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Abstract. Improved skill of long-range weather forecasts has motivated an increasing effort towards developing seasonal 

hydrological forecasting systems across Europe. Among other purposes, such forecasting systems are expected to support 10 

better water management decisions. In this paper we evaluate the potential use of a real-time optimisation system (RTOS) 

informed by seasonal forecasts in a water supply system in the UK. For this purpose, we simulate the performances of the 

RTOS fed by ECMWF seasonal forecasting systems (SEAS5) over the past ten years, and we compare them to a benchmark 

operation that mimics the common practices for reservoir operation in the UK. We also attempt to link the improvement of 

system performances, i.e. the forecast value, to the forecast skill (measured by the mean error and the Continuous Ranked 15 

Probability Skill Score) as well as other factors such as bias correction, the decision maker priorities, hydrological conditions 

and level of uncertainty consideration. We find that some of these factors control the forecast value much more strongly than 

the forecast skill. For the (realistic) scenario where the decision-maker prioritises water resource availability over energy cost 

reductions, we identify clear operational benefits from using seasonal forecasts, provided that forecast uncertainty is 

explicitly considered. However, when comparing the use of ECMWF-SEAS5 products to ensemble streamflow predictions 20 

(ESP), which are more easily derived from historical weather data, we find that ESP remains a hard-to-beat reference  not 

only in terms of skill but also in terms of value. 

1. Introduction 

In a water-stressed world, where water demand and climate variability are increasing, it is essential to improve the efficiency 

and lifespan of existing water infrastructure along with, or possibly in place of, developing new one (Gleick, 2003). In the 25 

current information age, there is a great opportunity to do this by improving the ways in which we use hydrological data and 

simulation models (the ‘information infrastructure’) to inform operational decisions (Gleick et al., 2013, Boucher et al., 

2012). 

Hydro-meteorological forecasting systems are a prominent example of information infrastructure that has a huge potential 

for improving water infrastructure operation efficiency. The usefulness of hydrological forecasts has been demonstrated in 30 

several applications, particularly to enhance reservoir operations for flood management (Voisin et al., 2011, Wang et al., 
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2012, Ficchì et al., 2016) and hydropower production (Faber and Stedinger, 2001, Maurer and Lettenmaier, 2004, Alemu et 

al., 2010, Fan et al., 2016). In these types of systems, we usually find a strong relationship between the forecast skill (i.e. the 

forecast ability to anticipate future hydrological conditions) and the forecast value (i.e. the improvement in system 

performance obtained by using forecasts to inform operational decisions). However, this relationship becomes weaker for 35 

water supply systems, in which the storage buffering effect may reduce the importance of the forecast skill (Anghileri et al., 

2016, Turner et al., 2017), particularly when the reservoir capacity is large (Maurer and Lettenmaier, 2004, Turner et al., 

2017). Moreover, in water supply systems, decisions are made taking into consideration the hydrological conditions over 

lead time of several weeks or even months. Forecast products with such lead times, i.e. ‘seasonal’ forecasts, are typically less 

skilful compared to the short or medium range forecasts used for flood control or hydropower production applications. 40 

When using seasonal hydrological scenarios or forecasts to assist water system operations, three main approaches are 

available: worst case scenario, ensemble streamflow prediction (ESP) and dynamical streamflow prediction (DSP). In the 

worst-case scenario approach, operational decisions are made by simulating their effects against a repeat of the worst 

hydrological droughts on records. Worst-case forecasts clearly have no particular skill, but their use has the advantage that it 

provides a lower bound of system performance and reflect the risk-adverse attitude of most water resource management 45 

practice. This approach is commonly applied by water companies in the UK for reservoir operation and it is recommended 

by the water resource management guidelines of the UK Environment Agency (EA, 2017). 

In the ensemble streamflow prediction (ESP) approach, a hydrological forecasts ensemble is produced by forcing a 

hydrological model using the current initial hydrological conditions and historical weather data over the period of interest 

(Day, 1985). Operational decisions are then evaluated against such ensemble. The skill of the ESP ensemble is mainly due to 50 

the updating of the initial conditions. However, since ESP is limited to the range of past observations, ESP forecasts can 

have limited skill under non-stationary climate and where initial conditions do not dominate the seasonal hydrological 

response (Arnal et al., 2018). Nevertheless, the ESP approach is popular among operational agencies thanks to its simplicity, 

low cost, efficiency and its intuitively appealing nature (Bazile et al., 2017), i.e. ESP is coherent to the human tendency to 

examine a situation according to past experiences. Seasonal ESP was used to assess possible improvements of supply-55 

hydropower systems operation, e.g. by Alemu et al. (2010) who reported achieving an average economic benefit of 7%  with 

respect to the benchmark operation policy, and by Anghileri et al. (2016) who however did not observe significant 

improvements (possibly because they only used the ESP mean, instead of the full ensemble). 

Last, the dynamical streamflow prediction (DSP) approach uses seasonal weather forecasts produced by a dynamic climate 

model to feed the hydrological model (instead of historical weather data). The output is also an ensemble hydrological 60 

forecast, whose skill comes from the updated initial condition as well as the predictive ability of numerical weather forecasts, 

due to global climate teleconnections such as the El Niño Southern Oscillation (ENSO) and the North Atlantic Oscillation 

(NAO). Therefore, these forecasts are generally more skilful in areas where climate teleconnections exert a strong influence, 

such as tropical areas, and particularly in the first month ahead (Block and Rajagopalan, 2007). In areas where climate 

teleconnections have a weak influence, instead, DSP can have lower skill than ESP, particularly beyond the first lead month 65 
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(Arnal et al., 2018, Greuell et al., 2019). Nevertheless, recent advances in the prediction of climate teleconnections in 

Europe, such as the NAO (Wang et al., 2017, Scaife et al., 2014, Svensson et al., 2015) means that seasonal forecasts skill is 

likely to continue increasing in next years. Post-processing techniques such as bias correction can also potentially improve 

seasonal streamflow forecast skill (Crochemore et al., 2016). However, studies assessing the benefits of bias correction for 

seasonal hydrological forecasting are still rare in the literature, while studies on long-term hydrological projections (Ehret et 70 

al., 2012, Hagemann et al., 2011) highlighted a lack of clarity on whether bias correction should be applied or not. In recent 

years, meteorological centres such as the European Centre for Medium-Range Weather Forecast (ECMWF) and the UK Met 

Office, have made important efforts to provide skilful seasonal forecasts, both meteorological (Hemri et al., 2014, 

MacLachlan et al., 2015) and hydrological (Bell et al., 2017, Arnal et al., 2018) in the UK and Europe, and encouraged their 

application for water resource management. To our knowledge, however, pilot applications demonstrating the value of such 75 

seasonal forecast products to improve operational decisions are still lacking. 

