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1 Overview 
Over the last years, a significant growth of wind energy integration in the electrical power 
systems, mainly in Europe and in the USA, had been experienced. Several governmental 
policies, specifically aimed to fostering and promoting the development of renewable electrical 
energy production, have increased the participation of this kind of environmental friendly 
enterprises. However, the large integration of wind power production could also cause several 
technical problems to the electrical power system operators in the transmission and the 
distribution networks, due to the fact that the power output of wind generators is strongly 
conditioned by the variability and intermittency of its primary resource – the wind [1]. 

To deal with the operational problems related to generation uncertainties in the wind power 
production, two tactics have been adopted: 1) to improve the accuracy of wind power 
forecasting methods and 2) to reduce the variability of the electric power injected to the grid, by 
using energy storage systems to compensate the unexpected changes in the primary energy 
resource. The ANEMOS.plus platform wants to integrate the most advanced wind power 
forecasting methods with highly developed algorithms to improve the cooperation between wind 
farms and storage plants in real situations. The conventional utilization of pumping storage 
plants wants to store energy (as water in an upper reservoir) in low-price periods and sell it 
when the energy price increases. As an alternative, pumping storage can be useful to avoid 
waste of renewable generation (for high wind generation in valley hours) or to compensate 
production variations due to forecasted errors in the wind power generations in regions of the 
country. 

The Portuguese Transmission System Operator (TSO) Rede Eléctrica Nacional (REN) wants to 
evaluate the benefits of combining wind power and storage plants in an integrated approach, 
considering different operational alternatives and strategies. In Portugal there are 2,150 MW of 
installed capacity in wind farms and 966 MW of pumping storage. The wind farms are 
remunerated following specific normative, receiving a price for the injected energy greater than 
the price for the energy in the market. Pumping storage plants go to the market, buying and 
selling energy as hydraulic generators. Today, the TSO performs qualitative assessments to 
determine the best actions to coordinate the operation of storage plants (mainly, pump stations) 
and wind farms. It is expected that the evaluations performed with the ANEMOS.plus platform 
could result in the future design of market rules and operational procedures. 

Three functions are integrated in the module: a) study of the optimal operation of a storage 
device exclusively used to compensate the deviations of the production in wind farms, b) 
optimal operation of a storage plant used as reserve to compensate production deviations in 
wind farms, but also executing its best profit schedule and c) stochastic risk-analysis of the 
combined wind-hydro operation, by using dynamic programming. The present document 
includes methodological description of the functions and shows applications in realistic grids.    

2 Methodology 
Several proposals have been made by researches to analyze the cooperation between wind 
farms and storage plants. In [1], the collaboration between a wind park and a water pump 
station to reduce the economical losses caused by operational restrictions is proposed. In [2], 
considerations about the optimal size of the wind farm and the elements of the water pump 
station are performed. Anagnostopoulos and Papantonis [3] also consider the optimum sizing 
and design of a pump station unit for the combined operation with a wind farm. The work aims 
to find the optimal Net Present Value for the investment, in a one-year simulation, varying the 
number of pumps to be used in the station. The results show the importance of using variable-
speed pump units. Koeppel and Korpås [4] analyse the utilization of a generic energy storage 



ANEMOS.PLUS  Tools for the Coordination of Storage and Wind Generation   

Deliverable 3.7    2010-06-21 

 

5 

device for balancing the differences between forecasted and real productions in a wind farm, 
when acting in a market environment. The proposed algorithm uses the forecasted values of 
wind production to evaluate the best storage operation, using data from a wind farm located in 
northern Norway. Matevosyan and Söder [5] consider the cooperation between a wind farm and 
a conventional multi-reservoir hydropower system, in a one-year horizon. The coordination 
between the hydropower producer and the wind farm decrease the wind energy curtailments, 
solving the congestion restriction with an efficient approach. 

The present module proposes the implementation of a flexible optimization problem that allows 
the combined analysis of different operational strategies, using the most advanced techniques 
in application nowadays. The analysis modules will be integrated with the ANEMOS.plus 
platform, using the input data, prediction modules and graphic interfaces allowed by the 
platform. The optimal operation of the storage plant strongly depends on the expected 
uncertainties of the wind power production. The prediction modules of the platform can present 
the uncertainties in the forecasted production through several structures.   

2.1 Wind power forecasting 

The information about the uncertainties of wind power is an input for the storage+wind farms 
models. Extensive research work has been developed in both ANEMOS and ANEMOS.plus 
projects to improve the quality in the forecast of wind farms production. In particular, the results 
from the European Project ANEMOS [6] show that uncertainty estimation in wind power forecast 
is a complex subject and depends on several factors (e.g. meteorological conditions, the spatial 
smoothing effect of wind farms, level of predicted power,  etc.). 

As a result from the ANEMOS project, several forecasting tools providing deterministic forecasts 
were developed according to end-users requirements. Different methods to estimate the 
uncertainty of these deterministic forecasts were developed in ANEMOS project [7] and 
improved in ANEMOS.plus project. The most common representation of the uncertainty in 
deterministic forecasts is through non-parametric probabilistic predictions [8], represented by 
quantiles, intervals or probability density functions. Other two representations are risk indices [9] 
(when linked with the production forecasts) and scenarios [10] (incorporating a temporal or 
spatial interdependence structure of prediction errors). 

In the present case, the forecast uncertainty in the wind power generation is characterized by 
two representations: 

 

• Generation scenarios: the generation scenarios respect the forecasted 
density/cumulative probability functions of the forecast time horizon, informing about the 
development of the prediction errors through the set of look-ahead periods. This 
information is valuable for time-dependent decision problems like the storage 
management. Scenarios that informs on the spatio-temporal interdependence structure 
of forecast errors are being developed in the scope of the ANEMOS.plus project and 
further details will be found in [11] and [12]. The spatial dependence among wind farms 
located in the same zone can be also modeled into these scenarios representation. 

• Sets of quantiles: let ft+k be the probability density function (pdf) of Pt+k (wind power 
prevision for a look-ahead period (t+k) and let Ft+k be the consequent cumulative 
distribution function (cdf). If Ft+k is a monotone increasing function, the quantile qαt+k with 
proportion α∈[0, 1] of the random variable Pt+k is uniquely defined as the value x such 

that prob(Pt+k < x)=α or, in another form, as qt+k
α =Ft+k

-1(α). A quantile forecast α
tktq |ˆ + with 

nominal proportion α is an estimation of α
ktq + , produced at time step t for a look-ahead 

time t+k. The quantiles are points, taken at regular intervals, from the cdf of the random 
variable. For a better representation of the random variable, more than a single quantile 
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forecast is necessary. The cdf of the wind generation at look-ahead time t+k is 
represented by a set of m forecasted quantiles 

 
( ){ }| | 1

ˆ ˆ | 0 ... ... 1i

t k t t k t i mF q α α α α+ += ≤ ≤ ≤ ≤ ≤ ≤  (1) 

 
 

As previously said, the adverse effects due to the deviations in the wind farm production (related 
to uncertainties in the wind power forecasting) could be compensated by using storage capacity 
in the system. In the following, two alternatives to determine the optimal operation of the storage 
ability are presented, either considering exclusive or combined utilization of the storage plant.  

3 Exclusive utilization of the Storage capacity to   
compensate Wind Power production deviations 

In this chapter, an hourly-discretized optimization algorithm is presented, allowing to identifying 
the optimum daily operational strategy to be followed both by wind turbines and by hydro 
generation pumping equipments, assuming that an hourly wind power forecast is available. The 
optimization of the resulting wind-hydro power system allows wind park operators to attain two 
goals: 1) improving the daily park economic operation profit and 2) reducing the magnitude of 
wind power fluctuations resulting from the natural wind profile variability, by confining the output 
power production within upper and lower limits. 

The main focus of this algorithm is to take advantage of the system’s storage capability, by 
storing wind energy produced in low price periods, later to be sold when the daily energy price 
becomes higher. Storing wind energy in the system’s hydro reservoirs during high wind speed 
periods and using it afterwards during wind power availability shortages, may allow the wind 
park operators in filling the wind-power gaps, thus enabling to fulfil contractual commitments 
and to obtain a stronger position in the electricity market. 

The developed algorithm allows the consideration of two different remuneration models that can 
be used to calculate the revenue for a given wind farm: 1) a fixed price, where the wind farms 
must present a power forecast for each time period ahead, being penalized for deviations 
exceeding acceptable preset limits and 2) considering that the wind farms are rewarded 
according to the current period market price, being penalized for any generation deviations from 
the scheduled production plan. 

The approach is based on a linear programming algorithm, to evaluate the economical benefits 
resulting from the combined operation of hydro power plants with pumped storage capability 
and wind parks and providing an optimal daily operational strategy to be followed by the wind 
turbines and the hydro generation pumping units, considering: 

 

• wind-energy remuneration tariffs for wind-power generation; 

• an energy-market environment, in which market prices can be used to value energy in 
different daily periods; 

• high levels of wind power integration in the electric system’s grid; 

• the electric system’s network operational constraints. 
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The resulting optimization problem is solved using an interior-point method, with the wind power 
supposed constant during each simulation period. 

The main result of the algorithm is a 24 hour-ahead operational strategy to be adopted by the 
combined wind-hydro power plants. Specifically, this comprises the following:  

 

• Hourly active power to be generated by the hydro and wind turbines throughout the next 
24 hours; 

• Storage levels for each time period or interval considered in the analysis; 

• Hydro pumping schedule, i.e. the list of periods when hydro units should be used in 
pumping mode or in generation mode. 

 

The algorithm also provides the combined wind-hydro power plants’ economical gains. 

3.1 Operation time horizon 

The general time horizon considered for optimization purposes is 24 hours ahead. However, in 
order to analyze the operation plan throughout the next 24 hours in a detailed way, this time 
horizon is discretized into smaller intervals (most frequently hourly intervals). The operational 
restrictions must be satisfied within each considered interval or simulation period [2]. 

It is important to underline that the time periods are not independent from each other. In fact, the 
water storage operation plan is based on the coupling between time intervals where, for 
example, the quantity of supplied energy or the capacity available to store wind energy are 
strongly dependent of the quantity of stored energy in the past periods. Thus, the optimization 
algorithm is able to provide an optimized operation plan for the wind-hydro power system, 
detailing the optimum values for the amount of wind energy to be sold directly to the grid and for 
the quantity of wind energy to be stored in the available reservoirs for each period of time. 

3.2 Input Data 

In order to provide an optimal daily operational strategy to be followed by the combined wind-
hydro power plants, the model requires the following input data:  

 

• hydro with pumped storage stations characterization, including generating and pumping 
installed capacities and their respective efficiencies, as well as the residual storage 
capacity of the associated hydro reservoir; 

• the system’s network data, including available capacity to receive wind power, load and 
generation profiles, power flow restrictions and the available capacity for exporting 
excess wind power production to neighboring systems using existent physical 
interconnections; 

• wind farms installed capacity and generation profiles, the latter represented through 
data series provided by the wind power forecasting tools developed throughout the 
ANEMOS project, as described in section 2.1; 



ANEMOS.PLUS  Tools for the Coordination of Storage and Wind Generation   

Deliverable 3.7    2010-06-21 

 

8 

• electricity market issues, namely wind power remuneration tariffs and penalties for wind 
power generation deviations. 

