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Considering Efficiency Model 
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Abstract – Energy shifting is an innovative method used to obtain the highest profit from the 
operation of energy storage systems (ESS) by controlling the charge and discharge schedules 
according to the electricity prices in a given period. Therefore, in this study, we propose an optimal 
charge and discharge scheduling method that performs energy shift operations derived from an ESS 
efficiency model. The efficiency model reflects the construction of power conversion systems (PCSs) 
and lithium battery systems (LBSs) according to the rated discharge time of a MWh-scale ESS. The 
PCS model was based on measurement data from a real system, whereas for the LBS, we used a circuit 
model that is appropriate for the MWh scale. In addition, this paper presents the application of a 
genetic algorithm to obtain the optimal charge and discharge schedules. This development represents a 
novel evolutionary computation method and aims to find an optimal solution that does not modify the 
total energy volume for the scheduling process. This optimal charge and discharge scheduling method 
was verified by various case studies, while the model was used to realize a higher profit than that 
realized using other scheduling methods. 
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1. Introduction 
 
The energy storage system (ESS) is an important 

installation for the efficient and flexible use of electric 
energy. ESSs that are based on lithium batteries feature 
both high energy density and efficiency. In addition, the 
recent and significant advancements in battery technology 
for electric vehicles are continuously reducing its installation 
cost. Moreover, as an ESS can be used for various purposes 
in power systems, such as the stable connection of 
renewable energy sources and frequency regulation, it is 
proliferating rapidly worldwide. However, this type of 
system still incurs high operational costs, and several 
batteries are required to adequately manage mass storage. 

Retail electric energy time shifting used in conjunction 
with ESS applications is a new and innovative method of 
reducing power costs [1]. To optimize costs, ESSs can be 
charged during low-cost periods and discharged during 
high-cost periods. However, previous studies that focused 
on reducing cost assumed that the ESS efficiency is constant 
irrespective of the operational condition [2]. Only a few 
papers have used a battery model that distinguishes charge 
and discharge efficiency [3-5], and efficiency considerations 
specific to EES models have not always been included in 
the research [6-8]. Given that ESS efficiency has a 
substantial effect on the economic income of energy shift 
operations, its variation according to operational conditions 

should be considered to establish an accurate operation 
schedule and consequently increase profits.  

The ESS comprises a power conversion system (PCS) 
integrated with a lithium battery system (LBS). Therefore, 
the ESS efficiency primarily depends on the optimization 
of both the PCS and the LBS. The PCS efficiency varies 
according to the control model and circuit topology and 
can be experimentally measured under different operational 
conditions. Owing to this reason, an efficiency model of 
the PCS can be easily developed from measurements. 
However, as the battery stores electric energy in the form 
of electrochemical energy, it is difficult to directly measure 
the conversion efficiency at the time of charge and 
discharge. Thus, this efficiency is usually estimated by 
measuring the amount of charged and discharged energy. 
In addition, an LBS model that can calculate the loss of 
charge and discharge is necessary to establish an operation 
schedule for the entire ESS. Several LBS models have 
been proposed to estimate the state of charge (SOC) and 
were designed to analyze capacity degradation [9-11]. 
However, these LBS models utilized complex structures 
to represent electrical operation that tend to create 
unnecessary complications. Therefore, this study employed 
a simplified circuit model to analyze the efficiency of a 
MWh-scale LBS, where a test-based method was used to 
estimate the internal resistance of the LBS [12-15]. 

The overall ESS efficiency was obtained by considering 
the PCS efficiency data and the simplified LBS model. To 
integrate these representations, an ESS model that obtains 
its parameters from iterative calculations was used. This 
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ESS efficiency model allowed for simulated variations of 
the PCS and LBS power losses according to the operational 
strategy. It also enabled the analysis of the impact on the 
overall system efficiency, depending on the configuration 
of the PCS and LBS of the ESS. 

