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Abstract:



In the last few years, several investigations have been carried out in the field of optimal sizing of energy storage systems (ESSs) at both the transmission and distribution levels. Nevertheless, most of these works make important assumptions about key factors affecting ESS profitability such as efficiency and life cycles and especially about the specific costs of the ESS, without considering the uncertainty involved. In this context, this work aims to answer the question: what should be the costs of different ESS technologies in order to make a profit when considering peak shaving applications? The paper presents a comprehensive sensitivity analysis of the interaction between the profitability of an ESS project and some key parameters influencing the project performance. The proposed approach determines the break-even points for different ESSs considering a wide range of life cycles, efficiencies, energy prices, and power prices. To do this, an optimization algorithm for the sizing of ESSs is proposed from a distribution company perspective. From the results, it is possible to conclude that, depending on the values of round trip efficiency, life cycles, and power price, there are four battery energy storage systems (BESS) technologies that are already profitable when only peak shaving applications are considered: lead acid, NaS, ZnBr, and vanadium redox.
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1. Introduction


In power systems, the load profile during the day is characterized by short periods of time when significant amounts of power are required, the so called “peak load times” of the system. Depending on the load composition (industrial, residential, and/or commercial) and the season of the year, peak load time periods may occur at different hours during the day. Demand peaks significantly impact the economic performance of power systems. Generation units with low efficiencies have to be started to meet this peak demand. These peak demands also have a direct impact on network planning [1]. The electrical infrastructure in transmission and distribution networks must be sized to meet the maximal demand of the system [2]. Hence, system installations are fully utilized only at some hours of the year, while most of the time these facilities are actually underutilized. Consequently, distribution network (DN) customers are charged not only according to their total energy consumption but also according to their highest power demand. The exact pricing structure may vary slightly from country to country, but the basis is essentially the same everywhere [1]. These demand charges usually represent an important portion of the total electricity payments of DN customers. Therefore, DN customers are extremely interested in lowering these charges without lowering their energy consumption.



In this context, energy storage systems (ESSs) are fast response devices, which not only add more flexibility and controllability to the system but also provide a wide range of technical and economic benefits. The ESS can store energy at off-peak load periods and then use this energy during peak load periods. The economic benefits for the DN are achieved not only by the reduction of demand charges but also due to:

	
The reduction of network reinforcement needs: the electrical infrastructure in the DN does not has to be sized for the highest power demand anymore but for a more flattened generation profile [3].



	
The reduction of the electricity bill: depending on the market conditions, the DN customers can decrease their total energy costs by taking advantage of energy price differences between peak and off-peak load periods [4]. This way, if the energy price during the peak load periods of the day is more expensive than the price during the off-peak periods, a sound strategy for the ESS scheduling would lead to an electricity bill reduction.








In power systems, ESS technologies may include compressed air energy storage (CAES), superconducting magnetic energy storage systems (SMES), pumped hydro storage (PHS), super-capacitors, flywheels, and a variety of batteries. There are many ways to classify these ESSs: based on the application area [5], the form of energy conversion [6], or depending on the amount of MWh that the ESS can provide [7]. Considering this last point, ESSs are classified into two main categories:

	
Energy applications: the ESS must maintain a constant delivery of power, typically covering time frames between minutes to hours [8]. These ESS technologies are usually used for energy management, frequency regulation, and energy arbitrage, among other applications [7].



	
Power applications: this includes ESSs with high power density and the ability to respond in short time frames (few seconds to some minutes). These technologies are usually applied to improve power quality [7] and also for frequency regulation.








CAES, PHS, and batteries fall into the category of energy applications, whereas SMES, super-capacitors, and flywheels fall into the category of power applications. CAES and PHS have special siting needs, and therefore these plants cannot be built everywhere. On the other hand, SMES, super-capacitors, and flywheels are short-duration devices, and thus they are mostly used for power quality support (making them less suitable for e.g., peak shaving applications [6]). As a consequence, these technologies of ESSs are not further considered in this work.