While the skill of DSP is likely to keep increasing in the next years, this may still not produce considerable improvement in 

water system operations soon, especially in water supply systems where the forecast skill-value relationship is weaker. 

Nevertheless, a number of studies have demonstrated that other factors, which are not necessarily captured by forecast skill 

scores, may also be important to improve the value of short-term and seasonal forecasts. These include accounting for 80 

forecast uncertainty in the system operation optimization (Yao and Georgakakos, 2001, Boucher et al., 2012, Fan et al., 

2016), using less rigid operation approaches (Yao and Georgakakos, 2001, Brown et al., 2015, Georgakakos and Graham, 

2008) and making optimal operational decisions during severe droughts (Turner et al., 2017). Additionally, the forecast skill 

itself can be defined in different ways, and it is likely that different characteristics of forecast errors (sign, amount, timing, 

etc.) affect the forecast value in different ways. Widely used skill scores for hydrological forecast ensembles are the rank 85 

histogram (Anderson, 1996), the relative operating characteristic (Mason, 1982) and the ranked probability score (Epstein, 

1969). The ranked probability score is widely used by meteorological agencies and it is the recommended score for 

evaluation of overall performance since it provides a measure of both the bias and the spread of the ensemble into a single 

factor, while it can also be decomposed into different sub-factors in order to look at the different attributes of the ensemble 

forecast (Pappenberger et al., 2015, Arnal et al., 2018). However, whether these skill score definitions are relevant for the 90 

specific purpose of water resources management, or other definitions would be better proxy of the forecast value, remains an 

open question. 

In this paper, we aim at assessing the value of DSP for improving water system operation by application to a real-world 

reservoir system, and in doing so we build on this growing effort to improve seasonal hydrometeorological forecasting 

systems and make them suitable for operational use in the UK (Bell et al., 2017, Prudhomme et al., 2017). Through this 95 

application we aim to answer the three following questions: 1) can the efficiency of a UK real-world reservoir supply system 

be improved by using DSP?, 2) does accounting for forecast uncertainty improve forecast value (for the same skill)? and 3) 

what other factors influence the forecast skill-value relationship? 
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For this purpose, we will simulate and compare the performance of a real-time optimization system informed by seasonal 

weather forecasts over a historical period for which both observational and forecast datasets are available, and we will 100 

benchmark it to a worst-case scenario approach, which is commonly used to inform water supply management in the UK. As 

for the seasonal forecast products, we will assess both ESP and DSP derived from the ECMWF seasonal forecast products 

(Tim et al., 2018). We will also compare the forecast skill and value before and after applying bias correction to the ECMWF 

forecast products, and for different degrees of forecast uncertainty (i.e. different ensemble sizes). To account for decision-

making uncertainty, we will also simulate the performance of the system under five operating scenarios representing 105 

different operational priorities. Finally, we will discuss opportunities and barriers to bring such approach into practice.  

Our results are meant to provide water managers an evaluation of the potential of using seasonal forecasts in extra-tropical 

areas, such as the UK, and to give forecasts providers indications on directions for future developments that may make their 

products more valuable for water management. 

2. Methodology 110 

2.1. Real-time optimization system 

An overview of the real-time optimization system (RTOS) informed by seasonal weather forecasts is given in Figure 1 (left 

part). It consists of three main stages that are repeated each time an operational decision must be made. These three stages 

are:  

1.a Forecast generation. We use a hydrological model forced by seasonal weather forecasts to generate the seasonal 115 

hydrological forecasts. The initial conditions are determined by forcing the same model by (recent) historical weather data 

for a warm-up period. Another model determines the future water demand during the forecast horizon. Although not tested in 

this study, in principle such demand model could also be forced by seasonal weather forecast. 

1.b Optimization. This stage uses (i) a reservoir system model to simulate the reservoir storages in response to given inflows 

and operational decisions, (ii) a set of operation objective functions to evaluate the performance of the system, and (iii) an 120 

optimizer to determine the set of optimal operational decisions that realise optimal trade-offs between the objective 

functions. 

1.c Selection of one trade-off solution. In this stage, we represent the performance of the optimal trade-off decisions in what 

we call a “pre-evaluation Pareto front”. The terms “pre-evaluation” highlights that these are the anticipated performances 

according to our models and hydrometeorological forecasts, not the actual performances achieved when the decisions are 125 

implemented (which are unknown at this stage).  Among this set of optimal decisions, the operator will select one according 

to their priorities, i.e. the relative importance given to each operation objectives. In a simulation experiment, we can mimic 

the operator choice by setting some rule to choose one point on the Pareto front (and apply it consistently at each decision 

timestep of the simulation period).  

2.2. Evaluation 130 

When the RTOS is implemented in practice, the selected operational decision is applied to the real system and the RTOS 

used again, with updated system conditions, when a new decision needs to be made or new weather forecasts become 
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available. If however we want to evaluate the performance of RTOS in a simulation experiment (for instance to demonstrate 

the value of using RTOS to reservoir operators) we need to combine it with the evaluation system depicted in the right part 

of Figure 1. Here, the selected operational decision coming out of the RTOS is applied to the reservoir system model, instead 135 

of the real system. The reservoir model is now forced by hydrological inputs observed in the (historical) simulation period, 

instead of the seasonal forecasts, which enables us to estimate the actual flows and next-step storage that would have 

occurred if the RTOS was used at the time. This simulated next-step storage can then be used as the initial storage volume 

for running the RTOS at the following timestep. Once the process has been repeated for the entire period of study, we can 

provide an overall evaluation of the hydrological forecast skill and the performance of the RTOS, i.e. the forecast value. This 140 

evaluation (Figure 1) consists of two stages: 

2.a Forecast skill evaluation. In order to evaluate the capacity of the hydrological forecast to predict the observed inflows we 

apply forecast skill scores and absolute error indicators. In this paper, we will use the continuous ranked probability skill 

score (CRPSS) and the absolute difference between the observed and forecasted inflows. 

