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Abstract: Variable renewable energy sources (VRES), such as solarphotovoltaic (PV) and wind
turbines (WT), are starting to play a significant role in several energy systems around the globe.
To overcome the problem of their non-dispatchable and stochastic nature, several approaches have
been proposed so far. This paper describes a novel mathematical model for scheduling the operation
of a wind-powered pumped-storage hydroelectricity (PSH) hybrid for 25 to 48 h ahead. The model
is based on mathematical programming and wind speed forecasts for the next 1 to 24 h, along with
predicted upper reservoir occupancy for the 24th hour ahead. The results indicate that by coupling
a 2-MW conventional wind turbine with a PSH of energy storing capacity equal to 54 MWh it is
possible to significantly reduce the intraday energy generation coefficient of variation from 31% for
pure wind turbine to 1.15% for a wind-powered PSH The scheduling errors calculated based on mean
absolute percentage error (MAPE) are significantly smaller for such a coupling than those seen for
wind generation forecasts, at 2.39% and 27%, respectively. This is even stronger emphasized by the
fact that, those for wind generation were calculated for forecasts made for the next 1 to 24 h, while
those for scheduled generation were calculated for forecasts made for the next 25 to 48 h. The results
clearly show that the proposed scheduling approach ensures the high reliability of the WT–PSH
energy source.

Keywords: variable renewable energy sources; hybrid energy sources; scheduling; non-
dispatchability; reliability

1. Introduction

The randomness and high variability of wind power strongly limits its potential to be a reliable
energy source. However, its availability in certain parts of the world, its economic superiority over other
energy sources, and government-driven financial incentives have all led to it acquiring a significant
role in several existing power systems. Due to the limited predictability of wind generation and legal
regulations which give priority to wind sources, the operation of conventional power plants must
be adjusted not only to varying energy demand, but now also to the fluctuating energy yield from
wind turbines.

The problem of forecasting energy demand has been addressed in a great number of scientific
papers [1,2] and over time forecasting errors have been significantly reduced. However, with the advent
of larger-scale VRES generation this problem has escalated on the supply side of the energy market.
The problem of VRES integration has recently been scrutinised by [3–5], whereas [6,7] have summarised
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approaches which can be used to ease and overcome this problem. Those include, inter alia: energy
storage; spatial and temporal complementarity of energy sources; demand side management (DMS);
hybrid energy sources; vehicle-to-grid (V2G); power generation capacity oversizing; and transmission
lines connecting energy systems in different locations. This paper, to some extent, builds upon those
concepts and aims to overcome the problem of the inherent variability of wind generation by coupling
it with almost the only bulk (and certainly the most mature) form of energy storage in the form of PSH,
and by proposing a novel scheduling formula for the next 25 to 48 h.

1.1. WT–PSH Hybrid Energy Sources

A great number of scientific papers has been dedicated to the concept of wind turbines operating
together with an energy storage facility in the form of PSH. Due to the popularity of this concept
as a solution for supplying isolated communities with electricity, the majority of authors focus on
WT–PSH hybrids on islands. At least five papers [8–12] have been dedicated to the WT–PSH system
on Lesbos Island (the Aegean Sea), with the authors of those papers claiming that such hybrids
can significantly increase the utilisation of wind energy and lead to greater penetration by RES,
translating into lower consumption of the oil so commonly used in off-grid systems. A paper written
by Karsaprakakis et al. [13] points out that Greek law defines the WT–PSH hybrid as a conventional
power plant with full dispatchability. In those authors’ opinions, such a hybrid energy sources does
not have to provide power all the time and its use can be limited to specific periods in order to facilitate
the operation of other energy sources. Two more papers [14,15] investigated the WT–PSH concept
on Ikaria Island (the Aegean Sea). Similarly, as in our research, the authors of the aforementioned
papers have assumed that the available energy from the WT will first be pumped into the upper
reservoir and then dispatched when needed. Additionally, the PSH upper reservoir can be, to some
extent, supplied by the excess flow from the additional reservoir which is located above it and used for
irrigation purposes.

Three papers [16–18] investigated the possibility of covering the energy needs of a local
community inhabiting a small island near Hong Kong. The analyses presented in these papers
are part of a larger project aiming to ensure total energy autarky by means of a WT–PSH hybrid
cooperating with a PV installation. Results note, for example, the environmental aspects of large scale
battery banks and the superiority of PSH in this regard.

Some articles have also been dedicated to mainland WT–PSH hybrids. Hessami and Bowly [19]
investigated a 190-MW wind farm connected to various forms of energy storage and found the optimal
one to guarantee maximal revenue. Of the three considered, namely PSH, compressed air energy
storage (CAES), and thermal energy storage (TES), CAES seems to be the most promising in terms
of the rate of return (ROR) criterion. Hedegaard and Meilbom [20] analyzed the WT–PSH concept
from the perspective of the Danish energy system, where wind generation plays an important role in
covering energy needs. According to the authors’ results, wind-powered PSHs can both be used as a
first-tier reserve power plant with very swift reaction times, and also be applied to compensate for the
seasonal variability of WT generation. Canales et al. [21] and Murage and Anderson [22] analyzed the
WT–PSH hybrid from the Brazilian and Kenyan points of view, respectively. Canales et al. [21] point
out that PSH facilities have larger upfront costs than traditional hydropower plants with pumping
installations, but that their operational costs and environmental impact are significantly smaller.

