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Abstract The quality of the forecasts, that is, the accuracy in predicting the observed streamflow,
affects the decisions that can be taken thus determining the success or failure of hydropower operations,
that is, the so-called forecast value. Although preprocessing techniques can be employed to improve
forecast quality, the corresponding improvement in forecast value to hydropower is not straightforward to
anticipate because of the complex relationship between quality and value, which depends on the
hydrometeorological regime and water system features. The objective of this paper is to demonstrate the
value to hydropower reservoir operations of preprocessed (i.e., bias corrected and downscaled) subseasonal
forecasts and to compare the forecast quality and value across and within seasons. We use the forecast
ensembles provided by the European Center for Medium-Range Weather Forecasts (ECMWF). We assess
forecast quality in terms of bias, Continuous Ranked Probability Score (CRPS), and Continuous Ranked
Probability Skill Score (CRPSS), and forecast value in terms of mean revenue and avoided unproductive
spill. We consider daily subseasonal hydrometeorological forecasts covering lead times up to 1 month and
a quantile mapping technique to preprocess the hydrometeorological forecasts. Forecasts are then used in a
rolling horizon set up to optimize hydropower operations of the Verzasca hydropower system in the Alps
(CH). Results show that preprocessing is essential to improve both forecast quality and value. Although
hydropower reservoir operations benefit from considering forecasts all the yearlong, the relationship
between forecast quality and value is complex and strongly depends on the metrics used to assess forecast
quality and value and on the season.

1. Introduction
The ability of forecasting hydrometeorological variability has increased in recent years due to advancement
in understanding of hydrometeorological processes, growing availability of observations (in particular due
to remote sensing), the increase of computational power, and the associated development of high quality
computer-based forecasting systems (Boughton & Droop, 2003). The improved forecasting capabilities have
favored the use of meteorological and hydrological forecasts in many sectors, including water management.

Different research initiatives focus nowadays on the subseasonal time horizon for hydrometeorological fore-
casts (Hao et al., 2018; Robertson et al., 2015; Vitart et al., 2017; Vitart & Robertson, 2018; Yuan et al., 2015).
Subseasonal forecasts are usually generated at weekly or biweekly intervals on lead times up to 5 weeks
and cover the poorly investigated forecast horizon between the short- and medium-range weather forecast,
that is, up to approximately 14 days lead time, and seasonal outlooks, that is, up to 12 months. The main
challenge of using subseasonal hydrometeorological forecasts for specific water management applications is
that the forecasts are usually provided at coarse spatial resolution (e.g., larger than 50 km) and often exhibit
model specific biases (e.g., Bogner et al., 2018; Cloke & Pappenberger, 2009; White et al., 2017).

Various techniques can be applied to downscale hydrometeorological forecasts, thus enhancing their
spatial resolution, and to bias correct them (e.g., Li et al., 2017). By hydrometeorological forecasts we
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mean forecast generated by the combination of a numerical weather prediction model and a hydrologi-
cal model. From a hydrological perspective, the forecasts can be preprocessed, if the processing techniques
are applied to the meteorological forecasts, or postprocessed, if the processing techniques are applied to the
hydrological forecasts. In both cases, they are meant to minimize differences between the model outputs
and the corresponding observations.
Many studies show that such preprocessing techniques can enhance the performance of short- to
medium-range forecasts over Europe (Crochemore et al., 2016; Greuell et al., 2018; Lucatero et al., 2018a).
For example, Crochemore et al. (2016) show the importance of preprocessing precipitation forecasts to
enhance the forecast quality of runoff predictions for different catchments in France. Hegdahl et al. (2019)
emphasize the importance of preprocessing temperature for catchments with seasonal snow cover in Nor-
way. Similarly, recently published studies suggest that the performance of hydrometeorological predictions
on the subseasonal time scale can be increased by preprocessing in different regions even if the performance
of the forecasts as well as the effect of preprocessing highly depends on the catchment characteristics and
location (e.g., Meissner et al., 2017; Shah et al., 2017; Schepen et al., 2018; Tian et al., 2017). Traditionally,
forecasting systems are assessed in terms of forecast quality (or forecast skill), that is, how well they are able
to anticipate hydrological conditions (e.g., Murphy, 1993). When forecasts are used to support water man-
agement, though, they should also be assessed in terms of forecast value, that is, in terms of how much they
help to make better decisions (e.g., Anghileri et al., 2016; Turner et al., 2017; Weijs et al., 2010). The intuitive
assumption that higher skill always leads to improved decisions has been disproved by studies in several
different sectors, for example, for water management related to agricultural and health decision making
(e.g., Chiew et al., 2003; Goddard et al., 2010). Indeed, depending on the application, the sensitivity of fore-
cast value to forecast errors can be small, meaning that improved forecast quality does not necessarily mean
improved forecast value. Therefore, it is of utmost importance to assess forecast quality and value together.
In fact, while exhibiting a high forecast quality is important for the reliability of the forecasts, exhibiting a
high value is fundamental to promote the use of forecasts in real-world applications by decision-makers and
end-users (Block, 2011; Watkins & Wei, 2008; Whateley et al., 2014).
While a considerable research effort has been made to develop procedures to thoroughly assess the quality of
hydrometeorological forecasts and quantify their uncertainty (e.g., Schaake et al., 2007; Laio & Tamea, 2007;
Rossa et al., 2011; Sheffield et al., 2013), forecast value has not been investigated as thoroughly. Most of the
studies focus on the value of forecasts on relatively short forecast horizons for flood control (e.g., Breckpot
et al., 2013; Ficchì et al., 2016; Galelli et al., 2014; Wang et al., 2012). At a longer time scale and focus-
ing specifically on hydropower operations, several authors assessed the economic value associated to using
forecasts for improving reservoir operations. Hamlet et al. (2002) assessed the economic value of stream-
flow forecasts based on El Niño/Southern Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO)
to a series of hydropower reservoirs on the Columbia River (USA). Yao and Georgakakos (2001) compared
a traditional management system to an adaptive forecast-decision system, which includes inflow forecasts
and a multireservoir system operated for hydropower production and flood protection in California. Block
(2011) analyzed the benefit of specifically tailored forecast for hydropower operations in the upper Blue Nile
basin (Ethiopia) particularly focusing on the sensitivity of the hydropower performance on different forecast
errors. Arsenault and Côté (2018) quantified the effects of forecast biases on Ensemble Streamflow Predic-
tion (ESP) using different deterministic optimization methods to design the operations of a multireservoir
hydropower scheme in Quebec (Canada). Boucher et al. (2012) analyzed the improvement in hydropower
operations on the Gatineau River (Canada) achievable by using streamflow forecasts from an operational
point of view. These works show that a combination of high quality forecasts and flexible decision mak-
ing systems are key to increase the productivity and the economic value of hydropower systems around the
world.

In this paper, we jointly assess quality and value of subseasonal hydrometeorological forecasts to improve
the operations of an existing storage hydropower system in an Alpine region characterized by complex orog-
raphy and mixed rain-snow-dominated hydrological regime. In particular, we focus on the role of quantile
mapping (QM) as preprocessing technique for meteorological forecasts by comparing raw (i.e., non prepro-
cessed) and preprocessed forecasts to quantify the improvements that preprocessing induces in terms of both
hydrometeorological forecast quality and value across and within different seasons. The specific research
questions are as follows:
• how much can preprocessing improve the quality of subseasonal hydrometeorological forecasts in an

Alpine catchment characterized by complex terrain?
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• what is the value of preprocessing to hydropower operations?
• in which conditions does an improvement in forecast quality translate into an improvement in forecast

value?

