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Abstract
An Improved Stochastic Generation Approach for Assessing th&¥ulnerability of Water
Resource Systems undeChanging StreamflowConditions

Masoud Zaerpour, PhD
Concordia University, 2021

Waterrelated disasters such fhgods and droughts highlight the urgent need for securing water
resource systems for human and ecosystimations Increasing anthropogenic interventions
along with climate variability and change haasacerbatedhe intensity and frequency of such
water-relatedevents, which will continue to increase time future. Such pressures introduce
substantial and unprecedentadnerability to water resource management. Understanding the
extent of potential vulnerabilities, however, is not trivial thuneuncertainty in current tedown

impact assessments. To address current limitations, bogdnameworks have been proposed in

the past decade to provide alternatives todown and scenarited vulnerability assessments.

The core idea behind botteap stiemes is to analyze the potential impacts directly as a function

of potential changes in streamflow conditions through a systematic stress testing scheme. To make
such stress tests reliable, systemagthodologiesre needed to synthesize streamflow, @ther
hydroclimatic variables, beyond the historical observationsspide ongoing advances in
stochastic streamflow generations under statiomanditionsi with which the vulnerability
assessment can be perforniedittle attention has been givelo advancing the perturbation
algorithms for altering the streamflow characteristics under nonstationary conditions; and in fact,
only a few incorporate climateslated proxies into streamflow generatidhis thesis aims to shed

light on somdimitationsof battom-up approaches and propose an improved stochastic streamflow
generation framework for impact assessment in water resources systems under changing
streamflow conditions. This takes place throughid&ntifyinguncertainties in current stochastic
streanflow generation approaches as well as how and why these uncertainties matter te bottom
up impact assessment; (2) providing a guideline on the choitkeeadptimal scheme(s) for
stochastic generation of streamflow series in various temporal and spalésl $8) proposing a
methodology to incorporate the effect of large sadimate indices in stochastic streamflow
generation; (4) identifying the types of changes in the streamflow regime through a systematic and
globally-relevant approach; as well a9 (oposing a generic algorithm to shift a wide range of
streamflow characteristics in streamflétnwe seriesand to make a transient and rsiationary

flow generation. This research resuitsan improved stochastic streamflow generation scheme
capableof generating scenarios of change under nonstationary conditions. The skill of the
proposed algorithm is assessed over multiple natural streams, showing good performance in
representing the plausible changes requiredtervulnerability assessment of veatresource
systems.
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Chapter 1.
Introduction
1.1.Water security threats to human society

Freshwater is one of the most vital natural resources on the Planet Earth, which accounts for only
2% of the total stored water molecules globally (Gleick et al., 1993; Eakins et al., 2010).
Freshwater resources are crucial to human society, not onlyiféind) and sanitation, but also
forirrigation, energy production, industrial uses and other semdmomic activitiesVaterquality

and quantitycrises, howeveccurmore frequentlyacross the world in recent yegghakibaeinia

et al., 2016; Durafiencalada et al., 2017; Kashyap et al., 2017; Dibike et al., 20h8%e threats

can include various sources, such as natural hydroclimatic variability (e.g. floods and droughts),
global population growth, continued humanterventions and intensive socioeconomic
development (Vorésmarty et al., 2000; Meybeck, 2003; De FraitureDamais 2010). For
instance, many floods happened recently in Austraila, Asia, Europe, and North America (e.g., 2019
Iran flood; 2019 Quebec ftml; 2021 Turkey flood; 2020 China flood; 2021 India flood; 2021
Austraila flood; 2021 Germany flopd see Merz et al. (2021) for revieW®n the other hand,
recently the occurrence of drought, water shortages, and falling riverine water level events are
getting higher. For instance, recent water shortages occurred in(Blokd and Mishra, 2020)

South Africa(Haile et al., 202Q)or anunexpectedalling water levels on the St. Lawrence River

in June 20211JC, 2021) highlight just how crucial it is toexure regional water supplies for the
human and environment (Villarini and Wasko, 2021). Furthermore, climate change anddand
alteration pose additional stress to water availability, which leads to significant changes in water
supply in many regions (My et al., 2005; Barnett et al., 2005; Viviroli et al., 2011). Threats
freshwater resources therefore can limit development and endanger societaimgslin many
regions globally. Protecting water resources requires the diagnosis of threats.

It has been shown that largeale climate variability has historically posed considerable
impacts on water resources through changes in regional climate and hydrological cycles (Miles et
al., 2000). Such variabilities are mainly influenced by major ocestmospheric oscillations
including, El Nifio Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), Atlantic
Multidecadal Oscillation (AMO), and North Atlantic Oscillation (NAO). Lagmale climate
patterns evolve over time spans of years (e.g., BEN&@ecades (e.g., AMO), affecting regional
temperature and precipitation and shift central tendency of annual mean streamflow during seasons
or over years in different regions (e.gavers et al., 2010famaddun et al., 201 Razemi et al.,

2017 Lauroet al., 2019; Nalley et al.,, 2019; Wu et al., 2020; Zaerpour et al.,).20&hy
prominent examples of regional multidecadal climate variability have been related to the AMO
(Knight et al., 2006 Loaiza Ceron et al., 2020; Wu et al., 2D28 relevant example is the
frequency of Atlantic hurricanes (Goldenberg et al., 2001; Trenberth and Shea, 2006; Enfield and
Cid-Serrano, 2009). The AMO has also affected North American and European summer climate
(Sutton and Hodson, 2005) and led to dleeurrence of Sahel droughts, in which Sahel region of
West Africa experiences multiecadal decline in annual rainfall total (e.g., Rowell, 1996; Dai et
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al., 2004 Evadzi et al., 2019 As a result, understanding the effects of natural variability orrwate
resources is of paramount importance for regional water management, hydropower production,
agriculture and other wateelated socieeconomic activities.

In addition, human interventigndirectly threaten freshwater resources by changing the
dynamics ofwater cycle at the catchment and regional scale (Nazemi and Wheater, 2015a, b
Bosmans et al., 2017; Wada et al., 20TThis is manifested through operation of infrastructure
related to water resource management (e.g. reservoirs, irrigation and otkleawetls) as well as
changing in physical structure of the watershed (Meybeck, 2003; Vorosmarty et al., 2005;
Haddeland et al., 2014). For instance, reservoir operation alters the timing of discharge, although
it does not much change annual mean dischadbgee to human interventions, streamflow
conditions can change not only over the course of annual and/or decadal, but also in a century or
even a geological epoch (Ye et al., 2003; Huang et al., 2004; Scanlon et al., 2007; Magilligan and
Nislow, 2005; Nazemand Wheater, 2015a, b). A study by Fekete et al. (2010) showed that impact
of human interventions, i.e., construction of dams and water consumptions, in some river basins is
equal or greater than the impact of expected climate change over next 40 yeaasvéy|
population and industrialization have continued to increase over the last century, which results in
more competition for available water resources between direct consumption (e.g., water supply for
human and crops) and/or resource production, (ergergy and industry). For instance, irrigation
consumes around 70% of water withdrawals globally (Shiklomanov et al., 2004) ahd$ed|
energy production is directly dependent on regional water availability (Jones, 2008; Macknick et
al., 2012).

Climate change is expected to additionally affect both water supply and water demand and can
alter the elements of hydrological cycle, due to changes in hydroclimate variables such as
temperature and precipitation (Nijssen et al., 2001; Fu et al.; Z008etal., 2018; Guermazi et
al., 2019 Luo et al., 201p It has been shown climate change can greatly impact natural
streamflow regime (Vérosmarty et al. 2000; Barnett et al., 206§ and Mishra, 2017; Ficklin et
al., 2018 and introduces a new set of marmaget challenges, particularly in water scarce regions
(Middelkoop et al., 2001; Hagemann et al., 2013; Grafton et al., 2013; Arnell et al., 2014;
Schiermeier, 2014; Doll et al., 2015idovets et al., 2017). Schellnhuber et al. (2014) indicated
that climae warming by just 2°@ver the present level would greatly affect human and different
sectors of water resources. Harmonized studies have shown that warming climate has triggered in
number and strength of the extreme weather and climate events, suet asves, flood and
droughts (Meehl et al., 2004; Hirabayashi et al., 2818idzewicz et a.2014; Mann et al., 2015;
Mazdiyasni et al., 2015; Cheng et al., 2016; Arnell et al., 2016). These are potential risk events
that entail developing and implemam longterm water management and plan practices
(Stoutenborough et al., 2014). For instance, drought conditions are likely to become more frequent
and severe in some parts of South America, western and central Europe, central Africa, Australia
and East Aia (Pefuelas et al., 2001; Hisdal et al., 2001; Prudhomme et al., 2014; Yu et al., 2014).
While, the north and northeast of Europe and some parts of U.S. are the regions prone to an



increase in flood frequencies (Lehner et al., 200&dgkins et al., 201 Musselman et al., 2018;
Brunner et al., 2020 Despite all efforts, there is a growing concern about the effects of climate

change on water resources systems and infrastructure. U.S. federal agencies are now required to

review the potential impacts oficlate change on their assets and missidesman et al. (2020)

and Fletcher et al. (201%howed that necessity of adapt infrastructure to changing climate
conditions. This study demonstrated that how thawing permafrost, increased flooding, and coastal
erosion can affect public infrastructure. Similar considerations are also in place in the United
Kingdom for key infrastructure providers (Defra, 2011). In 2009, a project arranged by UK
Government to examine and improve the resilience of national inftastes including water
sectors to longerm impacts of climate change. In Canada, studies showed the necessity of
updating the intensitgurationfrequency (IDF) curves as a result of climate change (Alam et al.,
2015; Elshorbagy et al., 2015; Simonovicaét 2017). Another study bilemp et al.(2018
indicated potential impact of séavel rise on Canadian coast. They illustrated that global climate
change particularly in vulnerable regions including Maritime Provimeag result in setevel

rise. Climate change may also affect the infrastructure in cold redigiedvin et al., 2017,
Streletskiy et al., 2019)n Canada, around half of ground surface is within permafrost regions.
Performance of infrastructure, including roads, pipelines, embankmgpisally relies on the
stability of the frozen ground in these regions. However, climate change may exacerbate
permafrost warming especially in discontinuous permafrost areas (Couture et gl., 2aD8 Ne i | |
al., 2020.

1.2.Challenges for Engineeringand management

As noted above the threats to human water resources are many, which can introduce a new set of
challenges to engineering and management practices by posing substantial stress on water resource

systems. Considering that the processes detergn water availability are massively

interconnected and under different causes of change across a range of scales, the underlying

dynamics and drivers of hydroclimatic variability and change are not fully known. Filling this gap
is critical for bringingforward new methodologies for water resources planning and management.
In additionto stationarity, which is the concept of unchanged variability in natural systems, has
long been compromised by human interventions, climate change and heightened climate
variability (Milly et al., 2008; Milly et al., 2015). Conventional water resource management,

however, is based on the stationarity assumption. As a result, there are no longer valid as they are

unable to fully account for dynamics within water resourcetesys.

Although different methodologies have been adopted to address vulnerability of water resource
system to the effects of human interventions, climate change and variability separately (Conway,
1996; Dessai and Mike, 2007; Sheffield et al., 2009; Geaihd Anctil, 2014; Cayan et al., 2016),
there is no methodology that is widely accepted (Herman et al.; 202§. For instance, methods
that implement climate models, limits the risk analysis only to climate factors that is captured by
uncertain climée models (Ahmed et al., 2013; Hagemann et al., 2013; Gosling et al., 2016). On
the other hand, majority of alternative approaches still limit the assessment to climate (Brown et
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al. 2012; Moody and Brown, 2013). Hence, to craft a more workable watarecesonanagement,
improved tools are needed to facilitate better understanding of system vulnerability to the
combined effects of human interventions as well as climate variability and change.

1.3.Paradigms for assessing water resource systems vulneraibyito changing condition
1.3.1.Top-down approad

The most widelyused approach to assess climate change impacts typically relies on the use of
Global Climate Model (GCM) projectior{®andey et al., 2019; Gebrechorkos et al., 20X¥e

Figure 1.1aHowever, raw climate variables from GCMs have biases which must be corrected
before their use (Piani et al., 2010; Teutschbein et al., 2012; Brown et al., 2012). In addition, GCMs
outputs are produced at coarse spatial scales while the study areasbyesosll. Commonly,

output from GCMs is downscaled pritwr their use in hydrological models (Wilby et al., 1998;
Wilby et al., 1999; Wilby et al., 2002). In this framework, Hydrological Models (HMs) are used
to estimate streamflow, conditioned to dowalsd climate projections. Water resources system
models are then used to estimate the resultant effects of projected streasrikson water
resource system performance (Wiley and Palmer, 2008; Brekke et al., 2009a,b; Vano et al., 2010;
Vicuna et al., 210).

Various limitations, however, are associated with this framework (Mote et al., 2011; Beven,
2011; Pielke and Wilby, 201 Her et al., 201P For instance, due to climate model uncertainty
which is widely accepted in literature (Jekins and Lowe, 200Bby and Harris, 2006) and
different assumptions of greenhouse gas emissions (New and Hulme, 2000), GCMs often have
uncertain outputs. These uncertainty cascade into even larger uncertainties in downscaled climate
change scenarios (Webster et al., 2@xjnforth et al., 2005; Smith et al., 2009). This is due to
the inability of downscaling methods to simulate secood higherorder moments of climate
variables on the regional and local scales (Wilby and Wigley, 1997; Wilby et al., 1998; Salathe,
2005) In addition, natural external climate forcings, such as large volcanic eruptions-tetong
variations in solar energy irradiance cannot be seen in the GCMs, which can be an undeniable
source of uncertainty (e.g., Myhre and Myhre, 2003; Matsui ankeR2006; Davin et al., 2007).
Moreover, global climate model predictions are unable to skillfully simulate major atmospheric
circulation patterns (Pielke Sr., 2010; Annamalai et al., 2007) that are the main cause of natural
climate variability as noted ale (e.g., Otterman et al., 2002; Chase et al., 2006). Another problem
with top-down approach is the fact that understanding different responses of water resource system
to changes in hydroclimatic variables is very limited (Stainforth et al., 2007). Sweq a large
ensemble of GCMs, a limited range of change in a climate variable can be captured (Borgomeo et
al., 2015). In parallel, current hydrological models cannot translate the climate projections to
streamflow without large uncertainties. They adsfer from the assumption that the models
developed based on the historical data can be applied for projecting future conditions (Beven,
2011). Later, teseuncertainties propagate into the impact assessment of water resource system
(Nazemi and WheateR014). Therefore, there is a need to critically think over thedtwn
approach ancthove toward more flexible assessments that are capable to formally test the response
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of water resource system to much wider range for feasible climate and/or streamftiitione
(SteinschneideandBrown 2013, BrowrandWilby, 2012, Nazemi et al. 2013).
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Figure 1.1. (a) The Topdown framework showing the conventional forward propagation approach and (b)
the bottoraup approach, which starts by defining vulnerability ranges for hydrologic indicator.

1.3.2.Bottom-up approach

Another approach to assess vulnerabilitibg/ater resource systems is to analyze response of the
system without direct use of downscaled GCMs projections (e.g., Wilby and Dessai, 2010; Bryant
and Lempert, 2010; Prudhomme et al., 20d0ighton et al., 201 7Broderick et al., 2019 Such
approache c an be classified u nwpedr ftrheemewmnb kel | ai
vulnerabilities of water resource systems are determined without focusing only on the future states
of the systems, captured by climate projections. As a result, bopoapproache differ from

more traditional togdown framework (Christensen et al.,, 2004; Wiley and Palmer, ;2008
Borgomeo et al., 201&onway et al., 202Quinn et al., 2020 In fact, bottoraup framework

changes the purpose of vulnerability assessment from preglitte future risks to identifying

critical conditions under which the water resource system is vulnerable (see Brown and Wilby,
2012). The assessment starts with a set of critical climate variables to which the water resource
system is most sensitive. Hacritical variable is then associated to a feasible range, reflecting
various possibilities for future climate change. This range can be identified whether by using a
large sets of climate projections (Stainforth et al., 2007) or by considering stakeloftle ne e d s
(Brown et al., 2011). The identified domain should be further translated to corresponding
streamflow ensembles using hydrological models. Later, simulated streamflows can be input to
water resource system mod e lthin tha fleasiblegcinaate thangey t h e
envelope (see Figurelb).This approach results in a better understanding of possible system
responses through generating much wider range of scenarios of changes that can test potential
decision options and system vulabilities (Lempert et al., 2004; Browand Wilby, 2012;
SteinschneideandBrown 2013; Turner et al., 2014; Singh et al., 2014; Herman et al., 2015).



1.3.2.1.Decision scaling approach

Decision scaling approach are being used increasingly for climate impachnassissS hey are
considered as bottounmp approach as they provide a basis for evaluating water resource system
performance to changes in hydroclimatic informatBrown et al., 2012, 2019; Kim et al., 2019)
Later, these approaches try to add values tontpact assessment using the projections of climate
models (Brown and Wilby, 2012). These approaches focus on a system of interest (e.g.,
agriculture, an ecosystem, etc.) and systematically identify its vulnerabilities to climate through
obtaining responsef system to some scenarios of change.

An important aspect of decision scaling approach is the generation of perturbed series of
climate variables that form the inputs to hydrologic and water resource assessment models. These
series collectively referte t 0o as an Oexposure spaceod, and
interest that a system may be exposed to under a future climate (Guo et al., 2016). The common
steps in this method are (1) identifying the problem, defining objectives and performance
measures; (2) using a stress test to identify the hazard and evaluate the performance of the system
under a wide range of nonclimatic and climatic variability and change; and (3) evaluating the risk
using climate information. Achematidiagram of decision scaling approach
is shownin Figurel.2. The information generated can be used to assess system vulnerability under
alternative climate change scenarios, and to calculate climatic thresholds at which system is
sensitive (Brown et al., 2011; Steinschneieteal., 2015; Poff et al., 2016).

[ Climate Drivers ] [ Non-Climate Drivers ]

Ilnpacr Model

!

Re:spouse Surface

[ Vulner ablh‘ry

e

Different Emission }

Scenarios
[ Likelihood ]d—l

Figure 1.2. Decision scaling framework for climate risk assessment of water resource system.

Decision scaling approach is based on the premise that uncertainties associated with climate
change is inevitable, and estimating the true probabilities is not possible through climate models
(Stainforth et al., 2007; Brown et al., 2012). However, thd skithe climate models may be
informative for estimating the relative probabilities, whether one climate state is more likely than
others in the future. In addition, it should be noted that the results of decision doatiigattempt
t o pr optimdd solutifins in the traditional decision analytic sense. Instead, the approach
identifies the best decision conditional on the weight of the evidence obtained by climate
projection. This approach tries to find how hydroclimatic variables make the sysheenaile
and understand the critical thresholds for which new management option should be taken.
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However, recent studies extend decision scaling approach to includedognhomic factors in
vulnerability assessment of water resource system (Ghile 20a#l; Lownsbery 201Ray et al.,

2019, considering the fact that demand may put great pressure on water resource system
(Vorosmarty et al., 2000; Fekete et al. 2010).

Despite an interest in decisi@entric approaches, technical methods for vulnergbilit
assessment (i.e., generating perturbed climate scenarios to test system vulnerability) are relatively
underdeveloped. Till now, a few methods have been utilized for perturbation of climate variables.
The most popular approach has been to apply simplegehfactors to the historical values of
precipitation and temperature data, and explore system sensitivity to mean climate shifts (Johnson
and Weaver, 2009; Gober et al., 2010; Lempert and Groves, 2010; Brown et al., 2012). Some
studies have considered ethforms of change, including shifts in inanual climate
(Prudhomme et al., 2010) and higtder statistics (e.g., variance, serial correlation) of annual
hydroclimate data (Moody and Brown, 2013). Other studies adopt a stochastic weather generator,
which provides a long synthetic time series eather variables (Forsythe et al., 2014; Glenis et
al., 2015; King et al., 2015). While all of abereentioned approaches are appropriate for their
specific application, they exhibit limited ability to perturb the entire distribution of climate
variables & multiple temporal scales (Steinschneider and Brown, 2013). However, different
concurrent temporal scales changes are possible under climate change (Timmermann et al., 1999;
Collins, 2000; IPCC, 2007). Such combined patterns of change are indeed impodanate
sensitivity analysis. Thus, there is a need for more generalized and comprehensive tools to conduct
climate vulnerability assessments for systems sensitive to different climate variables across
multiple temporal scales.

1.3.2.2.Robust decision making

Robust Decision Making (RDM) is based on sampling multiple climate conditions
stochastically from observed records or GCM projections, which provide®mldo assess
vulnerability of water resource system to a wider range of climate conditions (Lengler2@06;

Groves and Lempert, 2007; Lempert and Collins, 2007; Groves et al,;, Ra@fBolomew and
Kwakkel, 2020. This approach provides decision makers with information about adverse
thresholds in climate and land use change that may cause a systenalMe. It differs from
decision scaling, in which the stress reflects the overall performance of system without using
climate projections (Brown et al., 2011) and the critical thresholds can directly be used to inform
policy decisions. For example, ifsgstem quickly becomes vulnerable (small changes in climate

or land use causing vulnerability), it provides decision makers with the insight that a very robust
policy or drastic action will be needed to avoid potentially large damages. The steps in RDM
include (1) considering ensembles of large plausible scenarios, (2) search for robust decision
options that do ndwel | enougho for an extensi
strategies to achieve robustness.

As noted above, the primary challenge in applying decision analysis under climate change is
the uncertainty associated with GCM projections. In order to make decisions, instead of first
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predicting the uncertain future, using RDM a systematic understaoffiogg-term future can be
obtained considering many plausible climate projections (Lempert et al., 2010). This can be
described by some methodologies, such as the Bayesian decision model with imperfect
information, in which the information from GCMs cae kater tailored to the vulnerabilities
identified (Richards et al., 2013; Sperotto et al., 2017; Landis et al., 2017). Although, RDM provide
a decision support to inform decision makers about the robustness of alternative decision options,
but it does noprovide explicitly any information about ranking of alternatilexisions (Hall et

al., 2012)Despite the development in the context of RDM, there are still major challenges. Current
RDM framework mainly accounts for climatelated risk assessment, whits obtained using
available climate projections. However, this approach cannot consider multiple sources of risks in
future system performance. For instance, RDM has limited skill in addressing the effect of human
interventions or different policy optisnon water resource system. Also, it still requires
hydrological models to convert the realized climate futures into estimated water availability
conditions.

