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Abstract. 10 
Drought poses significant challenges across various water-dependent sectors. In the past few decades, numerous 11 
devastating droughts have been reported worldwide including in South Korea. A recent drought in South Korea, 12 
which lasted from 2014 to 2016, led to significant consequences including water restrictions and nationwide crop 13 
failures. Historically, reservoirs have played a crucial role in mitigating hydrological droughts by increasing 14 
water supply stability. With exacerbating intensity and frequency of droughts, enhancing the operational 15 
efficiency of existing reservoirs becomes increasingly important. This study examines the value of Seasonal Flow 16 
Forecasts (SFFs) in informing reservoir operations during three historical drought events, with a focus on two 17 
key reservoir systems in South Korea. For these events, we simulate what would have happened if the reservoir 18 
managers had optimised operations using SFFs. For comparison, we also simulate the effect of reservoir 19 
operations optimised using two deterministic scenarios (worst-case and 20-year return period drought) and 20 
another ensemble forecasts product (Ensemble Streamflow Prediction, ESP). We repeat our simulation 21 
experiments by varying the key choices in the experimental set-up, i.e. the forecast lead time, decision-making 22 
time step, and the method for selecting a compromise solution between conflicting objectives. We then propose a 23 
new, simple and intuitive method for measuring the value of the different scenarios/forecasts, based on the 24 
frequency of outperforming (in a Pareto-dominance sense) the historical operation across such experiments. Our 25 
findings indicate that while deterministic scenarios show higher accuracy, forecast-informed operations with 26 
ensemble forecasts tend to yield greater value. This highlights the importance of considering forecast uncertainty 27 
in optimising reservoir operations. Although SFFs generally show higher accuracy than ESP, the difference in 28 
value is small. Last, sensitivity analysis shows that the method used to select a compromise release schedule 29 
between competing operational objectives is a key control of forecast value, implying that the benefits of using 30 
seasonal forecasts may vary widely depending on how priorities between objectives are established. 31 
 32 
Keywords: drought, reservoir operations, seasonal weather forecasts, seasonal flow forecasts, ensemble 33 
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1. Introduction  35 

Drought stands as one of the major natural disasters with devastating impacts for various sectors including 36 
agriculture, water resources, environment and energy (Mishra and Singh, 2010; Schwalm et al., 2017; Zhang et 37 
al., 2022). The severity of droughts is anticipated to escalate in the future under a warmer climate, but there is 38 
plenty of evidence to suggest that this increase may already be underway (Sheffield et al., 2012). In South Korea, 39 
a severe drought event, prolonged from 2014 to 2016, caused substantial consequences, such as water restrictions 40 
in certain regions and nationwide crop failures (K-water, 2018). Reservoirs have played a crucial role in mitigating 41 
drought impacts by stabilising water supply and compensating for hydrological variability (Goldsmith and 42 
Hildyard, 1984). However, the increasing frequency and intensity of extreme droughts are posing greater 43 
challenges for reservoir operators (Sheffield et al., 2012; Schwalm et al., 2017). On the other hand, the 44 
construction of new reservoirs has become increasingly controversial in many countries, including South Korea, 45 
mainly due to concerns about the socio-economic costs and undesirable environmental impacts of reservoir 46 
development (Ehsani et al., 2017). This highlights the growing significance of enhancing the operation of existing 47 
reservoirs to mitigate drought damages. A key contribution to this end may come by improving flow forecasting 48 
systems and their use in support of decision-making under extreme weather conditions (Turner et al., 2017). 49 

Advancements in numerical weather prediction systems over the past decade have significantly improved 50 
forecasting performance at longer time scales (Bauer et al., 2015; Alley et al., 2019). Seasonal weather forecasts, 51 
which provide predictions of weather variables (e.g. precipitation, temperature) for the next several months, have 52 
gained interest among researchers for their potential in enhancing water resources management. Accordingly, 53 
numerous studies have been conducted to transform seasonal weather forecasts into more relevant Seasonal Flow 54 
Forecasts (SFFs) across various regions of the world (e.g. Prudhomme et al., 2017; Arnal et al., 2018; Greuell et 55 
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al., 2018; Lucatero et al., 2018; Hurkmans et al., 2023). In many countries, however, practical reservoir operations 56 
still make limited use of SFFs. Even when water resource modelling is used to inform operational decisions, 57 
reservoir operators tend to run these models against deterministic scenarios such as the worst-case scenario (Yoe, 58 
2019) or against Ensemble Streamflow Prediction (ESP) (Day, 1985). The worst-case scenario mimics the most 59 
extreme historical event to hedge risks associated with uncertainties in water management, whereas ESP generates 60 
an ensemble of flow forecasts by forcing a hydrological model with historical meteorological observations (Baker 61 
et al., 2021). Previous studies have identified as primary obstacles to the use of SFFs by water managers their 62 
tendency to adopt a risk-adverse approach (Block, 2011), the lack of experience in handling SFFs products and 63 
the perceived low reliability of SFFs (Millner and Washington, 2011; Soares and Dessai, 2016; Jackson-Blake et 64 
al., 2022). Indeed, previous studies have shown that SFFs provide more accurate forecast than ESP only for the 65 
first or second months ahead (Yossef et al., 2013; Crochemore et al., 2016; Lucatero et al., 2018) and their 66 
performance decreases with increasing lead time (Greuell et al., 2018; Pechlivanidis et al., 2020). 67 