We build a forecast-based adaptive management framework, which integrates hydrometeorological fore-
cast and hydropower system optimization. The meteorological forecasts are a subseasonal meteorological
forecast ensemble provided by the European Center for Medium-Range Weather Forecasts (ECMWF) with
a spatial resolution of 50 km2 and daily temporal resolution. Similarly to Monhart et al. (2019), the mete-
orological forecasts are preprocessed using QM with the double purpose of reducing the forecast errors
(bias correction) and enhancing the spatial resolution (downscaling to 2-km × 2-km spatial resolution) to
serve as input to the distributed Precipitation-Runoff-Evapotranspiration-Hydrotope (PREVAH) hydrolog-
ical model. Finally, the hydrological forecasts are included into an optimal control problem to design the
hydropower reservoir operations which guarantee the maximum hydropower revenue. Both the forecasts
and the optimal release sequence are produced using a rolling horizon scheme characterized by a daily time
resolution, a 1-month-long horizon, and a weekly update. Similarly to the framework proposed in Anghileri
et al. (2016), we assess the value of the raw and preprocessed forecasts by comparing the performance of
the hydropower system operations to lower and upper bound performances, corresponding, respectively,
to using the climatological forecast (i.e., historical streamflow climatology) and the perfect forecast (i.e.,
hydrological simulation using observed meteorological data) into the optimization scheme.
The forecast-based adaptive management framework is tested on a real-world case study, the Verzasca
hydropower system on the Swiss Alps. Subseasonal hydrometeorological forecasting is particularly chal-
lenging in this region because of the complex orography and the weaker effect of teleconnection patterns
(e.g., the North Atlantic Oscillation) that influence the weather in the Europe (e.g., Domeisen et al., 2018)
as for example compared to the El Niño/Southern Oscillation phenomenon in the tropics (e.g., Tang et al.,
2018). Such teleconnection patterns are influenced by the sea surface temperature, the stratosphere dynam-
ics, and the sea ice concentration, which are the main sources of predictability at the subseasonal to seasonal
time scale. The Verzasca catchment is a mountainous and glacier-free catchment with highly varying runoff
characteristics between seasons. During winter the precipitation is stored in the catchment as snow leading
to reduced runoff. In contrast, precipitation in late summer to autumn directly contributes to runoff gener-
ation. Snow melt in spring and summer can further enhance the precipitation-driven runoff peaks. Because
the processes generating runoff are different depending on the season, the quality of the hydrometeorolog-
ical forecasts can significantly differ within the year. As a consequence, also the effect of the preprocessing
can be different depending on the season (e.g., Monhart et al., 2019). The Verzasca hydropower system is
composed of a regulated reservoir feeding a power plant. Because of the relative large streamflow volumes
originated in spring by snow melt and in autumn by rain storms, the anticipation of streamflow peaks is
critical for the hydropower system management, especially to minimize unproductive spills and maximize
the electricity revenue.

The novelty of the paper consists in (i) the integration of existing models and approaches to demonstrate
the economic value to hydropower reservoir operations of using hydrological forecasts which are based on
bias corrected and downscaled subseasonal meteorological forecasts and (ii) the comparison between the
improvements of forecast quality and value across and within seasons. Hence, we first provide a verifica-
tion of the of preprocessed hydrometeological forecasts against hydropower reservoir inflow to assess their
quality and, in a second step, their economic benefit thus quantifying the forecast value for the hydropower
operations.

The paper is organized as follows. Section 2 describes in detail the forecast-based adaptive management
framework. Section 3 describes the design of the experiments and the metrics used to assess forecast quality
and value. Section 4 describes the hydropower system used to demonstrate the approach. Section 5 presents
the results in terms of forecast quality and value and their relationship. Finally, section 6 summarizes the
main contribution of the paper, discusses the limitations, and recommends directions for future work.

2. Methods
We use the forecast-based adaptive management framework shown in Figure 1. It is composed of (i) a
numerical weather prediction model which provides meteorological (raw) forecasts, (ii) a preprocessing
which downscales and bias corrects the raw forecasts, thus obtaining preprocessed meteorological forecasts,
(iii) a hydrological model which produces streamflow forecasts, and (iv) a hydropower system optimization
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Figure 1. Forecast-based adaptive management framework composed of a numerical weather prediction model,
preprocessing, a hydrological model, and a hydropower system optimization scheme. The experimental setting consists
of four experiments which are based on two forecasts, raw (i.e., non preprocessed) and preprocessed forecasts, and two
benchmarks including climatological forecasts (i.e., historical streamflow climatology) and perfect forecasts (i.e.,
hydrological simulations using observed meteorological data).

scheme which defines the optimal operations of the hydropower system. These modeling steps are described
in detail in the following sections. The modeling choices we undertake in this work are meant to resem-
ble the actual behavior of the hydropower operator, as we aim at demonstrating the value of subseasonal
forecasts for practical water management applications.

2.1. Numerical Weather Prediction Model
We use the forecasts from the extended-range (i.e., subseasonal) Integrated Forecast System (IFS) provided
by the European Center for Medium-Range Weather Forecasts (ECMWF). In particular, we use the out-
put of the IFS model version CY40r1 that was operational from November 2013 to May 2015 (see ECMWF
(2014) for the documentation of the specific model version). Along with the forecasts issued in the period
2013–2015, the IFS CY40r1 provides subseasonal ensemble reforecasts (i.e., retrospective forecasts for the
period 1994–2015 that are generated with the same forecast system settings, that is, the same resolution,
parametrizations, etc.) with five members, covering 32 days lead time, and issued every week. The forecasts
and reforecasts have a spatial resolution of 50 km2 and daily temporal resolution. A general description of
the forecast system can be found in Vitart (2004) and Vitart et al. (2014).

In this work, we only use the reforecast on the period 2000–2014, because this is the period when the data
concerning the hydropower system are available (see section 4). It is worth mentioning that this data set
is unique because this model version was operational for more than a year, thus ensuring a proper com-
parison of the forecast quality across different seasons. Furthermore, using the reforecasts (and not the
forecasts which are only available for one single year) ensures that we account for the year-to-year variabil-
ity of specific weather patterns when computing the forecast quality and value. In the following sections of
the manuscript, the term forecasts is used to refer to the reforecasts.

2.2. Preprocessing
The raw meteorological forecasts are preprocessed with the twofold purpose to reduce errors in the fore-
casts (bias correction) and to enhance their spatial resolution (downscaling). We apply an empirical QM
technique, a simple and widely used technique for forecast preprocessing (e.g., Kang et al., 2010; Lucatero
et al., 2018b; Verkade et al., 2013). The basic principle of the QM technique is to correct a given forecast so
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that the quantiles of the empirical cumulative distribution function (cdf) of the forecasts match the quan-
tiles of the cdf of the historical observations. In particular, we use the methodologies presented in Monhart
et al. (2018) and Monhart et al. (2019). They analyze respectively the effect of preprocessing from the mete-
orological perspective and from a hydrological perspective focusing on several catchments in Europe and in
Switzerland.