As the ESSs display different efficiency characteristics 
depending on the charge and discharge control, optimizing 
the operation schedule is critically important. Owing to 
this reason, both MEPT (i.e., maximum efficiency point 
tracking) and optimal battery-charging techniques have 
been studied to improve ESS operation efficiency [12][15]. 
In [12], a charging strategy was developed to minimize the 
losses in Li-ion battery cells, and [15] a proposed and 
evaluated a system combined with supercapacitors to 
increase the efficiency of compressed air energy storage. 

This paper presents a precise ESS efficiency model that 
reflects the configuration effects of PCS and LBS. Then, an 
optimal energy shift scheduling method is used to integrate 
both the ESS efficiency and electricity price into a genetic 
algorithm. Moreover, a novel mutation operator for the 
algorithm is proposed for maintaining the total amount of 
charged and discharged energy. 

 
 

2. Efficiency Model of Energy Storage 
 

2.1 ESS structure 
 
A typical ESS installation comprises PCSs and LBSs, 

where the former controls the charge and discharge of the 
battery and determines the output power capacity, whereas 

the latter determine the energy storage capacity. Fig. 1 
presents the ESS configuration with an image of a typical 
system. Fig. 1(a) is a schematic of a 1 MW/1 MWh ESS 
(i.e., an ESS composed of a 1 MW PCS and a 1 MWh 
LBS), where n battery racks are connected in parallel to the 
1 MW PCS. Each battery rack comprises multiple battery 
cells connected in parallel or series. Fig. 1(b) shows the 
configuration of a 1 MW/2 MWh ESS, where the 2 MWh 
LBS is the parallel connection of two 1 MWh LBSs.  

Consequently, this LBS comprises 2n battery racks 
connected in parallel. Similarly, the LBS in a 1 MW/0.5 
MWh ESS can be configured by connecting n/2 battery 
racks in parallel. Fig. 1(c) shows the image of several 
containers that compose a 4 MW/8 MWh ESS, which is 
installed in Jeju-do, South Korea. The ESS includes a 4 
MW PCS comprising four units connected in parallel and 
an 8 MWh LBS comprising eight units connected in 
parallel, with the PCS connected directly to the LBS. 

 
2.2 PCS efficiency model 

 
The PCS efficiency is defined according to the operations 

of charge or discharge, and it is given by Eq. (1), 
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where Pac and Pdc represent the AC and DC output power in 
the PCS, respectively, and VCCV is the corresponding 
closed-circuit voltage. The PCS efficiency varies according 
to the AC output (Pout) and improves with the decrease in 
the DC input voltage.  

Fig. 2 shows the efficiency measurements for a 1 MW 
PCS installed at the Jocheon substation in South Korea. In 
this figure, the PCS reaches its maximum efficiency at 50% 
of the rated output. This value decreases significantly for 
low outputs. 

 

 
Fig. 2. Efficiency curve for a 1 MW PCS at Jocheon 

 
 (a)             (b) 

 

 
(c) 

Fig. 1. ESS structure. (a) 1MW/1 MWh ESS configuration; 
(b) 1 MW / 2 MWh ESS configuration; (c) image of 
an installed 4 MW / 8 MWh ESS 
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Fig. 3. Equivalent circuit of a MWh-scale battery system 
 

2.3 LBS efficiency model 
 
The LBS efficiency can be estimated using an equivalent 

circuit model of the battery. We have simplified the model 
to consider efficiency in a typical battery electrical circuit 
[12]. Fig. 3 shows the simplified equivalent circuit model 
that is applicable for MWh-scale LBSs. The open-circuit 
voltage (VOCV) and the internal equivalent resistance (Req) 
are determined by the number of series and parallel 
connections in the LBS battery cells. The LBS closed-
circuit voltage (VCCV) represents the DC input voltage 
(Vdc) for the PCS.  