Scheduling WT–PSH Operation

To the best of the author’s knowledge, the issue of scheduling the operation of wind-powered
PSH has been the subject of the following papers:

• Varkani et al. [23] proposed the concept of a self-scheduling strategy which is based on stochastic
programming techniques and aims to minimise the impact of wind power generation’s uncertainty.
The strategy presented by the authors can be applied for day-ahead energy generation offers.
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The uncertainty of the wind generation forecasts is modelled by means of an artificial neural
network (ANN);

• Tan et al. [24] developed a two-stage scheduling optimisation model for the operation of a
wind power and energy storage system based on day-ahead and ultra-short-term wind power
forecasting. The results indicate that synergies of demand response and energy storage can be
used to overcome wind generation variability and lead to an improvement in utilisation of wind
energy, as well as decreasing coal consumption. Similarly, as in [23], the uncertainty of wind
power was simulated, in this case being based on a scenario analysis;

• Jurasz and Mikulik [25] suggested a model for scheduling the operation of WT–PSH based on
the occupancy of the upper reservoir. It was assumed that the sets of pumps and generators
of the PSH can operate simultaneously. The results indicate that WT–PSH operating on such a
formula can be a reliable energy source operating as a baseload (with potential modifications
regarding when the energy from the upper reservoir should be dispatched). Additionally, the
scheduling formula eliminates the occurrence of wind energy rejection. However, the schedule of
the WT–PSH operation for the next 1 to 24 h is known only one hour ahead;

• Castronuovo nd Lopes [26] proposed a model for improving wind parks’ operational economic
gains by means of PSH facilities. Using an hourly-discretised algorithm the authors identified an
optimal daily operation strategy assuming that wind power forecasts were available; and

• Papaefthimiou et al. [27] suggested several possible operation modes for WT–PSH focusing on
their verbal description. In general: the WT–PSH can submit an energy offer for the next 24 h
considering the state of charge of its upper reservoir; the system operator dispatches the PSH
operation mainly during peak load hours or to shave the peaks; the energy generated by the WT is
stored in the upper reservoir and the PSH pumps balance the varying WT energy yield—basically,
using variable-speed pumps the PSH is able to constantly adjust to the changes in wind generation;
the system operator requires the WT–PSH to deliver power in certain periods in order to fill
deficits resulting from the limited capacity of the conventional power sources; and the WT–PSH
is designed to deliver guaranteed power, but if the upper reservoir state of charge is not sufficient
and/or the wind generation forecasts are unfavourable then it is admissible to use electricity
from the grid and dispatch it when required. According to their results, the authors state that the
proposed operating policies enable the integration of wind generation on a larger scale.

Clearly this problem is investigated in the literature, but the number of papers and approaches
is limited. The authors of the aforementioned papers have investigated the problem of WT–PSH
operation from different perspectives. Therefore, the ability to draw general conclusions is constrained.
The common denominator of the majority of those papers is that the authors point to the relevance of the
accuracy of wind speed forecasts and the increasing role of wind generation in today’s power systems.

1.2. Wind Speed Forecasting

As mentioned by [6,7] and the authors of the papers presented in Section 1.1 [23–28], forecasting
techniques are a possible tool for smoothing the integration of variable renewable energy sources
into the power system. Additionally, accurate forecasts with low absolute and percentage errors
can make the process of scheduling the operation of conventional power plants more accurate and
economically feasible.

Soman et al. [29] provided an overview of current wind power and wind speed forecasting
methods with different time horizons. Depending on the application, the wind forecasting can be
divided into four time horizon categories: very short term forecasting (from seconds to 30 min ahead),
short term forecasting (from 30 min to 6 h ahead), medium term forecasting (from 6 h to 1 day ahead),
and long term forecasting (ranging from one day ahead to one week ahead). The ranges of individual
categories are not fixed and can be modified. From the above we conclude that the scheduling formula
proposed in Section 2.2. would be based on a combination of short and medium-term forecasting.



Sustainability 2018, 10, 1989 4 of 21

Advances in computing power, as well as deeper and broader understanding of various
phenomena, have led to the rapid development of various forecasting tools and approaches [30].
The majority of them are also being used in the area of wind speed forecasting. The most
commonly-applied techniques are based on: persistence methods/naïve predictors, which are
usually used as benchmarks; physical approaches, which use numerical weather predictors (NWP);
statistical approaches based on time series analysis or artificial neural networks (ANN); and emerging
methods based on wavelet transformation or fuzzy logic (hybrid approaches which develop new
hybrid tools which utilise various combinations of, for example, ANN + wavelet transformation or
ANN + fuzzy logic).

Recently published papers have mostly concentrated on various hybrid approaches [31–33]
and investigated the impact of various phenomena, such as the spatial distribution on forecasts’
error correlation [34]. The abundance of literature and the presence of various concepts and tools
for forecasting wind speed or wind power shows the complexity of this problem and proves its
importance in the context of the VRES integration into the power system. As an example of papers
which clearly show the complexity of VRES integration which applied dynamic programing to
overcome the problems of models non-linearity and non-convexity we refer the reader to the works of
Korkas et al. [35] and Baldi et al. [36]. Other examples of wind-solar or solar integration by means of
hydropower to the national power system can be found in [37–39].

In this paper we do not aim to develop a new method or apply the existing ones. The potential
user of our scheduling approach can arbitrarily select the forecasting methods which best suits
his needs or are the best available solution for the location of a given wind farm. Such aspects of
wind speed forecasting and the role of their accuracy in RES-based hybrid energy sources has been
investigated in [40]. For the purpose of this paper the forecasting errors have been generated based on
the assumption of their normal distribution and percentage value increasing with an elongating time
horizon—detailed information on this is provided in Section 3.2.

1.3. WT–PSH

The main idea behind the scheduling concept introduced in this paper is that it is possible to
overcome the inherent variability of wind energy by using the storage capacity of the upper reservoir
to offset the inaccuracy of wind speed forecasts. The conceptual design of the wind powered PSH has
been presented in Figure 1.