In perspective of reservoir operations, however, more than the forecast accuracy, i.e. how well hydrological 68 
forecasts replicate observations, the attention should be directed to the forecast value, i.e. the benefits of using 69 
forecasts to inform operational decisions (Turner et al., 2017; Peñuela et al., 2020a). Assessing forecast value may 70 
reveal situations where using forecasts enhances water management even if the accuracy is relatively low (Rougé 71 
et al., 2023). With this idea in mind, several studies have utilised model simulations to assess how using SFFs 72 
could have improved reservoir operations during past events. To achieve this, these studies feed SFFs into a 73 
reservoir operation optimisation model to find the “optimal” release schedule based on those flow predictions and 74 
then assess the effects of the optimal schedule by simulating it against the actual observed flows. The process is 75 
repeated for as many decision time-steps as needed throughout the historical event. The performances of such 76 
forecast-informed operations are then summarised through a set of performance indicators and compared to the 77 
performances obtained with a benchmark approach, such as optimising against a deterministic scenario or using 78 
prescribed operation rules. The increase in performance with respect to the benchmark is regarded as the value of 79 
the SFFs. For example, Chiew et al. (2003) investigated the value of SFFs for agricultural supply from a reservoir 80 
in Australia, a region affected by El Nino/Southern Oscillation (ENSO) teleconnections. They found that release 81 
schedule informed by SFFs can yield modest benefits compared to using a predefined reservoir operation rule. 82 
Peñuela et al. (2020a) assessed the forecast value for reservoir operations in the UK, focusing on maximising 83 
water supply and minimising pumping energy cost. They found that using ensemble forecasts can significantly 84 
enhance operational efficiency compared to relying on a deterministic worst-case scenario, whereas ESP is a hard-85 
to-beat benchmark. Crippa et al. (2023) assessed the value of SFFs for agricultural water supply in Greece and 86 
found that SFFs can marginally improve reservoir operations with respect to using a simple reservoir operation 87 
rule. However, they solely utilised the median of the SFFs ensemble, hence leaving open the question of whether 88 
using the full ensemble and allowing for uncertainty in the optimisation process could bring more obvious 89 
advantages, as found in Peñuela et al. (2020a). 90 
This paper investigates the value of SFFs for informing reservoir operations in South Korea by assessing their 91 
potential to mitigate the impacts of three major historical drought events. We build on our previous works on the 92 
skill of seasonal precipitation and flow forecasts across catchments in South Korea, indicating that SFFs can be 93 
particularly suitable for predicting droughts. Specifically, in Lee et al. (2023), we compared the performance of 94 
precipitation forecasts from various forecasting centres and found that the European Centre for Mid-range 95 
Weather Forecasting (ECMWF) provides the most accurate forecasts in South Korea and particularly during dry 96 
years. Our subsequent research on translating seasonal weather forecasts into flow forecasts (Lee et al., 2024), 97 
demonstrated that SFFs are generally more accurate than ESP up to 3 months ahead and at even longer lead times 98 
in dry years. In this study, we focus on two reservoir systems, Soyanggang-Chungju and Andong-Imha, which 99 
serve as crucial water sources for the country, including densely populated metropolitan areas such as the capital 100 
city of Seoul, and three recent major droughts in 2001-02, 2008-09, and 2004-16. To identify the optimal ‘forecast-101 
informed’ reservoir operations during these drought events, we employ a multi-objective optimisation approach 102 
driven by SFFs. For comparison, we also optimise against ESP and two deterministic scenarios currently utilised 103 
by the national water agency in charge of reservoir operations (K-water). To increase the robustness of our 104 
conclusions, simulation experiments are repeated with different choices of the forecast lead time, the method for 105 
selecting a compromise solution between the two conflicting objectives pursued by the reservoir managers 106 
(minimising short-term supply deficit versus maximising the storage volume at the end of the hydrological year), 107 
and the temporal resolutions for repeating the multi-objective optimisation, i.e. the decision-making time step. 108 
Finally, for each flow scenario/forecast, we synthetically measure the value of the scenario/forecast as the chances 109 
of achieving better operational outcomes compared to historical operations (i.e. Pareto-dominating historical 110 
operations) across all the simulation experiments. This new approach to measuring value is useful because it 111 
acknowledges the uncertainty in the simulation results due to experimental set-up choices while also capturing 112 
the trade-offs between the conflicting objectives in a simple, synthetic way. 113 
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2. Study area and available data 114 

2.1 Case study reservoirs and drought events 115 

 116 

Figure 1: Location and properties of the studied reservoirs and their catchments. The green and red arrows represent 117 
the regions supplied by those reservoirs. 118 

 119 

Figure 2: Daily reservoir operation records for the studied drought events (K-water, 2023). Points X, Y, Z, J, K, L, M 120 
represent the ends of the hydrological years (September 30th) which will be used as points in time for the forecast value 121 
assessment. 122 

Currently, there are 20 multipurpose reservoirs in operation across South Korea, each playing a vital role in 123 
national water resources management and the mitigation of water-related disasters (Park and Kim, 2014). This 124 
study specifically focuses on two reservoir systems: Soyanggang-Chungju and Andong-Imha. The Soyanggang 125 
and Chungju reservoirs have the largest storage capacity in South Korea (Figure 1). They are positioned upstream 126 
of the Han River and serve as primary water sources for Seoul’s metropolitan area, with a population of 127 
approximately 23 million people (K-water, 2023). In terms of total storage capacity, these two reservoirs also 128 
stand as the two largest across the country. The Andong and Imha reservoirs are located in northernmost region 129 
of the Nakdong River and supply water to plenty of cities alongside the river, including Busan, the second-largest 130 
city in the country.  131 
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The Soyanggang and Chungju reservoirs are operated conjunctively by the national water resources corporation, 132 
K-water, effectively functioning as a single reservoir. For instance, during periods when one reservoir (e.g. 133 
Soyanggang) experiences reduced storage volume, the other reservoir (e.g. Chungju) supplements the water 134 
supply. A historical example of this conjunctive operations is provided in Figure S1 in the supplementary material. 135 
A similar approach is used for the Andong and Imha reservoirs. Here again conjunctive operations are important 136 
for mitigating drought damage. Therefore, in this study, we treat Soyanggang-Chungju as one integrated two-137 
reservoir system, and the same for Andong-Imha. The catchments feeding these systems exhibit similar 138 
hydrological regimes, with approximately 70% of annual inflow occurring during the wet season (June to 139 
September) due to monsoons and typhoons, and low inflows in the dry season (December to February) caused by 140 
lower temperatures and reduced precipitation. Reservoir releases follow a weekly schedule which is revised by 141 
K-water every month based on projections of future storages for the upcoming 3 to 6 months derived using a low 142 
inflow scenario (specifically, the 20-year return period drought further described in Section 3.1.1). 143 

Figure 2 illustrates the daily reservoir operation records (storages and releases) during the historical drought events 144 
analysed in this study. The very severe 2014-16 drought event is included in the analysis for both reservoir systems. 145 
This event caused severe damages such as regional water restrictions and nationwide crop failures (K-water, 2018). 146 
During this period, the aggregated storage volume for Soyanggang-Chungju reached its lowest in record (1373 147 
million m3, corresponding to 24.3% of storage capacity) and its third lowest record for Andong-Imha (434 million 148 
m3, 23.5%). Additionally, we analysed the drought event from 2001 to 2002 for Soyanggang-Chungju and the 149 
event from 2008 to 2009 for Andong-Imha. The drought events show distinct characteristics: both droughts in 150 
Soyanggang-Chungju (Figure 2(a, b)) conclude with a large inflow (and outflow) event in the subsequent wet 151 
season, while in Andong-Imha relatively low flow conditions persist into the wet season (Figure 2(c, d)). 152 

2.2 Observational data and seasonal weather forecasts 153 

This study utilises quality-controlled daily precipitation data from 49 in-situ stations distributed within the 154 
catchments, as provided by K-water, along with daily temperature data from 37 in-situ stations managed by the 155 
Korean Meteorological Administration (KMA). Unlike precipitation and temperature, potential 156 
evapotranspiration (PET) data were computed based on the standardised Penman-Monteith method suggested by 157 
the United Nations Food and Agriculture Organisation (Allen et al., 1998). We used the Thiessen polygon method 158 
to calculate the mean areal data for each reservoir. For reservoir operation modelling, we used quality-controlled 159 
daily reservoir operation records provided by K-water, including the storage volume, inflow and water supply. In 160 
generating theses records, K-water utilises a water balance equation, considering reservoir volume changes from 161 
water level fluctuations and supplies. These reservoir inflow data are not corrected for removing the effect of 162 
evaporation losses from the reservoirs. 163 

For generating SFFs, we employed the seasonal weather forecasts provided by ECMWF (system 5). This choice 164 
was based on our prior research, which demonstrated that generally ECMWF offers the most accurate precipitation 165 
forecasts across South Korea (Lee et al., 2023). ECMWF provides 25 ensemble forecasts from 1993 to 2016 and 166 
51 ensembles since 2017 on a monthly basis, with a lead time extending up to 7 months ahead. To ensure 167 
consistency with our previous works, we obtained ECMWF’s seasonal weather forecasts datasets for precipitation, 168 
temperature and PET with a spatial resolution of 1×1°. We downloaded forecast data from the Copernicus Climate 169 
Data Store every month in the period of the three drought events of Figure 2. Additionally, we downloaded 170 
forecast data for the available period from 1993 to 2010 to compute bias correction factors (as detailed in Section 171 
3.1.1). 172 

