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Cheng Han, Associate Editor certainties by failing to anticipate future shortages. To tackle these challenges, this study adopts an integrative,

uncertainty-aware reservoir operation framework that jointly addresses upstream inflow projection uncertainty
and downstream operational uncertainty, representing a research gap not yet explored. Specifically, a dynamic
weighting scheme, Uncertainty Optimizing Multi-Model Ensemble (UO-MME), was used for credible inflow
projections, which were then incorporated into a two-dimensional hedging model (HDG-2d) to optimize reser-
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Y;I;erzgilt;tyredumon voir releases. The methodology was applied to the Tahtali Reservoir (western Tiirkiye) considering a modeling
Dynamically weighted ensembles chain comprising five GCMs, two emission scenarios, two downscaling methods, and seven hydrological models.
Climate change The climate inputs needed by hydrological models and UO-MME include bias-corrected CORDEX outputs and
Tahtali Reservoir statistically downscaled CMIP5 data covering the projection span 2021-2099. The inflow projections from
different variants were used to operate both SOP and HDG-2d models. Compared with SOP operated under
unweighted data, where projection uncertainties tend to accumulate, HDG-2d emerged as the main uncertainty-
reducing mechanism for reservoir outputs, while UO-MME played a supportive role. Overall, the combined
strategy achieves ensemble consistency in most variants, with dimensionless vulnerability remaining below 0.25,
reduces its related uncertainty by 23% through mitigating single-period shortages, and further narrows projected
release and sustainability index uncertainties by 43% and 36%, respectively. Combining hydrological model

weighting with climate-informed hedging is shown to provide a more robust basis for reservoir planning.
1. Introduction while the standard operating policy (SOP) providing a simple operating
rule may be somewhat convenient under stationary conditions, it may
Climate change gradually challenges the reservoir sustainability, and lead to projecting insufficient reservoir storage levels under climate
reservoirs designed from past hydrological records have become change scenarios since it releases water up to the target demand without
vulnerable under changing climatological regimes and streamflow dy- any reserving for future use (Gorguner and Kavvas, 2020; Nguyen et al.,

namics (Eum and Simonovic, 2010; Adeloye and Dau, 2019). Especially 2020). Hence, the fact that the ability of reservoirs to achieve
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operational objectives with SOP under changing conditions may mark-
edly deteriorate entail a shift toward climate change adaptation-
oriented reservoir operations. This need is particularly important in
cases where reservoir performances are widely sensitive to hydro-
climatic changes (Mateus and Tullos, 2017) and in regions where
operational objectives must be carefully managed under uncertain
future scenarios (Thomas et al., 2021).

One of the ways to decrease infrastructure construction or rehabili-
tation costs in water resources management under adaptation to climate
change is to update reservoir operating curves through optimization
models (Elgendy et al., 2024). In this context, certain reservoir operation
policies, known as hedging rules, have been formulated to restrict im-
mediate water releases, guided by a parameterized rule curve, in order
to mitigate the risk of severe deficits during future periods (Tu et al.,
2008; Celeste and Billib, 2009). It has already been shown that hedging
models, which are optimized with observed or stochastically generated
inflow data, can clearly provide a more dynamic approach to reservoir
operation compared to the SOP (e.g., Bayesteh and Azari, 2021). It has
also been revealed that these adaptive rules can effectively mitigate
drought impacts by preventing complete reservoir depletion during
multiyear critical periods (e.g., Luo et al., 2023; Anvari et al., 2023).
However, only a limited number of studies have focused on developing
hedging strategies based on global climate model (GCM)-driven pro-
jections, particularly with the goal of maintaining reliability and
tempering system vulnerability in the long term (e.g., Adeloye et al.,
2016; Adeloye and Dau, 2019; Ahmadianfar and Zamani, 2020; Besha-
vard et al., 2022; Moghaddasi et al., 2022; Okkan et al., 2023; Thiha
et al., 2023; Erfanian et al., 2023).

In addition, as highlighted in recent studies, reservoir operation
models are rather responsive to uncertainties in inflow predictions. It
has been shown that disregarding these uncertainties may affect key
performance indices and complicate informed decision-making
(Soleimani et al., 2016; Nourani et al., 2025). Moreover, Liu et al.
(2019) emphasized that the uncertainty associated with predictive
inflow data on reservoir water level forecasts can outweigh that of rule
curve parameters derived through a Bayesian deep learning method.
They also showed that employing probabilistic inflow forecasts for
model training can reduce uncertainty related to reservoir operation
decisions. However, given that the aforementioned studies were not
conducted under GCM-driven simulations, it can be argued that the
combined uncertainties originating from different sources used in the
modeling chain, such as multiple GCMs, emission scenarios (ESs),
downscaling methods (DMs), and hydrological models (HMs), tend to
propagate differently within the ensemble of hydrological projections.
More specifically, the uncertainty level rises progressively at each stage
of the impact modeling chain, since each component builds upon the
outputs of the preceding one. In particular, studies that decompose
uncertainty in streamflow projections displayed that GCMs, along with
their interactions with ESs, appeared as important sources of the un-
certainty (Vetter et al., 2015; Wang et al., 2020). These hydrological
projection uncertainties undoubtedly influence hedging rule parame-
terization and also bring forth the need to measure how different sources
of uncertainty contribute to the uncertainty in projected reservoir
operations.

Considering that improving the credibility of hydrological pro-
jections can play a pivotal role in reducing uncertainty associated with
future operational strategies based on hedging policies, the use of an
ensemble of weighted models may represent one of the effective options.
The virtue of employing such ensembles is that they can compensate for
the flaws of individual models, including structural limitations and po-
tential biases arising from parameterization choices or climate inputs
(Pastén-Zapata et al., 2022). From the perspective of climate modeling,
assigning different weights to GCMs according to certain performance
metrics can build a more uncertainty-aware framework for climate
change impact assessments (e.g., Wanders and Wood, 2016; Knutti et al.,
2017). However, such approaches are not yet fully adopted by the
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climate modeling community because all GCMs designed to generate
large-scale climate processes are considered to have the same proba-
bility of occurrence (Collins, 2017). In contrast, HMs are often applied
following automatic calibration stages to better simulate hydrological
processes at a specific catchment scale. Besides, the uncertainties
inherited from downscaled GCM simulations accumulate nonlinearly in
hydrological response by means of HMs. Therefore, weighting HMs may
offer a more appropriate means of boosting the credibility of projected
outputs (Pastén-Zapata et al., 2022; Castaneda-Gonzalez et al., 2023).

As seen in existing studies, weights are generally assigned to HMs
according to their historical performance only, and these weights are
then applied to projections in a static manner, assuming that they
remain valid under future conditions. However, it should be noted that
HMs possessing adequate simulation performance under past climate
conditions may not guarantee robust projections under future emission
scenarios (Coron et al., 2014). In this regard, the use of static weights,
even when obtained by using iterative methods such as Bayesian Model
Averaging (BMA), does not necessarily provide a viable way to reduce
the uncertainty variance propagated throughout an impact modeling
chain. This limitation underscores the requirement for alternative
weighting schemes that can dynamically adapt to evolving future con-
ditions. Regarding this issue, Ersoy et al. (2025a) demonstrated that
uncertainty in runoff projections can be significantly reduced using a
framework that balances the trade-off between past simulation perfor-
mance and projection uncertainties, unlike studies based on statically
weighting HMs for hydrological projections such as Pastén-Zapata et al.
(2022) and Castaneda-Gonzalez et al. (2023).

Another notable gap in the literature is that only a scant number of
studies have addressed reservoir operation strategies under uncertainty
in the hydroclimatic impacts of climate change, but these have
employed ensemble streamflow projections without explicitly attempt-
ing to manage the associated uncertainty. For example, Raje and
Mujumdar (2010) examined the impacts of climate projection uncer-
tainty on stochastic dynamic programming-based operations, without
undertaking a decomposition or variance reduction related to source-
specific uncertainties. On the other hand, Okkan et al. (2023) quanti-
fied the contribution of GCMs and ESs to the overall uncertainty in
reservoir performance measures (RPMs), but they reduced the uncer-
tainty in projected reservoir releases to some extent by choosing a subset
of GCMs. That is, all these few papers did not adopt a strategy that allows
dynamic ensemble generation tailored to both historical simulation ac-
curacy and to narrowing projection uncertainty.