Sustainability 2018, 10, x FOR PEER REVIEW  4 of 20 

categories are not fixed and can be modified. From the above we conclude that the scheduling 
formula proposed in Section 2.2. would be based on a combination of short and medium-term 
forecasting. 

Advances in computing power, as well as deeper and broader understanding of various 
phenomena, have led to the rapid development of various forecasting tools and approaches [30]. The 
majority of them are also being used in the area of wind speed forecasting. The most commonly-
applied techniques are based on: persistence methods/naïve predictors, which are usually used as 
benchmarks; physical approaches, which use numerical weather predictors (NWP); statistical 
approaches based on time series analysis or artificial neural networks (ANN); and emerging methods 
based on wavelet transformation or fuzzy logic (hybrid approaches which develop new hybrid tools 
which utilise various combinations of, for example, ANN + wavelet transformation or ANN + fuzzy 
logic). 

Recently published papers have mostly concentrated on various hybrid approaches [31–33] and 
investigated the impact of various phenomena, such as the spatial distribution on forecasts’ error 
correlation [34]. The abundance of literature and the presence of various concepts and tools for 
forecasting wind speed or wind power shows the complexity of this problem and proves its 
importance in the context of the VRES integration into the power system. As an example of papers 
which clearly show the complexity of VRES integration which applied dynamic programing to 
overcome the problems of models non-linearity and non-convexity we refer the reader to the works 
of Korkas et al. [35] and Baldi et al. [36]. Other examples of wind-solar or solar integration by means 
of hydropower to the national power system can be found in [37–39].  

In this paper we do not aim to develop a new method or apply the existing ones. The potential 
user of our scheduling approach can arbitrarily select the forecasting methods which best suits his 
needs or are the best available solution for the location of a given wind farm. Such aspects of wind 
speed forecasting and the role of their accuracy in RES-based hybrid energy sources has been 
investigated in [40]. For the purpose of this paper the forecasting errors have been generated based 
on the assumption of their normal distribution and percentage value increasing with an elongating 
time horizon—detailed information on this is provided in Section 3.2. 

1.3. WT–PSH 

The main idea behind the scheduling concept introduced in this paper is that it is possible to 
overcome the inherent variability of wind energy by using the storage capacity of the upper reservoir 
to offset the inaccuracy of wind speed forecasts. The conceptual design of the wind powered PSH has 
been presented in Figure 1. 

upper reservoir

lower reservoir

pumping discharging

pumps
 set

generators
 set

transformertime

en
er

gy

en
er

gy

time

high voltage transmission 
lines

wind park

 
Figure 1. Conceptual design of WT–PSH hybrid along with energy and water flows and schematic 
charts visualising the initial and resulting variability of energy generation. 

Figure 1. Conceptual design of WT–PSH hybrid along with energy and water flows and schematic
charts visualising the initial and resulting variability of energy generation.
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The operation of such a system is based on day-ahead schedules created to determine the volume
of energy which should be discharged over the next 25 to 48 h. The energy available from the WTs is
always firstly stored in the upper reservoir. Naturally, the situation may occur in which the reservoir is
full and some portion of WT-derived energy will have to be fed to the grid. Such situations, as well as
partially realised schedules, should be avoided because they introduce undesirable disruptions into
the operation of the energy market.

1.4. Paper Objectives

Considering the aspects and potential role of WT–PSH hybrid energy sources described above,
this paper aims to realise the following goals:

• to develop a MINLP model for simulating the operation of the WT–PSH hybrid and scheduling
its operation;

• to establish measures for estimating the model’s accuracy; and
• to investigate the impact of the scheduling formula parameters and upper reservoir capacity on

WT–PSH performance.

2. Mathematical Model

In this paper we have used a mathematical model which has been used for a discretised hourly
wind speed time series and can be applied in various simulation and optimisation software packages.

2.1. Energy Yield from Wind Turbines

The energy generated by a wind turbine can be estimated based on the known wind speed and
the power curve of a given type of wind generator. Here, a commonly-applied Gamesa G90 [41] wind
turbine has been selected for simulation purposes. Figure 2 visualises its power curve for wind speeds
ranging from 3 m/s (vcut−in) to 12 m/s (vrated), with the operation of WT being stopped when the
wind speed exceeds 25 m/s (vcut−o f f ). In the model introduced in Section 2.2, the equation is used to
calculate the actual (EWT) and forecasted (EWT*) energy yield from wind. For the forecasted values,
predicted wind speeds (v*) were used as shown in Section 3.2.
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EWT =


PWT × t× n f or v ∈

〈
vrated; vcut−o f f )

p(v)× t× n f or v ∈
〈

vcut−in; vrated
)

0 otherwise

(1)

where EWT is the energy yield from wind turbine (kWh), PWT is the nominal capacity of wind turbine
(kW), t is the time (1 h), n is the number of wind turbines (-), vrated is the wind speed at which the
wind turbine starts to operate with its nominal capacity (m/s), vcut−o f f is the wind speed at which
turbine operation is stopped for safety reasons (m/s), p(v) is the polynomial approximating wind
turbine power curve (kW), and vcut−in is the wind speed at which wind turbine starts to generate
electricity (m/s).

2.2. WT–PSH Operation

In this section we introduce and describe the approach used to schedule the operation of
the WT–PSH. In the following paragraphs it is visualised in Figure 3, a verbal algorithm and a
mathematical formulation.
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WPSH Operation

Generally speaking, the schedule creation procedure can be summarised in the five steps listed
hereunder:

Step 1. Obtain/generate wind turbine energy yield forecast for the next 24 h.
Step 2. Determine the upper reservoir state of filling at the end of the upcoming day (j = 24) based

on the already scheduled discharge covering the next 24 h (j = 1, . . . , 24) and possible energy
generation from wind turbines calculated in the first step.