In spite of the significant advances that have been made in battery energy storage systems (BESS) in terms of efficiency and life cycle over the past few years, their relatively high costs are still hard to justify in many applications in power systems [9,10]. As a consequence, a critical aspect in any BESS project is its size optimization, i.e., the determination of its optimal power and energy ratings. Not appropriately sizing a BESS may not only lead to its underutilization but also to negative results from an economic viewpoint [11,12].



In response to this need, several researches in the field of optimal sizing of ESSs have been conducted, focusing on either microgrids [11,12,13,14,15,16] or high voltage power systems [17,18,19,20,21,22,23]. The list of previous works on the optimal sizing of ESSs is quite extensive. However, most of them have drawbacks related to making important assumptions about key aspects affecting ESS profitability such as efficiency, life cycles, and specific costs. Unfortunately, most of the time, the exact values of these ESS characteristics are quite difficult to determine due to the high uncertainty involved and because of the continuous changes in ESS technology with research and development activities [24]. Furthermore, since the initial capital costs of many storage technologies are still high, acquiring an ESS for reducing the peak demand (peak shaving applications) can be justified in DNs if the daily load profile leads to an important price difference between peak and off-peak load periods [9], and the demand charges paid by the DN are high. This is confirmed by several BESSs that have been installed worldwide for load leveling and peak shaving applications during the past few years [25,26].



In the aforementioned context, this work aims to answer the question: what should be the costs of different BESS technologies in order to make the peak shaving applications financially viable? The paper presents a comprehensive sensitivity analysis of the interaction between the financial viability of a BESS project and some key parameters influencing the project performance. The idea is to find the break-even points for different BESS technologies considering a wide range of life cycles, efficiencies, energy prices, and power prices. To do this, an optimization methodology for the sizing of BESSs is used. The peak-shaving application in distribution networks is used as a test-bed for the proposed methodology considering that the Distribution Company (DisCo) has the ownership and operation of the BESSs.



The remainder of this paper is organized as follows. Section 2 presents the proposed methodology for the sizing and selection of BESS for peak-shaving applications; Section 3 describes the case study used to evaluate the proposed methodology; Section 4 analyses the results obtained in this work; finally, Section 5 presents the concluding remarks.




2. Proposed Methodology for BESS Selection for Peak-Shaving Applications


In order to formulate an approach to address the main objective of this paper described earlier in the introduction, an optimization methodology for sizing the BESS is proposed. The proposed methodology is based on an iterative process divided into three main phases; namely, (1) selection of a set of feasible power and energy pairs; (2) BESS scheduling; and (3) an economic evaluation based on a net present value (NPV) analysis. Figure 1 outlines the proposed methodology. The economic convenience of the BESS is determined based on the difference between its costs and its comparative benefits due to a reduction of the peak demand and thus in the cost of supplying the load. Note that other benefits such as the reduction of network reinforcements (deferral of equipment), ancillary services, or performance improvements could be also taken into account in the proposed methodology. However, they are beyond the scope of this paper.


Figure 1. Flowchart of the proposed methodology for sizing of BESS.
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As input data, the proposed methodology uses a database that contains the technical characteristics of commercially available BESS such as efficiency, depth of discharge (DoD), and lifecycle, as well as their related capital and operating and maintenance (O&M) costs.



2.1. Set of Feasible Power and Energy Ratings Pairs


The selection of the set of feasible power and energy pairs consists of determining a feasible set of power and energy ratings pairs (commercially available) for the BESS [image: there is no content], where [image: there is no content] and [image: there is no content] represent the rated power and energy capacity of pair k, respectively. The selection is performed considering that, for peak-shaving applications, the BESS must be able to supply energy during at least some hours of the day. Then, for each pair of power and energy [image: there is no content] previously selected, the daily scheduling is determined.




