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ABSTRACT

Climate-driven uncertainty propagates through catchment hydrological response and poses a major challenge for developing
robust reservoir operating policies, particularly in semi-arid mountainous basins. This study investigates how uncertainty in
future climate projections influences runoff variability and, consequently, hedging-based reservoir operation under changing cli-
mate conditions. A simulation-optimization framework integrating CMIP6 climate projections, SWAT hydrological modelling,
stochastic runoff generation and WEAP-MOICA optimization was developed to evaluate reservoir performance under multiple
climate scenarios. Results show that runoff uncertainty is strongly seasonal, reaching its highest levels during the wet season
(March-May), while its impacts on reservoir operation become most pronounced during late summer and early autumn. Under
the optimised hedging policy, water-supply reliability ranges from 47% to 74%, whereas demand coverage during severe drought
conditions may decline to 1.5%, accompanied by an increased risk of reservoir depletion. Compared with the Standard Operating
Policy (SOP), the optimised hedging strategy substantially reduces the severity of water shortages despite lower overall reliability,
indicating greater system resilience under uncertain future hydroclimatic conditions. These findings demonstrate that climate-
change uncertainty propagates through hydrological response to reservoir operation and highlight the importance of explicitly
incorporating hydrological uncertainty into adaptive reservoir management under future climate change.

1 | Introduction Thus, to effectively plan and manage surface water resources,

it is essential to accurately predict changes in runoff under cli-

Climate change-induced increases in temperature and precipi-
tation variability can disrupt the hydrological cycle, leading to
extreme events such as floods and droughts and altering natural
surface runoff regimes (Dash et al. 2023). This is a growing threat
to water users and decision-makers around the world, particu-
larly in arid and semi-arid regions that are increasingly facing
water scarcity (Gohari et al. 2017; Soltani et al. 2016). Therefore,
global water managers are increasingly concerned about the
potential impacts of climate change on water supply-demand
dynamics. As a result, societies are expected to encounter sub-
stantial challenges in the future primarily due to water scarcity.
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mate change scenarios (Chen et al. 2019; Liu et al. 2021). Several
studies have been conducted to investigate the impact of climate
change on runoff at different watersheds. Notable examples
include the works of Kamali et al. (2017), Goyal et al. (2018),
Kaffas et al. (2018), Ahmadi et al. (2019), Chen et al. (2019), de
Andrade et al. (2019), Xue et al. (2021), Kiprotich et al. (2021),
Su et al. (2021), dos Santos et al. (2021), Chang and Su (2021),
Lian et al. (2021), Lian et al. (2021) Babaeian et al. (2021) and
Samavati et al. (2023). However, relatively few studies have ex-
plicitly linked climate-driven hydrological uncertainty to adap-
tive reservoir operation.
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To mitigate the negative impacts of climate change on water
resources, increasing water supply through dam construc-
tion and reservoir expansion may be necessary (Chen 2003).
However, it is crucial to evaluate and potentially modify ex-
isting reservoir operation policies to ensure sustainable water
management and promote global socioeconomic development
(Babamiri and Marofi 2021; Chong et al. 2024). Different pol-
icies govern the operation of reservoirs and each can function
in unique ways. The challenge for water resources planners
is to derive the most effective operating rules from a collec-
tion of policies aimed at achieving specific objectives (Gomes
et al. 2021). The operation of dam reservoirs in arid and semi-
arid regions involves complex decision-making processes. In
these climates, implementing hedging policies is crucial for
managing water allocation over time to minimise losses due to
water shortages caused by droughts (Bayazit and Unal 1990;
Draper and Lund 2004; Zeng et al. 2019). Dash et al. (2023)
conducted the operation of the reservoir using the coupled
SWAT and HEC-RAS models, along with a genetic algorithm
under climate change using CMIP5. Their goal was to provide
maximum environmental flow. There were no hedge rules
used in this study.

To cope with increasing hydroclimatic variability, reservoir
operating policies must become more adaptive and resilient.
Among the available operating strategies, hedging policies
have received considerable attention because they intention-
ally ration water during moderate shortages to reduce the risk
of severe deficits during prolonged droughts. Several hedging
rules have been suggested regarding the timing, magnitude and
proportion of water rationing. The timing of hedging is usually
defined by specific critical water availability levels that deter-
mine when to initiate and conclude the hedging process, such as
starting water availability and ending water availability (Bayazit
and Unal 1990). A hedging factor may indicate the percentage
by which water delivery is reduced (Shiau 2009). Many studies
utilise trial-and-error methods to evaluate various parameters
of hedging rules about reservoir operation performance (Bayazit
and Unal 1990; Shiau 2003; Shiau and Lee 2005), while others
focus on optimising these parameters for different applications
(Kumar and Kasthurirengan 2018; Shiau 2009; Bayesteh and
Azari 2021). The majority of research has employed linear hedg-
ing, which features a constant hedging factor, including one-
pointor two-point hedging based on water availability conditions
that trigger the start of hedging (Draper and Lund 2004; Taghian
et al. 2014; Aboutalebi et al. 2015; Ji et al. 2016). The primary
objective of most studies is to establish reservoir hedging rules
that simultaneously minimise two conflicting shortage charac-
teristics (Shiau and Lee 2005; Kumar and Kasthurirengan 2018).
These rules are suitably parameterised to facilitate a simulation-
optimization framework (Fayaed et al. 2013; Gomes et al. 2021;
Zeng et al. (2019); Mansouri et al. 2024; Babamiri et al. 2026), al-
lowing for an exploration of the trade-off between two opposing
objective functions: total shortage ratio and vulnerability, which
arise from long-term operations.

Although numerous studies have investigated reservoir optimi-
zation and hedging policies, considerably less attention has been
paid to how climate-driven uncertainty propagates through the
hydrological system and ultimately influences reservoir oper-
ating decisions. Reservoir operation is inherently affected by

uncertainties originating from climate projections, catchment
hydrological response and inflow variability. These uncertain-
ties propagate through the modelling chain and directly influ-
ence the effectiveness and robustness of reservoir operating
policies, particularly under future climate conditions.