2.b Forecast value evaluation. The forecast value is presented as the improvement of the system performance obtained by 145 

using the RTOS over the simulation period, with respect to the performance under a benchmark operation. Notice that, 

because the RTOS deals with a multi-objective problem and we have to implement a rule to select one solution out of the 

pre-evaluation Pareto front, in principle we could run a different simulation experiment for each possible definition of the 

selection rule, i.e. for each possible definition of the operational priorities.  However, for the sake of simplicity, we only 

simulate five different operational priorities, and thus obtain a post-evaluation Pareto front with five points. In this Pareto 150 

front the origin of the coordinates represents the performance of the benchmark operation. Therefore, a positive value along 

one axis represents an improvement in that operation objective with respect to the benchmark, whereas a negative value 

represents a deterioration. When values are positive on both axes, the simulated RTOS solution dominates (in a Pareto sense) 

the benchmark; the further away from the origin, the more the forecast has proven valuable for decision-making. If instead 

one value is positive and the other is negative then we would conclude that the forecast value is neither positive nor negative, 155 

because the improvement of one objective by the RTOS was achieved at the expenses of the other. 

2.3. Case study 

2.3.1. Description of the reservoir system 

The reservoir system used in this case study is a two-reservoir system in the South West of the UK (schematised in Figure 

2). The two reservoirs are moderately sized with storage capacities in the order of 20,000 megalitres (Ml) (S1) and 5,000 Ml 160 

(S2) (the average of UK reservoirs is 1,377 Ml (EA, 2017)). The system is partially shared between two different water 

companies, reservoir S1 being the system element used by both companies. The gravity releases from this reservoir (uS1,R) 

are used by the owner  company to support downstream abstraction during low river (R) flows. The other company can also 

use pumped releases from S1 (uS1,D) to complement gravity releases (uS2,D)  from their own reservoir (S2) in supplying D in a 

wider conjunctive use system. Both reservoirs are required to make environmental compensation releases. 165 
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A key operational aspect of the system is the possibility of pumping water into the shared reservoir S1. Pumped inflows 

(uR,S1) may be operated in the winter months to supplement natural inflows, provided sufficient water is available in the 

river. This facility provides additional drought resilience, as it allows the companies to increase reservoir storage if natural 

inflows are insufficient during the winter months (from 1st November till 1st April) to ensure meeting the summer demand. 

The two companies that operate the system liaise regularly, particularly regarding the pumped storage operation, which is 170 

constrained by rule curves, and has operated in eleven years since 1995. As the pump energy consumption is costly, there is 

an important trade-off between the operating cost of pump storage and achieving drought resilience. 

The rule curve applied in the current operation procedures defines the storage level at which pumps are triggered. Each point 

on the curve is derived based on the amount of pumping required to refill the reservoir under the worst historical observed 

inflows between that point in time and the end of the pump storage period (1st April). The pumping trigger is therefore risk-175 

averse, which means there is a reasonable change of pumping too early on during the refill period. This increases the 

likelihood of reservoir spills if spring rainfall is abundant, which means unnecessary expenditure on pumping. Informing the 

pump operations by using seasonal forecasts of future natural inflows (IS1 and IS2) may thus help to reduce the volume of 

water pumped whilst achieving the same reservoir storage at the end of the refilling period. 

2.3.2. Forecast generation 180 

In this study we generated dynamical streamflow predictions (DSP) by forcing a lumped hydrological model, the HBV 

model (Bergström and Singh, 1995), with the seasonal ECMWF SEAS5 weather hindcasts (Tim et al., 2018). The ECMWF 

SEAS5 dataset consists of an ensemble of 25 members starting on the 1st day of every month and providing daily 

temperature and precipitation with a lead time of 7 months.  The spatial resolution is 36 km which compared to the 

catchment sizes (28.8 km2 for S1 and 18.2 km2 for S2) makes it necessary to bias correct and downscale the ECMWF 185 

hindcasts. Given the lack of clarity in the potential benefits of bias correction (Ehret et al., 2012), we will provide results of 

using both non-corrected and bias corrected forecasts. . The dataset of weather hindcast is available from 1981, whereas 

reservoir data are available for the period 2005-2016. Hence, we used the period 2005-2016 for the RTOS evaluation and the 

earlier data from 1981 for bias correction. While limited, this period captures a variety of hydrological conditions, including 

dry ones in 2005-06, 2010-2011 and 2011-12, relatively close to the driest period on records (1975-1976) (more in (Figure 8) 190 

of the Supplementary Material). This is important because under drier conditions, the system performance is more likely to 

depend on the forecast skill and the benefits of RTOS may become more apparent (Turner et al., 2017).Daily inflows were 

converted to weekly inflows for consistency with the weekly time step applied in the reservoir system model. 

A linear scaling approach (or “monthly mean correction”) was applied for bias correction. This approach is simple and often 

provides similar results as more sophisticated approaches such as the quantile or distribution mapping (Crochemore et al., 195 

2016). A correction factor is calculated as the ratio between the average daily observed and forecasted (ensemble mean) 

values of the variable of interest (precipitation or temperature) for a given month and year. The correction factor is then 

applied as a multiplicative factor to correct the raw daily forecast values. A different factor is calculated and applied for each 

month and each year of the evaluation period (2005-2016). For example, for November 2005 we obtain the correction factor 
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as the ratio between the mean observed rainfall in November from 1981 until 2004 (i.e. the average of 24 values) and the 200 

mean forecasted rainfall for the same months (i.e. the average of 24x25 values, as we have 25 ensemble members). For 

November 2006, we re-calculate the correction factor by also including the observations and forecasts of November 2005, 

hence taking averages over 25 values; and so forth.  

