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Abstract: Under a deregulated environment, wind power producers are subject to many 

regulation costs due to the intermittence of natural resources and the accuracy limits of 

existing prediction tools. This paper addresses the operation (charging/discharging) 

problem of battery energy storage installed in a wind generation system in order to improve 

the value of wind power in the real-time market. Depending on the prediction of market 

prices and the probabilistic information of wind generation, wind power producers can 

schedule the battery energy storage for the next day in order to maximize the profit. In 

addition, by taking into account the expenses of using batteries, the proposed 

charging/discharging scheme is able to avoid the detrimental operation of battery energy 

storage which can lead to a significant reduction of battery lifetime, i.e., uneconomical 

operation. The problem is formulated in a dynamic programming framework and solved by 

a dynamic programming backward algorithm. The proposed scheme is then applied to the 

study cases, and the results of simulation show its effectiveness. 

Keywords: real-time market; real-time price; deregulated market; wind power; battery 

energy storage; charging/discharging scheme 

Nomenclature:  

K The time index of day-ahead market (1 hour)

k The time index of real-time market (5 minutes)
DA
K  Day-ahead price, [$/MWh] 
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RE
k  Regulation price, [$/MWh] 
RT
k  Real-time price , [$/MWh] 

[ ]P K  Hourly prediction of wind generation, [MW] 

pw[k] Real-time variation of wind generation, [MW]

pRT[k] Real-time dispatch of WPP, [MW]

Pb[k] Real-time charging/discharging of BES, [MW]

SoCmax Maximum state of charge of BES, [MWh]

SoCmin Minimum state of charge of BES, [MWh]

RoDmax Maximum rate of discharge of BES, [MW]

Crep Replacement cost of battery of BES, [$]

Qlifetime Lifetime-throughput of BES, [Ah]

SoCs Starting state of charge of BES, [MWh]

SoCe Ending state of charge of BES, [MWh]

N Number of battery in the bank

ηc Charging efficiency of BES

ηd Discharging efficiency of BES

ηrt Roundtrip efficiency of BES (ηrt = ηc × ηd)

cbw Battery wear cost of BES

fSoC Impact of SoC on the lifetime

fI(I,n) Impact of current on the lifetime

cSoC, min Coefficient of lowest SoC in the lifetime

llc  Cost of lifetime losses of BES, [$/Ah] 

П Profit of WPP, [$] 

xk State variable in DP framework

uk Control variable in DP framework

wk Random variable in DP framework

gk(xk, uk, wk) Cost function in DP framework

fk(xk, uk, wk) State transition function in DP framework

Jk(xk) Cost-to-go function in DP framework

x0 Initial state 

xe Ending state 

 

1. Introduction 

The increases in fossil fuel prices and environmental concerns have led to a boost in installed wind 

energy capacity in the last decade. In this trend, wind power and other renewable energy sources 

(RES) are encouraged by many regulatory policies such as the renewable standard in the U.S., the 

renewable obligation in UK, and the feed-in tariff in Nordic countries. However, these supporting 

policies have been redesigned since the recent deregulation of electric power industry which tends to 

put wind power into the market forces [1]. As a consequence, besides receiving a general subsidy, 
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wind power producers (WPPs) need to compete for generation and on the other hand, being 

responsible for the problems, if any, they cause in the electric power network. The matter of fact is that 

the intermittence of natural resources (i.e., wind speed) makes the prediction of wind generation at 

high uncertainty, even with modern prediction tools (10%–15%), compared to 1%–2% error of load 

forecasting. In addition, the power output of wind generators fluctuates continuously as time. These 

issues significantly decrease the competitiveness of WPPs in comparison with the conventional 

sources: coal-fired, gas-fired and hydro power plants [2]. 

In order to improve the value of wind power in such deregulated environment, a number of study 

efforts have been paid; most of them focus on the scenario of Nordpool, i.e., the power pool in 

Scandinavia Peninsula including Denmark, Sweden, Finland and Norway. This area is characterized by 

the high share of wind power in total energy consumption and being considered as future power 

system of many countries. In Nordpool, the regulation cost (called imbalance penalty in some 

references) faced by WPPs is calculated as product of the power imbalance and the regulation price; in 

which the power imbalance refers to the deviation of actual power generation from what is bided ahead 

of time. Those previous studies can be categorized into three groups: (1) market approach, (2) bidding 

approach, and (3) battery approach. 