Dam and reservoir systems are inherently subject to multiple
sources of uncertainty arising from both natural hydrological
variability and engineering constraints. Major sources of uncer-
tainty include future water demand, reservoir inflows, climate
projections and hydrological model response (Berhe et al. 2013).
To address these challenges, several studies have investigated
different sources of uncertainty in reservoir operation. For ex-
ample, Zhao et al. (2011) evaluated forecast uncertainty in real-
time reservoir operation by simulating the dynamic evolution
of forecast errors. Their results demonstrated that explicitly ac-
counting for forecast uncertainty is particularly important for
reservoirs with limited storage capacity. Similarly, Muronda
et al. (2021) employed the Generalized Likelihood Uncertainty
Estimation (GLUE) framework together with Particle Swarm
Optimization (PSO) to investigate uncertainty in optimal reser-
voir operation. However, their uncertainty analysis was based
on stochastic inflow forecasting and did not consider climate-
change-induced hydrological uncertainty or hedging-based op-
eration. Other studies have incorporated fuzzy logic to reduce
uncertainty in reservoir operation (Akter and Simonovic 2004;
Gomes et al. 2021; Babamiri et al. 2022), although these stud-
ies mainly addressed operational uncertainty rather than un-
certainty propagation from future climate and hydrological
variability.

Among the available uncertainty analysis techniques, the
GLUE framework has been widely adopted because of its con-
ceptual simplicity, flexible assumptions and ability to quan-
tify predictive uncertainty in hydrological systems (Beven and
Binley 2014; Dai et al. 2018; Noorali et al. 2026). GLUE has been
successfully applied to evaluate uncertainty in hydrological
predictions using Monte Carlo sampling and Bayesian concepts
(Blasone et al. 2008). Previous studies have demonstrated its ef-
fectiveness for quantifying prediction uncertainty in hydrologi-
cal modelling (Li and Wu 2006; Hrachowitz et al. 2013; Zhong
et al. 2022; Moshizi et al. 2023; Babamiri and Dinpashoh 2024).
Nevertheless, its application to evaluating how climate-driven
runoff uncertainty propagates into hedging-based reservoir op-
eration under future climate conditions remains limited.

Despite substantial progress in climate impact assessment and
reservoir optimization, an important knowledge gap remains
regarding how uncertainty in future climate projections prop-
agates through hydrological response to influence adaptive
reservoir operation. Previous studies have primarily focused
either on runoff simulation under climate change or on reser-
voir optimization using deterministic or stochastic inflows.
Consequently, the effects of climate-driven runoff uncertainty
on hedging-based reservoir operation remain insufficiently un-
derstood, particularly in mountainous semi-arid basins where
seasonal runoff variability strongly controls water availability
and reservoir performance.

Therefore, rather than simply developing a simulation—optimi-
zation framework, this study seeks to improve understanding of
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FIGURE1 |

how climate-driven hydrological uncertainty propagates from
runoff generation to reservoir operation under future climate
conditions. Specifically, the objectives of this study are: (1) To
investigate how uncertainty in CMIP6 climate projections in-
fluences future runoff variability in a mountainous semi-arid
watershed, (2) to quantify how runoff uncertainty propagates
into hedging-based reservoir operation under future climate
conditions and (3) to evaluate the extent to which optimised
hedging policies improve reservoir performance and resilience
compared with the Standard Operating Policy (SOP) under un-
certain hydroclimatic conditions.

These objectives were achieved using a coupled simulation-
optimization framework integrating CMIP6 climate pro-
jections, SWAT hydrological modelling, stochastic runoff
generation and WEAP-MOICA optimization. By explicitly
linking climate uncertainty, hydrological response and adap-
tive reservoir operation, this study provides new insight into
the propagation of climate-driven uncertainty through hydro-
logical processes and its implications for sustainable reservoir
management.
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Geographical location of Ekbatan watershed and Ekbatan Dam, Iran.

2 | Materials and Methods
2.1 | The Study Area

The sub-basin of the Central Zagros Basin in western Iran,
known as the mountain watershed of Ekbatan Dam, spans from
longitude 48, 28', 13" to 48, 41, 02" and latitude 34, 35’, 22" to
34, 45', 43". The catchment area of Ekbatan Dam, which has an
elevation range of 1970-3467m, covers an area of 221.55km?.
Figure 1 shows the location of Ekbatan dam watershed in Iran.
The Eberoo and Yalfan rivers both converge at the Ekbatan
Dam, which supplies the municipal water demands of Hamedan
city and agriculture demand, as well as provides environmental
flow from this reservoir. Based on the data from Hamedan syn-
optic station, the average precipitation, average maximum tem-
perature and average minimum temperature in the basin are
316.73mm, 20.2°C and 4.4°C, respectively (http://www.irimo.
ir). The mean annual potential evaporation in Hamedan station
is about 1350 mm per year (Dinpashoh et al. 2011). The Képpen
Geiger (Kottek et al. 2006) climate classification characterises
the basin's climate as semi-arid.
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TABLE1 | Characteristics of the eight CMIP6 GCMs used in this study (Babaousmail et al. 2022).

Atmospheric
No. Model name Modelling centre (or group)/country resolution (lon xlat)
1 ACCESS-CM2 Commonwealth Scientific and Industrial 1.25°%x1.875°
Research Organization/Australia
2 CNRM-CM6-1 Centre National de Recherches Météorologiques— 1.4°x1.4°
3 CNRM-ESM2-1 Centre Eur’opeen de Rech(.arch'e.et de Formation
Avancée en Calcul Scientifique/France
4 INM-CM4-8 Institute for Numerical Mathematics/ 1.5°%x2°
5 INM-CM5-0 Russian Academy of Science/Russia
6 MIROC6 Japan Agency for Marine-Earth Science and Technology, 1.4°x1.4°
- MIROC-ES2L Atmosphere and Ocean Research Institute, The University

of Tokyo, National Institute for Environmental Studies
and RIKEN Center for computational Science/Japan

2.2 | Future Climate Scenarios (CMIP6 SSP
Scenarios)

A new generation of GCMs developed for CMIP6 have been
published by the IPCC (AR6) which is now available. These
experiments are based on advanced GCMs that more accu-
rately represent the complex physical processes within the
climate system than previous GCMs (Wang et al. 2018; Siabi
et al. 2023). Based on the most recent trends in anthropogenic
carbon emissions, CMIP6 introduced a new projection scenario
known as the rectangular combination of SSPs and RCPs (Peng
and Li 2021). In general, new SSPs are scenarios that, in addi-
tion to previous RCP concepts, take into account future socio-
economic changes and contribute to mitigating climate change.
Nevertheless, the CMIP6 climate projections differ from the pre-
vious version (CMIP5), not only because of newer forms of cli-
mate models coupled with SSP scenarios, but also because they
show new gap scenarios that were not previously covered (Siabi
et al. 2023). CMIP6 contains seven scenarios: The four scenar-
ios SSP1-2.6, SSP2-4.5, SSP4-6.0 and SSP5-8.5 are the updated
RCP2.6, RCP4.5, RCP6.0 and RCP8.5 scenarios available in
CMIP5 and the scenarios SSP1-1.9, SSP4-3.4, SSP3-7.0 are newly
added to this project (Gupta et al. 2020). Although the historical
simulations of CMIP6 cover the period 1850-2014, the current
study considered the 20-year period 1990-2014 to be the base-
line period and corresponded to the station period. To analyse
the GHG emission scenarios in each model under different cli-
mate policies, minimum temperature, maximum temperature
and precipitation from the output of 7 GCMs based on SSP1-2.6,
SSP2-4.5, SSP5-8.5 for the near future period (2023-2042) were
obtained from the ECMWF-COPERNICUS website at https://
cds.climate.copernicus.eu/. The specifications of the GCMs
used in the study and their development institutions are listed
in Table 1.