3. Methodology 173 

3.1 Simulating forecasts-informed operations during a past drought event  174 

Figure 3 schematically outlines our methodology for simulating reservoir operations during a past drought event, 175 
and each compartment of the figure corresponds to a sub-section from 3.1.1 to 3.1.4. We begin by compiling four 176 
distinct flow scenarios/forecasts (Worst-Case Drought (WCD), 20-Year return period Drought (20YD) / ESP, 177 
SFFs) using historical observational data and seasonal weather forecasts from ECMWF system5 (Section 3.1.1). 178 
For each of this flow scenario/forecast, we generate a set of Pareto optimal weekly release schedules, taking into 179 
account two conflicting objectives: securing storage volume and minimising supply deficit (Section 3.1.2). A 180 
single compromise release schedule within this set is then selected using a Multi-Criteria Decision-Making 181 
(MCDM) methods (Section 3.1.3). We then simulate the evolution of the reservoir systems until the next decision-182 
making time step by feeding the chosen release schedule into a reservoir simulation model forced by observed 183 
inflow data (Section 3.1.4). The aforementioned process is iteratively repeated until the end of the simulation 184 
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period (i.e. the end of the historical drought event as shown in Figure 2). As highlighted in Figure 3, the key 185 
choices in setting-up each simulation experiment are: the type of flow scenario/forecast and relevant lead time; 186 
the MCDM method used to select a compromise schedule; and the decision-making time step, i.e. the frequency 187 
with which release schedules are re-optimised. Note that the forecast lead time can be chosen to be longer than 188 
the decision-making time step, in which case only the first part of the optimised release schedule is applied before 189 
being re-optimised.  190 

 191 

Figure 3: Schematic diagram illustrating the reservoir simulation methodology employed in this study to simulate 192 
forecast-informed reservoir operations during a drought event. 193 

3.1.1 Generation of deterministic flow scenarios and ensemble flow forecasts 194 

In this study, we considered two deterministic scenarios, WCD and 20YD, alongside two ensemble forecasts 195 
products, ESP and SFFs. All scenarios and forecasts are generated at daily resolution (i.e. the resolution of the 196 
hydrometeorological data and weather forecasts) and then aggregated to weekly resolution (the resolution for 197 
reservoir simulation).  In our simulation experiments, we tested scenarios/forecasts with lead times of 2, 4, or 6 198 
months. An example of reservoir simulation process, with various experimental choices such as flow 199 
scenario/forecast, lead time and decision-making time step, is illustrated in Figure S2. 200 
The WCD scenario was generated by analysing historical flow records and identifying the lowest observed inflows 201 
for each reservoir. The 20YD scenario, which is the scenario currently employed in practical reservoir operations 202 
in South Korea, was obtained from K-water. To derive this scenario, K-water conducts a low-flow frequency 203 
analysis of historical inflow records spanning over 30 years (Ryoo et al., 2009; Jung et al., 2012).  204 
We built an ensemble for each weather variable (precipitation, temperature and PET) based on historical 205 
observations from 1966 to 2010 and fed it into the Tank hydrological model (Sugawara et al., 1986, 1995) to 206 
generate ESP flow ensemble with 45 members (Lee et al., 2024). The Tank model is a lumped conceptual rainfall-207 
runoff model, widely used in South Korea and many other countries (Goodarzi et al., 2020; Ou et al. 2017). We 208 
calibrated and validated the model using observations for the period 2001-2010 and 2011-2020, respectively. 209 
Lastly, we generated an ensemble of SFFs using ECMWF’s seasonal weather forecasts (system 5) as input for the 210 
same Tank model (25 ensemble forecasts until 2016 and 51 since 2017). Given the coarse spatial resolution (1°×1°) 211 
of the seasonal weather forecast data compared to the reservoir’s catchment areas, we applied the linear scaling 212 
method to correct biases. Bias correction factors were derived by comparing weather forecasts with observations 213 
over the period 1993-2010. We made this choice to maximise the chances of getting robust estimates for the bias 214 
correction factors (Maraun et al., 2010; Johnson and Sharma, 2012), although this may lead to an overestimation 215 
of the SFFs performance during the 2001-02 and the 2008-09 drought events, given that observations for those 216 
events contributed to the bias correction process. Further details regarding the structure, parameter calibration, 217 
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validation and performance of the Tank model, as well as the linear scaling method used for bias correction, are 218 
comprehensively documented in our previous paper (Lee et al., 2024). 219 

To assess the accuracy of flow forecasts, we employed the Mean Error (ME) of monthly flow averaged across the 220 
entire simulation period. In calculating ME for ensemble forecasts, we considered their ensemble median. It is 221 
calculated as: 222 

Me𝑎𝑛 Er𝑟𝑜𝑟 =  
1

𝑁
∑ (𝑁

𝑖=1 𝑄𝑖
𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡 −  𝑄𝑖

𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛)       (1) 223 

where, 𝑁 represents the total number of timesteps (months) in the simulation periods. 𝑄𝑖
𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡  and 𝑄𝑖

𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 224 
are forecasted and observed monthly flow at time 𝑖 (month), respectively. When the ME is negative (positive), 225 
the forecast tends to underestimate (overestimate) the flow. 226 

While ME is a simple measure of forecast accuracy, it does not account for the contributions of each member 227 
within the ensemble. Therefore, we also computed the forecast skill using the Continuous Ranked Probability 228 
Score (CRPS) and the Continuous Ranked Probability Skill Score (CRPSS), developed by Matheson and Winkler 229 
(1976). While CRPS measures the absolute performance (score), CRPSS represents the relative performance (skill) 230 
with respect to a benchmark, in our case the ESP. These metrics are computed as follows: 231 

CRPS =  ∫[𝐹(𝑥) –  𝐻(𝑥 ≥  𝑦)]2 𝑑𝑥        (2) 232 

CRPSS =  1 – 
CRPS𝑆𝐹𝐹𝑠

CRPS𝐸𝑆𝑃           (3) 233 

where F(x) represents the cumulative distribution of the SFFs ensemble, x and y are the forecasted and observed 234 
flow. H is called the ‘Heaviside (or Indicator) function’ and is equal to 1 when x ≥ y and 0 when x < y. CRPS 235 
values range from 0 to infinity and the lower CRPS the higher forecasting performance. CRPS𝑆𝐹𝐹𝑠 and CRPS𝐸𝑆𝑃 236 
are the CRPS of SFFs and ESP, respectively. When the CRPSS is positive (0 < CRPSS ≤ 1), SFFs have skill with 237 
respect to ESP, when it is negative, ESP outperforms SFFs. If the CPRSS equals zero, the performance of SFFs 238 
is equivalent to that of ESP.  239 

To exhibit the skill more intuitively, we employed the concept of ‘overall skill’, as introduced in our previous 240 
research (Lee et al., 2023; 2024). It represents the frequency with which SFFs outperform the benchmark (ESP) 241 
over a specific period and can be expressed as: 242 

Overall skill (%)  =  
 ∑  [ 𝑁

𝑖=1 𝐻 (CRPSS) (𝑖) ]

𝑁
 ×  100 (%)       (4) 243 

where N is the total number of months in the periods, i.e. the analysed drought event in our case. Again,  the 244 
Heaviside function (H) is equal to 1 when CRPSS (i) > 0 and 0 when CRPSS (i) ≤ 0. If the overall skill is greater 245 
than 55%, SFFs generally have skill with respect to ESP across the period. However, if it is less than 45%, ESP 246 
outperforms SFFs. When the overall skill is between 45% to 55%, we consider them to have an equivalent level 247 
of performance (Lee et al., 2024). 248 