Monhart et al. (2018) apply the framework on a wide data set comprising 1,637 surface meteorological obser-
vations over the European continent to determine the quality of the raw and preprocessed temperature and
precipitation forecasts. Their results clearly show that preprocessing leads to improvements in the quality of
subseasonal temperature and precipitation forecasts from a meteorological perspective. The improvement
in forecast quality is especially relevant in areas characterized by complex terrain where the meteorological
variables are impacted by local effects induced by the orography. Monhart et al. (2019) discuss the relative
effect of preprocessing either temperature or precipitation only, showing that preprocessing both is essen-
tial to obtain high quality streamflow forecasts. Building from the results of these two studies, the focus of
this paper is to analyze the effect of preprocessing for operational use for a specific hydropower system.

We use a gridded observational data set of 2-km × 2-km spatial resolution and daily temporal resolution
from the Federal Office for Meteorology and Climatology (MeteoSwiss) to derive the cdf of the observed
temperature and precipitation (Frei, 2014; Isotta et al., 2015; MeteoSwiss, 2016a, 2016b). Each forecast is
corrected in a leave-one-year-out cross-calibration framework using the QM method to avoid introducing
artificial skill in the forecasts. We preprocess the forecasts by applying a lead time and season dependent
QM correction. The cdf of the forecast is computed from the data within a 7-day window centered around
the value to be corrected, and the first 7 days of the previous and subsequent forecasts to obtain a larger data
set (composed of a total of 21 days). The cdf of the observations is computed from the observed flow within
a 21-day window centered around the day to be corrected.

We preprocess both temperature and precipitation, while the additional variables needed to drive the hydro-
logical model (i.e., relative humidity, sunshine duration, surface albedo, and solar radiation, as detailed in
section 2.3) are not preprocessed. Although these variables could benefit from a preprocessing step as well,
we would require observations at high resolution and of good quality which are not available. Tempera-
ture and precipitation are also the key drivers of the hydrologic response in the considered Alpine region
and their observations are available with temporal and spatial resolutions required by hydrological model-
ing. In addition, the effect of preprocessing temperature and precipitation on the quality and the value of
subseasonal forecasts is still largely unknown and thus worth analyzing on its own.

2.3. Hydrological Model
We use a distributed version of the Precipitation-Runoff-Evapotranspiration-Hydrotope (PREVAH) model
to produce the hydrological forecasts with a spatial resolution of 200-m × 200-m. The PREVAH model is
a hydrological model specifically designed to capture hydrological processes that are important for catch-
ments in complex terrain. The conceptual process-based approach of PREVAH represents relevant processes
such interception, evapotranspiration, runoff and baseflow generation, groundwater, and, most importantly
for Alpine regions, snow accumulation and snow melt. It takes precipitation, temperature, and additional
meteorological variables, such as relative humidity, sunshine duration, surface albedo, and solar radiation,
as input. The description of the original lumped model is included in Gurtz et al. (1999), Viviroli, Zappa,
Schwanbeck, et al. (2009) and Zappa et al. (2003), while the extension to the fully distributed model used in
this work is described in Speich et al. (2015) and Schattan et al. (2013). The model configuration specifically
used in this work is described in detail by Orth et al. (2015) and Monhart et al. (2019).

We first run the model over the period 1991–2015 (including a spin-up time of 3 years) using observed
meteorological variables as inputs. This run has a twofold purpose. First, it serves as perfect forecast in
the experimental setting as further detailed in section 3. Second, it provides the initial conditions when
the hydrological model is run in forecast mode using meteorological forecasts as input. In both cases, the
input variables are downscaled to the 200-m × 200-m resolution of the hydological model by applying an
interpolation based on inverse distance weighting as described in Viviroli, Zappa, Gurtz, et al. (2009). In
addition, different height and terrain specific corrections are applied to the input variables, such as adiabatic
lapse rate correction, aspect and slope corrections as described in Zappa et al. (2003). Similarly to many other
distributed hydrological models, these corrections are computed internally to PREVAH as they depend on
the model spatial resolution. They are particularly important to represent the hydrometeorological dynamics
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in catchments characterized by complex terrain, such as in Alpine environments, but they are intrinsically
different from the statistical preprocessing we adopt for the temperature and precipitation forecasts.

2.4. Hydropower System Optimization
We adopt a Model Predictive Control (MPC) scheme where we define and solve a series of optimal control
problems defined on a rolling horizon given a certain time series of forecasted reservoir inflow. The utility
(or objective) function of each control problem has the form

max
rt+1 ,… ,rt+H

(
1
H

t+H−1∑
!=t

U! (s! , r!+1, a!+1) + U∗
(t+H) mod T(st+H)

)
(1)

and is based on the computation of the hydropower revenue U! (·). The decision variables are the sequence
of reservoir releases rt at every time step within the optimization horizon. The length H of the optimization
horizon corresponds to the length of the hydrometeorological forecast horizon, that is, 32 days. s! and a!+1
are the reservoir storage and inflow, respectively. In this work, we compute the daily revenue [euro] by
allocating the hydropower production in the most profitable hours of each day as follows

Ut+1 =
nt+1∑
"=0

#"t mod TGt+1 (2)

where #"t mod T [euro/MWh] is the spot price in the jth most profitable hour of day t and nt+1 [-] and Gt+1
[MWh] are the daily number of hours in which the power plant is operated at full capacity and the electricity
production, respectively (for more details see Anghileri, Botter, et al., 2018). The maximization of the rev-
enue is a typical objective function adopted to represent the utility of a private company selling electricity in
deregulated markets (see, e.g., Kern et al., 2012; Anghileri, Castelletti, et al., 2018). We assume that the elec-
tricity produced by the hydropower plant is sold on the electricity spot market (see section 6 for a discussion
on the implications of this assumption). In order to avoid a premature emptying of the reservoir because
of the finite and relatively short length of the optimization horizon H, the objective function accounts for
a so-called penalty function U∗

(t+H)mod T(st+H). This represents the revenue that can be expected on average
given a certain time (t + H) mod T and a certain reservoir storage st+H . In our formulation, it expresses the
benefit associated to keeping a certain water volume in the reservoir at the end of the rolling horizon. The
notation t mod T indicates the remainder of the division of the time t by the period T. In our case, T equals
364 days to account for the annual periodicity of the hydrometeorological processes and of the electricity
price. In so doing, for example, the first Monday of each year is characterized by the same electricity price
and penalty function and so on. More details on the penalty function are described toward the end of this
section.

The constraints of the control problem include the storage mass balance equation

st+1 = st + at+1 − rt+1 ∀t ∈ [0, 1, … ,H] (3)

where st [m3] represents the reservoir storage at time t [day] and at+1 [m3] and rt+1 [m3] are the inflow to the
reservoir and the release from the reservoir occurring from t to t+ 1, respectively. The inflow is described as
a deterministic time trajectory over the optimization horizon

at+1 given ∀t ∈ [0, 1, … ,H] (4)

Depending on the experiment, it corresponds to a specific hydrological forecast (see Figure 1 and section 3
for more details).