As anticipated in the Introduction, the ESP is an ensemble of equiprobable weekly streamflow forecasts generated by the 

hydrological model (HBV in our case) forced by meteorological inputs observed in the past. In our case and for consistency 205 

with what done for the bias correction of ECMWF SEAS5 forecasts, we use meteorological observations (precipitation and 

temperature) from 1981 until the year before the simulated decision timestep to produce the ESP. This also produces an 

ensemble of similar size (24 to 35 members) with respect to the ECMWF ensemble (25 members). 

2.3.3. Optimization: Reservoir system model, operation objective functions and optimiser 

The reservoir system dynamics is simulated by a mass balance model implemented in Python. The simulation model is 210 

linked to an optimiser to determine the optimal scheduling of pumping (uR,S1) and release (uS1,D and uS2,D) decisions. As 

optimiser we used the NSGA-II multi-objective evolutionary algorithm (Deb et al., 2002) implemented in the open-source 

python package Platypus (Hadka, 2018). We set two operation objectives for the optimiser: to minimize pumping energy 

costs and to maximize the water resource availability at the end of the pump storage period. The first objective function is 

calculated as the sum of the energy costs associated to pumped inflows and pumped releases (uR,S1 and uS1,D) over the 215 

optimisation period. The second function is the mean storage volume in S1 and in S2 at the end of the optimisation period 

(1st April). The release of S1 uS1,R is not considered a decision variable and is defined by the observed values during the 

period of study. This choice is however not likely to have important implications on the optimization results because uS1,R on 

average only represents the 15% of the total S1 releases (uS1,D + uS1,R). Also, we made the simplifying assumption that the 

future water demand is perfectly known at each time step, and thus defined D by the sum of the observed releases from S1 220 

(uS1,D) and S2 (uS2,D) for the period of study, instead of using a demand model. The simplification enables us to focus on the 

relationship between seasonal hydrological forecast skill and the forecast value while avoiding the influence of non-perfect 

water demand forecasts. More details about the reservoir simulation model are given in the Supplementary Material. 

2.3.4. Selection of trade-off solution 

In order to take into account the uncertainty in the selection of the trade-off solution, we estimate the forecast value 225 

under five operating scenarios out of the 20 available in the pre-evaluation Pareto front (see Figure 1). They represent five 

selection rules based on different operational priorities, according to the relative importance given to each performance 

objectives: 1) resource availability only (rao), 2) resource availability prioritised (rap), 3) balanced (bal), 4) pumping 

savings prioritised (psp) and 5) pumping savings only (pso). The same selection rule is consistently applied at each decision 

timestep of the simulation period. The relative importance of the objectives is quantified as the percentile of the performance 230 

improvement along the axes of the pre-evaluation Pareto front. For instance, rao is the extreme solution in the pre-evaluation 

Pareto front that delivers the largest improvement in resource availability; rap is the solution delivering the 75% percentile in 

resource availability increase among the 20 operation scenarios available; bal delivers the median improvement; etc. 
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2.3.5. Forecast skill evaluation 

We used two metrics to evaluate the forecast skill: a skill score and the mean error.  235 

A skill score evaluates the performance of a given forecasting system with respect to the performance of a reference 

forecasting system. As a measure of performance, we use the continuous ranked probability score (CRPS) (Brown, 1974) 

(Hersbach, 2000). As a measure of performance, we use the continuous ranked probability score (CRPS) (Brown, 1974). The 

skill score is then defined as: 

𝐶𝑅𝑃𝑆𝑆 = 1 − 
𝐶𝑅𝑃𝑆𝑆𝑦𝑠

𝐶𝑅𝑃𝑆𝑅𝑒𝑓
 240 

When the skill score is higher (lower) than zero, the forecasting system is more (less) skilful than the reference. When it is 

equal to zero, the system and the reference have equivalent skill. Following the recommendation by Harrigan et al. (2018) 

we used ensemble streamflow predictions (ESP) as a “tough to beat” reference, which is more likely to demonstrate the “real 

skill” of the hydrological forecasting system (Pappenberger et al., 2015).  

The continuous ranked probability score appearing in the above equation is defined as the distance between the cumulative 245 

distribution function of the probabilistic forecast and the empirical distribution of the corresponding observation. At each 

forecasting step, and for a given lead time, CRPS is thus calculated as: 

𝐶𝑅𝑃𝑆(𝑝(𝑥), 𝑦) =  ∫(𝑝(𝑥) − 𝐻(𝑥 < 𝑦))2𝑑𝑥 

Where p(x) represents the distribution of the forecast; y is the observation; and H is the empirical distribution of the 

observation, i.e. the step function which equals 0 when x < y and 1 when x > y. The lower the CRPS, the better the 250 

performance of the forecast. The average CRPS for a given lead time is equal to the mean of the CRPS values across the 

time frame. In this study weekly forecast and observation data were used to compute CRPS.  

The mean error measures the difference between the forecasted and the observed inflows. The mean error is negative when 

the forecasts tend to underestimate the observations and positive when the forecasts overestimate the observations. The mean 

error for a given forecasting step and lead time T [weeks] is: 255 

𝑚𝑒𝑎𝑛 𝑒𝑟𝑟𝑜𝑟 =
1

𝑀
∑ (

1

𝑇
∑(𝐼𝑡,𝑚

𝑆𝑦𝑠𝑡
− 𝐼𝑡

𝑂𝑏𝑠)

𝑇

𝑡=0

)

𝑀

𝑚=0

 

where I is the inflow [ML], t is the timestep [week] and M the total number of members (m) of the ensemble. 