The LBS open-circuit voltage (VOCV) can be determined 
using the manufacturer specifications. For instance, 
according to the specifications of the LBS installed at the 
Jocheon substation, a 1 MWh battery system is composed 
of 18 battery racks connected in parallel, and each battery 
rack contains 256 lithium battery cells connected in series. 
The internal voltage of an LMO (i.e., LiMn2O4) lithium 
battery cell ranges between 3.2 and 4.1 V depending on the 
SOC [16]. Consequently, the internal voltage of the LBS 
ranges between 819.2 V and 1049.6 V. Thus, if VCCV, IDC, 
and VOCV from Fig. 3 are measured considering the SOC of 
the LBS, its internal resistance Req can be estimated [11].  

The internal resistance was estimated using the VOCV 
data and the battery cell voltage data described in [16] and 
the data obtained by measuring the terminal voltage and 
current of the LBS while charging and discharging the ESS 

installed in the Jocheon substation. Fig. 4 illustrates the 
variation in the voltage and internal equivalent resistance 
according to the SOC of a battery system with a capacity 
rating of 1 MWh [16]. The internal equivalent resistance 
corresponds to the relation of series and parallel resistances 
inside the battery added to the conductor resistance from 
the PCS to the LBS.  

 
2.4 ESS efficiency model 

 
The ESS efficiency depends on both the conversion and 

battery systems. In Fig. 2, the maximum efficiency of the 
PCS is reached at 50% of the rated capacity. In addition, 
the power loss in the battery system is calculated by I2R 
and consequently decreases exponentially as the current 
decreases [13]. When both the LBS and PCS are considered, 
the ESS efficiency is determined by the terminal voltage 
(VCCV) of the battery and the output of the PCS. Therefore, 
a model to determine the ESS efficiency was employed that 
uses an iterative calculation to consider these parameters. 
Fig. 5 shows the calculation process for obtaining the 
loss and efficiency of an ESS. The resulting ESS efficiency 
model was created in MATLAB and applied to scheduling. 

The ESS control system regulates the AC output power 
(Pac). Consequently, the battery’s closed-circuit voltage 
(VCCV) is estimated to determine the PCS efficiency (ηPCS). 
As this voltage depends on the LBS model, its initial value 
is determined by the LBS’s internal voltage corresponding 
to the SOC, and this value is subsequently improved 

 
Fig. 4. Open-circuit voltage and internal equivalent resistance

Req according to the SOC for a 1 MWh battery 
system 

 
Fig. 5. Nested integration diagram of the ESS loss 

calculation process 
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though an iterative process. When the PCS efficiency is 
calculated based on the initial VCCV, the DC output power 
(Pdc) for charge or discharge of the LBS is obtained from 
the PCS efficiency curve depicted in Fig. 2. Once the Pdc 
is determined, an updated VCCV can be iteratively estimated 
using the LBS internal resistance and voltage, as shown in 
Fig. 4. Then, the updated VCCV is used to determine a new 
estimate of the PCS efficiency until the variation of this 
efficiency (dηPCS) is below a specific level. When the 
process shown in Fig. 5 is completed, the SOC can be 
updated by applying the convergence value and Eqs. (2) 
and (3), which completes the calculation. 
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In Eq. (2), Erated is the LBS rated power in kWh, Idc is its 

output current, and Timestep is the time unit for calculating 
the loss by using the ESS model (seconds in this case). 

 
 
3. Optimal ESS Operation Scheduling Using a 

Genetic Algorithm 
 

3.1 Objective function and constraint 
 
The operating profit of an ESS by energy shift is defined 

using a standard income concept. Income is determined 
based on the electricity price per unit of time and the ESS 
output. The output per unit of time should be determined to 
maximize the income:  

 
 i i

acmaximize C P ,´å  (4) 

 
where Ci and Pac

i are the electricity price for i hours and the 
AC output of the ESS, respectively. A negative number 
indicates charging of the LBS. The constraints of ESS 
scheduling acts to limit the SOC according to the charge 
and discharge operations. Eqs. (5) and (6) show the SOC 
constraints during the corresponding operations. SOCmax 
and SOCmin represent the upper and lower limits of the 
operational SOC, respectively. 
 