Firstly, the market approach proposes an intra-day market (or after-sale market) which has a smaller 

gate closure, meaning the time period between the market closure and the physical delivery of 

electricity is shorter (than the typical 12–36 hour ahead of spot market). In this market, WPPs with 

better prediction can submit bids to correct the error of the submitted bids in the spot market. By thus, 

the overall regulation cost can be decreased [3,4]. However, the practice of this market (Elbas) shows 

that it is not very active and only a small amount of energy is traded here [5]. 

Secondly, the bidding approach attempts to optimize the bidding strategy of WPPs in the spot 

market [5–9]. This strategy takes into account both the asymmetry of regulation prices (up and down 

regulation) and the availability of the probabilistic error of prediction tools. Then, instead of bidding 

the average value, the optimal strategy tends to lead WPPs bidding at a lower amount in order to avoid 

the expensiveness of up regulation. This will result in a reduction of overall regulation cost. The main 

drawback of this approach is that the credible probabilistic model of prediction error is not always 

achievable that requires such a long time data [6]. 

Thirdly, the battery approach proposes the incorporation of wind generators with battery energy 

storage (BES) system to provide WPPs with controllability [10,11]. Then, if BES is properly sized and 

operated, not only can the imbalance cost be reduced (or even eliminated), but WPPs can also take 

advantage of the price discrepancy opportunity in the spot market. This makes the idea very attractive 

and promising. However, the limits of the state-of-the-art studies in this approach are that they only 

address the arbitrage opportunity provided by BES, but completely ignore its cost (BES cost). This 

deficiency may lead to an abusive utilization of BES which dramatically decreases the battery lifetime. 

Our work lies in the third approach which addresses the operation problem of BES installed in wind 

generation system. In this work, we provide a framework for optimally scheduling of BES according to 

the prediction of market prices and the probabilistic information of real-time generation. In order to 

address the limits of previous studies, the BES cost is included under the newly defined term: cost of 

lifetime losses (CLL). Thus, the objective of scheduling is not only maximizing the income from market, 

but maximizing the overall profit (i.e., the income after subtracting the expense of BES). Another new 
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contribution of this work is to address the fluctuation of wind generation in real-time, which if not 

properly treated may break the physical constraints of BES: maximum rate of charge/discharge, 

minimum state of charge, etc. The optimal scheduling of BES obtained is our proposed charging/discharging 

scheme. It is noted that the bidding strategy in the spot market is out of the scope of this paper. 

The remainder of this paper is organized as follows. Section II outlines the market scenario adopted 

in this paper that is a bit different from Nordpool. Section III analyses the state-of-the-art lifetime 

model of battery and formulates the cost of lifetime losses (CLL) as a function of operating conditions. 

Section IV provides the mathematical formulation of the optimal scheduling of BES. The formulation 

is then put into Dynamic Programming (DP) framework and solved by DP backward algorithm. 

Section V presents the application of the proposed charging/discharging scheme in study cases and the 

comparison of with and without BES cost consideration. Finally, Section VI summarizes the 

significant points and discussions. 

2. Outline of Deregulated Market 

The electric power industry is experiencing a major restructuring process which intents to put both 

generation and consumption sectors into market forces with the ultimate target of decreasing the 

market prices. The basis of this process is liberalizing the electric market, i.e., deregulated market; 

through which operations of system users are decided. This section presents a variant of deregulated 

market which consists of two different submarkets: day-ahead market and real-time market.  

2.1. Day-ahead Market  

The day-ahead (DA) market is similar to the spot market of Nordpool [5]. In this market, producers 

and consumers submit bids which indicate the quantity of electricity and the corresponding prices they 

are willing to sell or purchase. The Market Operator (MO), based on the submitted bids, constructs the 

selling and purchasing curves; the intersection of these curves gives the market clearing price (MCP) 

(or spot price) and the accepted bids for each hour of the coming day.  

The DA market is closed at noon and twelve hours before the physical transactions. The bidding 

strategy in the spot market is exclusively studied in [5–9], that is out of the scope of this paper. The 

DA market clearing prices is illustrated in Figure 1.  