2.3.6. Forecast value evaluation and definition of the benchmark operation 

To evaluate the forecast value of DSP (before and after bias correction) and ESP, we compared the performance of the 

RTOS (Figure 1) informed by these seasonal weather forecast products with a benchmark. The benchmark mimics common 260 

practices in reservoir operation in the UK, whereby operational decisions are made against a worst-case scenario – a repeat 

of the worst hydrological drought on records. We can simulate the benchmark operation using similar steps as in the RTOS 

represented in Figure 1, but with three main variations.  First, instead of seasonal weather forecasts, we use the historical 

weather data recorded in Nov 1975-Apr 1976. Second, the optimiser only determines the optimal scheduling of reservoir 

releases (uS1,D and uS2,D), whereas pumped inflows (uR,S1) are determined by the rule curve applied in the current operation 265 
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procedures. Third, the optimiser only aims at minimising pumping costs, whereas the resource availability objective is turned 

into a constraint, i.e.  the mean storage volume of the two reservoirs must be maximum by the end of the pump storage 

period (1st April) and no trading-off with pumping costs reduction is allowed. 

3. Results 

3.1 Forecast skills 270 

First, we analyse the skill of DSP hydrological forecasts. Figure 3a shows the average CRPSS at different lead times before 

(red) and after (blue) bias correction. Before bias correction, the average forecast skill is highest at 1 month lead time and 

decreases with larger lead time (solid red line). Furthermore, the skill is higher than average in the three driest winters, i.e. 

2005-2006, 2010-2011, 2011-2012 (dashed lines). If we compare DSP to DSP-corr (red and blue solid lines), we see that 

bias correction deteriorates the average skills for shorter lead times (1 and 2 months) while it improves it for longer ones (3,4 275 

and 5 months). In the driest years (dashed lines) bias correction deteriorates the skill for most lead times.  

The average mean error (Figure 3b) indicates that DSP systematically underestimates the inflow observations but less so in 

the three driest winters. After bias correction (DSP-corr), this systematic underestimation turns into a systematic 

overestimation. Also, the average mean error gets lower for longer lead times, though not as much in the driest years. 

In summary, we can conclude that bias correction does not seem to produce a systematic improvement in the forecast skill 280 

for our observation period, but only some improvement at some lead times. On the other hand, what we find in our case 

study is a clear signal of bias correction turning negative mean errors (inflow underestimation) into positive errors 

(overestimation). So, while the magnitude of errors stays relatively similar, the sign of those errors changes. We will go back 

to this point later on, when analysing the skill-value relationship.   

   285 

 

3.2 Forecast value 

The forecast value is presented here as the simulated system performance improvement, i.e. increase in resource availability 

and in pumping cost savings, with respect to the benchmark operation.  

3.2.1 Effect of operational priority scenario and forecast product on the forecast value 290 

We start by analysing the average forecast value over the simulation period 2005-2016 (Figure 4) for the three seasonal 

weather forecast products (DSP, DSP-corr and ESP) and the perfect forecast, under five operational policy scenarios (rao: 

resource availability only; rap: resource availability prioritised;  bal: balanced; psp: pumping savings prioritised; and pso: 

pumping savings only).  

Firstly, we notice in Figure 4 that the monthly pumping energy cost savings vary widely with the operational priority. The 295 

range of variation depends on the forecast type, going from £20,000 to £48,000 for the perfect forecast and from -£77,000 to 

£48,000 for the three seasonal weather forecasts.  For all forecast products, the improvement in resource availability shows 

lower variability with an improvement of less than +2% (of the mean storage volume in S1 and in S2 at the end of the 

optimisation period) for rao, and a deterioration of -2% for pso. While this seems to suggest a lower sensitivity of the 
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resource availability objective, variations of few percent points in storage volume may still be important in critically dry 300 

years. 

As for the forecast value, we find that perfect forecast brings value (i.e. a simultaneous improvement of both objectives) in 

the two scenarios that prioritize the increase in resource availability (rao and rap), DSP brings no value in any scenarios, 

DSP-corr has positive value in the rap and bal scenario, and ESP in the bal only. In other words, real-time optimisation 

based on seasonal forecasts can outperform the benchmark operation, but whether this happens depends on both the forecast 305 

product being used and the operational priority. 

An interesting observation in Figure 4 is that the distance in performance between using perfect forecasts and real forecasts 

(DSP, DSP-corr, ESP) is very small under scenarios that prioritise energy savings (bottom-right quadrant) and much larger 

under scenarios prioritising resource availability (top quadrants). This indicates a stronger skill-value relationship under the 

latter scenarios, i.e. improvements in the forecast skill are more likely to produce improvements in the forecast value if 310 

resource availability is the priority. 

Last, if we compare DSP with DSP-corr we see that the effect of bias correction is mainly a systematic shift to the right 

along the horizontal axis, i.e. an improvement in energy cost savings at almost equivalent resource availability. Thanks to 

this shift, in the scenario that prioritises resource availability (rap), DSP-corr outperforms ESP. In fact, using DSP-corr is 

win-win with respect to the benchmark (i.e. the rap performance falls in the top-right quadrant in Figure 4) while using ESP 315 

is not, as it improves the resource availability at the expenses of pumping energy savings (i.e. producing negative savings). 

 

3.2.2 Effect of uncertainty consideration on forecast value 

We now analyse the effect that different characterisations of forecast uncertainty have on the DPS-corr forecast value. We 

start by the extreme case when uncertainty is not considered at all in the real-time optimisation, i.e. when we take the mean 320 

value of the DSP-corr forecast ensemble and use it to drive a deterministic optimisation. The results are reported in Figure 5, 

which shows that the solution space shrinks to the bottom-right quadrant and, no matter the decision maker priority, the 

deterministic forecast has no value because energy savings are only achieved at the expenses of reducing the resource 

availability.  

We also consider intermediate cases where optimisation explicitly considers the forecast uncertainty, but the size of the 325 

forecast ensemble varies between 5 and 25 members (the original ensemble size). For clarity of illustration, we focus on the 

resource availability prioritised (rap) scenario only. We chose this scenario because it seems to best reflect the current 

preferences of the system managers, whose priority is to maintain the resource availability while reducing pumping costs as 

a secondary objective. Moreover, the previous analysis (Figure 4) has shown that the optimised rap has a larger window of 

opportunity for improving performance with respect to the benchmark and could potentially improve both operation 330 

objectives if the forecast skill was perfect. 