Therefore, this study aims to bridge that gap by integrating a
framework that dynamically weights the multi-member hydrological
ensemble—developed in a companion study (Ersoy et al., 2025a)—with
a two-dimensional hedging rule (HDG-2d) to provide a more robust
decision-support basis under climate change. To the best of our knowl-
edge, no previous work has investigated an integrative approach that
enables the reduction of upstream modeling uncertainties via weighting
HMs and also yields more credible reservoir operation strategies under
climate change scenarios. The potential of this dual-level uncertainty
management has been scrutinized through the case of the Tahtali
Reservoir in western Tiirkiye, which is operated primarily for domestic
water supply. Despite increasing evidence of climate change-derived
shifts in hydroclimatic regimes within the Kucuk Menderes River
Basin, where the Tahtali Reservoir is located (e.g., Yagbasan, 2016;
Rotbeei et al., 2025), no research has examined how such changes may
influence reservoir operation uncertainty for any existing reservoir in
this drought-prone basin. Accordingly, this study links projected
hydroclimatic changes over this region to reservoir-operation decision-
making, and it seeks to address the following objectives. These include:
(i) examining the advantages offered by the HDG-2d rule over SOP
under uncertainty propagated from a complex modeling chain with
multiple sources; (ii) evaluating how decomposed projection un-
certainties related to long-term RPMs differ across reservoir operation
models; (iii) investigating the efficacy of multi-hydrological model
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weighting schemes for reducing uncertainties in reservoir operation
projections; and (iv) quantifying the temporal evolution of the influence
of uncertainty-driving factors on optimized reservoir releases under
unweighted and weighted ensembles over the projection period
2021-2099.

2. Data and projection framework
2.1. Study area and in situ observations

This study considered the Tahtali watershed, which has a drainage
area of 554 km? within the Kucuk Menderes River Basin (KMRB) in
western Tiirkiye (Fig. 1a). The Tahtali Reservoir was selected as the case
study because it constitutes one of the most critical water supply systems
in the KMRB and is characterized by a typical Mediterranean climate
regime. The reservoir has a maximum operational storage capacity of
306.65 Mm?> and a dead volume of 15.5 Mm?3, and its area—storage
relationship (Fig. 1b) shows nonlinear characteristics, with surface area
increasing sharply at lower storage levels but expanding only gradually
at higher volumes. In this context, the representation of sector-specific
water demand is a critical component of reservoir operation modelling
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and shapes the system responses under drought conditions (Anvari et al.,
2023). This study focuses only on domestic (urban) water supply, as the
Tahtali Reservoir is operated primarily to meet an annual demand of
128 Mm? for izmir, the third largest city in Tiirkiye, serving a population
of more than four million. In recent years, noticeable changes in hy-
drological regime have made optimal reservoir management more
essential and entailed reliable reservoir operation projections to fortify
long-term water resources planning in KMRB (Ersoy et al., 2025b). All
these factors make the Tahtali Reservoir a highly relevant case for
analyzing climate-driven impacts in reservoir operation optimization.
The study utilized streamflow observations from Derebogazi station
(D06A007) for the water year period October 1970-September 1988, a
period during which no reservoir existed. After the construction of the
Tahtali Dam, this station was permanently closed, and no upstream
gauges have been operated since then. Consequently, the period
1970-1988 constitutes the only reliable and natural hydrological win-
dow for calibrating and validating hydrological models used in this
study. Although the data range of the Derebogazi station does not fully
overlap with the 1981-2005 historical period of the GCM used and
meteorological data sets, it is assumed that, consistent with standard
practice, hydrological models calibrated on a homogeneous natural
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Fig. 1. Location and key characteristics of the Tahtali watershed in western Tiirkiye. (a) Map of the case study, including watershed boundary, river network, and
Tahtali Dam reservoir, the upstream streamflow gauging station (DO6A007) and representative meteorological stations used. (b) Area—storage relationship of the
reservoir. (c) Monthly mean precipitation (P), natural streamflow-derived runoff (Q), and temperature (T) regimes for streamflow observation period.
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period (i.e., the first 10 years of the available 1970-1988 record) can
robustly capture the rainfall-runoff relationship and be applied for
future projections as well. The streamflow records, the area-storage
function for the dam site and the operational characteristics mentioned
above were obtained from the General Directorate of State Hydraulic
Works of Tiirkiye, together with data pertaining to representative
climatological stations in the region. During the natural streamflow
observation period, the annual precipitation and mean temperature
were 825 mm and 16.0 °C, respectively, and the watershed belonged to
the dry subhumid climate zone. Moreover, the annual mean runoff was
observed to be 285 mm, which is almost equivalent to one-third of the
annual mean precipitation. Both precipitation and runoff reach their
maximum values in January, and nearly 84% of the annual runoff is
obtained between December and March, highlighting the strong winter
dominance of the hydrological regime (Fig. 1c). While precipitation and
runoff show non-monotonic trends during the common observation
period, increasing temperature trends are likely to intensify in the
future, and the resulting net evaporative losses may place further
operational stress on the reservoir. Although the study was carried out
only in the Tahtali watershed, it is considered to be sufficient to intro-
duce the developed integrative strategy and is expected to inspire
similar applications in other regions facing uncertain climate change
impacts.

2.2. Climate projections: Precipitation and temperature

To assess future hydroclimatic changes in the Tahtali watershed,
data derived from five GCMs were employed under two representative
concentration pathway (RCP) scenarios: RCP4.5, which aims to stabilize
radiative forcing at 4.5 W/m? by the end of the century, and RCP8.5,
which is based on continuously rising emissions and projects a radiative
forcing of 8.5 W/m? by 2100. An overview of the RCPs is available in
van Vuuren et al. (2011), to which readers may refer for further details.
In addition to two RCPs, the historical (HIST) outputs from the GCM
simulations were also used. In this context, the 1981-2005 interval
represents the common overlap period between all GCMs and the
available observational meteorological datasets. It was adopted as the
reference window for correcting biases in precipitation and temperature
projections as well as calculating future anomalies. Moreover, by
incorporating two DMs (i.e., dynamically and statistically downscaled
data) and seven lumped HMs listed in Table 1 into the modeling chain,
the study allowed for the analysis of an ensemble of 140 streamflow
projection combinations. It should be noted that the hydroclimatic
projections obtained from that chain were previously compiled from
Ersoy et al. (2025a) to serve as input data for the reservoir operation
optimization modeling conducted in this study.

Table 1
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2.2.1. Dynamically downscaled data

Dynamically downscaled data for the reference scenario period of
1981-2005 (HIST) and four future horizons of 2021-2039, 2040-2059,
2060-2079, and 2080-2099 were extracted from the Coordinated
Regional Climate Downscaling Experiment (CORDEX) database. Even
though this platform contains different regional climate model simula-
tions for the Middle East and North Africa (MENA) domain, the outputs
from only five GCMs, namely CNRM-CM5, GFDL-ESM2M, EC-EARTH,
HadGEMZ2-ES, and MPI-ESM-MR, are available under both RCP4.5 and
RCP8.5 (Table 1). The regional climate models mentioned in Table 1
were driven by boundary conditions from these five GCMs as part of the
Coupled Model Intercomparison Project Phase 5 (CMIP5). Following the
weighting of multiple representative grids for each GCM, the quantile
delta mapping (QDM) algorithm was applied in order to correct sys-
tematic biases in the outputs. This method was also found superior to
standard quantile mapping in terms of preserving relative changes in
quantiles (Tong et al., 2021).

In the study, the mean value anomalies for each future period,
relative to the HIST, are given in Fig. 2. In various parts of the text, the
notation 'GCM-CRX ' is used to denote dynamically downscaled data for a
given GCM within the CORDEX-MENA framework, while 'GCM-SD' re-
fers to the statistically downscaled counterparts. Under RCP4.5, pro-
jected precipitation changes for the Tahtali watershed appear to remain
statistically insignificant almost until the end of the century. As for
annual precipitation time series, no persistent long-term trend is evident
during 1981-2005 or under RCP4.5 (Fig. S1). According to findings
under RCP8.5, only the GFDL-CRX and EARTH-CRX variants tend to
display significant decreases in precipitation during certain periods,
whereas the trend signals remain inconsistent across the GCMs (Fig. 2a).
Moreover, all CORDEX models showed an unequivocal signal in terms of
temperature projections, with ensemble-mean temperatures rising
steadily across both RCP scenarios (Fig. S1). Under RCP4.5, temperature
anomalies ranged from 1.0 to 3.0 °C across the GCMs during 2040-2099.
As for RCP8.5, the warming intensified, with anomalies reaching be-
tween 3.2 and 6.0 °C during 2080-2099 (Fig. 2b). Also, HadGEM-CRX
stands out with a remarkable warming trend (Fig. S1), which is consis-
tent with earlier findings obtained for the MENA domain (Ozturk et al.,
2018).

2.2.2. Statistically downscaled data

Statistical downscaling was performed using radial basis function
networks (RBFNs) that establish empirical transfer functions between
ERAS reanalysis data, provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF), and local surface observations.
Then, these large-scale climate predictors were re-gridded to closely
match the spatial resolution of the CMIP5 models, and the re-gridded

Overview of the modeling chain consisting of five GCMs, two downscaling methods (DMs), and seven hydrological models (HMs), all operated under RCP4.5 and
RCP8.5 scenarios. CMIP5 models are expressed in latitude x longitude format, while CORDEX regional simulations are provided at a uniform 0.44° rotated grid
spacing. Regional climate models specified in the CORDEX framework are given in parentheses (i.e., RCA4 and RegCM4.4). For detailed descriptions of the HMs used,
governing equations, and calibration procedures, which are identical to those used in this study, see Ersoy et al. (2025b).