3.1.2 Multi-objective optimisation of release schedule 249 

Reservoir operations inherently involve managing multiple objectives often in conflict with each other (Zhou et 250 
al., 2011; Vassoney et al., 2021). In terms of drought management, the amount of supply deficit shows an inverse 251 
correlation with both the secured reservoir storage at the initial stage of the hydrological year (October 1st) and 252 
the total inflow into the reservoir across the hydrological year (from October 1st to the subsequent September 30th). 253 
In other words, inadequate storage at the outset of the hydrological year leads to substantial disruptions in water 254 
supply and the severity of these shortages further increases when the inflow is insufficient. These relationships 255 
are evident in historical records, as illustrated in Figure S3.  256 
To account for both the need of ensuring supply and of securing storage for the next hydrological year, we 257 
established two operational objectives in our optimisation: to minimise the mean Squared Supply Deficit (SSD, 258 
[million m3]2) over the optimisation period and to minimise the Storage Volume Difference (SVD, million m3) 259 
relative to the reservoir's capacity at the end of the hydrological year. The rationale for squaring the supply deficit 260 
is to incorporate risk hedging principles, aimed at strategically allocating water resources over time (You, 2013; 261 
Shiau, 2022). These two objectives are formulated as: 262 
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𝑆𝑆𝐷 =  
1

𝑇
∑ [

𝑇

𝑡=0
Max(0, 𝑑(𝑡) −  𝑄(𝑡))]2        (5) 263 

𝑆𝑉𝐷 =  Max(0, 𝑆𝑚𝑎𝑥 −  𝑆)         (6) 264 

where T is the total number of weeks for which the flow forecast is available (i.e. T equals the lead time in months 265 
× 4), 𝑑(𝑡) and 𝑄(𝑡) represent water demand and supply at week t, respectively. 𝑆𝑚𝑎𝑥  is the storage capacity of 266 
the reservoir (million m3) and S is the storage volume (million m3) at the end of the hydrological year. When the 267 
end of hydrological year is not included in the optimisation period, 𝑆 is set to the storage at the end of optimisation 268 
period. By definition, superior performance is associated with smaller objectives (SSD and SSD). 269 

For the reservoir operation modelling and the optimisation of release schedules, this study utilises the ‘interactive 270 
Reservoir Operations Notebooks and Software’ (iRONS) toolbox developed by Peñuela et al. (2021). This toolbox 271 
offers a set of Python functions, and a Jupyter Notebook based environment to simulate and optimise reservoir 272 
operations. In iRONS, the reservoir model, based on a mass balance equation, is linked to an optimiser that utilises 273 
the Non-dominated Sorting Genetic Algorithm (NSGA-Ⅱ) for the multi-objective optimisation. Given that in 274 
multi-objective optimisation problems, a single optimal solution that satisfies all objectives simultaneously is 275 
unattainable (Lu et al., 2011; Malekmohammadi et al., 2011), NSGA-II identifies a set of non-dominated solutions 276 
whose performance realise different Pareto optimal trade-offs between the two objectives. The performances 277 
associated with these solutions visualised in the objective space constitute the so called “Pareto front” (Giagkiozis 278 
and Fleming, 2014; Ni et al., 2022). The SSD and SVD are used as objective functions to generate a Pareto front. 279 
We set the number of solutions to be evolved by the NGSA-II algorithm (so called “population” size) to 100, and 280 
the number of iterations to 100000, leading to a total of ten million model evaluations for each optimisation run. 281 
When optimising against ensemble forecasts, the two objective functions (Eqs. 5 and 6) are evaluated against each 282 
ensemble member, and the average is taken as the final objective value and passed on to the NSGA-II optimiser. 283 

3.1.3 Selection of a compromise solution from the Pareto front 284 

Since the Pareto front delivered by the multi-objective optimisation (Section 3.1.2), comprises multiple release 285 
schedules, a critical decision must be made to select one compromise release schedule from that Pareto front. The 286 
methodology for this selection will be referred to as Multi-Criteria Decision-Making (MCDM) from now on, as 287 
described in some of the previous literature (e.g. Wang and Rangaiah, 2017; Ni et al., 2022). In other context, 288 
MCDM methods are presented to support decision makers in selecting compromise alternatives for complex water 289 
management issues (Afshar et al., 2011; Malekmohammadi et al., 2011; Zhu et al., 2017; Vassoney et al., 2021).  290 
In this study, the MCDM method is employed as a way to mimic the selection that, in real world, would be made 291 
by the reservoir operator when running forecasts through a reservoir operation optimisation model and being 292 
returned a Pareto front. Given the significant uncertainty regarding how the operator would make this selection, 293 
considering multiple MCDM methods provides a means to address this uncertainty in our assessment of forecast 294 
value. 295 

Various MCDM methods have been developed and utilised over the last several decades (Velasquez and Hester, 296 
2013). Among them, this study employed eight distinct methods, which can be systematically categorised into 297 
three groups: Simple Additive Weighting (SAW), variable weighting and reference point methods. Firstly, the 298 
SAW method, which is frequently employed in decision-making (Arsyah et al., 2021), ranks the alternatives based 299 
on their weighted sum performance (Fishburn, 1967). In this study, we consider the ‘balanced’ method where 300 
equal weights are assigned to each objective, as well as the ‘storage-prioritised’ and ‘supply-prioritised’ methods, 301 
which prioritise storage and supply, respectively.  302 
Secondly, we propose the ‘variable weighting’ method, which reproduces more closely the thought process of 303 
reservoir operators, who weight supply more when the storage is abundant and less when storage is scarce. We 304 
applied this method in two ways: the ‘simple selective’ method, which adopts the same weights as in the SAW 305 
methods but varying them depending on storage status and the ‘multi-weight’ method, which applies more detailed 306 
procedure to allocate weights based on storage status. 307 
Lastly, the reference point method identifies the compromise solution on a Pareto front by measuring the distance 308 
from a reference point. In this study, we applied three approaches: the ‘utopian point’, ‘knee point’ and ‘TOPSIS’ 309 
methods. The utopian point method selects the solution on the Pareto front that minimises the Euclidean distance 310 
from the utopian (or ideal) point, which represents the theoretical perfect solution (Lu et al., 2011). The knee point 311 
method selects the knee point, which is a point where the curvature of the Pareto front is maximum (Das, 1999). 312 
Among various methods for detecting the knee point, we employed the Minimum Manhattan Distance method 313 
which is known for its simplicity and robustness (Chiu et al., 2016; Li et al., 2020). The TOPSIS method selects 314 
a point with the shortest Euclidian distance from the ideal point and the longest distance from the anti-ideal point 315 
as the compromise solution (Hwang and Yoon, 1981; Liu, 2009). This is a widely chosen method (Tzeng and 316 
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Huang, 2011; Wang and Rangaiah, 2017) including the United Nations Environmental Program (Chen, 2000; Zhu 317 
et al., 2015). 318 
Detailed information on the MCDM method and normalisation of a Pareto front, including equations, merits and 319 
demerits, is provided in the supplementary material (Section S1 and S2). 320 

3.1.4 Reservoir simulation against observed inflows 321 

Once a Pareto-optimal release schedule is selected, the final step of our simulation methodology is to evaluate 322 
what would have been achieved if that schedule had been implemented. To this end, we simulate how the reservoir 323 
storage would have evolved under the selected release schedule and against observed inflows. The reservoir 324 
simulation is based on the repeated application of the following water balance equation:  325 