  SOC < SOCmax  for charging            (5) 
 SOC > SOCmin  for discharging 	 (6) 

 
3.2 Genetic algorithm structure 

 
In this study, a genetic algorithm to obtain the optimal 

charge and discharge schedules. Fig. 6 shows the structure 
of the chromosome encoding for the algorithm. Each 
parameter of the chromosome indicates a time unit for the 

ESS charge and discharge operations. We set the time unit 
of both charge and discharge schedules to be 4 h, and the 
parameter of the chromosome indicates a charge or 
discharge schedule with a 15-min basis. Consequently, 16 
schedules constitute each of the 4-h charge and discharge 
schedules. The real-valued parameter in the chromosome 
represents the discharge percentage of the ESS rated power, 
with a negative value indicating charge. 

 
3.3 Genetic algorithm evolution 

 
Fig. 7 shows the flowchart for the proposed genetic 

algorithm. The algorithm performs separate operations for 
optimal charging and discharging schedules. 

The genetic algorithm creates an initial population that 
comprises multiple chromosomes, and the initial population 
sets random values for the chromosomes. To determine the 
ESS, the sum of the charge and discharge amounts in the 
chromosome is considered to be the value that ensures 
charge and discharge up to a target SOC. If the ESS 
reaches the maximum target SOC, the ESS model depicted 
in Fig. 5 interrupts the charging and discharging processes. 
In other words, to reach the target SOC during charging, 
the charge schedule must be generated based on a 
sufficiently low efficiency value. Similarly, with respect to 
discharging, a discharge schedule must be generated with a 
sufficiently high efficiency so that a schedule capable of 
discharging to the target SOC is provided. The initial 
population is set assuming that the minimum and 

 
Fig. 6. Structure of the chromosome encoding in the 

genetic algorithm 

 
Fig. 7. Flowchart of the genetic algorithm 
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maximum efficiencies are 80% and 100%, respectively. 
In the event that a discharge schedule is determined with 

a 100% ESS efficiency, the calculated discharge exceeds 
the real discharge. Accordingly, when a population presents 
a discharge schedule that exceeds a realistic level of 
discharge, the SOC of the ESS drops to the minimum SOC 
value, and the ESS model stops discharging. Similarly, in 
the case of charge, given that the ESS efficiency always 
exceeds 80%, the corresponding schedule reflects an 
unrealistically high charge value. This causes the SOC to 
reach its maximum value. Thus, the charge and discharge 
amounts, which are set for the entire population, can be 
respectively determined using Eqs. (7) and (8), 
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where Tstep is the schedule time unit (i.e., 15 min) indicated 
by each parameter of the chromosome. 

After an initial population is generated, the ESS charge 
and discharge operations are simulated based on the ESS 
efficiency model shown in Fig. 5, and the corresponding 
charge and discharge values reflecting loss are used to 
calculate the objective functions. 

Then, the objective functions are sorted in descending 
order. For the population, 90% of the chromosomes showing 
the lowest objective function values are deleted, and the 
remaining 10% are used for to produce new chromosomes 
from mutation.  

A typical genetic algorithm evolves a population 
according to crossover and mutation [17]. However, as the 
usual crossover and mutation operations may change the 
total charge and discharge amounts in a chromosome, the 
schedule could change and the SOC could fail to reach the 
charging and discharging objectives. A self-mutation process 
was employed to solve this problem, as illustrated in Fig. 
8. In this process, among the 10% chromosomes with the 
highest objective function values, a single chromosome is 
randomly selected, and two mutation points are randomly 
selected in that chromosome. A mutation occurs by 
multiplying a random mutation ratio (between 0 and 1) by 
the charge or discharge value in the first point and replacing 

the corresponding charge or discharge value by the resulting 
product. Then, the existing value at the first point is 
multiplied by (1-mutation ratio) and the result is added to 
the existing second point value. If the sum of the 
chromosome parameters exceeds 100%, the self-mutation 
process is repeated until obtaining a value below 100%. 

