining an elevaisen seradistributed snow
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routine. Thus, in total, also considering the options for input data and catchnatiat sp
disaggregation, the impact of using 16 hydrological model setups is investigated. The hydrological
models are then coupled with the existing reservoir allocation model and are fed with the noted 19
GCMs outputs to estimate water system conditiorikarfuture. The projections of these coupled
PRGHOV DUH WKHQ DQDO\|JHG WR XQGHUVWDQG WKH LPSRU\
uncertainty, among other factors, on the projected water system conditions. Results validate the
adequate performancef all hydrological representations in estimating the observed inflow
conditions during the historical period. Among 16 setups, the utilized snow modules (Degree

vs. CemaNeige) have the dominant impact on the estimation of weekly peak flow timing and
intensity. Reservoir dynamics also highly depend on the choice of snow module. Nevertheless, the
hydrological models (HBWITL vs. GR4J) are found to be more important in simulating the daily
inflow characteristics. Using different snow routines and hydicédgnodels shows 23% and 27%
divergence in the estimated weekly and daily peak flow intensities. In general, we cannot argue
that an individual hydrological model would dominantly outperform others in estimating different
characteristics of the water sgst. Hence, all models are used to analyze the future of the water
system under changing climatic conditions. Similar to the historical period, the usage of the
hydrological model and its spatial disaggregation, as well as input data resolution, maatly affe
the projected daily flow conditions. However, the utilized snow routine model has a vivid impact
on the future weekly flow timing and intensity. While different models unanimously project an
increase in peak flow intensity, the shift in timing remainigjective to the characteristics of the
applied snow routine module. On average, models with CemaNeige and -Degresnow
modules project a onseek forward and a twweek backward shift in the peak flow timing,
respectively. The described transition e inflow regime, which is more severe under RCP 8.5
than RCP 4.5, leads to changes in the {t@mm reservoir volume in the future. While models with

the CemaNeige snow routine project higher reservoir volume throughout the year, using the
DegreeDay module shows a reduction in the volume in summer. The projected depletion in the
water storage put pressure on the current reservoir operational plans to meet local irrigation water
demand in the future, resulting in an increased water deficit. Nonetheleds|]smusing the
CemaNeige snow module estimate considerably lower water deficit in the future in comparison to
the models with the Degrd@ay module. Although during the historical period, up to 13%
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difference is observed between the estimated water deyidifferent models, this value rises to

30% divergence in the future. Under both RCPs, the projected water deficit ascends unti the mid
future horizon. While water deficit declines by moving from +t@dnm to longterm future under

RCP 4.5, a significanmising trend in the water shortage is projected throughout the century under
RCP 8.5. These analyses highlight the need to update the reservoir operational policies under

changing climate conditions.

To summarize, the performance of different hydrolabrepresentations might be almost similar

and acceptable during the historical period. Nonetheless, the behavior of these models can diverge,
DQG WKHLU SURMHFWLRQV RI VWUHDPIORZ FDQ EH FRQVLGHU
projections. TIs is critical as the choice of hydrological model setup can potentially affect the
quantified risk and thresholds of vulnerabilities in water systems. Hence, utilizing an ensemble of
hydrological models can result in a more realistic depiction of thesfafuwater systems and can

assist in proposing robust management policies to reduce the adverse impacts of climate change in
the future. In addition to the hydrological models, the projected climatic conditions are sensitive to

the structure of the utiled climate model due to the uncertainty embedded in these models.
Therefore, it is suggested to feed the noted rmudtdel representation of the hydrological system
ZLWK DQ HQVHPEOH RI FOLPDWH PRGHOVY SURMHFMhERQV WR
future of flow conditions. The proposed impact assessment framework is generic and can be

applied in other regions to assess water systems vulnerabilities under changing climate.
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1.1 Background and problem definition

JUHVKZDWHU UHVRXUFHV SOD\ YLWbJevidRDsRYSurf@cevrtelitdi W\TV |
lakes and rivers is commonly used to meet various water demands, including domestic, industrial,
energy, agricultural, and environmental water demgBdswne et al., 2013; Mekonnest al,

2015; Purwantet al, 2019; Sharifinejaet al, 2020) However, water availability and demands

are not often spatiotemporally distributed similarly in watersheds. Thus, in response to this
disharmony, regional water resources managers seek wagtt¢o Use available water, e.g., by
constructing dams or diverting water to meet the demands equitably and sustéieaéiyal,

2020) These infrastructures are managed mainly based on histongaerm flow characteristics

in the systenfMurphy et al, 2019)

While the water resources management plans lay their foundation in continuing observed historical
conditions, the rapid shift in climatic conditions and subsequent changes in the hydrological cycle
guestion the reliability of these assumptions and-laggd water resources management policies.

In recent decades, rapid humaduced climate change has caused a shift in various components
of the hydrologic cycle, particularly in the forms of precipitation and snow/glacier melt rates
(DeBeeret al, 2016; Seilleret al, 2017 Amanambu et al., 2020Such changes have led to
variations in the natutflow signatures, e.g., peak flow timing and intensity, affecting water supply

to downstream demands or cause floodiMy 2012 Stahl et al., 2016Rottleret al, 2020) Such
changes can eventually influence the performance of the water system, which are operated based
on the historical allocation plans, in meeting downstream wateadés(Beven & Westerberg,
2011;Whitfield & Pomeroy, 2016Hatamiet al, 2019; Nazemet d., 2020; Zaerpouet al, 2020)
Therefore, a comprehensive understanding of the potential impacts of climate change on water
systems is helpful to propose reliable water allocation plans and mitigate the adverse effects of

climate change.



7KH 3d®&SQ" DSSURDFK LV ZLGHO\ XVHG WR DVVHVV WKH FOLP
using the outputs of General Circulation Models (GC¥8)lby & Dessai, 2010Gizaw et al,

2017; Krysanovat al., 2017)In this approach, projections of General Circulation Models (GCMs)

are either used in hydrological models to depict the future of natural flow conditions or directly
DQDO\|HG WR JLYH D QRWLRQ RI FKAMRI] A QurizebaV, ROL¥KH GV
Karamouzet al, 2013; Sundest al, 2017 Hattermann et gl.201§. GCMs are mathematical
UHSUHVHQWDWLRQV RI WKH SK\VLFDO SURF Hanndhy 201G; WKH H
Reshmidevet al, 2018) Using different GCMs to project climatic conditions would necessarily
provide a different estiation of climatic conditions in the futuf@Vaznehet al, 202Q Bourdeau

Goulet & Hassanzadeh, 2021)+HQFH LW LV VXJJHVWHG WR XVH DQ HQV
SURMHFW IXWXUH ZDWHadetalV2009)PVY] FRQGLWLRQV

Hydrological models, which mathematically represent different water cycle processes, play a
crucial role in the tomlown assessment of climate change impacts on trex gggtemgWheater

et al, 2007) In brief, these models use available climatic data to simulate multiple internal
variabl[HV LQ WKH EDVLQ GHSHQGLQJ RQ WKH PRGHOYV FRPSOt
HVWLPDWH WKH IORZ LQ WKH EDVLQYY RXWOHW 7KHVH PRGH(
vs. regional) and temporal (e.g., daily vs. monthly) scales,@emsg the objective for which they

are develope(Singh, 2018Beven, 2019)Despite consistent performance in these models during

the historical conditions, studies have reported that hydrological models difterent
specifications provide dissimilar estimations of hydrological conditions in the future and under
changing conditiongDibike & Coulibaly, 2005;Ludwig et al., 2009Garavaglia et al., 2017)n

general, the usage of simple hydgittal models has been suggested due to the lack of available

data in the future to use complex mod@schaud & Sorooshian, 199Her & Chaubey, 2015;

Sivapalan & Bloschl, 203 flos Santos et al., 20118

The primary attention in change impacts assessment studies is mainly on the intercomparison
between hydrological models with different levels of complexity. Nevertheless, there are critical

factors potentially affecting the performance of models with ainubmplexity under changing



conditions(Crosbie et al., 201Beck et al., 2017)For instace, the historical climatic data that

are used to calibrate the hydrological models may become from different sources, e.g., local station
vs. interpolated gridbased datgPatil et al, 2011) Therefore, using different input data can
eventually lead to diverging estimates of streamflow during the historical and/or future periods.
Furthermore, due to the lack ofidwledge and data required to represent different hydrological
processes realistically, hydrological models mostly utilize conceptual equations with parameters
that are not necessarily measurable in the basin. The parameter set which yields an optimized
performance of the hydrological model in estimating the flow conditions should be sought through
the calibration procesdNevertheless, no one can argue that the optimized parameters set used in
WKH K\GURORJLFDO PRGHOV LV QH HutohVwhith GirodMdesithe JORE D (
parametric uncertainty in the hydrological models. Lastly, hydrological models estimate the flow
only in the outlet of the basin, i.e., lumped, or provide spatially distributed information about flow
conditions across the basire., semidistributed or distributed. Using different spatial resolutions

to develop a specific hydrological model can lead to different hydrological conditions, due to the
structural uncertainty embedded in the hydrological md@asij, 2005; Dast al, 2008; Faiz &

al., 2018; Huangt al, 2019; Xinet al, 2019)

Snow processes are critical components of the hydrological cycle in-doramated basins.
Hence, the representation of snow dynamics is as effective as the hydrological model in the
estimation of flev conditions. In the literature, various types of snow routine models have been
developed and coupled with the hydrological modé&isbin et al., 2013; Weveet al, 2014

Kazama et al, 202]). While these models are intrinsically relying on a degi@g concept,
different levels of details are used to represent snow dynamics in the basin. Although some studies
reported an improved estimation of streamflow after using a detedled snow modul@Varscher

et al., 2013) most studies did not find an increased precision in estimating flow conditions,
necessarily related to the augmented level of complexity in the snow nibdhfeng et al., 2006;
Terzago et al., 2020)nstead of escalating the level of complexity in the snow model structure, it

is recommended to utilize an ensemble of snow models to better capture the potential deficiencies
in each model performance and make a more informative judgment about the snoe routin

characteristic§Esseryet al, 2013; Magnusson et al., 2019)us, in addition to the discussed



XQFHUWDLQW\ LQ WKH K\GURORJLFDO PRGHOVY VWUXFWXUH
snow module structure, using multiple representations of snow processepuateuliblly provide
D PRUH UHDOLVWLF DQG UHOLDEOH HVWLPDWLRQ RI WKH ZDW

1.2 Research objectives

Hydrological models play a crucial role in estimating the flow entering a reservoir. These models

can be developed using various ops for spatial disaggregation, input data resolution,
K\GURORJLFDO SURFHVV HTXDWLRQV DQG VQRZ PRGXOHV 7K
are reported to have various impacts on the estimated water system conditions. However, the extent

of these impacts has not been studied adequately. The main objective of this study is to evaluate
the importance of the hydrologic system representations in quantifying the effects of climate
change on a headwater water resources system in Alberta, Canadpedifie objectives in order

to achieve the main goal are as follow.

(1) Develop a set of hydrological models that correspond to different representations of the
upstream watershed, i.e., consideration of different spatial disaggregation, input dé&tanspnd

as well as model structures. Calibrate and validate these models during the historical period.

&RQVWUXFW FRXSOHG K\GURORJLFDO DQG UHVHUYRLU DC

storage and outflow.

(3) Feed the developed models witln@te projections of multiple GCMs to simulate future

inflow, reservoir storage, and outflow, as well as supplied water to different demands.

(4) Estimate the risk of water system failure under changing climate and consideration of different
models with aJUHDWHU JRDO RI DVVHVVLQJ WKH UROH RI K\GURO
quantified impacts.