RCPs GCMs DMs HMs
GCM Name Institution/Origin Resolution

RCP4.5RCP8.5 CNRM-CM5 (RCA4) SMHI-Sweden 0.44° (~50 km) Dynamical downscaling* abcde
GFDL-ESM2M (RCA4) SMHI-Sweden 0.44° (~50 km) Awbm
EC-EARTH (RCA4) SMHI-Sweden 0.44° (~50 km) Dynwbm
HadGEM2-ES (RegCM4.4) iklimBU-Tiirkiye 0.44° (~50 km) Gr2m
MPI-ESM-MR (RegCM4.4) iklimBU-Tiirkiye 0.44° (~50 km) Guo
CNRM-CM5 Centre National de Recherches Météorologiques — France 1.4° x 1.4° Statistical downscaling** TemezTwbm
GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory — USA 2.0° x 2.5°
EC-EARTH Irish Centre for High-End Computing — Ireland 1.125° x 1.125°
HadGEM2-ES Met Office Hadley Centre — United Kingdom 1.25° x 1.875°
MPI-ESM-MR Max Planck Institute — Germany 1.875° x 1.875°

* Dynamically downscaled datasets were obtained from the CORDEX-MENA framework (referred to as CRX throughout the text).
" Statistically downscaled (SD) climate series were derived via radial basis function networks as transfer functions.
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Fig. 2. Projected changes in annual mean precipitation (a) and temperature (b) over the Tahtali watershed under RCP4.5 and RCP8.5 for four future horizons. Each
bubble represents a GCM-DM combination, with bubble size indicating the absolute value of the projected anomaly, and bubble color denoting the magnitude and

direction of these changes.

areal data corresponding to each GCM underwent a predictor selection
procedure based upon the least absolute shrinkage and selection oper-
ator method (Ersoy et al., 2025a). Once the explanatory predictors were
identified, they were employed in the training and validation of RBFNs.
The way in which the data is standardized before training, as well as the
general flowchart followed, are mostly similar to Okkan and Inan
(2015). Consequently, the Nash-Sutcliffe efficiency (NSE) values exceed
0.75 in both stages, indicating that the transfer functions are robust
enough to statistically downscale GCM outputs to catchment-scale
variables.

The QDM approach was also used to correct biases in statistically
downscaled data, and mostly marginal discrepancies (<+10%) were
observed between the precipitation anomalies derived from statistical
downscaling and those from the CORDEX models (Fig. 2a). In addition,
as can be inferred from Fig. S2, RBFN-based annual precipitation time
series exhibit similar precipitation variability to their CORDEX-based
counterparts because both variants are driven by the same GCM forc-
ings. Besides, temperature projections from the statistical approach also
reflected the general warming trend, consistent with the CORDEX var-
iants, with both downscaling approaches showing similar warming
trajectories (Fig. S1 and S2). Yet, under RCP8.5, GFDL-SD and HadGEM-
SD produced about 1.0 °C lower anomalies than their CORDEX coun-
terparts during the period 2080-2099 (Fig. 2b). This may be attributed
to the fact that some regional climate models may amplify the raw sig-
nals due to their parameterization schemes (Thomas et al., 2021).

2.3. Multi-model ensemble hydrological projections

The ensemble of hydrological projections employed in this study is
derived from seven lumped HMs, which were previously calibrated and
validated for the same watershed (see Ersoy et al., 2025b). These models
are the abcde model, the Australian water balance model (Awbm), the
dynamic water balance model (Dynwbm), Gr2m, the Guo model, the
Témez model, and the Thornthwaite water balance model (Twbm), each
featuring different runoff generation mechanisms despite sharing
similar conceptual frameworks. In this study, both HMs and reservoir
operation models need not only monthly total precipitation but also
potential evaporation (in mm), estimated from the Kharrufa equation
(Kharrufa, 1985), which was calibrated for the study region based on
monthly mean temperature. The consistently high NSE scores (i.e., NSE
values exceeding 0.80) obtained during the calibration and validation
periods indicate that the rainfall-runoff relationship in the watershed
can be adequately captured by these HMs (Fig. S3). Nevertheless, the
Dynwbm, Gr2m, and Guo models produced rather weaker results in

terms of low-flow simulation quality, as evidenced by the insufficient
values of LNSE based on NSE calculations from log-transformed flows. In
contrast, Twbm stood out slightly in that it was able to better represent
the overall hydrograph without compromising the simulation of low-
flow conditions.

While all these employed HMs have a certain simulation ability
under past conditions, they may respond more sensitively to the pro-
jected climate signals. This sensitivity is probably due to their structural
limitations or internal assumptions and can lead to inflated projection
uncertainty. In this context, weighting HMs for the studied region was
adopted by Ersoy et al. (2025a) as a way to reduce uncertainty in hy-
drological projections. In the unweighted case, a total of 140 runoff
projections, generated by coupling seven HMs with five GCMs and two
DMs under RCP4.5 and RCP8.5 scenarios, were evaluated. In the
weighted ensemble, a subset of 20 projections was compiled using two
different weighting schemes: one based solely on historical simulation
performance, following the BMA approach, and the other using the
Uncertainty Optimizing Multi-Model Ensemble (UO-MME), which ad-
dresses the trade-off between simulation accuracy (i.e., measured by
NSE) and projection uncertainty (Fig. S4).

Using simulated runoff data (i.e., calibration data) from seven HMs,
the constrained weighting approach BMA, where the sum of assigned
weights is equal to one, was evaluated considering Darbandsari and
Coulibaly (2019). The resulting weights were then applied to both the
validation data and future runoff projections (see Table S1a). Accord-
ingly, the BMA method predicted a higher weight for Twbm, which
performed more consistently in terms of NSE-LNSE balance, while the
weights of the remaining HMs showed only moderate correlation with
their individual performance. It was also seen that BMA tended to
penalize models with slightly lower NSE scores and, in some cases,
assigned relatively high weights to HMs with poor LNSE performance (e.
g., Gr2m), suggesting that the approach could only partially reflect
multi-metric performance. Darbandsari and Coulibaly (2019) drew
similar conclusions for BMA, albeit with other metrics. In terms of
predictive performance, the BMA-based ensemble gave the highest NSE
for the calibration data by a small margin. Interestingly, it ranked
behind all individual HMs in the same metric for the validation data,
while LNSE scores indicated that it retained low-flow simulation
capability.

The impact of different factors on projection uncertainty (i.e., pro-
jected runoff changes in annual means relative to the baseline scenario
HIST) was quantified by means of the analysis of variance (ANOVA)
framework. For detailed description of multi-factor ANOVA, readers are
referred to Vetter et al. (2015) and Chawla and Mujumdar (2018). It
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should be noted that the interaction terms in the employed version of
ANOVA may have implicitly embedded the effect of internal variability.
However, as Lemaitre-Basset et al. (2022) pointed out, the contribution
of natural climatic variability to total uncertainty is likely to become less
influential when projected anomalies are computed over long time sli-
ces. A four-way ANOVA decomposed the contribution of the full set of
sources and their interactions to the overall projection uncertainty (see
Fig. S5). This analysis showed that the uncertainty contribution caused
by the HM selection was relatively small (<1%), likely due to similar
NSE scores of HMs. Yet, the overwhelming variance from multiple
GCM:s, despite bias correction, is increasingly propagated through HMs
that have inherent structural uncertainties as well. Therefore, the po-
tential to alleviate this inflated projection variance by means of
weighted HMs, as stated previously, was discussed. A three-way ANOVA
was applied to the weighted data so as to examine the extent to which
weighting lumped HMs could narrow the uncertainty associated with
GCMs used, their interactions with emission scenarios (GCM*ES), and
the total projection uncertainty. Changes in the decomposed uncertainty
variances of the weighted projections, compared to those obtained from
the four-way ANOVA, are given in Table S1b. It is clear from this table
that BMA has only a marginal impact on reduction in projection variance
across future time horizons. As can be inferred from Pastén-Zapata et al.
(2022), when HMs exhibit similar simulation skill, weighting schemes
that rely on historical performance may be less effectual in reducing
projection uncertainty. Hence, the limited capability of BMA for the
Tahtali watershed may not be surprising, given that the NSE perfor-
mances of the individual HMs were observed to be relatively close.
The fact that statically determined weights that generate balanced
simulations for calibration and validation data do not guarantee a
reduction in runoff projection uncertainty has motivated the usage of
the UO-MME approach, which estimates the weights of HMs under a bi-
objective structure (Ersoy et al., 2025a). Considering that assigning

Dynamically downscaled

Journal of Hydrology 670 (2026) 135228

negative weights to HMs may enable offsetting adjustments between
them (Castaneda-Gonzalez et al., 2023), UO-MME was also formulated
in an unconstrained form that allows negative weights and includes a
constant term for bias correction. The UO-MME framework driven by
the non-dominated sorted genetic algorithm II (NSGA-II, Deb et al.,
2002) produced Pareto frontiers in Fig. S4. This revealed that the trade-
off between NSE-based simulation accuracy and long-term mean total
projection uncertainty (mTUV) during 2021-2099 is clearly evident.
Within the identified trade-off space, certain solutions offered a signif-
icant reduction in mTUV in exchange for tolerating up to a 5% decrease
in NSE value compared to that of the best-performing model, Twbm.
Especially, one candidate solution (Table S1a) was observed to provide a
satisfactory NSE-LNSE balance. As shown in Table S1b, the total un-
certainty was reduced by about 31-35% through that decision point of
UO-MME. Besides, this framework brought about marked uncertainty
reductions in the GCM and GCM*ES components, which together
accounted for nearly two-thirds of the total uncertainty, in contrast to
the minor changes introduced by the BMA approach.