For each chosen ensemble size, we randomly choose 10 replicates of that same size from the original ensemble, then we run 

a simulation experiment using each of these replicates, and finally average their performance. Results are again shown in 
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Figure 6. For a range of 10 to 20 ensemble members, the forecast value remains relatively close to the value obtained by 

considering the whole ensemble (25 members). However, if only 5 members are considered, the resource availability is 335 

definitely lower and cost savings higher, so that the trade-off that is actually achieved is different from the one that was 

pursued (i.e. to prioritise resource availability). Notice that the extreme case of using 1 member, i.e. the deterministic 

forecast case (green cross in Figure 6), further exacerbates this effect of ‘achieving the wrong trade-off’ as resource 

availability is even lower than in the benchmark. 

3.2.3 Year-by-year analysis of the forecast value 340 

We now study more in detail the year-by-year relationship between skill and value, and between hydrological conditions and 

value. Again, for the sake of simplicity we focus on the most relevant priority scenario of resource availability priority (rap). 

For this scenario, Figure 6 plots the improvement in system performance achieved in every year against different indicators 

of skill and hydrological conditions (the plots for the other scenarios are reported in the Supplementary Material). 

The two top and bottom panels on the left (a,b, f and g) show that the forecast skill, measured by either the CRPSS or the 345 

mean error, is in general weakly correlated to the system performances (Spearman coefficient < 0.5 and p-value > 0.05). 

Similarly, weak correlation was found in the other priority scenarios (see Supplementary material). The other panels (c-e,h-j) 

show that the Initial storage (on November, 1st), the Total inflows (from November to the end of April), and their sum 

(called ‘Hydrological conditions’) are more strongly correlated to the performance. In particular, the correlation is strongest 

and with highest confidence (Spearman correlation = -0.60, p-value = 0.05) between the Hydrological conditions and the 350 

Increase in resource availability (Figure 6e). The correlation between the Initial storage and the Increase of resource 

availability (Figure 6c) is lower (Spearman correlation = -0.41, p-value = 0.21), although visually we can observe a threshold 

effect with a sharp increase of the value in the two years with the lowest initial storage (2011-2012 and 2010-2011). This 

result may have interesting operational implications, as further discussed in the next Section. 
 355 
Last, in Figure 7 we investigate the distribution of benefits (i.e. increased resource availability, top, and energy cost savings, 

bottom) along the simulation period. We compare three different forecast products, DSP, DSP-corr and ESP, in the rap 

scenario. First, we observe that two specific year play the most important role in improving the system performance with 

respect to the benchmark: 2010-11 for pumping cost savings (bottom panel) and 2011-12 for resource availability (top). 

These years correspond to the driest conditions in the period of study (see inflow and initial condition data in the top panel, 360 

and the Supplementary Material for further analysis of the inflow data). When comparing DSP-corr with DSP (blue and grey 

bars), we observe that they perform similarly in terms of resource availability but DSP-corr performs better for energy 

savings. This difference was observed already when looking at average performances over the simulation period (Figure 4) 

and can be related to the change in sign of forecasting errors induced by bias correction (Figure 3b). In fact, without bias 

correction, reservoir inflows tend to be underestimated, which leads the RTOS to pump more frequently and often 365 

unnecessarily (e.g. in 2005-06, 2006-07, 2007-08, etc.). With bias correction, instead, inflows tend to be overestimated, and 

the RTOS uses pumping less frequently. Interestingly, the reduction in pumping still does not prevent to improve the 

resource availability with respect to the benchmark. This is achieved by the RTOS through a better allocation of pump and 
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release volumes over the optimisation period. When comparing DSP-corr with ESP, we find that the largest improvements 

with respect to the benchmark are gained in the same years for both products, in the driest years. As already emerged from 370 

the analysis of average performances (Figure 4), we see that ESP achieves slightly better resource availability than DSP-corr 

but with less pumping cost savings. ESP in particular seems to produce ‘unnecessary’ pumping costs in 2006-07, 2011-12 

and 2013-14, where DSP-corr achieves a similar resource availability (top panel) at almost no cost (bottom). It must be noted 

that for the ESP approach, three specific years play the most important role in decreasing the pumping energy cost savings 

with respect to the benchmark, 2006-07, 2011-12 and 2013-14 (Figure 7b), which together with 2010-11 have the lowest 375 

initial storage (Figure 7a). 

4. Discussion 

Our study provides some insights on the complex relationship between forecast skill and its value for decision-making. 

Although these findings may be dependent on the case study and time period that was available for the analysis, they still 

enable us to draw some more general lessons that could be useful also beyond the specific case investigated here. 380 

First, we found that the use of bias correction to improve the skill and value of DSP forecast is less straightforward than 

possibly expected. Our results show that on average bias correction slightly improves the DSP forecast skill (as measured by 

CRPSS and mean error) but it can reduce it in dry years (Figure 3). This is because in our system DSP forecasts 

systematically underestimate inflows (before bias correction), which means their skill is relatively higher in exceptionally 

dry years and is deteriorated by bias correction. To our knowledge, no previous study reported such difference in skill for the 385 

ECMWF SEAS5 forecasts in dry years in the UK, hence we are not able to say whether our result applies to other systems in 

the region. However, the result points at a possible intrinsic contradiction in the very idea of bias correcting based on 

climatology-based forecast (e.g. ESP). In fact, by pushing forecasts to be more alike climatology, one may reduce the ‘good 

signal’ that may be present in the original forecast in years that will indeed be significantly drier (or wetter) than 

climatology. As exceptional conditions are likely the ones when water managers can extract more value from forecasts, the 390 

argument that bias correction ensures average performance at least equivalent to ESP (e.g. Crochemore et al. (2016)) may 

not be very relevant here. We would conclude that more studies are needed to investigate the benefits of bias correction 

when seasonal hydrological forecasts are specifically used to inform water resource management. 

While we could not find an obvious and significant improvement of forecast skill after bias correction, we found a clear 

increase in forecast value (Figure 4). In fact, RTOS based on bias-corrected DPS considerably reduce pumping costs with 395 

respect to original DPS, while ensuring similar resource availability. We explained this finding by the change in the sign of 

forecasting errors induced by bias correction – from a systematic underestimation of inflows to a systematic overestimation. 