2.2.1 | Bias Correction Method

A variety of methods have been developed to correct bias in
the output of GCMs, ranging from simple scaling methods to
more complex distribution mapping methods (Luo et al. 2018).
Linear Scaling (LS) is an effective technique in this case (Yao

et al. 2021). The monthly average of the corrected values is
fully consistent with the observed values in the LS method.
This method typically corrects precipitation with a multiplier
and temperature with an additive value on a monthly basis,
as demonstrated in Equations (1) and (2), respectively. The as-
sumption is that there will be no change in the correction factors
and additives in use, even under future conditions (Teutschbein
and Seibert 2012; Luo et al. 2018)

ﬂ P ' )
Pigtma = Prstm.a X [%} '
St,m
T = Ty & [#(Topsm) = #( T ©)

P and T, are the corrected precipitation and tempera-
st m d hst m d

ture on the dth day of the mth month, respectively; Py, ,, ; and
Tys.mq Tepresent the precipitation and temperature resulting
from the main outputs of the GCM in the respective period. The
subscripts d and m denote specific days and months, respec-

tively and u indicates the average value.

2.3 | SWAT Model

This study uses a semi-distribution physical hydrological model
known as SWAT to simulate and predict long-term runoffs, sed-
imentations and chemical-agricultural products in the Ekbatan
watershed. The simulation of hydrological processes is done in
two phases: ground or soil profile and routing (Arnold et al. 1998).
The ground phase calculates the inflow of water, sediments, nutri-
ents and pesticides to the main channel in each reservoir based on
the water balance concept that considers processes such as rain-
fall, evapotranspiration, seepage, surface runoff, lateral flow and
groundwater flow. The routing phase uses the main channel to con-
nect all subbasins and simulates the movement of water and sedi-
ment towards the basin outlet (Cibin et al. 2010; Chen et al. 2019).
Interflow in SWAT is calculated using a linear function that takes
into account factors like slope length and angle, saturated conduc-
tivity, soil porosity and the amount of water stored in the saturated
zone (Gebremariam et al. 2014). SWAT simulates hydrological cy-
cles based on the water balance equation (Equation 3).
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t

SW[ = SWO + Z (Rday - Qsmf_Ea - WSEBP - ng)l (3)

i=1

where SW,, and SW, (mm) represent the initial and final soil
water content and R day’ qurf, E, me and Q aw (mm) correspond
to the rainfall, runoff, evapotranspiration, interflow and base

flow, respectively on the ith day, respectively.

2.3.1 | SWAT Input Data

The spatial analyst feature within ArcGIS software is employed
by SWAT to create flow networks and basin boundaries, util-
ising the digital elevation model (DEM) and raster primary
functions, as detailed by Abbaspour et al. (2007). Initially,
the DEM10 map was acquired from the Natural Resources
Department in Hamedan Province for modelling purposes, as
shown in Figure 1. Since the waterway and sub-basin network
was not previously delineated, it was established using the ‘flow
direction and accumulation’ technique and subsequently exam-
ined in Google Earth, as illustrated in Figure 1. Due to the ab-
sence of a provincial soil map, a global soil map was employed
and the land use map was obtained from the aforementioned
unit and integrated into the GIS model.

The SWAT requires precipitation, minimum and maximum
temperature, solar radiation, relative humidity and wind speed
as meteorological inputs. In this study, future precipitation and
temperature (2023-2042) were obtained from CMIP6 projec-
tions and used as primary drivers of runoff simulations. Due
to limited availability and higher uncertainty in other climate
variables, solar radiation, relative humidity and wind speed
were assumed stationary and derived from historical data
(2000-2020) or generated using the SWAT weather generator.
This approach implies that changes in evapotranspiration are
mainly driven by temperature, while other atmospheric vari-
ables remain constant, which may introduce some uncertainty
in runoff estimates.

Table 2 provides an overview of the characteristics of syn-
optic and hydrometric stations within the Ekbatan basin.
Specifically, Eberoo and Yalfan hydrometric stations are
responsible for gauging runoff within the basin, while the
Ekbatan Dam station, positioned at the dam's outlet, records
and monitors rainfall data. Furthermore, meteorological pa-
rameters such as air temperature, radiation, wind speed and
relative humidity are meticulously measured and documented
at the Hamedan station, located in close proximity to the
watershed.

TABLE 2 | Specifications of the stations used in the present study ar

2.4 | Water Evaluation and Planning
(WEAP) Model

The WEAP model was utilised to simulate the Ekbatan Reservoir.
WEAP is an advanced integrated modelling tool designed to anal-
yse water supply, demand and environmental needs while as-
sessing the impacts of various policies on water quantity, quality
and ecosystems. It was developed by the Stockholm Environment
Institute (SEI 2012). The model's core is based on mass balance
equations for monthly water accounting, where total inflows
are balanced with total outflows (Equation 4), adjusted for any
changes in storage within reservoirs and aquifers. Each node and
link in WEAP adheres to a mass balance equation, with some in-
corporating additional constraints on flow. For instance, inflows
to a demand site cannot exceed its supply needs, aquifer outflows
are limited by maximum withdrawal rates and link losses are pro-
portional to the flow. These mass balance equations are formu-
lated as constraints in linear programming (Muronda et al. 2021).

Z (Inflow) = Z (Outflow + AdditionToStorage) (@)

It's also possible to Inflow-Out

flow-AdditionToStorage =0.

change this to:

AdditionToStorage is applicable solely to reservoirs and aquifers.
It is considered positive when there is an increase in storage and
negative when there is a decrease. Outflow encompasses both
consumption and losses.