1.3 Case study

Oldman River Basin in Alberta is an ovaltocated watershe@Nicol & Klein, 2006)with an area

of about 23,800 ki In this watershed, irrigated agriculture is the primary user of the water
resources, possesgi®8% of the issued water use licenéggandmoghaddaret al, 2019) The
SULPDU\ FURSY FXOWLYDWHG LQ W K Hifdlfa, taddlel, flaR,\6bkhGu@ad Q GV D
beet, potato, and beanéSafa, 2015) The cultivation of these crops plays an essential role in
economic productivity and food security on regioaad national scale@Rood & Vandersteen,

2010) The Oldman River originates from the RN\ ORXQWDLQVY HDVW VORSHV D
role in meeting water demands in southern Alberta. In response to the rising irrigation demand in

this region, three damsereconstructed over the headwaters of the Oldman River, i.e., Oldman,

St. Mary, and Véterton reservoird~oster & Rood, 2017)The Oldman Reservoir was constect

on the Oldman River in 1991 and, with a capacity of 490 millidnisnthe largest mukpurpose

dam in this are€SOW, 2010) The regulated flow of this dam confluences with the Bow River and

moves towards the downstream province of Saskatchewan. Therefore, the proper regulation of this
river is essential to guarantee reliable watppsuto the South Saskatchewan River Békiazemi

et al, 2017) The reliability ofthe OldmanReservoir operation plardeveloped basedn the

historical condition®f the water systems questioned due to highly variable hydroclimatic and
socioeconomic conditions in this watershed. It is thus essential to analyze the vulnerability of the

headwater system under current and changing climate conditions.
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2.1 Hydrological modeling

Estimation of streamflow has high importance for water resources planning both in theustiort
long-term.Hydrological models are often used to simuthtetransformation of precipitation into
streamflowby mathematically represang different components of the water cycle in watersheds,

e.g., evapotranspiration and water movemerth@soil. Most of these models construct a water

balance in soil layers tgenerate flowsSimple hydrological models have developed as early as

WKH V. +RZHYHU FRPSXWHUVY FRPSXWDWLRQDO FDSDFLW\
system processes in this science in the 1860gh, 2018) The Stanford Watershed model can be

named the first computedvased hydrological modéCrawford & Linsley, 1966)This hydrological

model worked on an hourly time basihé€lwater content in different soil layers was assumed to

be affected by evapotranspiration and infiltration to the lower soil layers. The upper soil layers
were sources for overland flow and interflow generation. The groundwater storage was the source

of base flow generation. The Stanford Watershed model, acftaie hydrological model, had not

been published publicly back in time due to invention processes. Nevertheless, many hydrological
PRGHOV IROORZHG LWV SDWK -W (BH@AHdiGnbdelRvBiehMas bee 3 E X F N
used extensively in China and the rest of the wRlenJun, 1992) This model divided the soil

profile into three layers and prioritized the upper layers in contributing to evapotranspiration. The

distribution of soil moisture was reflected based on topographic fd@ioa® et al., 1980)

Since the introduction of the Stanford Watershed model, many hydrological ninadelseen
developed. Apart from temporal and spatgiolution, the hydrological models mainly differ based

on the utilized equations and considered assumptions and simplifications to represent different
processes. For example, evapotranspiration has been modeled using a wide variety of equations,
ranging fom PenmasMonteithPenman (1948Monteith (1981)and PriestleyTaylor (Priestley

& Taylor, 1972) to HargreavesHargreaves et al. 1985The choice of these equations also
depends on the characteristics of the study area. While in -Watexd regions, potential
evapotranspiration is of less importance, it can be very critical in hydrological simulation in-energy

limited areas(Jayathilake & Smith, 2020)Another example is related to simulation of snow



processes. While most models use a simple detagenethod to estimate snowmelt, the radiation
melt factor is also suggested in PREVAWviroli et al, 2009) The importance of the utilized

snow routine in the hydrological modeling is especially important in cold regions, where the peak
flow conditions are highly driven by snowmelt in warm seagbasg et al., 20135ince none of

the ued equations and developed models are thoroughly either right or wrong, it is suggested to
use a variety of model configurations to generate an envelope of streamflow and reduce the
negative impacts of structural uncertai(®raig etal., 2020)

As previously noted, the available hydrological models may use simplified equations or even
ignore some hydrological processes depending on the area they have been developed for. For
example, the Xinanjiang model is developed for warmaomgi where snow processes are not
significant sources of streamflow generation. Therefore, usage of such models that lack a snow
module can be problematic to represent flow in cold, sdominated regions. Although
simulation of vegetation dynamics is notucial for hydrological modeling in most studies,
Duethmann et al. (2020pighlight the importance of these processes while estimating the
streamflow in aclimate transient region. Physical and prodessed models have also been
developed to simulate the hydrological cycle, e.g., the Cold Region Hydrological Model (CRHM)
and Soil and Water Assessment TO@WAT) (Pomeroy et al., 20Q0/Neitsch et al, 2011)
However, they require various data to represent the processes that are either unavailable or include
missing data. In particular, due to the rudimentary representation of physical processes in these
models, they cannot provide an accurate solution for thegtian problemgSivapalan & Bloschl,

2017) Sustaining fgh data requirements does not seem logical for studying the water system under
changing conditiongdence, usage of conceptual hydrological models that require limited data to
simulate the hydrological cycle, e.¢dBV and GR4J models, is recommended ie literature
(Seibert, 2000Perrinet al, 2003; Piniewski et al., 201Pan et al., 2019)

In this study, the HBV model is improved and called HBN'L, which is used for impact
assessment. Details of this model are provided in Appehdir the first part of this work, the

impacts of climate change on the water system are evaluated usingrdiffieatial disaggregation



for the HBV-MTL and the input data resolutipteading to 4 different hydrological modeling
configurations In addition to the spatial resolution of the hydrological model, the hydrological
models themselves are critical in tlepresentation of the hydrological system. Therefore, in the
second phase of the project, we use two different conceptual hydrological models, i. eV THHBV
and GR4J, coupled with two snow routine models, i.e., Dedmgeand CemaNeiggjelding 4
differentrepresentations of the hydrological systenlso evaluate the importance of hydrological
representation in the climate change impact assesdfaafhi.of these hydrological representations
are developed applying different input and model resolutionsiding 16 various configurations

of hydrological models.

2.2 Water allocation under current and changing climate conditions

Water allocation infrastructures are commonly built to harmonize the spatiotemporal variability of
water availability and demand. Farstance, as a fundamental component of water systems, dams
are constructed to alter the temporal distribution of water resources through the year to meet
downstream water demand at the required time. Nwwitpose dams are often built to not only
meet dowstream water demands but also control floodiPetts, 1996)Many researchers have
sought proper ways to manage dams to reduce water defidibad risk. In this section, previous
studies focusing on the adequate management of reservoirs are reviewed to gain insight into

developing a water allocation model.

The primarily used water allocation approaches in the literature can be categot@édur
categorieq’Yassin et al., 2019)1) uncontrolled reservoirs, (IlI) inflow/dema#txhsel methods,

(111 neural network methods, and (1V) target storage/rekased methods. In the first approach,

an empirical equation is used to estimate the release based on the stored water in the reservoir
(Doll, Kaspar, & Lehner, 2003; Meigh, McKenzie, & Sene, 1999; Rost et al., ZD08)approach

is mainly used to modsimple dans, the primary purposes of which are not to alter the streamflow
regime. The simplicity of this approach limits its applicability in highly regulated vegstems.

In the second method, the release is defined as a function of ({Wfi®seret al, 2010)and demand



(Hanasaki et al, 2006) Although improved compared to the unregulated methbe,
inflow/demandbased methods do not reproduce the observed release well, especially-yrearulti
and multipurpose reservoir syster(tdaddelancet al, 2006 Coerveret al, 201§.

The neural network methods try to find a complex relationship between the released water from
the reservoir and other characteristics of reservoir systems, e.g., stored water in the esgervoir
downstream water deman@&hsaniet al, 2016) Even though these models showed better
performance than the other methods in estimating the releasatef fkom the reservoir, the
SEOLERN" QD W Xdédd linstedR khowledge about the philosophy beyond reservoir
management. The blind representation of the reservoir managemetitepptediction ability of

these models under questipfassin et al., 2019Finally, the target storage/reledsesed methods
divide the storage volume into differenbnes. The stored water in each zone is managed in a
particular way to meet various demands in the water sy@tiitsch et al., 2011; Wu & Chen,
2012; Zhaoet al, 2016) The last group of methsdprovides a more transparent and realistic

representation of reservoir managem@assin et al.2019)

Currently, the Oldman Reservoir is managed using the Water Resources Management Model
(WRMM), which is atarget storagéasedeservoir operation model and supplies water to demands
with different levels of priorityfAlberta Environment, 2005afa, 201p This model utilizes a set

of operational rule curves, as shown in Figure 2.1. Following these rule casJesg ashe water

level is alove the critical operational zone, the high priority water demand is met. The condition
for meeting the low priority water demand is to have a water level in the normal zone. If the water
level enters the flood control zone, water would be released taaimaine ability of the reservoir

to attenuate the flow intensity. During extreme flooding events, the capacity of the release gateways
may not be adequate to evacuate the excess water from the reservoir. Under such conditions, the
water level may exceetié maximum capacity of the dam, imposing the risk of overtopping on the
dam. Spillways are triggered to release the amount of water entered into the spill zone to mitigate
the risk of failure in the systenthe WRMM model requires an intensive amount dhdzbout

water demands in the basin. However, the main focus of this study is to develop a generic
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Figure2.1 Oldman Reservoir operational rule curves in the WRMM model

framework for analyzing the water system. Since in many regions such comprehensive data is not
available about the socioeconomic water demands, an emulaititne WRMM model is
developed, ingped by the storage/releadgased models applied in largeale lanesurface
models.
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2.3 Assessinglimate change impacts on the water system

The variability of water availability due to changes in climatic (e.g., frequent flooding or earlier
snowmelt) carcauseissues for water resources management and question the validity of using
conventional plantor future allocationgWing et al., 2018Mohanty & Simonovic, 2021; Roodari

et al, 202). Therefore, there is a need to assess the performance of the water systetmeseder
changing conditiongHaddeland et al., 2014; Milly et al., 2018)arious types of methodologies

have been proposed for assessing the impacts of climate change on water systems. These
methodologes can be categorized as-pwn (scenarided) and bottorup approache@Vilby &

Dessai 2010) Bottomup approaches present the expected conditions of water systems under a
plausible range of hydroclimatic conditio(Bteinschneider & Brown, 20iPanner et al., 2017;
Shortridge & Zaitchik, 2018; Trat al, 2018) In this approach, risk maps are provided to raise
decisionmakers'’knowledge about the water system vulnerabili{@®inschneider et al., 2015;
Hassanzadeh et al., 2016; Knighton et al., 20R&searchers ka primarily used bottorap
approaches to avoid uncertainty in climate models by analyzing the water availability under
feasible climate stations, using hydrological modelg., Wilby & Dessai, 20305hortridge &
Zaitchik, 2018. Some studies have used stochastic streamflow generation under a wide range of
climatic conditions to avoid uncertainty in the climate and hydrological mg¢eajs Nazemi et

al., 2013 Hassanzadeh et al., 201@&Ilthough fully bottomup approaches have avoided the
uncertainties in théop-down approaches, they have other types of uncertainties. When the
representation of sutatchment is essential, the overlooked spatial dependencies can affect the
reliability of water availability estimatiofZscheischler & Seneviratne, 2QINazemi et al., 2020)
Moreover, the reluctance to address the dependencies between hydrological processes and climatic

conditions in these approaches may cause an unrealistic representation of hydroclimatic conditions.

The topdown approaches have fed different hydrological models with the projections of global

circulation models (GCMd)Lauri et al., 2012Karamouz et al., 2013; Sunde et al., 204atri

et al., 2018 Wang et al., 2018)rhe outputs of GCMs, mathematical representations of mass and

energy movements in the atmosphere, have their deficiencies in estimating climatic cgnditions

which leads talifferencesn their projections evermalerthesame scenarig$mith, 2002Hannah,
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2015; Hassanzadeét al, 2019) It is recommended to utilize an ensemble of climate and
hydrological models to mitigatthe adverse impaet RI WKHVH PRGHOVY XIGWMAHUWDLQ
assessment of climate change impgE@iz et al., 2018Her et al., 2019Hanus et al., 2021)
Moreover, the outcomes of GCMs are on coarse spatial scales, with more than a hundred kilometers
resolution, thus should be downscaled to finer spatial scales to be used in regional water system
studies. NASA has already downscaled climate projections ai@8ls, run under the Coupled

Model Intercomparison Project Phase 5 (CMIP5). This-boasected dataset is one of the most
reliable and widely used climatic databases for analyzing the future of water sy&idrmas &

Wang, 2018; Guevar@choaet al, 2020; Zhao et al., 2021¥%imilarly, the reported climatic
projections by different GCMs in this database used in this study to force the hydrological
models and predict the future conditions of the water system.
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Changing climatic conditions canfaft the characteristics of the streamflow regime, and
consequently, the performance of downstream water resources systems. Such changes are already
noticeable in Canadian watershe@sr instance, temperature and extreme precipitation conditions

in the Obbman River Basimare projected to be intensified by 2 to € and 10% to 50%,
respectively, moving toward the end of the cen{@izaw & Gan, 2016)In this study, a toplown

approach is used to evaluate the climate change impacts on the upstream Oldman River Basin.
Different setups of hydrological models may provide different estimations of flow carglitio

the future and under changing climatic conditions, despite their acceptable and similar performance
during the historical period. These differences might be exacerbated when used in the water
DOORFDWLRQ PRGHOV WR DQ D O ditidnaNDiffereit nddeliblg &ppvoadckheB TV 1 X W
DUH XWLOL]JHG LQ WZR VWDJHVY WR HYDOXDWH WKH LPSRUWI

climate change impact assessment, as described in Chapters 4 and 5.

In Chapter 4, lumped and seristributed versions of the HBMITL hydrological model are
calibrated using poirbased and grithased input data. An ensemble of parameter sets, generating
flow conditions acceptably similar to the historical observatiomsfaund through the calibration

and validation processes. The envelope of simulated flows using acceptable parameters sets are
then used as inflows to a reservoir water allocation model to estimate historical water system
conditions. The calibrated modedse then fed with the bia=orrected climatic projections of 19

GCMs under 2 RCPs during the 262099 period. Based on the estimated reservoir inflow and
release, flooding and water deficit risks are evaluated in the future. This chapter is subniitted to
Hydrological Sciences Journ@impact factor: 2.19) on Ma$th, 2021.

In Chapter 5, in addition to the spatial disaggregation of model and input data, different
hydrological models and snow routines are used. The same procedure, described fodCisapter
followed in Chapter 5 for HBMTL and GR4J hydrological models coupled with Degileg and
CemaNeige snow routine models. Therefore, four different configurations, i.e-dsémnhiuted

and lumped structures using peiaind gridbased input, areedeloped for each hydrological
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representation, i.e., HBWITL with DegreeDay, HBV-MTL with CemaNeige, GR4J with
DegreeDay, and GR4J with CemaNeige, providing 16 different hydrological model configurations

in total. Similar to Chapter 4, an ensemble ofeptable parameter sets is sought in each
hydrological model configuration. The calibrated models, coupled with the developed reservoir
water allocation models, are used to estimate water system conditions in the historical and future
periods. Conclusionsver the findings of Chapters 4 and 5, as well as suggestions for future work,
are presented in Chapter 6.
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Changes in climate is altering the historical characteristics of water availability and affecting the
performance of water systems. Here, the role of a hydrologic system reptiese on the
quantification of water system vulnerabilities under changing climate is evaluated in the Oldman
River Basin, Canada. For this purpose, four hydrological models are developed considering lumped
and semdistributed structures and using peiahd gridbased climate data. These hydrological
models are then coupled with a reservoir water allocation model. Accordingly, using an ensemble
of climate model projections, fed into these integrated models, changes in the water system's
behavior are evaated. Although intensified and earlier peak flows and more critical water deficits
are projected, the estimated risks of failure strongly depend on the considered hydrological model
FRQILJIXUDWLRQ 7KH GLYHUJHQFH DPRQJ sP3B0GHTher§foleURMHF\
usage of all configurations is recommended to revise the reservoir operational policies in this

region.