𝑆𝑡+1 =  𝑆𝑡 + 𝐼𝑡 − 𝑅𝑡  t = 0, …, T-1       (7) 326 

where 𝑆𝑡 is the simulated storage, 𝐼𝑡 the observed inflow and 𝑅𝑡 the optimised release for week t. Eq. 7 is repeated 327 
from time t=0, corresponding to the week when the scenarios/ forecasts are generated and the optimisation is run, 328 
until the time when the generation/optimisation process is run again, i.e. time T=4 (weeks) in the case of monthly 329 
decision-making time-step or T=8 (weeks) in case of bimonthly. The final simulated storage 𝑆𝑇 is then used as 330 
the initial storage for the next multi-objective optimisation run and subsequent simulation (see Figure 3). 331 

3.2 Measuring the forecast value and its sensitivity to experimental choices 332 

For each drought event, the reservoir simulation of the forecast-informed operations described in Section 3.1, is 333 
repeated using different scenario/forecast products and with various combinations of key experimental choices. 334 
These choices include the forecast lead time, the MCDM method and the decision-making time step, as 335 
summarised in Figure 4. Therefore, the total number of experiments for each drought event amounts to 192 (3 336 
lead times × 8 MCDM methods × 2 decision-making time steps × 4 flow scenarios/forecasts). 337 

 338 

Figure 4: Key experimental choices for simulating forecast-informed reservoir operations. Each of the 192 simulation 339 
experiments is conducted according to Figure 3. 340 

For each experiment, we computed two performance indicators, representing supply deficit (SSD) and storage 341 
volume (SVD) as in Eqs. 5 and 6 but using the simulated storage and release time series from the simulation 342 
against observed inflows (step 4 in Figure 3). We then calculated the same indicators using the observed storage 343 
and release, to quantify the performance of the historical operations, which we use as a benchmark. Unlike 344 
previous studies (e.g. Turner et al., 2017; Peñuela et al., 2020a; Crippa et al., 2023) that analysed improvements 345 
in performance indicators separately, here we propose a new and simple way to take into account the improvement 346 
in both indicators simultaneously. In fact, performance indicators generally exhibit a trade-off relationship with 347 
each other, so that an improvement with respect to the benchmark for one indicator may come at the price of a 348 
loss in the other. Analysing them independently from one another obfuscates these trade-offs.  349 
To overcome this issue, here we calculated the difference in each indicator (simulated - historical) in each 350 
experiment and defined the forecast value as the number of experiments where this difference is negative for both 351 
indicators. In fact, since we aim to minimise both indicators, negative differences in both indicate that the 352 
simulated operations outperform the historical operation. This method provides an intuitive and practical 353 
understanding of forecast value, as it directly relates to the chances of achieving better operational outcomes 354 
compared to historical operation, taking into account operational trade-offs and factoring in the uncertainty in the 355 
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key experimental set-up choices. Last, we analysed the sensitivity of forecast value to those key experimental 356 
choices. This analysis serves as a useful tool in pinpointing the primary determinant of forecast value and offering 357 
insights for optimising setup choices to maximise the value for drought management. 358 

4. Results 359 

For clarity of illustration, in Section 4.1, we first present the results for one event and reservoir system: the drought 360 
that occurred in Soyanggang-Chungju from 2014 to 2016 (Figure 2). In Section 4.2, we expand our results to 361 
include other reservoir systems and events, aiming to explore to what extent our conclusions on the value of SFFs 362 
and its key controls can be generalised. 363 

4.1 Simulation results for the 2014-2016 drought in Soyanggang-Chungju reservoirs 364 

4.1.1 Accuracy and skill of seasonal flow forecasts 365 

366 
Figure 5: (a) Mean Error of monthly flow (simulated – observed) for Soyanggang-Chungju reservoir system averaged 367 
from June 2014 to September 2016 for different scenarios/forecasts (2-month lead time). (b) The overall skill of SFFs, 368 
which represents the frequency of SFFs outperforming ESP across the simulation period.  369 

Figure 5(a) illustrates the Mean Error of monthly flow (see Eq. 1) for lead times of 2, 4, 6 months and different 370 
type of flow scenario/forecast (WCD: yellow, 20YD: blue, ESP: pink, SFFs: green). As shown in the figure, 371 
deterministic scenarios (WCD and 20YD) exhibit smaller errors compared to the ensemble forecasts. This is not 372 
surprising, as the WCD and 20YD scenarios are designed to mimic dry conditions and we are now evaluating 373 
accuracy on a severe drought event. Ensemble forecasts, particularly, show a systematic bias towards 374 
overestimating flows, with this tendency being more pronounced in ESP compared to SFFs. This pattern is 375 
consistently observed across different reservoir systems and events, as further illustrated in Figure S4. 376 
Figure 5(b) shows the overall skill (see Eq. 4), indicating the frequency with which SFFs outperform ESP across 377 
the simulation period. In this specific event, the overall skill exceeds 60% at all lead times, indicating that SFFs 378 
generally perform better compared to ESP. However, results from different reservoir systems and events (reported 379 
in Figure S4), show lower overall skill, and decreasing with lead time. Our additional analysis of cumulative flow 380 
observations and forecasts for the period 2014-16, presented in Figure S5, indicates that this drought event was 381 
more severe than the 20-year return period drought for nearly two years – until the high inflows of July 2016. 382 
Given that reservoirs in South Korea are designed to supply water for a year under a drought with a 20-year return 383 
period, this event posed significant challenges to reservoir operators. 384 

4.1.2 Reservoir simulations and their performances 385 

The simulated reservoir operation results are illustrated in Figure 6, showing the storage volume (a) and 386 
cumulative squared supply deficit (b) generated using WCD (yellow), 20YD (blue), ESP (pink) and SFFs (green). 387 
For each flow scenario/forecast, there are 48 simulation outcomes resulting from different combinations of the 388 
experimental choices (3 lead times × 8 MCDM methods × 2 decision-making time steps). Higher storage volume 389 
compared to historical operation (black line) is preferable and vice versa for cumulative squared supply deficit. 390 
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 391 

Figure 6: Simulated reservoir operation results for Soyanggang-Chungju from June 2014 to September 2016 in terms 392 
of (a) storage volume and (b) cumulative squared supply deficit. From top to bottom, the rows represent simulation of 393 
the forecast-informed operations using WCD (orange), 20YD (blue), ESP (pink) and SFFs (green), respectively. Each 394 
sub-figure has 48 simulated results (coloured lines, 3 lead times × 8 MCDM methods × 2 decision-making time steps) 395 
and a single historical operation (black line). The numbers on the right end of Figure 6(a) represent the mean storage 396 
volume (million m3) across all 48 simulations at the end of the simulation period (September 30th, 2016). 397 

As shown by the black lines in Figure 6, the reservoir operators seemed to be unaware of the impending drought 398 
event until June 2015, as up to that point they continued to supply the demand (causing no deficit) while storage 399 
level declined. Subsequently, their operational focus shifted to managing storage availability, which led to 400 
significant supply deficits beginning in July 2015. Compared to this historical operations, most of the forecast-401 
informed reservoir operations achieve higher storage volumes throughout the event (Figure 6(a)). By the end of 402 
the simulation period (September 30th, 2016), all forecast-informed operations replenish the reservoir system more 403 
than the historical operations did. Operations informed by deterministic scenarios (upper two rows) offer slightly 404 
superior results for securing storage volume compared to ensemble forecasts (lower two rows), as shown by 405 
average final storage values reported at the right end of Figure 6(a), but they produce larger supply deficits than 406 
ensemble forecasts (Figure 6(b)). This trend arises from the underestimation of flows by deterministic scenarios 407 
(see Figure 5(a)), which results in reduced releases and increased supply deficits. (Further results for other 408 
reservoir systems and drought events also depicted in Figure S6.) 409 
In particular, many of the ensemble members of SFFs produced in June 2016 anticipated the high flow event that 410 
occurred in July 2016 (see Figure S7). This led the multi-objective optimisation informed by SFFs to suggest 411 
higher releases, in contrast to the (unnecessarily) low releases designed when using the worst case or 20-year 412 
return period drought scenario. 413 