Based on the weighted combinations derived from the UO-MME, the
projected changes in annual mean runoff relative to the HIST baseline
are presented in Fig. 3. As is immediately apparent from the patterns in
this figure, the disparities in the runoff changes are mostly attributable
to higher uncertainty in the GCMs. For instance, while GFDL-ESM2M,
which shows small sensitivity to choice of DM, stands out with a stark
decrease in runoff, with an average of 21-25% across existing periods
and ESs. In contrast, other variants such as CNRM-CM5 and MPI-ESM-
MR produced even anomalies nearly one-fifth or one-sixth of those
values. As for the ESs, of which interacting with GCMs contributed
significantly to overall uncertainty, early- and mid-term runoff changes
vary considerably. However, the RCP4.5 scenario during the 2080-2099
period has relatively consistent declines, with an average decrease of
10% across DMs. Under RCP8.5, the runoff declines are more
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Fig. 3. Projected changes in annual mean runoff generated through the UO-MME weighting scheme, presented for each GCM-DM combination under the two RCP
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Fig. 4. Conceptual representation of the two-dimensional HDG-2d model used
for adaptive reservoir operation, re-adapted from Celeste and Billib (2009).

pronounced across GCMs, reaching up to nearly 30% on average by the
end of the century.

Fig. 3 also suggests that if a single GCM were to be relied upon, the
impact of DM choice on hydrological projections would be relatively
important. For example, CNRM-CM5 exhibited the largest differences
between DMs, averaging 9%, with its CRX variant consistently produc-
ing lower runoff anomalies across almost all future periods. Unlike that
case, CRX indicated an opposite direction change for HadGEM2-ES
under RCP4.5 and led to a markedly wetter tendency since its related
anomalies exceeded those of SD by +24% in 2021-2039 and by +19% in
2040-2059. But notwithstanding, given that diversity from multiple
GCMs exerted a dominant effect on runoff projection spread, UO-MME'’s
strength in narrowing total projection uncertainty lies in its ability to
manage the climate change signals from GCMs, whose variance is
further propagated together with other sources of uncertainty (Ersoy
et al., 2025a).

3. Climate change-informed reservoir operation
3.1. Adaptive hedging rule

In the study, the projected runoff data obtained from both the un-
weighted and weighted ensembles were converted into inflows and
subsequently used as inputs to two reservoir operation models: one
based on SOP, which does not retain water for future use, and the other a
hedging policy that employs a two-dimensional correlation rule between
the release and the reservoir storage value for any month index t (Fig. 4).
The hedging model, termed HDG-2d, restricts reservoir releases through
a parameterized rule curve. This design helps mitigate probable water
shortages in the future, as opposed to SOP, which may lead to severe
short-term shortages during drought conditions (Celeste and Billib,
2009).

When implementing HDG-2d, the main objective of reservoir oper-
ation is to determine releases that best satisfy the corresponding de-
mands. Accordingly, minimizing the sum of squared deficits is typically
adopted as the objective function:

s (D() —RLS(H) \?
mmlmlze; (T) ; tel, (@D)]
The constraints are as follows:
V(t+1) = V(t) + Qinflow (t) — RLS(t) — Enee(t); Vt 2)
Vdead S V(t+ 1) S Vmax§Vt (3)

where L is the length of the operating period (in months); D(t) and RLS(t)
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denote the demand and release in month ¢, respectively; V(t) and V(t +1)
represent the reservoir storage volumes at the beginning and the end of
month ; Qinfiow (t) and Eye(t) are the inflow and net evaporation volume
during month t, respectively; Vgeqq and Viax correspond to the reservoir
dead volume and maximum storage volume, respectively.

In the continuity equation (Eq. (2), RLS(t) is governed by the hedging
rule parameters, while En.(t) representing evaporation loss associated
with the reservoir’s average surface area is determined iteratively using
the reservoir area-storage curve. All variables in this equation are
typically expressed in Mm®. The operating rule applies hedging within
the limits defined by hedge(z), based upon the combined value of active
storage and inflow during month ¢, as shown in Eq. (4):

0, if V(t+1) < Vieaq
m(t)
RLS(t)={ D(t) x (%(3(7)) : if H(t) < hedge(r) )
D(t), if H(t) > hedge(7) or V(t+1) > Vipge

where the combined indicator H(t) = /[V(t) — Viad — Ere(t)

+Qmﬂow(t)2 ; m(7) is the parameter that controls the nonlinearity of the
hedging function.

In accordance with Celeste and Billib (2009), the HDG-2d model
parameters hedge(r) and m(z) are defined for each month (r=1,2, -,
12), resulting in a total of 24 parameters to be calibrated. The parameter
m(r) is constrained to lie within the closed interval [0, 1], while hedge(r)
must be positive and less than or equal to the active storage capacity.
According to Eq. (4), the reservoir cannot meet even a certain part of the
downstream water demand (i.e., RLS(t) is set to zero), when the end-of-
month storage falls below the dead storage level. Additionally, demand
is fully met without any restrictions on water allocation when H(t) ex-
ceeds the calibrated threshold parameter hedge(r) or when the reservoir
reaches its maximum capacity, which results in excess water being
spilled (Bayesteh and Azari, 2021).

The optimization of the HDG-2d model is initiated by the calculation
of the objective function value by means of a predefined set of hedging
rule parameters. These parameters are then iteratively updated to
minimize this objective function. Given both the nonlinear and multi-
parameter nature of reservoir operation models, the use of evolu-
tionary algorithms (e.g., frequently genetic algorithms) has become a
standard practice in the literature (Labadie, 2004; Moghaddasi et al.,
2022). Therefore, this study employs a population-based differential
evolution (DE) algorithm, which is equipped with a modified mutation
scheme. The details about this DE variant were provided by Okkan et al.
(2023), and the algorithm settings in that study were adopted without
any modification. In total, 180 inflow projections were evaluated while
optimizing the HDG-2d model: 140 from the unweighted ensemble and
20 each from the BMA- and UO-MME-based weighted ensembles.
Despite operating with a large number of projections, executing the DE
algorithm with a population size of 50 and a maximum of 300 iterations
was found sufficient due to its fast-converging and robust nature. The
RPMs used to interpret the effects of establishing adaptive hedging rules
on reservoir performance under multiple projection variants are intro-
duced in the next section.

3.2. Reservoir operation performance criteria

Using reservoir releases and storage volumes projected under various
conditions, the long-term performance of the Tahtali Reservoir was
evaluated based on three key RPMs: vulnerability, volumetric reliability,
and time-based reliability.

The vulnerability index (VUL), which quantifies the expected value
of deficits, can be formulated as follows (Sandoval-Solis et al., 2011):

VoL — SralD(©) — RLS(0))/Ne)

D mean

()
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Fig. 5. Comparison of reservoir operation behavior under the SOP and HDG-2d models for an example variant. The results are based on the CNRM-CRX config-
uration under the RCP8.5 emission scenario, with projected inflows derived using the Twbm hydrological model. The upper panels illustrate monthly release and
demand volumes over the 2021-2099 horizon, while reservoir storage volumes are shown in the lower panels. Calibrated monthly HDG-2d parameters are also listed

at the bottom of the figure.

where N is the number of months in which RLS(t) < D(t).