The electricity spot price is modeled as a periodic deterministic trajectory

#"t mod T given ∀t mod T ∈ [0, 1, … , 364] (5)

which is computed as a cyclostationary average from historical observations of the electricity price. The elec-
tricity price is thus the same for each first Monday in January, etc. In so doing we maintain the weekly and
yearly periodicity typical of the electricity price. Accordingly with the objective of the paper, we intentionally
do not consider electricity price forecasts to focus on the value of the hydrological forecasts only.
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The reservoir release is bounded by the minimum and maximum feasible releases, which are defined as
functions of the reservoir storage through the specific reservoir release-stage relationships

Rmin
t+1 (st) ≤ rt+1 ≤ Rmax

t+1 (st) ∀t ∈ H (6)

The definitions of the functions Rmin
t+1 · and Rmax

t+1 · account for the physical reservoir characteristics, thereby
including intake, outlet, and spillway characteristics.

The penalty function U∗
t mod T(·) is computed by solving an additional stochastic optimization problem, sim-

ilar to the one just described, where the reservoir inflow is not described as a deterministic trajectory, but as
a sequence of lognormal probability distribution functions computed from the historical data. In this case,
the optimal reservoir release sequence is the one which maximizes the expected average revenue over an
infinite optimization horizon (see Anghileri et al., 2013; Castelletti et al., 2008; Soncini-Sessa et al., 2007).
The function U∗

t mod T(st mod T) represents thus the revenue that can be expected on average given a certain
time t mod T and a certain reservoir storage st mod T .

We solve the optimization problem using Dynamic Programming using 38 and 26 discretization grid
points for the storage and the release decision, respectively. The release discretization points are uniformly
distributed between the minimum and maximum release. The storage discretization points are instead
unevenly distributed between the minimum and maximum storage, with a more frequent sampling toward
the maximum storage to allow for a more detailed and accurate representation of the storage dynamics in
case spilling event would take place during the optimization and simulation. As we will discuss in section 6,
an accurate representation of these events is critical to assess the forecast value.

3. Experimental Setting and Performance Metrics
We consider four different experiments in the present analysis (see Figure 1) where both the hydrome-
teorological forecasts and the optimal hydropower reservoir operations are produced at a daily temporal
resolution, over a rolling horizon of 32 days, and updated weekly. Two experiments correspond to using raw
and preprocessed hydrological forecasts to inform the hydropower reservoir operations. In order to match
the ensemble forecasts and the deterministic optimization scheme (see section 2.4), we compute the median
of the streamflow forecasts based on the cumulative flow. More precisely, (i) we compute the cumulative
flow of each of the five ensemble members, (ii) we compute the median of the cumulative flows of the five
ensemble members, and (iii) we reconstruct the median (non cumulative) trajectory to be used as input
to the optimization (i.e., daily streamflow for each lead time) as the difference between consecutive days.
Compared to the median computed directly from the (non cumulative) streamflow forecasts, this allows to
better capture the variance of the ensemble, avoiding that large streamflow events forecasted in an individual
ensemble member are excessively smoothed out. We acknowledge, however, that reservoir operation perfor-
mances could increase when considering the entire ensemble within a probabilistic optimization approach
(see, e.g., Boucher et al., 2012; Fan et al., 2016; Ficchí et al., 2016; Zhao et al., 2012). Nevertheless, we adopt
the deterministic optimization approach described in section 2.4 because this is similar to the way most of
the hydropower companies use hydrological forecasts in every day practice (Arsenault & Côté, 2018). We will
further discuss the implications of selecting a deterministic optimization scheme in the concluding remarks
(see Section 6).

The other two experiments correspond to benchmarks which are used to assess the forecast value. The per-
fect forecast is obtained by forcing the observed meteorological variables into the PREVAH hydrological
model. This experiment represents the case in which the hydrometeorological forecasts have the highest
quality and should drive to the highest hydropower performance. As such, this could be considered as an
upper bound of the hydropower system performance. The climatological forecast, on the other hand, rep-
resents the lower bound performance, because the inflows are the median of the observed inflows over
the period of analysis 2000–2014. To be consistent with the other experiments, the median is computed on
the cumulative flows. Although Ensemble Streamflow Prediction (ESP) forecasts are a lower bound bench-
mark often used in the literature (e.g., Arsenault & Côté, 2018), we prefer to use the streamflow climatology
because this is the most elementary piece of information that can be used to inform the operations of the
hydropower system and actually the most used by the Swiss hydropower operators.

The quality of the forecasts is assessed in terms of (i) bias (i.e., the mean error) to assess systematic errors
of the forecasts, (ii) Continuous Ranked Probability Score (CRPS) to assess the difference between the cdf
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of the forecasts and observations, and (iii) Continuous Ranked Probability Skill Score (CRPSS) to assess if
the forecasts outperform a forecast based on climatology. The bias is defined as the difference between the
ensemble mean of the forecasts and the corresponding observations and thus describes the systematic errors
of the forecasts. The CRPS is a probabilistic verification score and takes into account the full ensemble, that
is, the forecast spread and the forecast error, to assess how well the forecasts agree with the observations
(Hersbach, 2000). The CRPS ranges from 0 to ∞ where a perfect forecast exhibits a CRPS equal to 0. The
CRPSS compares the CRPS of a given forecast with the CRPS of a benchmark forecast and thus indicates to
what degree the forecast under consideration outperforms the benchmark forecast. In our analysis, we use
the climatology as benchmark forecast. More precisely, we treat each year of the observations in the period
2000–2014 for a given forecast date (and the subsequent 32 days to cover all lead times) as a climatological
member to calculate the CRPS of the benchmark forecast. The CRPSS ranges from −∞ to 1 with 1 being
a perfect forecast and 0 indicating that the forecast under consideration is as good as the climatological
benchmark forecast. Negative CRPSS indicate that the forecast is worse than the climatological benchmark
forecast. Further technical details on the performance metrics can be found in Wilks (2011), Jolliffe and
Stephenson (2012). It has been shown that the CRPS of an ensemble forecast depends on the size of the
ensemble. To account for this effect, we use the framework of fair (i.e., de-bias) scores proposed by Müller
et al. (2005) and Ferro (2014). The bias and the CRPS are computed individually for each forecast and lead
time. These values are then averaged over all forecasts within the given season and the CRPSS is computed
based on the average CRPS. For a thorough assessment of the forecast quality additional metrics could be
taken into account (see, e.g., Monhart et al., 2019). As the main objective of this publication is to assess the
value of the forecast for hydropower reservoir operations and how the forecast quality transfers into forecast
value, we restrict the verification in this manuscript to the bias, the CRPS, and the CRPSS, which are all
representative and meaningful characteristics to describe the forecast quality to a broad audience.

We choose two performance metrics to assess the value of forecasts to hydropower operations. These met-
rics are the spilled water volume (where a high forecast value corresponds to a low spilled water volume)
and the revenue (where a high forecast value corresponds to a high revenue). These are the two metrics that
the hydropower company takes into consideration when assessing effectiveness and efficiency of their oper-
ations. Avoiding spills is one of the priorities for hydropower companies. On the one hand, for a matter of
security, on the other hand, spilled water is not turbined thus diminishing the production and the revenue.
The two performance metrics are complementary as they are representative of two different management
time scales. The reduction of the spill involves relatively short time scales as most of the reservoir inflow
peaks can be managed on time scales ranging from hours to few days. The maximization of the revenue,
instead, involves longer time scales as interseasonal reservoir management is needed to effectively match
the electricity price dynamics which show significant seasonal fluctuations.