1.4. State-of-the-Art: Fully bottom -up approach

As previously mentioned, tegown approaches areighly uncertain. Besides, botteup
approaches have several limitations including addressing only clrelated risk and using
uncertain hydrological models to translate climate variables into hydrological indicators. Hence,
there is a need for more rahle method$o assesthe potential impact of changing conditions on
water resource systemdore recent contributions, therefore, have moved towards fully bettom
up approaches to generate future water availability conditions without incorporatingraatecli
and/or hydrological models. Accordingly, vulnerability can be directly mapped as a function of
feasible changes in streamflow conditiohbe advancement of such fully bottamp framework
requiresthe development ahethodologieso address some limitations of these approaulis

which the vulnerability of water resources systemder changing conditiort®n be assessdtbr

this purpose, stochastic modeling of streamflow has a key role in hydrology. Conventional
methods typicdy implement autoregressive and their variants to linearly model the streamflow
series (Pegram, 1980; Stedinger and Taylor 1982; Salas et al., 198%)afdamretric models have
been proposed as an appealing alternative to linear parametric methodshastgt@mulation

of streamflow series (Lall, 1995). However, these methodologies have some limitations, e.g., the
limited skill in representing the nonlinear behavior of streamflow series, or the ability to go beyond
the range of historical data. Redgntopulabased methodologies have been extensively used
for stochastic simulation of hydrological data (BardamsgPegram, 2009; HaandSingh, 2012;
JeongandLee 2015; Lall et al., 2016; Lei et al., 2018; PereinaVeiga, 2018). It is mainly due

to their capability to model any sort of association between random variables. In addition, in
copulabased simulation, marginal behavior of each random variable can be modeled independent
from the dependence structure that governs the relationship betareries (Genest and Favre,
2007; NazemandElshorbagy 2012; Pereira et al., 2017). Furthermore, any arbitrary distribution
can be chosen as the marginal distribution (Chen et al., 2015). Severallzagedamethodologies



have been developed for stostia simulation of streamflow (LeendSalas, 2011; HaandSingh,
2012; Kong et al., 2015), but they have some limitations which will be discussed further in detailed.

1.5.Gaps inKnowledgeand Technics

In response to limitations of tegown approacte alternative approaches based on boiipm
impact assessments have been suggéstertusng on analyzinghevulnerability using various

forms of stress tests (Lempert and Collins 2007; Prudhomme et al. 2010; Brown et al. 2012;
Steinschneider and Brov2913; Mateus and Tullos 2017; Roach et al. 2016; Whateley et al. 2016;
Danner et al. 2017; Ray et al. 2018; Guo et al. 2018; Spence and Brown 2018; Van Tra et al. 2018).
In such approaches, future climate projections can be incorporated as one ofrihal goterces

for identifying possible changes in streamflow, but the assessment can be performed without using
GCM-based projections (Wilby and Dessai 2010; Brown and Wilby 2012; Herman et al. 2015,
2016; Steinschneider et al. 2015; Knighton et al. 28h@rtridge and Zaitchik 2018). The results

of such stress tests provide a basis to map critical thresholds for system vulnerability under a wide
range of feasible future climate conditions. Although the majority of betipmssessments avoid

the uncertaties resulted from climate projections, there are recent examples of fully bgttom
approaches in which the uncertainties from hydrological models are also avoided (Nazemi and
Wheater 2014b). In such approaches, a large ensemble of synthetically egeisér@amflow
realizations is used to directly map system vulnerability as a function of changes-teriong
streamflow characteristics (see Nazemi et al. 2013; Borgomeo et al. 2015).

Although bottoraup frameworks can address some of the uncertaintiegpidown impact
assessments, they include other forms of uncertainty. Most importantly, despite methodological
differences, all bottorup assessments use systematic approaches, with which realizations of
perturbed climate or streamflow conditions can lemegated. For the case of streamflow,
stochastic approaches have been widely used for generating synthetic series at single and multiple
sites (Prairie et al. 2007; Hao and Singh 2011; Chen et al. 2015). However, due to various
simplifications and/or assystions in producing synthetic streamflow realizations, the effects of
changing water availability conditions on system performance may be misrepresented, potentially
further misleading the decisianaking process. One important context for such unceesimi
when streamflow is generated at the regional scale and needs to represent spatiotemporal
dependencies between multiple tributaries. In such cases, misrepresenting the spatial dependencies
between tributaries may result in underestimating the commeref streamflow events under
current and changing conditions, in particular, high and low extremes (e.g., AghaKouchak et al.
2014; Leonard et al. 2014; Mazdiyasni and AghaKouchak 2015; Zscheischler and Seneviratne
2017).

Additionally, with respect to theepresentation of spatiotemporal dependencies in synthetic
streamflow realizations, existing methodologies can be categorized under two strains of linear and
nonlinear approaches. Applications of linear stochastic models can be traced bawle than
hdf a century ago (see Salas, 1980 particular,variations ofautoregressivemoving-average
models fusioned with other linear and nonlinear techniques have been frequently used for
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streamflow generation at singdde (Nowak et al. 2011; Serinaldi atdisby 2017; Tsoukalas et

al. 2018a; Papalexiou 20L8Having said that, water resources systems often consist of multiple
streams that are highly dependent on one another across a range of spatiotemporal scales, requiring
the use of multisite stochastiteamflow generation models. Such multisite streamflow generation
schemes enable assessment of vulnerability of water resource systems to simultaneous changes in
streamflow such as analysis of regional flood events at multiple locations (e.g., Kee2@d%il.,

Quinn et al., 2019; Brunner et al., 202For this purpose, multisite linear models have been
developed in hydrology (e.g., multisite AR/ARMA; Salas and Pegram, 1977; Salas et al., 1985;
Bartolini et al., 1988).

In contrast to linear models thabrsider representing the dependence structure using the
Pearson correlation coefficient, nonlinear models are mainly developed based on the
representation of rank correlation statistics
and Favre 2007Recently, copuldasednethodologiefave been extensively used for stochastic
simulation of hydrological data, including streamflow (Bardossy and Pegram, B@@9and
Singh, 2012; Madadgar and Moradkh&011; Borgomeo et al., 201Bgreira and Veig&018;

Chen et al., 2019; Nazemi et al., 202Dppulas are favorable in hydrology for their capability in
modelingnonlinearassociation between random variables using rank correlation statistics (i.e.,
Spear mands r hoj se® GenektamddAa,| 2003)sas wedl as decompositig
modeling the joint relationships from marginal representations (Wang et al., 2009; Nazemi and
Elshorbagy 2012; Pereira et al., 2017). Several cdpagad methodologies have been developed
for stochastic simulation atreamflow at a single sifeee and Salas, 2011; Hao and Singh, 2012;
Kong et al., 2015). Having said that, in the contextagulabased approaches in the multisite
setting,a variety of methods have been proposed for representation of spatial dhegyemde
multisite streamflow generation schenfBszemi et al., 2013, 20268tao and Singh, 2013; Chen

et al., 2015, 2019; Pereira et al., 2017; Serinaldi and Kilsby, 2017).

1.6. Research Statement

Despite the developments noted above, there is not a cassgrirthe best representation
for spatiotemporal dependenciassingle and multisitgeneration of streamflow serie3his is a
major concern as capturing the sequencing of extreme events (i.e., low/high flows) as well as
capturing their regional eoccurrence is of high interefsir engineering applicatiorfQuinnet al.,
2019; Brunner et al., 2020; Wing et al., 2020). This is because streamflow process is governed by
various mechanisms acting on different temporal and spatial scales, affectingpdreehce
structure of streamflow (Fleming and Dahlke, 2014; Konapala and Mishra, 2016; Lee et al., 2018).
There have been some evidences arguing more nonlinearity in streamflow dependence structure
in smaller catchments (Pilgrim, 1976; Wang et al., 198)/or finer timescales (e.g., Rao and
Yu, 1990; Chen and Rao, 2003; Wang et al., 2005), although contracting evidences are also
available (Robinson et al., 1995; Goodrich et al., 1997). Despite the fact that such clues may be
available in some circumstags, it is not yet clear how linear or nonlinear representations of
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spatiotemporal dependencies in stochastic streamflow generation can lead to a better or worse
simulations of flow characteristics in single and multiple sites.

In addition to the choice dinear/nonlinear modelsequired for streamflow generation for
vulnerability assessment of water resource systdittie attentions have been given on the
inclusion of impact of climate variability on streamflow generati®nevious studies have made it
clear thatconsideringthe effects ofclimate variability through Large Scale Climate Indices
(LSClg directly on streamflow or indirectly through affected hydroclimate variables, e.g.,
temperature and precipitation, may improve the predictability ofrsitew particularly at
seasonal to interannual scales (e.g., Kiem et al., 2021; Kwon et al., 2008; Steinschneider et al.,
2019; Wasko and Sharma, 2017). The indirect incorporation of LSCI in the generation of
streamflow is in fact very common in the coriteikprocesshased models, in which variables such
as temperature and precipitation are the basis of simulating streamflow (Eisner et al., 2017,
Shrestha et al., 2013; Su et al., 2017). Prebassed models, however, are deterministically
formulated by impementing physicalhbased and/or conceptual equations without explicitly
considering the distributional and/or joint properties of observed data (Montanari and
Koutsoyiannis 2012; Farmer and Vogel, 2016). Past studies showed that although dependence
between precipitation and LSCIs can be low (e.g., Westra and Sharma, 2010), LSCIs have more
consistent impacts on streamflow and/or temperature (Bonsal and Shabbar, 2011; Nalley et al.,
2016; Nazemi et al., 2017). In particular, the direct dependencies bettveamflow and LSCIs
in coarser spatial and temporal scales are rather strong. This has motivated a strain of modeling
attempts to explicitly incorporate the effect of LSCls in streamflow generation through stochastic
approaches (Lee et al., 2018a; Liwakt 2015; Wang et al., 2009).

Furthermore, streamflow regimes, traditionally, have been considered stationary in time (Milly
et al. 2008). However, the looming effects of climate change along with human interventions
through land and water managementeheaised fundamental questions regarding stationarity of
streamfl ow regime during the current AANt hr op
Wheater, 2015a, 2015b). Even in undisturbed streams, recent literature is full of evidence,
indicating majoralterations induced by heightened climate variability and change (Barnett et al.,
2005; Stahl et al., 2010; Rood et al., 2016; Hodgkins et al., 2017; Dierauer et al., 2018). As a result,
assessing how streamflow regime is changing as a result of altsiatitatural and anthropogenic
drivers is currently one of the imminent questions in the field of hydrology.

Despite the extensive body of knowledge already gathered around assessing the effects of
climate change on altering streamflow regimes, there tller@oms for methodological
developments. Most importantly, among many potential flow characteristics that can constitute
and describe streamflow regime, often only a few are taken into account (Whitfield and Cannon,
2000; Hall et al., 2014; Vormoor €t,&015). This is a limitation because climate change impacts
are often manifested in the entire streamflow hydrograph, and not only around a unique set of
streamflow characteristics (Olden and Poff, 2003). This is particularly the case in cold regions as
at the watershed scale, multiple processes contribute to the streamflow generation, each behaving
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differently in response to climate variability and change (Whitfield and Pomeroy, 2016). As a
result, alterations in streamflow regimes are not only signifi¢e.g., Déry and Wood, 2005;
MacDonald et al., 2018; Islam et al., 2019; Champagne et al., 2020); but also they are complex,
due to compound impacts of changes in temperature, shifts in forms and magnitude of
precipitation, as well as alterations in e accumulation and melt (DeBeer et al., 2016; Hatami

et al.,, 2018; Rottler et al., 2020). At this stage of development, it is not yet possible to
systematically quantify streamflow regimes and their alterations to one another using a large set
of simukaneously changing streamflow characteristics (Burn et al., 2016; Burn and Whitfield,
2018).

Regardless of methodological differences, these deet&ntric frameworks are mainly
developed based on an ensemble of synthetic streamflow series generated under current and
changing conditions, to which the system response is assessed. For this, psiquisestic
modeling of streamflow has a key role in hydrology. Conventional methods typically implement
autoregressivenodelsand their variants to linearly model the streamflow series (Pegram, 1980;
Stedinger and Taylor 1982; Salas et al., 198bch @proaches, however, cannmepresent the
marginal streamflow distribution, especially in the case of asymmetric and/or multimodal
conditions (Papalexiou, 201®apalexiou and Serinaldi, 2020). To address these issues, Non
parametric approaches have beevettgped as an appealing alternatilzal{ and Sharma, 1996
however, they can only generate the streamflow realizations within the range of observed data and
are limited in extrapolation (Papacharalampous et al., 2019; Quilty and Adamowski, 2020). More
recently, copulabased models have gained lots of attention in hydrolclimatolNggzemi and
Elshorbagy, 2012Aghakouchak, 2014) and in stochastic streamflow generation in s{iitde
and Singh 2012; Nazemi et al., 2013) and multiple sites (Pereira agd,\26118; Chen et al.,
2015,2019; Nazemi et al., 2020). This is mainly due to the capability of cdyaded approaches
in capturing the nonlinear spatiotemporal dependence structure observed within streamflow
(Bardossy and Pegram, 2009; Hao and Singl220forland et al., 2019; Wang et al., 2019).

Despite ongoing advances in stochastic streamflow generations with which the vulnerability
assessment can be performed, little attention has been given on advancing the perturbation
algorithms for altering thetreamflow characteristics (Nazemi et al., 2013; Borgomeo et al., 2015;
Feng et al., 2017). Some studies focus on developing algorithms for perturbing only few
streamflow characteristics such as annual volume or timing of annual peak developed by Nazemi
et al. (2013) and later applied in Feng et al. (2017), or the work of Herman et al. (2016) for
perturbing only the frequency of low flow. Perhaps, the most general approach for perturbing the
streamflow characteristics is developed by Borgomeo et al. (201&)ich any desired shift in
streamflow characteristics can be provideddarrangingf annual hydrographs to generate a set
of desired properties while such characteristics are treated as a combinatorial optimization
problem. Such approaches, howevisr,a very timeconsuming taskand similar to other
optimization techniques may converge to local optimum. Additionally, such algsrttfenbased
on reshuffling the observed annual hydrograph and cannot generate the streamflow realizations
beyond the obseed data.Furthermore, for generation of streamflow realization, different
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characteristics of flow regime have been considered in the one objective function. Nonetheless,
these characteristiese not explicitly independent of each other.

1.7. The Scopeof this thesis

The research presented in this thesis is focusegromiding a comprehensive stochastic
framework to generate streamfl@eries at single and multiple sitesder changing conditien
This thesis tries to improve the stochastic streamflemeration schenrequired for vulnerability
assessment of water resource sydtgraddressing limitations summarized as follows:

® As mentioned earlier, with respect to the representation of spatiotemporal dependencies
in synthetic streamflow realizationsxisting methodologies can be categorized under
two strains of linear and nonlinear approaches. There is, however, no general consensus
on how spatiotemporal dependencies between multiple river reaches should be
represented under changing condition. Aidddlly, it is not clear how and to what
extent the results of an impact assessment depend on the scheme used for generating
streamflow at regional scales.

(i) There have been some lines of evidence arguing linearity/nonlinearity in the
streamflow dependencérigctureschangingwith the timescales, sigef streamflow
catchment, and types of flow regime. Despite the fact that such clues may be available
in some circumstances, it is not yet clear how linear or nonlinear representations of
spatiotemporal dependagas in stochastic streamflow generation can lead to a better
or worse simulations of flow characteristics in single and multiple sites across different
timescales, sizes of basin, and various flow regimes.

(i)  Streamflow has been often represented as a &mofiother hydroclimatic processes
such as temperature, precipitation, and evapotranspiration at the catchment scale. These
variables are affected by largeale climate patterns, which can consequently impact
streamflow generation globallfpespite ongaig advances in streamflow generation
methodologies, only a few incorporate climattated proxies in streamflow
generation; and noneé to the best of our knowledgie explicitly incorporate the
influence of multiple LSClIs in the procedure of stochasteasiiflow generation.

(iv)  Assessing how streamflow regime is changing as a result of alterations in natural and
anthropogenic drivers is currently one of the imminent questions in the field of
hydrology. Identifying how streamflow regimes are changing is redjuie
developing perturbation methodologies to represent the desired shift under future
changing condition. Despite the extensive body of knowledge already gathered around
assessing the effects of climate change on altering streamflow regimes, theite are st
rooms for methodological developments. Most importantly, among many potential
flow characteristics that can constitute and describe streamflow regime, often only a
few are taken into account. This is a limitation because climate change impacts are
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often manifested in the entire streamflow hydrograph, and not only around a unique set
of streamflow characteristics.

(v) Regardless of methodological differences, these deetsntric frameworks are
mainly developed based on an ensemble of synthetic streasdtt®g generated under
current and changing conditions, to which the system response is assessed. For this
purpose, stochastic modeling of streamflow has a key role in hydrology. Despite
ongoing advances in stochastic streamflow generations with whickutherability
assessment can be performed, little attention has been given on advancing the
perturbation algorithms for altering the streamflow characteristics. Some studies focus
only on developing algorithms for perturbing only few streamflow charatitsrsich
as annual volume or timing of annual peak. Some other methods implement any desired
shift in streamflow characteristics bgarrangingf annual hydrographs to generate a
set of desired properties while such characteristics are treated as anatondi
optimization problem which ia very timeconsuming task and rely only eeshuffling
the observed annual hydrograph.

1.8. ThesisLayout

The thesis follows a manuscrpased format including a collection of five manuscripts that are
published, submitted, or in preparatidinis PhD thesis aigmat providing an improvesdtochastic
streamflow generatioapproachfor assessg the vulnerability of the water resources system to
changing streamflow conditions. The driving questions in each parts of our study can be
summarized into: (1). What are the uncertainties in the stpinsnethodologies? (2). How can

we improve the preservation and peptation of streamflow regime during stochastic generation?
(3). How can we incorporate the effect of natural variability manifested through Large Scale
Climate Indices (L<CIs) into vulnerability assessments? (4). What are the emerging types of
changes ivarious streamflow regimes in Canada? (5). How can we represent the various types
changes in the flow regime?

The five journal papers compose Chapters 2 to 6, each aims to address one of the above
guestions. Some papers are slightly edited to unify the format of the thesis.

0] Chapter 2identifies the gaps in the fully bottomap framework and showcase the
uncertainy in an impact assessment as a result of the ambiguity in the choice of
streamflow generation schen®y focusing on an important regional water resource
system in Western Canadajs thesisexamina how alternative regional generation
schemes can resuit different reproduction of the historical streafhow regime and
explore whether there is a particular scheme that can outperform others in terms of
reproducing a range of observed streamflow conditions.

(i) Chapter 3heds light on the various forms forachcterizing the key feature exhibited
by the observed streamflow data, i.e., spatiotemporal dependence structure, and to
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(iii)

(iv)

(V)

(vi)

develop a set ajuidelinesfor choosing the right spatiotemporal representation in the
right circumstance®y considering a wide rae of spatiotemporal representations for
stochastic streamflow generatidhjs chapterinvestigats the performance of each
scheme in reproducing the lotgym characteristics of streamflow series and annual
flood peak in a number of case studies and across a range of scales and flow regimes.

Chapter 4 proposes a generic approach based on vine coghied to explicitly
incorporate LSClasexogenougovariatesn stochastic streamflow generation at the
monthly scale both in prediction and projections modes and at single and multiple sites.
We hypothesize that the explicit representation of LSCIs ingsrdwth prediction and
projection skills, particularly in terms of representing seasonality and-anteral
variability. We showcase the application of the proposed scheme for the prediction and
projection of three mountainous headwaters in southern talbéfanada. To
benchmark the performance of the proposed algorithm, we compare the skills of our
model with already existing reference algorithms.

Chapter 5 proposes a new methodology to systematically quantify streamflow regimes
and their alterations tone another using a large set of simultaneously changing
streamflow characteristics. In line with some recent suggestions in the litethisire,
chapterconceptualizestreamflow regimes as continuous spectrums rather than distinct
states. This conceptuzdition requires a methodology that can formally deal with
subjectivity in the definition of streamflow regimes. This provides a methodological
basis to classify streamflow regimes as intersecting clusters. Accordimglghapter
highlights how such regim shifts are attributed to changes in streamflow
characteristics using a formal dependence analy$is algorithmis appled in
Canada, where the rate of warming is twice the global average, and changes in
streamflow characteristics are significant meiand space.

Chapter 6proposes a general approdchsynthesize a large ensemble of perturbed
streamflow, with which the vulnerability of water resource systems to the plausible
changes in streamflow hydrograph can be analyzed. The proposed framework first
identifiesthe main types of shifts in the stredow hydrographs happening across
different flow regime types and then implement the shifts in the marginal distribution
of flow at the subannual time scale as well as in the expected timing of annual peak.
The new algorithm can systematically alter vasistreamflow characteristics alone or
simultaneously, depending on the types of changes in different flow regiines.
practical utility of the new perturbation algorithim demonstratedn single and
multisite settings using a number of natural streartis eifferent flow regime types
across Canada.

Finally, Chapter 7 summarizes the main contribigmfrthis thesis anéutureresearch
needs.
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Chapter 2.
Uncertainty in Bottom-Up Vulnerability Assessments of Water Supply Systems due to
Regional StreamflowGeneration under Changing Condition3

The contents of this chapter have been publishélazemi, A., Zaerpour, M., & Hassanzadeh,

E. (2020). Uncertainty in Bottofdp Vulnerability Assessments of Water Supply Systems due to
Regional Streamflow Generatann der Changing Conditions. 0 in
Planning and Management he contents are slightly modifitdm the submitted article

Synopsis

Changing natural streamflow conditions apply pressureon water supply systemsglobally.
Understandingpotential vulnerabilities usinglPCCGendorsedtop-down impact assessments,
however,is limited dueto uncertaintiesn climate and/orhydrologicalmodels.In recent years,
bottomup stresstests have been proposedto avoid some of the uncertaintiesin top-down
assessmentdyut the uncertaintyin bottomup approaches and its impact on vulnerability
assessments are poorly understood. Here, we aim at addressing uncertainties that originate from
synthetic realizations of regional streamflaith which the system vulnerability is mapped and
assessed. Four regional streamflow generasbemesreusedo form alternativenypothese$or
performinga bottomup impactassessmenh a large scalewatersupplysystem undechanging
conditions. Our findings suggestthat despitehaving different levels of realism, none of the
schemescan dominateothersin terms of reproducing all historical streamflow characteristics
considered. There can also be significant differences in the results of iagsegsments,
particularly in terms of variability in lonterm streamflow characteristics and system
performance. These differences cause uncertainty in assessing risk in system performance and
stressresponse relationships under changing conditions.

2.1.Introduction

Mountainous headwaters are imgamit sources of freshwater gy globally. As a result, it is not
surprising that human activities, downstream of mountainous headwaters, have been formed
around certain characteristics of incoming streamflawllectively known as the natural
streamflow regime. Although natural streamflow regimes have been historically considered to be
stable over time, the effects of climate change (Barnett et al. 2005; Milly et al. 2005) and increasing
anthropogenic interveions through land and water management (Vorésmarty et al. 2000; Nazemi
and Wheater 2015a, b) have challenged the legitimacy of the stationarity assumption in streamflow
characteristics (Milly et al. 2008, 2015). As such pressures on natural streamflimereasing
(Haddeland et al. 2014; Prudhomme et al. 2014), nonstationarity should be considered the new
normal for natural streamflow regimes during the Anthropocene (see Mallakpour et al. 2018).