2.4.1 | WEAP Input Data

The river network within the Ekbatan watershed and down-
stream of the dam, the location of the Ekbatan dam reservoir,
hydrometric stations, water transfer canals and demand nodes
(urban, agricultural and environmental) were digitised and de-
fined in the WEAP model based on GIS base maps. Additionally,
data about the reservoir's volumetric-surface-height relation-
ships is inputted into the model for simulation purposes. The
water requirements for agricultural lands, domestic consump-
tion and the demand for environmental flow downstream of
the Ekbatan Dam were calculated and used as the input into
the model. The water demand for each agricultural plain was
calculated based on factors such as cropping pattern, rainfall,
temperature, water use efficiency and leaching requirements.
Urban demands for the city of Hamadan were calculated based
on demographics and per capita water consumption. The total
water inflow, evaporation from the Ekbatan reservoir and total
demand are presented in Figure 2. To determine the environ-
mental flow, the Montana method, one of the hydrological

ca.

Station type Station name Latitude Longitude Elevation (m) Data collection period
Hydrometric Ekbatan 34°, 45, 28" 48°, 35/, 59" 1935 2000-2020
Hydrometric Yalfan 34°,43', 43" 48°, 36/, 38" 2074 2000-2020
Hydrometric Eberoo 34°,42', 48" 48°,35, 6" 2196 2000-2020
Synoptic Hamedan 34°, 46/, 46" 48°,33, 5" 1922 2000-2020
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FIGURE 2 | Ensemble-based monthly reservoir inflow, evaporation losses and water demand of different users for the period 2023-2042 (radar

chart).

classification methods, was used to estimate the minimum en-
vironmental flow downstream of the dam (Tennant 1976). Also,
the calculation of evaporation from the dam lake was executed
using the Hargreaves and Samani (1985) method.

2.5 | Multi-Objective Optimization

2.5.1 | Multi-Objective Imperialist Competition
Algorithm (MOICA)

The Imperialist Competition Algorithm (ICA) is a population-
based optimization method inspired by the idea of cate-
gorising countries as imperialists and colonies (Enayatifar
et al. 2013). In this algorithm, each individual is represented
as a country, positioned within a problem space divided into
empires. The strongest country in each empire serves as the
imperialist, while the remaining countries are referred to as
colonies. During each iteration, termed a decade, the impe-
rialists attract colonies towards them (Atashpaz-Gargari and
Lucas 2007).

DM,

(75~ X7, T PMea= Xy X, PV

ARStZd B

This study utilised MOICA, which focuses on finding non-
dominated solutions rather than simply identifying the lowest-
cost countries. The top-ranked countries form the Pareto optimal
front, from which imperialists are selected to enhance solution
diversity and coverage. The influence of imperialists becomes
particularly significant when optimising problems with multiple
objectives. In the standard ICA, a country's power is determined
by its objective function, whereas in the multi-objective variant,
power is evaluated across all objectives. This approach was de-
tailed by Enayatifar et al. (2013).

2.5.2 | Objective Functions and Constraints

The MOICA algorithm aims to optimise reservoir operation by
maximising the supply to downstream demands (Equation 5)

. z-1 d z d-1
1f( TSR—-Y D DMy-y. ¥ DM,zd> >DM,,,

while simultaneously minimising deviations from the reservoir’s
operating capacity (Equation 6) (Babamiri and Marofi 2021).

F,= Maximise(z; z:; ZZ: (Covyy) )

TAW,
ey 100) >
Mtzd

e . n nz nd
=M1n1m1se<2”=1 Zz=1 il <1— D

®
where Cov,; represents the percentage of water demand met
for demand site d during period ¢ in region z; DM, denotes the
water requirement of demand site d in period ¢ within region z;
and TAW,_, is the total volume of water allocated to demand site
d during period ¢ in region z.

F, = Minimise [ Z [Max<1 - SS‘ 0>H ©)
=1 min

where S, represents the storage capacity of the reservoir at time
step t, S,,;,, denotes the minimum operating level of the reservoir
and n signifies the number of simulations.

Subjected to:

™)

Otherwise

where ARS,; represents the total surface water allocated to de-
mand site d during period ¢ in region z, considering the priority
of the demand site; and TSR, denotes the whole amount of water
allocated in ¢ period.

TDF .,y = DM,y — ARS;y ®
TSW, = SWp + SWAgri +SW,in 9

Sdead < St < Smax (10)

TDF,,, represents the total deficit of demand site d in region z
during period t. TSW, represents the total water demand in pe-
riod ¢, where SW),, denotes total urban water demand, SWAg”.
represents total agricultural water demand and SW,,

rep-
n
resents total environmental water demand.
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FIGURE 3 | Division of the reservoir into four zones during the operation period by the hedging method.

S 40aq TEPresents the dead storage volume of the reservoir, S, de-
notes the reservoir volume at any given time period and S, .
represents the maximum storage volume of the reservoir.

2.5.3 | Hedging Rule

In this study, to apply hedging rules for optimal operation, the
reservoir is divided into four zones as depicted in Figure 3.
According to this method, the water in the conservation zone
is released freely to fully meet downstream demands. However,
when the reservoir volume reaches the buffer zone, the release
rate is restricted based on a hedging fraction (between zero and
one) to meet downstream demands during critical conditions.
The hedging parameters in this method are the reservoir storage
volume [hdg(7)] and the hedging fraction («) (Figure 3). These
two parameters are generated monthly as decision variables by
the optimization algorithm and the reservoir release is based
on these variables in different months; therefore, the number
of decision variables is 24. In other words, the determination of
the buffer zone and the buffer coefficient (the fraction of down-
stream demand met (hedging fraction)) varies monthly and is
generated using the optimization algorithm. Whenever the res-
ervoir volume enters the buffer zone, the system (simulation-
optimization framework) reduces the reservoir release based on
the hedging fraction. The hedging fraction is the proportion of
water in the buffer zone that is released each month. The closer
this coefficient is to one, the more water is released; on the other
hand, the closer it is to zero, the less water is released, meaning
that the storage volume in the reservoir increases.

The general equations used for the hedging method in this study,
based on Celeste and Billib (2009), are presented as follows:

Accordingly, reservoir releases occur under two distinct
conditions.

The first condition is as follows:

S . —S + 1,
If: [S,-; = Sqeaa] +1; < hdg(z) Then: R, =D, [%]

an

where S,_; denotes the reservoir storage at the previous time
step; S,.qq Fepresents the dead storage (inactive storage zone) of
the reservoir; I, is the reservoir inflow at time step t; hdg(z) de-
notes the hedging storage level (buffer zone) for month z; R, is
the reservoir release; and D, represents the downstream water
demand.