2.2. BESS Scheduling


The BESS scheduling defines the optimal charging/discharging schedule of the BESS for each day during the control period. To minimize the costs of the DN, the charge/discharge operation must be scheduled so as to store energy during periods of low energy prices (light-load periods) and discharge during the hours of the day in which the peak demand of the DN occurs [24]. For this purpose, the BESS model used in this work considers the stored energy as a state variable [24,27]. The energy level in the BESS is calculated as the difference between the stored energy of two consecutive stages [27]:


[image: there is no content]



(1)






[image: there is no content]



(2)




where [image: there is no content] is the state of charge of the BESS (stored energy) at time [image: there is no content], [image: there is no content] is the considered time period (one hour in this work), and [image: there is no content] is the power discharged from the storage unit or the power charged from the grid at time [image: there is no content]. It is important to note that [image: there is no content] is assumed constant and equal to the average power during the time interval [image: there is no content]. Then, the energy taken/injected by the BESS at time [image: there is no content] is given by [image: there is no content]. A positive value of [image: there is no content] indicates charging and a negative value indicates the discharging of the BESS. Finally [image: there is no content] and [image: there is no content] are the discharge and charge efficiency of the BESS, respectively. The stored energy within the BESS is limited by its minimum and maximum state of charge, [image: there is no content] and [image: there is no content], respectively, as follows:


[image: there is no content]



(3)







Additionally the BESS must satisfy the following constraint during its operation:


[image: there is no content]



(4)




where [image: there is no content] is the maximum rate of charge/discharge of the battery. It is important to note that it is assumed that the BESS can change its power instantaneously, i.e., ramp rate constraints are negligible. Moreover, a constraint imposing that at the end of each day in the control period the storage level must be the same as at the beginning of each day is also considered [13]:


[image: there is no content]



(5)








2.3. Economic Evaluation


Given the scheduling of each BESS, the economic evaluation is performed. In this part, the total costs of the DN (including the BESS) are evaluated based on Equation (6) over the lifespan of the battery, where [image: there is no content] is the capital cost of the BESS, [image: there is no content] is the NPV of the O&M costs of the BESS, [image: there is no content] is the NPV of the energy costs due to the BESS losses, and [image: there is no content] is the NPV of the peak power charges paid by the DN. For this purpose, only one cycle per day is considered.


[image: there is no content]



(6)







The present values are calculated over the BESS life span according to:


[image: there is no content]



(7)






[image: there is no content]



(8)






[image: there is no content]



(9)




where [image: there is no content], [image: there is no content] are annuity factors to obtain the pertinent present values, which are calculated based on:


[image: there is no content]



(10)






[image: there is no content]



(11)






[image: there is no content]



(12)







In the equations above, [image: there is no content] is the interest rate, [image: there is no content] is the annual growth of the energy price, [image: there is no content] is the annual growth of the peak power price paid by the DN, and [image: there is no content] is the BESS lifetime in years. In Equation (9), the yearly peak power charges paid by the DN are calculated according to:


[image: there is no content]



(13)




where [image: there is no content] is the peak power price in [image: there is no content] and [image: there is no content] is the peak demand of the DN in [image: there is no content] measured during the control period. For further details in this regard, please see Section 3.1.



The operating and maintenance (O&M) costs of a BESS are considered to be a constant yearly rate during the lifetime of the project and are estimated as a fixed percentage of the capital cost [28,29]. The total costs of a BESS can be defined as a function of the capital costs, O&M costs, and other costs related to specific technologies [30]. The capital costs of an ESS can be broken down into an energy and a power component. The energy cost for storage is the cost of the devices that actually store the energy (storage medium) [10,31]. The power cost would include the synchronous machines in a PHS and the power electronics in a battery system [10]. The energy costs are expressed in cost per unit of stored energy ($/kWh), while the power costs in cost per unit of power ($/kW). Consequently the BESS capital costs can be expressed as [24,30]:


[image: there is no content]



(14)




where [image: there is no content] and [image: there is no content] are the rated power and energy of the BESS in kW and kWh, respectively, and [image: there is no content] and [image: there is no content] are their specific costs in $/kW and $/kWh.



Table 1 shows estimates for the cost of power and energy of several battery technologies combining the information contained in [6,10,14,32,33]. This separation in the capital costs of energy and power allows the power and energy ratings of the BESS to be dimensioned independently, thereby facilitating the optimization involved in the sizing process.



Table 1. Costs Estimation for Different BESS Technologies.