1 Nazemi, A., Zaerpour, M., & Hassanzadeh, E. (20R@icertainty in BottorriJp Vulnerability Assessments of Water Supply
Systems due to Regional Streamflow Generation under Changing Conditions. Journal of Water Resources Planning and
Management, 146(2), 04019071, https://doi.org/10.1061/(ASCE)WR-3983.0001149.
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Alterations in the streamflow regime can translate intcexdbilities in water resource
systems. Various methodologies have been suggested to assess the impact of changing streamflow
regimes on the planning and management of water supply systems (Salas et al. 2012; Eisner et al.
2017; Sunde et al. 2017; Khatret al. 2018). These frameworks are mainly based on-ddap,
scenarieled (in short and topown) approach, which uses downscaled projections of global
climate models (GCMs) as the basis for impact assessments. In the case of assessing the
vulnerability of water resource systems to changes in streamflow regime, downscaled GCM
projections are passed through hydrological models with which changes in streamflow conditions
can be quantified (Wiley and Palmer 2008; Gizaw et al. 2017; de Oliveira et alvVZaag;et al.

2018). The projected streamflow series are then used to identify the system response to changing
conditions using an integrated impact assessment model. Although this approach is endorsed by
the International Panel of Climate Change (see IROT4), this approach is subject to large
uncertainty due to the limitations in both downscaled climate projections and hydrological models
(Wilby and Harris 2006; Stainforth et al. 2007; Beven 2011; Pielke and Wilby 2012; Wilby et al.
2014; Pina et al. 201 Maraun et al. 2017; Jaramillo and Nazemi 2018). In response to these
limitations, alternative approaches based on betipnmpact assessments have been suggested
that focus on analyzing vulnerability using various forms of stress tests (Lempert Ansl Z) 7,
Prudhomme et al. 2010; Brown et al. 2012; Mateus and Tullos 2017; Roach et al. 2016; Whateley
et al. 2016; Danner et al. 2017; Ray et al. 2018; Guo et al. 2018; Spence and Brown 2018; Van Tra
et al. 2018). In such approaches, future climateeptmns can be incorporated as one of the
potential sources for identifyg possible changes in streffow, but the assessment can be
performed without using GCMNased projections (Wilby and Dessai 2010; Brown and Wilby
2012; Herman et al. 2015, 2016; $shneider et al. 2015; Knighton et al. 2017; Shortridge and
Zaitchik 2018). The results of such stress tests provide a basis to map critical thresholds for system
vulnerability under a wide range of feasible future climate conditions. Although theitshajor
bottomup assessments avoid the uncertainties resulted from climate projections, there are recent
examples of fully bottorup approaches in which the uncertainties from hydrological models are
also avoided (Nazemi and Wheater 2014b). In such agmeaa large ensemble of synthetically
generated streamflow realizations is used to directly map system vulnerability as a function of
changes in longerm streamflow characteristics (see Nazemi et al. 2013; Borgomeo et al. 2015).

Although bottoraup framewvorks can address some of the uncertainties irdoypn impact
assessments, they include other forms of uncertainty. Most importantly, despite methodological
differences, all bottorup assessments use systematic approaches, with which realizations of
pertubed climate or streamflow conditions can be generated. For the case of streamflow,
stochastic approaches have been widely used for generating synthetic series at single and multiple
sites (Prairie et al. 2007; Chen et al. 2015). However, due to variopdifisations and/or
assumptions in producing synthetic streamflow realizations, the effects of changing water
availability conditions on system performance may be misrepresented, potentially further
misleading the decisiemaking process. One important ¢ext for such uncertainties is when
streamflow is generated at the regional scale and needs to represent spatiotemporal dependencies
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between multiple tributaries. In such cases, misrepresenting the spatial dependencies between
tributaries may result in uredestimating the concurrence of streamflow events under current and
changing conditions, in particular, high and low extremes (e.g., AghaKouchak et al. 2014; Leonard
et al. 2014; Mazdiyasni and AghaKouchak 2015; Zscheischler and Seneviratne 2017).

With regect to the representation of spatiotemporal dependencies in synthetic streamflow
realizations, existing methodologies can be categorized under two strains of linear and nonlinear
approaches. Applications of linear stochastic models can be traced Ipaarie than half a century
ago (see Sala%980 for review)In particular, autaegressivanoving-average models along their
variations and fusion with other linear and nonlinear techniques have been frequently used for
streamflow generation at single andltiple sites (Nowak et al. 2011; Serinaldi and Kilsby 2017;
Tsoukalas et al. 2018a; Papalexiou 2018). In contrast to linear models that consider representing
the dependence structure using the Pearson correlation coefficient, nonlinear models are mainly
devel oped based on the representation of rank
Kendall 6s tau; see Genest and Favre 2007). C
nonlinear representation of joint characteristics of multiple dependedomavariables (e.g.,
Genest and Favre 2007; Nazemi and Elshorbagy 2012; Sadegh et al. 2017). Using copulas,
streamflow at every pair of time and space can be stochastically generated through conditional
resampling (see e.g., Appendixesi SR). For statioary streamflow generation, copulas are
already applied at single (Lee and Salas 2011; Hao and Singh 2012) and multiple sites (Hao and
Singh 2013Pereira and Veiga 2018). Hewer, algorithms that are used to generate synthetically
altered streamflow reginéhave mostly been developed for a single site (e.g., Nazemi et al. 2013).
To overcome this, linear spatial regressions have been proposed that transfer locally generated
streamflow to multiple sites (e.g., Nazemi and Wheater 2014a). Such schemes, haveever,
limited due to the inability of regression models to represent all modes of association between
multiple river reaches (e.g., Hassanzadeh et al. 2016b, 2017; Tsoukalas et al. 2018b).

At the current stage of development, there is no general consem$usvospatiotemporal
dependencies between multiple river reaches should be represented under changing conditions. In
addition, since the results of existing algorithms for spatial streamflow generation under ghangin
conditions are not yet inteompared,tiis currently unknown whether there is a scheme that can
dominate other competing alternatives in terms of reproducing the observed regional streamflow
regime. Moreover, it is not clear how and to what extent the results of an impact assessment depend
on the scheme used for generating streamflow at regional scales. To highlight these gaps and to
showcase the uncertainty in an impact assessment as a result of the ambiguity in the choice of
streamflow generation scheme, we use four alternative schemesx{stiogeand two new) for
multisite streamflow generation under changing conditions. These schemes differ from one
another only in terms of how spatiotemporal dependencies between river reaches are represented
and incorporated within the streamflow genenatiprocedureWe examine how alternative
regional generation schemes can result in different reptioduof the historical strediow
regime and explore whether there is a particular scheme that can outperform others in terms of
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reproducing a range of alawed streamflow conditions. By implentang these schemes in the
context of a bottorrup vulnerability assessment, we then show how different schemes can result
in different longterm characteristics under changing conditions and how the different
characteistics can produce uncertainties in the understanding of impacts of changing streamflow
conditions on the water resource system.

2.2 Case Study

The Saskatchewan River Basin in Western Canada is the most important water supply in the
Canadian Prairies,whc h i s home to the countryds irrigatc¢
in the Saskatchewan Province (hereafter S&RB), exemplifies a water resource system with
complex interactions between natural and human prodsses Fig. 2.1. The incoming
streamflow to the province is provided by two major tributaries, i.e., the North and the South
Saskatchewan Rivers (hereafter NSR and SSR, respectively). Having expected annual discharges
of 213 and 215 m3/s at the Alberta/Saskatchewan border, respedi&yand SSR together
account for approximately 80% of the total streamflow availability in the Saskatchewan (Pomeroy
et al. 2005). Both rivers initiate from the Canadian Rockies, where the annual streamflow regime
can be adequately characterized by theual volume and timing of the annual peak (Fleming and
Sauchyn 2013; Nazemi et al. 2017). Both tributaries, in particular, SSR, serve multiple water
demands in Alberta before reaching the Saskatchewan border. After entering the province, SSR is
stored inthe Lake Diefenbaker, a large multipurpose reservoir. Although irrigation currently
accounts for the majority of water withdrawal in the province, hydropower provides the highest
net benefit of the water use (Martz et al. 2007), and the hydropower istgehat three locations,
namel vy, Lake Diefenbakerds Gardiner dam as w
downstream of Fork, where SSR and NSR join and form the Saskatchewan River. The
Saskatchewan River then feeds the Saskatchewan River Delta, (BRI¥rgest inland delta in

North America (Hassanzadeh et al. 2017). The outflow from-S&dkis subject to the 1969 inter
provincial Master Agreement on Apportionment, requiring Saskatchewan to pass half of the
natural streamflow to Manitoba annualBdameroy et al. 2005The SaskSRB is faced with major

water security threats (Wheater and Gober 2013, 2015). Most importantly, increasing climate
variability and change has affected the characteristics of streamflow in headwaters, where most of
theregional streamflow originated. These changes are due to alterations in regional precipitation
patterns and snow/melt processes (Shook and Pomeroy 2012; Chun et al. 2013; Harder et al. 2015;
Hatami et al. 2019). In addition, -Btream human interventionghrough redistribution and
consumption of river flows, have contributed to significant changes in the key streamflow regime
indicators in the region, namely, annual streamflow volume and timing of the annual peak (Nazemi
et al. 2017). Meanwhile, Saskat@ven is considering a proposal for expanding its irrigation area
4-fold. This expansion can result in an increased provincial net benefit (PNB) and increased current
changes in streamflow regime dostmeam from Lake Diefenbaker. These changes, in conjunctio

with hydropower production, can significantly affect the ecological functioning of the SRD and
accordingy limit the essential life rources for both humans and ecosystems in the delta.
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Few impact assessments have been performed in theSBa&skoquantify potential system
vulnerabilities under changing streamflow, demand, and operationaigsalHassanzadeh et al.
2016ab, 2017). All these assessments use a fully betipnapproach based on an integrated
simulationbased water resoee system mael named SWAMPSKsge Hassanzadet al., 2014
for more details on the modelJhese impact assessments, however, use different schemes for
synthetic streamflow generation at the regional scale. In Hassanzadeh et al. (2016a, b), a
regressiorbased schemeasg used to extend the stochastically generated streamflow at the NSR
to SSR, using the scheme suggested in Nazemi and Wheater (2014a). Further investigations,
however, revealed in limitations of the regresdiased scheme in representing low and high flow
guantiles at the SSR. As a result, in the later work of Hassanzadeh et al. (2017), the incoming flows
at the NSR and SSR were generated independently using thesstagieconstruction algorithm
of Nazemi et al. (2013) without considering the spatigietielence between reaches. This
independent generation was to ensure that low and high inflows to the SRD could be well
represented. Here, we revisit this case study and reassess the vulnerability of-BREaskg
the two previously developed metho@song with two new schemes for regional streamflow
generation (in total, four schemes). The four schemes were considered different from each other
only in the way spatiotemporal dependencies between vatidn the SSR and NSR are
representedVearepartiaularly interested in understanding figwskillful these four schemes are
in reproducing a historicatreamflowregime and whether there is a scheme that can dominate
others with respect to capturing a range of obsesttedmflowcharacteristics; (2how different
the geneated streamflowseries are under changing waserilability conditions;and (3) how
sensitivaheresultsof animpactassessmeireto theschemeaisedor streamflongenerationtn the
following section, webriefly introducetheappliedschemegor generatingheincoming regional
streamflowto the SaskSRB.

2.3. CopulaBased Stochastic Streamflow Generation at Single and Multiple Sites

The stochastic reconstruction approach (see Nazemi et al. 2013) uses copulas for streamflow
gereration under changing streamflow conditions. The algorithm was originally proposed for
singlesite streamflow generation for regions like S&®%B, where the annual streamflow regime

can be sufficiently described by annual streamflow volume and timiting @ihnual peak. In brief,

the algorithm is built upon the fact that empirical probability distributions ofasutual
streamflow can provide a theoretical basis for generating multiyear streamflow series with
identical expected annual characteristics. algerithm combines this theoretical basis with two
heuristic schemes based on multiplicative and additive quantile mapping (Panofsky and Brier
1958; Wood et al. 2002) to represent shifts in annual volume and timing of tite peaklNazemi

et al. (2013) fodetailed formulation.
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Figure 2.1.The extent and key components of S&¥B, the water resource system developed around the
SaskatchewaRiver Basin in Saskatchewan, Canada.

To generate random realizations of streamflow, algorithm uses a conditional sampling
strategy in which parametric copulas provideasis for representing lgemporal dependencies
in streamflow series (i.e., the dependence between consecutive weeks at a gidesesite)
Appendix Al for the formulatio of the copulébased temporal sampling stratelyye consider
four schemes for generating regional incoming streamflow to-SR&k (1) ignoring the spatial
dependence between the two readhbt, implemented before in Hassanzadeh et al. (2017); (2)
represating the spatial dependence using a regredsased spatial extension schénid2,
implemented before in Hassanzadeh e2&l16ab); (3) representing the spatial dependence using
a bivariate spatial copula mod&lsM3; and (4) representing the full spatiotemporal dependence
using a system of nested bivariate copula m@d&ld. To generate regional streamflow using
M1, streamflow seds can be first generated independently at the two reaches using thsigngle
algorithm (see Sectiddlfor the sampling procedure) and then randamiyed-andmatched with
one another to form random realizations of regional streamflow series, in which spatial
dependencies are not represented. M2, M3, and M4 are based on generating streamflow series at
a reference or a donor tributary (hereaftemgary site) and transferring the generated realizations
to other reaches (hereafter secondary sites) using different representations. M2 uses a set of linear
regression models to transfer the generated streamflow series from a primary to a secondary reach
at the same time stépsee Nazemi and Wheat@0(43 for methodological details. In M3, linear
regression models are replaced by -Oagpatial copulas (i.e., the dependence between
corresponding weeks in the primary and seeopndeaches). Both M2 and M3 focus only on
representing the spatial dependence and ignore explicit representation of temporal dependencies
at the secondary reach. To overcome this gap, M4 is developed based on the guidelines of Chen et
al. (2015 for representing the full spatiotemporal dependence at the secondary reach using a
system of three mutually independent bivariate cogukese Appendixe®\2 and A3 for the
formulations of M3 and M4, respectively.

2.4. Experimental Setup and Benchmarking Procedure

Before any intercmparison among schemes, the best copula structure and parametric sets for each
scheme need to be identified. We considered three common parametric copula functions, namely,
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Frank, Clayton, and Gaussian copulas for setting up the four saheseesNelsen (06) for
formulations of these copulas. We used each copula function in conjunction with empirical
representations of marginal distributions (i.e., weekly flows in NSR and/or SSR reaches);
therefore, any difference between various setups of one scherhe a¢tnbuted to the choice of

copula functions. Accordingly, we identified the best parametric copulas for preserving lag
ltemporal and la@ spatial dependencies between the two tributaries during the baseline period
of 1980201 0 . The Ke nstlandl Fadres 20Q7)awas used eéongeantify temporal and
spatial dependencies (see Appendi® f or observed versus si mul a
maximum likelihood density method was used to estimate the copula parameters (see
Shojaeezadeh et al. 2018). Theules show that Frank copula can consistently outperform Clayton

and Gaussian copulas in reproducing the observed temporal and spatial dependencies at the NSR
and SSR see AppendiA4. Frank copula was therefore selected for setting up the four schemes
andperforming the other experimentations. As the copula function is common among all schemes,
any difference between generated series can be attributed only to the procedure with which
spatiotemporal dependencies between the two reaches were repraddergede attempted to

make an intercomparison between M1 and M4 to understand the quality of generatiinong
streamflow characteristics and to shed light on uncertainties in understanding system response due
to uncertainties in synthetic streamflow seri&e. first intercompared the performance of the four
schemes in reproducing the letegm streamflow characteristics during a common historical
baseline. For this purpose, we implemented a resampling approach and rigorously inspected the
expected values fgerformance and associated uncertainty in reproducing thedomghistorical
characteristics from 1980 to 2010.

In brief, for each scheme, we once chose the NSR and once chose the SSR as the primary was
reached (hereafter, NSRredpect8\R foawhith 1803drlizationll SR p
of the historical streamflow series with the length of 31 years were generated with no shift in
annual streamflow volume or timing of the peak. For each realization, we then generated the
corresponding streamfloseries at the secondary site using the four spatial extension schemes.
For each regional realization (i.e., pairs of streamflow series at the primary and secondary reaches),
we calculated the error in reproducing 10 key loegn streamflow characterissicThese error
measures include mean and root mean square errors in representiteyiogserved values of
the annual volumeMWis); annual peakHis)); annual timing of the peakTnis); amual flow
guantiles at 10%, 50%and 90% norexceedance percilies Q1Guist, Q5Gist, and Q9@ist,
respectively); as well as tHag-1 temporal dependence and the annual temporal dependence
structure (i.e., lagged dependencies among 52 weekly streamflow in 1 year) at the secondary reach
We only focused on the secondary tributary, because the generated flows at the primary reach for
all schemes were the same. We alscsmered two regional charaatgrcs related to preserving
the lag0 spatial dependence and the annual spatial depemdstnucture (i.e., pairwise
dependencies between all combinations of weekly flows in the two tributaries). Considering 100
realizations in each ensemble, the expected values of the calculated errors for all realizations were
considered asrepresentative msemble scorein reproducing the longerm strearfiow
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characteristics using a particutatheme. We repeated the afoentioned ensemble sampling 100
times, resulting in each scheme comprising 100 samples, with whichgresentative scheme

score and theassociated sampling uncertainty were empirically quantified using the sample
estimates of the mean and standard deviation, respectively. By using thisnseiftible approach,

it is possible to formally address the differences in the scheme scorestinflitfe sampling
uncertainties. Fothis, we used the singfactor analysis of variance (ANOVA) with Bonferroni
correction (Bland and Altman 1995) to perform multiple pairwise comparisons between the
scheme scores. In brief, ANOVA used the samples ofdf@sentative ensemble scores for M1,

M2, M3, and M4 and tested whether the schemes resulted in statistically different scores. This,
however, does not provide knowledge on how the four schemes can be compared pairwise.
Bonferroni correction adjusts tipevalue of the ANOVA test to compensate for multiple pairwise
comparisond see Stuart and Jones (2006), Dauwalter et al. (2006), and Shoda et al. (2012) for
the procedure and application examples. Second, to address how the four schemes can lead into
different longterm streamflow characteristics under changing conditions, we first identified a set
of feasible changes in annual flow volume and timing of annual peak based on previous studies in
the region (i.e., Martz et al. 2007; Pomeroy et al. 2009; Haadahzet al. 2016b). In total, we
considered 154 scenarios of change by mixing and matching 25% to 25% shifts in annual volume
(perturbation step: 5%) with 5 to 8 weeks for the timing of annual peak flow (perturbation step: 1
week). Each scenario of changen beaccordngly represented by a regime, for which an ensemble
including 100 weekly realizations of regional streamflow with a length of 31 years can be
generated using elacof the four schemes. The geamied streamflow realizations were then
intercompaed among the four schemes based on two differenceset@sentations of the
expected longerm changes in streamflow characteristiaad (2) variabilities in longterm
streamflow characteristics that were captured. We estimated the difference hbeverpected

value of longterm characteristics obtained through 100 realizations and the corresponding
observed value during the baseline period asnapirical proxy for the expected change in long

term streamflow characteristicgVe also considered the coefficient of variation in ldegn
characteristics obtained through 100 realizatiorspmexy for measuring the variability in long

term streamflowchaacteristics.In addition, the ANOVA testwith Bonferronicorrection was
implementedto measurehesignificanceof the pairwisedifferences between generated ldegn
streamflow characteristics among the f@ohemesThird, it is also important to address the
uncertainties in a bottomp impact assessment due to the method usgérterate streamflow

series under changing conditions. As a result, we introduced the generated streamflow ensembles
obtained by M1M4 under 154 changing conditions to the SWAMPSK to provide the projected
response of the Sa€dRB water system under changiegnditions. We considered three
performance measures: annual PNB (in Canadian $M); annual surface water coverage (SWC; in
km2) area in the SRD during the ifree season, a proxy for measuring overall ecosystem health

in the delta (see Sagin et al., 20b6 the formulation; and the ratio of Manitoba apportionment

to the available streamflow in Saskatchewan (hereafter, APP; dimensionless). These measures
represent the economic, ecologic, and sqailitic responses of the SaSRB to changing
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streamflow onditions, respectively. Similar to the experimentation performed for generated
streamflow characteristics under changing conditions, we compared the results of vulnerability
assessments obtained using iMM based on two criteria: (1) how differences betwehe
expected changes in the letegm system performance were captured; and (2) how variability in
long-term system performance was represented under changing conditions. The ANOVA test with
Bonferroni correction was also implemented to measure thdfisggite of the pairwise
differences between loAgrm system responses identified by the use of different schemes for
regional streamfilw generation.

Table2.1 also presents the limited performance of spatial extension schemes in reproducing
the streamflow characteristics at the secondary site. For instance, M2, M3, and M4 did not
reproduce the expected lagemporal dependence or the expected annual tengeEpahdence
structure at the secondary reach with the same skill as M1, in which the spatial dependence
between the two reaches are ignored. Moreover, although M4 can better reproduce the temporal
dependence at the secondary reach comparing to M3, iifaigproducing the expected g
spatial dependence with the same performance as M3. These observations reveal the existence of
tradeoffs in the performance of spatial extension schemes and the fact that the considered spatial
extension schemes are inqolete. Finally, by comparing the corresponding error measures
bet ween the two paths of spatial extension, N .
to SSR Y NSR, which confirms the previous fint
SSR p#h is considered for the othem this study see Figs. ABA9 in Appendix A5 for various
comparisons between the four schemes in reproducing the historical observed characteristics.