3.3 The operational algorithm 

3.3.1 Wind farms generation 

The available wind power for a given wind park or wind parks cluster during the time interval i, 
PWi, is described by a vector containing the 24 values of the forecasted wind power availability 
for each hour. In each time interval, PWi will be divided in two or three different quantities: (1) the 
fraction of PWi that is consumed by the hydro pumping stations, PWPi, thus increasing the levels 
of stored energy that can be used in subsequent intervals of time; (2) the amount of PWi that is 
sold directly to the grid as it is produced, PWGi; (3) the fraction of PWi that cannot be delivered to 
the grid during certain operational conditions, PWSi, and that will have to be spilled in order to 
avoid incurring penalties due to generation deviations. Therefore, the available wind power for 
each time period can be mathematically formalized as dictated by expressions (2) and (3). 

 WGiWPiWi PPP +≥  (2) 

 WSiWGiWPiWi PPPP ++=  (3) 

3.3.2 Hydro pumped storage 

In each simulation period i, the amount of wind energy stored in the hydro pumping stations, Ei, 
will be augmented by using hydro pumping capacity (PWPi). At the same time, the energy 
contained within the hydro reservoirs can be decreased through the action of conventional 
hydro production, PHi. These possibilities entail the existing time dependency between the 
described variables throughout all time periods considered for simulation purposes, as 

described by (4), where pη  and Hη  are the efficiencies of pumping and hydro generation, 

respectively: 

 







−⋅⋅+=+

H

Hi
WPipii

P
PtEE

η
η1  (4) 

In (4), t is the amount of time that pumping operation takes to be carried out in each simulation 
time interval i. In the present formulation, t = 1 hour, i.e. if pumping is operated in any given 
simulation period, then pumping will be effectuated throughout that whole simulation period at a 
constant power PWPi. Since hydro pumping is typically carried out during valley hours, when the 
associated energy market prices are lower, while hydro generation usually takes place during 
peak hours with higher associated market prices (4-12h later), the amount of time required for 
switching between pumping and generating modes in a given reversible hydro unit was not 
considered within the present formulation.” 

Thus, the amount of energy stored in period i+1 is represented by the variable Ei+1. If a given 
hydro power plant has more than one reservoir, the total amount of storage energy can easily 
be determined by a sum of the correspondent Ei+1 values. 

In each time period, the maximum amount of energy that can be stored in the hydro reservoirs 
cannot exceed the maximum available storage capacity EM, corresponding to a given residual 
storage capacity in all reversible hydro stations. 
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             M
i EE ≤  (5) 

The application of (4) requires the indication of the day-ahead amount of the residual hydro 

available storage capacity in each reservoir r, begin
rE . Regarding the oversight of the available 

hydro resources in each hydro pumping station, the value of the desired remaining storage 

availability at the end of the optimization, end
rE , is also specified, in order to obtain a consistent 

planning scheme for the reservoir. 

    

 begin
rEE =1          (6) 

 end
rEE =24         (7) 

 

3.3.3 Hydro power plant operation 

As previously mentioned, the main purpose of using wind energy to pump water into the hydro 
reservoirs consists in storing it, so that it can be sold in more profitable market transaction 
periods and/or when the system’s electric consumption levels are higher. This can be attained 
by operating the hydro stations’ reversible turbines in conventional generation mode, using the 
water that was previously stored through wind energy pumping to produce electric energy. 

In each simulation interval, the total hydro generation required by the wind park operators in 

order to fulfil electricity market obligations or system’s energy demand HiP  will be obtained by 

summing the individual hydro generations in all R reservoirs that take part in the joint wind-
hydro operation (8): 

  

 ∑
=

=
R

r
r,HiHi PP

1

        (8) 

The maximum value that HiP  can assume is limited by two main physical constraints: 1) the 

maximum generation capacity of the hydro turbines M
HP and 2) the amount of water stored in 

the reservoirs due to wind energy pumping in prior time periods. These restrictions are 
translated by (9) and (10). 

 M
HHi PP ≤  (9) 

 






 ⋅+⋅≤ WPip
i

Hj,Hi P
t

E
P ηη  (10) 

During hydro pumping operation, the total wind energy pumped into the reservoirs for a given 

time period PiP  will be obtained by adding up the individual hydro pumping contributions in all R 

system’s reservoirs (11): 
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=

=
R

r
r,PiPi PP

1

       (11) 

In each reservoir, the consumed pumping power r,PiP  is assumed unvarying throughout each 

simulation period i. The value of r,PiP  must be equal to the sum of the power contributions 

supplied by the P wind farms: 

 ∑
=

=
P

p
p,WPir,Pi PP

1
 (12) 

The maximum value that PiP  can assume is limited by the system’s maximum pumping 

capacity, M
PP , according to (13). 

 M
PPi PP ≤  (13) 

It is important to underline that all presented variables are average values for each hourly 
period. However, if one desires to obtain results for shorter periods of time, the optimization 
algorithm will allow the consideration of smaller time intervals, e.g. ½ h, ¼ h, etc. 

3.3.4 System’s electrical network 

This optimization tool also considers the operational restrictions associated with the 
transmission system to which the wind parks and the hydro reservoirs are connected. This is 
achieved by calculating the nodal power balances for each time period i and ensuring their 
validity. Also, the algorithm guarantees that the power flow limits in the system’s transmission 
lines are not exceeded. Therefore, in each time period i, the amount of available wind power 
that cannot be delivered to any of the system’s loads due to network congestion will be wasted. 

The algorithm considers one extra variable, GiP , which represents the total amount of wind 

power effectively supplied to the grid, either by instantaneous system wind generation WGiP  or 

using the energy previously stored in the hydro reservoirs HiP , as indicated in (14): 

 HiGWiGi PPP +=  (14) 

3.3.5 Optimization algorithm’s objective function 

The main objective of the optimization process is to obtain a daily operational strategy that 
allows maximizing the amount of wind energy supplied to the electrical grid and, consequently, 
the revenue associated with selling wind power production. In order to attain this, the algorithm’s 

objective function considers payments for both instantaneous system wind generation WGiP  and 

wind generation from energy previously stored in the hydro reservoirs HiP . 

On the other hand, the cost of pumping Cpump and producing energy from stored energy Chydrp 

must be considered for the values WPiP  and HiP  in each simulation interval i. Besides the 

penalty regime described in the previous section for wind power production deviations, the 



ANEMOS.PLUS  Tools for the Coordination of Storage and Wind Generation   

Deliverable 3.7    2010-06-21 

 

11 

model considers an additional cost Cnet for using the system’s transmission lines, whenever 
selling or storing of wind energy does not take place in the same node to which the wind park or 
the hydro station is connected: 

       Max. ( )
1

n

Wi Gi pump WPi hydro Hi net WPi Hi GWi
i

C P C P C P C P P P
=

 ⋅ − ⋅ − ⋅ − ⋅ + + ∑  (15) 

From the observation of (15), one can identify four terms: 

 

• the first aims to maximize the profit associated with the delivery of active wind power to 
the grid; 

• the second incorporates hydro pumping cost into the profit calculation; 

• the third integrates hydro generating cost into the optimization problem; 

• the fourth seeks to perform the requirement of delivering the possible least amount of 
wind power to the system’s grid, in order to reduce the grid’s usage and therefore 
ensure that the associated cost is minimal..  

 

3.4 Case study 

The following figure depicts an approximate equivalent to a particular subset or geographical 
region of a real electric power system, containing six wind parks, two hydro power plants with 
pumped storage capability and three electric loads: It should be emphasised that these loads do 
not represent local consumption but rather outflow points (interconnections) from where the 
wind-hydro generation can be redirected to other parts of the network. Also, a certain amount of 
conventional generation was considered by assuming typical power flows in the system’s 
transmission lines, with consequent reduction of the lines’ overall capacity. In this way, the 
additional inflows that are exclusively due to the combined wind-hydro operation add up to the 
typical power flow already on the lines. Since the system shown in Figure 1 is a subset of the 
entire system, overall market prices can be applied. 

 

 

Figure 1   – Electric power system used in the case study 

 

The wind parks represented in Figure 1 result from the aggregation of several individual wind 
farms into clusters, according to geographical influence criteria. The transmission lines shown in 
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Figure 1 represent electric equivalents to the real system’s network connecting the wind parks 
to the hydro reversible stations. 

Each of the wind parks can supply directly any of the loads L1, L2 and L3 or store its active 
power generation in any of the represented hydro reservoirs using the pumping capability Pp1 
and/or Pp2. The wind parks can also perform both operations at the same time, i.e. sending a 
certain percentage of their active power generation to any of loads and the rest of that 
generation to any of the hydro reservoirs within the same simulation time period. 

Similarly, the hydro reservoirs can generate active power from the previously pumping stored 
wind energy and supply it to any of the loads, whenever the market price allows affording 
benefits from performing that operation. 

3.5 Results 

The daily operational strategy to be followed by the combined wind-hydro power plant is shown 
in Figure 2, which depicts the evolution of the energy stored in the hydro reservoirs Ei, as well 
as the hydro turbines operating modes throughout the day: pumping and generation. The daily 
market prices curve is also shown, in order to provide a reference for the combined wind-hydro 
24 hour operational strategy. 

 

Figure 2   – Daily operational strategy to be followed by the combined wind-hydro power plant 

 

In Figure 2, it can be seen that pumping operation is performed for low market prices, with the 
associated stored energy increasing during hydro pumping periods. As the market price rises, 
hydro pumping tends do be discontinued and, if the price is high enough, the hydro turbines 
operating mode is totally reversed, giving place to hydro generation, so that the previously 
stored wind energy can be sold at the highest price possible. 

Figure 3 depicts the evolution of the total amount of wind power effectively supplied to the grid 
in each simulation period, PGi, translated by the curve “power output”.  
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Figure 3   – Total wind power supplied by the combined wind-hydro power plant 

 

In Figure 3, one can see that wind energy is not used to supply the system’s electric loads 
between 02h00 and 08h00, being exclusively employed for hydro pumping purposes, although 
wind power availability is higher during these hours. Figure 3 also shows that the delivering of 
wind power to the grid depends essentially on the market price and less on the availability of 
wind power generation, as the selling of wind-hydro energy occurs exclusively in high price 
periods. In these periods, the available wind power generation is complemented with hydro 
generation. This approach increases the controllability of the generation output of the wind 
parks, allowing improving the participation of wind generation in electricity markets. 

Another important feature of the developed computational tool is the quantifying of the benefits 
of using hydro pumped storage in terms of increasing wind energy integration. By storing wind 
energy produced during resource high availability periods, it is possible to reduce the energy 
spilling resulting from operational restrictions (network constraints), thus augmenting the 
system’s global wind energy integration. This can be seen in Figure 4, where two distinct 
situations are compared: 1) wind energy usage without pumped storage and 2) wind energy 
usage with pumped storage. The curves depicted in Figure 4 were obtained by summing the 
unused energy (i.e. the wind energy that could not be accepted by the grid due to line or 
interconnection congestion – PWSi in equation 3) in each time interval i, with and without 
pumped storage. 