Figure 2 represents a sketch of the framework we adopt to analyze the relationship between forecast quality
and value. We use the average CRPSS computed over all the lead times of the forecast horizon as metric for
the forecast quality (represented on the x axis). As detailed above, a positive CRPSS indicates that the fore-
casts under consideration outperform the climatology and viceversa. We use either the revenue increase or
the spill decrease with respect to the experiment using the climatological forecast as metrics for quantifying
the forecast value (represented on the y axis). As for the previous case, a positive value of the metrics indi-
cates that the forecast is more valuable than the climatological forecast for the water management purpose,
that is, the hydropower reservoir operations in this case. We can then classify the forecasts according to four
categories. Forecasts in the first quadrant (upper right) are better than the climatological forecast in terms of
both quality and value. Forecasts in the second quadrant (upper left) are less skillful than the climatological
forecast but are still valuable for water management. Forecasts in the third quadrant (lower left) are worse
than the climatological forecast as for both quality and value. Forecasts in the forth quadrant (lower right)
have better quality than the climatological forecast, but they are not valuable for water management.

4. Case Study
The forecast-based adaptive management framework is applied to the Verzasca hydropower system in
Switzerland (Figure 3). The system is composed of a reservoir with a storage capacity of 105 · 106 m3 which
feeds a power plant with an average historical annual production of about 230 GWh. The dam is 220 m high,
and the hydraulic head varies between approximately 200 m and 280 m. The installed power is 105 MW.
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Figure 2. Sketch of the framework we adopt to compare forecast quality and value. Forecasts in the first quadrant
(upper right) are better than the climatology in terms of both quality and value for water management. Forecasts in the
second quadrant (upper left) are less skillful than climatology but still are valuable for water management. Forecasts in
the third quadrant (lower left) are worse than climatology as for either quality and value. Forecasts in the forth
quadrant (lower right) are more skillful than climatology, but they are not valuable for water management.

The catchment is located on the Southern Alps and is glacier free. It has a hydrological regime character-
ized by abundant snow melt in spring and summer (see Figure 3). Winter flows are usually low (less than
5 m3/s) because most of the precipitation is stored as snow in the catchment (almost 25% of the annual pre-
cipitation falls as snow). Autumn may be characterized by intense rainfall events causing high peak flows
(up to 120 m3/s). The reservoir has a capacity-inflow ratio of 0.26, which corresponds to an average stor-
age carry over of approximately 3 months. The capacity-inflow ratio is relatively small if compared to other
Alpine hydropower reservoirs, which could go up to 0.9 (e.g., Anghileri et al., 2011; Denaro et al., 2017). The
historical operations tend thus to compromise between the storage carryover from flow abundant periods
(spring and autumn) to high electricity price periods (usually winter) and flood control to avoid unproduc-
tive spill events. Streamflow peaks originated either by intense precipitation events and/or rapid increase in
temperature causing rapid snow melt can significantly impact reservoir operations especially in spring and
autumn. Because of these events, the reservoir does not have a single draw down and refill cycle but might
have more than one. The ability of timely and reliably forecasting these flow peaks is critical for the storage
management, so to minimize unproductive spills and maximize the revenue. We will discuss more on these
aspects in the next section when analyzing the optimization results.

As already mentioned in section 1, subseasonal hydrometeorological forecasting is particularly challenging
in the study area because of the complex orography (the elevation ranges from 490 m to 2,864 m) and the
convective precipitation events, which are hardly captured by the meteorological forecast. The numerical
weather prediction model, preprocessing, and hydrological model (i.e., steps i to iii of the forecast-based
adaptive management framework) follow the methodology described in Monhart et al. (2019). In this work,
we take into account the full catchment area drained by the reservoir (233 km2) and evaluate the forecasts
against the net reservoir inflow provided by the hydropower operator for a period of 15 years (2000–2014).
This time series, which is used for the forecast quality assessment (see section 5.1), is computed by the
inversion of the reservoir mass balance starting from observations of reservoir storage and release. The net
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Figure 3. (upper panel) Study area and schemetic of the Verzasca hydropower system. (lower panel) Streamflow
climatology (10th, 25th, 50th, 75th, and 90th percentiles).

reservoir inflow computed in this way is very reliable as the observations of reservoir storage and release are
not subject to significant measurements errors.

5. Results and Discussion
5.1. Forecast Quality
In this section, we analyze the performances of the streamflow forecasts only, as streamflow is the variable
affecting the hydropower system operations more closely. We refer the reader interested into the verification
of the meteorological forecasts to Monhart et al. (2018). All streamflow forecasts within the period 2000–2014
are taken into account when computing the forecast quality presented in Figure 4. As mentioned in Section 3,
we measure forecast quality in terms of bias, CRPS, and CRPSS. The raw ensemble streamflow forecasts
show a general underestimation of the streamflow depicted by a negative bias for all lead times, with higher
deviations on longer lead times. The bias is lower in winter (DJF) and summer (JJA) with values above
−5 m3/s and higher in spring (MAM) and autumn (SON) with a bias up to −10 m3/s . The preprocessed
forecasts clearly show a reduction of the bias for all seasons with a tendency to slightly overestimate the
flows. The CRPS further emphasizes the importance of preprocessing and the dependence of the forecast
quality on the season. The CRPS is below 3 m3/s for all lead times in winter when low flows dominate in the
Verzasca catchment indicating better quality of the forecasts compared to the other seasons. The forecasts
in spring and autumn generally exhibit a lower quality with a CRPS around 10 m3/s . The preprocessed
forecasts clearly show an improvement in quality if the full year is considered (reduction of the CRPS by
around 3 m3/s). In summer and winter the improvements are marginal with an improvement in CRPS close
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Figure 4. (a) Bias of the raw and preprocessed streamflow forecasts for the full year and the individual seasons, i.e.,
winter (December–February or DJF), spring (March–May or MAM), summer (June–August or JJA), and autumn
(September–November or SON) within the period 2000–2014. (b) Same as in (a) but for the CRPS. (c) Same as in (a)
but for the CRPSS. A perfect forecast would have a bias equal to 0, whereas a negative (positive) bias indicates
underestimation (overestimation) of the streamflows. Similarly, a perfect forecast exhibits a CRPS equal to 0 with larger
values indicating worse performance. A CRPSS equal to 1 indicates a perfect forecast and a CRPSS equal to 0 indicates
that the performance is as good as the climatological forecast; negative values indicate that the forecast has less skill
than the climatological forecast.

to 0 or even negative for some lead times, whereas spring and autumn show the largest improvements of up
to 5 m3/s.

In terms of the CRPSS, the forecasts clearly benefit from the preprocessing. The raw forecasts are worse than
climatological forecasts (i.e., they have a negative CRPSS) after lead time equal to 8 days considering the
CRPSS computed over the entire year, whereas the preprocessing allows the forecasts to be more informative
than the climatology (i.e., CRPSS is positive) for 20 days. There are large seasonal variations in the CRPSS,
as we already commented for the CRPS. In spring, the CRPSS of the raw forecasts suddenly drops below zero
within few days lead time, but the CRPSS is positive for up to 20 days lead time after preprocessing. However,
preprocessing does not always improve the forecast quality. The CRPSS of the raw forecasts is positive up
to 8 days lead time in winter, but the performance reverses after preprocessing: the CRPSS is negative for
short lead times and positive for long lead times. Summer shows a similar although weaker behavior. These
results are in good agreement with a previous study in the same catchment by Monhart et al. (2019).