2.5. Results
2.5.1. Generated Ensembles of Streamflow Characteristics uma Changing Conditions

As noted previously, the generated streamflow ensembles obtained by the four schemes provide
significantly different longterm streamflow characteristics in more than 90% of comparison cases,
and there is no single scheme that camidate others with respect to all performance scores in
reproducing observed characteristics during a common baseline period. As a result, all schemes
can be considered as competing alternatives with which the streamflow series under changing
conditions an be generated for the purpose of bottgmmpact assessments. Fig. 2.2 summarizes

the results in terms of the changes in expected-terng streamflow characteristics at the
secondary site (i.e., SSR) in comparison with corresponding values duriragéii@d period. Top

to bottom rows show the results for M1 to M4, respectively. From left to right, columns
respectively refer to expected change in timing of the mpd}, [relative changes in the expected
annual volume [HV/Whisy)], peak [E(P/Pnist)], as well as flow quantiles F{Q10Q1(isy)] ,
[1-(Q50/Q50ist)], and [E(Q90/Q90ist)] under 154 feasible changing conditions. According to this
figure, changes in the expected lelegmstreamflow characteristics genated by the four schemes

can diverge from one another, and the differences between thtetomghanges captured depend

on the streamflow characteristics and the scenario of change condideesd TableA2 in

24



AppendixA6 for a detailed empirical analgsof the differences between error characteristics at

the SSR. In brief, in the case of representing the changes in the timing of the annual peak, the
divergence between the schesmwas more profound under ping shifts in the timing of the

annual peakin addition, M2 could not track the imposed changes, particularly near the lower and
upper ends of the feasible rarmfechange. Regarding the repeatation of the annual streamflow
volume, the difference between the four algorithms was more highlighted positive shifts in

annual streamflow volume. In terms of the annual peak, the four algorithms provided significantly
different results for the majority of flow regimes. With regaodannual Q10 and Q90, the
divergence between the schemes was more&l wnmder positive shifts in annual streamflow
volume, combined with negag shifts in the timing of thannual peak. This is rather differdat

Q50,in which the differences between the schemes were more obvious under positive shifts in the
timing of the annual peak, combined with positive shifts in annual streanviddune. Wealso
compared the variability in generated letegm streamflow characteristics (i.e., within 100
realizations) at each regime using the coefficient of variation. Fig. 2.3 sureméne result for

the six local characteristics at the secondary reach under the 154 feasible scenarios of change.
Similar to Fig. 2.2, top to bottom rows depict the results for M4, respectively, and the columns

from left to right refer to simulated cifieients of variation in longerm annual timing of the peak,
volume, peak, and three flow quantiles. Again, there are significant differences between the
variability in longterm streamflow characteristics generated using the four schemes. As a general
observation, M2 generates the least variability in the-k@ngn characteristics compared to other
schemes. The M4, in contrast, reproduces the corresponding variability obtained by the M1 in the
majority of flow regimes. Note that we are not making a state for the suitability of any method

for vulnerability assessment; rather, we emphasize the differences between alternative streamflow
generation schemes in representing the variability in-teng streamflow characteristics under
changing conditions.

ATD (week) 100(1'VN>”“} (%) IDU(FF'JPMN) (%) 10011-(]10}(]1!}““) (%) 100(1-(]501(]50“‘“} (%) 100(1-090}(]30““') (%)
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Figure 2.2. Relative changes in expected letegm streamflow characteristics under changing
conditions compared to the corresponding historical values.
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Table 21. Estimated expected means asthndard deviations of firstand secondrder errors in
reconstructing key characteristics of streamflow regime to Saskatchewan during the period 201980
Secondary reach

NSR | SSR

Streamflow  Scheme q STD q STD
characteristics Eﬁ;{ﬁ of  Expected STD of E);ﬁg;tﬁ of  Expected STD of
error mean RMSE RMSEs error mean RMSE RMSEs

errors errors
M1 024 010 1.6 008 004 011 098 0.06
Timing of the M2 060 009 114 006 032 005 055 0.04
peak (week) M3 050 010 1.16 007 068 007 1.04 0.07
M4 040 010  1.09 0.06 055 008 113 0.08
M1 4.40 21.87 26823 1888 5540 43.00 409.30  26.80
Volume M2 26.94 1620 16499 11.67 -540 2490 23850 15.90
(MCM) M3 33.48 21.88 22193 1446 11.60 36.00 34550 24.60
M4 12729 2890 308.88 18.64 9550 40.80 426.70 28.30
M1 2062 534 6342 376 150 930 9430  6.40
peak(CMs) M2 15996 304 16281 290 9890 660 11650 590
M3 1448 546 5547 3.68 10420 9.60 13520  8.80
M4 512 595 5861 400 5000 9.80 11110 7.70
M1 124 020 244 014 270 030  3.90 0.20
M2 991 006 992 006 1020 010 1030  0.10
QIO(CMS) w3 927 017 149 010 -540 020 570  0.20
M4 062 023 226 016 -6.00 020  6.60 0.20
M1 0.05 040  4.92 035 250 070  6.80 0.50
M2 621 036 7.24 034 1170 040 1250  0.40
Q50 (avS) M3 019 041 399 032 -1.40 050 460 030
M4 076 062 593 041 000 050  5.40 0.30
M1 620 216 26.44 171 1090 490 4550  2.80
M2 164 1.68 17.38  1.09 -1620 2.60 3030  1.90
Q90 (CMS) 3 580 205 2167 138 060 400 3860  2.90
M4 2296 259 3508 232 2250 480 51.60  3.50
Expocted lag. M1 001 001 007 000 000 001 007 0.00
Do Wm0 oomoom o ogm o om om om o
dependencef ;) 010 001 0.14 0.00 007 001 012 0.00
Expected M1 007 003 018 001 003 003 017 0.00
annual M2 010 003 021 001 000 003 0.18 0.00
temporal M3 015 002 024 000 006 002 021 0.00
dependence) M4 0.11 0.03 0.20 0.01 0.02 0.03 0.17 0.00
Expectedago M 037 005 042 003 037 005  0.42 0.04
Gaet bz Sm om @ om om ow ok 0w
dependenceX 4 024 002 022 001  -024 002 022 0.01
M1 013 003 024 001 013 003 024 001
Expected M2  -001 003 021 000 -001 003 021 000
annual spatial /5 002 002 019 000 002 002 019  0.00
dependenceX 4 001 003 020 0.00 001 003 020 0.00

Note: The streamflow series are generated through random resampling of 100 ensembles, each with 100 realizatioris using M1
M4. Both NSR and SSR are considered once as a secondary reach. For each error characteristic, the statistics ofrtteeibest sche
bold.
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2.5.2. Impact Assessment under Changing Streamflow Regime

The aforementioned analyses shed light on the differences among the four schemes in terms of the
expected values and variability in lotgym streamflow characteristics generated under changing
conditions. The next step is to analyze whether the diffesencgtreamflow characteristics lead

to differences in the results of the impact assessment.
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Figure 2.3. Coefficient of variation in ensembles of lotgym streamflow characteristics reconstructed
under changing conditions.

By feeding the SWAMPSK with generated streamflow ensembles obtained byl ive
focushereon comparing the following: jlchanges in the expected letegm values of PNB,
SWC, and APP under changing streamflow conditions with respect to thepmrdingvalues
during the hitorical period; and (2) coefficients of variations in PNB, SWC, and APP under
changing conditions. Fi@.4 summarizes the findings with respect to the differences in estimated
changes in the expected values of kbagn system perfonanced see also Table &in Appendix
A6. Top to bottom rows in Fi@.4 correspond to relative changes in the expectedtiemg values
of PNB, SWC, and APP (i.e.;(PNBPNBist), 1-(SWCEWGist), and 2(APP/APPist)) under 154
scenarios of change. Thelative variations were assessed by the streamflow ensembles of M1
M4, sorted from left to right columns, respectixelhe four individual assesemts show the
sensitivity of the performance measures to changes in the annual incoming $askaichewagn
however, each asssment can describe this sensitivity differently. Note that Pebteveals that
the differences betweethe results of impact assesnts are less noticeable compared to the
differencesrevealed forstreamflow characteristics reported Table A2. Still, the diffeznces
between the results for PNBs were more highlighted under positive shifts in the anamaifl stve
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volume. For the SWC, dergences were more highlighted under positive shifts in annual
streamflow volume and timing of e¢hpeak. With respect to the APP, the impact assessment
conduded by M2 provides very diffent images for changes in the system performance compared
to the other three schemes. In addition, the differebetween assesents made by M1, M3, and

M4 becomemore obvious under positive shifts in the annual streamflow volume; however, these
differences are clearly less significant compared to those reported for streamflow characteristics.
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Figure 24. Relative changes in thexpected longerm performance of the SaSIRB with respect to the
corresponding historical values.

We also inspected the variability in the letggm system performances at each flow regime,
conditioned to ensemble streamflow series obtained by the émes. The coefficients of
variation were used to measure the variability in rgn performances. Fig.2summarizes the
results, in which top to bottom rows depict the results for PNB, SWC, and APP, simulated by
forcingthe SWAMPSK model with streamflow realizations obtained by M1 to M4 (sorted from
the left to the right, respectively). The figure reveals substantial differences between the variability
in longterm performance measures. For the case of PNB and SWCsrasaes made by M4
show the largest variability in lortgrm performance under changing conditions, followed by M3.

For the case of APP, however, the assessment made by M2 shows the largest variability with a
significantly different pattern compared to tt@er three schemes.
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Figure 25. Coefficient of variation in longerm performances of the Sas&RB under changing conditions.

2.6. Discussion

The results provided reveal that even with the same realizations of the streamflow at the primary
site, the corresponding spatedtersions to the secondary site, made by the four schemes, can be
quite different under changing conditions. Further impaséssment shows that the differences in
thelong-term streamflow characistics in some cases result in the ldegm impact assessments
diverging in terms of both the expected values and variability of the considered performance
measures. The propagatiohuncetainty from streamflow ensemblés the impact assessment,
however, is complex and depends on the performance measures and the scenario of change
considered. In addition, larger variability in lotgym streamflow characterisi does not
necessaly resultin larger variability in the performance measures. For instance, while M1 and
M4 produce comarable ranges of variability ithe considered streamflow characteristics, the
results of impacasassessmentsade by the two schemes are significadifferent in terms of

the estimated variability in longerm system performancehese findings highlight the sensitivity

of the bottomup assessment to the methodology used to generate regional streamflow series. In
the following section, we explore hatvis sensitivity can result in uncertainty in understanding

the risk and stresesponse relationships.

2.6.1. Uncertainty in Identifying the Risk in System Performance

To better picture the differences between the results of impact assessments blytéeetbur
schemes, we comparedethrisk prdiles of the performance measures under three specific
streamflow conditiond see Fig.2.6. In simple terms, risk profiles show the probabilistic
characteristic of longerm system performances obtained by midtipealizations (see
Hassanzadeh et al. 2016a). The three specific flow regimes exemplify the warm/dry condition, the
scenario with (4, 0.25) change; historical condition, the scenario with (0, 0) change; as well as
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cold/wet condition, the scenario with, @.25) change. In each panel, the risk profiles generated
based on M1, M2, M3, and M4 are shown by dashed dot, dashed, solid, and dotted lines,
respectively. Red, green, and blue profiles refer to the warm/dry, historical, and cold/wet
conditions, respentely. The solid black lines show the historical performances simulated using
the observed data. In terms of PNB, there can be differences in the risk profiles, particularly under
representative warm/dry (e.g., between M2 and others) and historical cosdéig., M1 and M2
compared to M3 and M4).
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Figure 2.6. Probabilistiarisk profilesfor PNB (first row), SWC(secondow),andAPP(third row) obtained
for threespecificflow conditions.In all panels theisk profiles underhistorical, warm/dryand cold/wet
conditionsareshownin greenred,andblue colorsrespectivelygdashedlot, dashedsolid anddottedlines
referto therisk profiles obtainedby M1, M2, M3, and M4, respectively The black solid line showsthe
performanceainderobserved streamflow.

For the SWC, the differences between the risk profiles were more highlighted under the
historical and representative cold/wet conditions. This is similar to the case of APP; in particular,
the range of the risk proélobtained using M2 was substantially larger than what was obtained by
other schemes under wet/cold conditions. Moreover, while the assessments made by the
synthesized streamflow series can capture observed responses (solid black lines) within the range
of risk profiles, none of the schemes can provide an unbiased estimation for all performance
measures considered. For instance, the expecteddamgperformance obtained by M3 undef no
change condition can provide an unbiasstthgtion of the observddng-term PNB; however, it
underestimates the observed ldegn SWC and APP. Similarly, whilklae expected lorgerm
perfomance obtained by M4 under the-cltange condition can closely match the observed long
term peformance for SWC, it underestates he APP.

2.6.2. Uncertainty in Understanding the StressResponse Relationships

One key issue in the vulnerability assessment of water supply systems is to understand how
variability and change in lonrtgrm streamflow characteristics translate into variability and change

in long-term performance measures in water supply systems. dressdthis, we considered the
expected changes in the timing of the peak along with relative changes in the expected annual
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volume, peak, as well as flow quantiles under 154 feasible changing conditions and paired them
with the corresponding values relatéa relative changes in expected annual performance
measures. For each pair, we then compared the significance of dependence (characterized using
Kendall 6s tau) between flow characteristics a
corresponding€kndal | 6s tau coef fi ci pvalues0.0%)arehwlded(de s i gn
also Fig. A10 in Appendix A7)By considering the dependencies between expected changes in
streamflow characteristics and expected changes in system performance, MadWBL provide
comparable stresgsponse relationships within the pairs of streamflow characteristics and
performance measures. M2, however, portrays different pictures on the existing dependencies
between change in streamflow characteristics and themsygtsponse. Most importantly, while

M1, M3, and M4 show insignificant dependence between changes in the timing of the peak and
changes in the performance measures, M2 shows strong dependence between changes in the timing
of the peak and changes in PNB a&P. In addition, the magnitudes of pair dependencies are
subject to change if the method used for streamflow generation varies. For instance, while M2
suggests that an increase in the incoming streamflow quantiles has minimal effect on increasing
apportonment ratio to Manitoba, M1 and M3 show much stronger impacts. This variation
introduces conflicting insights on system responses under changing conditions.

We performed similar analyses to understand the dependence between the coefficients of
variation d long-term streamflow characteristics and lelegm system response. The results
summarized in Table 2.3 present significant differences in the way pair dependencies are mapped
by each scheme (see also Fig. A11 in Appendix A7). For instance, while ManM®)4 portray
significant positive dependency between the variabilities in-teng annual peak flow and long
term PNB, M2 suggests that this dependency is insignificant and negative.

Table 22. The dependencies between expddongterm changes in lonterm streamflow characteristics

and expectedlonger m changes in system performance charact
Eﬁ:r?géei?\ Expected change in streamflow characteristics
pZ%/fsgfr;nance scheme 5 W 0 Op 1t Ou T OwT
&Y P& P 3 P Op Tt P Sorr P Ton
M1 -0.02 0.96 0.67 0.89 0.91 0.91
556 M2 -0.13 0.92 0.47 0.90 0.73 0.75
p N M3 -0.08 0.98 0.67 0.94 0.90 0.91
M4 -0.07 0.98 0.66 0.93 0.90 0.90
Ve & M1 0.10 0.85 0.60 0.78 0.90 0.92
P M2 -0.03 0.81 0.37 0.80 0.83 0.64
Ywo M3 0.06 0.86 0.57 0.80 0.90 0.93
M4 0.08 0.85 0.59 0.79 0.89 0.94
M1 0.03 0.94 0.65 0.85 0.94 0.90
Yo 6 M2 -0.14 0.69 0.43 0.70 0.59 0.63
p Yoob M3 -0.06 0.97 0.65 0.91 0.92 0.93
M4 -0.05 0.96 0.64 0.91 0.92 0.89

Note: The significant dependencigsf al ues O 0. 05) are bol d.
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Table 2.3.The dependencies between expected variability in-teng streamflow characteristics and

expected variabilityinlong er m changes in system perfor.mance cha
Variability in Variability in streamflow characteristics
system
performance Scheme ¢ @©Y) 6 dw) fe) ((f,) o) ((ﬁlO) o) @50) o ((f,go)
M1 0.33 0.64 0.40 0.37 0.01 0.66
o M2 -0.12 0.24 -0.05 0.39 0.08 0.09
S0P 3 0.34 0.62 0.31 0.28 -0.07 0.62
M4 0.34 0.62 0.31 0.28 -0.07 0.62
M1 0.23 0.47 0.25 0.16 0.23 0.35
o M2 -0.19 0.56 0.24 -0.01 0.04 0.43
O fY®Ld 3 -0.11 0.50 0.01 0.16 0.40 0.17
M4 0.02 0.60 0.01 0.17 0.42 0.30
M1 0.24 0.48 0.27 0.28 -0.13 0.64
v e o M2 -0.01 -0.13 -0.06 -0.18 0.09 -0.12
Sddop 3 0.41 0.51 0.28 0.15 -0.19 0.71
M4 0.25 0.53 0.21 0.19 -0.14 0.66

Note: The significant dependencigsf al ues O 0. 05) are bol d.

For the case of variability in the SWC, M1, and M2 show strong dependencies between
variabilities in longterm annual peak flow an8WC, whereas M3 and M4 do not suggest this
strong dependence. Similarly, M1, M2, and M3 show strong dependencies between SWC and Q10
as well as SWC and Q50, while M2 marks these pairs as independent at the considered significance
level. This discussion cdre extended to the uncertainty in understanding the causes of change in
the variability of longterm APP: while M1, M3, and M4 suggest that the variability in {teron
APP is dependent on the variability in letegm annual peak, peak timing, and Q50; Marks
these dependencies as insignificant.

2.7. Conclusions and Further Remarks

Bottomup approaches to the impact assessment under changing conditions are proposed to
address some of the uncertainties in-dogvn approaches; however, they may incluodeer

sources of uncertainty. One important @uof uncertainty in bottorap frameworks originates

from synthetic climate and/or streamflow realizations, with which the vulnerability in system
performance is assessed. Mathematical schemes for gensyatihgtic time series, however, are
numerous and are based on different assumptions and/or simplifications. Accordingly, the long
term characteristics of generated realizations may be different from one another; hence, the results
of impact assessments bdaupon them also may be different. Through a set of experimentations,
our study demonstrates the existence of such uncertainties in the-optiotpact assessment of
large-scale water supply systems that require generating regional streamflow serigtiph m
tributaries. We use four different spatial extension schemes that differ from one another only in
the way the spatiotemporal dependencies between regional streamflow reaches are represented.
Through a rigorous intercomparison, it is shown that ite$@ving different degrees of realism,

none of the schemes can dominate others with respect to reproducing streamflow characteristics
during a common historical period. As a result, they can be considered alternative hypotheses for
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bottomup impact assement under changing conditions. The results of vulnerability assessment
show that there can be substantial differences between the four schemes in terms of representing
expected values and coefficients of variations in {texgh streamflow characteristicand to a

lesser extent in system performance, under changing conditions. The range of such differences
depends on the streamflow characteristic, performance measure, and the changing water
availability conditions considered and is more evident in teffrtiseovariability than the expected
values. This issue can introduce uncertainty in understanding the risk in system performance and
the causal relationships between changing streamflow conditions and changing system
performance.

Our findings demonstrateufther evidence for deep uncertainty in assessing the impact of
changing streamflow conditions on water resource systems, particularly originated from having
multiple nonfalsified hypotheses for changing regional regimes. Surprisingly, guidelines for
representing streamflow characteristics in +stationary conditions, while maintaining
spatiotemporal dependencies between multiple tributaries, are largely overlooked in the literature
and current approaches are still incomplete, as we show for the casputsliased sampig
schemes. We, therefore, gi@gt further efforts toward improved methodologies for synthetic
regional streamflow generation under changing conditions. In addition, we believe that building
improved algorithms would be rather impossilidefore making a set of comprehensive
intercomparison studies that can address the pros and cons of multiple methodologies, including
reshuffling strategies (e.g., Borgomeo et al. 2015), across a range of spatial and temporal scales
that are relevant to thenpact assessment. Up to the time when such improved schemes become
available, we suggest considering multiple weather and/or streamflow generators for informing
the impact assessment and/or weighing their results according to their performance irciggprodu
historical conditions. In addition, the results of -thpwn approaches can be merged with the
findings of bottoraup assessments to associate likelihood values to vulnerabilities identified under
changing conditions (seeg., Ashraf et al. 201®Mallakpour et al. 2018). Lastly, another source
of uncertainty, apart from input to the system, is in the system models, with which the impact of
changing conditions on the performance of water resourtensysare assesseskéBrunner et
al., 2019) Addressing/handling this source of uncertainty requires a set of standalone
experimentations that should correspond with the efforts we suggest here.
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Chapter 3.
On Parametric Representations of Spatiotemporal Dependencies in Stochastic Streamflow
Generation across Catchments, Timescales, and Flow Regirhes

The contents of this chapter are submitted as
Representations of Spatiotemporal Dependencies in Stochastic Streamflow Generation across
CatchmentsT i mesc al es, a rnndlJoufal of WMydRleggTiheroergents are slightly
modifiedfrom the submitted article

Synopsis

Several applications in water resource planning and management require synthetic streamflow
series that can represent modes of variability beyond historical observations. A prominent way to
address this need is through using stochastic streamflow geserdbile so far, several
parametric approaches are introduced to represent spatiotemporal dependencies in stochastic
streamflow generation using linear or nonlinear schemes; there is still not a consensus on how
these dependencies can be optimally reptedenThis has relevance in capturing cascade,
simultaneous and compound streamflow events across a range of spatial and temporal scales. Here,
we perform a comprehensive benchmarking study to assess various parametric representations of
spatiotemporal depelencies in terms of their skills and uncertainty in reconstructingtking
characteristics of historical streamflow across a range of time scales, catchment areas, and
hydrologic regimes. We highlight that when reconstructing flow characteristicoedlastream

is sought, linear and nonlinear representations of temporal dependence result in statistically
undistinguishable reconstructions in most comparison cases. At the spatial scale, in contrast, the
optimality of a given representation is largelydedent on the flow regime, catchment area,
modeling timescale, and even letegm characteristics considered for reconstruction. We show

that in nival and/or mixed streams, nonlinear representations, particularly through vine copulas,
outperform linear deemes; while in pluvial streams, linear representations demonstrate higher
skills compared to nonlinear schemes. Our study provides a set of guidelines for selecting
stochastic streamflow generators, depending on the application in hand.

3.1. Introduction

The livelihood, prospect, and wellbeing of human societies are largely dependent on the
availability of freshwater resources (Palmer et al., 2015; Villarini and Wasko, 2021; Zaerpour et
al . 2021a). DAnthiopogenet, h e hceu rwéity metd hufiman avatdr mebdi do

not fully match (Savenije et al., 2012andmoghaddam et aRp19). On the one hand, climate
change and human interventions through land and water management have transformed the

2 Zaerpour, M., & Nazemi, A. (2a3. On Parametric Representations of Spatiotemporal Dependencies in Stochastic Streamflow
Generation across Catchments, Timescales, and Flow Regimes. Journal of Hydrology, (submitted on SefjtetBay.28
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availability of surface and groundwater resersee Nazemi and Wheater, 2015a, 2015b;
Aghakouchak et al., 2021; Ashraf et al., 2021). On the other hand, both population and water
demand per capita are increasing, putting anexeeasing pressure on declining water resources,
which elevates compéthn over remaining water resources (Nazemi and Madani, 2018). The
inevitable result of the mismatch between water availability and water demand is water insecurity,
revealing itself across scales. Examples can vary from drying lakes and wetlands (Agakkouc

et al., 2015; Alborzi et al., 2018), to the unavailability of water for irrigation and drinking (Nazemi
et al., 2013), and to regional and political tensions over water (Wheater and GoberTBe8).

new conditions falsify the stationarity assumption, used traditionally for water resources planning
and managemeliilly et al., 2008, 2015Nazemi and Wheater, 2034zhner et al., 2017and
therefore, future decisions cannot be supported sbksed on historicakecords(Prairie et al.,

2008; Nowak et al., 201Koutsouris and Lyon2018). One way to fill this data gap is through
stochastic simulations of water availability and demand that can provide synthetic data support for
long-term plannng and management under changing conditions (Rajagopalan et al.F20ag40;

et al., 2017L.amontagne and Stedinger, 20Guo et al., 2019).