Step 3. Considering the estimated reservoir occupancy of the upper reservoir in step 2, generate a
uniform discharge schedule for the next 25 to 48 h (j = 25, . . . , 48).

Step 4. After realising the previously-planned schedule for the period (j = 1, ..., 24) juxtapose the
scheduled and actual operation of the PSH as well as the wind turbine generation and upper
reservoir occupancy. In case of any discrepancies replace the estimated occupancy of the
upper reservoir calculated in step 2 by the actual one.

Step 5. Return to the step 1 and repeat the whole procedure.

The verbal description of the procedure described above can also be expressed by means of several
mathematical formulas and equations. As mentioned earlier the first step is to determine the volume
of energy stored in the upper reservoir. Here, an assumption has been made that the initial reservoir
occupancy (i = 1, j = 0) is half its maximal capacity. It is important to emphasise that, for simulation
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purposes, we have been simultaneously calculating the reservoir occupancy for a scheduled PSH
operation and forecasted wind power generation (Equation (2)), as well as for actual PSH operation
and actual WT energy yield (Equation (3)). This was done in order to assess the accuracy and quality
of the proposed scheduling approach. Such an approach is necessary due to the intermittent nature of
wind generation and the non-ideal accuracy of wind generation forecasts. The idea behind Equations
(2) and (3) is as follows: within each unit of time (hour) a certain volume of energy is being discharged
from the upper reservoir and, simultaneously, some energy from wind generation is being pumped
upwards. The calculating procedure must ensure that the characteristics of the PSH will not be
exceeded, meaning that the calculated momentary volume of energy stored in the upper reservoir is
not smaller than zero or greater than its maximal storage capacity. Additionally, the momentary energy
storage capacity of the PSH is limited by the throughput of its pumps; therefore, from the available
wind generation only a volume ranging from 0 to EPump can be considered as possible for storing:

V∗i,j = min(max(V∗i,j−1 − EC
i,j

1
ηPSH + min(EWT∗

i,j ηPSH ; EPump); 0); VM) (2)

Vi,j = min(max(Vi,j−1 − EC
i,j

1
ηPSH + min(EWT

i,j ηPSH ; EPump); 0); VM) (3)

where: V∗i,j is the forecasted volume of energy stored in the upper reservoir (kWh), Vi,j is the actual

volume of energy stored in the upper reservoir (kWh), EC
i,j is the scheduled energy generation from the

PSH (kWh), ηPSH—pumping or generating efficiency of the PSH [%], EWT∗
i,j is the forecasted energy

yield from the wind generation (kWh), EPump is the maximal energy throughput of the PSH pumps
(kWh), and VM is the PSH upper reservoir energy storing capacity (kWh).

In Equations (2) and (3) we have used the scheduled PSH generation value (EC
i,j). This can be

calculated based on Equation (4) which is the most important part of the presented scheduling method.
The schedule for the next 25 to 48 h (i + 2, j = 1, . . . , 24) is generated based on the estimated occupancy
of the upper reservoir and the predicted energy yield from wind turbines. Consequently, the exact
volume of the available energy for the next considered scheduling period is uncertain. Therefore, to the
proposed formula we have introduced two additional parameters (β, α) whose potential values are
from 0 to 1. Their main task is to compensate for the inaccuracy of the estimated available energy in
the upper reservoir (β) and the energy yield from wind turbines (α). It is important to highlight that
the scheduling formula introduced in Equation (4) leads to a uniform (uniform in theory only, due to
forecasting errors) energy generation from the PSH over the next 25 to 48 h. Those generation values
will be known a day ahead. Equation (4) also ensures that the scheduled energy discharge from the
PSH will not be greater than its energy generating capacity (EGen).

Naturally, those energy generation patterns can be modified in such a manner that the PSH will
generate electricity only during demand peak hours, only during daylight, or over periods when the
energy price is highest, thereby increasing the owner’s revenue:

EC
i+2,j = 1,...,24 = min

(
min

(
V∗i+1,j = 24

24
ηPSH ; EGen

)
β + min

(
∑24

j = 1 EWT∗
i+1,j

24
ηPSH ; EGen

)
α; EGen

)
(4)

As already mentioned, the scheduling formula is prone to forecasting errors and periods may
consequently occur during which the WT–PSH hybrid is unable to realise the created energy generation
schedule. Therefore, to assess the quality of our approach we have introduced Equation (5), which
determines whether the schedule was realised or not and what the actual electricity generation (ECR

i,j )

was in comparison to that scheduled (EC
i,j):

ECR
i,j =

{
EC

i,j f or Vi,j−1 ≥ EC
i,j

1
ηPSH

Vi,j−1ηPSH otherwise
(5)
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In the case of non-dispatchable energy sources coupled to the national power system (NPS) or
any other type of grid, two distinctive situations may occur. Namely, energy generation is less than
demand (in this paper the scheduled generation is as shown in Equation (5)) and an energy deficit
occurs which should be covered by any other energy source or, alternatively, available energy is greater
than demand and an energy surplus appears. In the case of the WT–PSH some part of the excess
energy which has not been used in the scheduled generation can be stored in the upper reservoir.
However, this is limited by the maximal capacity of the reservoir and, consequently, sometimes some
volume of energy coming from WT may be neither used in the PSH generation schedule nor stored.
This energy is rejected and its volume (EWT_R

i,j ) can be calculated based on Equation (6). By rejection we
mean a direct transfer of that energy to the grid—a situation which is not desirable because it increases
variability and unpredictability on the energy market. The problem of an unexpected energy flow
between hybrid energy sources based on PV and WT coupled with the PSH and the NPS has been
investigated in [42] where it is revealed that, to some extent, they can be quite accurately forecasted:

EWT_R
i,j =


EWT

i,j ηPSH − EPump f or EWT
i,j ηPSH > EPump

EWT
i,j −

(
VM −

(
Vi,j−1 − EC

i,j
1

ηPSH

))
f or Vi,j−1 − EC

i,j
1

ηPSH + EWT
i,j ηPSH > VM

0 otherwise

(6)

The situations described by Equations (5) and (6) are both undesirable events which should be
avoided. Therefore, their volumes and occurrences will be the subject of the optimisation model
introduced in Section 3.2.