Keywords: Climate change; Hydrological modeling; Streamflow regime; Reservoir operation,

Vulnerability assessment; Oldman River Basi

4.1 Introduction

Changing climate has already affected the elements of the hydrological cyclevacimss spatial
scaleqSeiller et al., 2017; Duan et al., 2019; Amanambu. g2@20) In particular, changes in the
characteristics of precipitation as well as snow and glacier melt processes have been observed in
cold regiongArnell, 1999;Wi, 2012 DeBeer et al., 2016tahl et al., 20165anguli & Coulibaly,

2017; Rottler et al., 2020puch alterations in the hydroclimate conditiacas affect streamflow
regimes, such as peak flow volume and timing, which are critical for regional water resources
planning and managemefBeven & Westerberg, 201 Whitfield & Pomeroy, 2016Hatami et

al., 2019; Nazemi et al., 2020; Zaerpour et 2020) Therefore, an improved understanding of

water systems' vulnerability in the future is required to propose effective water allocation policies.

The impacts of climate change on water systems are commonly evaluated usifgbaG® HG 3WR' S
GRZQ"  DSSURDFK DQG E\ HPSOR\LQJ WKHHM&RGEMSWILIRQV RI1 *H
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& Dessai, 2010Gizaw et al., 2017; Krysanova et al., 201¥he GCMs aim tanathematically
represent the physical processes in the earth's atmosphere and(slaffeah, 2015; Reshmidevi

et al., 2018) Although GCMs are relatively consistent in estimating the average changes in the
climate conditions at the global scale, their individual pt@mes can be dissimilar, in particular at

the regional scaldd/eehl et al., 2007; Prudhomme & Davies, 200@ner et al., 20)7Therefore,

using an ensemble of GCMs is recommended to cover the possible changes in futur¢Ghierate

et al, 2011 Wada et al., 2013; Prudhomme et al., 2014; Schewe et al., Bet4t al., 2019)
Moreover, the GCMs' outputs are available at large spatial resolutions, i.e., typically a few
hundreds of kilometers, which are oftemarser than the scale required for impact assessment in
the context of water resources management. Therefore, downscaling approaches have been
commonly used to transfer GCMs' outputs to fimesolutions(Okkan & Kirdemir, 2016
Simonovicet al, 2017 Leeet al, 2019. The precipitation and temperature outputs of downscaled
GCMs are then either directly analyzed to give a notion of changes in watersheds' conditions or
incorporated into hydrological models to project streamflow chariatts(Arnell, 1999;Lauri &

al., 2012, Karamouz et al., 201Funde et al., 201 Hattermann et al., 20).8

Hydrological models aim to mathematically represent the interactions between water cycle
components to estimate streamflow discharge over time and $vheater et al., 2007y arious
hydrological models with different levels of structural complexity and data support are developed
over different spatiotemporal scales in the past few dec&iegh, 2018 Beven, 2019;
Darbandsari &oulibaly, 2020) It is widely known that the structural complexity of hydrological
models affects climate change impagsessmentéPoulin et al, 2011; Chenet al, 2012
Velazquez et al., 201®iniewski et al.2017 Krysanova et al., 20)8Some studies recommend

the usage of more detailed hydrological models for water management purposes due to their high
performance in thaistorical period (e.gDibike & Coulibaly, 2005; Breuer et al., 2009; Ludwig

et al, 2009; Vansteenkiste et al., 2014; Garavaglia et al., 2BibWever, utilizing simple models,

with a smaller number of variables and acceptable behavior, is suggested to be used for climate
change impact assessmeschaud & Sorooshian, 199#ter & Chaubey, 20155ingh & Marcy,

2017; Sivapalan & Bloschl, 201@dos Santos et al., 2018
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Apart from model complexity, there are other factors that can also affect the representation of
hydrologic systemg¢Crosbie et al., 201Bisselinket al, 2016;Beck et al., 2017; Josep al,

2018; Pang et al., 20205or instance, climatic data are often available at point orsgpade in
various regions; therefore, utilization of each of these data conditions can potentially affect the
performance of hydrological models and consequently the water system a(iafysessy & Das,
2008;Patil et al., 2011; Isotta et al., 20Haerteret al, 2015;Abbas & Xuan, 202D Moreover,
watershed hydrological processes can be modeled considering lumpeelistemited, or
distributed structure@ooij, 2005; Ruellaneétal., 2008;Yaduvanshet al, 2018 Xin et al., 2019)
Considering different spatial discretization of the watershed can also result in dissimilar
estimations of natural flow during the historical and future peiiDds et al., 2008astolaet al,

2011; Liet al, 2013 Faiz et al., 2018; Huang et al., 20 ®ivastavaet al, 2020) The combination

of these alternative input data as well as system structural resolutions can potentially influence

water system vulnerability assessment.

The objective of this study is to evaluate the role of hydrologic system representations in
quantifying the impact of climate change on a headwater water resources system in Alberta,
Canada. Four hydrological models, i.e., considering lumped anddsstnibuted catchment
representations, calibrated utilizing peirend gridbased climate datase are developed.
Accordingly, projections of an ensemble of GCMs used to estimate the natural streamflow series
and assess the downstream water system performance throughout the century. In Section 4.2, the
case study and its main challenges are intradluSection 4.3 describes the impact assessment
framework, utilized data, developed hydrological models, and reservoir operation model. Section
4.4 presents the performance of hydrological models during the historical period and projected

water system beh#&r. The paper is concluded by providing remarking points in Section 4.5.

4.2 Case study

The Oldman River Basin, with an area of about 27,50€) lsone of the important watersheds in

Alberta, Canad@Martz et al, 2007 Figure 4.1). The mukpurpose @man Reservoir, the largest
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dam in this region with a capacity of 490 million®plays a crucial role in supporting
socioeconomic activities and environmental conditions across the Prairie Pro{ffRomes &
Vandersteen, 201MNazem & Wheater, 2014; Safa, 2016oster & Rood, 201)7. In particular,

the basin covers about 2,160 km2 of agricultural land, which has high importance for sustaining
food security at the regional and global scé&mmarawickrema & Kulshreshtha, 200Bhe three
primary inflows reaching the Oldman Reservoir are the Castle, Crowsnest, and Oldman Rivers,
which originae from the Rocky Mountains' east slopes, see Figure 4.1. For the sake of our analyses,
the drainage area of the Oldman Reservoir is split into four tributaries, i.e., the areas upstream of
the hydrometric stations on the three main inflows, as well aseg below these stations reaching

the Oldman Reservoir, hereafter Near Reservoir tributary (NR). The mean annual precipitation,
temperature, streamflow discharge, as well as considered drainage areas of these tributaries are
presented in Table 4.1.

The AQdman River Basin is already overallocated; therefore, any changes in the hydroclimatic
conditions and increasing water demands can put unprecedented pressure on the water system
(Pernitsky & Guy, 2010Nazemi et al., 200)7While an increase of about 2 to 4 degrees Celsius is
observed for mean annual temperature, no meaningful trend in mean annual precipitation is
detected over the 20th century in this redidarder et al., 2015; Vincent et al., 20Y8hitfield &

Pomeroy, 2016Yincent et al., 2018; Zhang et #019) However, the increasing temperature has

led to the rise in the rain over snow ratio and accelerated snowmelt processes, and consequently
altered flow regime in this snedominated regioPomeroyet al, 2012; Woo & Pomeroy, 2012

Fang et al., 2003 Climate variability alongside land and water management activities has altered
the timing and volume of flows and water availability characteristics in this réiidiy et al.,
2008;ESTR Secretariat, 2018lazemi et al., 2017)
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Figure4.1 Oldman River Basin in Alberta, Canada (left), as well as the OldReservoir's

key headwater

An increase of 2 to 8C in temperature and 10% to 50% in extreme precipitation (withyead0

return period) is projected through the 21st century in the Oldman River @igew & Gan,

2016) Using an ensemble of GCMs and a physichged modelTanzeeba & Garf2012)
projected flows with roughly two weeks earlier peak timing and lower intensities during the
summer in the outlet of the Oldman Riv@asin. In the Crowsnest River tributatyiahat &
Ander®on (2013) estimated a significant rise in the winter flows (maximum 200%) and a
considerable decrease in the summer flows (maximum 63%). Such changes in upstream flow
conditions can affect the performance of the water system in this region. In partioelsaystem
becomes considerably vulnerable under the more intense flows with earlier peak(Niswegni

et al., 2013) The previous studies on this region have not fully explored the role of watershed

representatins in characterizing water system behavior under changing climate conditions
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Table4.1 Hydroclimatic data and their loAgrm annual average values in each tributafyR Q W 1 G

Tributary PD GD Flow
Statons Mean Average Average Townships Mean Average Average Station Average Drainage
annual minimum  maximum annual minimum  maximum annual flow Area
precipitation  temperature temperature precipitation temperature temperature UG Y, -
(mn) (19 (19 (mn) (19 (19 "9
Castle Ironstone 721 -3 8 T3R1WS; TAR2WS 742 -2 95 05AA022 472 821
Castle T4R3WS5; T5R2W5
T5R3WS5; T6R2W5
T6R3WS5; T6RAWS
T7R4AWS
Crowsnest  Coleman 544 -2.5 9 T7R3WS; T7TRAWS 570 -2.5 9 05AA008 153 403
T8R3WS5; TSR4AWS
TI9R4WS
Oldman Sugarloaf Lo 536 -5 4 TI9R3WS5; TOR4AWS 605 -3.5 8 05AA035 383 1450

Livingstone Lo

Hailstone Butte Lo

T10R2WS5; T10R3W:
T10R4WS; T11R2WE
T11R3WS5; T11R4WE
T11R5WS5; T12R2W¢
T12R3WS5; T12R4WE
T13R3WS5; T13R4WE
T13R5WS5; T14R3WFE
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Table4.1 Hydroclimatic data and their loAgrm annual average values in each tributafyR Q W 1 G

Tributary PD GD Flow
Statons Mean Average Average Townships Mean Average Average Station Average Drainage
annual minimum maximum annual minimum maximum annual flow Area
precipitation temperature temperature precipitation temperature temperature 06 Y e
(mn) (19 (19 (mn) (9 (19 "9
T14R4WS; T14R5WE
T15R4W5
NR Beaver Mines 380 -1 6.5 T4R1WS5; TSR1IW5 537 -2 10 05AA024 1200 1706
Cowley Olin Creek T6R1WS5; T6R30W4

T7R1WS; TTR2W5
T7R29W4; T7R30W*
T8R1WS5; TBR2WS
T8R29W4; T8R30W«
TOR1IWS; TOR2WS
TO9R29W4; TOIR30W«
T10R1WS5; TIOR29W:
T10R30WA4T11R1WS5
T11R30W4; T12R1W¢
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4.3 Materials and methods

4.3.1 Framework for climate change impact assessment

Figure 4.2 presents the framework used for climate change impact assessment in this study. In
brief, four different configurations are considered to simulate the natural flow. These are semi
distributed (SE) and lumped (LU) models of the hydrological systems, calibrated usinggadent

(PD) and gridbased (GD) climatic Data. The hydrological models @epled with a reservoir
operation model to simulate the water allocations during the historical period. The coupled models
are then forced with the outputs of an ensemble of climatic models to project the water system
specifications in the future. The dedbed framework is applied to the Oldman River Basin. The
considered historical climate data and utilized GCMs are explained in Sections 4.3.2 and 4.3.3,
respectively. The developed hydrological model, alternative hydrological system representations,
and calibration procedure are explained in Section 4.3.4. The applied reservoir water allocation

model is elucidated in Sections 4.3.5.

Historical climatic Climate Water demand/
conditions stations’ data expected release

LU
Lumped modeling

Hydrological model

Operational rule
curves

l

Reservoir
operation model

Point-based
data

-—> —_—
Reservoir
volume

PD

Natural

@D streamflow

: SE pammm ... >
Grid-based H
data : Semi-distributed modeling
Tesssssssses >
Hydrological model

Future climatic Ensgmble [

A

conditions of climate

o Water system performance assessment }
projections

Figure4.2 Framework to evaluate the climate change impacts on spdeFms
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4.3.2 Hydroclimatic data during the historical period

As noted, pointand gridbased climate datasets are used to calibrate the hydrological models and
estimate the natural streamflow. The considered historical period in this study {$99H0The

pont scale climatic data are obtained from the climate stations through
https://climate.weather.gc.ca/historical_data/search_historic_data_e.html. Different approaches
such as interpolation and application of artificial neural netw@tsamouzt al, 2003 Coulibaly

& Evora, 2007)are used to fill out the missing data based on the neighbor stations. Moreover, the
grid-based climate data, which is basedlmAlberta Township Systems with a spatial resolution

of about 9.74B.7 km2, is obtained from https://acis.alberta.ca/towndhipviewer.jsp. Provided

by the Government of Alberta, this database is developed by transferring the climate stations' data
into grids' centers using an inverse distance weighting method (ACIS, 2019). The streamflow data
in the Castle, Crowsnest, Oldman, and NR tributaries are obtained from
https://wateroffice.ec.gc.ca/search/historical_e.html. Table 4.1 shows the considerelirhgticoc

stations and grids.