Streamflow is arguably the most critical water resource. As rivers roll downstream, they
become widely and freelgccessible to communities that are developed around them and benefit
human activities often in an inexpensive, durable, and reliable manner (see Amir Jabbari and
Nazemi, 2019). Having said that, not only lack of streamflow, but also a surplus of streaarilo
be also a source of water insecurity as it causes flooding. Due to the importance of streamflow in
water resource planning and management and the fact that streamflow observations are sparse and
limited in both time and space, stochastic simulatibrsteeamflow has a long tradition in
hydrology (Fiering, 1967; Matalas, 1967), as it provides synthetic sets of plausible, yet unobserved
streamflow realizations (Papalexiou, 2018; Rajagopalan et al., 2019; Brunner et al., 2019).
Stochastic streamflow geragion, however, involves several complexities. Most importantly, the
streamflow process is governed by various runoff generation mechanisms, acting on different
temporal and spatial scales, and can affect the dependence structure of streamflow differently
(Fleming and Dahlke, 2014; Konapala and Mishra, 2016; Lee et al., 2018; Hatami et al.[r2019
addition, surface water resources systems often consist of multiple streams that are highly
dependent on time and space. As a result, representing such elepesdnatters for capturing
sequential, simultaneous, and compound events across a range of tempgpatialsdales (Keef
et al., 2009Quinnet al., 2019; Wing et al., 2020; Brunner et al., 2020

Classic stochastic streamflow models can be seen as timeseries models in various forms of
combination between AutBegressive (AR) and AutBegressive Moving Average (ARMA)
models or their variants (see Pegram, 1980; Stedinger and Taylor, 1982). Suwsttomodels
were initially developed at a single site, and essentially represent the spatiotemporal dependency
filinearlyd (Lawrance and Lewis 1981; Fernandez and Salas, 1886y have been also extended
to multiple sitege.g., Salas and Pegram, 19%@jas et al., 1985; Bartolini et al., 1988); however,
they become parametrically heavy and therefore can entail large uncertainties. To address this
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issue, contemporaneous linear models are developed, which avoid modeling the joint
spatiotemporal dependeas by decoupling the dependence structure. This enables separate
modeling of spatiotemporal dependencies; and there, univariate models can be fitted to each site
separately (Salas and Pegram, 1977; Stedinger et al., 1985).

In parallel to linear models,d-Parametric (NP) models have been proposed as an alternative
to traditional timeseries models (see Lall, 1995). Generally speaking, NP models work based on
resampling from observed streamflow; as a result, empirical characteristics of streamflow are
perevered (Lall and Shar ma, 1996 ; Sharma and
linear models, NP models avoid any prior assumptions on marginal distributions and/or the
dependence structure within observed data; and therefore, they are suitaklgromuce
nonlinearities along with asymmetric margins that are common features in streamflow data. A
wide variety of NP models have been developed for single site generation of streamflow, including
moving block bootstrap (Vogel and Shallcross, 19R@)earest neighbor bootstrap (Rajagopalan
and Lall, 1999; Kumar et al., 2000), as welkasnetbased methods and their variants (Tarboton
et al., 1998; Kumar et al., 2000; Sharma and O'Neill, 2002). NP models in their original form,
however, are often unbbto extrapolate beyond observations (Srinivas and Srinivas, 2005), and
accordingly, modified approaches have been developed (Prairie et al., 2005, 2006; Srinivas and
Srinivas, 2001; Souza Filho and Lall, 2003) that are further extended to multisitee(Bral.,

2007; Sapin et al., 2017owever,they are computationally complex, particularly at regional
scales with multiple streams (Rajagopalan et al., 2010). NP models are not discussed in this paper.

Recently, copulbased models have been used manmdy for stochastic simulation of
hydroclimatic data, including streamflonBdrdossy and Pegram, 2009; Madadgar and
Moradkhani, 2011; Borgomeo et al., 20Pgreira and Veig&018). Copulas are favored for their
ability in representing th@onlinear association between random variables using -tmded
statistics, i.e. Spearmandés rho and Kendall 6s
2021), as well as decomposing joint relationships from marginal representations (Wang et al.,
2009; Naemi and Elshorbagy 2012; Pereira et al., 2017). Several cbpstd algorithms have
been developed fatochastiaggeneration of streamflow at single sitessed on representing the
temporal dependence structure through conditional probability distrilsutiomerred from
streamflow samples in consecutive time steps (Lee and Salas, 2011; Hao and Singh, 2012; Kong
et al., 2015). Extending single site methods to multisite algorithms is rather trivial, and a variety
of multisite approaches have been develdgeskd on different assumptigiNazemi et al., 2013,
2020;Hao and Singh, 2013; Chen et al., 2015, 2019).

Despite all mentioned developments, there is still a lack of consensus on how dependence
structures in time and space should be represented withstdtieastic streamflow generation.
This is a relevant question across a range of temporal and regional scales, as well as flow regimes
and in both single and multisite settings. There have been some evidence for inclined nonlinearity
in dependencstructues across smaller catchments (Pilgrim, 1976; Wang et al., 1981) and/or finer
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timescales (e.g., Rao and Yu, 1990; Chen and Rao, 2003; Wang et al., 2006), although contracting
evidences are also available (Robinson et al., 1995; Goodrich et al., 1997).

Theobjective of this study is to perform a comprehensive benchmarking, in which the effects
of different parametrizations of spatiotemporal dependencies are seen in the skills and uncertainty
in reconstructing observed streamflow characteristics. This raatdtsa set of guidelines for
choosing the right representations in the right circumstances. For this purpose, we consider a wide
range of possible representations of spatiotemporal dependencies as parallel hypotheses and
investigate the performance of Bascheme in a number of case studies and across a range of
timescales, catchment sizes, and flow regimes. The remaining of the paper is organized as the
following. Section3.2 briefly outlines the methodological elements for parametric representations
of temporal and spatial dependencies in streamflow. In SeB#omwe present our case studies,
specific modeling hypotheses, and the benchmarking appr&dehprovide our results at a
reference timescale in SectiB@l and then discuss the sensitivity of @adings across various
timescales in Sectio85. Finally, Section3.6 concludes our study and provides some further
remarks.

3.2.Methodology

Dependingpn how spatiotemporal interdependencies are represented within stochastic streamflow
generation, different parametric representations can be positioned within a spectrum identified by
fully linear and fully nonlinear representations. In time, linear g &@tion of temporal
dependence is often basedAd® models. In contrast, nonlinear approaches mainly involve copula
based models (see Sectid2.1). In space, the decoupling hypothesis is often employed, when
linear models are considered for temporakesentations.

This enables representing spatial and temporal dependencies separately (see Serinaldi and
Kilsby, 2017). If linear representation for temporal dependence is considered, the spatial
dependence between residuals of local AR models can be then represaetethretigh linear
(i.e. Linear Regression; LR) or nonlinear (i.e. bivariate copulas) representations. If a nonlinear
representation is chosen for temporal dependence, then the spatial dependence is either represented
implicitly without direct representatn of temporal dependencies between two or more sites, or
explicitly through a full representation of regional spatiotemporal dependencies (see Section
3.2.2). In this study, we set up different modeling hypotheses on the basis of-arxingatching
different linear and nonlinear representations together. Below, we briefly outline the
methodological elements for developing such parametric representations. The specific modeling
hypotheses and the details of benchmarking procedure used in this studywssedisc Section
3.3 below.
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3.2.1.Linear and nonlinear representations of temporal dependencies

The linear representation of temporal dependence starts with standardization and deseasonalization
of the streamflow time series. The standardized and deseasonalized streamflow data are then
modeled using an AR(1) model. In multisite settings, the resdiigdR (1) developed at each site

and time step are temporally independent but spatially dependent. These residuals can further be
modeled using LR or multivariate copulas, which will be discussed in S&#@h

The lag-1 temporal dependence can beoatepresented using bivariate copulas that can
characterize the joint streamflow distributioc
(more accurately, not necessarily | in&amad) man:i
L are two cotinuous random variables (here streamflow at two consecutive time steps) with
marginal Cumulative Distribution Functions (CDFs) '6f6 and"Ov , the joint cumulative
distribution of Gy, 6f) can be described as:

G, 6 6 ohy (3.1)

where0 denoteghe copula functiond and0 are two random variables, sampled from marginal
streamflow distributions at two consecutive time steps at the @aich.,6 "O0 and0

"O0 . Having thed 'O "Gf flow at the time step and the joint copula function estimating the
dependence between flows at time ste@sdo p, the probability distribution of flow at the next
time stepd  p can be calculated by (Nazemi et al., 2013, 2020):

2 T, -

; t)O R oh (32)

gog o 0ob)  vodd 6
wherelg; |, is the bivariate copula function between consecudiv@ "Git time step®andd  p,
0 is the sampled flow at time stépn the reach), 0  is the sampled flow at time stép p,
0 is the conditionald O"@nd 6 0 6° is the conditional copulaHaving the conditional
bivariate copula, the flow at the time step p can be calculated as:

0 0° 6 Pod O (33)

Despitethe variety of parametric copula functions (see Plackett, 1965; Clayton, 1978; Genest
1987; Joe, 1997; Nelsen, 2007; Renard and Lang, 20@/procedure described above provides
a generic scheme for singdéte streamflow stochastic streamflow generatidote that for each
consecutive suannual time step, a specific bivariate copula should be identified to represent intra
annual variability in the temporal dependence structure.
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3.2.2.Linear and nonlinear representations of spatial dependencies

Representing spatial dependence particularly matters for multisite stochastic streamflow
generation. Spatial dependence between two streams can be represented either through the
dependence between the residuals of AR models developed at each stream, oratluioecth
transformation of streamflow from a donor stream (hereaftpriraary) to a receiver reach
(hereafter asecondary. Both conceptualizations can be represented using linear adthean
parametric models. In linear representation, the residuaRahodels in the primary site is used

to estimate the residual of the AR model at a secondary site using a LR scheme. If the direct
transformation is sought, then the streamflow generated at a primary site is directly transferred to
the secondary site ug a set of LR models identified at each-smnual time step see Nazemi

and Wheater (2014b) for details.

Similar to representingemporal dependence using copula, the spatial dependence can be
reconstructed based on conditional resampling from thedatitbution of streamflow at primary
and secondary sites. Two assumptions can be made for building up the joint distributions. First, it
can be assumed that the flow at the secondary site and at each time step can be adequately
simulated using the joirdistribution of flow at primary and secondary sites and the flow in the
primary site. This requires implementing bivariate copulas without direct representatiorlof lag
temporal dependencies at the secondary site. Here we term this representatiormgdidihe
approach as the temporal dependence in the secondary site is not directly represented.
Implementing bivariate copulas for representing spatial dependence is very similar to-xhe lag
temporal dependence outlined above. In this case, bivariateasagan describe the joint spatial
dependence as:

G, O 6%Foh (34)

where 6 "062 and 0 "Of)g are the corresponding ‘O "Cat the primary and secondary
reaches at time stéprespectivelyKnowing the marginab ‘O '@ the flowat the primary site and
the copula functio® ohy , the flow quantileat secondary site can be sampled as:

6 0 6 0 bl 0 "od) & T—év §)40) (35)

0] Uﬁ UC) T (f) R .

whereo j is the bivariate copula function between flowO "Git the identical time step 0 is
the sampled flow at time stegn the primary site), 0 is the sampled flow at time stépn the
secondary sitd, 0 is the conditionaldé O"@nd 6 0 " is the conditional copula.
Accordingly, flov at time ste@ can be calculated from inverse function as follows:
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which means that by having the marginal flowO "® at each time stepin the primary site, the
flow at the identical time step at the secondary sites can be calculated using the conditional
probability distribution, inferred from the bivariate copula function.

More appealing representation can be based on the joint distribution of flows at the primary
and secondary site at thensatime step and streamflow at the secondary site at the previous time
step using trivariate copulas. We call this representatiomxpécit approach as the temporal
dependence in the secondary site is directly represented. In order to establishetjoaria
distributions, two distinct methodologies can be used. The first approach is based on Vine copulas,
which is a generic approach to construct kighensional joint distribution by using a cascade of
parametric bivariate copulas as building blotdee Bedford and Cooke, 2001; Joe, 1997; Aas et
al., 2009. This approach is further used by Chen et al. (2015; 2019) for streamflow reconstruction.
In this case, a trivariate copula is decomposed into a product of three bivariate copulas, in which
parametrs of each bivariate copula structure can be estimated separately. Having flow
distributions at the primary site at time p,0 OO0 , and the flow at time step p, 0
"O0 , and flow at a secondary site at time p, & "O0 thenthe joint distribution between
0, 0, andd can be described as:

QM QLY 0D QR G (3.7)

wherethe subscripts 1, 2, and 3 correspondto , 0 , and0 , respectivelyBased on the
Skl ards theorem and ap p-Vvinecopua as deseribgdoniBedforddnds t r i
Cooke (2001), we can express the conditional distributions in Eq. (7) as:

.. ool o OLHAOOL QL QO 0000 O
%09 gy 00 @r OUROL R0 (38)

e QMY Drg 00D FOGD QU D QD
QY R LAY § (39)
Hry "OLD AOAD &y "0 O & Q&

Consequently, the three dimensional joint density in Eq. (7) can be represented in terms of three
bivariate copula$ j, 6 , andd ¢ with densitiesdy , O, and®dy s as below:
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” o B (3.10)
Wrs OLY HOQY
Havingthe joint distribution from Eq. (10), the conditional distribution functiondegbh)
can be obtained by applying tiféfunction recursively (Aas et al., 2009; Czado et al., 2012) as:

16rs 'O4 HOOQ

Q "0 % (3.11)

F h fi h

In  which 04 Qo and OL Y QLY

Consequently, the Eg. (11) can be rewritten as:
Q04D Qe sQL D (312)

Accordingly, knowing the states of 00 ,and0 OO0 , flow at secondary site
at time ste@ p can be calculated. This can be achieved by estimating the invé®&arudtion,
given uniform random numbers ofs follows:

0 O Q0 0 -y D (3.13)

Another way to represent the dependence in higher dimensions is using multivariate
Archimedean copulas, most notably the Exchangeable Archimedean Copula (EAC; Nelsen, 1999;
Joe, 1997), for which the copula function has the form:

6O M %% U % 0 % & h (3.14)

% O Tp O& WY N Tip

where the %8 is a generating function of copula defined in the range of zero to one, is
monotonically decreasing ar%hp  TL %08 is a copula generator of a copula function in a
particular dimensioi®2(hereQ o)ifanyonlyif p % o Ttiforall™™@™ B HY ¢ ,0N

b, and p % 0 is decreasing and convex aontb i seeMc Nei | and Negl ¢
(2009) for more details. Similar to Eq. (7), the joint distribution betwe@@ flows, 0, 0 handd

can be expressed By in Eq. (14) and the flow each time stép p, 0  can be sampled from
the copula space by gettitlie inverse function in Eq. (14)see Whelan (2004) for the sampling
procedure over the copula space

Besidesmany useful properties such as an explicit functional form and different types of tail
dependence, one main drawback of EACs is their symmetry. To overcome this shortcoming,
Nested Archimedean Copulas (NACs; a.k.a. Hierarchical Archimedean Copulasygested,
allowing for asymmetry in the dependence structure. Introduced by Joe (1997), NACs are
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favourable as they are structurally simple and are easy to interpret (see Embrechts et al., 2001;
Savu and Trede, 2006). Having the margidD "Gf flows, U, 0, andgd, NAC can be defined as:

& ok [ r 0 [ [ 0 [ & (3.15)
6 O ORM N

where[ and[ are the generators of copulas with two levels of hierarchiemdd are first
coupled through , and thend anda with 0 through! . Having the joint distribution described
by copula functiord in Eq. (15) the flow at time step p can be obtained from the inverse
function as explained in Eq. (10see Whelan (2004) and Berg and Aas (2007) for furtherlslet
on sampling procedure using EACs and NACs.

3.3.Experimental setup and case study

To generatelifferent hypotheses for representing dependencies, wamdirnatch different linear

and nonlinear models. In total, seven schemes are considered, ranging from a fully linear to a fully
nonlinear representation. Table 1 introduces these schemes, |&bete1 (the fully linear
scheme) to M7 (the fully nonlinear scheme). In M1 and M2, an AR(1) model is employed to
represent the temporal dependence. For the spatial dependence, M1 uses an LR to model the
residual, whereas M2 implements a bivariate copuléhe residuals of the AR(1) model. Both

M1 and M2 have been widely used for stochastic generation of hydroclimatic variables (see e.g.,
Salas and Pegram, 1977; Salas et al., 1985; Bardossy and Pegram, 2009; Serinaldi and Kilshy,
2017). M3 is the combinatn of a bivariate copula for representation of temporal dependency and

a series of LR for spatial extension scheme, developed by Nazemi et al. (2013) and implemented
in Hassanzadeh et al. (2015, 2017). Similarly in M4 to M7, bivariate copulas are used &ing

the temporal dependency at a primary site, and their differences are in the ways that the spatial
extension to a secondary site takes place. M4 is after the scheme developed in Nazemi et al. (2020),
in which a bivariate copula transfers the flawrfi each time step of a given primary stream to a
secondary reach. Both M3 and M4 focus on representing spatial dependence and ignore the explicit
representation of temporal dependence in secondary sites. In M5 to M7, representations of
temporal and spali@ependencies in secondary sites are coupled. M5 uses vine copulas after the
scheme suggested by Chen et al., (2015, 2019). M6 and M7 employ EAC and NAC, respectively.

To benchmarkthe skills of the considered representations, we focus on 12 naturaistrea
located in six catchments across southern Canaga Figure3.1. Each catchment includes two
natural streams, for which the daily flow data from 1981 to 2010 are obtained from Water Survey
of Canadabts Canadian Ref er en &leBrintley étrab, m39).r i ¢ B
These streams are characterized by relatively pristine and stable land use conditions, and therefore,
can provide ideal testbeds for asselydalogig how
realityo i n t he prasteapagenic mterventians. Each catchment is chosen in a way
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that represents a particular flow regime (nival, mixed, and pluvial) and catchment size (large and
small) in Canada see Zaerpour et al. (2021a) for a comprehensive reflection on Canatliaal
streamflow regimes and their recent changes.

Table 31.The seven parametric hypotheses considered for modeling spatiotemporal dependencies in
streamflow series along with their notation andrse M1 to M7.

Single site Multisite (Secondary site)
Temporal Temporal _ Notation Reference
Spatial dependence
dependence dependence
. Autoregressive  Linear Regression M1 Salas and Pegram (1977)
Autoregressive
(lag-1) ) L . . :
Autoregressive Bivariate copula M2 Serinaldi and Kilsby2017)
Implicit Linear Regression M3 Nazemi et al. (2013)
(not representec
parametrically) Bivariate copula M4 Nazemi et al. (2020)
Vine copula M5 Chen et al. (2019)
Bivariate copula Explicit . Exchangeable M6 Aas and Berg (2013)
(coupled with ~ Archimedean copula
spatial . . . .
dependence) Nested Archimedear Grimaldi and Serinaldi

M7 (2006)

copula Wang et al. (2018)

Table 2introduceghese stations based on their location, size, and regime types according to
the classification of Burn and Whitfield (2017). Each station is identified by a pair n@riaen
whichx represents the catchment type (i.e. 1 to 6; see Table §vamether the stream is primary
or secondary (i.e. 1 or 2). Temporal dependencies in primary streams are stronger and explicit
representations in these streams are esseédtiabenchmarkingexercise attempts to address (1)
how the skills of different repsentations vary across flow regimes, i.e. nival, mixed and pluvial;
(2) how the skills of different representations vary across catchment sizes, i.@slargall; and
(3) how the skills of different representations vary across time scales, i.e.wdedly and
monthly. The performance of different parametric representations across each condition are
assessed in terms of reconstructing ergn streamflow characteristics, including annual volume,
annual peak volume and timing, lawnid-, and highflow quantiles, proxied by Q10, Q50, and
Q90,along with the shotterm temporal (lagd.) and instantaneous spatial @gdependencies.
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Figure 3.1. The locations of the six Canadian catchments and the two streams consiéacddatchment.
Catchments are picked according to flow regimes (three types of nival, mixed, and pluvial)) and catchment
sizes (two types of small and large); see Table 2 below for the information related to the considered streams.

Table 32. Hydrometric stations considered, along with their formal identifiers and notations in this study.

Catchment type

Station RHBN . . Area Lat Long
_ . D D Station Name (and province) «m?2  (N) (W)
Regime  Size
Large Cl1 08LD001 AdamsRiver near Squilax (BC) 3,210 50.9 119.7
Nival 9 C12 08LA001  Clearwater River near Clearwater (BC, 10,300 51.7 120.1
Small c21 08NEQ77 Barnes Creek near Needles (BC) 204 49.9 118.1
Cc22 08NEO006 Kuskanax Creek near Nakusp (BC) 330 50.3 117.7
c31 01BPOO1 Little Southwest Miramichi River at 1,340 46.9 65.9
. Lyttleton (NB)

Mixed  Large Southwest Miramichi River at Blackville
C32 01B0O001 (NB) 5,050 46.7 65.8
C41 01AP002 Canaan River at East Canaan (NB) 668 46.1 654
Mixed  Small ca2 01AKOO1 ShogomoCSt_ream near Trans Canada 234 459 673

Highway (NB)
Pluvial  Large C51 02ZF001 Bay Du Nord River at Big Falls (NS) 1,170 47.8 554
9 C52 02ZH001 Pipers Hole River at Mothers Brook (NS 764  48.0 54.3
c61 01FB003 Southwest Maragaree Riveear Upper 357 462 611
. Maragaree (NL)

Pluvial - Small Northeast Maragaree River at Margare

C62  01FBOO1 J 9 368 464 61.0

Valley (NL)

We consider three commonly used copulas, namely Frank, Clayton, and Gaussian copulas for
setting up different schemes presented in Taklesée Nelsen (2007) for more information on
these copula functions. These three parametric copulas are chosen @nthegresent a wide
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range of statistical dependencies (Genest and Favre, 2007). We use empirical distributions for
marginal representations for both primary and secondary sites; therefore, any difference between
various schemes can be attributed to theiee of copula function. All copula functions are
parameterized using the maximum pseliklelihood (e.g. Dupuis 2007; Wang et al., 2009). We

also perform some initial experiments to choose the best copula structure at the weekly time scale.
In this partcular timescale, it is found out that Frank copula is the best copula among the three
considered copulas in capturing the observed temporal and spatial dependencies. We, therefore,
implement Frank for setting up all schemes and across all timescaleat aoytipotential due to
changing the copula function is cancel€dnsidering each scheme, we generate 100 ensembles
each include 100 realizations to account for uncertainty in both skills and sampling according to
the procedure presented in Nazemi et(2020). The expected value of each ensemble is the
representative scheme skill, and the range of 100 expected values produced by 100 ensembles is
the representative uncertainty related to each scheme. The differences in the skills of different
schemes cabe formally assessed using the Analysis of Variance (ANOVA) with Bonferroni
correction test (Bland and Altman, 1995).