3. Input Data

3.1. Wind Data

For simulation purposes, an hourly time series of wind speed data covering the years 2014–2016
for the Koszalin measuring station (Northern Poland—10 km straight-line distance from the Baltic Sea)
was downloaded from [43]. Figure 4 visualises the variability of considered wind speeds.
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Figure 4. Wind speed variability over the 2014–2016 period.

3.2. Wind Speed Forecast Accuracy

Since no historical records on wind speed forecast quality were available, synthetic forecasts were
generated based on the assumption that with the extending prediction horizon the accuracy of the
forecast deteriorates. It is important to emphasise that the approach used here was made only for
demonstration purposes and the assumptions of forecast mean error values and standard deviation
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of errors for each prediction horizon were determined arbitrarily. Naturally, in reality, better quality
forecasts can be employed and, as a consequence, the proposed approach can be used as a benchmark.
Figure 5 visualises the MAPE (mean absolute percentage error) values of errors for various time
horizons. When the simulations were run, the average MAPE error over the whole considered period
for forecasts ranging from 1 to 24 h ahead was 27%.
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3.3. WT-PSH Parameters

For simulation purposes we have assumed that the WT–PSH hybrid will consist of a single wind
turbine with a rated capacity of 2 MW coupled to a PSH facility which has a set of pumps capable of
accommodating the maximal hourly yield from the WT. The power output of the water turbines used
to generate electricity is equal to the set of pumps and is 2 MW. The energy storage capacity of the
PSH (the volume of the upper reservoir) will be the subject of sensitivity analysis, with the minimal
storage capacity calculated as VM = 24 × 1/2 × ηPSH × PTW, or in words, half of the energy generated
by the WT operating for 24 h at nominal capacity and taking into account the efficiency of the PSH
pumps. The considered cycle efficiency of the PSH was 81%.

4. Results and Discussion

For the considered wind speed conditions, the 2 MW Gamesa G90 wind turbine should generate
5.33 GWh of electricity annually, which translates into a capacity factor of 30%. For the forecast quality
presented in Section 3.2 the mean absolute forecast error was 131 kWh, while the lowest and highest
were 0 kWh and 2000 kWh, respectively. Considering above in our analysis we have considered
a WT-PSH hybrid which is characterized by the following parameters: a 2 MW Gamesa G90 wind
turbine will be directly coupled with the PSH pump which is characterized by a 90% efficiency and
installed capacity of 2 MW; the PSH generates electricity by means of hydro unit of 2 MW rated
capacity and efficiency of 90%; the PSH upper reservoir storage capacity is subject of change and varies
from 21.6 MWh to 172.8 MWh (with an increment of 10.8 MWh); the capacity of the lower reservoir is
in the considered case not subject of analysis and was considered as infinite (or significantly larger
than the upper reservoir).

4.1. WT-PSH Parameters

The accuracy of the introduced scheduling approach was assessed based on the MAPE
criterion, whose value can be calculated from Equation (7). This criterion was further used in the
optimisation model:
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MAPE =
1

mn ∑m
i = 1 ∑n

j = 1

∣∣∣∣∣E
C
i,j − ECR

i,j

EC
i,j

∣∣∣∣∣100% (7)

The precision of day-ahead predictions of the available quantity of produced energy was
optimised by finding the minimal value of Equation (7) by changing the values of α and β parameters,
which are part of the scheduling formula (Equation (4)) while also ensuring that the volume of the
rejected energy from wind generation will not be greater than the constant value R (Equation (8)).
In this case, R was arbitrarily equal to 5%:

∑m
i = 1 ∑n

j = 1 EWT_R
i,j ≤ R . (8)

To find the optimal solution a brute-force method was applied and the subs of possible pairs of α

and β parameters was limited by assuming that their values would range from 〈0; 1〉with an increment
of 0.1. Optimal and acceptable solutions were found for all considered upper reservoir capacities, which
ranged from 21.6 to 172.8 MWh with an increment of 10.8 MWh. In total, 1815 various configurations of
these three variables have been considered and 1356 (almost 75%) satisfied the imposed constraint given
in Equation (8). Additional calculations revealed that by considering R = 2.5% this number dwindles
to 1280 and to 1218 for R = 1%. From the configurations which satisfied the constraint imposed in
Equation (8) only one configuration for each capacity of the upper reservoir which exhibited the lowest
objective function value (MAPE) was selected. The results are given in Table 1.

First of all, it is important to highlight that the coefficient of variation (CV) calculated for the
wind turbine energy generation hourly time series is 101%, whereas for the intraday values it is 38%.
Here we understand the intraday variability as the changes in energy generation which occurred
within a single day. It is important to emphasise that such variability will have to be considered by
the power system operator in scheduling the operation of the conventional power plants. However,
by introducing the approach proposed in this paper those variations, and especially the intraday ones,
can be significantly reduced.