Figure 1. The principle of clearing price in DA market.  
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2.2. Real-Time Market 

The real-time (RT) market is usually managed by Independent System Operation (ISO) to deal with 

power imbalance caused by the natural variation of loads (and nonconventional sources) in real-time 

operation. This power imbalance refers to the deviation from the value which has been bided in the DA 

market. In RT market, the technically qualified generators, e.g., gas-fired, can submit bids for fast 

increase and decrease of their power outputs. These bids are then arranged in price order (from 

cheapest to the most expensive one); by thus, ISO depends on the actual needs in the system to 

determine which generators to be selected. The most expensive/cheapest of up/down regulation bid 

being picked gives the regulation price (Figure 2).  

Figure 2. Up/down regulation prices in real-time market.  

 

Up to this point, the regulation price is presented similarly to what described in [5]. However, the 

difference lies the time basis on which the regulation price is determined. In [5], the regulation price is 

set for an entire hour (the time basis of the spot market), corresponding to the most expensive upward 

regulation or the cheapest downward regulation bids being taken. In RT market, on the other hand, the 

regulation price is set every 5 minutes in accordance with the actual regulation needs. These prices are 

then posted in the end of each hour, i.e., ex-post prices. The RT prices are determined with a 5 minutes 

time basis as follows: 
RT DA RE
k K k     (1)

2.3. Market Settlements 

The settlement of DA market is straightforward based on the accepted bids and MCP. Likewise, 

regulation providers get paid or pay according to the RT prices and the amount of increase or decrease 

of their power output in real-time; however, the case of regulation consumers is a bit more complicated 

depending on the actual need of the overall system. If load with power deviation that helps to balance 

the overall system, i.e., load is higher than the DA bid during the time when down-regulation is 

ordered (surplus of power in overall system) and vice versa, i.e., lower during up-regulation is needed; 

then this load is not considered consuming regulation, he/she pays or gets paid according to the spot 

market. Only the load with deviation that causes imbalance in the overall system is considered as 

regulation consumer who needs to charge according to the RT prices.  
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3. Battery Energy Storage  

Battery energy storage (BES) has long been a solution for improving the reliability and 

performance of power systems, particularly, it is considered as the key technology for integrating RES 

into the electric power network. Despite many advantages carried by BES, its application is very 

limited due to the lack of experience and tools for: (i) operational cost optimization, and (ii) assessing 

the benefits considering the market model [12]. Reviewing some emerging studies on the operating 

conditions, stress factors and lifetime models of battery in renewable application, this section aims to 

provide an evaluation of the cost associated with the actual operation of BES, named cost of lifetime 

losses (CLL).  

3.1. Battery Wear Cost and Lifetime Model 

A BES system mainly consists of a battery bank, control and power conditioning system, and rest of 

the plant which provides protection for the entire system. Physically, the lifetime of battery bank is 

quite short compared to other components, thus its replacement cost has great impact on the economic 

planning (sizing) and operation of BES. In [13], the cost associated with an ampere-hour (Ah) charging 

and discharging (roundtrip) through battery is evaluated, named battery wear cost, as follows: 

repbw

lifetime rt

C
c

N Q 



 (2)

Generally, the lifetime of a battery bank is given by the manufacturer in terms of  

lifetime-throughput; that indicates the theoretical amount of Ah can be charged and discharged through 

the battery bank until the end-of-life is reached. This lifetime throughput is obtained by various test 

methods processing under certain conditions (i.e., standard conditions). The matter of fact is that these 

test conditions are usually not achievable in practice, particularly, under in renewable application 

scenarios. Indeed, the operating conditions of BES in renewable energy systems are characterized by: 

(i) partial state of charge (SoC), (ii) incomplete or rare full charge state, and (iii) a wide range of 

ambient temperatures [14]. In [15], six important stress factors are defined which link the operating 

conditions to the lifetime of a battery bank, such as charge factor, Ah-throughput, time between full 

charge, time at low SoC, and temperature. It is worth noting that these stress factors can physically 

reduce the rate of one aging process and increase the rate of another. For instance, a high temperature 

will accelerate the rate of corrosion, but will decrease the rate of formation of hard, irreversible 

sulphation products (in a lead-acid battery). Therefore, quantifying the influence of stress factors on 

the lifetime of a whole battery bank needs a thorough understanding and analysis of the entire  

aging processes. 