3.4.Results

We first assess the effect of different representations of temporal dependence on the skill in
reconstructing flow characteristics at primary sites. Table 3 summarizes the results in which the
expected mean errors in reconstructing different flow charstitsrby AR(1) and Frank copula
models in the primary stream across the six catchments and the three timescales considered.
Significant differences between the skills of AR and copula models are formally addressed using
the ANOVA test with Bonferroni coection. Note that significant pairwise differencespat
value=0.05 are bolded in Table 3. The result shows tha®#% of comparison cases, linear and
nonlinear representations of temporal dependencies result in similar skills in reconstructing long
term streamflow characteristics. No significant difference between linear and nonlinear
representations is seen in the monthly timescale across all catchments. In the finer weekly and
daily scales, there is also no significant difference in terms of recomstyutgmporal
dependencies as well as flow quantiles in all streams. Considering annual flow volume, few
differences can be seen at weekly and daily timescales, in which AR(1) model consistently
outperforms the skill of bivariate Frank copula. Considerimg timing of the annual peak,
differences are seen at the daily scale across two catchment types, in whichbespdla
representations consistently provide a better skill. Similar conclusions can be made for the skill in
representing the annual peak, ihigh Frank copula consistently provides better performance than
the AR model.
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Table 3.3. Comparison between the skills of linear and nonlinear representations of temporal dependencies, delivered by AR(1)capdl&rank
models, in terms of the expected mean errors in reconstructing key characteristics of primary streams during the [Britad 26110 For each
error characteristic, the significant differences between AR(1) and copula models are bolded.

Expected C11 C21 C31 C41 C51 C61

mean Timescale (Nival/Large) (Nival/Small) (Mixed/Large) (Mixed/Small) (Pluvial/Large) (Pluvial/Small)
error in AR Copula AR Copula AR Copula AR Copula AR Copula AR Copula

monthly 0.11 128 0.00 0.11 0.00 0.56 0.00 -0.09 0.00 1.42 0.00 0.10

\(/,\‘A)'(‘;I\”A")e weekly 0.12 642 000 -0.82 000 903 000 055 08l 148 000 -0.68

daily 1.78 9.42 0.14 2.00 1.16 3.68 0.13 8.90 -0.16 5.56 0.12 1.79

Timing monthly 0.05 0.06 -0.10 -0.05 -0.07 -0.04 011 014 -025 -0.12 -0.12 0.12

of Peak weekly -0.02 0.03 0.25 0.10 0.45 0.72 -092 -0.30 -226 -240 0.53 0.92

(Timescale) daily -0.44 041 428 515 -227 045 -7.15 -8.87 -10.25 -10.67 193 -2.44
monthly 0.48 124 -045 0.02 -369 263 -0.22 -016 -3.33 -157 -1.06 -0.73

(E&"g‘) weekly 416 404 -330 -1.79 -11.28 205 232 -113 -1159 -435 -1.75 -1.04
dally  -3.48 345 484 -2.04 -815 056 -474 317 854 904 -167 005
monthly -1.79 047 013 006 245 125 000 -009 -021 012 -056 -0.51
(g,ag) weekly 062 1.07 069 027 400 287 041 014 185 168 -030 -045
dally 033 052 072 054 273 407 059 063 142 172 -0.02 -0.18
monthly 018 041 005 004 -091 -073 005 005 016 027 009 018
(gﬁg) weekly  -0.40 -0.76 006 004 -064 -028 006 009 056 059 024 028
daly  -0.30 -050 004 004 -0.44 -045 009 017 026 094 010 032
monthly  -0.44 019 -0.04 001 -0.25 -008 -005 -0.05 029 089 007 004
(g\%g) weekly 029 054 -0.06 -0.02 029 -004 -007 -004 005 043 012 016
daly  -024 033 -008 -005 -035 -0.02 -0.06 -0.01 -022 012 004 0.9
Lag1 monthly -0.05 001 -0.02 000 -0.01 001 001 00l -002 000 -003 0.00
temporal ~ \weekly  -0.04 -002 -004 -002 -0.03 -0.01 -003 -0.01 -003 -001 -0.03 -0.02
der(’gndence daily ~ -0.02 -002 -003 -0.02 -0.04 -0.02 -0.04 -0.02 -004 -003 -0.03 -0.03
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As the results of the linear and nonlinear representations of temporal dependencies at the primary
sites are quite comparable, from now on we only focus on the intercomparison of skills in different
schemes at secondary sitBslow, we only intercomparée results in a weekly timescale. We then
address the deviations in our findings in case the timescale becomes finer (i.e. daily) or coarser (i.e.
monthly) in the Discussion section.

Figure3.2 summarizes the results for reconstructing the annual volarmossathe six catchments
considered. From the left to the right, columns are related to nival, mixed and pluvial regimes,
respectively. The top and bottom rows correspond to the large and small basins, respectively. In each
panel, relative deviations froitihe expected annual volume are shown for the considered seven
schemes, ordered counterclockwise. Perfect, underestimated, and overestimated fits are identified by
relative deviation of 1, 1 and 1, respectively. Blue boxes show the interquartile rangtsnsul
from 100 ensembles, each with 100 realizations. The interquartile range is a robust measure of
sampling uncertainty (Lee and Salas, 2011). Dark blue lines are the expected skill calculated by the
mean of the boxplots.

In the Nival/Large (N/L) streamall seven models can capture the expected relative volume
within the interquartile range with less than 1% mean expected Relative Error (RE). Having said that,
M1 and M2 can reconstruct the observed expected annual volume with much less uncertainty. A
similar conclusion can be considered in the Nival/Small (N/S) reach, although the mean expected
REs can be slightly higher than the N/L stream. In streams with a mixed regime, i.e., Mixed/Large
(M/L) and Mixed/Small (M/S), M1 to M5 can capture the expeetaaual volume with RESs less than
2%. M6 and M7 however consistently underestimate the expected annual volume and the rate of bias
is more in the M/S stream. A similar conclusion can be made for pluvial streams, i.e. Pluvial/Large
(P/L) and Pluvial/SmallR/S). Again, M1 to M5 can capture the observed {@mm annual volume
with REs less than 2% in both large and small basins. M6 and M7 are not able to provide unbiased
estimates of the lonterm annual volume, and the rate of bias is slightly more inmntladl sompared
to the large basin.

We also investigate the performance of the seven considered schemes in reconstructing the
expected peak characteristics, i.e., the expected timing and magnitude of the annual peek3Figure
summarizes the results at #exondary reaches across the considered six b@seen and grey lines
show the interquartile ranges of expected errors for magnitude and timing of the peak, respectively
and black dots depict mean expected errors. The red dots are the centersigirthehomwing the
location of an ideal model with zero errors. The closer the black dots are to the red dots, the better
the skill is in capturing the expected peak characteristics. The results in general show the relative
dominance of M5. In the N/L reactine absolute error in capturing the expected timing of peak using
all schemes are less than 0.5 week. Associated REs in capturing the expected magnitude of the annual
peak is also low, i.e. less than 5%, with M5 showing a better skilllYi®. m® b The same
conclusion can be made in the considered N/S reach, and M5 shows better skills in reconstructing the
expected timing and magnitude of the annual peak flow. In the considered M/L reach, M1 to M5 can
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represent the timing of peak with less than 0.5knexeor, but M5 outperforms others both in terms

of reconstructing the timing and magnitude of the annual peak. In the considered M/S reach, M5 is
the only scheme that can represent the peak characteristics within it interquartile range, with less than
0.5week expected error in representing the timing and RE of 1.2% in representing the magnitude of
the expected annual peak. In the P/L reach, only M1, M2, M6, and M7 can capture the expected
timing of peak within their interquartile range; however, wheniloglt the magnitude of the peak,

M5 shows a better skill with RE of 5.7%. In the P/S reach, again M5 outperforms other schemes and
can capture both peak timing and magnitude within its interquartile range, with an expected error less
than 0.5 week in thigming of the peak and REs of 6.7% in representing the magnitude of the expected
annual peak.

C12 (Nival/Large) C32 (Mixed/Large) C52 (Pluvial/Large)

ML 105y ML 105, ML v0s g

Me6 M6
M5
M4
C22 (Nival/Small) C42 (Mixed/Small) C62 (Pluvial/Small)
M1 M1 M1
1.05 M7 1.05 M7 105 7

Mé6 M6 Mé

5 M5
M4 M5 M4

Figure 3.2. Theexpected deviations from reconstructing the observedtleimy annual volume using the

seven schemed/(l to M7) andacross secondary sites of the six catchments types considered. The streamflow
series generated through random resampling of 100 ensembles, each with 100 realizations Each box represents
the interquartile range of expected error obtained from 100 enserhkesnean expected error is shown in

dark blue line. The closer the box to 1, the better performance in capturing the expected volume.

In parallel,we assess the skill of each scheme in capturing the expected annual low (Q10), mid
(Q50), and high (Q90)ldw quantiles. Figure84 summarizes the findings with respect to the
differences in the three expected quantiles using seven models across the secondary sites in the six
catchment types considered. The solid lines are theeroeedance probability of tlserved flow.
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In each panel, the left, the middle, and the right boxplots refer to the expected reconstructed values
of Q90, Q50, and Q10 respectively obtained through 100 ensembles. The corresponding observed
values are shown with black dots.
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Figure 3.3. The error in representing expected annual peak flow characteristic, i.e., timing and magnitude of
peak. The streamflow series generated through random resampling of 100 ensembles, each with 100
realizations using M1 to M7chemes. Each pairs of grey and green lines represent interquartile ranges for
expected errors in capturing timing and magnitude of the peak, respectively; and the black dots show the mean
of expected errors. The closer the mean expected errors are ts ofotdgin identified by red dots, the better

the skills of models are in capturing expected peak characteristics

In the N/L stream, all settings can capture the observedt&yngQ50 within their interquartile
range. Having said that, only M5 captures the {targh Q10 withY O v P In terms of Q90, M5
dominates other copulaased representations withO p P In the N/S stream and for Q50, again
copulabased schemes are able to represent the observed value in the interquartile range, but M6 and
M7 dominate other models due to lower REs. For high and low flow quantiles, M4 (with REs of 2%
and 0.4% respectively). Imeé considered M/L reach, only M6 and M7 are able to reconstruct the
long-term quantiles with REs of 3% and 1% for Q50, as well as 2% and 1% for Q90, respectively.
Having said that, none of the considered schemes are able to capture the observed Qtt@wvithin
interquartile range. In the M/S stream, M4 and M5 can represent the observed Q90 value in the
interquartile range with REs 0f1.3% and 2.4%; however, for Q50 and Q10, none of the schemes
are able to capture the observed value within their intetitueanges, although M5 still provides a
relatively higher skills compares to others, particularly with regard to Q50. In the P/L stream, M1 and
M2 show better skills in capturing the flow quantiles with REs being 1% and 3%, and 6% for Q90,
Q50, and Q10respectively. This is the case in the P/S stream, where M1 and M2 outperform other
schemes with REs of around 1%, 2.5%, and 4.6% regarding high, mid, and low flow quantiles.
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Figure 3.4. Errors in representing low, mid andghiflow quantiles (i.e. Q10, Q50 and Q90 at the secondary
streams across the six catchment types considered. Boxplot show the expected flow quantiles reconstructed by
resampling of 100 ensembles, each with 100 realizations using M1 to M7 schemes. Tlualhistioes are

shown in black dots.

In order toevaluatethe skills in preserving the dependence structure, the performance in
capturing the lag. temporal dependence in the secondary sites as well as-thepagjal dependence
between primary and secondary sites are evaluated. Fftireummarizes these dyses by
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outperforms other schemes in terms of temporal dependence. In terms of spatial dependence, copula
based schemes show better skills in capturing the oluisdeendence. In the N/S reach, only M5

can capture the observed {agdependence within the interquartile range. Another ceipasad

model, i.e. M4, shows better skills in representing the spatial dependence. In the considered M/L
stream, only M3 and Mdan respectively capture observed temporal and spatial dependencies within
their interquartile range. In the M/S basin, M1 and M4 can capture tHiedad lag0 dependencies

within their interquartile range. In the P/L and P/S stream, M1 again outperfbneismodels in

terms of lagl temporal dependence. Regarding-Oagonly M2 and M4 are capable to capture
observed values in their interquartile range.
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Figure 35. The error in representation of Fgtemporal and la@ spaial dependencies, shown by red and
blue boxplots respectivelyhe streamflow series, from which the temporal and spatial dependencies retrieved,
are generated through random resampling of 100 ensembles, each with 100 realizations using M1 to M7

schemes@&oss six catchment types.

3.5.Discussion

The results provideh Section3.4 are only relevant at the weekly scale and therefore it is necessary

to investigate the sensitivity of our findings in other temporal scales. Here we repeat the above
experimentations in coarser (monthly) and finer (daily) scales and explore the exqoectedty and
uncertainty in reconstructing the streamflow characteristics across the six catchments types
considered. The findings of these analyses are summarized irBEigadB2 in the AppendixB.

Similar to the experimentation made at the weeklyesea¢ generate 100 ensembles, each including

100 realizations using all seven schemes at the daily and monthly scales. We estimate the skill and
uncertainty using the mean and standard deviation of the expected error obtained from the expected
error estimges of 100 ensembles. In both figures, the green, red and blue lines represent the monthly,
weekly, and daily statistics, respectively. In terms of expected annual volume, M1 to M5 schemes
can capture the expected annual volume with RE of less than 3Ptinmegcales considered, while

M6 and M7 are only skillful at the monthly scale. Looking at the standard deviation, however, M1
and M2 show significantly lower uncertainty than other schemes. In terms of the expected timing of
the peak, M5 shows a betskill in capturing the observed value with less than 2 days absolute error
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in N/L and N/S reaches regardless of the timescale considered. In the mixed and pluvial reaches,
however, the skill of M1 and M2 outperforms other schemes, except in the con$tderedsin in

which M6 and M7 show better skills. Uncertainty in estimating the timing of the peak increases, as
the timescale gets finer. In terms of the magnitude of the peak, M5 shows the best skill on the monthly
and weekly scales with the average REredpectively 1% and 3.4% across the six catchments
considered. M6, however, shows better skill in N/L in the daily scale with a RE of 3.1%. In N/S,
mixed, and pluvial reaches, M4 outperforms other models with a RE of 4%. Similar to the expected
timing of the peak, the uncertainty bounds expand at finer timescales.

Regardingflow quantiles, the skills of considered schemes are variant in different timescales,
flow quantiles, and catchment types. In terms of expected Q90, M5 outperforms other schemes at the
monthly scale and across all catchments. At the weekly and dailycataesM5 shows better skill
in the N/L reach with RE O 2.1%. In N/S, M4
timescale with an average RE of 3.1%. In the M/S and pluvial reaches, M1, M2, and M4 show better
performance with average RE of leban 2.4%, 2.1%, and 2.0%, respectively. The uncertainty
bounds in representing expected Q90 expand at the finer timescales. For Q50 again M5 outperforms
other models at monthly, weekly, and daily scales with expected REs of 1.6%, 1.9%, and 2.1% across
the considered scales, respectively. For the Q90 and in the N/L reach, the uncertainty bounds expand
as the timescale gets finer. In other reaches, a mixed pattern can be observed with the least uncertainty
in the monthly scale across different reaches(F=dr and in the N/L, the least uncertainty is observed
at the monthly scale. In other reaches, however, a mixed pattern is observed. For Q10 as well, M5
outperforms other schemes with average REs of less than 2%, across daily, weekly and monthly
scales. Th largest uncertainty bounds in estimating low flow quantiles are in contrast observed at the
monthly scale except in the considered N/L reach. The least uncertainty bounds are related to the M1
and M2 across different reachds. terms of lagl temporaldependence and at monthly scale, M1,

M2, and M5 outperform other schemes with less than 0.05 absolute errors across all timescales. In
terms of lag0 spatial dependence and in the monthly scale, M4, and M5 can well capture the observed

value with less thaf.01 absolute error. The uncertainty bounds for thellsgmporal and la@

spatial dependencies mostly increase at coarser timescales. M3 and M5 exhibit the lowest uncertainty
for lag-1 temporal dependence. M3 also has the lowest uncertainty for tBespgial dependence.

The divergent results seen across different timescales and catchment types are mainly due to
various mechanisms that dominate streamflow generation across timescales, catchment sizes, and
regime types; and hence, the suitabilityddferent schemes changes. As a result, the choice of the
appropriate scheme becomes somehow case dependent. However, to provide a general guideline on
the choice of model in each specific condition, we rank the models based on their expected skills
usingthe results provided in Fidg1 in the Appendix BFig. 3.6 displays the ranking of the seven
considered schemes in capturing the eightd@ng characteristics of streamflow series across the
six different catchment types and the three timescales consideoedrterm streamflow
characteristics are placed coemtiockwise, and schemes are identified with colored dots. Linear
based schemes (i.e., M1 and M2) are shown with shades of red; nonlinear schemes with the implicit
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representation are depicted with shades of green (i.e., M3 and M4); and the nonlineamitiodels
explicit representations are displayed in shades of blue (i.e., M5, M6, and M7). The scheme with the
best skill in reconstructing each specific error measure stands in the outermost circle with rank 1, and
the worst locates in the innermost circleéhwiank 7.

M1 M2 vl M4 Vs Il v [l v B

CI2 (Nival/Large) €22 (Nival/Small)  C32 (Mixed/Large) C42 (Mixed/Small) €52 (Pluvial/Large) (62 (Pluvial/Small)
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Figure 3.6. The ranking of the seven considered schemes based on their skills in reconstructing the eight
streamflow characteristics. The schemes are ranked from 1 to 7 based on their performance in capturing each
long-term streamflow characteristics. In each circle, the characteristics are ordered counterclddiavise
model with the highest skill is shown with the biggest dot size and located in the outermost circle.

In general, at the monthly timescale, M2 an8l de ranked among the top two schemes in 50%
and 48% of comparison cases. In the nival regime, M5 is the best choice as outperforms other schemes
in 62.5% of comparison cases. In the mixed regime, however, M2 is the rank 1 in around 69% of the
comparisorcases. At the weekly timescale, M5 with 50% and M1 with 46% chance of being rank 1
dominate other schemes in capturing various streamflow characteristics across different flow regimes.
In nival and mixed regimes, M5 outperforms other schemes in 56.3%ngdacszon cases at the
weekly timescale. In the pluvial regime, however, M1 with a 50% chance of being rank 1 shows a
more reliable scheme. At the daily timescale, M1 with 54.2% and M5 with 43.8% of cases surpass
the skill of other schemes. Similarly, therfprmances vary across flow regimes. In the nival and
mixed regimes, M5 in 50% and 56.3% of chance for being rank 1 dominates other schemes; whereas,
in the pluvial regime, M1 with a 62.5% chance of becoming rank 1 outperforms other modeling

schemes.
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3.6.Summary and concluding remarks

Accurate representations of spatial and temporal dependencies in streamflow data matter to various
applications within the territory of water resource planning and management, from assessing regional
extremes tayuantifying the risk of cascade, simultaneous and/or compound events. While various
parametric schemes, extending from fully linear to fully nonlinear stochastic models are available, a
consensus on how the spatial and temporal dependencies should be besiteepresirrently

lacking. After a brief overview of theoretical aspects of the parametric representation of dependence,
we design a comprehensive experiment to benchmark the skill and uncertainty of various
representations across a range of timescadshments, and streamflow regimes. We have taken a
pragmatic approach to benchmark the performance of various representations and assess their ability
in reconstructing longerm streamflow characteristics that matter most to planning and management.
For this purpose, we select six catchments across southern Canada, portraying three regime types
(i.e., nival, mixed, and pluvial) in catchments with large and small contributing areas, and consider
representing temporal and spatial dependence at daily, wae#lynonthly timescales. We then
observe the skills and uncertainty in reconstructing eightteng streamflow characteristics.

As far as temporal representation of dependence at a local stream is concerned, our study reveals
that in most comparison caselhfferences between linear and nonlinear representations are rather
statistically indistinguishable. Having said that, when representing the spatial dependence structure
among multiple sites is sought, then the skills and uncertainty of various reptiesentiepend on
the catchment size, timescale, regime type, and even the streamflow characteristics cohsidered.
terms of annual volume, linear schemes show better skills and less uncertainty across all streams and
timescale considered. In contrast, whepresenting timing and magnitude of annual peak flow
matters, coupled representations of spatiotemporal dependence through vine copulas dominate other
schemes in nival and mixed regimes. In pluvial catchments though, linear approaches outperform
nonlinear copulébased schemes. Regardless of regime type, the timing of the peak is better
reconstructed in streams with smaller contributing areas. In terms of flow quantiles, nonlinear
approaches can represent extreme high and low quantiles better thaedhejiproaches in nival
and mixed catchments, whereas, the linear approaches dominate others in pluvial streams. In terms
of lagl temporal dependence, linear representations and the scheme based on vine copulas
outperform others. In terms of spatial degence, vine copula representation dominates other
schemes. When moving toward coarser time scales, differences in the skills and uncertainty of
different schemes become less significant.

Our studyprovidesa practical guideline for choosing an optimggresentation depending on the
context of application considered. Few points, however, are remained and should be put in
perspective. First, as it was shown in Nazemi et al. (2020), even when the skills in reconstructing
long-term streamflow characteries are similar, it does not necessarily mean that the results of stress
tests made with the generated synthetic streamflow series would be similar too. This delineates a
problem, which is more relevant to water resource planning and management thantistochas
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hydrology; yet it must be addressed. Second, in some of the comparison cases, none of the schemes
are able to capture certain flow quantiles. The recent study of Zaerpour et al. (2021b) provides the
hope that with consideration of largeale climatendices, the skills in representing high and low
qguantiles can be improved. Last but not the least, streamflow regime is evolving rapidly due to
climatic changes and/or anthropogenic interventions. At this juncture, effective approaches for
stochastic streaflow generation under multiple changes in streamflow characteristics are deemed
necessary. We hope to soon present a generalized algorithm for representing gradual and/or abrupt
regime shifts within stochastic streamflow generation.
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Chapter 4.
Informing Stochastic Streamflow Generation by LargeScale Climate Indices at Single and
Multiple Sites?

The contents of this chapter have been publisisédaerpour, M., Papalexiou, S. M., & Nazemi, A.
(2021). Informing Stochastic Streamfl&@eneration by Largé&cale Climate Indices at Single and

Mul tiple Sites. o0 i n Adheaontemssareislightiaotifedftom tRee s o u r
submitted article

Synopsis

Despite the existence of several stochastic streamflow generators, nattteatibon has been given

to representing the impacts of largeale climate indices on seasonal to interannual streamflow
variability. By merging a formal predictor selection scheme with vine copulas, we propose a generic
approach to explicitly incorporatargescale climate indices in ensemble streamflow generation at
single and multiple sites and in both skherm prediction and lonterm projection modes. The
proposed framework is applied at three headwater streams in the Oldman River Basin in southern
Alberta, Canada. The results demonstrate higher skills than existing models both in terms of
representing intraand interannual variability, as well as accuracy and predictability of streamflow,
particularly during high flow seasons. The proposed dlgoripresents a globally relevant scheme

for the stochastic streamflow generation, where the impacts of-daade climate indices on
streamflow variability across tienand space are significant.