This self-mutation process was utilized to evolve the 
population, where the objective functions are updated. 
Finally, the optimal charging and discharging schedules are 
obtained when the process converges.  

 
 

4. Simulation Result 
 

4.1 ESS model 
 
To verify the proposed ESS efficiency model, three ESS 

units with different energy charging capacity were considered 
in the model, and the charging efficiency was analyzed 
using the data of the LBS and PCS, as shown in Figs. 2 and 
4, respectively. The ESS units were characterized with 
following parameters: 

 
ESS-A: 1 MW / 2 MWh (rated discharge time: 120 min) 
ESS-B: 1 MW / 1 MWh (rated discharge time: 60 min) 
ESS-C: 1 MW / 0.5 MWh (rated discharge time: 30 min) 
 
The efficiency and voltage along with the SOC and DC 

output of ESS-A, -B, and -C are shown in Figs. 9-11, 

 
(a) 

 
(b) 

 
(c) 

Fig. 9. Model data during ESS-A charging. (a) ESS, LBS, 
and PCS efficiencies; (b) open- and closed-circuit 
voltages; (c) AC and DC outputs of the PCS and 
SOC variation 

 
Fig. 8. Example of the proposed self-mutation process 
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respectively. Every ESS was charged with 1 MW, in 
accordance with the rated PCS output. At the beginning of 
the charge, the SOC was at the lower limit of 10%. The 
charging was set to proceed up to the upper limit of 90%. 
The ESS model was updated every minute.  

The comparison of the efficiency graphs in Figs. 9(a), 
10(a), and 11(a) suggests that a short charging time implies 
a decrease in LBS efficiency, which leads to a decrease in 
the overall ESS efficiency. This can be explained by the 
relationship between rated charging time and the LBS’s 
internal resistance. Fig. 1(a) show that the battery racks 
connected in parallel increase the charging time. If the 
rated charging time of the LBS is short, the number of 
racks connected in parallel is small. Consequently, this 
small number of parallel connections increases the current 
flowing through each battery rack during charging, and 
the difference between the open- and closed-circuit 
voltages at each LBS is caused by the voltage drop in the 
internal resistance of the battery. Thus, a battery having a 
short rated charging time shows a large difference between 
these voltages. Moreover, as the internal resistance of the 
LBS varies with the SOC, the efficiency and the closed-
circuit voltage vary accordingly.  

However, PCS efficiency among the three charging 
profiles is not affected. The charging power of the PCS is 1 
MW for all the considered ESSs, and the PCS efficiency is 
determined by the output power and the DC voltage (i.e., 
closed-circuit voltage) of the PCS and battery. Accordingly, 
the DC output among the ESS types, which reflects the 

PCS efficiency, shows only a slight difference owing to the 
closed-circuit voltage (see VOCV values in Figs. 9(b), 10(b), 
and 11(b)). This results in a similar PCS efficiency for all 
the ESSs, as shown in Figs. 9(a), 10(a), and 11(a). 

Considering the results, the proposed ESS efficiency 
model reflects the rated ESS charging time, the internal 
resistance variation according to the SOC, and the 
efficiency in relation to both the closed-circuit voltage and 
the AC output of the PCS. Owing to these characteristics, 
the model developed in this study accurately estimates 
efficiency; thus, it can be utilized to obtain an efficient 
operation schedule. 