Analysis of the results presented in Table 1 reveals that for relatively small capacities of the upper
reservoir (S1–S4) the imposed constraint (R < 5%) resulted in an increase in the observed discrepancies
between the scheduled and realised operation of the PSH (this is indicated by the value of the MAPE
criterion). In scenario S1, which considered the smallest capacity of the upper reservoir (equal to the
half of the daily energy generation of the WT with its maximal capacity), we observed an increase in
CV values for the hourly generation values (by 8.5% relative to the purely wind turbine generation)
and a significant reduction in the intraday CV. The CV values calculated for the hourly time series over
the whole considered period describe the general variability of the observed phenomena, whereas
the intraday values point to the quality of the scheduling formula. In the best-case scenario, the CV
values for the intraday energy generation should be equal to or close to zero. Such can be observed in
scenarios S5–S15 which considered greater capacities of the upper reservoir. Therefore, the general
conclusion is quite straightforward and common in the area of variable renewable energy sources:
with an increasing upper reservoir capacity, the accuracy/realisability of generated schedules increases.
This is indicated by the decreasing values of the MAPE and CV criteria.

In the scheduling formula the α parameter dictates to what extent wind energy generation
forecasts should be considered in the scheduling procedure, whereas the β parameter refers to the
forecasted upper reservoir state of filling. Interestingly (as shown in Table 1), for the small upper
reservoir capacities (S1–S4) the optimal scheduling formula is almost entirely based on the value of
the predicted upper reservoir state of filling, whereas the role of the WT forecasts for the next 24 h is
neglected for α ≤ 0.2. This indicates that the upper reservoir is, to the same extent, capable of offsetting
the inaccuracies in the wind generation forecasts. However, its limited capacity will often lead to
situations in which an unreasonable (to bulk energy generation) schedule will ultimately deplete the
reservoir or, conversely, the wind generation forecasting errors will lead to the inability of the upper
reservoir to store excess energy which has not been considered in the schedule.
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When the capacity of the upper reservoir is greater than 54 MWh, this tendency changes, and for
scenarios S5–S9 the α is equal to 0.9 and for the remaining ones (S10–S15) it is 0.7. The greater alpha
parameter and smaller beta (for S5–S9, β = 0 and for S10–S15, β = 0.1) mean that the upper reservoir
capacity assumed in those scenarios is sufficient to compensate for the variability and inaccuracy of the
wind generation forecasts. From the results presented in Table 1 we can also observe that increasing the
upper reservoir capacity above 75.6 MWh does not significantly decrease the values of the MAPE and
CV parameters. In general, by introducing the proposed scheduling formula we were able to reduce:

• the unpredictability of the wind generation from 27% (MAPE error for the wind generation
forecasts) to less than 1.5% for scenarios S6–S15;

• the hourly variability of the wind generation time series by at least 10%, as in scenarios S2–S9,
or almost 23%, as in scenarios S10–S15; and

• the intraday variability from 31% to less than 1%, as in scenarios S5–S10.

The last result is the most important contribution of the concept introduced in this paper.
By combining WTs with the PSH, and applying an appropriate scheduling approach to them, we have
obtained a dispatchable energy source with a known energy output for the next 25 to 48 h.

Table 1. Optimal values of α and β parameters for various upper reservoir capacities and R ≤ 5%.

Scenario
Variables

Mape [%]
CV [%]

VM α β Hourly Intraday

S1 21.6 0.2 1 17.63 109.48 15.84
S2 32.4 0.1 1 4.85 90.78 2.31
S3 43.2 0.3 1 3.20 90.05 1.86
S4 54.0 0.1 1 2.39 90.02 1.15
S5 64.8 0.9 0 1.73 88.36 0.76
S6 75.6 0.9 0 1.37 88.22 0.61
S7 86.4 0.9 0 1.15 88.05 0.43
S8 97.2 0.9 0 1.15 88.05 0.43
S9 108.0 0.9 0 1.15 88.05 0.43
S10 118.8 0.7 0.1 1.10 78.37 0.27
S11 129.6 0.7 0.1 1.10 78.37 0.27
S12 140.4 0.7 0.1 1.10 78.37 0.27
S13 151.2 0.7 0.1 1.10 78.37 0.27
S14 162.0 0.7 0.1 1.10 78.37 0.27
S15 172.8 0.7 0.1 1.10 78.37 0.27

The varying capacity of the upper reservoir not only has an impact on the accuracy of the
scheduling formula, but also determines the mean scheduled volume of energy. Figure 6 visualises
this phenomena and indicates that for reservoir capacities equal to or greater than 54 MWh the mean
scheduled generation ranges from 489 to 491 kWh. For the scenarios with smaller upper reservoir
capacity (S1–S3) those values were smaller by 20 to 30 kWh. This shows that an increase in reservoir
capacity above a certain value (here, 54 MWh) does not contribute to an increase in mean scheduled
generation (values ranging from 489 to 491 kWh are exactly equal to the mean generation of the wind
turbines which, for the considered location, were equal to 608 kWh decreased by the efficiency of the
PSH) meaning that a limit for such a WT–PSH configuration has been reached. Therefore, it seems
that there is no need to oversize the proposed system in terms of its energy storage capacities. This is
supported by the mean upper reservoir state of filling depicted in Figure 6, which decreases with an
increasing maximal reservoir storing capacity. Such a situation indicates the underutilisation of the
available storing potential.