4.1.3 Value of seasonal flow forecasts 414 

Figure 7 depicts the differences in achieved performance indicators (SSD and SVD) between simulated operations 415 
and historical operation at distinct points in time (X, Y and Z in Figure 6), corresponding to the end of hydrological 416 
years (September 30th). Coloured circles in the figure denote the type of flow scenario/forecast used in simulations 417 
(following the same colour coding as in Figure 6) and there are 48 circles (3×8×2) in each colour, corresponding 418 
to the combinations of 3 lead times, 8 MCDM methods and 2 decision-making time steps. Circles positioned 419 
below (above) zero for both the x and y axes, i.e. within the green (red) shaded area, indicate experiments where 420 
reservoir simulations achieve better (worse) performance compared to historical operation. The count of circles 421 
within the green shaded area (bottom-left quadrant) represents the forecast value, indicating the chances of 422 
simulated reservoir operations outperforming historical operation, as detailed in Section 3.2. 423 
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 424 

Figure 7: Difference in SSD (x-axis) and SVD (y-axis) between historical operation (black cross) and simulated 425 
operations using different flow scenarios/forecasts (coloured circles) in Soyanggang-Chungju during the 2014-2016 426 
drought. Performances are calculated on September 30th in (a) 2014, (b) 2015 and (c) 2016. Each sub-figure shows 48 427 
points for each flow scenario/forecast (WCD, 20YD, ESP, SFFs), resulting from different combinations of key 428 
experimental choices (3 lead times × 8 MCDM methods × 2 decision-making time steps). 429 

At the initial stage of simulation, as shown in Figure 7(a), simulated forecast-informed operations only exhibit a 430 
trade-off relationship with historical operation. All circles are distributed in the bottom-right quadrant, indicating 431 
that the historical operation prioritised water supply over storage volume until the end of September 2014 (X). 432 
However, as the impact of forecast-informed operations accumulates (i.e. the period of simulation moves from X 433 
to Z), more circles tend to fall in the green shaded area where simulated operations outperform historical operation. 434 
This result suggests that the model-based reservoir operation optimisation has the potential to improve the 435 
management of prolonged drought events. Specifically, as shown in Figure 7(c), the majority of simulations not 436 
falling within the green shaded area by the end of the simulation (September 30th, 2016 (Z)), are associated with 437 
deterministic scenarios (yellow and blue circles). These findings are consistently demonstrated with our 438 
experiments applied to other drought events and reservoir systems, as presented in Figure S8. 439 

4.1.4 Sensitivity of forecast value to key experimental choices 440 

The top row of Figure 8 presents a figure similar to Figure 7(c), but with distinct colour codes assigned to different 441 
experimental choices for each category. The bottom row of Figure 8 illustrates the sensitivity of forecast value (y-442 
axis) to the choice of forecast lead time (a), MCDM method (b), decision-making time step (c) and type of flow 443 
scenario/forecast (d) for September 30th, 2016 (corresponding to Figure 7(c)). The maximum number on the y-444 
axis in each sub-figure represents the total number of simulation experiments conducted for a particular 445 
experimental set-up choice. The forecast value (hollow circle) represents the number of experiments that the 446 
reservoir simulation outperforms historical operation for both objectives (SSD and SVD). For example, in the 447 
bottom row of Figure 8(a), the lead time is fixed at 2, 4 or 6 months (horizontal axis) and for each of these choices 448 
there are 64 experiments (see range of vertical axis), resulting from the combination of 8 MCDM methods, 2 449 
decision-making time steps and 4 flow scenarios/forecasts. When an experimental choice (x-axis) correlates with 450 
a higher forecast value (y-axis), it indicates that using that specific experimental choice can lead to greater 451 
operational benefits for managing droughts. 452 



   

 

12 

 

 

 453 

Figure 8: Top row: Difference in SSD (x-axis) and SVD (y-axis) between historical operation (black cross) and 454 
simulated operations using different experimental choices: (a) forecast lead time, (b) MCDM method, (c) decision-455 
making time step and (d) type of flow scenario/forecast. Bottom row: Forecast value (y-axis) plotted against the same 456 
experimental choices for the same reservoir system and date. The MCDM methods are ordered from left to right with 457 
increasing importance to storage availability, along with two variable weighting methods (SS and MW). All results 458 
refer to Soyanggang-Chungju reservoir system on September 30th, 2016. 459 

As shown in Figure 8(b), the number of experiments outperforming historical operations varies significantly 460 
depending on the MCDM method used for selecting a compromise solution from the Pareto front, suggesting that 461 
this choice is a key control of forecast value. In this specific drought event, using the storage-prioritised (Sto) and 462 
utopian point (UP) methods leads to a much lower forecast value compared to using the other methods. Note that, 463 
with our problem formulation, the storage-prioritised and utopian point methods are the ones that give more weight 464 
to conservation of storage volumes, at the expenses of supply deficits (see Figure S9 for further details). 465 
Importantly, Figure 8(d) demonstrates that the value is also be influenced by the type of flow scenario/forecast 466 
used to inform the reservoir operations optimisation. In this case, a higher value is attained using ensemble 467 
forecasts (ESP, SFFs) than deterministic scenarios (WCD, 20YD), but there is no difference in forecast value 468 
between ESP and SFFs.  469 
Additionally, we applied a bootstrapping technique to test the impact of using different sample sizes across the 470 
plots in Figure 8 (bottom row) and found that the impact of sample sizes on sensitivity result is negligible (see 471 
Figure S10). 472 

4.2 Simulation results for other reservoir systems and drought events 473 

4.2.1 Sensitivity of forecast value to key experimental choices 474 

Having analysed the forecast value and its key controls for one drought event in one reservoir system, Figure 9 475 
illustrates whether similar or contrasting results are found in the other three events and reservoir systems 476 
considered in this study (see Figure 2 for a description of these events; intermediate results, i.e. simulated storages 477 
and releases, and difference in both objectives for these reservoir systems and events are reported in Figure S6 478 
and Figure S8).  Note that Figure 9 incorporates the result from Soyanggang-Chungju for the 2014-2016 drought 479 
event already shown in Figure 8 (white circles connected by solid line). 480 



   

 

13 

 

 

 481 

Figure 9: Forecast value (y-axis) against key experimental choices including (a) lead time, (b) MCDM method, (c) 482 
decision-making time step and (d) type of flow scenario/forecast for Soyanggang-Chungju (○, □) and Andong-Imha 483 
(▲,▼) at the end of different drought events (points Z, K, M in Figure 2). The MCDM methods are ordered the same 484 
as in Figure 8. 485 