4.3.3 Climate model projections

In this study, we obtained the outputs of 19 GCMs based on the NASA Earth Exchange Global
Daily Downscaled Projections dataset (NMEODP; available at https://cds.nccs.nasa.gownex
gddp/). This dataseahcludes the biasorrected daily maximum and minimum nearface air
temperature and precipitation with a spatial resolution df2265km?2 over the historical period as

well as the shotterm (20212040), midterm (20412070), and longerm (20712099) uture
horizons. The projections are available under two Representative Concentration Pathways (RCPs)
4.5 and 8.5, demonstrating the intermediate and high forcing scenarios by the end of the 21st

century, respectivelgThrasher et al., 2013)



25

4.3.4 Hydrological model

HBV is a conceptual hydrological model commonly used with a lumped ordistributed to
estimate streamflow at the outlet of watershgdisdstrometal., 1997; Seibert & Vis, 2012)n

this study, we develop the HBMTL, based on the available HBV model equations in
Aghakouchak & Habil§2010) to better estimate the natural flow in the cold regions. In brief, the
HBV-MTL is a buckettype model with a series of state variables such as snowpack, soil moisture,
and water irsoil layers, see Figure 4.3. The key inputs to this model are the daily time series of
precipitation and temperature. In this model, the precipitation is considered as rainfall, snowfall,
or a mixture of both, depending on the minimum and maximum aireetpe values. The
snowmelt is estimated using the degdes methodLindstromet al., 1997)The liquid water from

melted snow and the rainfall either infiltrates into the soil or turns into the surface flow, depending
on soil temperature and moisture. The latter is also impacted by the evapotranspiration rates,
calculated basedn Hargreaves & Samar{il985) method. The infiltrated water contributes to
increasing soil moisture and can move into deeper soil layers to generate interflow and baseflow.
The total runoff, based on the surface flow, interflow, and baseflow, is then routed using a triangle
delay function to represent the daily streamflow in the outlet. #BSed models are already used

in the Oldman River Basin to represent the hydrologicatgssegfMahat & Anderson, 2013

Gupta & Razavi, 2008 The main improvement in the HBMTL over these existing HB\based

models is that it takes into account the infiltration into the frozen and thawed soil. For more details
about the HBWMTL, see SIipplementary A. This model contains 18 parameters, the values of

which are found through calibration, as explained below.

As noted earlier, the inflow to the Oldman Reservoir is estimated using theMiR\based on

lumped and semdistributed modeling. Wker the lumped hydrological modeling, the upstream
basin is considered as a united catchment (hatched area in Figure 4.1). Therefore, the model is
calibrated against the observed inflow to the reservoir. However, under thalisgiuted
modeling, the seamflow in each of the tributaries is estimated. In brief, the estimated streamflow

in Castle, Crowsnest, Oldman Rivers is calibrated against the observed flow in their corresponding

tributary. The simulated flows in these tributaries and NR are thegraéel and routed to simulate
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Figure4.3 Schematic of the developed HBMTL hydrological model

the inflow to the Oldman Reservoir. The models under each of these representations are calibrated
using the pointand gridbased dataset (Table 4.1). If the peinale data are used, the study area

is divided into the zonesf Theisen polygons with the climate stations in the center of each
polygon. If the gridbased data are utilized, the contributing areas are discretized into the zones
corresponding to the grids of Alberta Township Systems. Accordingly, the hydrologableari

are simulated in each zone and then integrated for the tributary and whole contributing area for

semtdistributed and lumped models, respectively.

The splitsample test is used to calibrate and validate the hydrological modelsi PH a ;
Gharariet al, 2013) The historical climatic data is divided into three parts. The climate data in the
first sx years of the study period are used to reach a reasonable estimation of the basin's initial

conditions and decrease the modelinerability to the biases. The simulations based on these
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data, called the burnout dataset discarded. The 66% and 34¢the rest of the dataset are used

for model calibratiorand validation, respectively. Moreover, an objective function based on the
Kling-Gupta Efficiency (KGEGuptaet al, 2009)performance measure and consideration of both
daily and annual flow, due to their importance in water management, is used to calibrate the
hydrological models. The advantage of using KGE over other commomynessurese.g.,Nash

& Sutcliffe (1970) is that it uses three different statistical critetiaUand Nio provide a more
comprehensive comparison between the simulated and observe(@lapia et al., 2009)n brief,

U U and N respectively, compare the standard deviation, mean, and the Pearson correlation of
simulated and obsergeflows - see Equations 1, 2, and 3. In these equatiégasnd é;are the
standard deviations of simulated and observed fldvasd 1are the longerm average simulated

and observed flow, an&and lerare simulated and observed flowsspectively. KGE combines

these statistical measures using a Euclidean distance measure (Equation 4). Accordingly, Equation
5 is used as the objective function for model calibration, based on minimizing the KGE at daily

and annual scales.

. Equaion 1
OL==
€
5 .
U L:1 Equation2
NL A1, F1;:5F5;
Equation3

~ - 6 - — 6
8:Akl;Flo;:AKs F50;

-)' LsF¥:sFUSE:sFUSE:sFN® Equation4
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6 .
1>E /EJ8ksF-) ' wo0R E:SF-) '6asedk Equation5

In this study, the Shuffled Complex Evolution algorithm (SQ&;, Duanet al, 1993; Yarpiz,

2020)is used to find the most optimal calibration parameter sets. ThelBC&mbines the
competitive evolutionary approach (used in the Genetic AlgoritHatland 1992) and control

random search nigods(Price, 1987jo find global optimunsolutions for various problen{Buan

et al., 1993) This technique's philosophy isittdependently evolve each cphax, in which new

parameter sets are generated basedmiiomly selected parents, to gain local knowledge and then

share it with other complexa® avoid reaching a local optimum. In the used SO 50

parameter sets are randorggnerated. This popuiah is then divided into five complexes. After

several iterationghe independent complexes are mixed to produce a pool of best parameter sets.
This process is repeated in the new pools until the 100 (maximum) iteration is reached. The
ensemble of paramats, providing the smallest value for the considered objetuivetion, is
FDOOHG WKH 3RSWLPDO SDUDPHWHU VHW’  |IORZFKI|IRHQHWMBRN
hydrological model configuration. Nevertheless, our investigations shatvthe final pobof

parameters contains ensembles that have almost similar valihesdptimal set; thus, using this

pool may result in underestimation of the parameinicertainty(Yanget al, 2007 Wu & Chen,

2015 in the hydrological models. Therefoenart from this approach, the Generalized Likelihood
Uncertainty Estimation (GLUEMigliaccio & Chaubey, 2008; Mirzaeit al, 2015)is used in this

study to increase thknowledge regarding the impacts of parametric uncertainty orfldive
estimations. Fothis purpose, the first random parameter sets are extracted from a uniform
probabilityfunction, defined by a plausible range for each parameter. The criteria QhlkGE

and KGEnnual * IRU VLPXODWLQJ REWHG YWV VO B HSIMWHDIPHERI B W U H®
out of 10,000 randomly generated sets. Accordingly, ensembfB&FFHSWDEOH VWUHDPIO
are estimated, and along with optimal streamflow saresised in our analyses under each model

configuration.
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4.3.5 Reseavoir operation model

A simple model to simulate the Oldman Reservoir operation is developed by emihlatexgsting
Water Resources Management Model (WRMM), a water allocation mindethe South
Saskatchewan River BasfAlberta Environment, 2002For this purposehe reservoir physical
characteristics, operational rule curves, and water demandda@ted from the WRMM. For the
sake of simplicity and similar tdandmoghaddam et a(2019) water demands are considered
under two categories: local and regiog@mands. The local water demand is mainly required water
to suprt local irrigatedagriculture with an area of 67 Knirhe regional water demand contains
required wateto support the interand intraprovincial activities, including irrigation of 216 Km
land in the basin(Samarawickrema & Kulshreshtha, 2009he Oldman reservoir storage is

simulated using a mass balance equatiom&Egn6).

¢
5 L5 Ex 2 H# E+F ' H# F4dyF 454 F5L;@P Equation6
¢

where Sis the reservoir storage at time t andsAhe area of the reservoir, estimated based on the
reservoir storage and the reservoir's stoi@ga rating curve.Rand E are precipitation and
evaporation rates, respectively. It is the volume of inflowth® reservoir, estimated by the
hydrological models. Rand R; are the supplied water the regional and local water demands,
respectively. Sqs the spill from thaeservoir.Following the existing reservoir operational rule
curves in the WRMM, the reservaiperation model considers multiple zones for reservoir storage.
Water demands witHifferent orders of priority are met based on the state of the reservoir wate
level. If thewater level enters the flood control zone in the reservoir, the excess water is released
to maintain the reservoir's ability to attenuate the flow. During extreme flooding everdsthet

of water that enters the spill zone is releakeokigh the spillways to preventalure in the system.

If the water level in the reservoir drops below a critical threshib&lrelease is reduced until the
reservoir water level reaches the minimum state. Detdilthe considered water allocation
algorithm can be found iAlberta Environmen(2002 andSafa(2015)
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4.4 Results

4.4.1 Performance of the hydrological and allocation models during the

historical period

Left — Simulated daily flow based on optimal parameter sets Simulated daily flow based on acceptable parameter sets
panel [ Observed daily flow —Simulated annual flow based on optimal parameter sets
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Figure4.4 Observedand simulated daily and annual (left) and expected annual (right) in

to the Oldman Reservoir under different representationpstfeam hydrological systems.
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The simulated and observed daily and annual inflows, as well as their expectechgdragriaphs
during the calibration and validation periods are displayed in Figute While all model
configurations perform proper()KGE>0.6), it seems that using the pivides a higher precision

in simulating the expected annual observed flow during#iidation period. The importance of
input data conditions in the behavior of modelsmsre evident considering the models'
perfomance at the annual scale. For instanceGibdased models continuously overestimate the
annual inflow during the second halftbie historical period. In general, Fiased models better
represent the annual, early peakd low inflows, while GEbased onfigurations more precisely
estimate late peak flowRegarding the importance of catchment representation, as expected, the
semtdistributedmodels outperform the lumped ones in representing the magnitude of the early
peakinflow (Figure4.4). With thatsaid, lumped models better estimate the intensities gbéetie

flows and low flows. Nevertheless, all model configurations show accegiatftF]mances and

are used for impact assessment.

The ensemble of simulated inflow series under different hydrcdbgnodelconfigurations is all

fed into the reservoir operation model. Figdre compares theimulated and observed reservoir
volume (left panels) and expected annual outfloxdrographs (right panels). It should be noted
that WRMM's outputs are consigel asobserved data, similar tdassanzadeh et §2014 and
Safa(2015) due to thainavailability of reservoir volume records. The comparisons reveal that the
expected outflow hydrographs, estimated using optimal parameter sets, are almost similar under
the considered configurations (see the right panels in FgbyeHowe\er, there arsubstantial
differences between the estimated reservoir volumes by the modelsvattig scale. On the one
hand, the semilistributed models perform relatively well bténd to overestimate the water
volume during the dry years, especiallging the grid based data, see SED in Figure4.5. On

the other hand, using the lumped models, nfeequent and significant underestimations of
observed reservoir volume can be seeradh, the simulated water volume reaches the minimum
water storagé some weeks usintpe LU-PD. Considering the data conditions, although a higher
statistical correlation ifound between the simulated and observed water volume under the PD
setups, they doot dominantly outperform the GBased representations, e.g.the last years of
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hydrographs (right) under different configurations using the optimal (lines) and accept

(envelopes) parameters sets during the historical period.

simulation. Therefore, estimated reservoir volume and outflow are acceptable undesiakred
configurations during the historical period.

4.4.2 Upstream flow regime under changing climate

A simple andysis of 19 GCMSs' outputs reveals that the magnitudes of precipitatideraperature
in this region would increase by the end of the century (Fig6)e Howeverthe rate of increase
in temperature is more significant than precipitation. Here, theutsugh climate models are
transferred from the centers of GCM grids to the climate statmretions (in PBbased models)
and grid centers (in Gbased models), using the inveistance weighted interpolati¢hiu &
Zuo, 2012; Yanget al, 2015) These adaptedliimatic projections corresponding to individual
climate models are then incorporateth each of the develogddéydrological models with optimal

and acceptable paramegats to estimate future flow realizatson
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Figure4.6 Percentage of relative change in mean (a) precipitation and (b) temperature

on 19GCMs under RCPs 4.5 and 8.5 with respect to the historical values in this regic
Boxplots are showing the $3bottom side of the box), $Qmiddle line), 7% (top side of the
box) percentiles, as well as maximum (upper whisker) and minimum (lowekexhisalues of

the respective climatic variable.