In Figure 7 we have visualised the operation of the WT–PSH energy source in January 2014,
2015, and 2016. As can be seen, the greater volume of scheduled generation from the PSH is usually
preceded by an increase in wind generation, indicating that the scheduling formula correctly interprets
both wind generation forecasts and the predicted upper reservoir state of filling, and makes correct
decisions when it comes to the energy generation schedule.
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Figure 6. Mean values of the upper reservoir state of filling and the PSH generation over the
years 2014–2016.
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4.2. Sensitivity Analysis

In the optimisation model we have considered three parameters which may impact the operation
of the WT–PSH energy source. All of them have a potential impact on the accuracy of the scheduling
formula as well as the volume of the rejected energy from the wind generation. Figure 6 summarises
that impact. On each of the charts we have visualised all possible combinations of those parameters
with a stress on the individual parameter given on the X axis.

As can be seen, an increase in the α parameter generally leads to an increase in the MAPE error
and a decrease in the rejected volume of energy from wind generation. This results from the fact that
this parameter in the scheduling formula refers to the volume of energy from the forecasted wind
generation which should be considered in the schedule for the next 25 to 48 h. Low values of α make it
possible to avoid errors in scheduling (MAPE) whereas those close to 1.0 will be prone to errors. At the
same time, α close to zero will neglect some portion of the forecasted wind generation and, in some
circumstances (e.g., upper reservoir is almost full), that energy will be rejected.

In the case of the beta parameter, which determined the usage of the predicted upper reservoir
state of filling, one can observe similar dependencies, as in the case of the alpha parameter. However,
it seems that regardless of the remaining parameters (α, VM) for values of β ranging from 0 to 0.3
the error of the forecasting approach is relatively low and remains below 10%. An increase in the β

value leads to a simultaneous increase in the MAPE criterion. This results from the fact that the upper
reservoir state of filling is a consequence of the previously created schedule and the forecasted energy
yield from wind turbines. It is important to note that by increasing the utilisation of the upper reservoir
in the scheduling formula the volume of rejected energy from wind generation dwindles. This results
from the fact that the scheduling formula with β close to 1 will always tend to discharge almost all
available energy in the next considered period and, as a consequence, there will almost always be a
possibility to store there the energy originating from wind generation.

The upper reservoir capacity (VM) seems not to have any significant impact on the value of
the MAPE criterion. However, a slight decrease in energy rejected from the wind generation is
observed when the upper reservoir energy storage capacity increases. Naturally, it is not observed in
all configurations of α and β. For some, regardless of the VM value, the share of rejected energy is still
above 10%, or even close to 90%. This occurred for very low values of both of these parameters.
Regression analysis conducted for the VM impact on the share of the rejected energy from WT
generation shows that, on average, with every increase of 1 MWh in the upper reservoir capacity one
should expect the volume of the rejected energy to decrease by 0.06%.
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The correlation analysis between the objective function and the volume of the rejected energy
from wind generation revealed a rather loose negative interdependence. The average coefficient of
correlation (CC) for all considered combinations of input variables was −0.38 (Figure 8). Interestingly,
the highest were observed for the combinations with relatively low upper reservoir capacities. For VM

= 21.6 MWh the CC was −0.76 and tended to decrease with increasing reservoir capacity. This results
from the fact that the upper reservoir energy storage capacity has the potential to compensate
for forecasting errors and minimises the relation between the objective function and the imposed
constraint—the volume of rejected energy from wind generation.
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A similar correlation analysis has been conducted for the individual parameters and the
aforementioned objective function and the volume of rejected energy from WTs. The obtained CC
values are summarised in Table 1. Once again the resulting CC are rather low and, in the case of upper
reservoir capacity (VM), rather insignificant when it comes to their relation with the objective function
and the constraint. Greater values are observed for the α and β parameters and they are coherent
with the analysis made based on the scatter plots in Figure 9. An increase in α will generally lead
to a decrease in the volume of rejected energy from WT generation and an increase in scheduling
inaccuracy. Meanwhile, in the case of β (CC = 0.85) the higher the value, the higher the schedule error
(MAPE) and the lower the volume of rejected energy (CC = −0.35, REJECTED), Table 2.

Table 2. Correlation coefficients between variables (α, β, VM), objective function (MAPE), and constraint
(REJECTED).

MAPE Rejected

α 0.3915 −0.5186
β 0.8456 −0.3568

VM −0.0215 −0.1545
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Figure 9. Objective function and the main constraint in the function of individual variables.

4.3. Analysis of the Dispatch Errors

As observed efigurearlier, the proposed scheduling/dispatching procedure is not error-free.
Hereunder, we provide a concise analysis of observed absolute errors in the case of the considered
scenarios. Their ordered values (from largest to smallest) are depicted in Figure 10. Please note that
in scenarios S1 and S2 some errors occurred during 20% of the hours considered in our analysis,
whereas in all the remaining scenarios it is significantly less than 2% or, in other words, there were no
dispatch errors over more than 98% of the considered time period. This shows that for larger storage
capacity the proposed scheduling method is very efficient, but a question arises whether it is, from
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an economic point of view, cost effective to invest in larger storage or accept potential penalties for
unrealized dispatch.
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Further analysis of the dispatch errors focused on their statistical parameters. As can be observed
in Table 3 there is a visible trend of decreasing values of dispatching errors for larger upper reservoir
capacities. Not only is the average value significantly reduced, but also the observed standard deviation
and, as a consequence, the coefficient of variation. The analysis of kurtosis and skewness shows that
the error distributions are leptokurtic (with fatter tails) and are positively skewed (the distribution is
concentrated on the left tail).

Table 3. Basic statistical parameters of observed dispatch errors.