In order to evaluate the battery lifetime, three different approaches are presented in [16–18]. The 

first approach, called performance-based model, is based on the simulation of each aging process as a 

function of operating conditions and the change of performance values of the battery while the various 

aging processes take place. The battery is said to be at end-of-life if the performance values cross the 

thresholds. This method is very accurate, but may suffer from a huge computational burden. The 

second approach, called Ah-throughput model, is based on an assumption that once a predetermined 
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value of Ah-throughput has been exceeded, the battery is considered to have reached end-of-life. For 

taking the operating conditions into account, the weight factors are added and it is then called weighted 

Ah-throughput model. The third approach, called event-oriented model, is based on an assumption that 

the incremental loss of lifetime caused by different events is added up until a certain value is reached. 

Thus, in some sense, this approach shares a similar basis the weighted Ah-throughput model. 

3.2. Cost of Lifetime Losses 

In this paper, the weighted Ah-throughput model is adopted to evaluate the cost associated with 

lifetime losses according to the actual operating conditions. The model assumes that the impact of a 

given Ah-throughput in the lifetime of battery depends on the details of the operating conditions during 

the Ah throughputs. This means under standard conditions, battery can achieve the theoretical  

Ah-throughput; any deviation from the standard conditions will result in a virtual increase (or decrease) 

of the physical Ah-throughput. The impact of SoC on the lifetime of battery is modeled in [17]: 

    ,0 ,min min1 1 ,SoC SoC SoC I SoCf c c SoC f I n t       (3)

For simplicity, we only consider the impact of SoC, other factors such as current, acid  

stratification, etc. will be ignored. Then, (3) becomes: 

 ,min min1 1SoC SoCf c SoC    (4)

Therefore, for each Ah-throughput at given conditions will result in virtual loss of lifetime which costs: 

 
 ,min min

1

       = 1

bw
ll SoC

bw
SoC

c c f

c c SoC

 


 (5)

In other words, the cost of lifetime losses (CLL) represents the monetary loss due to the losses of 

lifetime for one Ah throughputs at certain conditions which deviate from the standard one. Roughly, 

(5) implies that it is more economical to operate BES at higher SoC. This is because low SoC physically 

cause mechanical stress on the active masses and increase size of sulfate crystal (lead-acid battery) [17]. 

4. Proposed Charging/Discharging Scheme of Battery Energy Storage  

In such market environment presented in Section 2, the opportunity is that WPP can be rewarded by 

properly operating his/her BES in response to the variation of market prices which helps to balance the 

overall system. This section provides a framework for determining the optimal charging/discharging 

operation of BES in the next day according to the prediction of RT prices and the probabilistic wind 

generation information. Mathematically, the formulation is to maximize the overall profit (i.e., income 

after subtracting the BES cost) that WPP might obtain from the RT market; this means the BES should 

store (charge) electricity during the low price time and re-sell (discharge) when the price is high. The 

optimal charging/discharging therefore will be determined in every 5 minutes (the time basis of RT 

market). The formulation of this problem is restricted to the following assumptions: 

1. The WPP is price-taker, i.e., he/she has no capability to alter the MCP. 
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2. An appropriate prediction tool is available to forecast the next day generation and estimate the 

probability density function of real-time (5 minutes) variation. 

3. Bidding strategy in the DA (spot) market is out of the scope of this paper. Without losing 

generality, it is assumed the mean values are bidded. 

4.1. Problem Formulation 

The outline of WGS with BES is sketched in Figure 3. It is worth noting that the BES in this case 

performs two important tasks: 

Figure 3. Outline of WGS with BES.  

 

1. Absorbing the real-time variation of power output resulted from the intermittence of wind speed. 

2. Dispatching in accordance to the RT market prices for profits. 

The profit that WPP receives in period k after subtracting the BES cost can be evaluated as follows: 

        ,min min1 AhRT RT bw
k SoCk p k c c SoC k k     (6)

In (6) the first term represents the revenue from the RT market, while the second term represents the 

BES cost. The BES cost is calculated as product of the cost of lifetime losses (CLL) and the amount of 

Ah-throughput during the period k. The actual charge/discharge of BES is related to the real-time 

dispatch and uncertainty (i.e., the deviation from prediction) as follows: 

     RT
b wp k p k p k   (7)

The objective function is to maximize the overall profits in a day that WPP can obtain considering 

the uncertainty of wind generation and the cost of BES: 