The projected ensemble and expected inflow hydrographs under RCPs 4.5 aralshéwn in
Figures4.7 and4.8, respectively. Earlier shifts in peak flow timing, as webigsificant increases

in theinflow volume to the Oldman Reservoir, are noticed underaadfigurations. However, the
rate of increase in inflow volume, the shape of hydrogragshsvell as peak flow timing and
magnitude depend on the considered hydrological momdiguration. Fornstance, the rate of
increase in the inflow intensity and shift in pdlkwv timing is more considerable using the PD
based than Gibased models. Besidabe lumped models project on average one week earlier
peak flows compared to the sendistributed mdels. Nevertheless, the sedistributed
configurations project slightlynore intense flow volume than the lumped setups. As expected,
changes in the inflowegime are more substantial under RCP 8.5 than RCP 4.5, moving towards
the end of thecentury. Oveall, peak flow timing is projected to be affected considerably by

changingclimatic conditions throughout the century and is expected to shift from early June to late
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May (roughly two weeks earlier). Such projected shifts in the-teng future horizonn particular
under RCP 8.5, indicate that the flow in the outlet shows an alacréspense to changes in the
upstream hydrological processes, i.e., acceleration of snoweeamnakelt and increase of rain over
snow ratio. This finding is in accordance lwihe recenstudies on the Prairies' future flow regime,
indicating a transition from snowmelinoff to the rainfallrunoff regime(Fanget al, 2020;

Pomeroyet al, 2020)
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Figure4.7 Projected ensemble and expected annual inflow hydrographs (shaded are:
solid line, respectively) under RCP 4.5 using different hydrological model configuratio

versus historical annual hydrograph (dashed line).
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hydrographs under RCP 8.5 using different hydrological model configurations versus his

annual hydrograph (dashed line).

Such significant incrases in the inflow discharge can be problematic, in partiouldwe context
of managing downstream reservoir storage and release during thesBasdns. Therefore,
changes in high inflow magnitudes are further analyzed. Forptinsose, first Q99, th89th

percentile of the weekly inflow, is obtained based on Enapirical Cumulative Distribution
Function (ECDF) of inflow during the 3@ear historical period. Accordingly, for a given

hydrologic model configuration and futuseenario, we find the numbef inflow realizations in
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which the future inflow exceed®99 each week. The weekly flood risk is then calculated by
dividing this number by th#tal number of realizations in each model configuration. Accordingly,
the maximunvalue of weekly flood riskamong 52 weeks in a year is found to represent the annual

flood risk.

Figure 4.9 shows thiannual risk of inflow flooding using different model configurations under
RCPs 4.5 (left panel) and 8.5 (right panel), respectively. The historical input data resolution has a
prominent impact on quantifying the flood risks; see the difference betweesttimated values

by the PDbased and Gibased configurations. The Hiased models suggest that in most of the
years in the future, at least once extremely high flows would occur under both RCPs. The semi
distributed structures project a slightly highekrid upstream flooding events, comparing to the

lumped modeling. Moreover, interestingly risk of flooding is not necessarily higher under RCP
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Figure4.9 Annual flood risk upstream of the Oldman Reservoir in the future. The proje
inflows are estimated using the developed hydrological model configurations based on «
change projections under RCPs 4.5 (left) and 8.5 (right).
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8.5, and in fact, no significant trend in the inflow flood risk can be detected under the RCPs moving

towards thesnd of the century.

4.4.3 Reservoir operation under changing climate

Future inflow realizations are fed into the reservoir operation model to assess the alterations in the
reservoir storage and outflow, as well as water supply conditions under changing dlimedtag

term expected annual reservoir volume is calculated based on all inflow realizations. Figure 4.10
compares the projected ensemble of expected annual reservoir volume (shaded area) and its
average values (solid line) with the historical volumet@tbline) under RCPs 4.5 (left) and 8.5
(right), respectively. Due to the estimated increase and earlier peak flow inflow timing, earlier and
more intense reservoir peak volumes are projected in the future under all configurations and RCPs.
Considering tB models, the PIbased configurations show a more distinct shift in the timing of
reservoir peak volume than Giased structures. The lumped models project a lower water level

in the reservoir during summer in comparison to the gbstiibuted configuratins. While SEPD

and LU-GD show a higher water level in the reservoir during wintersG8Eand LUPD projected

a reduction in the reservoir volume during these periods. Hence, the impacts of using different
resolutions for model structure and input daiaevident. In general, under both RCPs, on average,

a 3week earlier peak water level is projected. The illustrated changes in the reservoir water level

would inevitably influence the downstream water system.
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Figure4.10 Projected ensemble (shaded area) and expected (solid line) annual resel

volume under RCPs 4.5 and 8.5 in left and right panels, respectively, using differer

hydrological model configurations versus the expected amese@rvoir volume in the

historical period (dashed line).
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Here we analyze the outflow regime based on changes in Q10 (low flow), Q50 (median flow), and
Q99 (high flow). These weekly flow quantiles are first found based on the ECDF of outflow during
the historical period and under future realizations. Accordingly, relative changes in streamflow
quantiles under future and historical periods are calculated under each of the realizations. Figure
4.11 presents the ensemble of changes in Q10, Q50, and 98,erch boxplot contains outflow
quantiles under future scenarios corresponding to realizations, obtained by 19 GCMs and using
each hydrological model configuration. While overall more intense high outflow conditions are
projected, PEbased configurationshow a greater increment in Q99 than -G&ed models.
Moreover, all model configurations, except the-BPD, show an increase in the median flow
conditions; however, the amount of increase varies among models. All model configurations
project a slight risen low-flow intensity. Therefore, different hydrologic signatures of outflow are
expected to increase in the future (Figure 4.11). These changes, in particular intensified high flows,
question the reliability of utilizing the busineasusual reservoir perations for the management

of flood events in the future.
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Degite the potential increase in the low and median outflow intensity in the future, the alterations
in the streamflow regime can affect the timing and efficiency of water allocation plans. As an
example, the impact of changing climate on supplying the lotghtion demands is assessed to
represent the evolution of water deficit in the future. For this purpose, the annual water deficit is
estimated as the difference between water supply and demand divided by the total amount of water
demand under each florealization. Afterward, the average water deficit over all realizations is
used to represent the state of water deficit in each year per configuration @&id)reThe left

and right panels in Figure 4.12 show the expected annual water deficit ugéngrdihydrological

model configurations under RCPs 4.5 and 8.5, respectively.

Our analyses indicate that during the historical period, the system experiences about 15% of the

water deficit each year. There#p the results in Figure 4.12 show that in most cases, supplying
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water demands would be more challenging in the future (the projected water deficit is above 15%).
Moreover, all modeling configurations unanimously show a significant ascending treatl€p

< 0.05) in failure to meet the local water demands throughout the century. However, the magnitude
of the projected deficits highly depends on the considered hydrological configuration. For instance,
the projected water deficits by lumped models are numeastating than serdistributed
configurations, especially in the Piased models. In contrast to other system components, the
estimated amount of water deficit is less sensitive to the input sources than the spatial discretization.
While SEPD shows dess severe rise in water deficit than-GB, the escalation of water deficit
estimated by LLPD is higher than LUGD. A more substantial water deficit is expected under
RCP 8.5 than RCP 4.5; however, the severity again depends on the considered migdeatonf
(compare left and right panels in Figure 4.12). The sensitivity of the quantified water deficit to the
considered modeling approaches underlines the importance of the hydrological model's spatial
representation and input uncertainty in watercatmn analyses. Moreover, the projected rising
water deficit accentuates the need to revisit the historical operational plans to provide a more robust

allocation of water resources to meet the water demands.

4.5 Conclusion

Changes in climate is altering nedbflow regime, which can subsequently affect the downstream
reservoir water storage and performance of water systems. This study evaluates the role of
hydrologic system representation on the assessment of water system vulnerabilities in the Oldman
River Basin in Alberta, Canada under changing climate conditions. A conceptual hydrological
model, HBMAMTL, is tailored as semilistributed and lumped representations of the upstream
watershed and calibrated using peand gridbased climatic datasets. Accargly, the outputs of

19 climate models under 2 RCPs are fed into the coupled hydrological and reservoir allocation

models to evaluate the water system behavior.

Results show that during the historical period all considered model configurations canbilgasona

reproduce the statistical characteristics of natural flow, reservoir volume, and outflow. In general,
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the semidistributed model calibrated with point datasets shows the highest accuracy during the
historical period. Considering the future scenariosatgr flow intensities with earlier peak timing

are projected. However, the magnitude and weeks of peak flow are different between hydrological
models. Such changes in the inflow regime would lead to a few weeks earlier and more intense
reservoir peak voime conditions. Similarly, although in general a higher risk of downstream
flooding is estimated, the magnitude of changes depends on the considered hydrological model
configuration. For instance, about 20% higher flow intensities are estimated by thé mode
calibrated based on point than ghdsed climate data. This clearly shows the importance of
historical climate data's conditions for water system impact assessment. Furthermore, changes in
flow regime decreases the ability of the water system to meger \demands, in particular during

the peak demand season and exacerbates the existing water deficit. In particular, lumped models
projected about 177% higher escalation in water deficit in the future, on average in comparison to
the semidistributed model. Such differences show that even using the same equations to simulate
the hydrological processes, the spatial representation of upstream watershed can highly influence

water system analyses.

Based on these observations, it is recommended to considestdteaspects of uncertainties in

the assessments of climate change impacts on the water systems. In addition, since a unique
hydrological model is used in this study, a comparison between the outcomes of multiple
hydrological models with various level$ complexity can be informative. Moreover, given the
projected higher risks of flooding and water deficit in the region, it is suggested to revisit the

historical reservoir operational plans to improve water resources management.
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5.1 Methods and materials

5.1.1 Framework for impact assessment

In this chapter, the previously presented analyses are extended to also evaluate the impact of using
multiple hydrological models and snow process representations on the quantification of risk in
water systems. Coupling the two utilized hydrological mqdels HBV-MLT and GR4J, with the

two applied snow routine modules, i.e., Degbsyy and CemaNeige, yields four different
hydrological representations. Depending on the used data and model resolution, each hydrological
representation has four differentnéigurations, i.e., lumped hydrological models calibrated and
validated using poiAbased (LP) and gridased (LG) input data, as well as sehstributed
hydrological models calibrated and validated using poasted (SP) and grislased (SG) input
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data. hus, overall, 16 different configurations are considered for estimation of natural flow, see
Figure 5.1. The simulated natural flow series generated by these hydrological models is fed into a
reservoir water allocation model to simulate the reservoir veland outflow regime. The coupled
models are then forced with an envelope of climate projections to estimate the streamflow series
and reservoir conditions in the future. This framework is again applied to assess the vulnerability
of the Oldman River BasiThe description of this case study and utilized observed data and future
projections and employed water allocation model are already explained in Chapter 4. In the
following, the utilized hydrological models and the considered representation of sn@ggE®c

are described in Sections 5.1.2 and 5.1.3, respectively.

5.1.2 Hydrological models

HBV-MTL, which is developed in this research, is a modified version of the HBV model, which
is better adapted to cold regions by considering infiltration into the froaen As previously

noted, this model is a conceptual hydrological model, which requires daily temperature and
precipitation as inputs. The added liquid water to the model, from whether rainfall or snowmelt,
would infiltrate the soil or turn to runoff. A piion of infiltrated water would be captured by soil
particles and used by vegetation through evapotranspiration. The remaining infiltrated water is
stored in two buckets and released gradually to form intermediate flow and baseflow. The
integration of thee flows and runoff is routed through a triangle delay function to estimate flow at

the outlet of the basin.

Similar to HBV-MTL, GR4J is a conceptual hydrological model which needs daily temperature
and precipitation data to estimate daily flow in theibautlet. In contrast to HBWITL, in the

GR4J, the amount of net precipitation, i.e., the difference between precipitation and potential
evapotranspiration, is divided into two portions using a parabolic equation. One part of the net
precipitation is steed in the secalled production storagefrom which the stored water can
percolate gradually. Moreover, vegetation uses the stored water in this production storage for
evapotranspiration. The rest of the net precipitation integrates with the percolatedraratthe
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production storage and enters the routing stage. In the routing, 10% of the available water is routed
directly to the outlet using a twsided unit hydrograph. The remaining 90% of water is routed
using a onesided unit hydrograph and then &drin routing storage, from which it is gradually
released. The schematic for the GR4J model is presented in Appendix B. For more information

about the model structure and equations, please reffartm et al. (2003)

5.1.3 Represened snow processem hydrological models

The previously used Degré2ay snow routine in the HBYTL model provides a lumped
representation of the snow processes in the basin. This module divides precipitation into rainfall

and snowfall based on the minimum and maximum air temperature imagie. Snow would
accumulate homogenously across the basin and melt gradually as a function of ambient
temperature, snowmelt temperature, and a dedpggecoefficient, se&quations A.1 and A.3 in

Appendix A.In contrast to the Degrd@ay snow routine, # CemaNeige module provides a

spatially variable representation of snow processes in the basin. In this module, the basin is first
divided into five elevation zones with equal areas. The observed precipitation and temperature
values are then found in eaztine based on the difference between the average elevation in the
]JRQH DQG WKH EDVLQYV PHDQ DOWLWXGH XVLQJ DQ HOHYD)
processes are simulated in each zone separately. The precipitation is divided into snowfall and
rainfall based on the air temperature, like the De@ag snow routine. In contrast to the Degree

Day snow routine, the CemaNeige module tracks not only the accumulation of snow patrticles but
DOVR WKH VQRZSDFNTV WHPSHUDW Xdadh tinidstdp ¢ @gtrdeted BNaf|V W H
ZHLIJKWHG DYHUDJH RI DLU WHPSHUDWXUH LQ WKDW WLPHVW
WLPHVWHS ZKLOH FRQVLGHULQJ WKH ZHLJKW DV D PRGHO
temperature is below zero, the positivel@ent temperature does not melt the snow. If the snow
temperature reaches zero, the potential snowmelt is estimated using adadggceefficient. In

the last step, the potential snowmelt is multiplied by the snow coverage factor. The snow coverage
factar is the ratio of accumulated snow over the snowpack required to cover the zone, which is
suggested to be about 90% of the lbagn mean annual snowfall. For more information on the

CemaNeige snow module, please refevabery (2010) Both DegreeDay and CemaNeige snow
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routine modules are coupled with the HBAYTL and GR4J hydrological models in this study to

understand their importance for streamflow simulations in our case study.