The first condition is as follows:

If: [S;_; — Sgeaq| +1; > hdg(r) Then: R, =D, (12)

Let Syp denote the reservoir storage at the hedging threshold,
Smae the maximum storage capacity and S, the reservoir storage
at time step t. Under these conditions, the system can be de-
scribed by the following operational states:

1. If Sypg < S; < S, all water demands are fully satisfied.
In this condition, the combined volume of reservoir storage
and inflow during time step ¢ is sufficient to meet down-
stream demands; therefore, no shortage or spill occurs.

2. If S, > S,,4 Spill occurs due to capacity limitations. Since
storage cannot exceed S, the excess volume (S,S,4)
is released as overflow. Despite this, all downstream de-
mands are still fully met, similar to the previous case.

3. If S, < Sypg reservoir releases are governed by hedging
rules. According to Equation (11) and the defined hedging
policy, only a fraction of the total demand is supplied in
order to conserve storage. In this state, shortages occur, but
no overflow is expected.

4. If S, < S,,;,» the reservoir reaches its minimum (inactive)
storage level. This situation typically arises under severe
drought conditions. The storage is effectively limited to
Snin and the reservoir is unable to adequately meet down-
stream water demands; in extreme cases, no water can be
allocated.

The implementation of the hedging approach in this study can
be described as follows. Within the coupled WEAP-MOICA
framework, the optimization algorithm (MOICA) is configured
to generate 24 decision variables. Specifically, 12 variables cor-
respond to monthly buffer storage levels and the remaining 12
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7 of 19

85U801 7 SUOWIWOD BAIERID 3(dedl|dde 8Ly Aq peusenob ke sapie YO ‘8sn Jo sajni oy Akeid1auljuO 8|1 LD (SUOTIPUOO-PUe-SWBILI0O" A3 1M A1 1 BUl|UO//STHIY) SUOTIPUOD PUe SWLB | 8L} 88S *[9202/20/6T] U0 Aelq18ulUO A8]IA JeusD [eoIpe Il UeISaMUINos 1N Ad 26902 dAU/Z00T 0T/10p/woo" A8 1M Aelq i pul|uoy/sdiy Wwoly pepeojumod ‘2 ‘9202 ‘S80T660T



represent the monthly demand satisfaction ratios for down-
stream water requirements. It should be noted that the buffer
storage level in the WEAP model is equivalent to the hedging
threshold, that is, the reservoir storage level at which hedging
is initiated. These 24 decision variables are subsequently in-
corporated into the WEAP model. The first set of 12 variables
defines the monthly hedging storage levels (buffer zone), with
each value assigned to a specific month of the year. The second
set of 12 variables specifies the percentage of downstream de-
mand to be satisfied in each month. The WEAP model is then
executed based on these decision variables, which effectively
determine the hedging policy through buffer storage coef-
ficients and demand allocation ratios. This iterative process,
consisting of decision variable generation by MOICA and simu-
lation by WEAP, continues until convergence to the Pareto op-
timal front is achieved. Ultimately, the optimal set of monthly
decision variables is obtained, based on which reservoir release
policies are determined.

2.5.4 | MOICA Parameter Settings

The optimal ICA parameters for this study are summarised in
Table 3. The revolution rate is heavily influenced by the size of
the solution space and a value of 0.2 was deemed appropriate
for this case. The direction parameter () dictates the extent
to which a colony aligns with its imperialist during the assim-
ilation process; when §> 1, colonies approach the imperialist
from both sides. In this study, a value of 2 was selected for .
The deviation parameter (0) is critical in ICA as it balances
exploration (introducing randomness to diversify the search)
and exploitation (intensifying the search with more focus).
Literature (Babamiri and Dinpashoh 2024) suggests that set-
ting 6 to /4 strikes a balance between accuracy and search
efficiency, making it a suitable choice for most cases. The pa-
rameter ¢, which represents the average power of colonies in
each empire and is a positive constant, was set to 0.1 for this
study, based on literature recommendations favouring small
values such as 0.1 or 0.15.

2.6 | Performance Evaluation Criteria

To evaluate the performance of the reservoir operation policies,
two indices including reliability and coverage were employed.

Reliability represents the fraction of time periods during which
the system fully satisfies the downstream demand:

TABLE 3 | Optimised parameters to run MOICA.

N .

1 1 ifR,>D,
Rel= — I, where I, = 13
N ,; ! ' {0 if R, <D, 13

where N is the total number of time periods, R, is the release at
time step ¢, D, is the demand at time step ¢, and I, is an indicator
function showing whether demand is fully met.

Coverage was computed at each time step (monthly) as follows:

min(R,,D,)

Cov =
Dt

(14)

where R, is the release at time step ¢ and D, is the demand at
time step ¢.

2.7 | Uncertainty Analysis Based on
Likelihood-Based Ensemble Approach (GLUE
Inspired)

In this study, an ensemble-based uncertainty analysis frame-
work with likelihood weighting was applied to evaluate the vari-
ability of projected runoff under a given climate scenario. This
approach is inspired by the GLUE methodology, but differs from
the classical parameter-based implementation. Specifically, no
model parameters from SWAT were sampled. Instead, uncer-
tainty arises from climate model variability (based on CMIP6
projections) and Monte Carlo-generated runoff time series.

First, to assess the variability of future monthly runoff under
CMIP6 scenarios using the SWAT model, runoff was first
simulated for all selected climate models. Subsequently, sto-
chastic time series generation was performed based on an
ensemble-driven Monte Carlo approach. Specifically, for each
scenario (e.g., SSP1-2.6), seven monthly runoff time series
were obtained from different climate models over the future
period (2023-2042), each consisting of 240 monthly values.
Thus, for each month, seven alternative runoff values were
available. A new synthetic time series was generated by ran-
domly selecting one value from these seven candidates for
each month. This random sampling procedure was repeated
30 times, resulting in 30 stochastic runoff series per scenario.
The key advantage of this approach is that it preserves inter-
model variability and associated uncertainty. This procedure
was applied to all three scenarios, yielding a total of 90 sto-
chastic monthly runoff time series for the basin over the pe-
riod 2023-2042. Each time series therefore contains 20 values
for each calendar month (e.g., 20 January values per series).
Across the 90 simulated series, this results in 90 sets of 20 val-
ues for each month of the year.

To evaluate the consistency of simulated runoff with historical
conditions, a likelihood measure was computed separately for each
month. The observational reference was defined using historical
climatology derived from the period 2004-2023. For each month,
the observed mean (u) and standard deviation (¢) were calculated
from 20 historical values (e.g., 20 observed January runoff values).