      ,min min1 Ahmax
RT

w

RT RT bw
k SoC

kp kp k

p k c c SoC k kE 
     

   
 
  (8)

The problem solution subjects to the following constraints of BES: 

1. State of charge transition: 

 

 1

t      if charging     

1
t    if discharging 

k c b

k
k b

d

SoC p k

SoC
SoC p k






  
   


 (9)

  wP p

 pb

λRT

Connected to 
transmission 
network

ControllerBES system

Wind 
turbine- 

generator 
μC 

RT
optp Probabilistic 

information

 RTP p



Energies 2012, 5 5447 

 

 

2. State of charge limits: 

max minkSoC SoC SoC   (10)

3. Rate of charge/discharge limits: 

max min

max min

 if charging

   if discharging
b

b

RoC p RoC

RoD p RoD

  
 

 (11)

4.2. Dynamic Programming Framework 

The formulated problem can be solved by the Dynamic Programming (DP) method. The state of 

BES (SoC) is discretized to fit the DP framework for discrete finite state problems [19]. Then, the DP 

backward algorithm is applied to solve for the optimal charging/discharging of BES in the next day. 

This is our proposed scheme. The DP framework is displayed in Figure 4. 

Figure 4. DP framework for discrete finite state problem.  

 

In DP framework, let us define: 

1. State variation xk be the SoC of BES at the end of period k. 

2. Control variable uk be the real-time dispatch of WPP during period k. 

3. Random variable wk be the uncertainty of wind generation in period k. 

The state transition function of DP framework can be rewritten from (9) as:  

 

 1
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k c k k k k
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k k k k k
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x u w u w
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 (12)

The cost function in DP framework is defined as minus of the overall profit in (6): 

   min
,min, , 1 AhRT bw

k k k k k k SoC k kg x u w u c c x     (13)

Then, the cost-to-go function is calculated as: 

kw

kx 1kx

ku

System

Cost function Controller

 kkkkk wuxfx ,,1 

 kkkk wuxg ,,  kkk xu *
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 (14)

with the time basis (∆t) of 5 minutes in RT market, N = 24 × 12 = 288 periods in a day. The problem 

constraints remain as (10) and (11). The DP backward algorithm results in the optimal policy in the 
form:  *

1
*
1

*
0 ,...,,*  N ; from which, once the current state is known, the optimal decision (control) 

can be determined as:  kkk xu **  [19]. 

5. Case Study  

In this section, the proposed charging/discharging scheme of a BES is applied to a study case. A 

wind generation system owned by a WPP is depicted in Figure 3. The market price data was found in 

the PJM website [20]. The parameters of BES were found on the Surrette Battery Company website [21]. 

It is assumed that 4KS25P battery bank is employed in the BES which has Crep = $1,000/unit;  

Qlifetime = 10,494 kWh; ηrt = 0.8. The battery wear cost can be evaluated by (2): cbw = $106.5/MWh. 

Other parameters of BES are: SoCmax = 10 MWh; SoCmin = 4 MWh; RoCmax = 1,000 kW;  

RoDmax = 1,000 kW; and cSoC,min = 0.15. The probabilistic information of wind generation is given in 

term of prediction percentages as follows: pw = ±10% with pdf = 0.05; pw = ±5% with pdf = 0.2; and 

pw = 0% with pdf = 0.5. It is assumed that the BES must be at low SoC (5 MWh) at midnight  

(12:00 AM) to take advantages of the low prices and the increased availability of the wind resource at 

nighttime. Figure 5(a) displays the DA (spot) price and the RT (real-time) price. It is shown that in 

some periods the RT price is higher than the DA price but at other times, it is lower.  

Figure 5. (a) The day-ahead (spot) prices and real-time prices; (b) The hourly prediction 

and actual generation of WGS.  

(a) (b) 

This is because, when the overall system lacks of power (i.e., the demand is higher than the supply), 

ISO will order more generation from up-regulation bids; this results in a positive regulation price 

(Figure 2) and then, the RT price is higher than the DA price. The situation is the inverse in the case of 

a surplus of power in the overall system. Figure 5(b) shows the hourly prediction of wind generation 
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and its real-time variation. It is assumed that there is no bias in the prediction and these amounts is 

bided in the day-ahead market. 