While this change is again case specific, a general implication is that not all forecast errors have the same impact on the 

forecast value. From a water resource management perspective, the improvement of forecast accuracy in some directions can 

be more ‘valuable’ than others. This also implies that not all skill scores may be equally useful and relevant for water 400 

resource managers. For example, in our case a score that is able to differentiate between overestimation and underestimation 
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error, such as the mean error, seems more adequate than a score such as CRPSS, which is insensitive to the error sign. This 

said, our results overall suggest that inferring the forecast value from its skill may be misleading, given the weak correlation 

between the two (at least as long as we use skill scores that are not specifically tailored to water resources management). 

Running simulation experiments of the system operation, as done in this study, can shed more light on the value of different 405 

forecast products. 

While we found a weak correlation between forecast skill and value, we found that forecast value is more strongly liked to 

hydrological conditions (Figure 6). As expected, a forecast-based RTOS system is particularly useful in dry years, where we 

find most of the gains with respect to the benchmark operation (Figure 7). This is consistent with previous studies for water 

supply system, e.g. Turner et al., 2017. An interesting finding in our system is that the value of forecast-based RTOS seems 410 

correlated to the Initial conditions (total storage value) of the system. Given that this initial condition is known at the 

beginning of the pumped-storage season, in practice this indicator could be used to decide whether to use the forecast-based 

RTOS approach in the coming months or not. In fact, using the RTOS has a cost in that downloading seasonal weather 

forecasts, transforming them into hydrological forecasts and bias correcting, running optimisation, etc. takes time. So, water 

managers may choose to use RTOS only in those years where they expect it will lead to considerable improvements of 415 

system performance. 

Similarly, in light of the pre-processing costs of seasonal weather forecasts, it is interesting to discuss whether their use is 

justified with respect to a possibly simpler-to-use product such as ESP. In this study, we found ESP to be a ‘hard-to-beat’ 

reference not only in terms of skills (as previously found by others, e.g. (Harrigan et al., 2018)) but also in terms of forecast 

value (Figure 4). In fact, the use of DSP-corr delivers higher energy savings with respect to ESP (without compromising the 420 

resource availability) at least in the most relevant operating priority scenario (the rap scenario, see Figure 7). However, 

whether these cost-savings are large enough to justify the use of DSP-corr, or whether water managers may fall back on 

using simpler ESP, is difficult to argue and remain an open question with the simulations results available so far.  

One point where our results instead point to a univocal and clear conclusion is in the importance of explicitly considering 

forecast uncertainty (Figure 5). In fact, RTOS outperforms the current operation when using ensemble forecasts, but it does 425 

not if uncertainty is removed and the ensemble mean is used within a deterministic optimisation approach. This is in line 

with previous results obtained using short-term forecasts for flood control (Ficchì et al., 2016), who found that consideration 

of forecast uncertainty could largely compensate the loss in value caused by forecast errors), hydropower generation 

(Boucher et al., 2012) and multi-purpose systems (Yao and Georgakakos, 2001). It is also consistent with previous results by 

Anghileri et al. (2016), who did not find significant value in seasonal forecasts while using a deterministic optimisation 430 

approach (they did not explore the use of ensemble though). From the UK water industry perspective, we hope our results 

will motivate a move away from the deterministic (worst-case scenario) approach that often prevails when using models to 

support short-term decisions, and a shift towards more explicit consideration of model uncertainties. Such a move would also 

align with the advocated use of “risk-based” approaches for long-term planning (Hall et al., 2012, Turner et al., 2016, 

UKWIR, 2016a, UKWIR, 2016b), which have indeed been adopted by water companies in the preparation of their Water 435 
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Resource Management Plans (SouthernWater, 2018, UnitedUtilities, 2019). The results presented here, and in the above 

cited studies, suggest that greater consideration of uncertainty and trade-offs would also be beneficial in short-term 

production planning. Last, we tried to investigate whether we could evaluate the effect of the ensemble size on the value of 

the uncertain forecasts. We found that in our case study we could reduce the number of forecast members down to about 10 

(from the original size of 25) with limited impact on the forecast value (Figure 5). This is important for practice because by 440 

reducing the number of forecast members one can reduce the computation time of the RTOS. While we cannot say if such 

‘optimal’ ensemble size would apply to other systems too, we would suggest that future studies could look at how the quality 

of the uncertainty characterisation impacts on the forecast value, and whether a ‘minimum representation of uncertainty’ 

exists that ensures the most effective use of forecasts for water resource management. 

4.1 Limitations and perspective for future research and implementation 445 

Our study is subject to a range of limitations that should kept in mind when evaluating our results. First, the current (and 

future) skill of seasonal forecasts varies spatially across the UK depending on the influence of climate teleconnections and 

particularly the NAO. Given that our case study is located in the West of the UK, where the NAO influence has been found 

to be stronger than in the East (Svensson et al., 2015), our simulated benefits of using DSP seasonal forecasts may be 

particularly optimistic. Second, the general validity of the results is limited by the relatively short period (2005-2016) that 450 

was available for historical simulations, and which may be insufficient to fully characterise the variability of hydrological 

conditions and hence accurately estimate the system’s performances (see for example discussion in Dobson et al. (2019)). 

Hence we aim at continuing the evaluation of the RTOS over time as new seasonal forecasts and observations become 

available. Another limitation of evaluation of the RTOS is that we used the observed water demand, hence implicitly 

assuming that operators know in advance the demand values for the entire season with full certainty. 455 

The Python code developed to generate the seasonal inflow forecasts, to optimise the system operation and to visualise the 

pre-evaluation Pareto front (with its uncertainty), has been implemented in a set of interactive Jupyter Notebooks, which we 

have now transferred to the water company in charge of the pumped-storage decisions. This toolkit aims at addressing some 

of the problems identified in the literature for the implementation of forecast informed reservoir operation systems, by 

providing better “packaging” (Goulter, 1992) of model results and their uncertainties, enabling the interactive involvement 460 

of decision makers (Goulter, 1992) and creating a standard and formal methodology (Labadie, 2004) to support model-

informed decisions. Besides supporting the specific decision-making problem faced by the water company involved in this 

study, through this collaboration we aim at evaluating more broadly the effectiveness of our toolkit to promote knowledge 

transfer from the research to the professional community. Through the use of the toolkit, we also hope to gain a better 

understanding of how decision-makers view forecast uncertainty, the institutional constraints limiting the use and 465 

implementation of this information (Rayner et al., 2005) and the most effective ways in which forecast uncertainty and 

simulated system robustness can be represented. 
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5. Conclusions 