The likelihood value (L;) for each simulated series i was com-
puted using a Gaussian likelihood function:

Parameter Value
The number of initial countries 48
Number of Initial Imperialists 4
Revolution rate 0.2
B 2

0 /4
¢ 0.1
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2
(Qsim,i - /’l)
Li = eXp( — T (15)
where Qg ; represents the runoff series generated using Monte
Carlo (or aggregated monthly statistic) for series i and u and ¢
denote the historical monthly (2000-2020) mean and standard
deviation, respectively.

For each month, this procedure yields 30 likelihood values cor-
responding to the 30 simulated runoff series. These likelihood
values were then normalised to obtain weights (P)):

t 30 (1 6)

Using an acceptable threshold (ASR), simulations that re-
sult in better agreement with historical climatology (i.e.,
higher likelihood values) were distinguished from the rest.
Specifically, likelihood values (L;) were sorted in descending
order and a subset of top-performing simulations was selected
as the acceptable set. In this study, the acceptable threshold
was defined as 1% of the total number of samples (n), follow-
ing recommendations from previous studies applying GLUE-
based approaches (Babamiri and Dinpashoh 2024; Muronda
et al. 2021).

These likelihood-based weights and/or the selected acceptable
simulations were then used to derive uncertainty bounds for
each month, either through weighted statistics or percentile-
based ranges. This approach allows for incorporating both inter-
model variability and stochastic variability while maintaining
consistency with observed climatological patterns.

It is important to note that this framework represents a
likelihood-based ensemble evaluation approach rather than a
classical GLUE application, as no parameter sampling or prior
parameter distributions were considered.

2.8 | Coupled Simulation-Optimization Procedure

The proposed framework integrates climate projections, hydrolog-
ical modelling, stochastic runoff generation, reservoir simulation
and multi-objective optimization. First, bias-corrected precipita-
tion and temperature projections from seven CMIP6 climate mod-
els under three SSP scenarios were used to drive the calibrated
SWAT model, producing 21 runoff time series (seven for each SSP
scenario) for the period 2023-2042. The runoff series were then
grouped according to the three SSP scenarios and 30 stochastic
runoff series were generated from each group using the Monte
Carlo method, resulting in a total of 90 runoff time series.

The calibrated WEAP model was coupled with the Multi-
objective Imperialist Competitive Algorithm (MOICA) through
a custom VBScript developed in MATLAB. For each of the 90
stochastic runoff series, an independent simulation-optimiza-
tion run was performed to derive the optimal hedging policy.
Consequently, 90 Pareto fronts were obtained, from which the
preferred operating policies were selected. Monthly demand

coverage was subsequently calculated and the uncertainty
bounds of reservoir performance were derived from the ensem-
ble of the 90 optimised simulations. The optimization parame-
ters and stopping criteria remained unchanged for all runs and
are presented in Sections 2.5.4 and 3.5.

3 | Results
3.1 | Evaluating the Selected CMIP6 Models

Figure 4 presents Taylor diagrams comparing the perfor-
mance of the selected CMIP6 models before and after bias cor-
rection for precipitation, maximum temperature (Tmax) and
minimum temperature (Tmin) over the baseline period (1995-
2014). Prior to bias correction, the MIROC-ES2L model exhib-
ited the best performance for precipitation, with an RMSE of
10.3 mm/month and a correlation coefficient (R) of 0.88, as in-
dicated by its proximity to the observational reference point.
For Tmax, both MIROC-ES2L and ACCESS-CM2 showed
superior performance, with high correlation values (R~0.99)
and relatively low RMSE values (1.97 and 1.98, respectively).
Similarly, for Tmin, the MIROC-ES2L model achieved the
lowest error among the evaluated models (RMSE=2.1,
R=0.98). Following bias correction, all models demonstrated
substantial improvements, with reduced errors and increased
agreement with observations. The corrected outputs closely
matched the observed data across all variables, indicating
that the bias correction procedure effectively enhanced the
reliability of the climate model simulations.

3.2 | Evaluating of SWAT Model

The statistical performance of the SWAT model during the
calibration (2004-2016) and validation (2017-2020) periods
is summarised in Table 4. Overall, the model reproduced the
observed monthly runoff satisfactorily at both the Yalfan and
Eberoo hydrometric stations. The coefficient of determina-
tion (R?) ranged from 0.67 to 0.73, while the Nash-Sutcliffe
Efficiency (NSE) varied between 0.56 and 0.72. The nor-
malised root mean square error (NRMSE) ranged from 11.98%
to 18.78% during the calibration and validation periods. The
slightly lower performance during validation reflects the in-
creased variability of observed runoff but remains within
the acceptable range for hydrological modelling. Overall, the
statistical indicators demonstrate that the SWAT model pro-
vides reliable runoff simulations and is therefore suitable for
subsequent climate change impact assessment and reservoir
operation analyses.

3.3 | Uncertainty Analysis

The changes were visualised through monthly violin plots
(Figure 5). As depicted in the figure, the basin runoff exhib-
its a seasonal periodic trend. Notably, despite minimal pre-
cipitation from July to September, runoff persists due to the
mountainous terrain and snowpack in it. The most significant
potential changes in runoff occur in April and May, typically
ranging between 0 and 9.59 m3/s. The dominant distribution of
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FIGURE 4 | Taylor diagrams comparing the performance of selected CMIP6 models for precipitation (upper panel), Tmax (middle panel) and
Tmin (bottom panel) over the baseline period 1995-2014.

TABLE 4 | Statistical performance of the SWAT model during the calibration (2004-2016) and validation (2017-2020) periods at the Yalfan and

Eberoo hydrometric stations.

Yalfan Eberoo

Performance metric Calibration Validation Calibration Validation

R? 0.73 0.68 0.67 0.75

NS 0.72 0.56 0.66 0.65

PBIAS 13.41 37.22 2.02 31.02

RMSE 0.68 1.28 0.10 0.20

NRMSE 13.39 17.79 11.98 18.78
runoff during these months lies within the 0-3.62m3/s range. Figure 6 illustrates the probability scatter plots (likeli-
Specifically, in April, which experiences the highest runoff lev- hood weights) of the stochastic monthly outputs, computed
els, the interquartile range falls between 1.72 and 3.83 m?/s. using Equation (16). Each point in the figure represents an
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FIGURES5 | Violin plots illustrating the uncertainty in monthly run-
off based on 90 ensemble-derived stochastic time series (Monte Carlo
simulation) for the Ekbatan watershed during 2023-2042.

individual likelihood value. The spread and shape of the dis-
tribution for each month reflect the degree of uncertainty: a
wider and more dispersed distribution indicates higher uncer-
tainty, whereas a more concentrated and sharply peaked dis-
tribution suggests lower uncertainty. Accordingly, the highest
levels of uncertainty are observed during April, May and June,
with April exhibiting the greatest variability, ranging from 0.6
to 5 m3/s. In contrast, the lowest uncertainty is observed in
October.