 

Figure 4   – Increasing wind energy usage trough hydro pumped storage 
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3.6 Algorithm including uncertainty information 

The model described in the previous sections was developed for a set of point forecasts, without 
taking into account the forecast uncertainty. In order to take advantage of the uncertainty 
information about the forecasts, produced in the framework of ANEMOS.plus platform, and 
obtain a more robust solution, a chance-constrained strategy was implemented, based on the 
substitution of (2) by 

  

 { } α≥≤+ WiWGiWPi PPPPr  (16) 

In this case, this leads to an equivalent deterministic equation where the 1-α quantile of the 
distribution of PWi is used: 

  

 [ ] α−≤+ 1WiWGiWPi PPP  (17) 

In practice, this corresponds to the solution of the previous model for lower values of the 
available wind power, leading to lesser economical profit but with greater robustness. Since the 
value of α to be used is strongly dependent of the importance given to risk, it is advisable to 
repeat the calculations for different values of α, save the correspondent returns, and let the 
Decision Maker choose the preferred solution, based on his trade-off between risk and return. 
Of course, after some experience in using the approach, a typical value for α may be specified. 

The quantile values may be obtained directly from the forecast (when a forecast through 
quantiles is delivered by the forecasting tools) or indirectly (when the forecast assumes the 
format of multiple scenarios). In the latter situation, the probability distributions in each interval 
must be built, in order to determine the 1-α quantile values. This is an easy task: if there are n 
scenarios with equal probability, we just arrange the scenarios’ values in ascending order in 

each interval and take the ( )[ ]n.1 α− th value.  

The preceding equations must hold for all the periods i of the horizon, and guarantee that, in 
each period, the probability of insufficient wind power is less that 1-α. However, since there are i 
periods, the total robustness of the solution will be less than α. We may improve the formulation 
by introducing a joint chance constraint that includes all the periods:  

  

 γ≥






 ≤+∩

i
WiWGiWPi PPPPr  (18) 

So, now we define that, for all the possible scenarios, the solution will be feasible with 
probability γ. Obtaining a deterministic equivalent for this equation is not generally an easy task, 
but in this case we are dealing with a discrete joint distribution given by the set of scenarios, so 
it is possible to set a vector PWi’ such that: 

  ≤+⇒≥






 ≤+ WGiWPi

i
WiWGiWPi PPPPPPr γ∩  PWi’ (19) 

in a way that is similar to the one we suggested for the single constraint case. In fact, there are 
multiple solutions for the problem and it could be even possible to find the optimum value of PWi’ 
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(in the sense of maximizing the return). However, it seems more adequate to define a simple 
procedure that balances the risk of individual constraint violation, while respecting the global 
constraint. 

In this case, we’ll only consider the situation where the forecasting tool produces a set of 
scenarios, because this includes implicitly correlation information that is essential to the 
exercise (assuming independence will lead to unrealistic excessive constraints). The procedure 
begins by setting the individual quantiles for each constraint in the way described before (in this 
case, with α=γ), producing a first guess for PWi’. Then, the value of γ is checked and compared 
with its specified value. While γ is greater than the specification, the value of α is decreased and 
the process is repeated. Note that, operationally, this corresponds, in each iteration, just to 
substitute each PWi by a preceding value in the ordered list determined initially. The preceding 
value may be the immediate predecessor (very correlated periods) or the k-predecessor, with k 
being determined by experience in the specific system. In any case, this procedure will not harm 
the computational time. 

Returning to the case study discussed in section 3.4, we now use the preceding strategy 
(independent constraints) to observe how increasing robustness reduces the expected revenue, 
but typically in a non-linear way. 

So, besides the deterministic solution (that corresponds to 50% probability in each constraint), 
we obtained the optimal solution for different levels of robustness. The results are summarized 
in Table 1. 

Table 1: Results considering different values of αααα 

αααα Revenue [€ x 103]

50% (deterministic solution) 852.9
80% 731.3
85% 698.0
90% 653.2
95% 526.3  

As expected, the revenue decreases at an increasing rate when robustness increases. Figure 5 
shows this trend, with a decrease in revenue between α = 85% and 95% that is greater than the 
decrease between α = 50% and 85%. 
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Figure 5   – Results considering different values of α 
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This kind of information is valuable for the Decision Maker, which may want either choose a 
solution with a high robustness (and less return) or a solution with greater revenue but a 
significant risk of insufficient wind power. 

4 Combined Conventional + Reserve Scheduling of 
Storage  

In the present analysis, two main objectives are considered by the storage plant: 

 

• To operate in daily and intra-day markets as a conventional storage station and, 
simultaneously,  

• To offer to a wind farm cluster as a reserve, aiming to compensate prediction errors in 
the wind power production. 

 
Storage plants (as pumping storage stations) typically buy energy from the system in low-price 
periods (acting as loads of the system), storage this energy (as water in an upper reservoir) and 
sell it at high-price periods (acting as hydraulic generators). This operation constitutes the 
operational cycle of the storage plant. This operational cycle can be daily, weekly or yearly 
performed. In the present demonstration case, a daily cycle is considered for the storage plant. 
However, larger horizons could be easily represented through the module. The profit in the 
conventional operation of one storage plant is a function of the differences between prices in the 
operational cycle, the efficiencies of the storage plant and the constraints in the operation 
(storage capacity, generation rate, etc.).  

Alternatively, the storage plants can be used to compensate prediction errors of wind farms. 
Some examples of these applications can be found in [1, 2, 4, 5]. In these approaches, one 
wind farm or one wind farm cluster sells its production to the electric market (bidding the main 
forecast power production) and is penalized for any deviation from the initial proposal. For that 
reason, the wind farm (or wind farm cluster) aims to compensate the deviations in the 
production by using a storage plant, as a reserve for an optimized operation. The cited 
applications consider the exclusive utilization of the storage plant to compensate the forecasting 
errors of the wind farms. However, these analyses could lead to a sub-utilization of the 
capacities of the storage plant, depending on the capacity of the storage and the maximum 
rates for generation and storage filling. In the present tool, a combined utilization of the storage 
plant (conventional+reserve, i.e., acting in the conventional way and compensating forecasting 
errors) has been implemented.  

The ANEMOS.plus module here described determines the optimal operation for a storage plant, 
following conventional+reserve strategies, calculating also the opportunity costs associated to 
the reserve operation. First, the conventional operation of a storage plant is formulated through 
an optimization problem, aiming to maximize the profit in the cycle operation. This operation 
must be modified, if the storage plant wants additionally to supply a reserve for the optimal 
operation of the wind farms in a region. In the text, the main adaptations for the 
conventional+reserve optimal operation of the storage plant are described. To evaluate the 
module behavior, a realistic test case is proposed, performing simulations of typical operational 
situations. Finally, the document shows both operational and economical results obtained from 
the analysis, illustrating suitable operational strategies and the efficiency of the computational 
module. 
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4.1 The Optimization Problem for the Conventional O peration 

The optimal operation of the storage plant in the conventional way (that is, without 
compensating forecasting errors of the wind farms) was analyzed in previous sections. In a 
simple representation, the algorithm to calculate the optimal operation of a storage plant can be 
summarized in the optimization problem (20)-(27). 

 

 Max. ( )
1

n

i i i i
i

c Ph cp Pp
=

−∑  (20)      

 s.t.    1
i

i i p i
h

Ph
E E t Ppη

η+

 
= + − 

 
 (21) 

  1 1
espE E=  (22) 

  1 1
esp

n nE E+ +=  (23) 

  L U
iPh Ph Ph≤ ≤  (24) 

  i
i h

E
Ph

t
η≤  (25) 

  L U
iPp Pp Pp≤ ≤  (26) 

  0 U
iE E≤ ≤  (27) 

  1,....,i n=  

 
Where the variables are vectors describing: Ph , hourly active powers produced by the hydro 
generator; Pp , hourly average active power consumed by the water pump station; and E , 
energy storage levels in the reservoir in each hour. The following parameters are also defined: 
c , vector of hourly active power prices; cp , vector of hourly pump operation costs; UE , 
reservoir storage capacity; ηp , efficiency of water pump station and water pipes network; ηh , 

efficiency of the water reservoir and hydro generator; 1
espE  and +1

esp
nE , initial and final levels of the 

reservoir, respectively; LPh and UPh , lower and upper production power limits of the hydro 
generator, respectively; LPp and UPp , lower and upper physical power limits of the pump 
station, respectively; t , duration of each interval (1 hour, in this case); n , number of intervals. 

In objective function (20), the aiming of the operation of the storage plant in a conventional way 
is represented. The plant wants to maximize the quantity of energy delivered in the periods, 
minimizing the cost of filling up the reservoir. The costs of the load action cp consider the price 
of buying the energy at the electric system plus the internal cost of the storage cycle operation.      

In (21), the state of the storage reservoir for the next programming period is calculated. The 
level of the reservoir in the actual period can be incremented by performing filling actions (when 
Pp is not null in the present period) or decreased by depletion (if Ph is different of zero in the 
interval). The sought level of the storage reservoir at the end of simulation must be specified 
and the initial quantity of energy into the reservoir is previously known, as expressed in (22) and 
(23).  

The rate of depletion of the storage reserve (in the pumping station case, the hydraulic 
generation) has maximum and minimum limits, due to the restrictions of the equipment, (24). 
Beside this, the depletion is restricted by the amount of energy already presents in the reservoir, 
as represented through inequality equation (25).  
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In a similar way, the increment in the storage reserve only can be executed between the limits 
imposed by the equipment (pumps, in the pumping stations), (26).  

Finally, the storage reservoir has lower and upper limits, as expressed in (27). To simplify the 
formulation, in this equation operative limits are considered, decreasing the real values for the 
lower (and unexploited) operational limit of the reservoir. 

The optimization problem (20)-(27) is solved by using a Primal-Dual Interior Point algorithm, as 
described in [15]. In Fig. 6, an example of the solution of optimization problem (20)-(27) is 
shown. 
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Figure 6: Example of solution of optimization problem (20)-(27). 
 
In the solution of (20)-(27) (Fig. 1), four stages in the cycle operation of the storage plant can be 
differenced: 

 
a) Pause, waiting for low price periods:  at the beginning of the cycle, the storage plant 

has an energy reserve defined by E1
esp. The optimal operation of the storage plant may 

wait for the lowest prices of the day (generally, at low load periods) to initiate the charge 
of the storage reservoir.  

b) Filling up the reservoir:  at low-price periods, the storage plant connects the 
equipments to fill up the reservoir, acting as a load of the electric system. The initial and 
final intervals for the load action depend on many factors: the reservoir capacity, the 
maximum rate for filling up, the efficiencies of the storage plant, the forecasting prices in 
the day, etc. Optimization problem (20)-(27) calculates the best filling up periods, 
minimizing the cost for the filling up operation. In a pumping station plant, the filling up 
action is performed by connecting the pump equipment, incrementing the level of the 
reservoir. As showed in [1], the optimal action for the filling up equipment is performed 
by generally connecting them at their maximum capacity in the lowest price periods, 
complementing with partial charges in not so convenient periods.       

c) Pause, waiting for high-price periods: when the reservoir is full, or is not 
economically convenient to store more energy in the reservoir, the storage plant may 
wait for the most profitable periods to sell the stocked energy.   

 (a)             (b)                                     (c)                          (d) 
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d) Depleting the reservoir:  at high-price periods, the storage plant may deliver the stored 
energy to the system, depleting the reservoir. In these periods, the storage plant acts as 
a generator. As in b), optimization problem (20)-(27) determines the best periods to sell 
the energy to the system, taking into account the predictions for the energy prices in the 
market, the efficiencies and the requested minimum energy level in the reservoir, 
En+1

esp. In general, the optimal action for the depleting case is to fully connect the 
equipment in the highest price periods [1], to assure the best prices for the storage plant 
production. In pumping station plants, the depleting action is performed by using 
hydraulic generation. After depleting the reservoir, the storage plant may return to stage 
a), to perform another operational cycle. 