This dimensionless index can be defined as the ratio of the mean
deficit for the months in which the water demand is not fully met to the
mean demand over the same months (Dean)-

In addition, the volumetric reliability index (RV) represents the
portion of the total water demand that is supplied over the entire
operation period and can be defined as follows:

RV = iRLS(t)/ > D)

t=1

©

Assuming that the total number of months in which the end-of-
month storage volume is less than or equal to Vgeqq (i.e., the case of no
water release) represents the critical failure duration (Fp), time-based
reliability index (RT) can be expressed as (Okkan et al., 2023):
RT:l—I%;anL @

Moreover, there have also been efforts to convert the above-
mentioned indices into a single metric termed the sustainability index
(SD), but the relative contributions for each component might be elusive
when calculating such a metric. To deal with this limitation, Sandoval-
Solis et al. (2011) recommended using the geometric mean of the indi-
vidual performance indices, which can be formulated as:

SI = {/(1 - VUL) x RV x RT ®)

The next section shows how the combined use of multiple hydro-
logical model weighting schemes and adaptive hedging policies influ-
enced the projected uncertainty in system reliability, vulnerability, and
sustainability.

4. Results and discussion

4.1. Reservoir performance implications under full-chain ensemble
projections

This section presents the evaluation of the reservoir operation
models under a set of 140 inflow projections. Before detailing the
following analyses, it should be noted that a uniform monthly water
demand of 10.67 Mm® (i.e., 128 Mmg/year) from Tahtali Reservoir in
line with the related planning situation provides a more operationally
viable option for this study. The reservoir simulation—-optimization
process was conducted based on these values, since using higher de-
mands (or a gradually increasing trend) led to unrealistic regulation
ratios (not shown). While the SOP does not require an iterative pro-
cedure except for the estimation of net evaporation loss, the HDG-2d-
based simulation-optimization framework was executed 10 times per
variant using DE algorithm to identify the optimal parameter sets that
minimize the objective function, and the stopping condition in each was
set to 300 iterations. Fig. 5 exemplifies the behavioral differences be-
tween the SOP and HDG-2d models, based on Twbm-generated inflows
derived from the CNRM-CRX outputs under the RCP8.5 scenario.
Accordingly, while the SOP fully meets demand up to a certain period,
the frequency of single periods of severe shortages increases as the in-
tensity of hydrological drought becomes more pronounced after the
2050s.

In contrast, the HDG-2d model was characterized by a higher
hedging threshold and a lower rule curve shape parameter for wetter
months (i.e., December to March), while it still allows for allocating
partial amounts even during dry periods. These calibrated parameters
gradually restrict releases in the earlier phase of the 2021-2099 pro-
jection horizon in a controlled manner, leading to a slight reduction in
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volumetric reliability. This parametrization is consistent with a system
behavior that prepares the reservoir for potential drought conditions,
and it has kept the VUL value at nearly one-fourth of that obtained under
the SOP. However, as reported by Bayesteh and Azari (2021), the
hedging process may predominantly shift toward the dry periods, being
sensitive to hydroclimatic effects. In our study, it was observed that
some variants exhibiting limited and uncertain inflow conditions during
some winter months in the future horizon led to a similar delayed
hedging behavior. Therefore, not only the SOP but also the HDG-2d
model could give varying degrees of uncertainty responses to different
sources.

Although Fig. 5 involves a detailed time-series assessment for a single
variant, plotting the rest of the projections would be redundant. We
therefore present a compact yet informative visualization of the vari-
ability in projected RPMs across each uncertainty source using box plots
(i.e., box-and-whisker plots). Given each uncertainty source, box plots
were made based on the combination of the remaining components. For
example, as shown in Fig. 6, each HM-specific box plot represents the
distribution of VUL values obtained from 5 GCMs x 2 ESs x 2 DMs (i.e.,
20 projections), while GCM-specific plots were generated with 28 pro-
jections according to the modeling chain structure. Box plots for RV, RT,
and SI were also produced and are given in Figs. S7, S8, and S9,
respectively. It is seen from Fig. 6 that HDG-2d significantly curbs the
severe vulnerabilities introduced by the SOP, regardless of the source of
uncertainty (with an overall mean reduction of 83%). This improvement
is generally consistent with the findings reported by Moghaddasi et al.
(2022) and Adeloye et al. (2016), who also demonstrated substantial
VUL decreases through other hedging rules. Given that the tolerable
threshold value for VUL is 0.25, as noted by Adeloye and Dau (2019), the
use of SOP resulted in only few variants being below this threshold,
while 86% of HDG-2d-based combinations did so. Another finding is
that the influence of HM selection on VUL values is rather apparent
under SOP, with notable median shifts observed across HM variants
(Fig. 6a). This is fortified by the four-way ANOVA (Fig. 7a), which in-
dicates that variations among HMs account for 36% of the total variance
in projected VUL values. What is more interesting is that when projec-
ting system vulnerability with SOP, the second- or third-order nonlinear
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interactions of HMs with other sources contribute even more to the total
variance. In contrast, HDG-2d adequately dampened the HM-induced
variances for VUL and hence the related total uncertainty when
compared to SOP (see Fig. 7b). These results suggest that the degree to
which different sources contribute to VUL uncertainty depends on the
reservoir operation model used. Several underlying factors may be
responsible for these differences:

Although the projected streamflow changes in annual means ac-
cording to the HIST scenario imply that the HM-driven uncertainty is
marginal (Fig. S5), the HMs used differ in their representation of key
hydrological processes. Therefore, the flows generated through such
monthly HMs under alternative climates can exhibit disparities in both
quantity and interannual variability, as pointed out by Panagoulia and
Dimou (1997). Notably, LNSE results show that some HMs have a
limited capacity to represent low-flow conditions (Fig. S3), while the
corresponding baseflow index values and even low-flow durations
across models were not compatible with each other (not shown). A
reservoir operation model like SOP cannot ensure an adaptive response
to these differences, instead routing the projected inflows directly to the
target demand. This often leads to a lack of release sustainability,
thereby resulting in higher and also more uncertain VUL levels.
Considering that the uncertainty of HMs plays a more dominant role in
the low-flow projections than in annual means (see Wang et al., 2020),
SOP can be incapable of regulating HM-based low-flow variability,
which in turn amplifies overall uncertainty. On the other hand, the HDG-
2d model can preemptively govern the releases through its parametric
rules even during low-flow periods. This is made possible by its buffer
mechanism that prevents the HM-induced inflow disparities from
directly reflecting on the projected VUL uncertainty. It should be also
noted that we used a fixed demand assumption as in Celeste and Billib
(2009), rather than incorporating time-varying demand as done in other
studies (e.g., Zamani et al., 2017), which may lead reservoir operation
models to show greater uncertainty responses.

Even though HDG-2d reduced total uncertainty in VUL by 65% by
narrowing the substantially greater variances associated with HMs and
their interactions, GCMs and RCPs together contributed 62% of the
uncertainty for this key index, indicating that it remains responsive to
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Fig. 6. Vulnerability projections under the SOP and HDG-2d reservoir operation models, stratified by four key sources of uncertainty. Each panel shows the dis-
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uncertain climate signals embedded in the ensemble projections
(Fig. 7b; Fig. S6). Throughout the broad modeling chain, since the HDG-
2d framework prioritizes mitigating the impact of flow deficits on unmet
demand depending on HM selection, the dominance of GCM and ES in
VUL variance is likely to become more evident when the hedging model
attempts to reflect the changing climate signal in operational decisions.
This reverse pattern compared to SOP highlights that relatively distinct
climate forcings can make both the hedging responses and VUL pro-
jections more scattered. It can be inferred from Fig. 6b that the opti-
mization of HDG-2d displays increased sensitivity to GCMs with strong
drying signals, such as GFDL, which may have heightened the share of
GCM uncertainty in the VUL projections. According to Fig. 7b, the GCM-
induced variance in VUL under HDG-2d was nearly twice that decom-
posed for SOP, with the corresponding variance fraction increasing from
4% to 20%.

However, it cannot be claimed that the downscaling of GCM simu-
lations is always directly responsible for the above-mentioned findings.
Also, it has been emphasized that bias correction procedures applied to
downscaled data can have implications for reservoir performance
characteristics, and the difficulty of verifying their stationarity
assumption may introduce further uncertainty into storage projections
(Nguyen et al., 2020). In this respect, the use of QDM, a stationary bias
correction algorithm, together with GCMs having strong climate signals
may have caused a parameterization-simulation-optimization model
such as HDG-2d to produce somewhat more dispersed VUL distributions.
Of course, the fact that both statistically downscaled data and CORDEX
simulations were subjected to the same QDM procedure made the DM
uncertainty marginal for all performance indices (Fig. 6¢, Figs. S7-S9).
Nevertheless, the propagation of the biases remaining in the hindcast
ensembles into future data may have been perceived differently by
reservoir operation models and may have led to varied variance
implications.