5.1.4 Calibration of developed hydrological models

The exjained procedure ilChapter 4 is followednhereto calibrate and validate the developed
hydrological models. In brief, in order to find optimal parameter sets, the historical data is split into
burn-out, calibration, and validation periods O HP H & ; Gharari et al., 2013)The first six

years of climat data are used in the buont period. Twethird of the remaining data is used in

the calibration process to find the optimal parameter set, which yields the lowest error measure.
Here,the Euclidean distance between (1,1) and the annual and daily K&tirees used as the
objective function to be minimizeGupta et al., 2009)To solve this optimization problem, the
Shuffled Complex Evolution algorithf8CEUA; Duan et al., 1993; Yarpiz, 2021) applied. In
addition to the optimized parameter set, an envelope of abbegarameter sets, which could
result in KGE>0.5 on daily and annual scales, are extracted from a uniform probability function
following the GLUE approackMigliaccio & Chaubey, 2008; Mirzaei et al., 201%5)jnally, the
performance of different models using optimized an@piable parameter sets is evaluated during

the validation period. Accordingly, to the number of optimized and acceptable parameter sets, each
hydrological model configuration generates multiple realizations of natural flow conditions

5.2 Result

5.2.1 Upstream flow regime

5.2.1.1 Flow annual hydrograph

The expected annual inflow hydrographs to the Oldman Reservoir, simulated by 16 different
hydrological model setups, are compared with the observed values during the historical period in
Figure 5.2In this figure thetop ard bottom rows show the resultstdBV-MTL and GR4J models,

respectively, while left and right columns represent the outcomes of hydrological models coupled
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with DegreeDay and CemaNeige modules, respectivityeach panel, thnflow hydrographs

and perfomance measures (KGEje presented faifferent configurations of each hydrological
representationThe higher the value of KGE, the higher the statistical accordance between
simulated and observed historical daily inflow throughout the historical pétitbetbugh the peak
inflow timing is estimated properly with all models, its intensity is estimated more accurately using
DegreeDay than the CemaNeige module. Nevertheless, the performance of models with Degree
Day and CemaNeige modules depends also ondhsidered season. For example, models with
the CemaNeige modules outperform the ones with the D&magenodule in early summer as the
CemaNeige snow module can preserve snow in thedieation areas longer than the Degree

Day module.

Comparing left and right columns in Figure 5.2 shows that different configurations of hydrological
models with Degre®ay snow module estimate the expected hydrographs similarly. However, in
the models that use the CemaNeige module, the estimated expgtiegraphs deviate more from
each other. In general, senistributed models simulate the peak flow intensity more precisely

Table5.1 Performance of the 16 applied hydrological setups in estimating the historical
inflow to the Oldman Reservoir, based on the KGE performance measure, during tt

calibration and validation periods.

DegreeDay CemaNeige

Configuration Calibration Validation Calibration Validation
HBV-MTL LP 0.90 0.76 0.89 0.84

LG 0.89 0.65 0.87 0.64

SP 0.93 0.81 0.91 0.83

SG 0.92 0.67 0.90 0.66
GR4J LP 0.88 0.82 0.88 0.86

LG 0.88 0.72 0.86 0.72

SP 0.92 0.83 0.90 0.84

SG 0.89 0.65 0.89 0.68
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than lumped models. Comparing to the grased models, poufitased configurations show
slightly higher performance measures. tatenparison between the top and bottom rows indicates
that the usage of the hydrological model has a less vivid impact on the estimated inflow hydrograph
than other modeling specifications. Although GR4J models better estimate the peak flow intensity
when coupled with the DegrePay snow module, these models are outperformed by the-HBV
MTL models when coupled with the CemaNeige module. Despite the described differences, which
are mainly rooted in the used snow routine model, all configurations of hydralagodels
provide statistically similar estimations to the observed fldable 5.1 presents the statistical
similarity (based on KGE) between the observed and simulated historical daily inflow to the
reservoir, using 16 developed hydrological model stines, during the calibration and validation
periods As expected, the developed models better performed during the calibration period than the
historical period, more notably in grlthsed structuresin general, the reported performance
measuresshow that all model configurationsperform acceptabt during the calibration and
validation periodsHence, all hydrological model setups are approved to be used for projecting
future inflow hydrographs.

The future annual inflow hydrographs, simulated by the 16 different hydrological models under
RCPs 4.5 and 8.5, are presented in Figures 5.3 and 5.4, respectivetgp Tdrel bottom rows
presenthe simulationsof HBV-MTL and GR4J models in these figuresspectively. Moreover,

the left and right columns show the results of the models using DBggeand CemaNeige snow
modules, respectivelyn each panethe shaded areas represent the envelopes of simulated inflow
hydrographs, using an envelope of a6 DEOH SDUDPHWHU VHWY DQG *&0V]
configurations of the respective hydrological representation. The median of the annual hydrograph
envelopes, simulated using each configuration, is shown by solid lines with different colors and
markers All models unanimously show an increased peak flow intensity relative to the historical
conditions. Under both RCPs, the hydrological models with the Déggesnow module project

more intense and earlier peak flow compared to the CemaNeige modulestortdli period.
Nonetheless, in comparison with the historical observation, lumped configurations in the models
with the CemaNeige snow module estimate a forward shift in the peak flow timing, while semi
distributed configurations of these models progantier peak flow conditions, see right columns
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of Figures 5.3 and 5.4. Focusing on the left column of these figures illustrates that the accelerated
snowmelt processes in the future that caused the massive changes in the peak timing result in an
earlier dop in the inflow intensity and, subsequently, lower inflow rate during late spring compared
with the historical period. Conversely, the medians of the projected inflow hydrographs by model
coupled with the CemaNeige snow module are consistently higheithkahistorical flow rate

under both RCPs throughout the year. Comparing the top and bottom rows in Figures 5.3 and 5.4
highlights the role of hydrological model structures in estimating future annual inflow hydrographs.
As shown in these panels, HBMTL models project more intense and earlier peak flow conditions

and smaller low flow intensity than the GR4J models. However, the influence of the considered
snow module on the estimated future flow hydrograph projections seems more evident than the

choice béween the hydrological models.

Comparison between the estimated inflow by various developed configurations reveals that the
divergence between different setups of models with the Ddgmgenodule is more visible than
models with the CemaNeige modulaterestingly, such a difference between the estimates of
model setups is more evident for CemaNéigeed models than models with DegbBsgy snow

routine in the baseline period. This means that the behavior of models in the past may vary in the
future, aml it is better to use an ensemble of models for impact assessment. In the models with the
DegreeDay module, the poidbvased and lumped configurations show less intense and earlier peak
flow conditions than gricbhased and senrdistributed models, respeatly, in the future period.
However, in the models using the CemaNeige module -detnibuted models project less intense

and earlier peak flow conditions than lumped models. On the differences between future scenarios,
one can observe that generally unBE€P 8.5, less severe flows with earlier peak flow conditions

are expected in the future in comparison to the RCP 4.5. With that said, these observations are
based on the expected flow hydrograph and considering the peak weekly flow. In the following

secton, the results for the assessment of daily flow are provided.
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Figure5.2 Comparison between the simulated (solid colored lines and shaded areas

observed (solid black line) expected annual inflow hydrographs reaching the Oldman Re

during the historical period using 16 different hydrological setups, including luengkdemi

distributed structures of 4 hydrological representations{(aeHBV-MTL with DegreeDay
module, (b) HBVMTL with CemaNeige module, (c) GR4J with Degiieay module, and (d)
GR4J with CemaNeige module, developed based on-@oidtgridbased mput data
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Figure5.3 Median and ensemble of projected expected annual inflow hydrographs (s

colored lines and shaded areas, respectively) under RCP 4.5 using 16 different hydrol

setups, inkding lumped and senrdistributed structures of 4 hydrological representations,
(a) HBV-MTL with DegreeDay module, (b) HBVMTL with CemaNeige module, (c) GR4.
with DegreeDay module, and (d) GR4J with CemaNeige module, developed based on |

andgrid-based input data, compared with the historical observed annual expected hydrc
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Figure5.4 Median and ensemble of projected expected annual inflow hydrographs (s
colored lines and shaded areas, respectively) under RCP 8.5 using 16 different hydrol
setups, including lumped and sedistributed structures of 4 hydrological representegja.e.,
(a) HBV-MTL with DegreeDay module, (b) HBVMTL with CemaNeige module, (c) GR4.
with DegreeDay module, and (d) GR4J with CemaNeige module, developed based on |
and gridbased input data, compared with the historical observed annual exipgdtedraph.
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5.2.1.2 Streamflow signatures

Different flow signatures, including §4Q99), 5¢" (Q50), and 19 (Q10) percentile, as well as

peak flow timing of the daily inflow during the historical and future periods, are presented in Figure
5.5. Each boxplot contains the specific flow signatures of every component of the daily inflow
envelope, simulated by the respective configuration. As discussed in the previous section, the
simulated inflow envelops during the historical period consist of sitedlinflow timeseries using

all acceptable parameter sets in each hydrological modeling setup. Moreover, in the future, this
envelope is simulated by using all combinations of the noted acceptable parameter sets with various
*&0VY SURMHFW L FRRQR. AX §hGn ihFigud- K5 the hydrological models mainly
underestimate the high flow conditions, i.e., Q99, during the historical period. Nevertheless, HBV
MTL provides higher values for Q99 than GR4J during the historical period. It is noteworthy to
mention that although the estimated values of daily Q99 appear to be more sensitive to the
considered model structures than employed snow modules, it is discussed previously that the values
of weekly peak flow intensity are more subjective to the use of sootine than the structure of
thehydrologicalmodel. To justify this observation, we can argue that during extreme rainfall and
snowmelt events, leading to extreme flow conditions, the delayed storages in the hydrological
models would not be able to stamost of the incoming water, hence direct the excess water to the
outlet. Moreover, in this particular study area, which is not a huge one, the routing functions of the
hydrological models were found to delay the water less than a week. Therefore, riflediyal

model is mainly effective on the daily peak flow conditions. The critical component in the peak
weekly flow generation in a snedominated basin, like the Oldman River Basin, is the
accumulated snow when the heat arrives. Therefore, the estiweskly peak flow conditions are

susceptible to the utilized snow module.

The results show thall models project an increase in Q99 in the future. This increase in the high
flow conditions is more noticeable using the HBML than GR4J hydrological modks.
Furthermoremodelswith DegreeDay snowmoduleproject generally higher Q99 in the future,
comparing with the models using the CemaNeige modiie. high flow intensityprojected by
lumped configurations in the models withe DegreeDay moduleis larger under RCP 4.5 than
RCP 8.5 throughout the century, while in the sdrstributed set up of these models, Q99 is quite



54

similar under both RCPs. However, using the models with CemaNeige, the estimated high flow
conditions under RCP 4.5 are greater th@#PR8.5 during the sherand midterm future, whereas

itis inverse for the longerm horizon. Hence, the sensitivity of estimated Q99 in the future depends
not only on the emission scenarios but also on the applied hydrological model res@letjon
lumped or semdistributed)and snow routine representatiavith the usage of hydrological model,

whether HBVMTL or GR4J, being less effective on this sensitivity.

Figure 5.5 also shows that all hydrological representations overestimate tlewnabndtions,

i.e., Q50, during the historical period. It seems that while the usagethfdh@ogical models and
snow routine des not have a meaningful impact on the estimated Q50;csstmibuted models
provide more similar values of Q50 to the observation than the lumped structures. During the future
period, all model configurations project an increase in-ftoid intensity. This augmentation is
more noticeable in the lumped than sethisitributed models, especially when we use the point
based input data. In addition, although the values ofa@&@lmost similar under both RCPs in the
shortterm future, higher variation in thssgnature is projected under RCP 8.5 than RCP 4.5 in the
long-term future. Accordingly, the difference between estimated Q50s under two RCPs in the long
term future is more evident using tBegreeDay module. In general, more intense Hiliow
conditionsare estimated in the future by GR4J, especially when coupled wilfetireeDay snow

routine module.
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Figure5.5 Boxplots of different inflow signatures estimations during the historical and ft
peliods using multiple hydrologicaépresentations.e., (a) HBVMTL with DegreeDay
module, (b) HBVMTL with CemaNeige module, (c) GR4 with Degibay module, and (d)
GR4J with CemaNeige module, based on historical data and different climate projeatien

RCPs 4.5 (blue outline) and 8.5 (red outline).
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In addition to these observations, Figure 5.5 also illustrates that whileMIBVYmodels slightly
underestimate the loflow conditions, the estimations of Q10 in these models are closer to the
observedhistorical conditions in comparisdo GR4J models which overestimate this signature.
Moreover, modelsvith the DegredDay moduleestimatea slightly largerestimation for Q10 than
models usingheCemaNeigasnow routingespecially when coupled with thd&R@J model. Similar

to the historical period, the HBMITL models project a lower Q10 than the observed historical
conditions in short and miterm future horizons, whilst an increase in this signature is expected in
the longterm future. However, GR4J mddeproject an increase in all future horizons.
Approaching the end of the 2tentury, the estimated Q10 under RCPeXx&eedghe projected

low-flow conditions under RCP 4.5.