The good forecast quality in winter in terms of bias and CRPS can be explained by the independence of the
streamflow on the precipitation forecasts. In most parts of the catchment, the precipitation occurs as snow-
fall and thus does not directly contribute to the runoff. In the other seasons (spring, summer, and autumn),
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Figure 5. (a) Mean annual revenue and (b) mean annual spilled water volume corresponding to the four experiments
computed over the horizon 2000–2014. The error bars represent ± the interannual standard deviation.

precipitation usually falls as rain, thus contributing to runoff directly. Runoff in spring is caused by the com-
bined effect of precipitation and snow melt. Temperature is easier to forecast compared to precipitation and
preprocessing does have a larger effect on temperature forecasts. Thus, in seasons when snow melt plays an
important role (as in spring and partly in autumn) the quality of the forecasts can be significantly enhanced.
In summer, when the streamflow depends mostly on precipitation, the underestimation of the streamflow
can be corrected, but the quality in terms of both CRPS and CRPSS is only marginally improved. This can be
related to the convective precipitation events in the catchment area which are not captured by the meteoro-
logical forecast and, by definition, can not be introduced with the QM technique. Indeed, QM suffers from
some limitations, for example, it does not correct the spatial and temporal structures of the corrected time
series and may underrepresent variability observed at the small scale (Maraun, 2013). In addition, Zhao et al.
(2017) emphasize the inability of QM to provide fully reliable and coherent forecasts, that is, to ensure a full
statistical consistency between the forecast and the observation. However, Monhart et al. (2018) suggest that
QM, although simple, is a valuable method for bias correcting and downscaling the ECMWF extended-range
forecast in an operational context. We will comment more on the suitability of QM for preprocessing in
section 6.

The result showing that CRPSS in winter is worse after preprocessing can be explained by few events during
the full period of the analysis. These events happen in winter and are characterized by temperature slightly
below freezing level at the average catchment elevation in the raw forecasts and above freezing level after
preprocessing causing low streamflow forecasts, in the first case, and high streamflow forecasts, in the sec-
ond case. The observed runoff in these specific events is low than the one forecasted after preprocessing,
thus leading to a large CRPS and therefore a low CRPSS. An extensive discussion of these events is included
in Monhart et al. (2019).

All the lines in Figure 4 show a periodicity, which is especially evident in summer and autumn. This is
an artifact caused by the fact that the forecasts are updated once a week. If an event with high streamflow
occurred on a specific date, for example, on 31 April 2012, it would first appear in the score (most promi-
nently in the CRPS) of the forecast issued on 3 April 2012 on lead day 28, it would then appear in the
subsequent forecast issued on 10 April 2012 on lead time 21, etc. Hence, the corresponding score for the lead
times 28, 21, 14, and 7 could highly deviate from the scores at other lead times. This effect would lead to a
weekly cycle in the forecast quality. Similar issues on cycles in forecast verification (from hours to weeks)
are reported by several other authors, (e.g., Addor et al., 2011; Bennett et al., 2014; Bogner et al., 2016, 2017).

In general, these results show that it is important to consider different verification measures to describe
the performance of an ensemble forecast. In fact, the bias identifies only errors in the mean of the forecast,
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Table 1
Forecast Value Measured in Terms of Increase of Revenue With Respect to the
Experiment Considering Climatology

Mean revenue [% increase w.r.t. climatology]
DJF MAM JJA SON Full Year

Perfect −6.00 6.00 3.57 21.31 5.76
Preprocessed −10.84 3.45 5.20 15.71 3.28
Raw 2.96 −0.18 1.11 1.22 1.22
Note. The mean values are computed over the entire time series (full year) and
over the seasons: winter (December-February or DJF), spring (March-May or
MAM), summer (June-August or JJA), and autumn (September-November or
SON).

the CRPS and CRPSS do consider the forecast spread as well. For example, preprocessing shows greater
improvement on the bias compared to the CRPS and the CRPSS in our case study. Thus, the impact of
preprocessing depends on the verification metric used to characterize the performance.

5.2. Forecast Value
We assess the forecast value by computing two performance metrics: the mean annual revenue and the
mean annual spilled water volume computed over the optimization horizon 2000–2014. Figure 5a shows
the mean annual revenue associated to the different experiments described in section 3 and Figure 1. The
difference between the two benchmarks, that is, perfect and climatological forecasts, represents an estimate
of the maximum benefit, which can be potentially achieved by the inclusion of the forecasts in the design of
the reservoir operations. Perfect forecasts allow on average for a 5.76% increase in the revenue with respect to
considering the climatology (see Table 1), which corresponds to approximately 760,000 euros. More than half
of this improvement can be obtained by considering the preprocessed forecasts (which allows for an average
revenue increase of about 3.28% with respect to the experiment using climatology). Raw forecasts, instead,
allow for a small improvement only (1.22% on average with respect to the experiment using climatology).
Figure 5b shows the mean annual spilled volume of the different experiments. We obtain a reduction of
−92.38% of the mean annual spilled water volume with respect to the climatology when considering the
perfect forecast, −68.68% when considering the preprocessed forecast, and −26.98% when considering the
raw forecast (see Table 2).

These results show that considering forecasts to inform hydropower operations is extremely beneficial. The
reduction of spilled water is indeed key for the reservoir operations safety, on the one hand, and for increas-
ing the production, on the other hand. The increase in revenue is also notable as, generally, hydropower
systems are efficiently operated thus making additional improvements difficult to achieve. Our estimate
is indeed in line with other works (e.g., Anghileri et al., 2013; Anghileri, Castelletti, et al., 2018; Gaudard
et al., 2013), which achieve revenue increases between 2% and 5% by optimizing the operations of Alpine
hydropower systems similar to ours (both in terms of the hydropower system configuration and the hydro-
logical regime). The results also highlight that preprocessing is of fundamental importance to enhance the
forecast value. The raw forecast experiment is indeed characterized by a systematic underestimation of the

Table 2
Forecast Value Measured in Terms of Reduction of Spilled Water Volume With
Respect to the Experiment Considering Climatology

Mean spill [% reduction w.r.t. climatology]
DJF MAM JJA SON Full Year

Perfect 80.14 100.00 96.65 91.73 92.38
Preprocessed 72.90 99.40 81.66 64.40 68.68
Raw 23.59 −1.09 49.80 23.25 26.98
Note. The mean values are computed over the entire time series (full year) and
over the seasons: winter (December-February or DJF), spring (March-May or
MAM), summer (June-August or JJA), and autumn (September-November or
SON).
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Figure 6. Reservoir storage pattern (50th percentile computed over the
horizon 2000–2014 corresponding to the four experiments. The thick
vertical lines highlight the extent of the seasons: winter
(December-February or DJF), spring (March-May or MAM), summer
(June-August or JJA), and autumn (September-November or SON).

reservoir inflows (see Figure 4a). This causes a tendency to underestimate
the risk of spilling in the optimization. Indeed, the optimized storage
is higher than in the other experiments (see Figure 6), which in turn
leads to higher unproductive spill. The preprocessed forecasts allow to
correct for the inflow underestimation (see Figure 4b), which results in
the optimal operations being more conservative and maintaining a lower
storage. Still, the results show that there is room for further improvement,
as shown by the performance of the perfect forecast. However, despite
the simplicity of the method, the significant gain in value underlines
that even simple preprocessing techniques do have a large effect in both
forecast quality and forecast value.