This work assessed the potential of using a real-time optimization system informed by seasonal forecasts to improve 

reservoir operation in a UK water supply system. While the specific results are only valid for the studied system, they enable 470 

us to draw some more general conclusions. First, we found that the use of seasonal forecasts can improve the efficiency of 

reservoir operation, but only if the forecast uncertainty is explicitly considered (e.g. via ensemble forecast). Second, while 

dynamical streamflow predictions (DSP) generated by numerical weather predictions provided the highest value in our case 

study (under a scenario that prioritise water availability over pumping costs), still ensemble streamflow predictions (ESP), 

which are more easily derived from observed meteorological conditions in previous years, remain a hard-to-beat reference in 475 

terms of both skill and value. Third, the relationship between the forecast skill and its value for decision-making is complex 

and strongly affected by the decision maker priorities and the hydrological conditions in each specific year. It must be noted 

that in practice the decision-making priorities are not solely related to the selection of a specific Pareto-optimal solution, but 

also the methodology in the first place, i.e. the “risk” taken in using something other than the worst-case scenario and in 

applying bias correction or not. We hope that this study will contribute to show that seasonal forecasts can deliver benefits to 480 

inform operational decisions even if their skill is low; and stimulate further research towards better understanding the skill-

value relationship and finding ways to extract value from forecasts in support of water resource management. 
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Figure 1 Diagram of the methodology used in this study to generate operational decisions using a Real-time 620 

optimisation system (RTOS) (left) and to evaluate its performances  (right). In the evaluation step, the RTOS is 

nested into a closed loop simulation where at every time step historical data (weather, inflows and demand), along 

with the operational decisions suggested by the RTOS, are used to move to the next step by updating the initial 

hydrological conditions and reservoir storage. 
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 625 

 

Figure 2 A schematic of the reservoir system investigated in this study to test the Real-time optimization systems.  I is 

natural reservoir inflow, S reservoir node, u controlled inflows/releases, R river and D human demand node. The 

system is a two-reservoir system where S1 both supports downstream abstraction during low river (R) flows and use 

pumped releases to complement gravity releases from S2 in supplying D. The system has the possibility of pumping 630 

water into S1 from Nov to Apr. 
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Figure 3 Skill of the hydrological forecast ensemble measured by the CRPSS (a) and the mean error (b) for different lead times. 

Red lines represent the skill of the non-bias corrected ECMWF seasonal forecast, blue lines represent the skill after bias 635 
correction. The solid line represents the mean skill over the period 2005-2016, while circles, crosses and triangles represent the 

skill in 3 particularly dry winters. CRPSS = 1 represents the perfect forecast and CRPSS = 0 the no skill threshold with respect to 

the benchmark (ESP).     
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 640 

Figure 4 Post-evaluation Pareto fronts representing the average system performance improvement (over period 2005-2016) of the 

real-time optimization system during the pumping licence window (1 Nov - 1 Apr) with respect to the benchmark (black diamond), 

using four forecast products: non-corrected forecast ensemble (DSP), bias corrected forecast ensemble (DSP-corr), ensemble 

streamflow prediction (ESP) and perfect forecast. For each of the four forecast products five decision making priorities are 

represented depending on the dominant priority from 100% priority to maximize resource availability (top left) to 100% priority 645 
to maximize cost savings (bottom right): resource availability only (rao; in blue), resource availability prioritised (rap; in green), 

balanced (bal; in grey), pumping savings prioritised (psp; in green) and pumping savings only (pso; in red). The pumping energy 

cost is calculated as the sum of the energy costs associated to pumped inflows and pumped releases and the resource availability as 

the mean storage volume in both reservoirs (S1 and S2) at the end of the optimisation period. The annotation is the corresponding 

operational priority scenario for each point. 650 
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Figure 5 Post-evaluation Pareto fronts representing the average system performance (over period 2005-2016) of the real-time 

optimization system during the pumping licence window (1 Nov - 1 Apr) with respect to the benchmark (black diamond), using 

bias corrected forecast deterministic (DSP-corr deterministic) and bias corrected forecast ensemble (DSP-corr) with different 655 
ensemble size. For practical purposes, only the “resource availability prioritised” scenario (rap) is represented for the DSP-corr. 

The annotation is the corresponding operational priority for each point. The annotation numbers are the number of ensemble 

members considered. The perfect forecast for rap is also represented for reference purposes. 
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660 

 

Figure 6 Bias corrected forecast ensemble (DSP-corr) for the “resource availability prioritised” scenario - correlation between 

Increase of resource availability and a) CRPSS, b) mean error, c) initial storage (1 Nov), d) total inflows (1 Nov – 1 Apr) and e) 

hydrological conditions (initial storage + total inflows) and between Pumping energy cost savings and f) CRPSS, g) mean error, h) 

initial storage (1 Nov), i) total inflows (1 Nov – 1 Apr) and j) hydrological conditions (initial storage + total inflows). Each point 665 
represents a year. Correlation and its significance are quantified by the Spearman coefficient and the p-value, respectively. 
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Figure 7 Year-by-year a) Total observed inflows (1 Nov - 1 Apr), Initial reservoir storage (1 Nov) and Hydrological conditions 

(Total observed inflows + Initial storage) (right hand y-axis) and Increase of resource availability (left hand y-axis) and b) 670 
Pumping energy cost savings of the real operation system informed by: the dynamical streamflow prediction (DSP), the bias 

corrected dynamical streamflow prediction (DSP-corr) and the ensemble streamflow prediction (ESP) for the “resource 

availability prioritised” (rap) scenario. 

  

https://doi.org/10.5194/hess-2020-89
Preprint. Discussion started: 6 March 2020
c© Author(s) 2020. CC BY 4.0 License.