4.1.Introduction

Streamflow has been often represenssda function of other hydroclimatic processes such as
temperature, precipitation, and evapotranspiration at the catchment scale (Bléschl et al., 2007). These
variables are affected by largeale climate patterns (Merz et al., 2014; Steirou et al., A@tvand

Gan, 2017), which can consequently impact streamflow generation globally (Kisi et al.,, 2019;
Konapala et al., 2018; Ward et al., 2014). For instance, various evidences show thaichbrge
Climate Indices (LSCIs), most notably El Nifouthern Ogtiation (ENSO), Interdecadal Pacific
Oscillation (IPO), and Pacific Decadal Oscillation (PDO) influence the streamflow in Australia
(McGowan et al., 2009; Murphy and Timbal, 2008; Pui and Sharma, 2011; Pui et al., 2012). ENSO,
North Atlantic Oscillation NAO), andAtlantic Multidecadal OscillationAMO) affect European
streamflow (Giuntoli et al., 2013; Steirou et al., 2017). Similarly, ENSO, PDO, AMO, and NAO
impact streamflow in North America (Asong et al., 2018; Nazemi et al., 2017; Rajagopalan et al.,
2000; Tamaddun et al., 2017, 2019; Wu et al., 2020).

8 Zaerpour, M., Papalexiou, S. M., & Nazemi, A. (202ajorming Stochastic Streamflow Generation by LaByale Climate Indices
at Single and Multiple Sites. Admees in Water Resources, 10408fps://doi.org/10.1016/j.advwatres.2021.104037
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Previous studies have made it clear that taking into account the effects of LSCls directly on
streamflow or indirectly through affected hydroclimate variables, e.g., temperature and precipitation,
may improve the predictability of streamflow particulafg@asonal to interannual scales (e.g., Kiem
et al., 2021; Kwon et al., 2008; Steinschneider et al., 2019; Wasko and Sharma, 2017). The indirect
incorporation of LSCI in the generation of streamflow is in fact very common in the context of
processhbased models, in which variables such as temperature and precipitation are the basis of
simulating streamflow (Eisner et al., 2017; Shrestha et al., 2013; Su et al., 2017). -Pasegss
models, however, are deterministically formulated by impldémgnphysicallybased and/or
conceptual equations without explicitly considering the distributional and/or joint properties of
observed data (Montanari and Koutsoyiannis 2012; Farmer and Vogel, 2016). Past studies showed
that although dependence betweeecpitation and LSCIs can be low (e.g., Westra and Sharma,
2010), LSCIs have more consistent impacts on streamflow and/or temperature (Bonsal and Shabbar,
2011; Nalley et al., 2016; Nazemi et al., 2017). In particular, the direct dependencies between
streanflow and LSCIs in coarser spatial and temporal scales are rather strong. This has motivated a
strain of modeling attempts to explicitly incorporate the effect of LSClIs in streamflow generation
through stochastic approaches (Lee et al., 2018a; Liu 20ab, Wang et al., 2009).

One way to represent the impact of LSCIs on stochastic streamflow generation is to transform
the original data into a&aussianprocess that can be then described using multivariate joint
distributions (Bennett et al., 2014; Papabu, 2018; Wang and Robertson, 2011). The simplest
representation of such kind can be formed by assuming a symmetric and linear teleconnection
between streamflow and LSCIs. Linear models such as autoregressive (AR) and its variants have
been widely usetbr streamflow simulatio(Matalas 1967; Salas et al., 1988e et al., 2010; Prairie
et al., 2008 however, they are unable to adequately represanginal streamflow distributions,
especially in the case of asymmetric, nonlinear and multimodal comslitiPapalexiou, 2018
Papalexiou and Serinaldi, 2020; Rajogopalan et al., 2019), which is the case in many regions and/or
finer timescales (Fleming and Dahlke, 2014; Hlinka et al., 2014; Khan et al., 2006; Konapala and
Mishra, 2016; Lee et al., 2018b). Nmarametric resampling schemes can address some of the issues
in linear modelsl(all and Sharma, 1996; Sharma and O'N&ilil02); however, the generated flows
may end up being too close to the reshuffling of historical sequences (e.g., Grantz et dle@@d5;
al., 2010).

Over the last two decades, copblsed models (see Genest and Favre, 2007; Nelsen, 2007) have
gainedpopularity in hydroclimatology (Aghakouchak, 201K8azemi and Elshorbagy, 201and
have been applied in various contexts, includittghastic streamflow generation (Salvadori and De
Michele, 2004; Worland et al., 2019; Zhang and Singh, 2019). Copulas offer a generic solution to
multivariate probabilistic sampling, particularly with respect to quantifying the risk (Chen et al.,
2015; Hao and Singh 2013; Serinaldi and Kilsby, 2017). Application of copulas in streamflow
generation can provide an opportunity for preserving dependence structures in time and space and/or
between streamflow and other relevant variables. Cdpasad stochastistreamflow generations
have been used at the single site quite extensively and are able to capture nonlinear responses
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observed in streamflow time series (Bardossy and Pegram, 2009; Hao and Singh 2012; Nazemi et al.,
2013; Wang et al., 2019). More redgnhethods based on multidimensional copulas, in particular
Vine copulas, have been used for multisite streamflow generation (Chen et al., 2019; Nazemi et al.,
2020; Pereira et al., 2017; Pereira and Veiga, 2018). Despite ongoing advances irbaspdla
streamflow generations, only a few incorporate climaiated proxies in streamflow generation
(Slater and Villarini, 2018; Wang et al., 2019); and nbie the best of our knowledgeexplicitly
incorporate the influence of multiple LSCls in the procedfrstochastic streamflow generation.

Here, we propose a generic approach based on vine copulas to explicitly incorporatad SCls
exogenougovariatesn stochastic streamflow generation at the monthly scale both in prediction and
projections modes and single and multiple sites. We hypothesize that the explicit representation of
LSClIs improves both prediction and projection skills, particularly in terms of representing seasonality
and interannual variability. We recognize that this is a challengirablem. First, the proposed
model should be able to capture both symmetric and asymmetric relationships between LSCIs and
streamflow in time and space (see Hoerling et al., 1997). In addition, as the statistical dependence
between streamflow and LSCIs cdrmaage in both time and space, the proposed model should have
a dynamic structure (Wang et al., 2019; Ngury et al., 2020). For this purpose, we use vine
copulas in conjunction with a formal predictor selection algorithm to identify the best comnabn set
LSCIs for streamflow generation at a monthly scale.

We showcase the application of the proposed scheme for the prediction and projection of three
mountainous headwaters in southern Alberta, Canada. To benchmark the performance of the
proposed algorithinwe compare the skills of our model with already existing reference algorithms.

At the single site, we compare the performance of our proposed algorithm with the copula model,
proposed by Lee and Salas (2011), which has been used frequently in thediterat, Chen et al.,

2015; Nazemi et al., 2013) and extended into multisite mode using regression models (Nazemi and
Wheater, 2014). Both single and multisite versions of this existing ctyasked algorithm were
previously implemented in the same cakgly (see Nazemi et al., 2013; Nazemi and Wheater, 2014).
Vine copulas were also used to represent asymmetric and nonlinear spatial relationships among
multiple streams (Chen et al. 2015, 2019; Nazemi et al., 2020).

These models provide a benchmark tscdss the added value of incorporating LSCIs in the
process of streamflow generation. The remainder of this paper is organized as the following: Section
4.2 presents the methodological basis of the proposed algorithm. S&@tibnefly introduces our
ca® study. Sectiod.4 discusses the model development, experimental setup, and benchmarking
procedures. Sectiohb5 presents the results, compares the proposed model with existing reference
models, and discusses the added value of incorporating LSCIs in stochastic streamflow generation.
Finally, Section4.6 concludes the study.

4.2.Methodology

The core of our propesl algorithm is a vine copula, linked to a formal input selection scheme for
selecting a set of LSClas exogenous covariatdsat influence the streamflow at the considered
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timescalei monthly throughout this paper. We show below that the proposed higastgeneric

and can be applied in both single and multisite settings and in both prediction and projection modes.
By prediction, we refer to shetérm (precisely onstepahead) probabilistic estimates of streamflow
conditioned to a known initial statBrediction mode has relevance to +ale applications such as

flood forecasting or operational planning of water resource systems. By projection, in contrast, we
refer to longterm estimates of streamflow conditioned to a range of possible initisd. feagection

mode is relevant to lontgrm planning and management of water resource systems as well as scenario
analysis particularly under changing climate and {asel conditions. Below we illustrate the
elements of the proposed algorithm and its place.

4.2.1.Vine copulas

Consider &xdimensional copula functicdid, Ttp © 1dp , in whichd is a multivariate Cumulative
Distribution Function (CDF) of aandom vector "YRY8hY , defined on the unit hypercube
mp , where"Y denotesuniform marginal distribution’Y 1tp 7 see Joe (1997Yhe fundamental
work of Sklar (1959) shows that for any multivariate CDF, suctOasho 8 o of d random
variables & hd I8 I , there is a copula functio€, that can describ& oo 8 i using

marginal CDF$O @ HO & 8 HO & as the following:

OB hy 60w O ® MHO » (4.1)

denoting that theriginalQdimensional CDF is decomposed into (1) a dependence structure between
uniform random variables, and (2) marginal CDFs that are defined independently from the
dependence structure. If the marginal distribution functions are continuous, then the copiga func
Cis unique, and the joint Probability Density Function (PDF) can be calculated as (Joe, 1997):

QB hw WO w MBHO w Qw (42)

where® D is theQ-dimensional copula PDF afd & is the marginal PDFs of tia[fQ plgf8 FQ

Vine copulas provide a generic approach to constructdiiglensional joint distributions by using
bivariate copulas as building blocks as any kghensional copula can be decomposed into a
product ofQ'Q p ¢ bivariate copulas ordereas a sequence 02 p nested trees with nodes

joined by edges (see Bedford and Cooke, 2001; Joe, 1997; Aas et al., 2009; Czado, 2010). Here we
focus on a particular form of vine copulas, i.e. canonical vines (hereaftee€), which are based

on ordemg the variables by importance. Considering a multivariate density function as a product of
conditional densities, a-@ne can be constructed by:

59



Qo Qo Qg w o (43)

wherepdQ p pktfB hQ p.Basedonth& k| ar 6s t heorem and Eq. (2)

where’ 030 and" Q30 denote conditional CDFs and PDFs, respectively. By applyingZ4=4). (
recursively, the joint densiin Eq. @.3) can be expressed as (Bedford and Cooke, 2001):

"Qam B ho "Q o W sq Ohy HOG wy 45)

The Gvine copula construction in E4.5) involves marginal conditional distributions in the
form"Oago , which can be obtained recursively using tinction derivative (Joe, 1997, 2014):

T0hs Owo FOU

IS
whereo is a'Qdimensional multivariate space with is one arbitrary component chosen fromn
ando =denotes the vectar excludingd andé j, ¢ is the bivariate copula.

"Q "OGx (4.6)

4.2.2.Selecting largescale climate indices to inform streamflow generation

While Cvine copulas provide a theoretical framework for conditioning streamflow generation to
LSCIs, several LSCIs may influence streamflow at a given lead time and the relevant LSCIs in one
time step may be irrelevant in others. As a result, thereégd for a systematic and rather dynamic
identification of appropriate LSCIs at a given lead time (Quilty et al., 2016, 2019; Robertson and
Wang, 2012). Statistical methods such as Principal Component Analysis (Barnston and Ropelewski,
1992), Independentdnponent Analysis (Aires et al., 2000), Partial Mutual Information Selection
(PMI; Sharma, 2000; Sharma and Mehrotra, 2014; Sharma et al., 2016), and Partial Correlation Input
Selection (PCIS, May et al., 2008, 2011) have been developed and alreadythsdderature for
predictor selection. Here, we use PCIS, an iterative fortearking input selection algorithm, which
chooses one LSCI at a particular lag during each iteration (Brown et al., 2012; Quilty et al., 2016,
2019; Tran et al., 2016). The seted LSCI is the one that has the largest dependence score with the
streamflow at a given monthly time step. SimilarAmir Jabbari and Nazemi (2019)e apply
Kendal IKénslall, t12/7¢ to (neasure the dependence between lagged monthly LSCIs and
montH y streamfl ow. The Kendall 6s tau is more co
nonlinear dependence between LSCIs and the monthly streamflow (Hlinka et al., 2014; Konapala et
al., 2018). The algorithm terminates when adding new predictses no improvement in the
Bayesian Information Criterion (BICgstimated from the predictand residuals. As we apply the PCIS
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for each month separately, the selected monthly LSCIls can change. For more details on PCIS see
May et al., (2008, 2011) and Hani et al. (2019).

4.2.3.Proposed streamflow generation scheme

By choosing the relevant LSCls;\ihe copulas can be used to allow conditioning streamflow at each
time step to previous values of streamflow as well relevant LSCIs as exogenous covagatess

studies showed that at coarser time scales (e.g. weekly, monthly),theléggndence is sufficient

for streamflow generation (Chen et al., 2015; Nazemi and Wheater, 2014; Wang et al., 2019). Fig.
4.1 summarizes the proposed streamflow germrascheme at single site considering thellag
temporal dependence. No need to mention that this framework can be extended to consider more lags
and/or to cover finer timescales. For the sake of simplicity, we only consider one LSCI in the
schematic and fonulations are given below. In the case of more LSCI, this formulation can be
extended to higher dimensions following the procedure explained in section 2.1.

In single site setting, the task is to generate streamflow at ardy (§itg. 4.1a), where Grines
are used to decompose the dependence structure between monthly flowscdt.éinte ), 6 p
(i.,e.0 ), aswellasarelevant LSCl attime 1 (i.e.0 )hwheret is the lag between the monthly
flow at time 0 and tle selected LSCI. Following the Eqgs. (3) and (4) the joint distribution
betweerh ,0 andd can be established as:

~

Q0 W M0 Q0 Y QRO D W (4.7)

where the subscripts 1, 2, and 3 corresponal to, 0  and0 , respectively. Using Eq. (4), the
conditional distributions in Eq. (7) can be estimated as:

‘9 b 9 Q0 ) op 00 HROOD ™0 Qb

% d Q0 Q0
i n, ol Lo, n ”n n (48)
wp 00 HO 0 QU

and

v e M D
R U o ~ 7

QrL Y 9

Ops O0 @ HOO P M O Q0 D (4.9)

Q0 D
Opg OO & HOO © & OO0 HOO QO
As a result, the three dimensional joint density in Eq. (7) can be represented in terms of bivariate
copulasd , 8 {, andd s with densitiesby , @x , and®p s as the following:
Q0 N
0 Qb Q 00 HOO Qp OO0 HROO (4.10)
wps OO0 D i
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The graphical representation of the proposed ttm@ensional Gvine copula is depicted in Fig.
4.1b and includes two trees. In the first ti¥ethe circled nodes 1 to 3 represent respectively the
three PDFs of flows at time stép p, LSCI signal with lagt, i.e.0 , and the flow at time step
The dependencies between nodes (i.e., edges) are modeled using bivariate copulas formed for each
pair. The edges in the first tree become nodes for the second level. Accordingly, the conditional
distribution function ofO0 & R can be otained by recursive use of Eq. (6) as (Aas et al.,
2009; Czado et al., 2012):

00 P

. O h
Q "0U ) — (411)
N K v
Note that "O0 9 Q0 D i i and 00 9
. R
QL L " As a result, Eq. (11) can be rewritten as
Q 00 © W N0 O S D (4.12)

: (b) Tree 1 !
i c12(F(Qf-4), F(L;—r)) :‘ : r13(F(Qf1),F(Q?)).
1 A X

Ca31 (F(Le—c @1 4) F(QF1Q] )

Figure 4.1.The schematic pathway for single site generation of streamflow with consideration eddafge
cllmate indices (panel a) along with the correspondiwin€ copula representation proposed (pandib). é ,
0 ,0 denote the monthly flows atgiven siteA. In panel b, the variables 1 to 3 indicate ,0  and
0 shown in nodes of the Tree 1.

Tree 2 !

In the multisite setting, the streamflow generation is based on selecting a primary site, which is
used as a reference to realize streamfio other reaches (hereafter secondary sites) using the
temporal and spatial dependencies within and between streamflow(segedazemi et al., 2013,

2020; Nazemi and Wheater, 2014). These dependencies are usually not the same and require
asymmetric copulas to be handled (e.g., Chen et al., 2015; Grimaldi and Serinaldi, 20CB2aFig.
shows the multisite streamflow generatgmhematically. Leb and0  be the monthly flows at
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time ste@®A T @ p atthe secondary sit®. Note that we consider a unique LSCI at timet, i.e.,

0 , relevant to both stations. This has a physical relevance as the effect ofdiS&teamflow

regime is manifested regionally (Bonsal and Shabbar, 2008; Nalley et al., 2016; Nazemi et al., 2017).
The extension of the proposed vine copula to a multisite setting is shown schematicallyipbFig.
Based on Egs4@) and 4.5), the joint dependence can be constructed as:

N~ ~, N~
g

MO M M "BOSOB R, &0, 8or; 8705$ 8:)5s &0 s (4.13)
where G is GO 'O0  HO O and @y and @y being defined similarly;c0 ¢ s
®g OO0 H M H[O1L"PH M i see also Eqs4®) and #.10). Having the joint

distribution function from Eq.4(13), the conditional COFQ0 ©© R R , can be obtained
recursively by applying the approprig@function from Eq. 4.6):

N o0 Y M W
Q0 & Q0 9§ Qb P Qb D (4.14)
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Figure 4.2. The schematic pathway for multisite generation of streamflow with consideration oktaige
climate indices (panel a) along Wlth the correspondmgr@ copula representation proposed for multisite
streamflow generation (panel B). , , U denote the monthly flows at the prlmary A , 7

0 denote the monthly flows at the secondary site. In panel b, the variablesridicaded ,0 , 0

and0 |, respectively.
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We apply the inverse forms &functions given in Egs. (12) and (14) for streamflow generation
at single and multiple sites, respectively. In the prediction mode and-sitgketting, the aim is to
obtain'O0  based on the known states©0 and’O0 . This is abieved by estimating the
inverse ofQfunction, given uniform random numbers-of

CA

"0 Q Q -0 D g (4.15)

The ensemble generation is obtained by synthesizing a large number of uniformly distributed
random numbers (10,000 throughout this paper) to realize corresponding scenario$hislarge
number of realizations is needed to account for samplingtanty and to come up with confidence
bounds (Roy and Gupta, 2020)he mean value of these realizations is considered as the best
prediction at each time step. Similarly in the multisite mode, the procedure of streamflow generation
is also based on Montarlo simulations using the information availabledor h0 handd
using the inversa-functions:

~

6 O Q0 0 - $ b D SOOIV

C

(4.16)

The process of ensemble generatiathe@projection mode is very similar to the prediction mode,
with the exception that the conditioning is not based on known antecedent quantities of streamflow.
For this purpose, having the appropriate predictors (i.e., LSCIs) at each month, flowseaerbted
at the following month conditioned to the given LSCIs.

4.3.Case study and Data

The Oldman River and its tributaries form a large basin (276G &nd provide around 40% of the

total annual streamflow in southern Alberta, Canada (Alberta Enventyr2010). The Oldman River
originates from mountainous headwaters in the eastern slopes of the Rocky Mountains and joins the
Bow River before rolling downstream toward the province of Saskatchewan. The basin is located in
a semiarid cold region, wherenswmelt from the Rocky Mountains headwaters is the main source

of the annual water supply, providing between 70% to 90% of the total annual flow volume (Nazemi
et al., 2017). The water resource system in this basin is complex, including several secabes of
demand, some with competing interests (e.g., environmentaigation water demands). Irrigation

is the largest water consumption in the basin and includes 88% of the total water demand
(Zandmoghaddam et al., 2019). The basin is currently under pressure due to rapid socio
environmental changes that intensify watemand and/or loss (e.g., inclined evapotranspiration due

to warming). This has created a regional water security concern, where natural streamflow cannot
meet additional water demand (Gober and Wheater, 2014; Martz et al., 2007). This concern will be
even more in the future and under heightened climate variability and change as the natural streamflow
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is also under rapid changes (Zaerpour et al., 2020), mainly due to the decline in the winter snowpack
in the Rocky Mountains (Prowse et al., 2006).

We havechosen three headwater rivers, upstream of the Oldman Reservoir namely the Oldman
River near Waldrondés Corner, Crowsnest River
Together, they provide 95% of the natural inflow to the Oldman River (Nazexhj 2017). Fig4.3
shows the map of the Oldman River, in which the three considered headwater streams are identified.
Table4.1 shows the key information about these streams. For each stream, we extract the monthly
streamflow values for the period 0887 to 2008 from the Water Survey of Canada's Hydrometric
Database (HYDAT; Water Survey of Canada, 20&#://www.wsc.ec.gc.cp/

We consider six largescale climate indices including PDO, ENSO, NAO, AMO, Arctic
Oscillation (AO), and Pacific North American (PNA) as potential LSCIs for streamflow generation.
These LSCIs are the main ocestmospheric patterns that affect hydroclimatological variables in
Canada (Bonsal et al., 2006; Coulibaly and Burn, 2004; Nealieyl., 2019; Rasouli et al., 2020;
Whitfield et al., 2010). In briethe PDOis a largescale climate pattern of ssarface temperature
fluctuations in the Pacific with the periodicity of iri@ecadal to multdecadal scales (Mantua et al.,
1997). PDOdata for the considered period is obtained from the Joint Institute for the Study of the
Atmosphere and Ocean, University of Washingtoiip(//jiasao.washington.edu/pdo/ PDO.lakest
The NAO is epresented by the atmospheric pressure at sea level between the Icelandic Low and the
Azores High with a periodicity of around@years and is pronounced during the cold season. The
AO is characterized by atmospheric circulation patterns over thetexgiaal Northern Hemisphere
where sedevel pressures over the polar vary in opposition to middle latitudes at arodid
(Thompson and Wallace, 1998NAO and AO data are obtained from National Center for
Environmental Information hitp://www.ngdc.noaa.go)/ The AMO is an atmospheraceanic
phenomenon with a periodicity of 5@ years that arises from the variations in-s@diace
temperature in the Atlantic Ocean (Enfield et al., 2001). AMO data are obtaimedEfirth System
Research Laboratories centértt://www .esrl.noaa.gov/psd/data/correlation/amon.us.long.data
The PNA pattern features a sequence of high andpl@ssure anomalies stretching from the
subtropical West Pacific to the east coast of Naterica. PNA data are extracted from Physical
Sciences Laboratornn{tps://www.psl.noaa.gov/data /correlation/pna JidEINSO represents large
scale oceafatmosphere oscillations in the tropical Pacific influencing climatic conditions around the
globe incuding Canada. (Trenberth, 1997). ENSO data is obtained from the Climate Prediction
Center fttp://www.cgd.ucar.edu/cas/catalog/climindRegarding ENSO, we consider four indices
including NINO3, NINO3.4, NINO4, and NINO1+2 anomalies, selected using éukcpor selection
method based on the level of dependence to monthly flows.
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Figure 4.3. The Oldman River Basin along with its three main headwater streamgly Oldman River near
Wal dronds Cor ner ( Sear leundbréck (Site B and @Qastle RiveRriear BaavemMine
(Site C).