	
Technology

	
Cost Per Unit of Power [$/kW]

	
Cost Per Unit of Energy [$/kWh]






	
Lead acid

	
300–600

	
170–240




	
NaS

	
350–1000

	
240–500




	
ZnBr

	
400–700

	
170–500




	
Vanadium Redox

	
400–600

	
310–520




	
Lithium ion

	
400–1200

	
500–1500










As shown in Table 1, there is a wide range of feasible costs for different BESS. They can vary dramatically depending on the technology employed and the configuration of the storage system in terms of discharge capacity (kW) and energy storage capacity (kWh). Site-specific conditions and some particular requirements depending on the application may also cause the BESS capital costs to vary significantly from the estimations given here [6]. The information summarized in Table 1 should only be regarded as an estimate.



The annual fixed O&M costs per year in $/year can be defined according to [10,34]:


[image: there is no content]



(15)




where [image: there is no content] are O&M costs in $/kW/year and [image: there is no content] is the rated power of the BESS in kW. Table 2 summarizes the O&M costs for some BESS technologies according to [10,14,33].



Table 2. Fixed operating and maintenance (O&M) Costs for Different BESS Technologies.







	
Technology

	
O&M Costs [$/kW/Year]






	
Lead acid

	
24.1–56.5




	
NaS

	
25.7–46.7




	
ZnBr

	
38.8–55.9




	
Vanadium Redox

	
32.2–56.4




	
Lithium ion

	
25











2.4. Search of [image: there is no content] That Minimize the Total Costs for the DN


The process described above runs iteratively until all the power and energy ratings pairs included in the feasible set have been considered. Once this iterative process is finished, the last step is to select the power and energy rating pair [image: there is no content] that minimizes the total cost for the DN, i.e., the value of Equation (6).





3. Case Study: Chilectra Distribution Network


The case study for this work is the Chilean DN Chilectra. Chilectra is the DN that supplies Chile's capital, Santiago, serving around one third of the country´s population. This DN has a current electricity peak demand of around 2000 MW, with an annual energy demand of around 14,500 GWh. It is important to remark that the peak value of 2000 MW is achieved during the night hours and that in the remaining hours of the day the load is appreciably lower, thus justifying peak shaving services.



3.1. Demand Charges in Chile


Regulation concerning power demand payments in DNs varies from place to place. In the Chilean case, non-regulated consumers and DNs have to pay a power charge to their suppliers (electric generation companies). This charge equals the power price times of the contract peak power. Every month, within the control period, the peak power is measured every hour. The control period in Chile includes the months from April to September, from 18:00 to 23:00 h. The contract peak power corresponds to the average of the two highest peak powers within the control period.



Table 3 depicts the economic parameters considered in the optimization. The energy price and the peak power charge are defined according to the current values in the system. The growth rate of peak demand in the DN is established based on the trend observed in the last few years.



Table 3. Economical parameters.







	
Parameter

	
Value

	
Unite






	
Peak power price (PPP)

	
9.9

	
USD/kW[image: there is no content]month




	
Energy price (EP)

	
90.3

	
USD /MWh




	
Interest rate [image: there is no content]

	
10

	
%




	
Annual growth rate of the peak power price [image: there is no content]

	
5

	
%











3.2. Feasible Pairs of Energy and Power


As shown in Figure 1, the first step of the methodology consists of determining a feasible set of power and energy ratings pairs (commercially available) for the BESS. Since the maximum power demand in Chilectra is around 2000 MW, the maximum BESS power rating is limited to 200 MW in order to restrict the maximum BESS penetration level to 10%. We select BESS with power ratings between 1 and 200 MW considering steps of 0.5 MW. Although the control period for the peak power determination in Chile includes 5 h per day (from 18:00 to 23:00 h), this time frame has only monitoring purposes. Within the control period, the peak load is only achieved during a maximum of a couple of hours. Thus, to reduce the BESS investment costs required for the peak shaving, the maximum BESS energy use considered in the optimization process is constrained to 4 h.