It is also worth noting that HDG-2d recalibrates its hedging behavior
for each RCP scenario, and the model parameters are observed to be
shaped more strongly by emission scenario pathways rather than inter-
GCM variability. In this regard, Fig. 6d provides a preliminary under-
standing of the relative importance of scenario uncertainty. Under
RCP8.5, which is characterized by a pronounced radiative forcing trend,
HDG-2d model tends to apply stricter release restrictions, which can
widen the interquartile range of ensembles and distinctly emerge the ES-

10

induced uncertainty for system vulnerability (see Fig. 7b). Given that
RCP selection has become temporally more influential on projected
changes in temperature and evaporation rather than those of annual
mean runoff (Ersoy et al., 2025a), the greater RCP uncertainty under
HDG-2d essentially revealed that the calibrated model indeed responds
to these diverging climate signals. Therefore, the combined evaluation
of high VUL values with the lower scenario uncertainties under SOP,
which cannot suppress HM-based volatility under low-flow conditions
and is insensitive to emission-driven shifts due to its simple heuristic
structure, cannot be interpreted as a sign of robustness.

Since VUL offers a direct indication of reservoir stress under climate
change impacts, it was placed at the center of the uncertainty analysis, as
shown above. However, the reliability metrics (RV and RT) also
exhibited notable patterns depending on the uncertainty sources and
were therefore briefly discussed herein. The HDG-2d model deliberately
allows for a slight compromise in RV to temper vulnerabilities, as re-
flected in the reduction of the overall mean from 0.91 to 0.875 (Fig. S7).
As a result of this trade-off, the total uncertainty in projected RV was
observed to be 35% higher compared to SOP across the full-chain
ensemble. Besides, two-thirds of this uncertainty already arises from
variability in climate drivers (Fig. 7a, b), and it cannot be fully moder-
ated by any operational strategy. As for projected RT, which reflects the
frequency of maintaining storage above the dead storage level, an
obvious distinction between SOP and HDG-2d was seen (Fig. S8). For the
set of 140 combinations, HDG-2d achieved near-perfect time-based
reliability (0.995 on average, range [0.96 to 1.00]), while SOP gave
relatively lower performance and wider variability (0.885 on average,
range [0.61 to 1.00]). As can be inferred from Fig. 7b, HDG-2d resulted
in a negligible uncertainty response for RT, regardless of any source in
the modeling chain. This is expectable as the model limits releases for
stress periods and helps prevent storage depletion. Besides, when
examining the contribution of adaptive policies to system sustainability
under climate change, trade-offs among the criteria are available.
Therefore, similar analyses were conducted for SI, which synthesizes the
three measures into a single factor (see Fig. S9 and Fig. 7). Accordingly,
the HDG-2d narrowed the large HM-driven uncertainty in SI projected
under SOP by nearly 90%, and it did so by almost the same proportion
for VUL (Fig. 7b). In fact, variance reductions were detected across all
uncertainty sources and their interaction terms for SI, which can also be
attributed to the enhanced RT performance under HDG-2d.
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Furthermore, the HDG-2d ensured SI values steadily above 0.70 across
all combinations and yielded an overall mean of 0.894, which was 0.34
greater than that of SOP (Fig. S9). All these findings confirm the
robustness of HDG-2d in managing uncertainty in reservoir operation
projections and lay the groundwork for further exploration of its per-
formance together with the weighted lumped HMs in the next section.

4.2. Behavioral responses of reservoir performance to weighted ensembles

To explore how weighted HMs affect the Tahtali Reservoir behavior
under climate change, we adopted two different weighting schemes:
BMA and UO-MME. As mentioned in Section 2.3, BMA assigned weights
to HMs based on historical simulation skill only, while UO-MME also
considered the reduction of uncertainty in the ensemble of hydrological
projections to make forward-looking robustness. While the impact of
UO-MME to narrow runoff projection uncertainty relative to other
multi-model averaging methods was discussed in the companion study
(Ersoy et al., 2025a), this presented study intends to explore its opera-
tional implications when combined with a reservoir hedging rule.
Accordingly, Fig. 8 compares a subset of 20 projected RPMs derived
from two unequally weighted hydrological model ensembles with the
full-chain ensemble comprising 140 projected values, separately under
SOP and HDG-2d. For each variant, the difference between the mean
performance measure obtained from the weighted ensemble and that of
the full-chain ensemble is also annotated on Fig. 8.

It is also clear from Fig. 8 that RPMs did not respond positively to
BMA method, even though it provided a skill-informed weighting for
runoff simulation. In contrast, under SOP, UO-MME presents a clear
advantage, especially in terms of projected VUL and SI, with median
values for both measures shifting by 0.09, relative to the BMA-based
results. As for the results under HDG-2d, performance gains of UO-
MME, although less pronounced, were nonetheless found to be statisti-
cally significant by Wilcoxon signed-rank test. Since HDG-2d, by design,
provides adaptive releases and makes the reservoir system less suscep-
tible to projected inflow variability, the slightly limited impact of UO-
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MME on this setting would not be unsurprising. Nevertheless, the
combined use of UO-MME and HDG-2d achieved an average increase of
0.03 in SI, along with a tighter interquartile range, pointing to slightly
more stable sustainability outcomes (Fig. 8d).

All the findings above suggest that the improvements for long-term
RPMs provided by UO-MME compared to the unweighted case are
indicative of a good agreement between the reduced inflow uncertainty
and reservoir responsiveness. This raises the question of whether HDG-
2d or a weighting scheme contributes more to reducing uncertainty in
RPMs. As shown in Fig. 7, the total uncertainty variance (TUV) provided
by the SOP operated with full-chain data for the VUL measure was
0.0182, while the TUV provided by the HDG-2d under the same con-
ditions decreased to 0.0064, corresponding to a 65% narrowing. When
HDG-2d is coupled with UO-MME, the TUV further decreases to 0.0049,
and this combination results in a 73% and 23% reduction in TUV rela-
tive to those of SOP and HDG-2d, respectively, both of which are
operated with unweighted full-chain inflows. Hence, the incremental
contribution of UO-MME beyond the dominant reduction already ach-
ieved by HDG-2d is about 8% for VUL. A similar pattern is observed for
SI, where the additional reduction attributable to UO-MME is 12%.
Therefore, moving from panel (a) to (d) in Fig. 7, it can be deduced that
HDG-2d serves as the main driver of total uncertainty reduction, while
UO-MME acts as a secondary but supportive factor that enhances this
effect. To facilitate the readability of Fig. 7b to 7d, the relative changes
in decomposed variances, resulting from applying HDG-2d with
weighted ensembles, compared to their full-chain ensemble counter-
parts under the same hedging model, are also summarized in Table 2.
Accordingly, filtering out the HMs based only on runoff observations by
BMA contributed to balancing uncertainties in reservoir behavior,
especially when used in conjunction with an adaptive hedging rule. This
combination led to reductions in total uncertainty of up to 16% for all
RPMs except for RT, which showed much greater sensitivity. Table 2
also affirms that the further narrowing of GCM- and ES-related un-
certainties in the projected runoff data, which is effectively achieved by
UO-MME-based weighting scheme, could be even better aligned with
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Fig. 8. Performance comparison of reservoir operation models under different ensemble configurations for the RPMs considered. Paired differences in the mean
values of each performance metric between weighted and full-chain ensembles are given in parentheses; those marked with the symbol * are statistically significant at

the 90% confidence level based on the Wilcoxon signed-rank test.
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Table 2

Relative changes in the decomposed variances of major uncertainty sources for
the projected RPMs under different weighted ensembles. Columns Agcm, Ags,
and Aryy indicate the percentage change in GCM uncertainty, ES uncertainty,
and total uncertainty variance, respectively. All these changes were computed
relative to the full-chain ensemble baseline, which was also operated with the
HDG-2d model.

RPMs Weighting schemes Acem Ags Aty
VUL BMA 0.4% 14.7% —13.6%
UO-MME 26.8% —-21.2% -23.1%
RV BMA 6.5% 2.0% —14.2%
UO-MME —14.4% —25.4% —36.4%
RT BMA —66.6% —39.5% —75.2%
UO-MME —95.6% —94.3% —96.4%
SI BMA 2.7% 7.0% —16.5%
UO-MME —7.9% —29.0% —36.1%

the inherent capacity of HDG-2d to dampen projected inflow variability.
From the standpoint of the overall spread under this compound effect,
variances in projected VUL, RV, RT, and SI were reduced by 23.1%,
36.4%, 96.4%, and 36.1%, respectively. Compared to BMA, the UO-
MME scheme resulted in an additional reduction in overall uncer-
tainty of roughly 20% for measures other than VUL, while the gain for
VUL remained at about 10%. These findings partly align with Liu et al.
(2019), who handled inflow uncertainty within a historical-data-driven
Bayesian deep-learning framework, though we addressed projected
inflow uncertainty more straightforwardly via multi-HM weighting.