The impact of usinghe different hydrological modedetupson the estimated timing of the peak
inflow during the historical and future periods is also presented in FigurBdséd on the results,
while models withthe DegreeDay module project slightly earlier peak flows, CemaNeige models
provide later peak fl@ timing during the historical period. To a more limited extent, HBVL

models also estimate earlier peak flow timings than GR4J models during the historical period. In
general, semdistributed and poiAbased models better resemble historical peak tioving
comparing to the lumped and giidsed models, respectively. In the future, pbeded
configurationsof modelswith theDegreeDaymoduleproject earlier peak flows than the historical
conditions. In contrast, grdased structures of these modetsimate future peak flow timing
relatively similar to the historical conditions. Nevertheless, CemaNeige models project a forward
shift in the peak flow timing, especially under RCP 4.5. In general, hydrological models project
earlier peak flows under RE8.5 than RCP 4.5, with the difference being more dominant using the

models withthe CemaNeige snow module.
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5.2.2 Reservoir operation

5.2.2.1 Reservoir volume

The generated inflows using the hydrological models are used to simulate the reservoir volume and
outflow. Figure 5.6compareghe observed reservoir volume with the simulated storage using
multiple configurations (boxplots with different colors) of different hydrological representations
(rows)during the historical periodn this figure, the calculatedifferences between the simulated

and observed annual expected reservoir vol(uaa?) are upscaled to fowweek intervals by

taking the average of the storage during each interval to better summarize the impacts of utilized
hydrological representations on the slated reservoir volume. The boxplots in this figure contain

the estimated reservoir volume, using the inflow envelopes, simulated by different configurations
of hydrological representations considering multiple acceptable parametefssetan be sae

the envelope of simulated reservoir volume using HBV models better captures the historical values
than GR4J models during the low water level conditions in winter. Focusing on the high water
level period in summer elucidates thabdels with theCemaNege module more precisely
reproduce historical reservoir volume thie DegreeDay snow routine However,models with

the DegreedDay moduleslightly better perform during fall in comparison teose withthe
CemaNeigemodule In general, based on the sttttal measures provided in the figure, it is
apparent thatnodels with theCemaNeigenoduleoutperformthose with the DegreBay module
throughout the year. Intercomparison between model configurations showshéhaemi
distributed and poinbased confurations oimodels using th€emaNeigesnow routingprovides

the highest accuracy in estimating the historical reservoir volume.
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Figure5.6 The difference between observed and simulated annual expected reservoir voluthedamthe historical period
using the simulated inflow by different configurations (boxplots with different colors) of multiple hgdraloepresentations (rows),
i.e., (@) HBVMTL with DegreeDay module, (b) HBWTL with CemaNeige module, (c) GR4J with Degiay module, and (d)
GR4J with CemaNeige module, considering ensembles of acceptable parameter sets. The KGE performande ewmcspaasel
show the performance of sewthistributed and lumped structures of the respective hydrological representation, developed using point

based and grithased climatic data.
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Uncertainty boundary-RCP 4.5 Median of the projected reservoir volume-RCP 4.5
Uncertainty boundary-RCP 8.5 Median of the projected reservoir volume-RCP 8.5

. (@) HBV-MTL with Degree-Day . (b) HBV-MTL with CemaNeige .  (C) GR4J with Degree-Day . (d) GR4J with CemaNeige
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Figure5.7 Median and ensemble pfojected expected annual reservoir volume (solid lir
and shaded areas, respectively) under RCPs 4.5 (blue) and 8.5 (red)oudifigrent
hydrological setups, including lumped and selisiributed structures of 4 hydrological
representations, i.e., (a) HBMTL with DegreeDay module, (b) HBVMTL with CemaNeige
module, (c) GR4J witibegreeDay module, and (d) GR4J with CemaNeige module,
developed based on poimind gridbased input data, compared with the historical observ

annial expected hydrograph.

The projected reservoir volume using different hydrological model setups and 19 GCMs under
RCPs 4.5 and 8.5 is presented in Figure 5.7. As shown in this figuraptheds with the Degree

Day snow moduleshow high water levels wadilhappera few weeks earlier than the historical
period which can affect the businessusual reservoir operation to release water earlier to
mitigate dam overtopping. However, this may lead to low reservoir storage in summer in
comparison to the hist@al period. Given the high irrigation water demands during summer, such

conditions may cause challenges in meeting local water demarastrast with the Degreleay
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Figure5.8 Comparison btween the simulated (boxplots) and observed (dot line}tkenmgy
expected annual water deficit in the water supply tddbal downstreanusers during the
historical period using 16 different hydrological setups, including lumped aneds&mnihuted
structures of 4 hydrological representations, {&.HBV-MTL with DegreeDay module, (b)
HBV-MTL with CemaNeige module, (c) GR4J wiilregreeDay module, and (d) GR4J with

CemaNeige module, developed based on paimd gridbased input data

snow routine models with theCemaNeigeanoduleestimate a higher reservoir volume thae t
historical period throughout the yeaneaning less challenging reservoir operation is expected
during low flow than high flow seasonSomparing the model projections under two RCPs shows
that larger reservoir water volume earlier in spring and loateres in summer and fall is projected
under RCP 8.5 in comparison to RCP 4.5. Therefore, a more challenging reservoir operation is

anticipated under the higher emission scenario.

5.2.2.2 Downstreamwater supply to local demands

The differences between the simulated inflow and reservoir volumes using different models can
signify that there might be diverging outflow estimated by them too. Figureosares long

term expectegimulatedand observedater deficit during the historical periodlhe water deficit

is defined as the annual shortage of supplied water to the local water users relative to their annual
water demand. In Figure 5.8, each boxplot contains thetking average water deficit, esated

by multiple acceptable parameter sets used in the respective configuration of the hydrological

representationrAs shown in this figure, whilenodelswith the Degreébay snow routingend to
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Figure5.9 5-year moving average of projected water deficit under RCPs 4.5 (left panel
8.5 (right panel)using 16 different hydrological setups, including lumped and-skstributed
structures of 4 hydrological representations, {@.HBV-MTL with DegreeDay module, (b)
HBV-MTL with CemaNeige module, (c) GR4J wiilregreeDay module, and (d) GR4J with
CemaNeige module, developed based on pant gridbased input data

overestimate the water defiamhodels using th€emaNeigenodulegenerally underestimate these
conditions. If only the optimized realizations are evaluated, it can be seen that the performance of
modelswith the DegreeDay andCemaNeiganodulesin estimating the water deficit is relatively
equivalent. Focusing ohé uncertainty boundaries shows that the mantelpled with the Degree

Day modulecapture the historical conditions between th® 26d 7% percentile In contrastthe
observed historical water deficit stands higher than tHep@Bcentile of the estiated water deficit

in lumped representations wiodels with theCemaNeigenodule
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Figure 5.9 represents theybar moving average of the projected local water deficit in the future,
using different hydrological models under both RCPs. It is evidenced that maitheise Degree

Day moduleproject higher water deficit throughout the century thase with theCemaNeige
module Moreover, GR4J models suggest a slightly greater water deficit in the future than HBV
MTL models. Generally, senrtistributed structures psent a higher degree of water deficit in the
future comparing to the lumped representations, except foitbgedd configurations of GR4J
coupled with the DegreBay snow routineUnder RCP 4.5, the projected water deficit rises in the
mid-term future ad is followed by a decrease in the letggm future. Conversely, the estimated
water deficit under RCP 8.5, using different hydrological models, follows a meaningful ascending
trend throughout the century. Therefore, satisfying the local water demargs@idman River
Basin would be more challenging following the high emission scenario in the future.

5.3 Conclusion

Proper management of water systems is becoming challenging as historical characteristics of
streamflow are changing duetteewarming climateln this chapter, the impacts of climate change

on the water system in Oldman River Basin, Alberta, Canada, is evaluated, with the primary goal
of understanding the importance of the hydrological modeling approach in such assessments. For
this purpose, 16iflerent setups for hydrological modeling and estimation of natural streamflow
are considered. These inclumh® choices for input data resolution (peiahd gridbased), model
resolution (lumped and serdistributed), model structure (HBMTL and GR4J),and snow
routine module (DegreBayand CemaNeige). The performance of these models is evaluated, and
they are then coupled witlhireservoir water allocation model to estimate reservoir volume and
outflow. For climate change impact assessments, the owtpplfisclimate models under RCPs 4.5

and 8.5 are used as climate input data in the coupled hydrolafjmadtion models to project

future natural flow and reservoir dynamics and evaluate the efficacy of exrssegvoirs

operation plans in the future.
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Based on therovided dscussionover the resultswe canarguethat hydrological modeling
uncertainties can affect the assessment of climate change impact on different levels of water
systems. It is evidenced that using multiple hydrological models with different resolutions can
potentially decrease the vulnerabildf/the assessments by raising knowledge about uncertainties
in the simulationsThis study illustratethe sensitivity othe flow conditions andater allocation

in a snowdominated basin in Western Canada. The generalizability of findintgs studycan

be further investigated by applying this framework in other study areas with different, or even
similar, hydrological characteristic®espite the differences between the model outputs, the
consensus is the rising intensity of peak flows and wateritdiefithe future, especially under RCP

8.5. Hencepn the local leveljt is necessary to revise the established Oldman reservoir water
allocation plans to mitigate climate change's adverse impacts on the water Bysthermore, on

the global level, iis vital to better manage anthropogenic activities to diminish carbon emission

and move towards RCP 4.5 in order to reduce risks of failure interngfuture.
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Rapid changing climatic conditions is altering the water system onatifféevels and exerting

more pressure on the current water allocation plans. Results showrihgtttie historical period,

all hydrological models show acceptable performance considering the estimated error measures.
Yet, focusing on specific characteits of the natural flow reveals meaningful differences between
the models. In particular, the estimation of weekly peak flow intensity depends mainly on the
considered snow representation mo@elring the historical perigdnodels with the DegreBay

snow routine better resembles the obserwdekly peak flow intensitghan models with the
CemaNeigemodule Similarly, the timing of weekly peak flow is governed by the utilized snow
module. Hydrological representations with the Degi2ay and CemaNeigenodulesprovide an
underestimation and overestimation of the peak flow timing during the historical period,
respectively. Nevertheless, the structure of the hydrological models can play a critical role in
estimating daily low and peak flow intensities. Intfaélse simulated Q99 by HBWITL models is

more in accordance with the observed values in comparison to GR4J models. In additien, HBV
MTL and GR4J underestimate and overestimate Q10, respectively. In contrast, the model
resolution is important faherepresentation ofthe mid-flow signature, with a better estimation of

Q50 in semidistributed models than lumped models.

In the future, a great increase in the intensity of-Jowid-, and highinflow to the Oldman
Reservoir is expectedowever the signifi@ance of this transition depends on the used model.
Similar to the historical period, snow routine modules and the utilized hydrological model influence
the intensity of peak flows. While modelgth the Degredday moduleestimate distinctively
higher peaklow intensities thamodels using th€emaNeigesnow routineon the weekly scale,
HBV-MTL models project more severe high flow conditions than GR4J models on the daily scale.
The timing of this peak flow is greatly affected by the usage of snow modeie. Mfiresentation
based on th€emaNeiganoduleproject a forward shift in timing, modelgith the DegredDay

snow routineexpect earlier peak flow conditions. Following the historical period, the projected
mid-flow conditions in the future are mainly den by the model resolution, and lumped models

suggest more rise in mitbw intensities than sendistributed modelsThe lowflow intensityin
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the futureis primarily controlledby the usage offiydrologicalmodels andHBV-MTL models
provide lower estimations of Q10 than GR4J models. Moreover, comparing different estimated
flow conditions under 2 RCPs reveals the sensitivity of projected floaracteristicso the
emission scenario$n particular, he results indicatthat, under RCP 8.5, more extreme changes

in the peak flow timing and intensigre expected than the RCP 4.5, especially in the tiemg

future.

Because snowoutine modulesappear to have a more dominant impact on the weekly flow
intensities, these adels are reckoned on affecting the reservoir operation more than the structure
of the considered hydrological models and their spatial resolution. The results approve that the
models using th€emaNeiganoduleoutperformthe ones with the Degrd@ay snowroutinein

the historical period, especially during high reservoir volume in summer. However, this dominance
is not consistent as, for instance, modeith the DegreeDay snow routinebetter reproduce
reservoir volume in summer during the historical peribhe differences between the simulated
reservoir dynamics using different hydrological models propagate to the evaluation of water supply
deficit to local demands. Althouglsing theCemaNeigesnow routingprovidesa generally more
precise estimation dhe reservoir volume thahe DegreeDay module modelswith the Degree

Day snow modul®etter estimate the water deficit during the historical period. This is essentially
due to the more accurate simulation of reservoir volume by mediéisghe Degredday snow
module in summerwhen agricultural sector demarnmlits pressure on the depleting reservoir

volume.

Similar to the historical period, snow modules have the primary influence on the simulated
reservoir dynamics in the fututdodels with theDegreeDay snow routinsuggest that high water

level conditions would occur earlier in the futucempared with the projections of models with

the CemaNeige module. Moreover, the expected reservoir volume during summer and fall,
projected by models witBegreeDay snow module, drops below not only the simulated reservoir
volume by models with CemaNeige snow routine but also the historical conditfosgtansition

in the reservoir volumis vividly reflected in the estimated water deficit in the futwheen models
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with the DegreeDay modulesuggest a considerably larger water shortage tiaatels with the
CemaNeige madule Results illustrate the importance of emission scenarios on the evolution of
water deficit throughout the century. Under RCP 4.5siagitrend in water deficit in the shert
and midterm future is followed by a descending trend in the {@mm future, while under RCP

8.5, an ascending trend in the projected water deficit is observable throughout the century.
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Changes in temperature and precipitation due to warming climate can alter the characteristics of
water availability. Such changes can degrade the efficacy of existing water allocation plans, which
are developed based on historical climate and fiegime conditions. Hydrological models are

used to represent various hydrological processes to estimate flow conditions in the basin. However,
using different specifications in the structure of these models leads to inconsistent estimation of
flow charateristics. Although these differences might be negligible during the historical period,
applying these models to study the hydrological system under changing climatic conditions can
cause more notable divergence in the estimated flow characteristicsstuithys analyzes the
importance of the hydrologic system representations in evaluating the effects of climate change on

a water resources system in western Canada.