 
The optimal operation calculated by (20)-(27) could require more than one filling up and/or 
depleting periods intercalated with pauses in the same programming horizon, depending on the 
price profile. 

 

4.2 The Conventional+Reserve Optimized Operation 

In the present tool, the combined operation of the storage plant aiming two objectives 
(conventional operation of a storage plant + reserve for compensation of errors in wind farms) is 
searched. Prediction tools to calculate the wind power production in the next horizon have 
significantly improved in the last years. The ANEMOS.plus platform includes some of the most 
effective tools to estimate the wind power production of wind farms in the future operation. 
However, some uncertainty is inherent to the wind power forecast. This uncertainty can be 
expressed in function of quantiles. Predictive densities for each look-ahead time would be given 
by a set of quantiles with different nominal proportions spanning the [0, 1] interval. Typically, the 
chosen incremental step in nominal proportion is 0.05, thus leading to a set of 21 quantiles [16]. 
ANEMOS.plus platform allows the communication between modules of the wind power forecast, 
including quantiles densities. The end-user will define the scope of uncertainty that must be 
considered in function of risk analysis, specifying the maximum quantile to be considered in the 
simulations. Therefore, the forecast for the wind power production in a next interval may be 
expressed as a main value, enclosed in an interval defined by the maximum quantiles to be 
considered. Let be Pwi, Pwm

i and PwM
i the values for the main, minimum and maximum values 

for the forecasted power production in the i-interval of the next future, respectively, for a cluster 
of wind farms in the area of the storage plant, considering the maximum quantiles to be 
compensated by the storage plant.  

In the present demonstration case, the wind farm cluster bids to the electric market the main 
value of production Pwi, obtained from the ANEMOS.plus forecast modules, and the storage 
plant may operate as a reserve of the wind farm cluster, compensating its forecasting errors. 
This reserve action of the storage plant is calculated in the present module with the minimum 
alterations from its conventional (as described in the previous section) mode of operation. To 
perform the reserve actions, the storage plant may be able to compensate any variations in the 
wind power production between the range [Pwm

i, PwM
i] in the four stages of the operational 

cycle (as specified in the previous section), as follows:  

 

• At stage a) (when waiting for the low-price periods), the storage plant has little energy 
stored at the reservoir. Therefore, it can operate as a load, absorbing part of the wind 
power generations, when upper to the bid value Pwi. The maximum value that the 
storage plant may absorb (filling up the reservoir) in each i-period is (PwM

i - Pwi), to 
reach the compensation objectives. On the other hand, when the wind farm production 
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is below the predicted value Pwi, the storage plant may act as a generator, 
complementing the total production. To complete this action, the storage plant must 
guarantee a sufficient stored energy to compensate the maximum deviation (Pwi - 
Pwm

i), in all the i-intervals of the present stage. Furthermore, the stored energy 
remaining in the reservoir at the final interval of the operational cycle (En+1

esp )must 
guarantee the probable compensation of these lower wind farm generations in the next 
programming cycle. The value for the remaining energy at the end of the simulation 
(En+1

esp) is obtained in the present case through heuristic analysis, derived from the 
experience in the operation of the system. 

• Alternatively, when on stage c) (waiting for high-price periods), the energy reservoir has 
a large quantity of energy at the reservoir, allowing the action of the storage plant as a 
generator. In this case, the storage plant can easily compensate wind power 
generations lower than the expected, injecting to the system up to (Pwi - Pwm

i) (the 
maximum value required to be complemented by the wind farms) in each i-period. 
However, to compensate wind power generations greater than the main forecasted 
value, the storage plant must be able to absorb the possible wind power excesses of 
production (up to (PwM

i - Pwi) in each i-interval). Therefore, the reservoir can not be full 
in any period. To assure this energy margin (ER) in all the periods, equation (27) of the 
optimization problem (20)-(27) must be modified, as in (28). 

 

  ( )R0 U
iE E E≤ ≤ −  (28) 

 
• When the storage plant is at stage b) (filling up the reservoir), the optimal conventional 

operation requires the action of the feeding equipments at their maximum capacity, to 
fulfil  the energy reservoir in the lowest-price periods. In these periods, the storage plant 
operates as a load for the electric system. Therefore, the storage plant can easily 
compensate wind generations lower than the expected value Pwi when required, by 
reducing the power absorption. On the other hand, to compensate probable upper 
deviations in the wind production, the filling up equipments must maintain a margin to 
increase the load action. The maximum quantity of power to be compensated in this 
case is PwM

i, in each i-interval. In the present tool, a continuous action of the filling up 
activity is assumed. When representing pump stations without controllable pumps, 
approximate or alternative approaches can be used [17].Therefore, in the combined 
action of the storage plant, (26) must be substituted by (29). 

 

  ( )L U M
i iPp Pp Pp Pw≤ ≤ −  (29)  

  
• At stage d), the storage plant is depleting the reservoir, acting as a hydraulic generator. 

The optimal action (without considering wind deviations, Fig. 1) requires the action of 
the generation devices at their maximum capacity, to sell the stored energy at the most 
favorable price periods. Consequently, the storage plant can compensate probable wind 
productions greater than expected by decreasing the own production. However, as the 
storage plant is also required to compensate wind productions below the expected 
values, the plant must be available to increase the hydraulic production when required. 
For that reason, the storage plant must maintain a generation margin Pwi

m, to 
complement possible forecasting errors in the wind production. This margin may be 
included in equation (24), substituting it by (30). 

 

  ( )L U m
i iPh Ph Ph Pw≤ ≤ −  (30) 
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In equations (31)-(38), the optimal conventional+reserve problem for the storage plant is 
summarized, simultaneously considering the objectives of improving the profit in the operational 
cycle and maintaining a reserve for compensating wind power forecasting errors.  

 

 Max. ( )
1

n

i i i i
i

c Ph cp Pp
=

−∑  (31)      

 s.t.    1
i

i i p i
h

Ph
E E t Ppη

η+

 
= + − 
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  1 1
espE E=  (33) 

  1 1
esp

n nE E+ +=  (34) 

  ( )L U m
i iPh Ph Ph Pw≤ ≤ −  (35) 
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i h

E
Ph

t
η≤  (36) 

  ( )L U M
i iPp Pp Pp Pw≤ ≤ −  (37)  

  ( )R0 U
iE E E≤ ≤ −  (38) 

  1,....,i n=  

 

4.3 Test Case 

To simulate the operation of the storage plant, a realistic case has been used. In Table 2 the 
main parameters of the test case are represented. 

 
Table 2: Main Parameters of the Test Case 

EU [MWh] PhU [MW] 
PpU 

[MW] 
ηh [%] ηp [%] 

2,000 273 336 88 92 
 
 

In the test case, the simulation period is 24 hours, with a discretization of (t = 1) hour, the initial 
and final storage reserves Eesp

1 and Eesp
n+1 are 10%, the minimum limits PhL and PpL has null 

values and the installed capacity of the wind farms is 250 MW. The cpi costs for the pumping 
operation are considered 102% of the value for the energy in the market in the same period ci 
and four intraday markets are represented in the 24-hours operation. The wind producers may 
inform the future production 4 hours before the next intra-day market, up to 12 hours ahead (this 
latter limit, is depending on the intra-day market horizon).  

To evaluate the robustness and to show the capacities of the implemented algorithm in different 
real situations, several typical cases are shown here. The following situations are simulated: 

 
Operation of the Storage Plant in a Conventional Wa y: by solving optimization problem (20)-
(27), the following cases are represented: 
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• Typical Day (Wednesday) Operation. 

• Saturday Operation. 

• Sunday Operation. 

 
Operation of the Storage Plant in a Conventional+Re serve Approach:  when considering 
the optimal operation of the storage plant in a combined (conventional+reserve) approach, the 
level of the expected forecasting errors in the wind production determines the best operation. 
Therefore, 3 levels of forecasting errors are simulated: 

 
• Low Forecasting Errors in the Wind Power Generation: in this case, errors between 6% 

(at 4 hours) and 20% (at a 12-hours horizon) may be compensated by the storage plant. 
Three simulations are performed for this forecasting error level, considering 
Wednesday, Saturday and Sunday typical operations. 

• Medium Forecasting Errors in the Wind Power Generation: errors between 10% and 
35% (at 4 and 12 hours ahead, respectively) in the wind power generation may be 
compensated by the storage plant. As in the previous case, Wednesday, Saturday and 
Sunday typical operations are performed. 

• Large Forecasting Errors in the Wind Power Generation: for errors between 16% (4-
hours horizon) to 60% (12-hours horizon) of the total wind power generation. Also, three 
typical cases are shown, for representative Wednesday, Saturday and Sunday days. 

 

4.4 Operational Results 

In Fig. 7, the simulations for the conventional operation of a storage plant are represented, for 
three typical days. In this and the following curves of the section, characteristics prices of the 
Spanish and Portuguese markets are used. 
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(a) Wednesday Simulation 
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(b) Saturday Simulation 
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(c) Sunday Simulation 

 
Figure 7: Conventional Operation of the Storage Plant. 
 
As observed in Fig. 2, the reserve to compensate the wind power forecasting errors is null in all 
the periods, simulating the conventional operation of a storage plant. The optimal behaviour of 
the storage plant differs in function of the type of day, because of the variations in the prices 
profile. In the Wednesday simulation, two discharge periods are necessary to obtain the best 
profit, at hours 8 and 20-23. In the Saturday simulation, the charge and discharge periods are 
concerted, in low and high price stages, respectively. In the Sunday simulation, the charge of 
the energy reservoir is complemented at hour 18th, taking advantage of the low price at this 
hour. 

In Fig. 8-10, the simulations for different levels of forecasting errors in the wind power 
production are depicted, for the conventional+reserve operation of the storage plant. 
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(a) Wednesday Simulation 

 

0 5 1 0 1 5 2 0 2 5
0

1 0 0

2 0 0

3 0 0

4 0 0

5 0 0

6 0 0

7 0 0

8 0 0

9 0 0

1 0 0 0

M
W

; M
W

h
; E

/M
W

h

h o u r s

M k t .  P r i c e
H i d r .  G e n

P u m p
S t o r a g e

P w r .  R e s e r v e

 
(b) Saturday Simulation 
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(c) Sunday Simulation 

 
Fig. 8: Conventional+Reserve Operation of the Storage Plant. Low Forecasting Errors Level. 
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(a) Wednesday Simulation 
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(b) Saturday Simulation 
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(c) Sunday Simulation 

 
Figure 9: Conventional+Reserve Operation of the Storage Plant. Medium Forecasting Errors 
Level. 
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(a) Wednesday Simulation 
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(b) Saturday Simulation 
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(c) Sunday Simulation 

 
Figure 10: Conventional+Reserve Operation of the Storage Plant. Large Forecasting Errors 
Level. 
      
 

As observed in Figs. 7-10, the requirements associated with the reserve activity result in lower 
energy quantities stored in the reservoir. In the Wednesday simulations, the interest of the 
storage plant to cooperating with the wind farms leads to a diminution of the stored energy from 
1,700 MWh (conventional operation, Fig. 8.a) to 1,310 MWh (conventional+reserve operation, 
large forecasting errors, Fig 10.a). In Sunday simulations, the reserve aptitude decreases the 
energy stored in the reservoir from 1,100 MWh (Fig. 8.c) to 709 MWh (Fig. 10.c). As it is 
expected, large forecasting errors in the wind power generation result in lower amounts of 
energy stored in the reservoir, and subsequently in lower capacities to obtain profits in the 
storage operational cycle (as evaluated in the conventional operation). 