3.4 | WEAP Model Evaluation

The WEAP model was calibrated (2004-2016) and validated
(2017-2020) and its performance is summarised in Table 5. The
model achieved NRMSE values of 3.5% and 3.7% during the cal-
ibration and validation periods, respectively, while the coeffi-
cient of determination (R?) remained 0.99 in both periods. These
results demonstrate that the calibrated WEAP model provides
a reliable basis for the subsequent simulation-optimization
analyses.

3.5 | Results of the Stochastic Implementation
of the Simulation-Optimization Framework

The MOICA algorithm was employed for the optimization pro-
cess, utilising a multi-objective function to optimise 24 decision
variables (hdg(t) and o). Multiple runs of the model revealed
that the initial number of countries should be at least twice the
number of decision variables, leading to 48 initial countries and
8 initial imperialists. The model runs revealed significant vari-
ations in objective functions during the initial iterations. Each
time series required around 400 iterations to converge to the
optimal solution with the highest accuracy. The best solutions
at each iteration were selected based on the objective function
evaluation and stored as an optimal archive for the next stage.
The Pareto front was obtained at the final iteration between the
optimization objectives.

3.5.1 | Uncertainty of Pareto Fronts

Figure 7 presents the uncertainty envelope of the Pareto solu-
tions obtained from 90 independent WEAP-MOICA simula-
tion-optimization runs using stochastic runoff series under
hedging-based operation. The values of the first and second ob-
jective functions range from 40.2 to 80.9 and from 0 to 56.1, re-
spectively. The scatter points correspond to the Pareto solutions
obtained using the two representative CMIP6 models (MIROC-
ES2L and ACCESS-CM2). Each optimization run generated 50
Pareto solutions, from which the preferred operating policy was
selected using the best compromise solution approach. The un-
certainty envelope shown in Figure 7 represents the range of
these selected solutions across all stochastic simulations.

3.5.2 | Uncertainty in Demand Coverage
and Reservoir Storage

Figure 8 presents the projected uncertainty in (a) monthly
demand coverage and (b) reservoir storage for the period
2023-2042. The uncertainty bands were derived from the best
compromise solutions selected from the Pareto fronts obtained
through 90 independent WEAP-MOICA simulation-optimiza-
tion runs using stochastic runoff series. For comparison, the re-
sults corresponding to the two best-performing climate models
(MIROC-ES2L and ACCESS-CM2) are also shown.

As shown in Figure 8a, the greatest uncertainty in demand
coverage occurs during August and September of 2025, 2035,
2036, 2039 and 2041, when the projected coverage ranges from
approximately 1.5% to 100%, indicating substantial variability in
the ability to satisfy water demand. In contrast, demand cover-
age remains consistently close to 100% during February 2031-
November 2032, April 2033-May 2034 and April 2037-May
2038, where the uncertainty band becomes negligible.

Figure 8b illustrates the corresponding uncertainty in reser-
voir storage. The results indicate a potential risk of reservoir
overflow during April of 2023, 2028, 2029 and 2041, as well
as during May and June of 2023 and 2028. Conversely, reser-
voir storage may decline to the inactive storage level during
October 2023-October 2025, January-March 2036, October
2036-February 2037 and October 2039. The widest uncer-
tainty intervals occur between April 2028 and July 2029 and
between February and October 2036, reflecting the highest
variability in projected reservoir storage under future climate
conditions.

Figure 9 shows the distribution of demand reliability for the
urban, agricultural and environmental demand sites during
the period 2023-2042. The box plots summarise the uncer-
tainty derived from the optimised reservoir operating policies
obtained from the stochastic simulations. Urban water supply
exhibits the lowest reliability, ranging from 47% to 74%, with an
interquartile range of 57.5%-64.5%. In comparison, agricultural
demand shows an interquartile range of 86.5%-92.2%, while en-
vironmental demand ranges from 85.0% to 94.5%. The results
also indicate that agricultural and environmental demands may
occasionally experience complete supply failure under the most
adverse hydroclimatic conditions.
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FIGURE 6 | Scatter plots of monthly runoff likelihood (P) derived from a likelihood-based ensemble framework (GLUE-inspired) using 90 sto-
chastic time series for the period 2023-2042.
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TABLE 5 | Error metric values for calibration and validation of
WEAP model.

Calibration Validation
RMSE 0.07 0.75
NRMSE% 3.5 3.7
R? 0.99 0.99
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FIGURE 7 | Uncertainty band of the Pareto front (F1 versus F2) ob-
tained from 90 stochastic runoff simulations for the period 2023-2042.
F1: demand coverage objective; F2: shortage penalty objective.

3.5.3 | Comparison of Hedging Policy and Standard
Operating Policy

Figure 10 compares projected demand coverage under the opti-
mised hedging policy (Figure 10a) and the Standard Operating
Policy (SOP) (Figure 10b) for the selected CMIP6 projections
(MIROC-ES2L and ACCESS-CM2 under SSP2-4.5) during
2023-2042. Under the hedging policy, demand coverage re-
mains relatively more stable over time, although considerable
shortages still occur during prolonged drought periods. The
most pronounced deficits are observed between November 2034
and March 2037 and again from February to October 2039, with
the minimum demand coverage declining to approximately
3%-7% during August-October 2039.

The SOP exhibits substantially greater temporal variability and
more severe shortages than the hedging policy. Extended peri-
ods of demand satisfaction below 50% occur between November
2034 and March 2035, August 2035 and March 2036, July 2036
and March 2037 and April to October 2039. The minimum de-
mand coverage under SOP decreases to approximately 2.2% in
September 2035, whereas the corresponding value under the
hedging policy is higher (approximately 4.5%), indicating a re-
duction in shortage severity.

Overall, the comparison demonstrates that the hedging pol-
icy distributes water shortages more gradually through time
rather than allowing complete demand satisfaction during early

periods followed by severe failures after reservoir depletion.
Consequently, although occasional shortages remain unavoid-
able under future climate uncertainty, hedging operation im-
proves the temporal resilience of reservoir operation compared
with the conventional SOP.

4 | Discussion
4.1 | Climate-Driven Hydrological Uncertainty

The results demonstrate that uncertainty associated with fu-
ture climate projections is not uniformly distributed through-
out the hydrological year. The largest uncertainty occurs
during the wet season, particularly in April and May, when
snowmelt and seasonal precipitation jointly control runoff
generation in the mountainous basin. This indicates that
climate-driven uncertainty primarily affects periods dom-
inated by hydrological response processes rather than low-
flow periods. Similar behaviour has been reported in previous
studies conducted in mountainous catchments, where uncer-
tainties associated with climate projections become amplified
during high-flow seasons because runoff generation is highly
sensitive to both precipitation variability and temperature-
driven snowmelt processes (Samavati et al. 2023; Zakizadeh
et al. 2021).