Another finding is that although the overall variance in projected
VUL decreased under UO-MME-based weighted ensembles, this was
accompanied by a relative increase in the contribution of GCM-related
uncertainty (Table 2). As previously specified, uncertainty stemming
from HM selection strongly affects low-flow extremes and, conse-
quently, VUL outcomes. Since HM-induced variances were already
suppressed through the UO-MME approach, the residual variance
contribution was redistributed to other sources, i.e., mostly GCMs and
ESs (Fig. 7d). Moreover, several studies have emphasized that relying
solely on the severity of failure may lead to misleading quantification of
VUL (e.g., Mateus and Tullos, 2017). Hence, it is not unexpected that
efforts to reduce upstream modeling uncertainty have a relatively
limited contribution to managing the projected uncertainty associated
with the VUL, which in this study reflects the likely magnitude of
operation deficits. In this regard, the influence of UO-MME on alterna-
tive vulnerability indices, particularly those that account for the sys-
tem’s capacity to respond to varying hydrological conditions, should
also be explicitly discussed. Still, all findings derived from this study do
not necessarily imply that weighted streamflow projections always bring
about reduced uncertainty in projected RPMs, irrespective of reservoir
operation policy employed. Such limitations were particularly detected
under SOP, where the same weighting schemes failed to provide sig-
nificant reduction in projection uncertainty despite some performance
gains.

4.3. Temporal evolution of optimized reservoir releases across different
sources

As in Fig. 8, Fig. S10 presents comparative boxplots of projected
release anomalies, this time based solely on the projections under HDG-
2d. The figure displays the relative changes in annual mean releases with
respect to the historical baseline (HIST) counterparts across four future
time windows for three ensemble configurations, including full-chain,
BMA, and UO-MME. According to Fig. S10, all ensemble variations
suggest no substantial release anomaly during the period of 2021-2039,
while their median lines in the following periods show a gradual
downward trend. From 2060 onward, the severity of decreases in release
anomalies intensifies across all variants, accompanied by an evident
widening of the interquartile ranges, which indicate a growing
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projection uncertainty over time windows. Moreover, the BMA-based
ensemble mirrors its limited impact observed for RPMs on release
anomalies as well. That is, it does not exhibit a marked tendency to
change these anomalies compared to those in full-chain projections.
More notably, UO-MME-based ensembles consistently yielded higher
medians (i.e., greater than —10%) and, most visibly, mitigated the
anomaly decrease by nearly 5% relative to the full-chain case during
2080-2099. Just as the integration of UO-MME with two-dimensional
hedging model made the projected RPMs more narrowly spread, its
benefit was likewise obvious in the temporal patterns of projected
release anomalies, which exhibited more compact ensemble distribu-
tions than those of other configurations.

Although operating adaptive rule curves with dynamically weighted
flow projections has mitigated the reductions in reservoir releases to a
certain degree, it is also clear that most anomalies across GCMs are still
negative and become stark temporally (Fig. 9). Additionally, EARTH and
MPI under RCP4.5 give neutral values during 2021-2079, standing out
as benign cases. Similarly, CNRM shows stable release anomalies under
both scenarios, consistent with its optimistic runoff anomaly patterns
(Fig. 3). Under RCP8.5, the increasing temporal prominence of negative
anomalies is evident for GFDL and HadGEM, with drastic decreases of
roughly 30% and 25% by 2060-2079, respectively. These two GCMs
also reveal a more pessimistic trend under RCP4.5, albeit with milder
anomalies. Interestingly, MPI under RCP8.5 shifts from minor early-
century anomalies to a dramatic 26% decline by 2080-2099, reflect-
ing a similar decreasing pattern in its projected runoff. These results
indicate that, despite the application of adaptive policies, the substantial
influence of GCMs and ESs (i.e., key sources of runoff uncertainty) on
reservoir releases persists, in line with Raje and Mujumdar (2010), who
drew alike conclusion using stochastic dynamic programming.

To unravel how the uncertainty change in optimized reservoir re-
leases propagates over time, Fig. 10 presents a year-by-year decompo-
sition of wuncertainty contributions from each modeling chain
component for projected release anomalies under different ensemble
simulations. As illustrated in Fig. 10a, the fraction of variance attrib-
utable to HM selection remained limited, averaging around 5% over the
whole projection period, since release anomalies were evaluated on an
annual basis. According to Fig. S6, however, indices such as VUL are
understandably more affected by HM selection owing to their sensitivity
to baseflow simulations of these models, which are obtained on a
monthly basis. As seen in Fig. 10b, eliminating the HM-based variance
component—constituting only a small fraction of total uncertainty—-
through BMA led to a largely neutral shift in the variance structure.

When evaluated within each ensemble configuration, the total
variance in these anomalies during the late window (2061-2099) was
found to be nearly 3.5 times that of the preceding period (Fig. 10). But
this proportional observation cannot be directly attributable to the
choice of ensemble weighting scheme. Similarly, the variance ratio for
the late window to the earlier part was in the range of 2.5-2.9 for GCM-
related uncertainty, and 12-13 for ES-related uncertainty, with minimal
variation across ensemble types. Therefore, these escalations are likely
due to primary climate modeling drivers (i.e., ESs and GCMs), whose
contributions to projected inflow dynamics and the net evaporation
regime have temporally intensified (Figs. 2-3). In this context, it has also
been reported that models parameterizing potential evaporation as a
function of temperature may exaggerate hydrological responsivity to
climate change (Clark et al., 2016). Alongside this, discrepancies in
evaporative loss signals across two RCPs may have amplified the role of
radiative forcing—driven variability in projected release anomalies, in-
dependent of weighting of HMs.

Moreover, the extent of the influence of UO-MME-based ensembles
on temporally decomposed variances in Fig. 10 appeared somewhat
different from that observed for the projected RPMs, which is plausible
given that these are compound performance indicators representing the
entire future horizon of 2021-2099. Since the variances in release
anomalies are typically more sensitive to interannual fluctuations in
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Fig. 9. Projected anomalies in optimized annual mean reservoir releases relative to the historical baseline, considering only hedging-based outputs under
dynamically weighted inflow ensembles. The given values represent average anomalies derived from statistically and dynamically downscaled data, presented for
each GCM under two RCP scenarios. Each radar chart illustrates the results for the five GCMs within the corresponding future horizon.
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projected inflows (e.g., Nourani et al., 2025), and the corresponding
uncertainties in those projections have already been narrowed by UO-
MME in a significant manner, the overall uncertainty reduction for
VUL and SI remained less pronounced compared to that computed for
the release anomalies. In turn, the implemented strategy is much more
influential for temporally evolving outputs like annual release anoma-
lies, unlike RPMs that do not directly capture intra-annual variability.
Fig. 10c demonstrates that using UO-MME-based ensembles leads to a
prominent reduction in all projection uncertainty components within
the full modeling chain, albeit to varying degrees. Accordingly, the re-
sults indicate that upstream uncertainty treatment has translated into a
23-42% and 11-36% narrowing of GCM-related and ES-related un-
certainties, respectively, in projected reservoir releases. Furthermore,
the meaningful tempering of interaction terms-induced uncertainty has
collectively contributed to an overall contraction of total variance
within the range of 40-52%. To summarize, the incorporation of
dynamically weighting the multi-member hydrological ensemble, by
which narrowing uncertainty in projected runoff was effectively made,
into hedging rule optimization led to more tangible enhancements in the
RPMs as well as tighter uncertainties in both aggregate performance
indices and time-variant reservoir outputs.

It can also be noted that the relative percentage contributions of the
uncertainty sources shown in Fig. 10c differ from those obtained for the
performance indicators. While RCP-related uncertainty accounts for
only about one-fifth of the total variance in RLS for long-term, its
contribution nearly doubles in the case of VUL. This contrast shows that
vulnerability responds more directly to emissions-driven differences,
whereas long-term releases are influenced more markedly by the cu-
mulative interactions among GCM, RCP, and DM factors, with total
interaction contributing 35% of the variance. Within the developed
framework, although the dominance of the uncertainty source changes
according to RPMs, the significant alleviation of overall variance re-
mains a promising outcome.

4.4. Opportunities and challenges for reducing uncertainty in reservoir
operation projections

In characterizing the hydrological impacts of climate change, Clark
et al. (2016) underscored not only the quantification of uncertainties but
also their integration into the decision-making process for uncertainty-
aware operational strategies. In line with that perspective, our study
combines uncertainty-reduced streamflow projections with an adaptive
hedging model, thereby aiming to reflect the approach they advocate.
Although the HDG-2d model is observed to be more reliable in avoiding
severe release failures when coupled with appropriately weighted
inflow ensembles, its own parameter optimization was not evaluated as
a contributing source to projection uncertainty. For instance, the HDG-
2d model, when utilized in multi-objective settings, can give varying
parameter sets (Bayesteh and Azari, 2021). Besides, implicit-
deterministic reservoir operation policies under different inflow en-
sembles may respond differently to climate change signals (Celeste and
Billib, 2009). Therefore, an in-depth characterization of reservoir
operation projections along with uncertainty decomposition of alter-
native reservoir operation optimization models, which have different
parameterizations, would address a critical gap for institutional
applications.