It is interesting to note that the benefits of considering the forecasts are
more evident when the forecast quality is measured accounting for the
reduced spilled volume (Table 2) than the increased revenue (Table 1) in
this case study. The two performance metrics are indeed representative of
two different management time scales. The mean annual revenue mea-

sures how effective the intra-annual storage management is. In fact, electricity prices are generally higher
in winter when inflows are low, while water abundant seasons, such as spring and autumn, are character-
ized by lower prices. The best strategy to maximize the revenue would consist in shifting the use of water
from the high flow seasons to the high price season. This is how most of the Alpine reservoirs are operated.
However, in the Verzasca system, the relatively small storage capacity with respect to the reservoir inflow
allows only for a moderate interseasonal storage carryover. The mean annual spilled water volume measures
how effective the storage management is on shorter time scales. In fact, most of the reservoir inflow peaks
can be managed on time scales ranging from hours to few days. The subseasonal forecasts adopted in this
study are better suited to prevent spill events rather than maximizing revenue because their quality lasts for
maximum 3 weeks.

Tables 1 and 2 report also the forecast value computed over the different seasons. Table 2 shows that the
percentage improvement of the perfect forecasts is above 80% in all seasons. This means that most of the spill
events could be avoided by making use of forecast that are able to properly anticipate the future inflows. The
100% improvement in spring has to be ascribed to the low number of spill events happening in that season
because the reservoir storage is usually low (see Figure 6). The percentages in Table 1 are more difficult to
interpret, because the maximization of the revenue involves time scales that are usually longer than just
a season. The high revenue increase in autumn should be ascribed to the reduction of unproductive spills
in that particular season. The revenue obtained using the perfect and the preprocessed forecasts in winter
is lower than that obtained using the climatology forecast because the reservoir storage is generally lower,
thus reducing the hydraulic head (Figure 6).

5.3. Relationship Between Forecast Quality and Value
Figure 7 shows the relationship between forecast quality and value computed when considering the raw and
preprocessed forecasts. The metrics are computed over each season as well as over the entire year (as shown
in Tables 1, 2, and 3). The CRPSS is better correlated to the spill reduction (Figure 7b—correlation coeffi-
cient equal to 0.89) rather than the revenue improvement (Figure 7a—correlation coefficient equal to 0.12)
because, as commented before, the subseasonal forecasts considered in this paper are more informative for
the time scale at which the reservoir is operated for reducing unproductive spill. The third quadrant in both
plots is always empty meaning that both raw and preprocessed forecasts are always better than the climato-
logical forecast in terms of either quality and value. All the metrics associated to the preprocessed forecasts
are located upper right from the raw forecasts meaning that preprocessing is fundamental in improving both
forecast quality or value.

In general, forecasts are always useful for the reservoir operations. In fact, the value is generally positive,
with the exception of those cases when the revenue is computed over winter (Figure 7a), as commented
in the previous section. The raw forecasts are less skillful than the climatological forecast when used in
spring, winter, and over the full year, but they have anyhow some value for the hydropower management.
The reason is that, although the forecasts are not skillful for most of the lead times, they are skillful at the
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Table 3
Average CRPSS Computed Over the Forecast Horizon, That Is, 32 Days Lead Time
Corresponding to the Raw and Preprocessed Forecasts

Average CRPSS[computed over 32 days lead time]
DJF MAM JJA SON Full year

Preprocessed 14.29 15.94 4.83 13.81 12.05
Raw −12.17 −23.84 6.20 1.02 −5.91
Note. The mean values are computed over the entire time series (full year) and
over the seasons: winter (December-February or DJF), spring (March-May or
MAM), summer (June-August or JJA), and autumn (September-November or
SON).

beginning of the forecast horizon (see Figure 4). The optimization is capable of exploiting this skillful infor-
mation to improve the reservoir operations. For a deterministic forecast, as the one used in optimization,
the CRPS actually reduces to the mean absolute error (MAE). We thus repeated the analysis for the MAE
and the corresponding mean absolute error skill score (in analogy to the CRPSS). Although the improve-
ments in forecast quality are lower in terms of the MAE and mean absolute error skill score (MAESS) due
to its deterministic character, the main characteristics of the relationship between quality and value remain
unchanged (not shown).

The preprocessed forecasts show quite different forecast value in terms of reduced spill (approximately
between +64 to +100%) for almost the same forecast quality (approximately between +12 to +16%). We
already commented that the 100% improvement achieved in spring is due to the few spill events happening
in spring, which can be fully eliminated when informing the reservoir operations with the preprocessed fore-
casts. Instead, it is interesting to compare the performances associated to summer and autumn. These are
the two seasons characterized by the highest number of spill events. The preprocessed forecasts in autumn
show higher quality but lower value with respect to the preprocessed forecasts in summer and vice versa.
The reason is that the management in autumn is usually more critical because the reservoir storage is higher
(see Figure 6). These results suggest that the relationship between quality and value is complex. It depends
on both the metric chosen to represent the value and on the season.

6. Conclusions and Outlook
In this paper we assessed how much preprocessing subseasonal forecasts can simultaneously improve the
quality and value of hydrometeorological forecasts for hydropower operations. We built a forecast-based
adaptive management framework which utilizes IFS CY40r1 subseasonal meteorological forecasts provided

Figure 7. Comparison between forecast quality measured as CRPSS and value measured as (a) revenue improvement
and (b) spill reduction with respect to climatology when considering the raw and preprocessed forecasts. The metrics
are computed for the full period (full year) and the individual seasons, i.e., winter (December-February or DJF), spring
(March-May or MAM), summer (June-August or JJA), and autumn (September-November or SON)) within the period
2000–2014.
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by the ECMWF, QM as statistical preprocessing technique for precipitation and temperature, the hydrologi-
cal model PREVAH to produce streamflow forecasts, and a Model Predictive Control optimization to design
the hydropower system operations accordingly. The hydrometeorological forecasts as well as the optimal
hydropower reservoir operations are produced at a daily temporal resolution, over a 32 days rolling hori-
zon, and updated weekly. We applied the forecast-based adaptive management framework to the Verzasca
hydropower system in the Swiss Alps and assessed the quality and value of the forecasts over the period
2000–2014.