4.5 Economical Results 

The interest of acting as reserve for wind farms leads to lower storage actions of the storage 
plant (as expressed in function of pumping, storage and hydraulic generation proceedings) due 
to the necessity of maintain operational margins in the process. However, the objective of 
exploiting the storage capacity to operate as a reserve for the wind power production could lead 
to interesting diversification in the storage plant activity. Wind power generation is associated in 
the most of the countries with high-level remunerations. Wind power is a renewable source of 
energy, free of CO2 contamination and the local availability; therefore, many countries have 
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special remuneration schemes to incentive this kind of producers, paying for the wind power 
production prices far above than those paid for conventional electricity in the market. However, 
wind producers may deal with penalties, related with uncertainties in the wind power production. 
As the primary source of energy (the wind) can not be exactly predicted, a deviation from the 
expected production is presumed. ANEMOS.plus includes some of the most advanced 
developments to predict wind power productions with better accuracy. However, in practice, the 
wind power generation is always different (in larger or minor quantities) from the predicted 
value. In many countries (as at Spain) these deviations from the expected values must be paid 
by the wind producer, decreasing the profit in the wind power generation activity. Therefore 
(when the regulation allows this procedure), storage plants can act as a permanent reserve for   
the wind power producers, increasing the profit and the confidence of both industries. 

One of the difficulties associated with the action of the storage plant as reserve of wind farms is 
the determination of the real costs for this activity. The ANEMOS.plus module described here 
allows (in addition with the determination of the best operational cycle for the plant) the 
calculation of the opportunity cost associated with the reserve objective. Opportunity cost could 
be defined as the evaluation placed on the most highly valued of the rejected alternatives or 
opportunities [18]. When the storage plant chooses setting aside part of its capacity to 
compensate probable wind power production errors, this plant has opportunity cost that must be 
compensated by wind farms owners’ payments. The opportunity cost can be calculated as a 
difference between the profits obtained in the conventional operation and in the 
conventional+reserve procedures. In Tables 3 and 4, the profits and opportunity costs of the 
simulated operation alternatives are summarized.    

 
Table 3: Profits in the Simulations 

Scenario 
No 

Compensation 
Revenue (E) 

Low 
Errors 

Revenue 
(E) 

Medium 
Errors 

Revenue 
(E) 

Large 
Errors 

Revenue 
(E) 

Wednesday 17368.52 15257.2 13849.66 11534.69 
Saturday 7271.88 6315.62 5678.11 4640.89 
Sunday 12254.59 10637.2 9558.94 7805.44 

 
 

Table 4: Opportunity Costs 

Scenario 

Low Errors Medium Errors Large Errors 

Opportunity 
Costs (E) 

Opp. 
Costs 
(%) 

Opportunity 
Costs (E) 

Opp. 
Costs 
(%) 

Opportunity 
Costs (E) 

Opp. 
Costs 
(%) 

Wednesday 2111.32 12.16 3518.86 20.26 5833.83 33.59 
Saturday 956.26 13.15 1593.77 21.92 2630.99 36.18 
Sunday 1617.39 13.20 2695.65 22.00 4449.15 36.31 

 
 

As observed in Table 3, the best profits of the storage plant are obtained in simulations of 
Wednesday and Sunday days. Also, the increment in the level of the forecasted errors to be 
compensated by the storage plant results in lower profits for the cycle operation.  

In Table 4, the opportunity costs of the simulation cases are represented. As expected, the 
opportunity costs are greater in days with larger profits (Wednesday and Sunday). The 
utilization of prediction tools with large forecasting errors in the wind farm production results in 
larger opportunity cost to be paid to the storage plant, because more capacity must be reserved 
to compensate probable wind power deviations. 
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5 Risk Analysis in a Market Environment 
Decision makers may face many different decision-making problems comprising a wide variety 
of alternatives. In general, such problems require some decision process to be followed for the 
decision-maker to achieve good compromise decisions. When the possible consequences of 
the available alternatives are taken into account in the decision process, the outcomes 
associated to each alternative become subject of some randomness, which renders them 
stochastic in nature. Decision-making problems incorporating stochastic outcomes are usually 
referred to as problems of decision-making under uncertainty [20].  

In that later case, the decision-maker has to choose among available alternatives under 
imperfect knowledge of what the future outcome of each alternative will be.  

In other words, some process for making decisions having imperfect information as inputs [22] 
has often to be followed, which implies some amount of uncertainty to be associated to decision 
outcomes. Such uncertainty of the outcomes should therefore be taken into account in the 
decision process.  

Much work has been devoted to problems of decision-making under uncertainty which are often 
modelled as optimization problems [20, 52].  

The extensive state of the art of optimization under uncertainty methods and applications 
supplied in [47] provides a basis for the development of the present work. The proposed 
approach was developed bearing in mind the uncertainty modelling possibilities and the 
decision under risk paradigms presented in [35]. Our technique is also inspired by rule-based 
models representing the interaction of preferences of the decision-maker as the one proposed 
in [37].  

This paper focuses on the particular problem of sequential decision-making under uncertainty, 
in which, as the name states, decisions have to be made sequentially. For tackling problems of 
the kind, we propose a decision-making model based on a stochastic dynamic programming 
approach.  

The application concerns the scheduling of a virtual power plant comprising a wind farm and an 
energy storage device and operating under a day-ahead electricity market. More particularly, 
hydro storage is considered. The interconnection of the virtual power plant with the main 
electricity grid is made via a single point of common coupling (PCC) as depicted by Figure 11.  

 

 

Figure 11: Wind-hydro power plant model used in this work. 

While participating in the day-ahead market (i.e.: usually referred to as spot market or forward 
day-ahead market [25, 48]), the wind-hydro power plant owner has to make a decision on what 
should be the level of energy bids and when to place them on the spot market. In this paper, the 
energy bids on the day-ahead market are determined using the proposed scheduling algorithm, 



ANEMOS.PLUS  Tools for the Coordination of Storage and Wind Generation   

Deliverable 3.7    2010-06-21 

 

28 

which takes into account the available day-ahead wind power forecasts and the uncertainties 
associated to such forecasts. Due to the uncertainties associated to the power output of the 
wind farm, differences between scheduled energy production and actual energy production 
occur, which are usually named energy imbalances.  

The energy imbalances described in the previous paragraph are due to the stochastic nature of 
the power source that implies an imperfect knowledge of the future production, thus resulting in 
increased uncertainty. Using non-controllable generation forecasts can reduce this uncertainty, 
and consequently the imbalances. This uncertainty reduction is highly dependent on the horizon 
of the forecasts. The shorter the horizon the better we can make forecasts especially for wind 
power generation.  

The horizon of the forecasts used for placing bids in a day-ahead electricity market is mainly 
dependent on the time-lag between the day-ahead market clearance (usually referred to as gate 
closure time) and the start of energy production. Typically [19], the wind power producer has to 
bid his energy production on day d till noon, but will only start generating the corresponding 
energy on the first hour of day d+1, the resulting time-lag will be of 12 h. As the bid has to cover 
the whole length of the next day d+1, it will be necessary to use forecasts covering a horizon up 
to the next 36 h.  

Some research efforts have been made in the past on methodologies able to reduce the 
imbalance costs paid by renewables participating in electricity markets. However, in most cases 
they refer to situations where single wind farms participate in the market and do not consider the 
aggregation of wind farms or the combination with other generating facilities [31, 34, 45].  

Systems in which the wind farm is coupled with some kind of energy storage have also been 
considered in an attempt to minimize the imbalance costs incurred by the wind farm owner. In 
[29] a method for scheduling and operating an energy storage system coupled with a wind 
power plant under market conditions is proposed. However, the results obtained via such 
method used constant wind power forecasts throughout the scheduling period. In addition, the 
forecasts for the spot market were assumed to be perfect (i.e.: implying that one has a precise 
knowledge of the future market prices when proposing a schedule) and equal for all days, which 
does not reflect a realistic situation. In [53] an algorithm is proposed for calculating the optimal 
short-term dispatch of an energy storage facility coupled with a wind farm with the objective of 
minimizing the expected imbalance penalties incurred by the wind farm owner. However, such 
algorithm neglects the possibility of the wind farm owner to participate in the day-ahead market. 
In [1, 21] an optimization approach was proposed for determining the most probable range of 
the output production of a wind farm coupled with a hydro power plant containing a water pump 
system and a small reservoir. The main motivation of such works was to use the hydro storage 
facility for increasing the controllability of the wind farm and maximize profits. In [28] some 
technological aspects of energy storage devices are discussed and the storage is used to filter 
the erratic power output of a stochastic power source (e.g.: wind power generator). In other 
words, the work developed in [28] aims at increasing the controllability of the wind power 
source. Finally, in [54] two methods are proposed for minimizing the penalties due to 
imbalances of the wind farm power output. The first one considers the wind farm to bid alone in 
the day-ahead market trying to minimize the risk of the bid based on a statistical analysis of the 
expected production probability. The second couples a hydro power plant containing a water 
reservoir to the wind farm for minimizing the imbalance costs incurred by the wind farm owner. 
However, contrary to our work, in this method the energy bids are placed in an intraday market, 
which means that wind power forecasts are by far more accurate thus implying a smaller degree 
of error to be dealt with.  

The proposed approach aims at reducing the energy imbalances generated by the wind farm 
while keeping the profit of the wind farm operator as high as possible. This is achieved by 
integrating the uncertainty associated to wind power predictions in the decision process. The 
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use of the energy storage for increasing the controllability of the whole is also evaluated. In 
short, the proposed approach seeks to maximize the expected revenues associated to the 
scheduling decisions in the long run while minimizing imbalance risks.  

5.1 State of the Art on Risk-Based Decision-making Approaches 

Several risk definitions may be found in the literature. As an example, in [44], risk is defined as 
the hazard to which a utility is exposed because of uncertainty. In the same reference, risk is 
defined as a bi-dimensional characteristic of decisions having the following dimensions:  

• the likelihood of making a regrettable decision;  

• the amount by which the decision is regrettable.  

In the presence of uncertainty, one needs to quantify the risk associated to a given decision by 
using an appropriate risk measure. Many risk measures exist in the literature. Different classes 
of such measures are presented and reviewed in [44, 52]. However, in the context of decision-
making under uncertainty, defining a risk measure is somewhat insufficient. Indeed, one needs 
to define an appropriate risk-based decision model. In [52] three basic risk-based approaches 
are resumed. These consist of:  

• Expected-Utility Approach: tries to describe the decision maker’s attitude towards risk 
per se (i.e.: without reference to any particular situation);  

• Mean-Variance Approach: assumes that the best decisions are those with greater 
expected values and smaller variances (or standard-deviations) of their outcomes;  

• Stochastic Dominance Approach: assumes that only limited information on the decision 
maker’s utility function is available and ranks decision preferences through the 
employment of stochastic dominance theorems based on the cumulative distribution of 
estimated decision outcomes.3  

Here, we do not present an exhaustive state of the art on risk-based approaches. For that 
purpose, the interested reader may refer to [35]. Moreover, a state of art on optimization under 
uncertainty may be found in [47].  

In this work, an approach based on a stochastic dynamic programming approach using a spot-
risk model as the objective function of the single-stage sub-problems is proposed, tested and 
discussed. The proposed approach follows the same principles of the risk-based approaches 
used in [30, 32, 33, 39, 40, 51]. 