Figure 9(b) confirms the substantial influence of the choice of MCDM method on forecast value. However, it also 486 
highlights that which method deliver more values varies with the event and reservoir system. As already noted, in 487 
the Soyanggang-Chungju reservoir system, the forecast value increases with MCDM methods that prioritise 488 
avoiding supply deficits (i.e. Sup, KP and Bal). This is likely due to the fact that the two drought events analysed 489 
for this system end with a large inflow event (see Figure 2), therefore the emphasis on minimising supply deficits, 490 
combined with the forecast ability to anticipate the upcoming inflows (as discussed in Sec. 4.1.2), enable to fully 491 
exploit the natural replenishment of storage from the wet event that occurs at the end of the simulation period. 492 
The opposite is observed in Andong-Imha system, where the analysed drought events persist into the upcoming 493 
wet season, and therefore MCDM prioritising storage conservation (UP, Sto) tend to deliver more value. 494 
The higher value of ensemble forecasts (ESP and SFFs) is also confirmed in Figure 9(d), particularly in 495 
Soyanggang-Chungju reservoir system, whereas their advantage over deterministic scenarios (WCD and 20YD) 496 
is less pronounced in Andong-Imha. Lastly, Figure 9(a,c) indicate that increasing the forecast lead time or 497 
decreasing the decision-making time step slightly improves forecast value. Yet again, this improvement appears 498 
relatively marginal when compared to the impact of the chosen MCDM method or flow scenario/forecast. 499 

4.2.2 Relationship between forecast accuracy and value 500 

Figure 10 illustrates the overall relationship between the accuracy of each flow scenario/forecast (x-axis) and its 501 
value computed over the 8 MCDM methods (y-axis) in informing decision-making for enhanced drought 502 
management. For this figure, we only used experiments with a 6-month lead time and monthly decision-making, 503 
to closely mimic current reservoir operations practices in South Korea. Note that excluding other options for these 504 
two experimental choices should not undermine the robustness of our conclusions as the sensitivity analyses in 505 
previous sections have shown that these choices have low impact on forecast value. Red symbols represent the 506 
simulation results when using observations of future flows as if they were ‘perfect’ forecast (note that, by 507 
construction, this scenario is associated with zero error on the horizontal axis of Figure 10). 508 
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Figure 10: Relationship between forecast accuracy (Mean Error of monthly flow, x-axis) and value (calculated over 510 
the 8 MCDM methods, y-axis) at the end of the simulation period for different drought events and reservoir systems. 511 
For each event and system, the figure shows five points corresponding to the simulated forecast-informed operations 512 
using different scenarios/forecasts (orange: WCD, blue: 20YD, pink: ESP, green: SFFs, red: perfect forecast). The 513 
perfect forecast scenario was generated using actual flow observations as future forecasts. The direction of the blue 514 
arrows indicates higher performance (high value, low error). The grey dashed lines conceptually illustrate the general 515 
expectation on the relationship between forecast accuracy and value.  516 

Figure 10 demonstrates that despite the higher accuracy of deterministic scenarios, as evidenced by general 517 
proximity of the yellow and blue points to zero on the x-axis, ensemble forecasts (pink and green points) result in 518 
a higher value. The Pearson’s correlation coefficient between the accuracy and value for the datapoints of Figure 519 
10 is approximately -0.2, indicating a very weak relationship. These findings deviate somewhat from the general 520 
expectation on the relationship between forecast accuracy and value that higher accuracy would lead to higher 521 
value (this assumed relationship is represented in Figure 10 by the dashed grey lines). When comparing the 522 
accuracy between ensemble forecasts, SFFs demonstrate a slight advantage over ESP, with a tendency for smaller 523 
overestimations. In terms of forecast value, however, there are no significant differences between them, indicating 524 
the operational benefits obtained from using SFFs and ESP appear to be comparable. 525 
Figure 10 also includes the value obtained from optimising operations against the perfect forecast scenario, 526 
depicted by red symbols. Surprisingly, this figure indicates that the value of perfect forecast in our experiments is 527 
lower than that of ESP and SFFs. This counterintuitive result stems from the fact that even with perfect knowledge 528 
of flows within the optimisation horizon (i.e. the forecast lead time), perfect forecast does not resolve the 529 
uncertainty about future flows beyond that horizon. Therefore, acknowledging uncertainty during the optimisation 530 
horizon, as done when using ensemble forecasts, yields more cautious operations that in the long-term prove to 531 
be more robust against adverse events not seen during the optimisation. 532 

5. Discussion 533 

5.1 Value of SFFs in informing decision-making for managing droughts 534 

Our findings highlight the higher value of ensemble forecasts (ESP, SFFs) over deterministic scenarios (WCD, 535 
20YD), aligning with several previous studies. For example, Peñuela et al. (2020a) demonstrated that employing 536 
ensemble forecasts can yield higher operational benefits compared to using deterministic (worst-case) scenario in 537 
a water supply reservoir system in the UK. The higher value of ensemble forecasts for informing flood control 538 
decisions was also demonstrated by Fan et al. (2016). They compared the value using the ensemble mean versus 539 
using the full SFFs ensemble and found that the latter notably enhanced forecast value. However, our research 540 
also revealed that the extent to which ensemble forecasts yield higher value can vary significantly depending on 541 
the reservoir systems, as the enhancement of operational benefits was more evident in the Soyanggang-Chungju 542 
than in the Andong-Imha reservoir system. It is also notable that even a perfect forecast with zero forecasting 543 
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error did not achieve a higher value compared to the ensemble forecasts (ESP and SFFs). The lower performance 544 
of the perfect forecast scenario is counterintuitive but can be attributed to its finite lead time. In other words, 545 
accounting for uncertainty within the optimisation horizon, as done by ESP and SFFs, indirectly helps to better 546 
handling the uncertainty about inflows beyond that horizon (refer to Figure S11). Few previous studies also 547 
reported that forecast-informed operations forced by ensemble forecasts often deliver comparable or higher 548 
performance compared to the perfect forecast scenario (Zhao et al., 2011; Fan et al., 2016; Ficchì et al., 2016). 549 
While our findings emphasise the importance of considering forecast uncertainty when optimising reservoir 550 
operations, no significant difference in value was found between the two ensemble forecasts (ESP and SFFs). This 551 
is consistent with the findings of Peñuela et al. (2020a), who similarly observed no notable difference in the value 552 
of ESP and SFFs. Given the lower computational cost and higher practical experiences of generating ESP, the 553 
latter remains a hard-to-beat reference. 554 

For analysing the relationship between forecast performance and value, we only evaluated two attributes of the 555 
forecast performance (i.e. accuracy and skill). Our results showed that the relationship between the forecast 556 
performance and value is not significant. To further explore this relationship, additional attributes, such as 557 
correlation, variance and reliability may also be considered. These attributes might yield different outcomes when 558 
comparing forecast products and could provide new insights into the relationship between performance (i.e., the 559 
level of agreement between forecasts and observations) and value (i.e., their usefulness in informing decisions). 560 

This study includes a sensitivity analysis that examines how forecast lead time, MCDM method, decision-making 561 
time step and type of flow scenario/forecast affect value. Although we found some improvements in forecast value 562 
with longer lead times, their impact was generally marginal. A prior study by Yang et al. (2021) also evaluated 563 
the influence of lead time, ranging from 10 to 30 days, on forecast value for hydropower and water supply. They 564 
argued that considering a longer lead time for forecast-informed operations may enhance the value. However, the 565 
lead times they examined were considerably shorter than those in our study, which makes direct comparisons with 566 
our study challenging. To further validate the relationship between lead time and forecast value, it is essential to 567 
conduct additional research involving a broader range of reservoirs and drought events. 568 