5.1. Case 1: Without BES Cost Consideration 

In case 1, the optimal charging/discharging of BES is determined without consideration of BES 

cost. The objective in this case is to maximize the profit that WPP can obtain from the RT market. The 

term of BES cost is rejected from (8). The problem constraints remain the same in (10) and (11). The 

problem is solved by DP backward algorithm and the simulation is run in MATLAB program. The 

result of simulation shows the optimal dispatch (pRT[k]) and state of charge (SoC[k]) of BES in  

Figures 6 (a,b), respectively. 

Figure 6. (a) The optimal dispatch of WPP; (b) The SoC of BES in case 1.  

(a) (b) 

5.2. Case 2: With BES Cost Consideration 

In case 2, the BES cost is considered. Then, the optimal charging/discharging of BES is to 

maximize the overall profit (i.e., the income after subtracting the BES cost) as in (8). This results in the 

optimal dispatch (pRT[k]), state of charge (SoC[k]) of BES in Figures 7(a,b), respectively. 

The charging/discharging of BES in both case shows that the electricity is stored (charged) when 

the RT price is low and re-sole (discharged) when the RT price is high. In more detail, in the first six 

hours, the RT price is low, the WPP attempts to charge as much as possible to BES, but smaller than 

the maximum rate of charge to avoid over limits caused by the uncertainty of resources. The BES 

remains full of charge from 7:00 to 11:00 and waiting for the high price time later [Figure 6(b) and 

Figure 7(b)]. 

In the periods from 11:00 to 12:00; and from 16:00 to 20:00, the RT price is high (at peak), the 

WPP starts discharging BES to make a profit [Figure 6(a) and Figure 7(a)]. The difference between the 

two cases lies on the last periods (from 21:00 to 24:00). In case 1, without consideration of BES cost, 

the WPP tends to discharge BES exclusively until the SoCmin− is reached; and later then, charge to SoC 

of 5 MWh (i.e., ending constraint). In case 2, with consideration of BES cost, the BES remains its SoC 

of 5 MWh because in these periods, the discrepancy in RT prices is not enough to cover the BES cost. 
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Figure 7. (a) The optimal dispatch of WPP; (b) The SoC of BES in case 2.  

(a) (b) 

The profit from the RT market, BES cost and the overall profit in two cases are presented in Table 1. 

It is shown that the case 1 aims to maximize only the profit from the RT market in a day ($80.963); 

however, this operation lead to the abusive utilization of BES which results in high BES cost 

($35.113). Then, the overall profit WPP obtains is $48.850. Case 2, on the other hand, even though the 

profit obtained from RT market is lower than case 1 ($74.839), the BES is significantly reduced 

($24.859). Thus, the overall profit for WPP is higher ($49.980). The saving of our proposed scheme 

(case 2) in these study cases is about 9%. 

Table 1. Comparison of the economic results between two cases. 

Study cases Profit from RT market BES cost Overall profit 

Case 1 80.963 35.113 45.850 
Case 2 74.839 24.859 49.980 

It is worth noting that the value of cost-to-go function resulted from DP backward algorithm is not 

exactly the overall profit in case 1 and 2, instead this (cost-to-go function) is the expected value of the 

profit according to different scenarios of wind resource uncertainty. The results of case 1 and 2, on the 

other hand, are obtained from the actual operation when the scenarios are cleared. 

6. Conclusions  

This paper provides a framework for determining the optimal charging/discharging of a BES which 

provides the maximum overall profit for a WPP. In addition, the BES expense is considered under the 

newly defined term: cost of lifetime losses. The problem formulation is then put into a DP framework 

where the DP backward algorithm can be applied. The solution is the optimal policy by which, once 

the current state is known (in real-time operation), the optimal charging/discharging of a BES can be 

determined. This is our proposed charging/discharging scheme. In the case study, the optimal 

operation of the BES in two different cases is examined. In case 1, the BES cost is not considered 

while in case 2, the proposed scheme is adopted. The increase in the overall profit of case 2 compared 

to case 1 has shown the effectiveness of our proposed scheme. 
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This work is restricted to considering the entire expense of BES. We believe that with the 

expensiveness of the battery technologies nowadays, it is impossible to create profit from the variation 

of electricity prices. Instead, the analysis of this paper provides some insights for the optimal 

scheduling of an existing BES and possibly with some modifications, other energy storage 

technologies, e.g., a hydro-pumped power plant. 
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