5.2 General Description of the Problem 

The problem of operating the wind-hydro power plant depicted in Figure 11 under both day-
ahead and regulating market conditions, was subdivided in two main phases. The first one 
focuses on the production of the day-ahead operation schedule, based on the characteristics of 
the wind-hydro plant and on the day-ahead forecasts of the hourly spot prices for energy and for 
wind farm output. Concerning wind power forecasts, both the expected value and associated 
variance are considered. The second phase focuses on the short-term intraday operation of the 
plant.  

                                                      
3It is out of the scope of this paper to analyze such theorems in detail. The interested reader 
may refer to [20, 24, 52] for more information on the matter. 
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5.2.1 Market Models 

Each electricity market has its own rules, defining the way electricity is sold or purchased, how 
electricity prices are settled, and the obligations with which market participants are committed. 
Different European electricity markets exist [38]. Most of them include a day-ahead market, also 
named spot market, and a regulation market: 

Day-Ahead Market  

Day-ahead electricity market rules impose the use of forecasts having a time horizon that 
depends on the time-lag between the day-ahead market clearance (usually referred to a gate 
closure time) and the start of energy production. In general, power producers have to place their 
production bids on day d till noon, but will only start generating the corresponding power on the 
first hour of day d+1. This results on a time-lag of 12 h. Moreover, this time-lag corresponds to 
the best-case as, in fact, the wind power producer will continue generating till the end of day 
d+1, which gives a total time-lag of 36 h. This time-lag range specifies the horizon needed for 
the forecasts. 

Imbalance Market  

The transmission system operator (TSO) is responsible for maintaining the physical balance 
between production and consumption. Power producers interacting directly with the electricity 
market have to help the TSO to maintain power balance at all time by participating in the market 
balancing mechanisms. Such imbalance mechanisms imply power producers to pay a market 
imbalance price for their respective power imbalances. Consequently, positive or negative 
imbalances, in general, lead to the payment of regulation costs by the producers decreasing 
their individual market incomes. In this work, an imbalance market model is used, based on the 
studies [34] and [45]. 

The determination of regulation prices varies according to the considered market. In our case, 
we consider it is the result of the regulation market, where players with power reserves place 
bids for fast production increase or decrease. This is for example the case of NordPool, balance 
responsible players are penalized for their imbalance only if they are opposite to the regulation 
measure taken by the TSO. The interested reader may refer to [19] for obtaining further 
information on NordPool market rules. 

5.2.2 Optimal Scheduling of the Virtual Power Plant  

The market model used in this work for representing the regulation market is similar to those 
used in [34, 45]. In general terms, for a given time-step t, the income I

t
 of a market participant 

bidding an amount of energy E
t
 but actually generating E

*
t  can be formulated as the combination 

of the income from the energy bid E
t
 at the spot price p

t
, minus the costs for regulation C

REG
t
:  

 I
t
=p

t
⋅E

t
−C

REG
t
 (41) 

where the regulation cost C
REG

t
 relative to the imbalance energy d

t
 is given by an a appropriate 

function f(d
t
) described below:  

 C
REG

t
=f(d

t
)= 




 
p

+
t ⋅d

t
, d

t
≥0

−p
−
t ⋅d

t
,d

t
<0

 (42) 

 d
t
=E

*
t−E

t
 (43) 
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with p
+
t ,p

−
t ≥0 being the regulation prices for positive and negative energy imbalances, 

respectively.  

The determination of the regulation prices varies according to the considered market. In our 
case (i.e.: NordPool) it is the result of the regulation market, where players with power reserves 
place bids for fast production increase or decrease. The upward regulation price is then 
determined as the most expensive production increase measure proposed on the market that 
was taken by the TSO. Inversely, the downward regulation price is determined as the cheapest 
production decrease measure taken by the TSO. It should be said that in NordPool, the 
electricity market considered in this work, the market participants are only penalized for their 
imbalances if these are opposite to the regulation measure taken by the TSO. The interested 
reader may refer to [19] for obtaining further information on NordPool market rules.  

In a market context, we consider that the wind-hydro power plant owner or aggregator seeks to 
maximize the profit generated by the plant. In the scheduling phase, this is achieved by a 
dispatch function that has the objective of finding the operating set-points of the energy storage 
that maximize the total profit of the wind-hydro power plant throughout the scheduling horizon 
(e.g.: 24 h). This function uses forecast of wind generation.  

The output of the optimization process supplies the set-points of the energy storage device and 
the day-ahead contracted power at the point of common coupling (PCC), depending on the wind 
farm output and spot price forecasts. The interested reader may refer to [23] for further details 
on the followed approach.  

In a market context, we consider the virtual power plant owner seeks to maximize the profit 
generated by the plant. In the scheduling phase, this can be achieved by a well-designed 
dispatch function having as objective to find the operating set-points of the energy storage that 
maximize the total profit throughout a given horizon T (e.g.: 24 h). The total profit is made up of 
the sum of the profits π

t
 obtained at each time-step t. The profit obtained on a single time-step 

can be expressed as:  

 π
t
=I

PCC
t
+C

STO
t
+C

WF
t
 (44) 

where, for every time-step t:  

 

• I
PCC

t
 represents the income due to the exportation/importation of power to/from the 

main grid at level P
PCC

t
, where I

PCC
t
 takes positive values whenever the virtual power 

plant exports power to the main grid (P
PCC

t
<0) and negative values whenever the virtual 

power plant imports power from the main grid (P
PCC

t
>0);  

• C
STO

t
 represents the cost of operating the storage at level P

STO
t
;  

• C
WF

t
 represents the cost of operating the wind farm at its forecasted power output level 

P ɵ
WF

t
.  
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In the optimization process, the decision variables are the power outputs of the energy storage 
P

STO
t
 at each time-step t of the scheduling horizon T. Since the value of C

WF
t
 contained in 

Equation (44) does not depend on the control variable it can be disregarded in the objective 
function of the optimization problem. Hence, the total profit that is under maximization simplifies 
to:  

 π'
t=I

PCC
t
+C

STO
t
 (45) 

where:  

 C
STO

t
= 




 

p ɵ
exp

t
⋅P

STO
t
⋅∆ ( )t ⇐P

STO
t
≤0

p ɵ
imp

t
⋅P

STO
t
⋅∆ ( )t ⇐P

STO
t
>0 (46) 

 I
PCC

t
= 




 

hatp
exp

t
⋅P

PCC
t
⋅∆ ( )t ⇐P

PCC
t
≤0

p ɵ
imp

t
⋅P

PCC
t
⋅∆ ( )t ⇐P

PCC
t
>0 (47) 

where, for every time-step t:  

 

• ∆ ( )t  represents the time-step amount of time and comes expressed in ( )h ;  

• p ɵ
imp

t
 and p ɵ

exp
t
 represent, respectively, the forecasted prices to be paid/received for 

importing/exporting energy from/to the main grid4;  

• Positive values of P
STO

t
 and of P

PCC
t
 mean that the energy storage device is working 

as a power generator and that the virtual power plant is importing power from the main 
grid;  

• Negative values of P
STO

t
 and of P

PCC
t
 mean that the energy storage device is working 

as a load and that the virtual power plant is exporting power to the main grid.  

 

The virtual power plant scheduling problem may be described by the optimization problem 
expressed by Equation 48. 

 max
P

STO
t

 








 ∑
t=1

T
 π'

t  (48) 

subject to  

 P
PCC

t
+P

VPP
t
=0 (49) 

                                                      
4In the present work we have considered pimpt

=pexpt
 and, thus, p ɵimpt

=p ɵexpt
. 
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 −µ
pcc

t
⋅Pmax

PCC≤P
PCC

t
≤µ

pcc
t
⋅Pmax

PCC (50) 

 SOCmin≤SOC
t
≤SOCmax (51) 

 −∆
SOCmin≤∆

SOC
t,t+1

≤∆
SOCmax (52) 

where:  

µ
pcc

t
∈ [ ]0;1  

P
max
PCC,∆

SOCmin,∆SOCmax∈R
+
0  

Equation 48 represents the objective function. Equation 49 enforces the power balance at the 
PCC to be maintained at all times, where P

VPP
t
 represents the power output of the virtual power 

plant. Equations 50 to 52 force the decision variables P
STO

t
 to stay within their respective 

boundaries. The value of µ
pcc

t
 present in Equation 50 ensures the desired amount of 

transmission capacity slack at the PCC is respected. This serves the purpose of defining an 
interconnection capacity limit lower than the real one in the scheduling phase, granting, as the 
names states, some interconnection capacity slack always exists during the operation phase. 
Equation 51 keeps the storage state-of-charge SOC within its boundaries. Finally, Equation 52 
ensures that variations of the storage state-of-charge between time-steps t and t+1, which are 
given by ∆

SOC
t,t+1

, stay within the technical boundaries of the storage. Such variations are given 

by Equation 53. 

 ∆
SOC

t,t+1
=SOC

t+1
−SOC

t
 (53) 

The value of P
VPP

t
, the virtual power plant power at time t, is calculated from Equation 54.  

 P
VPP

t
=P ɵ

WF
t
+P

STO
t
−L

Dump
t
 (54) 

The values of the storage output P
STO

t
 and the dump load value L

Dump
t
 are calculated through 

Equations 55 and 56, respectively. 

 P
STO

t
= 





 

 

∆
SOC

t,t+1

η
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⋅∆ ( )t ⇐∆
SOC

t,t+1
≥0

[6pt] 

η
dis

⋅∆
SOC

t,t+1

∆ ( )t ⇐∆
SOC

t,t+1
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 (55) 

 L
Dump

t
= 





 

0 ⇐−P
max
PCC≤P

PCC
t

P
VPP

t
−P

max
PCC⇐−P

max
PCC>P

PCC
t

 (56) 
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In Equation 55, η
ch

 and η
dis

 represent, respectively, the storage device charging and 

discharging efficiencies. The variable L
Dump

t
 is used for dealing with cases in which the virtual 

power plant may exceed the interconnection capacity due to excessive renewable generation. 
Such cases may occur for plants having a weak interconnection capacity, in which case a part 
of the production is, as the name states, dumped for keeping the power balance of the system. 

The scheduling problem as defined by Equations 48 through 52 indicates that dispatch 
decisions are taken sequentially in time (vide Equations 49, 52, 54 and 55). Several methods 
can be found in the literature for tackling problems of the kind [49, 42]. 

5.2.3 Simulation of the Operation of the Virtual Po wer Plant 

This section focuses on the simulation of the energy storage device operation during the 
delivery day. The approach we followed for operating the energy storage device is based on a 
model similar to those that were used in [28, 29]. The reader should note that every equation 
presented in this section is valid for every point in time and time-independent. Hence, for 
simplifying the mathematical notation, we shall neglect the time index in all equations presented 
in this section. 

At the operation stage, the power flow balance equation is given by Equation 57, where P
Op
PCC 

and P
Op
STO are the defined power at the PCC and the storage power in the operation phase, 

repectively, and P
WF

 is the actual wind farm power production (i.e.: measured wind farm 

output). 

 P
Op
PCC+P

Op
STO+P

WF
=0 (57) 

The storage device will have to be operated taking into account the actual wind power 
generation which will be different than the forecast one. Different strategies may be adopted for 
managing energy storage devices. In the operation phase, we have used the energy storage for 
reducing existing energy imbalances between the scheduled power flow at the PCC P

PCC
 and 

the actual power flow P
Op
PCC. Such imbalances are due to wind power forecast errors, which are 

penalized by the market as explained in 5.2.1. Under the adopted operation strategy, the 

required storage power P
Req
STO is given by Equation 58. 