The study emphasizes that the hedging procedure, based on UO-
MME-weighted ensembles rather than using 140 inflow projections, is
a more adaptive measure, and its clear contribution to uncertainty
reduction compared to standard BMA (Figs. 7-10). Yet, it should be
noted that entropy-based BMA (En-BMA), which leads to better repre-
sentation of predictive uncertainty relative to the standard one, has been
implemented for postprocessing precipitation forecasting (Darbandsari
and Coulibaly, 2022). Hence, operating the HDG-2d model under En-
BMA-based hydrological projections may result in further reductions
in uncertainty in RPMs and is worth evaluating against UO-MME in a

14

Journal of Hydrology 670 (2026) 135228

future study.

In this study, HDG-2d turns out to be the primary contributor to
uncertainty reduction in reservoir operation projections, with UO-MME
playing a complementary role (Fig. 7). However, the relative effective-
ness of these two processes may differ depending on the reservoir
characteristics and data sources. Furthermore, no matter how refined
the modeling chain is, an irreducible level of uncertainty originating
from GCMs persists in projected reservoir releases. This can be partially
related to interannual variability effect, whereas our study considered
the traditional ANOVA methodology, in which interaction term involve
internal variability (e.g., Vetter et al., 2015; Chawla and Mujumdar,
2018; Wang et al., 2020). Another assumption is that GCMs are gener-
ally assumed to be equiprobable in multi-model ensembles (Collins,
2017). Hence, applying a nested weighting strategy to both HMs and
GCMs (especially those from the CMIP6 archive) may yield more
interpretable variance structures when integrated with adaptive hedg-
ing models. Finally, the implications for reservoir operation projections
of the differences between ANOVA type that seeks to isolate interannual
variability from other sources of uncertainty (e.g., Aitken et al., 2023)
and those following the latter tradition are planned to be addressed in a
future study.

The selection of an adapted potential evaporation equation as input
for HMs is also a challenge. While the Penman-Monteith (PM) equation
is often referred to as a physically based formulation for estimating
reference evapotranspiration, the biases of the estimations from
different empirical formulas compared to those of PM can be compen-
sated through HM calibration, adjusting model parameters in response
to the inputs (Seiller and Anctil, 2016). In line with this, Oudin et al.
(2005) also concluded that various potential evaporation formulations
lead to similar runoff simulations. Nevertheless, these choices can
meaningfully contribute to runoff projection uncertainty, especially
when GCM-driven temperature change ranges are large (Bae et al.,
2011). For example, PM and radiation-based formulations may exhibit
different responses to future hydroclimatic conditions compared to the
temperature-based approach adopted in this study, indirectly affecting
reservoir performance metrics such as VUL. Therefore, incorporating
multiple empirical potential evaporation methods into the modelling
chain that drives reservoir operation optimization appears worthwhile
to explore.

Another source of limitation is the assumption of constant water
demand used in the reservoir operation models. Although a fixed
monthly demand choice (10.67 Mm?) is operationally consistent with
the planning strategy of the Tahtali Reservoir and aligns with previous
studies using non-varying demand trajectories (e.g., Celeste and Billib,
2009), this simplification does not account for potential demographic
growth or climatic factors that may change water demand in the future.
For reservoirs with irrigation purposes, such issues become more critical
because demand is driven by projected crop evapotranspiration data
(Zamani et al., 2017; Saedi et al., 2021). Since these factors may alter the
way uncertainties propagate through reservoir performance metrics,
future work should incorporate demand-side uncertainty into the total
modelling chain, including climate-induced irrigation requirements
under crop patterns and demographic projections as well. Such exten-
sions would allow the integrated framework combining hydrological
model weighting and climate-informed hedging rules to be evaluated
under additional sources of uncertainty and enable a more compre-
hensive assessment of system robustness.

5. Concluding remarks

This study explores the potential of combining weighted streamflow
projections from a dynamically constructed UO-MME framework with
an adaptive hedging model termed HDG-2d to reduce projection un-
certainties in climate-informed reservoir outputs. In this respect, the
integration is consistent with recent state-of-the-art reviews about
climate change adaptation (e.g., Elgendy et al., 2024). Although the
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paper employed the Tahtali Reservoir in Tiirkiye as a case study, the
implemented strategy constitutes a transferable procedure for projecting
both credible and optimal reservoir releases under climate change im-
pacts in other dams worldwide. The key implications of our study are as
follows:

e Upstream uncertainty reduction followed by integration of down-
stream adaptive hedging, a previously unaddressed topic to the best
of our knowledge, offers a powerful alternative to applications based
on the use of several traditional approaches such as SOP and BMA.
While BMA is a post-processing approach that relies on a statically
weighted combination of predictive distribution functions obtained
from different competing HMs, the UO-MME dynamically updates
HM weights by solving a bi-objective optimization problem that
simultaneously evaluates hydrological simulation performance tra-
jectories and narrows runoff projection uncertainty propagated
through the modeling chain, particularly from GCMs. Likewise, the
HDG-2d provides climate-informed operational flexibility, unlike
SOP-type methods that cannot adapt to evolving hydroclimatic
conditions. Therefore, this novel, dual-structured strategy allows for
consistent treatment of modeling chain uncertainties that exert cu-
mulative pressure on surface water reservoirs.

Relative to SOP-based operation results, HDG-2d model proves to be
the primary contributor to uncertainty reduction in reservoir oper-
ation projections, while UO-MME method contributes meaningfully
as a secondary factor. Compared to hedging runs using unweighted
inflow ensembles, UO-MME-based weighted inflow ensembles led to
a consistent reduction in the long-term uncertainty variance of pro-
jected release anomalies by about 43% across the whole period.
Uncertainty reduction was also noticeable but slightly less pro-
nounced in the RPMs projected under the same weighted data, while
performance improvements also remained visible, particularly for
VUL (95% of the variants remained below 0.25). All these outcomes
correspond to a 36% reduction in SI uncertainty, as well as main-
taining SI values nearly 0.3 higher than those obtained under SOP-
based variants. By contrast, no substantial performance gains were
obtained from the BMA-weighted inflow ensembles, though a mild
uncertainty reduction was achieved for projected reservoir outputs.
The study emphasizes the importance of HM weighting in generating
refined, decision-relevant information, in line with recent studies (e.
g., Pastén-Zapata et al., 2022). Even though such approaches have
not yet been directly applied to real-world reservoir management,
the resulting reduction in runoff projection uncertainty clearly has
tangible operational implications. In particular, narrowing variances
enables more reliable operational decisions for both seasonal and
annual release planning, which may help improve drought pre-
paredness. In this regard, to temper long-term water shortages and
provide low-cost adaptation and mitigation strategies under uncer-
tain climate conditions, it would be beneficial for institutions or
decision-makers to avoid relying solely on traditional, non-hedging
operational rules and instead adopt uncertainty-aware methodolog-
ical frameworks, as suggested in this study.

Given the key implications outlined above, we plan to further
develop this study by applying entropy-based weighting to CMIP6-
focused GCM ensembles to better address model-induced irreducible
uncertainties. In addition to such an extension, a potential cascade
framework would also involve multiple reservoir operation optimization
models (see Celeste and Billib, 2009), thereby enabling a more elaborate
decomposition of projection uncertainties throughout the reservoir
operation process. However, such a cascade framework may present
several challenges. Implementing multiple reservoir operation models
needs consistent calibration procedures, which can lead to higher opti-
mization costs and longer run times. Furthermore, integrating entropy-
based weighting into a multi-model operation cascade would signifi-
cantly increase the dimensionality of the modeling chain, thus
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complicating uncertainty decomposition. From a methodological
perspective, these interactions may also introduce substantial structural
variability arising from differences among hedging models, which could
exceed parameterization-related variability and further inflate certain
variance components.

Furthermore, our study, carried out on a single-reservoir case, has
relatively similar motivations to the few studies that evaluate climate-
tailored policies in multi-reservoir systems using a large ensemble of
hydrological projections (e.g., Espanmanesh et al., 2024). In fact, the
quantitative indicators obtained in this study strongly suggest that the
proposed framework is suitable for direct integration into the opera-
tional management of Tahtali Reservoir. Accordingly, such integrated
frameworks are expected to support the authorities (e.g., General
Directorate of State Hydraulic Works of Tiirkiye) that face difficulties
due to competition in water allocation and seek to update their opera-
tional rule curves. Yet, how the proposed uncertainty-aware framework
would respond in complex multi-reservoir systems or in single reservoirs
operated for different purposes, including environmental-flow supply (e.
g., Dash et al., 2023), where RPMs exhibit varied trade-offs, is a topic
worthy of consideration for future studies.
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