Scenario S1 S2 S3 S4 S5 S6 S7–S9 S10–S15

AVG (kWh) 61.3 57.1 4.0 4.2 2.8 2.3 1.8 1.5
STD (kWh) 199.3 191.7 25.9 38.3 28.0 25.4 23.0 16.2

CV [%] 30.7% 29.8% 15.5% 10.8% 10.0% 9.2% 8.0% 9.2%
Skeweness 4.6 4.9 9.4 14.0 14.7 15.1 17.9 14.8

Kurtosis 23.7 27.5 123.1 250.1 272.7 280.1 390.7 285.7

5. Conclusions

The advent of variable renewable energy sources made a significant change on the energy market.
In NPSs with a high penetration of VRES generation, not only does the demand side of the energy
market start to vary, but so too does the supply side. In general, based on the coefficient of variation,
the variability of wind and solar generation is greater than that of energy demand. So far various
approaches have been proposed to overcome this problem. In this paper a novel strategy for scheduling
the operation of a wind turbine/park and pumped-storage hydroelectricity is presented. The proposed
approach takes into account the forecasted energy generation from the wind turbines for the next
24 h and the estimated upper reservoir state of filling at the end of the upcoming day. Based on those
estimates an energy generation schedule is formulated for the next 25 to 48 h.

The developed strategy was tested based on a three-year hourly time series of wind speed and
synthetic wind speed forecasts generated for the purpose of this paper. The results indicate that a
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scheduling formula for a 2-MW wind turbine and a PSH with an energy storing potential equal to
54 MWh is capable of reducing the intraday variability (calculated based on the coefficient of variation)
of energy generation from 31% to 1.15%. The low value of CV for the WT–PSH energy source indicated
the good quality of the scheduling approach and the fact that the inherently variable energy from wind
generation becomes manageable. For this configuration, and the α and β parameter values assumed
in the scheduling formula, the MAPE criterion for the schedule accuracy was 2.39%, whereas that
considered for wind generation was 27%.

The results also show that an increase in upper reservoir capacity above a certain volume does
not have a significant impact on the performance of the considered energy source. However, the larger
the reservoir, the lower the value of the MAPE criterion and the volume of rejected energy will be.
This, however, comes at the cost of underutilised reservoir storage capacity. Therefore, the α and β

parameters, which are used in the scheduling formula, remain the most relevant.
There are several ways in which such an energy source may be used in the power system. First

and foremost, it can be applied to increase the share of wind generation in covering the energy demand
without increasing the variability of the supply side of the energy market. Secondly, the scheduling
formula may be modified in such a way that the WT–PSH energy source will generate electricity only
during peak hours. As a consequence it will operate as a conventional PSH power plant, but the
generally greater energy prices during the peak demand periods will increase the economic potential
of the wind energy. Finally, in systems with an already high penetration of VRES, this type of energy
source can be used as a conventional power plant whose energy generation can be scheduled for
the next 25 to 48 h. Its reliability and availability mainly during the summer period (which has less
beneficial wind speed conditions at the considered location) can be increased by coupling it with a
PV installation.

In this paper we have made a new contribution by proposing a novel mathematical model for
scheduling the operation of a wind-powered pumped-storage hydroelectric hybrid power source.
Additionally, we have introduced a measure to assess the accuracy and quality of the scheduled
generation and, based on the sensitivity analysis, we revealed the impact of the individual parameters
on the performance of the WT–PSH. It is expected, by applying more accurate wind speed/generation
forecasts, that the accuracy of the schedule generation will also increase.

Naturally, not all aspects of such an energy source operating in the very complex environment of
the energy market have been investigated. From the author’s perspective, the most important future
research direction would be to investigate the economic side of such an energy source, as well as its
potential in energy systems which depend on a share of VRES in covering energy demand.
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Nomenclature

Abbreviations
AVG Average
ANN Artificial Neural Network
CAES Compressed Air Energy Storage
CC Coefficient of Correlation
CV Coefficient of Variation
DMS Demand Side Management
NPS National Power System
NWP Numerical Weather Predictors
MAPE Mean Absolute Percentage Error
PSH Pumped Storage-Hydroelectricity
PV Photovoltaics
ROR Rate of Return
STD Standard Deviation
VRES Variable Renewable Energy Sources
V2G Vehicle to Grid
Indexes
i Index of days (i = 1, . . . , 1095)
j Index of hours (j = 1, . . . , 24)
Parameters and constants
ηPSH Efficiency of the PSH pumps and generators (%)
EC Scheduled energy generation of the PSH (kWh)
ECR Scheduled and realised generation of the PSH (kWh)
EGen Maximal energy generating capacity of the PSH per unit of time (kWh)

EPump Maximal capacity of the PSH pumps to accommodate and store the energy in the
upper reservoir per unit of time (kWh)

EWT Energy yield from wind turbine (kWh)
EWT* Forecasted energy yield from wind turbine (kWh)

EWT_R Energy yield from wind turbine which has not been used in the PSH generation
and/or cannot be stored in the upper reservoir (kWh)

n Number of wind turbines with rated power capacity equal to PWT (-)
p(v) Polynomial approximating the wind turbine power curve (kW)
PWT Rated power output of the selected type of wind turbine (kW)
t Time (hour)
v Wind speed (m/s)
v* Forecasted wind speed (m/s)
V Upper reservoir state of filling (kWh)
V* Estimated/forecasted upper reservoir state of filling (kWh)
vcut-in Wind speed at which wind turbine starts to generate electricity (m/s)

vcut-off Wind speed at which wind turbine operation is interrupted to prevent it being
damaged (m/s)

vrated Wind speed at which wind turbine generates electricity at its rated capacity (m/s)
Variables

α
Parameter used to define the share of potential wind turbine energy yields used
in the PSH generation schedule

β
Parameter used to define the contribution of the estimated upper reservoir
occupancy to the PSH generation schedule

VM Maximal energy storage capacity of the PSH (kWh)
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