Our results show that raw (i.e., non preprocessed) forecasts have a limited quality, but they are more valu-
able than the climatological forecast when designing the reservoir operations of the Verzasca hydropower
system. Preprocessing clearly improves the quality of the streamflow forecast in terms of all the performance
metrics we considered, that is, bias, CRPS, and CRPSS, as well as the value for hydropower operations in
terms of increased mean revenue and reduction of unproductive spills. The effect of preprocessing strongly
varies across the different seasons. CRPSS ranges from 5% to 16% on average depending on the seasons.
Despite these variations, the preprocessed forecasts provide crucial information for improved hydropower
operations. In particular, we obtain a reduction of unproductive spills of at least 64% depending on the sea-
son. The increase in mean annual revenue is about 3%, which although small is not insignificant and in line
with other studies on Alpine hydropower systems (e.g., Anghileri et al., 2013; Anghileri, Castelletti, et al.,
2018; Gaudard et al., 2013). When forecast quality and value are analyzed jointly, their relationship appears
to be complex and dependent on both the metric chosen to represent the value and the season. For example,
the subseasonal forecasts adopted in this study are better suited to prevent spill events because they span
over 32 days maximum and because they have quality on 3 weeks at most. They have less impact in increas-
ing the revenue, because this would require a reservoir management over longer lead times (intraseasonal
management). Moreover, the relatively small reservoir capacity with respect to the mean annual inflow does
not allow for protracted management. Turner et al. (2017) report similar considerations when comparing
forecast quality and value for reservoirs operated for water supply and flood control. The results presented
so far refer to the entire period of analysis 2000–2014. The effect of preprocessing might change depending
on the hydrometeorological regime, for example, in wet years, the benefit of preprocessing might be higher
if compared to dry years, due to the potentially higher number of high flow events. Unfortunately, the lim-
ited length of the time series (restricted to 15 years) does not allow to make a robust estimate of the effect of
preprocessing across years with different regimes (e.g., wet and dry years).

We highlight that the results we obtained in this paper are specific for the Verzasca catchment and should
be exported with care to other study sites. Indeed, many studies show that the effect of preprocessing
hydrometeorological forecasts highly depends on the catchment characteristics and location (e.g., Meissner
et al., 2017; Schepen et al., 2018; Shah et al., 2017; Tian et al., 2017) and that the value of the forecast
depends on the water system features, especially on the water management purpose and the reservoir
capacity-inflow ratio (e.g., Anghileri et al., 2016; Turner et al., 2017). It is, however, reasonable to expect that
other sites in the Alpine environment, with similar characteristics in terms of hydrological regime and reser-
voir capacity-inflow ratio, would present similar hydrometeorological predictability patterns and reservoir
operations dynamics. The general message of the paper, which holds for all these sites, is that the forecast
quality and value are crucially enhanced by tailoring forecasts for the specific water management purpose
and that hydropower operators should be encouraged to make use of subseasonal preprocessed forecasts. It
is also extremely important to use multiple and complementary performance metrics to thoroughly charac-
terize the relationship between forecast quality and value. In particular, to assess forecast value, it is key to
adopt metrics that are meaningful to water managers to enhance the potential impact of the analysis.

While showing the unquestionable benefit of implementing forecast-driven reservoir operations, our results
show also that there is still room for improvement regarding the hydrological forecast compared to the
perfect forecast. Our work suffers from some limitations, which could be overcome in future studies as dis-
cussed in the following. The QM cannot correct the convective precipitation events in the catchment area,
which are not originally captured by the meteorological forecasts. To this purpose, other preprocessing tools
could be used, such as those based on a perfect prognosis approach (e.g., von Storch, 1999) or forecast tech-
niques developed from stochastic weather generators (e.g., Volosciuk et al., 2017). For example, ensemble
model output statistics combined with ensemble copula coupling (Schefzik, 2017) or an extension of the
QM technique to a more advanced quantile regression neural network approach (Cannon, 2011) could be
applied. Such techniques could provide the same degree of physical and multivariate consistency of the

ANGHILERI ET AL. 16



Water Resources Research 10.1029/2019WR025280

output as the member-by-member approach chosen in the current study (e.g., Schaeybroeck & Vannitsem,
2015) while considering also the correspondence between forecasts and observations. Furthermore, as out-
lined in section 1, postprocessing techniques can be applied to the resulting streamflow forecast to further
enhance the quality of the forecasts, in addition to preprocessing hydrometeorological forecasts. For exam-
ple, Bogner et al. (2018) analyses postprocessing tools based on wavelet transformation in combination with
neural network and show that the performance of streamflow forecasts can be significantly enhanced if
applied to subseasonal hydrometeorological forecasts. Such postprocessing techniques, and in particular the
effect of the combination of preprocessing and postprocessing techniques, should be further investigated in
future studies. As a final remark on the hydrometeorological forecasts, we stress the fact that hydromete-
orological predictions have made great advances in predicting the weather more accurately over the past
decades and these advances are expected to continue in future (Bauer et al., 2015). Hence, the quality of the
hydrological predictions, and thus the full end-to-end prediction system for water management purposes,
is expected to benefit from future advances in numerical weather prediction.

Another limitation of our approach is the use of deterministic optimization scheme. Based on other works
(see, e.g., Boucher et al., 2012; Fan et al., 2016; Ficchí et al., 2016; Zhao et al., 2012), we expect that if the
full streamflow forecast ensemble was used, for example, in a stochastic optimization scheme, the value
could be further enhanced because the optimization could account for the entire uncertainty provided by
the ensemble forecast. It would be also interesting exploring the relationship between forecast quality and
value as a function of lead time, as the streamflow forecasts show decreasing quality with lead time and
are generally skillful for 1 or 2 weeks depending on the season. To this end, a specific set of optimization
experiments should be designed to isolate the relative contribution of different lead times on the forecast
quality, as done, for example, in Anghileri et al. (2016), which analyze the contribution of the seasonal and
interannual part of 1-year-long forecasts. As the forecasts seem to impact particularly the reduction of the
spilled volume, we acknowledge that a more precise simulation of the spilled volume could be achieved by
refining the simulation of the reservoir dynamics during the spilling events. The spilled volume is currently
computed by integrating the reservoir spillway curves, which describe the instantaneous spilled flow as a
function of the reservoir level, using a 1-hour integration time step for limiting the computational effort. A
smaller integration time step would allow for more precise estimates. Also adopting hourly inflow forecasts,
instead of daily forecasts, would improve the accuracy of the simulation of the catchment-reservoir system
dynamics.

As for the metrics to compute the forecast quality, the revenues computed in the paper represent upper
bound estimates of the actual revenues. Indeed, we assumed that the reservoir operations is optimized for
the day-ahead electricity market and that the spot prices are known in advance. Moreover, we used a refer-
ence price trajectory (the average observed price) to calculate the revenue. In an operational and deregulated
market setting, the prices may fluctuate significantly and the forecasting of electricity prices are likely to
have a similar, if not greater, value in improving the real-time operations. The combined effect of price and
streamflow forecasts on the hydropower operations is worth investigating in future studies. Finally, we also
assume that the optimal reservoir operations do not account for any real-time network balancing. This last
assumption is justified by the fact that the Verzasca hydropower system is one electricity generation source
within a portfolio of sources owned by a unique power company. It is thus reasonable to isolate one sys-
tem assuming that the other generation sources can be managed for meeting the expected production or to
absorb the generation excess. As the balancing (or power reserve) markets are becoming increasingly impor-
tant given the continuous expansion of variable renewable sources, such as wind and solar sources (e.g.,
Chazarra et al., 2016; Helseth et al., 2016; Kern et al., 2014), it would be interesting to analyze the opera-
tions of the hydropower system when accounting for a combination of day-ahead and balancing markets in
future studies.
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