The highly variable performance of MCDM methods depending on reservoir systems and drought events (see 569 
Figure 9(b)) emphasises the significance of using ensemble forecasts in reservoir operations, as they consistently 570 
bring operational benefits (see Figure 9(d)). While identifying an optimal MCDM method which could offer the 571 
best solution across all drought events was not possible in this study, practical guidelines can be offered for 572 
applying each method based on their inherent characteristics. Firstly, the SAW method is straightforward to apply 573 
and may be particularly advantageous for reservoirs with obvious operational purposes or characteristics. 574 
Specifically, the supply-prioritised method might be well-suited for a reservoir with ample storage capacity but 575 
lower demand. On the other hand, the storage-prioritised method would be useful for reservoirs with a high risk 576 
of causing significant economic or social damage when facing a substantial supply deficit over short periods. This 577 
method helps mitigate the risk of extreme storage shortages, thereby reducing the likelihood of accidental supply 578 
failure (e.g. zero supply for certain periods). Secondly, the performance of the variable weighting method can be 579 
highly dependent on subjective choices in determining the appropriate weights and storage ranges. Therefore, 580 
sufficient operational records are essential for effectively applying this method. Conversely, the reference point 581 
method, offering a geometric estimation of the compromise solution, may prove advantageous for reservoirs with 582 
limited operational history. 583 

Bias correction of seasonal weather forecasts, such as precipitation, is a widely addressed issue concerning the 584 
performance of SFFs (Shrestha et al., 2017). In this study, we utilised bias-corrected SFFs, building on our 585 
previous findings that demonstrated the effectiveness of bias correction in improving the accuracy of SFFs (Lee 586 
at al., 2023b). While the positive impact of bias correction on SFFs is widely documented in the literature (e.g. 587 
Lucatero et al., 2018; Tian et al., 2018; Pechlivanidis et al., 2020), a previous study noted that bias correction may 588 
potentially reduce performance under extreme conditions (Crochemore et al., 2016). Our supplementary 589 
experiment, presented in Figure S12, investigates the influence of bias correction on forecast value. The result 590 
indicates that bias-corrected SFFs generally yield higher value compared to SFFs without bias correction. 591 
However, to fully validate the impact of bias correction on the value, further research applying our methodology 592 
across diverse reservoirs and drought events is necessary. 593 

5.2 Limitations and directions for future research 594 

A key limitation of our study is the limited range of drought events analysed. While we assessed forecast value 595 
across two reservoir systems and three historical drought events, these samples are still limited to draw general 596 
conclusions. This limitation is difficult to overcome given the infrequent occurrence of extreme drought events 597 
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and the limited availability of seasonal forecast data, which only became available in 1993. Since our results have 598 
shown the dependency of forecast value on reservoir systems and events, more assessments are needed to establish 599 
more general patterns in the relationship between accuracy and value, as well as to compare the performance 600 
between different forecast products. We hope that the methodology and open-source code developed for this study 601 
will enable potential users to replicate our experiments and validate our provisional results across other regions 602 
around the world. 603 
Secondly, in assessing forecast value, we use historical operational performance as a benchmark. While it offers 604 
more intuitive value comparison, it is important to recognise that historical operations may have been influenced 605 
by a range of internal and external circumstances not captured by our model and performance indicators. For 606 
example, reservoir release decisions may be adjusted based on additional water supplies from external sources 607 
such as neighboring reservoirs or rivers. Additionally, our proposed method only looks at whether the historical 608 
performance is Pareto-dominated, but it does not account for the magnitude in differences between historical and 609 
simulated performances. Incorporating hypervolume, defined as the space enclosed by a set of points in a multi-610 
dimensional space (While et al., 2006; Sanchez-Gomez et al., 2019), could enhance this method to better quantify 611 
the value. 612 
Last, our modelling of the reservoir systems is based on several simplifying assumptions. A key simplification is 613 
that evaporation from reservoirs is not considered. In South Korea, direct measurements of resesrvoir evaporation 614 
are rarely conducted, which poses challenges to ensuring the reliability of indirect evaporation estimation. Recent 615 
research by Park et al. (2024) introduced an empirical formula to estimate reservoir evaporation specifically for 616 
Yongdam Reservoir, which is uniquely equipped with direct evaporation measurements. The study highlighted 617 
the importance of validating this formula for its applicability to other reservoirs. However, reservoir evaporation 618 
tends to intensify during extreme droughts, resulting in increased loss of storage volume (Wurbs and Ayala, 2014; 619 
Shah et al., 2024). Thus, further studies incorporating reservoir evaporation based on reliable estimating formulas 620 
are necessary. A second simplication is that we only used two operational objectives: securing storage and 621 
minimising water deficit, to centre our attention on reservoir operations. However, there are various other 622 
objectives worth considering for simulating reservoir operations, such as potential economic damages from 623 
droughts or benefits of risk hedging. Although quantifying those objectives is challenging, incorporating them 624 
into a multi-objective approach for drought management could significantly assist water managers. 625 

6. Conclusions 626 

This study explores the potential usefulness of SFFs in informing reservoir operations for managing droughts in 627 
South Korea. While deterministic scenarios (WCD, 20YD) exhibited higher accuracy, the value achieved from 628 
using ensemble forecasts (ESP, SFFs) was higher. This result emphasises the significance of considering flow 629 
forecast uncertainty when optimising reservoir operations and demonstrates that higher forecast accuracy does 630 
not necessarily translate into higher value. Our study also suggests that forecast-informed operations using 631 
ensemble forecasts can reduce supply deficit and increase storage conservation compared to historical operations 632 
during past drought events. However, no clear evidence was found supporting that SFFs can lead to greater value 633 
over conventional ESP at present. As seasonal weather and flow forecasting technology continuously evolves and 634 
improves, this conclusion is provisional, and it will be important to continue to assess the performance of SFFs in 635 
enhancing reservoir operations as new forecasting products become available. Our sensitivity analysis also shows 636 
that the MCDM method used to select a compromise release schedule from a Pareto front is a key control of 637 
forecast value. This suggests that the operator’s prioritisation of competing objectives is crucial in determining 638 
forecast value. 639 

By analysing multiple reservoirs and drought events within the same region, our study takes an initial step toward 640 
systematising the forecasts performance and value assessment. While this effort is still incomplete, it serves as a 641 
beginning to move beyond the “single case study” approach that has dominated previous research in this area. We 642 
hope that the workflow and open-source code developed in this study will help researchers and water managers 643 
in South Korea as well as other countries in conducting further research and expanding the practical application 644 
of SFFs to enhance drought management. In particular, we proposed a new simple method to assess the forecast 645 
value that simultaneously takes into account the trade-offs between operational objectives and the uncertainty 646 
stemming from key set-up choices for the simulation experiments. This is achieved by counting the number of 647 
simulation experiments that outperform benchmark operations (the historical operations in our case) for both 648 
objectives. This straightforward performance metric may be useful for quantifying forecast value in a practical 649 
and intuitive manner across a wide range of water resources management studies, beyond drought management, 650 
including hydropower, flood control and other applications. 651 

Code and data availability. The iRONS package used for reservoir operation modelling, optimisation and value 652 
assessment is available at https://doi.org/10.5281/zenodo.4277646 (Peñuela and Pianosi, 2020b). The SEAFLOW 653 
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(SEAsonal FLOW forecasts) and SEAFORM (SEAsonal FORecast Management) Python packages are available 654 
at https://doi.org/10.5281/zenodo.12800811 (University of Bristol, 2023a) and 655 
https://doi.org/10.5281/zenodo.128009 (University of Bristol, 2023b), respectively. ECMWF’s data are available 656 
under a range of licenses (Copernicus, 2024). Reservoir and flow data are made available by the K-water and can 657 
be downloaded from https://www.water.or.kr (K-water, 2023).  658 
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