3.3. Considered Costs of Energy and Power


The set of feasible energy and power costs for the BESS to consider in the optimization has been defined based on Table 1. The set is shown in the green-hatched area of Figure 2. This area aims to represent several commercially available BESS today and in the near future. It is defined by closely enclosing the estimates of future cost curves for various BESS technologies. These estimates are generated based on linear extrapolations of the information contained in Table 1. A minimum of 100 USD/kWh and 100 USD/kW has been considered for the energy and power costs, respectively. This is a reasonable assumption since the costs can be expected to decrease as more production and operational experience is gained throughout the world. The maximum values in the figure are according to Table 1.


Figure 2. Energy and power costs for BESS considered in the optimization.



[image: Energies 10 00833 g002]








4. Results


This section presents the results obtained from the application of the proposed methodology for the sizing and selection of BESS for peak shaving in the DN (see Section 3). For a first round of simulations, a standard battery (SB) with the technical parameters shown in Table 4 is used as the base case. For simplification purposes, the O&M costs are assumed to be a constant yearly rate of 20 USD/kW[image: there is no content]year.



Table 4. Technical parameters of the standard battery (SB).







	
Parameter

	
Value






	
Depth of discharge (DoD)

	
80%




	
Round trip efficiency

	
75%




	
Cycles

	
3000










4.1. Break-Even Points for the SB


This section aims to determine a set of break-even points for the standard battery (see Table 4) when considering peak shaving applications. To facilitate this, the methodology presented in Figure 1 is applied, considering the set of energy and power costs shown in the green-hatched area of Figure 2.



The red-shaded area shown in Figure 3 represents the power and energy costs for which the optimization problem can be solved, i.e., for these set of capital costs, the DisCo can reduce its total costs through the incorporation of a BESS. For the rest of the costs enclosed by the black dotted line, it is not possible to find a BESS able to reduce the costs of the DN by only considering the benefits of peak shaving.


Figure 3. Break even costs for the SB.



[image: Energies 10 00833 g003]






For the conditions assumed in this case, Figure 3 shows that lead-acid and zinc-bromine (ZnBr) batteries are able to reduce the total costs of the DN. Indeed, the efficiencies and life cycles considered in this case (see Table 4) are according to the real values of commercially available lead-acid and ZnBr batteries [33,35]. The break-even costs are around 400 USD/kW and 200 USD/kWh. Under these conditions of life cycles and efficiency, the other BESS technologies are still required to further reduce their capital costs in order to be economically competitive when only considering peak shaving applications. Nevertheless, considering more benefits from the BESS would probably change this situation.



Figure 4 shows the cost reductions for the DN when considering the pairs of power and energy costs at the red borderline shown in Figure 3. The total cost per unit of energy [image: there is no content] is calculated according to:


[image: there is no content]



(16)






Figure 4. Total cost reductions for the distribution network (DN) considering the SB.



[image: Energies 10 00833 g004]






From Figure 4 it is observed that the maximum cost reduction in the DN (1.5%) occurs when the total cost per unit of energy of the BESS is around 180 USD/kWh. For BESS with capital costs greater than 400 USD/kWh, no available battery technology is able to reduce the costs of the DN.




4.2. Sensitivity Analysis


Considering the high level of uncertainty present in the different parameters of the BESS, in this part a sensitivity analysis is performed according to Table 5.



Table 5. Sensitivity analysis.







	
Parameters

	
Minimum

	
Maximum






	
Round trip efficiency [%]

	
60

	
85




	
Energy price [USD/MWh]

	
50

	
150




	
Power price [USD/kW[image: there is no content]month]

	
8

	
12




	
Cycles

	
2000

	
6000










In the previous section, the round trip efficiency of the SB was considered to be 75%. However, the efficiency of present commercially available BESS technologies can vary considerably, between 60% and 96% depending on the storage technology [4,6,7,8,14,22,25,32,33,34,35,36,37]. In this context, the following figure shows (a) how the cost boundary moves as the efficiency of the battery changes and (b) the cost reductions for the DN when considering the pairs of power and energy costs at the borderlines.