 P
Req
STO=−(P

PCC
+P

WF
) (58) 

The ability of the storage to fulfil the required P
Req
STO depends both on its power rating and its 

actual state-of-charge (SOC). Consequently, P
Req
STO is bounded by the storage charge and 

discharge power rating P
ch

 and P
dis

 and by the stored energy E
STO

. The latter will determine 

whether the storage device allows to deliver or to absorb the required amount of power. In order 
to take into account the storage charging and discharging efficiencies η

ch
 and η

dis
, the charge 

and discharge states are considered separately. 

Whenever charging or if the energy storage is not being used (P
Req
STO ≤ 0), the minimum feasible 

value of P
Op
STO is given by the sequential application of Equations 59 through 62, where E

max
 

and E
min

 are the maximum and minimum energy capacity of the storage. ∆t is the time step 

used for the operation process.  
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 P
Req
STO = Max(P

ch
,P

Req
STO⋅η

ch
) (59) 

 E
ch

 = Max(P
Req
STO⋅∆t,E

max
−E

STO
) (60) 

 E
Op
STO = E

ch
⋅η−1

ch (61) 

 P
Op
STO = E

Op
STO⋅∆t−1 (62) 

Whenever discharging, (P
Req
STO > 0), the maximum feasible value of P

Op
STO is given by the 

sequential application of Equations 63 through 66.  

 P
Req
STO = Min(P

dis
,P

Req
STO⋅η−1

dis) (63) 

 E
dis

 = Min(P
Req
STO⋅∆t,E

STO
−E

min
) (64) 

 E
Op
STO = E

dis
⋅η

dis
 (65) 

 P
Op
STO = E

Op
STO⋅∆t−1 (66) 

The above equations permit to simulate the storage operation as a function of the strategy 

followed to cope with the forecast uncertainties. The difference between P
Op
STO and P

Req
STO gives 

the energy imbalance at every moment in time, which takes negative values in case of power 
shortage and positive values in case of power surplus. 

5.3 Proposed Scheduling Approach 

The wind-hydro power plant scheduling decisions are coupled in time, essentially due to the 
energy storage ramp-rate constraints. This means that the possible scheduling decisions 
associated to a given point in time depend on the previous ones and condition later ones. 
Therefore, the wind-hydro power plant scheduling problem corresponds to an optimization 
problem belonging to the class of serial multistage sequential decision problems [46]. Several 
methods can be found in the literature for tackling problems of the kind [42, 49]. 

In this work we have used a scheduling approach based on a stochastic dynamic programming 
algorithm similar to the one presented by the authors in [23]. Such algorithm is based on a 
deterministic dynamic programming algorithm to which we coupled the spot-risk model 
proposed in this paper. The spot-risk model integrates the uncertainty associated to single-
stage decisions in the decision-making process. A short description of the dynamic 
programming formulation is given in 5.3.1. The description of the proposed spot-risk model is 
given in 5.3.2. 

5.3.1 Dynamic Programming Model 

We developed a dynamic programming approach in which the energy storage state-of-charge 
(SOC) describes the state of the wind-hydro power plant at a given time-step. State transition 
costs are given by the state transition cost function T, which, in our case, is given by the energy 
storage operating cost function. The dynamic programming recursive function F used in this 
work may be represented by the Bellman equation:  
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 F ( )s,t =π
s,t

+T ( )x
s,t

,x
k,t+1

+F ( )k,t+1  (67) 

where:  

 

• S is the set of system states;  

• s,k∈S;  

• x
s,t

 represents the system being in state s at time t;  

• π
s,t

 is the profit associated to x
s,t

;  

• T ( )x
s,t

,x
k,t+1

 represents the cost-to-go from state x
s,t

 to state x
k,t+1

;  

• F ( )k,t+1  represents the cumulated cost associated to state x
k,t+1

.  

 

We have formulated the dynamic programming problem as a Boundary Value Problem [46]. 
This means that both the initial and the final stored energy contained in the energy storage 
device of the dynamic programming recursion have to be specified prior to running the 
scheduling tool. For doing this, we have proceeded in the following manner:  

 

• we assumed that the energy storage device at the beginning of the simulation period is 
found at 50% of its maximum storage capacity;  

• we have assumed the energy storage device to always reach a final state of 50% of its 
maximum storage capacity at the end of each scheduling period of 24 hours.  

• from the second day till the end of the simulations the energy storage device is 
initialized at the final SOC that was obtained after the previous day operation takes 
place. Therefore, the dependency between the scheduling and the operation phases 
was established.  

 

5.3.2 Spot-Risk Model 

Electricity market regulation prices are highly variable and hardly predictable [31]. Therefore, 
producing sufficiently good forecasts of such imbalance prices prior to deciding which bids to 
place on the day-ahead market is very difficult to achieve. This means that, in our case, 
estimating the expected recourse (or penalization) costs associated to every feasible decision 
(i.e.: hourly energy bid) is hardly feasible in itself. Thus, we have developed an approach that 
takes into account the wind power forecast uncertainty for minimizing the risks of imbalances 
associated to the scheduling of the wind-hydro power plant.  

For dealing with the uncertainties associated to wind power forecasts, we have opted to use a 
model based on the same principles as those of the mean-variance approach described in [44]. 
However we call such model a Spot-Risk model because we think that this is a more generic 
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term in the sense that it allows the use of spot values other than the mean (e.g: median) and 
whatever risk measure one thinks to fit the decision-maker’s requirements (as opposed to only 
using the variance). 

Spot-risk-based models have been widely used in decision-making processes [40, 41, 43]. One 
of the main reasons for this is that these models permit the decision-maker to integrate the 
uncertainty associated to a given random variable x based on a function f of only two criteria:  

 

1. a spot prediction of the random variable outcome x ɵ (e.g.: its expected return E ( )x );  

2. the amount of risk associated to such prediction, which is hereby given by R ( )x ɵ .  

 

The small number of criteria required by mean-risk models makes them quite appealing. 
Equation 68 defines the Spot-Risk model, where, the β parameter represents the risk attitude of 
the operator.  

 f ( )x ɵ,R ( )x ɵ =x ɵ−β⋅R ( )x ɵ  (68) 

In this work, we use a Spot-Risk model similar to the one described by Equation 68 for 
incorporating the uncertainty associated to wind power predictions in the scheduling decision 
process. Such uncertainties are associated to the wind power production forecasts for every 
hour of the scheduling horizon. Hence, the wind power production uncertainty is independent 
from any variable other than its corresponding wind power forecast. This means that the 
uncertainty information is independent of the wind-hydro power plant state (SOC). Therefore, 
using the uncertainty information as is, would render the stochastic problem a purely 
deterministic one (i.e.: every state transition would be penalized in the same way). This would 
be equivalent to disregarding the uncertainty information associated to wind power forecasts. To 
overcome this design problem, we complemented the uncertainty information associated to 
wind power forecasts with a preference indicator depending on the state-of-charge states of the 
energy storage device. Such preference indicator has the role of differentiating the state-
transitions evaluated by the dynamic programming recursion described in 5.3.1 according to the 
operator’s preferences. We have defined such preferences following a Risk Perception 
philosophy as such perception has an important role on how risks should be managed [22]. In 
[50], risk perception is defined as an intuitive risk judgment. In other words, risk perception can 
be viewed as the sensitivity of the decision-maker to estimated risks. 

In our case, the risk perception may be seen as a tri-dimensional surface having as dimensions 
the energy storage state-of-charge, the time axis and the perceived risk value associated with a 
given state-of-charge at a given moment of the scheduling horizon. Such perception is hereby 
given by P ( )t+1,k , where P stands for the risk perception, t+1 and k represent, respectively, the 
“next time-step” and the “next state”. 

5.3.3 The Proposed Stochastic Dynamic Programming A pproach 

Due to the sequential nature of the wind-hydro power plant scheduling problem, in this work the 
evaluations of the risk perception are made dynamically in time. Accordingly, we adopted 
Equation 69. This equation couples the principles of Equation 67 with those of Equation 68, 
while permitting decisions under uncertainty to be taken sequentially in time. 
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In Equation 69, P
WF

t
 and V ( )P

WF
t

 represent, respectively, the forecast of wind farm power 

output and the variance associated to such forecast at time t.  

 f 




s,k,t,V ( )P

WF
t

=π
s,t

−β⋅P ( )t+1,k ⋅V ( )P
WF

t
 (69) 

For integrating Equation 69, we have replaced Equation 67 by Equation 70 in the scheduling 
problem formulation.  

 F ( )s,t =f 




s,k,t,V ( )P

WF
t

+T ( )x
s,t

,x
k,t+1

+F ( )k,t+1  (70) 

For minimizing the risk of obtaining imbalances at the point of common coupling (PCC) between 
the wind-hydro power plant and the main grid we created the risk perception surface P following 
two main rules: 

 

1. the degree of risk perception of the wind-hydro power plant operator was assumed to 
be proportional to the average spot price curve;  

2. we assumed the plant operator prefers to maintain the storage as close as possible of a 

given state sspec, which means that the risk perception of the operator is minimized 

when the the next storage state k equals sspec (in the scope of this paper, we have 
further assumed such state to be of 50%, as this state-of-charge assures equal slack 
exists for charging and discharging energy). 

 

Following the previous considerations, the risk perception surface P is calculated as follows:  

 

1. normalize the average spot price curve by its maximum throughout the day obtaining a 
normalized average spot price vector V

p
spot,N

 comprising elements 

{ }1 2
, , ,; ;...; T

spot N spot N spot Np p p , where T corresponds to the number of time-steps of the 

scheduling horizon;  

2. considering that the risk aversion of the operator increases according to a quadratic 

function g of the difference between the next state k and the preferred state sspec, 

calculate for every time-step t the value of g ( )k−sspec,d ⋅pt+1
spot,N, thus obtaining 

P ( )t+1,k,d , where d∈ [ ]0;1  is a depth parameter that influences the depth of the risk 
perception surface P;  

 

A value of d=0 implies risk indifference, which is equivalent to say that the scheduling method 
becomes purely deterministic. Higher values of d increase the depth of the risk perception 
surface. This increases the importance of risk forcing the optimization algorithm maintain the 

energy storage state-of-charge equal or as close as possible to sspec. Under such behaviour, 
the optimization algorithm ceases to work properly in the sense that it overreacts to risks 
neglecting scheduling outcomes. Hence, it is advisable to find some satisfactory compromise 
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between these two extreme situations. In this paper we present a series of simulations in which 
two values of d are used (0,01 and 0,05), as described in [44]. 

5.3.4 Forecasting Models 

Forecasts of spot prices and wind power are used as input to the scheduling process. The spot 
price forecasts are computed using a simple method, which consists in taking the last available 
measured price for a given hour (i.e. the value 48 hours before). The wind power forecasts were 
obtained with a state-of-the-art statistical model based on kernel density estimators [26, 27]. 
Such model provides predictions in the form of probability density functions, which can be used 
as such or transformed into different subproducts depending on the application (e.g. single 
production value, variance, prediction intervals or quantiles). In this paper two subproducts of 
the predicted wind power distribution have been considered, the mean and the variance. 

5.4 Case-Study 

The wind-hydro power plant management strategy has been applied in a case study containing 
real-world data. Section 5.4.1 describes the case-study selected for this paper. In 5.4.3, the 
results from the simulation runs presented in 5.4.2 are analyzed. 