A multi-model framework is developed to holistically represent the water system conutittbas

future in this area. In this framework, four hydrological representations are generated by coupling
two hydrological models, i.e., HBWITL and GR4J, with two snow routine modules, i.e., Degree

Day and CemaNeige. For each hydrological representatimped and serddistributed structures

are developed based on peirand gridbased climatic data, which yields four different
configurations of each hydrological representation. Therefore, in total, 16 various configurations
of hydrological representatis are used in this study. Each configuration of the hydrological
representation is calibrated against the historical observed inflow to the Oldman Reservoir, using
the historical observed climatic data to find the optimal parameter set. Moreover, multiple
acceptable parameter sets are sought through an uncertainty assessment technique. The found
acceptable parameter sets, along with the optimal one, are utilized in the model to generate an
envelope of simulated flow to address the importance of parametgetainty in the hydrological
modeling.The developed hydrological representations are tdozipled with a water allocation
model, an emulation of the WRMM model, to estimate reservoir volume and release following the
current reservoir operation plansdgarding the future projections, the outputs of 19-btasected

GCMs under two scenarios, RCPs 4.5 and 8.5, are fed into the developed ensemble of coupled

hydrologicatwater allocation models to simulate inflow conditions and reservoir dynamics.
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Resultsindicate that all developed hydrological models provide a statistically accurate estimation
of natural flow conditions and reservoir dynamics during the historical period in the headwater of
the Oldman River Basin. However, these models have dissimittorip@nces in reproducing
different characteristics of the water system. For instance, although weekly peak flow intensity and
timing are mainly sensitive to the usage of the snow module, dailyflelghconditions are
primarily determined by the utilizeldydrological models. The reason for this observation is that
the hydrological models route the extreme water inflow during massive snowmelt periods through
functions with less than a week of delay in this study area. Therefore, on the weekly scale, the
primary determinant of the peak flow conditions is the accumulated snow when the temperature
rises in spring, directly related to the usage of the snow routine module.

7KH GLVVLPLODULW\ EHWZHHQ PRGHOVY RXWSXW\ndti®y H[DFHL
conditions. While the resolution of model structure and input data does not highly affect the
simulated flow conditions in the historical period, models calibrated using-lpaged climatic

data project higher peak flow intensities in the future ttmodels based on grlwhsed input. On

the one hand, although the hydrological models with DeQaemodules project a backward shift

in the timing and rising trend in the intensity of weekly peak flows, the models with CemaNeige
estimate a relatively saey timing for an intensified weekly peak flow. On the other hand, HBV
MTL models project more severe daily peak flow conditions than GR4J models. Similar to the
daily peak flows, the choice of hydrological model (HBM L or GR4J) can affect the estimated
values of the lowllow intensity. In general, HBAMTL models expect more severe ldlow
conditions than GR4J models. Conversely, the applied model resolution, lumped vs. Semi
distributed representation, plays a prominent role in the accuracy dkawidntensity estimation.

In fact, lumped models project higher rfldw intensity in the future. Intercomparison between
projected natural flow conditions following different emission scenarios shows that generally under

RCP 8.5, more extreme changes in théewaystem conditions are expected than under RCP 4.5.
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Analyzing the reservoir dynamics simulation during the historical period shows that while peak
flow intensity is more affected by the input resolution, estimated reservoir volume is more notably
affected by the applied spatial disaggregation in the model structure. In general, lumped models
tend to underestimate the historical reservoir volume. Moreouan ghe critical role of snow
representation methods in the performance of the hydrologicalmdbde usage of these models
also affectghereservoir water level and outflow simulations. In genesgresentations with the
CemaNeige module better reproduce the historical reservoir water volumthé¢hBregreeDay
snowrouting especially duringspring However,models with the DegreBay moduleestimate

the reservoir volume more appropriately for sumthan those with thEemaNeigenodule Using
models withthe DegreeDay snow routine areduction in the reservoir volume during summer is
projeced comparedto the observed historical conditions. This reduction causes a rise in the
projected water deficit. This can be due to projections of earlier peak flow tamahghifts in the
annual expected hydrograpking these modelsMoreover, water défit conditions were found

to be more sensitive to the spatial disaggregation of the hydrological model than the input
resolution, where lumped models project more server water déficiontrasto the Degreday
module becausenodels with theCemaNeig moduleproject a peak flow timing similar to the
historical period, the projected water deficit using these models is meaningfully lower than using
modelswith DegreeDay snow modulesThe rate of water scarcity in this region also depends on
the futureemission scenario too in the future. Under RCP 4.5, the water deficit would rise until the
mid-term future and then decline afterwarddpproaching the end of the century. However, an
ascending trend in the water deficit is estimated under RCP 8.5,nmgactiimax in the 2090s due

to consistency in rising temperatures.

This study show that under changing climatic conditions, the assessment of climate change
impacts on the water system can meaningfully depend on the utilized hydrological modeliag setup
Using an ensemble of hydrological and climate models to represent the future water system
conditions can decrease the vulnerability oftlmpvn assessments to the embedded uncertainty in

the models. Here, despite the discussed dissimilarities betweegB HMOVY SHUIRUPDQFH
consensus is the intensified peak flows and water deficit in the future, especially under RCP 8.5.
Thereforeyevisingthe longlasted reservoir water allocation plans is required to diminish climate
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FKDQJHTV XQGHYV LtbeDHdnah wdres ByBt¥vhilR Qis study mainly analyzes the

effects of climate change on the availability of water resources, water demand is assumed to follow

a similar pattern to the historical period. Therefore, it is informative to address thegxisti
relationships between the water demand and hydroclimatic conditions in the water allocation
processes. Moreover, it is suggested to apply the described framework in different areas using the
newly released CMIP6 model outputs instead of CMIP5 usedsrstindy to better highlight this
IUDPHZRUN V VHQVLWLYLW\ WR WKH EDVLQYY FKDUDFWHULVW
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APPENDIX A DESCRIPTION OF THE HBV -MTL HYDROLOG ICAL
MODEL

The developed hydrological model, HBWTL, is a derivative of the HBV model with some
modifications to better represent hydrological processes in cold regions (please see Figure 3 for the
schematic of this model). In HBWITL, the precipitation is assumed to be in the form of either

rain or snow or a combination of both using an air temperature threshold (E¢Téddtteet al,

2007) If the precipitation is in the form of snow, it is assumed thastimv is accumulated to

form a snowpack. The snow depth at each time step is estimated based on the initial depth of snow,
snowfall, and the refrozen retained water in the snow (Eq. A.2; ds represents the simulation
timestep). The precipitation input datathe model should be in the form of liquid water. In other
words, instead of snowfall data, the snow water equivalent of snowfall should be entered into the
model. Accordingly, the estimated accumulated snow is the water equivalent of the snowpack. In
this study, the snow density is assumed to be 10 percent of water density to convert snowfall to

rainfall.

The snowmelt is simulated based on the dedeemethodSeibert & Vis, 2012)In brief, the
accumulated snow would change its phase to liquid when the ambient temperature exceeds the
melting threshold. Accordingly, the snowmelt simated in the model as a function of the degree

day factor, as well as the difference between air temperature and melting threshold (Eqg. A.3). The
degreeday coefficient depends on various factors such as the characteristics of the basin and is
typically assumed to be a constant value between 1.6 and 6 n{l/SCDept. of Agriculture,

2004) This coefficient can also be estimated as a function of air temperature and snow
accumulation(Bergstrom, 1975)Although the meltig threshold is usually considered equal to
zero, it can vary spatially based on the altitude and geographical characteristics of the study area.
It is assumed that this threshold is between 0 °C and(®vadg & Melesse, 2005)n this model,

it is assumed thate melted snow would not leave the snowpack instantly, and the water is retained
in the pores of the snowpack until these voids are full of water (Eq. A.4). The volume of these
pores in the snowpack, which represents of the snowpack capacity to reeinisvassumed to

be proportional to the snowpack volume. The retained water in the snow medium can refreeze if

the air temperature drops below the refreeze threshold (Eqg. A.5). The refreeze threshold is assumed
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to be the same as the snowmelt thresholdH VQRZSDFNYV SRUHYV DUH ILOOHG
UHWDLQHG ZDWHU H[FHHGV WKH VQRZSDFNfV FDSDFLW\ WR
leave the snow medium. The retained water is estimated dynamically based on rainfall, snowmelt,

refrozen retaiad water and the water which leaves the snowpack (Eq. A.6).

The rain, melted snow, or their combination can either directly infiltrate the soil or flow over the
surface, based on the free liquid water, the infiltration capacity, and soil temperature. Soll
temperature indicates whether the soil is frozen or not, and it is estimated using the method
developed byZhenget al, 1993) In this approach, soil temperature in each timestep is calculated
as a function of initial soil temperature, as well as the elelagnaverage faair temperature and

the existence of the snowpack over the surface (Eqg. A.7). If the soil temperature is more than the
frozen soil temperature threshold, it means that the soil is not frozen. Accordingly, the infiltration
into the unfrozen soll is estirtedd based on the modified SCS method used in the SWAT model
(Neitsch et al., 2011)

On the one hand, if the soil moisture is less than the wilting point, more free water would infiltrate,
and less runoff would be generated. Therefdre,spil curve number (CN) will be revised (Eq.
A.8). On the other hand, if the soil moisture is close to the field capacity, the ratio of free water,
which turns to runoff, would increase. This increase in runoff is reflected in the model by revising
the @il CN (Eq. A.8). If the soil temperature is less than the frozen soil temperature threshold, it
means the soil is frozen. Consequently, CN is revised based on the level of soil saturation and its
physical characteristics. The higher the soil moisturéenftozen soil, the higher the CN and the
lower the infiltration capacity (Eg. A.9). The frozen soil coefficient in the equation shows the
pattern of soil moisture impact on the infiltration capacity of different types of frozen soils.
Retention and initlaabstraction are calculated based on the revised CN (Eqg. A.10 and A.11,
respectively). The runoff is estimated using the calculated initial abstraction and retention (Eq.
A.12). The amount of free liquid water, which does not turn to runoff, would atéltio the soll

(Eq. A.13).
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A part of infiltrated water into the soil would be absorbed by soil particles and cannot move freely
in the soil medium. The free water in the soll layers infiltrates the deep soil layers. The portion of
water in the soil medim, which infiltrates to the shallow and deep groundwater tanks, depends on
the initial soil moisture in each timestep and the field capacity (Eq. A.14). The remaining infiltrated
water, which is absorbed by soil particles, contributes to the soil mo(&qré\.15). In addition

to infiltrated water into the soil, evapotranspiration affects the soil moisture. Actual
evapotranspiration is calculated based on potential evapotranspiration and soil moisture conditions
(Eq. A.16). If the longerm average of epotranspiration and temperature data are available,
potential evapotranspiration can be computed based on the deviation of the temperature from the
long-term mean temperature. Otherwise, different evapotranspiration models can be used to
calculate potendil evapotranspiration. In this studytargreaves & Samarfil985) temperature

based evapotranspiration model is used to prevent an increase in the model data demand. However,
in the case of data availability, other evapotranspiration models can be easily added to the model.
The soil moisture is estimated dynamically, considering the evapotranspiration and soil moisture
recharge as variation rates (Eq. A.17). The estimated sasitune represents the available water

in the shallow soil layer.

Infiltrated water to deeper soil layers is assumed to be accumulated in two soil layers. The stored
water in intermediate and deep soil layers is released gradually to form the interraedibtse

flows, respectively. In this model, the intermediate soil layer has three conceptual outlets, two of
them contribute to the interflow (Eq. A.18), and from the other one, water seeps into the deep soil
layer (Eq. A.19). The deep soil layer hasyoahe outlet, forms the base flow (Eq. A.20). The
available water in intermediate and deep soil layers is estimated using simple differential water
balance equations (Egs. A.21 and A.22, respectively). The outflow from intermediate and deep soil
layers almgside the generated direct runoff in the shallow soil layer form the streamflow in the
RXWOHW RI WKH EDVLQ (T $ %DVHG RQ WKH ZDWHUVKH(
streamflow would reach the watershed outlet with a time delay. Hérecgeherated flow in the

outlet is routed by a triangular weighting function to simulate the flow in the watershed outlet (Eq.

A. 24; Seibert & Vis, 2012). Up to here, all of the estimated variables are calculated for one unit

of area. In the last step,ith WRWDO IORZ LV FDOFXODWHG E\ PXOWLSO\LQ.
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flow in a unit of the watershed area (Eg. A.25). The abbreviations used in the equations are

LQWURGXFHG LQ 7DEOH $

6 XEVFULSW 3W’

L@ vidrialblek YDULDEC

Table Al Variables and parameters used in the hydrological model equat

FRQWTG
Parameter/Variable Abbreviation Parameter/Variable Abbreviation
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(Eq. A.1)

(Eq. A.2)

(Eq. A.3)

(Eq.A.4)

(Eq.A.5)

(Eq.A.6)

(EQ.A.7)
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56, Q 6xga @ agr (Eq. A.8)
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i (Eg. A.21)
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APPENDIX B  SCHEMATIC OF THE GR4 J HYDROLOGICAL MODEL

FigureB.1 Schematic of the GR4J hydrological modelsiXXsare calibration parameters.