Table 41. The three rivers used in this study along with their names, coordinates, drainage areas, and gauging
IDs.

Name Description Lat. Long. HYI%AT
Inflow 1 (site A) (3\'/‘;”"""” dﬁivgr:eéars 49.813 7114.183 05AA023
Inflow 2 (site B) Cro""fﬂﬁjgg(‘:’fr N2 49.504 1114.171 658 05AA002
Inflow 3 (site ¢) ~ CaSUE RIVernear 4 1oe 114144 820.7 05AA022

Beaver Mines

4.4.Experimental setup and benchmarking approach

We apply the proposed algorithm in the three considered streams in single and multisite settings and
in both prediction and projection modes. In the single site setting, streamflow is genesatsdsite
independently. In the multisite setting, however, one stream should be chosen as the primary site,
from which streamflow is realized regionally in other locations. Here we follow the generation
pathway used by Nazemi and Wheater (2014). Thefpmeed a rigorous experiment to choose the
best pathway for streamfl ow generation and cotl
(Site A) can be considered as the primary reach for the other two reaches. Most essentially, the
performance of ouproposed algorithm is benchmarked with observed streamflow characteristics.
We also compare the performance of our proposed scheme at the single site with an existing reference
model proposed by Lee and Salas (2011) and applied in the Oldman River Ba&&adgi and
Wheater (2014). The basic idea in such a model is to conditionally resample flow at the lead time of
one month from the antecedent streamflow conditions without considering the effect of LSCIs.
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Similarly in the multisite setting, we compare tmerformance of our proposed algorithm with the
multisite algorithm based on vine copula developed by Chen et al. (2015, 2019) and used in Nazemi
et al. (2020). Tabld.2 shows the notation used for proposed and reference algorithms in prediction
and projection modes.

Table 42. Notations for the proposed and reference models in single and multiple site settings and in prediction
and projectioa modes.

Proposed
Experimental setu algorithm Reference algorithms
P P (LSCI (no LSCI considered)
considered)
Algorl_thm Simulation Notation Notation Reference
setting mode
Shortterm
Single site (Prediction) PS1 RS1 Nazemi and
g Longterm Wheater (2014)
e PS2 RS2
(Projection)
Shortterm
- (Prediction) PM1 RM1 Nazemi et al.
Multisite Longterm (2020)
gte PM2 RM2
(Projection)

The first step in our proposed algorithm is to select a set of relevant LSCls at each monthly
timestep. The pool of LSCIs, from which relevant indices at each timestep are selected, consists of
the six named LSCIs up to 24 months lags. We initially consttimore lag times up to 48 months
(see Nalley et al., 2016); however, inline with several other studies in western Canada (e.g., Shabbar
et al., 1997) or globally (Chiew and McMahon,
showed that the memny of LSCIs on streamflow in the three considered streams does not go beyond
24 months. We then use the PCIS algorithm to select the best set of LSCIs predictors at each month
from a pool of options. As the three streams are located in close proximeyeandder the influence
of similar LSClIs, we aim at finding a common set of predictors at the threé sikesHatami et al.

(2019) for the details of using the PCIS algorithm for global input selection in multiple locations. We
also compare the resuitsth PMI to ensure that a robust set of LSCI is seledtedally, we select

the structure of vine copulas by the Maximal Spanning Tree algorithm as described by Czado et al.
(2013) and considering empirical distributions in margins for both monthly streamflow and the
selected LSCIs. In this context, a fast sequensaimation procedure for parameter estimation is
suggested (Dissmann et al., 2013). In brief, the first bivariate copula families and parameters for the
first tree are identified before calculating the weights for the second tree and so on. We consider a se
of well-known parametric copula functions, including Gaussian, Student t, Clayton, Gumbel, Frank,
Joe, and their rotated forms for setting up the vine cojpdas Nelsen (2006) and Pereira and Veiga
(2018) for the formulation of these copulas. The tampdentification and parameterization are
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performed by applying the Maximum ldgkelihood Method and considering the Bayesian
Information Criteria (BIC; Akaike, 1979) as the Goodness of Fit (see also Sadegh et al., 2017). The
modeling is implemented inhé R platform by utilizing theVineCopula(Nagler et al., 2019;
Schepsmeier et al., 201&DVine(Brechmann and Schepsmeier, 20t8pula(Hofert et al., 2014),
CDVineCopulaConditionalBevacqua, 2017), andPREDpackages (Sharma and Mehrotra, 2014;
Shama et al., 2016).

The performance of the proposed algorithm is evaluated in the prediction and projection modes
and compared with reference models using a set of metrics. In the projection mode, we generate
10,000 synthetic historical streamflow realipas with the same length as the observed data.
demonstrate the performance of projected streamflow ensembles, basic statistics incluetiggriong
monthly mean value, standard deviation, skewness, as well as thddagporal and la§ spatial
dependedies are calculated. To measure the relative improvement in the performance of the proposed
method in representing persistence in the historical streamflow, we adopt the interannual variability
metric (Johnson and Sharma, 2011; Taylor, 2001):

Tp |
N

(4.17)

wherei is the correlation coefficient between observed and simulated streamflaswthe ratio of

the expected standard deviation of ensemble projections to the standard deviation of the observed
streamflow, and is the maximum theoretical correlation which is taken as 1. The rariyeanies

between 0 and 1. The score of 1 happens when,bathdi are equal to one and there is no error in
capturing the interannual variability. The relative improvemenhénperformance of the proposed
model in capturing the interannual variability over the reference model is given by the interannual
variability skill score asWang and Robertson, 2011

v oy
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33 g3 prtmtp (4.18)

where'Yand'Y represent the interannual variability metric values for the proposed and the reference
model, respectively.

In the prediction mode, we similarly generate 10,000 realizations of streamflow series with the
same length as observed data in both single artisitausettingsWe calibrate and validate the
predictions using the bufferddaveoneout crossvalidationmethod(Le Rest et al.2014; Roberts
et al.,2017). For prediction in each year, the corresponding year and the two years ahead are excluded,
while the remaining years are used for predictor selection and model building procedures. The
predicted monthly flow is then compared with the observed data. We present the overall skill of
predictions as a skill score, which is the relative improvementror Scores (ESs) of the prediction
over a set of reference predictiohgang et al., 2009
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%3 %3
T primp (4.19)

where% 3and%3 represent the five considered error metrics calculated for the proposed and the
reference model, respectivelftach skill measure assesses different aspects of the forecast
distribution.A higher SS value indicates better performance in the proposed nwitled, score of 0
representing the same performance as the reference model.

33 4

The first skill score used B 3 , which is based on expected Mean Absolute Error (MAE) of
the predicted meanMAE measures the expected mean absolute error of predicted monthly
streamflow ensemble and is defined as:

W » s

o
where™Yis the total number of years. The second s®@, , is based on expect&bot Mean
Squared Error (RMSE)f the predicted mean. RMSE assesses the standard deviation of predicted
error applied to the ensemble mean:

B
-1 %

(4.20)

S (4.21)
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The third skill score3 3 , IS based othe expected Root Mean Squared error in Probability
(RMSEP; Bennettet al., 2014; Wang and Robertson, 2011) of the predicted mean. The RMSEP
measures predicted error on a probability scale, giving the predicted events similar opportunity to
contribute to the overall assessment of predicted skill:

2 - 3 %0 ,,BY O w O w (4.22)

where™O @ is thed 'O"6f the historical streamflow dat®) of is thed 'O "6f the expected
predicted streamflonRMSEP is less sensitive to events with large errors (Wang and Robertson,
2011). The fourth scoreY™Y , is based orthe expected Continuous Ranked Probability Score
(CRPS; Harrigan et al., 2018; Kaune et al., 2020; Wang and Robertson, 2011) of the predicted mean.
Unlike RMSEP, CRPS metric measures the error of the whole predicted probasitityution, and

can be sensitive to just a few (usually very high flow) events with large prediction errors:

#203,,9Y 0w 06 & Q6 (4.23)
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where™O @ is the predicted CDF an@w @ is the Heaviside step function defined as
(Wang and Robertson, 20111

Mo o

06 & he o (4.24)

Finally, the fifth score3 3 ) is based on thexpected KlingGupta efficiency (KGE; Gupta et
al., 2009). The KGE focuses on dlr criteria including correlation between observations and
simulations, the bias, and the relative variability in the simulated and observed values expressed as:

+' %p i p L »p — (4.25)

wherei is the correlation between observations and simulatipns,and,, are the standard
deviations of observed and simulated valties, and are the means of observed and simulated
values. KGE values close to 1 represent perfect model penfimen Note that unlike the previous

four scores where zero indicates the best performante% p indicates the perfect agreement
between simulations and observations. To allow homogeneous comparison between all score, we
scale the KGE to skill score a@srnoben et al., 2019

+' %+ %

Apart from accuracy, we also measure the reliability of predicted ensembles, by assessing the
statistical consistency of the predicted probability distributions and the associated observed events
(Jolliffe and Stephenson, 2011; Toth et al., 2003). Inghidy, we use histograms of Probability
Integral Transforms (PIT; Dawid, 1984; Gneiting et al., 2007) to assess the average reliability of the
prediction distributions. Theé ) af the observed value is given as:

0) 40 (4.27)

where”O denotes the CDF of simulated flow, an® « , therefore, is the neexceedance
probability of the observed streamflow based on the CDF of the simulated streamfldw) Vhkies

are then assigned to different histogram bins and the frequency of each bin is calculated. The
predictive distribution is said to be reliable if the) vhlues are distributed uniformly. -§haped
histograms usually indicate that the probabiliptiedictions have undelispersion. On the contrary,

if the 0 ) Mstogram is humyshaped, then the probabilistic predictions indicate-disersion. The
deviation metridO quantifies the deviation from uniformity ) . #his measure, which is introduced

by Nipen and Stull (2011) and later used in Bourdin et al. (2014), can be defined as:
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(4.28)
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where B is the number of bing, is the number of observations in B@and& ¥eis the size of the
dataset. Lower variability in bin frequency is indicative of a flatter PIT. Sampling limitations,
however, can cause a reliable prediction not generate a perfectly flat PIT histogram, leading to an
expected value of the deviati@'O for perfect prediction (Brocker and Smith, 2007; Pinson et al.,
2010) given by:

o p 0
429
00 AVYEO ( )

Note that apart from the given metrics, we also look at the 95% Confidence Interval (Cl) of
generated ensembles both in termspodbabilistic characteristics as well projected/predicted
timeseries.

4.5.Results and discussions
4.5.1.Influential Large Scale Climate Indices in upper Oldman

We initially analyze the dependence between lagged LSCIs and monthly streamflow in the three
considered headwaters. Considering 1 to 24 months lags for six considered LSCIs, a pool of 144
LSCIs is formed for each month, from which the relevant LSCIs §iwen month are chosen using

the global version of PCIS presented in Hatami et al. (2019). Results are summarizedtih. Fig.
Each panel includes the results at one site, in which rows are months ordered from October to
September from the top to the battoColumns show the six considered LSCIs. In each month, the
relevant LSCIs that are selected through the PCIS algorithm are numbered and shaded. Numbers
identify relevant |l ags and colors indicate Vv
LSClsand the corresponding monthly flows. As it can be observed, the dependencies between LSCI
and monthly streamflow are dynamic within a year and there can be months in which more than one
LSCIs to which streamflow is significantly dependent. This is pdaityuthe case in high flow
months (e.g. Aprilbés fl ow) , -vinemeationed im Sectiore2.1f u | |
should be implemented. Among the considered LSCIs, PDO is the most frequent LSCI selected across
different months and demonstraitthe strongest dependence with spring and summer flows. This
empirical evidence is in line with previous findings, showing that the PDO is the dominant LSCIs in
this region (e.g., Fleming et al., 2007; Nazemi et al., 2017). NAO and ENSO are the otkey two
LSCIs, which is in line with findings of Gobena and Gan (2006) for streamflow in southwestern
Canada. Additionally, AO and PNA are among LSCIs selected more than once. These results are
inline with previous findings over western Canada (e.g., Bonsabhabbar, 2008; Gobena and Gan,
2006).
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Figure 4 4. Influential LSCIs with their respective monthly lags, chosen collectively at sites A, B, and C using
PCIS algorithm. Shades of blue and red in the first row show positive and negative dependencies between
lagged LSCIs and streamflow at the monthly scakickvare significant afj-value< 0.05. Numbers inside
significant cells identify relevant lags in month between LSCIls and monthly flows.

To address the uncertainty in the selected predictors, we repeat the input selection using the PMI
algorithm. PMluse mut ual i nformation as oppose to the
used in this study. Results are presented inGign theAppendix G showing a considerable match
between the results of PCIS and PMI. In 7 out of 12 months, including tath@rehs, the results of
PMI and PCIS are fully identical. In months January, April, and August, PMI chooses some LSCI
that PCIS does not identify. Similarly in May, PCIS can identify a LSCI that PMI has missed. Only
in February, which is a dry month, Pihd PCIS result into fully divergent sets of relevant LSCIs.

This intercomparison certifies the selection of relevant LSCIs.

4.5.2.Benchmarking the skill of the proposed model in the projection mode

By identifying the influential LSCI, the proposed modeln be setup and evaluated using the
procedure explained in Section 4. We first evaluate the results in the projection mod. $hows

the longterm expected statistics of the first three moments of the monthly streamflow, i.e., mean,
standard devian, and skewness, obtained from 10,000 realizations with the same length as the
historical data. In each panel, pink and gray lines depict the results obtained by the reference and
proposed models, respectively. Black lines indicate the observed valgeseiral, both the reference

and proposed algorithms are able to preserve the observed statistics very well. Considering the single
site generation and in site A, Relative Errors (RES) in projecting the expecte@tongonthly flow

for both models isdss than 5% across all months. Although reconstructing observed values of
monthly standard deviation and skewness entails more error, the REs remain less than 10% for both
the reference and proposed models, except for the skewness of monthly flow inrfebrua
reconstructed by the proposed mo@B6 ¢ p R In site B, both the reference and proposed models

can represent the lorigrm expected statistics of the three moments in all months with REs less than
10% in both single and multisite settings, except for the single site generation in months of August
and September in which REs in the representation of standard deviation and skewness obtained by
the reference model is higher than 20%. In site C, the REs in the representatiortefrfoagpected
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statistics of monthly flows by the reference and propesedels are less than 5% in the single site
setting. While in the multisite reconstruction of site B, both proposed and reference models show
similar performance, the REs in the representation of thetkmg expected mean and standard
deviation of monthf flows are marginally higher for the reference model in site C, yet remain below
10%. The REs in the multisite generation of kiagn expected skewness of monthly flows in site C

is lower for the proposed model, particularly in the low flow season.

We dso assess the performance of our proposed algorithm in preserving thetdagporal
dependencies within each site as well asdapatial dependence between primary (here site A) and
secondary sites (here sites B and C). Ei§.summarizes findings ithe representation of (a) kg
temporal, and (b) la@ spatial dependencies, respectively. Black lines show the observediay

lag-0 dependencies. Pink and gray colors illustrate the results obtained by the reference and proposed
models in single andhultisite settings, respectively.
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Figure 45. Performance of the reference and proposed algorithms in capturintelomgtatistics of three

first moments of monthly streamflow, i.e. mean (left panels), standard de\(aiddie panels), and skewness

(right panels) at the three sites in (a) single site and (b) multisite settings. Black lines show is observed statistics.
Pink and gray lines show the simulated results obtained by the reference and proposed algorithms.
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In sunmary, both reference and proposed algorithms are able to preserve temporal and spatial
dependencies quite well. In the singlée setting, the reference and proposed algorithms are able to
preserve the lad@ temporal dependencies with an absolute errdess than 0.1. In the multisite
setting, the proposed model can preservellagmporal dependence with absolute error values of
less than 0.1, except few cases during the low flow season in site C. The reference model, however,
show better performance eapturing the temporal dependence in those months. The interesting point
is that the lagl dependence in site B is preserved better in multisite setting, when streamflow in site
B is conditioned based on the generated flow in site A. This, however, thenotise in site C.
Regarding the spatial dependencies, both the reference and proposed models can capture the spatia
dependencies with less than 0.1 absolute error in multisite scheme.
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Figure 4 6. Performance of theeference and proposed algorithms in capturing (a) the observ&dragthly
temporal dependence and, (b) monthly-Gagpatial dependencies between primary and secondary sites.
Observed dependencies are shown in black lines. Results related to theceeéeré proposed models are
shown in pink and gray colors, respectively.

We assess the performance of the reference and proposed models in capturing the
interdependencies between lagged LSCIs and the flows at a monthly scak.7 Figpicts the
expected MAE in representing observed interdependencies between influential LSCls and monthly
flows, demonstrated in Fig.4. Panel (a) is related to the reference algorithm and panels (b) and (c)
are related to the performance of the preplaalgorithm in single and multisite settings, respectively.

In general, the expected MAE in the representation of interdependencies for the reference model
is high € ! % & 0. This is due to the fact that the reference model does not explicitly represent
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the interdependencies between lagged LSCI and monthly streamflow. The performance of the
proposed model in contrast is significantly better, showing an expected MAE of below 0.1 for high
flow season and below 0.15 for low flow season in single site gettire expected MAE in multisite

setting is below 0.15 for both low and high flows.
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Figure 4.7. The expected Mean Absolute Error in representing the interdependencies between influential
LSCls and streamflow at monthly scale. The lteliated to the reference model is shown in the top row. The
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results related to the proposed model are shown imitidle and bottom rows for the single and multisite
settings, respectively.

The projected streamflow ensembles generated by proposed and reference models in both single
and multisite settings are investigated in the form of hydrographs for the driegil9&@78), a
normal year (i.e. near loAgrm average; 2008009), and the wettest year (1996), as illustrated
in Fig. 4.8. For simulations during the entire data period see Eg$o C6in the Appendix C The
pink and gray ensembles are the 95%ltamed by the reference and proposed models, respectively.
The black lines show the observed time series. This figure clearly shows that proposed and reference
models can capture the observed time series within the 95% Cls. Having said that, the secsmonali
be much better represented by the proposed model than the reference model. This can be supported
by significantly narrower Cl is in the case of the proposed model. Considering single site generation
and in the dry year, the expected reduction inGhacross the three sites is 45% and 54.9% during
low and high flow seasons, respectively.
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Figure 4.8. Streanflow ensembles generated through (a) single site and (b) multisite setting of the reference
and proposed models ftire driest (19778), a near average (26@809) and the wettest year (1996) at

the three headwaters. Pink and gray ensembles show the 95% confidence intervals of the reference and the
proposed models, respectively, obtained by 10,000 realizationslddielines are the observed streamflow

at the three sites.

The expected reduction in projected Cl in the multisite setting is slightly lower and marks 40.6%
and 51.3% in low and high flow seasons, respectively. In the normal year, the expected reduction i
the CI across the three sites in the single site setting are 30.6% and 22% during low and high flow
seasons, respectively. In contrast to dry year, the expected reduction in multisite setting is more than
single site and marks 38.8% and 23.3% during d&omt high flow seasons, respectively. In the wet
year and through single site generation, the average reduction in the proposed model is 26.8% and
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35% during low and high flow seasons, respectively. Similar to the dry year the improvements in
predictive unertainty are slightly less in multisite setting, and marks 21.3% and 28.8% reduction
compared to the reference model during low and high flow seasons, respectively.

We also analyze the performance of the proposed model in representing the extrenmes. For t
purpose, we fit a Generalized Extreme Value (GEV) distribution to the annual low and high flows,
enabling the extrapolation beyond the range of observed data. Figure 9 shows the uncertainty bounds
of ensembles of 10,000 GEVs fitted to simulated anlowabnd high flows in single (Figt.9a) and
multisite settings (Fig4.9b). Fig.4.9 includes two rows, showing the ensembles of fitted GEVs for
the simulated annual low (top rows) and high flows (bottom rows). The dots are the observed
extremes, and thielack lines are the fitted GEV distribution to the observed extremes. The skill is
assessed by the percentage of reduction in CI of generated streamflow (10,000 realizations) as the
Percentage of Coverage (POC), which is the percentage of observed ldaganighin the CI of
generated streamflow. In general, both reference and the proposed model demonstrate high skills in
capturing the observed extremes within the CI. In the single site setting and for the low flows, the
proposed and reference modelsapected to capture 88.9% and 92.9% of extremes within their Cl,
respectively. Regarding the high flows, proposed and reference models show POCs of 95.2% and
96.0%, respectively. Similar skills can be seen in the multisite setting, where both POCs%re 90.5
and 91.7% for proposed and reference models in representing the annual low flows, respectively.
These POCs changes in the case of high flows to 94.0% and 96.4%, respectively.

While the POC statistics are slightly better in the case of the reference models, Cls are
substantially reduced, providing less uncertainty in the projected flow. In single site setting and for
low flows, the average range of Cl of the proposed modeldiscesl by 11.7% compared to the
reference model; whereas, this value is 3.1% in the multisite setting. Regarding the high flows, the
range of CI of the proposed model is much reduced compared to the reference model, reaching to
average of 15.5% and 31.1%duetion in single and multisite settings, respectively.

Finally, we investigate the performance of the proposed model in representing of interannual
variability. Fig. 4.10 represents percentages of improvement in interannual skill scores at single
(panela) and multiple sites (panel b). The average improvement in this skill score in the single site
setting is 10.2% across the three considered sites. The lowest and highest improvements occur in site
A and site B with average improvements of 3.6% and 14r&¥pectively. The proposed model
demonstrates improvements in capturing interannual variability during high flow season with an
average improvement of 16.0% in single site generation and across the three sites. In the multisite
setting, the average imprement in the interannual variability skill score is slightly lower, with
expected improvements of 13.5% and 10.1% in sites B and C, respectively. Having said that during
the high flow season, considering relevant LSCI in the multisite generation resuftere
improvements compared with the single site generation. The expected improvement in capturing the
interannual variability during the high flow season is 23.5% in sites B and C.
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Figure 4.9. Reduction in the uncertaintyounds of projected extremes obtained by the proposed model at (a)
single site and (b) multiple sites, in comparison with the reference models. In each panel, the top and bottom
rows are related to the fitted GEV dibuition fitted to the annual low andgh flow values. The darker and

lighter pink envelopes are related to the proposed and the reference models, respectively. The dots are the
observed annual low and high flows. The solid black lines are the fitted GEV distribution.

Figure 4.10. Improvements in capturing interannual variability obtained by the proposed model instiagle
(panel a) and multisite settings (panel b) compared with the corresponding reference models.
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