5.4.1 Case-Study Description 

In this study, a 21 MW wind farm located in the North West of Denmark was considered, for 
which power production data was available for the years 2000, 2001 and 2002. Meteorological 
data, including wind speed and direction numerical weather prediction (NWP) for different 
heights corresponding to same time and area were also used. An energy storage rating 40 
MWh and bearing 6 MWh/h up/down ramp-rates was also considered. The charge/discharge 
efficiencies of the energy storage device were set to 86.6%, which yields a global efficiency of 
around 75%. 

Historical prices taken from the NordPool electricity market [19], were used. As NordPool is 
divided in several market areas, data from the market area corresponding to the location of the 
wind farm used in this study (West Denmark) were used. 

In NordPool, contracts covering each hour of the coming day are traded on the day-ahead 
market, which is named Elspot. The Elspot gate closure time is at 12:00 pm (local time) of the 
preceding day. Hence, we used the last available NWP data (06:00 am of the same day) as 
inputs to the wind power forecasting tool and forecast horizons were selected in order to get the 
predictions for the next day. The wind power forecasts were then used to calculate the bids. 
During the delivery day, the storage was operated as described in [44]. The learning and testing 
of the wind power forecasting model were performed with the data corresponding to the years 
2000 and 2001, respectively. The simulations were performed with the data and forecasts 
corresponding to 2002. 

5.4.2 Evaluated Simulation Scenarios 

In this work, 30 scenarios were simulated. Two of them are deterministic (realistic) reference 
scenarios using spot price and wind power forecasts. The remaining 28 scenarios take into 
account uncertainties by using the proposed Spot-Risk model. 

The two deterministic reference scenarios comprise a base scenario (D) that uses all of the 
available energy capacity of the energy storage and a bounded base scenario (DB) where the 
energy storage is considered smaller than it actually is (i.e.: the storage energy capacity (SOC) 
boundaries are narrowed). 
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In the base deterministic simulation (D), the energy storage device is operated with its energy 
capacity limits equal to those defined by the energy storage specifications. However, in the 
bounded deterministic simulation (DB) taken from the literature [44, 45], the storage energy 
capacity limits are reduced artificially in the scheduling phase (but not in the operation phase). 
The DB simulation constitutes a rule-of-thumb approach for decreasing the imbalances caused 
by the wind-hydro power plant. 

The remaining 28 simulations may be separated into two main approaches: 

 

• the ones tagged as SR in which the proposed Spot-Risk model was used as is;  

• the ones tagged as SRB in which the proposed Spot-Risk was used in parallel with the 
same bounding strategy that was used in the DB base simulation described above.  

 

Each of the two main stochastic approaches (SR and SRB) aggregates 14 different simulations. 
These simulations were obtained by varying the d and the β parameters. The d parameter 
(referring to depth of the risk perception surface) was allowed to take two values. The β 
parameter (referring to the risk attitude of the wind-hydro power plant operator) was allowed to 
take seven different values. Two of the β values are negative, corresponding to risk-prone 
attitudes of the plant operator. The remaining five β values are positive, representing risk-averse 
attitudes of the plant operator. 

For facilitating the analysis of the results, the different types of stochastic simulations (those with 
TYPE = SR or SRB) are named as TYPEd

i
,β

j
 , where i∈ { }1,2  and j∈ { }1,2,…,7 . So, for 

instance, the case in which TYPE = SR, d
i
=2 and β

j
=4 (i.e.: SR2,4) corresponds to a case using 

the simple Spot-Risk model (i.e.: without bounding) with d equaling 0,01 and β equaling 0.4. 
Table 5 summarizes all the simulations that were performed containing the indexes that 
correspond to the different d and β parameters that were used in the simulations. 

  
Table 5: Summary of the simulations performed. 

TYPE D DB SR SRB d 
Bounding No Yes No Yes di 1 2 

Stochastic No No Yes Yes Value  0,05 0,01 
 

Risk 
Attitude  

Prone Averse 

bj 1 2 3 4 5 6 7 

Value  0.2 0.1 0.2 0.4 0.6 0.8 1.0 

  
 

5.4.3 Results & Analysis 

Figure 12 summarizes the total imbalance and revenue results obtained for the 30 simulations 
normalized by the base deterministic case (D) that was described above. We can see that 
imbalance energy improvements were attained in almost every simulation. The only exceptions 
to this rule were the eight simulations corresponding to the risk prone attitudes (bounded in 
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Figure 12 by the green-dashed rectangles) because these reward risky situations. The base 
deterministic case corresponding to the rule-of-thumb for reducing imbalances (DB) also led to 
an imbalance reduction. All the risk averse simulations reduced the imbalances in different 
amounts. As for the Revenue, Figure 12 shows that the reference revenue (D) was never 
surpassed (not even by the risk prone simulations). However, such revenue was always quite 
close to its reference value. 

   

  
Figure 12: Total imbalance and revenue obtained for all the simulations performed. The 

reference simulation is the one denoted by D (deterministic simulation). 
 

The correlation coefficient between the obtained revenues and the obtained values of 
imbalance energy for every simulation is weak. This is also the case for the correlations 
between the revenue and the surplus energy and between the revenue and the improvement 
(i.e.: decrease) of energy imbalance. The correlation between the obtained revenue and the 
shortage energy takes the highest value. Table 6 summarizes the correlation results obtained. 

 

 
Table 6: Summary of the different correlation resul ts obtained. 

Correlation between:  Value 
Revenue & Imbalance 0,402 
Revenue & Shortage 0,651 
Revenue & Surplus 0,137 
Revenue & Imbalance Improvement 0,493 

  
The correlation results shown above say that there is a weak link between the imbalance 
reduction and the obtained revenue. The relatively high dispersion depicted in Figure 13 clearly 
confirms this result. The same figure also highlights the Pareto-optimal solutions that were 
obtained. We can see that some improvement of the imbalance was obtained without 
significantly reducing the revenue. The cases in which imbalances worsen with the use of the 
proposed method correspond to risk prone attitudes as described above. 
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Figure 13: Imbalance improvement versus obtained revenue for every simulation. The points in 

red represent the Pareto-Optimal solutions obtained. 
 

We will now analyze the general behaviour of the stochastic results in more detail. For this, we 
shall divide such results according to the d parameter, thus obtaining four major groups of 
cases: SR1, SR2, SRB1 and SRB2. In these cases, the number index corresponds to the 
defined value of d in Table 1. 

The imbalance improvement results obtained with the proposed tool are detailed in Figure 14. In 
that figure we can see that the imbalances between the simulations corresponding to the 
proposed Spot-Risk method (SR) are approximately superposed with those obtained with the 
alternative Spot-Risk method (SRB) for the same values of d. In the SRB method, aiming to 
further reduce imbalances, the Spot-Risk model was submitted to narrower storage energy 
capacity boundaries. Although such narrower bounds seem to work well when wind power 
forecast uncertainties are disregarded 14, they do not influence the imbalance results in the 
presence of such uncertainties. 

In Figure 14 we can also verify that using lower values of d (i.e.: d
i
=2) allows to obtain better 

energy imbalance results in the sense that such imbalances are always lower than in both the 
deterministic simulations and the stochastic simulations using higher values of d (i.e.: d

i
=1). This 

is expected because lower values of d imply the risk perception surface P to be less deep, which 
helps to reduce the difference between possible decisions in the scheduling phase because the 
dynamic programming routine becomes less sensitive to the variance associated to wind power 
forecasts. Still in Figure 14, under risk averse attitudes, we can verify that the imbalance 
improvement obtained with the proposed method was always slightly better than the one 
obtained via the DB reference method. Finally, in the same Figure we can see that risk averse 
attitudes always lead to energy imbalance reductions as opposite to the risk prone attitudes. 
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Figure 14: Energy imbalance improvement for different risk attitudes. 
 

Regarding revenue, in Figure 15 we can see the detailed results that were obtained. The figure 
shows that the revenues obtained with the SRB simulations are always lower than the revenues 
of the equivalent SR simulations. Keeping in mind that SR and SRB equivalent simulations lead 
to almost superposed imbalance results (vide Figure 14), we can conclude that the SRB 
approach can be disregarded. Furthermore, the revenue obtained with the SRB approach 
seems to be limited to that obtained with the simpler DB deterministic approach. However, 
things seem to be a bit different in what regards the SR approach. In fact, this approach may or 
not lead to revenue improvements relatively to the DB reference approach. In the case where 
the d is equal to 0,01 (i.e.: d

i
=2), the revenue never attains the base reference revenue given by 

the D simulation, but almost always surpasses the revenue obtained with the reference DB 
approach. Thus, the SR2 approach permitted to simultaneously obtain the best energy 
imbalance improvements (vide Figure 14) and the best revenue results relatively to the cases 
aiming to reduce energy imbalances (DB, SR and SRB). Finally, the SR2 approach permitted in 
some cases to almost attain the reference revenue (D) while improving the energy imbalance of 
the system. 

   

  
Figure 15: Revenue loss for different risk attitudes. 
 

Summarizing, the results show that the proposed approach (SR) is able to reduce energy 
imbalances. However, the imbalance reduction remains quite small, which leads us to believe 
that further improvement of the approach is possible. Still, with the proposed approach such 
reduction can be higher than the one obtained with the rule-of-thumb deterministic reference 
approach (DB). Nevertheless, the revenue losses obtained with the proposed approach (SR) 
are lower than the ones obtained with the reference deterministic approach (DB). However, in 
this case-study the proposed approach did not improve the revenue obtained with the base 
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deterministic approach (D). This may be due to the market structure that only penalizes operator 
imbalances if these are opposite to those occurring in the main grid.  

In this section an approach was implemented for dealing with problems of decision-making 
under uncertainty by building a risk metric based on risk perception and variance. The proposed 
approach was applied to the case of a wind-hydro power plant comprising energy storage and 
operating under a day-ahead market. Using simple risk perception rules, we demonstrated that 
we can obtain an improvement (i.e.: a reduction) of the yearly energy imbalance, when 
compared to a reference imbalance reduction method taken from the literature. Furthermore, 
such energy imbalance reduction is achieved while maintaining the revenue of the plant 
operator similar to the one obtained via the reference deterministic case yielding the highest 
revenue. These results indicate that the joint operation of wind-hydro plant comprising energy 
storage possibilities enabled the whole to become a “better-behaved citizen” while the plant 
operator still maximized the generated profit. However, the defined rules are simplistic and more 
improvements need to be made in the future for further improving these results. 

6 Conclusions 
A module for combined analyses of the wind power plus storage plants is described in the 
document. This module allows to increase the real value of the ANEMOS.plus forecasting tools 
and to apply in different operational situations the advanced methods implemented in the 
platform. The module is suitable for analyses in the Portuguese case and could be adapted to 
diverse regulatory environments. The tool here presented has been applied to solve different 
realistic situations, with adequate robustness and quality in the solutions.  

In the Portuguese application, the TSO could use it at a strategic level, in the discussion of 
market rules and to issue recommendations about incentives to increase pumping storage 
capacity. 

Additional tasks must be performed to improve the data communication between the module 
and ANEMOS.plus platform and to evaluate real cases defined from REN. 
 

7 Future Developments  
 
The following tasks must define the final implementation of the module: 
  
• Data specification and collection for the test case or test cases (REN) 

• Discuss details of the model with REN 

• Delivery of the code (INESC, UC3M, ARMINES) 

• Provide operation strategies for a testing period defined by REN 

• Evaluation of the module 
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