Among the evaluated CMIP6 climate models, MIROC-ES2L
consistently provided the most reliable representation of fu-
ture precipitation for the Ekbatan watershed. Similar conclu-
sions have been reported for mountainous basins in western
Iran, where the MIROC family demonstrated superior per-
formance in reproducing regional hydroclimatic conditions
(Shoja and Shamsipour 2023). Although climate model perfor-
mance is inherently region-dependent, these consistent find-
ings suggest that MIROC-based projections provide a robust
basis for evaluating future hydrological responses in semi-
arid mountainous catchments. This is particularly important
because reliable climate projections directly influence runoff
simulation and, consequently, reservoir operation under fu-
ture climate conditions.

4.2 | Propagation of Uncertainty Through
the Hydrological System

One of the principal findings of this study is that climate-
driven uncertainty is progressively amplified as it propagates
through the hydrological system, ultimately exerting a much
greater influence on reservoir operation than is apparent from
climate projections alone. This demonstrates that evaluating
uncertainty solely at the climate or runoff stage may under-
estimate its consequences for water resources management,
particularly in reservoir systems operating under prolonged
drought conditions.

The results further indicate that runoff uncertainty generated
during the wet season has disproportionately large impacts on
water availability during subsequent dry months, when reser-
voir storage becomes the primary control on downstream water
supply. Consequently, relatively small differences in projected
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runoff can translate into substantial differences in reservoir
storage, demand satisfaction and operational reliability. These
findings highlight the importance of explicitly incorporating

uncertainty into reservoir operation, rather than relying on de-
terministic inflow projections and provide new insight into how
hydrological uncertainty influences the resilience of adaptive
operating policies under future climate change.

4.3 | Hedging Improves the Temporal Resilience
of Reservoir Operation

The comparison between the optimised hedging policy and the
Standard Operating Policy (SOP) demonstrates that the princi-
pal benefit of hedging is not necessarily increasing reliability,
but reducing the severity of water shortages during prolonged
droughts. Although the reliability index under SOP is numeri-
cally higher, this metric does not fully represent operational per-
formance because any month with demand satisfaction below
100% is classified as a failure. Consequently, months with 99%
demand satisfaction contribute equally to the reliability metric
as months with complete supply failure.

Instead, the hedging policy intentionally redistributes water
shortages over time by introducing moderate reductions in water
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allocation before reservoir storage reaches critically low levels. This
strategy substantially reduces the occurrence of severe shortages
during extended droughts and enhances the temporal resilience
of reservoir operation. Similar conclusions have been reported
in previous hedging studies, which demonstrated that anticipa-
tory water allocation generally outperforms conventional oper-
ating policies under prolonged drought conditions (Bayazit and
Unal 1990; Draper and Lund 2004; Shiau 2009; Gomes et al. 2021).

4.4 | Implications for Adaptive Reservoir
Management Under Climate Change

The uncertainty intervals presented in this study provide prac-
tical information beyond deterministic reservoir operation.

Rather than producing a single estimate of future reservoir per-
formance, the proposed framework quantifies the range within
which reservoir storage and demand satisfaction are expected
to vary under future climate conditions. Such information en-
ables water managers to identify critical periods with elevated
operational risk and to develop adaptive operating strategies
before severe shortages occur. Similar conclusions regarding
the value of uncertainty analysis for reservoir operation have
been reported by Muronda et al. (2021). However, their study
focused on uncertainty associated with stochastic inflow fore-
casting and conventional reservoir optimization, whereas the
present study explicitly propagates CMIP6 climate uncertainty
through hydrological modelling into hedging-based reservoir
operation, thereby providing a broader assessment of future op-
erational risk.
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More broadly, the study demonstrates that reservoir operation
should increasingly shift from deterministic planning towards
risk-based decision-making under future climate uncertainty.
Explicitly incorporating climate-driven uncertainty into reser-
voir optimization provides more robust operating policies that
remain effective under a wide range of possible future hydro-
climatic conditions. These findings are particularly relevant for
mountainous semi-arid basins, where seasonal runoff variabil-
ity strongly governs future water availability.

4.5 | Future Research

The present study focused on understanding how climate-driven
hydrological uncertainty propagates from CMIP6 climate pro-
jections through runoff generation to hedging-based reservoir
operation. While this provides a comprehensive assessment of
the influence of future hydroclimatic variability on reservoir
performance, additional sources of uncertainty, such as future
water demand, groundwater interactions and reservoir operat-
ing assumptions, also influence long-term water resources man-
agement and warrant further investigation.

Future research should extend the proposed simulation—opti-
mization framework by integrating surface water and ground-
water models (e.g., WEAP-MODFLOW) and by incorporating
multiple uncertainty sources within a unified decision-support
framework. Such developments would improve the assessment
of adaptive reservoir operation and enhance the resilience of
water resources systems under future climate change, particu-
larly in semi-arid mountainous basins.

5 | Conclusion

This study demonstrates that climate-driven uncertainty prop-
agates through the hydrological system and becomes progres-
sively amplified from climate projections to adaptive reservoir
operation. Using a coupled CMIP6-SWAT-WEAP-MOICA
framework with hedging rules, the study provides new insight
into how hydroclimatic uncertainty influences reservoir perfor-
mance in mountainous semi-arid basins.

The results show that runoff uncertainty is greatest during the
wet season, particularly in April and May, when hydrological
processes are most sensitive to climate variability. Although
this uncertainty originates during high-flow periods, its oper-
ational consequences become most evident during subsequent
dry months when reservoir storage governs downstream water
supply. Comparison with the Standard Operating Policy further
demonstrates that hedging-based operation substantially re-
duces the severity of water shortages, despite exhibiting lower
reliability according to conventional reliability metrics. These
findings indicate that deterministic reservoir operation may un-
derestimate future operational risks under climate change.

Overall, the findings highlight the importance of explicitly
incorporating climate-driven uncertainty into reservoir opti-
mization and adaptive water resources management. Rather
than treating uncertainty solely as a characteristic of future

climate projections, this study demonstrates that its propagation
through hydrological processes directly influences reservoir re-
silience and operational decision-making. The proposed frame-
work therefore provides a practical basis for developing more
robust and risk-informed reservoir operating policies under fu-
ture climate change.
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