From Figure 5a it is observed that as the BESS efficiency decreases, the optimization requires lower BESS capital costs in order to reduce the costs of the DN when only considering peak shaving applications. Actually, increasing the BESS efficiency moves the cost boundary to the right, thus allowing more expensive BESS technologies to decrease the costs of the DN. Indeed, for an efficiency of 85%, not only Lead Acid and ZnBr batteries are economically viable but also NaS batteries as well. This is a realistic result since the current efficiencies of NaS batteries are actually between 75% and 85% [35]. In the case of NaS batteries, the break-even costs are 340 USD/kW and 260 USD/kWh. From Figure 5b it can be seen that the DN can reduce its costs until 2% when considering a BESS with an efficiency of 85%.


Figure 5. (a) Effects of the battery efficiency on the break-even costs and (b) Total cost reductions for the DN for different BESS efficiencies.



[image: Energies 10 00833 g005]






Figure 6 presents the same analysis as before but by changing the power price paid by the DisCo between 8 and 12 USD/kW[image: there is no content]month.


Figure 6. (a) Effects of the power price on the break-even costs and (b) Total cost reductions for the DN for different power prices.



[image: Energies 10 00833 g006]






Figure 6a shows that the power price is a relevant parameter to consider when sizing a BESS for peak shaving applications in a DN. An increase in the power price to 12 USD/kW[image: there is no content]month, moves the cost boundary quite near to the costs levels upon which vanadium redox batteries start to be economically viable, i.e., able to reduce the costs of the DN. Indeed, the break-even costs in this case are around 400 USD/kW and 300 USD/kWh, values quite close to the costs presented in Table 1 for vanadium redox batteries. Considering a power price of 12 USD/kW[image: there is no content]month, the maximum cost reduction for the DN is around 2.3%.



For the standard battery, we considered a life of 3000 cycles. However, the cycles of current commercially available batteries can vary considerably depending on the technology involved and the depth of discharge used in the operation. Figure 7 shows how the cost boundary moves as the cycles of the BESS change.


Figure 7. (a) Effects of the BESS life span on the break-even costs and (b) Total cost reductions for the DN for different life cycles of the BESS.



[image: Energies 10 00833 g007]






From Figure 7a, it can be concluded that the life span of the battery is a key parameter to consider when sizing a BESS for peak shaving applications. Indeed, to increase the life cycle to 5000 cycles allows vanadium redox batteries to reduce the costs of the DN when only considering peak shaving applications. According to [25,36,37], BESS based on vanadium redox can reach more than 10,000 life cycles [25,36,37]. Considering only 5000 life cycles, the break-even costs for vanadium redox batteries are 420 USD/kW and 360 USD/kWh, which is in line with the costs presented in Table 1. The maximum cost reduction for the DN in this case is around 2.5%.





5. Conclusions


This paper has investigated the interaction between the optimal sizing of BESSs and key factors affecting their profitability when considering peak shaving applications in DNs. An optimization methodology for the sizing of ESSs was formulated from a distribution company perspective to implement the proposed approach.



The results obtained have shown that all the parameters considered in the study, namely, round trip efficiency, life cycles, and power price paid by the DN due to peak demand, are important when sizing BESS for peak shaving applications. When considering a round trip efficiency of 75% and a life cycle of 3000, the break-even costs of the BESS are around 400 USD/kW and 200 USD/kWh, which corresponds to currently available lead-acid and zinc-bromine batteries. The BESS efficiency proved to be another important parameter. Indeed, when the BESS efficiency increases until 85%, lead-acid, ZnBr, and also NaS batteries are able to reduce the costs of the DN. In fact, the break-even costs for NaS batteries are around 340 USD/kW and 260 USD/kWh. Finally, by increasing their life cycle to 5000 cycles, it was found vanadium redox batteries are also able to reduce the costs of the DN when only considering peak shaving applications.



As a final conclusion, depending on the values of round trip efficiency, life cycles, and power price, there are four BESS technologies that are already profitable when only considering peak shaving applications: lead acid, NaS, ZnBr, and vanadium redox. It is important to remark that this result was obtained considering the parameters of commercially available BESS technologies. Nevertheless, further studies are required in order to include the effects of BESS aging since this is a key aspect of BESS that was not included in this study. Furthermore, a sensitivity analysis with respect to the maximum BESS energy use is also proposed for future studies.
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