 
4.2 Optimal ESS scheduling 

 
Based on the results for the three ESS types (i.e., ESS-A, 

-B, and -C) from the previous section, in this section, we 
verify the optimal ESS charge and discharge scheduling 
method using the proposed genetic algorithm. We assumed 
the ESS was charged between 2:00 and 6:00 and 
discharged between 13:00 and 17:00. These operating 
hours were based on the electric power charges from the 
Korean Electric Power Corporation. The SOC was 
assumed to be at its lower limit when the charging starts 
and reach its upper limit when the charging ends. The 
discharging process was assumed to behave in the opposite 
manner (i.e., from upper to lower SOC limits). Table 1 
presents two hypothetical profiles for electricity prices. 

 
(a) 

 
(b) 

 
(c) 

Fig. 10. Model data during ESS-B charging. (a) ESS, LBS, 
and PCS efficiencies; (b) open- and closed-circuit 
voltages; (c) AC and DC outputs of the PCS and 
SOC variation 

 
(a) 

 
(b) 

 
(c) 

Fig. 11. Model data during ESS-C charging. (a) ESS, LBS, 
and PCS efficiencies; (b) open- and closed-circuit 
voltages; (c) AC and DC outputs of the PCS and 
SOC variation 
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Case 1 has a fixed price depending on the period, which is 
usually applied to consumers following the time-of-use 
price system. Case 2 has a variable price according to the 

time of the day. We also assumed that this price system was 
applied to large consumers and that the unit of electricity 
price is expressed in Korean Wons as KRW/kWh. 

Figs. 12-14 show the optimal charging and discharging 
schedules for Case 1 that were obtained by applying the 
genetic algorithm to ESS-A, -B, and -C, respectively. The 
losses of both the LBS and the PCS were considered, and 
the charge and discharge output was below 500 kW, 
representing the maximum PCS efficiency.  

Table 2 compares the income obtained by the charge / 
discharge schedule derived from the genetic algorithm and 
the income obtained by the charge / discharge of 100%, 

Table 1. Electricity price during charge and discharge 
periods 

Charging 
Time 2:00 3:00 4:00 5:00 

Case 1 85 85 85 85 
Case 2 36.07 35.61 35.02 37.93 

Discharging 
Time 13:00 14:00 15:00 16:00 

Case 1 150 150 150 150 
Case 2 156.68 156.80 160.47 154.3 
 

 
(a) 

 
(b) 

Fig. 12. Optimal schedule of ESS-A in Case 1: (a) charge 
schedule and (b) discharge schedule 

 

 
(a) 

 
(b) 

Fig. 13. Optimal schedule of ESS-B in Case 1: (a) charge 
schedule and (b) discharge schedule 

 
(a) 

 
(b) 

Fig. 14. Optimal schedule of ESS-C in Case 1: (a) charge 
schedule and (b) discharge schedule 

 
Table 2. Charge and discharge costs for Case 1 depending 

on scheduling 
ESS-type & 
Operation 

Charge 
Cost 

Discharge 
Benefit Income Ratio 

100% −143,601 227,134 83,533 100.0% 
80% −142,461 229,055 86,593 103.7% 
60% −141,601 230,502 88,901 106.4% 
50% −141,360 230,889 89,529 107.2% 

A 

GA −141270 231,225 89,955 107.7% 
100% −72,849 111,682 38,833 100.0% 
80% −72,084 113,031 40,947 105.4% 
60% −71,455 114,132 42,677 109.9% 
50% –71,221 114,519 43,298 111.5% 
40% −71,068 114,805 43,737 112.6% 
30% − 71,048 114,844 43,796 112.8% 

B 

GA − 71039 115,040 44,002 113.3% 
100% −37,428 53,821 16,393 100.0% 
80% −36,859 54,937 18,078 110.3% 
60% −36,352 55,915 19,562 119.3% 
50% −36,140 56,301 20,161 123.0% 
40% −35,962 56,651 20,689 126.2% 
30% −35,852 56,865 21,013 128.2% 
20% -35,936 56,738 20,802 126.9% 

C 

GA -35,764 56,888 21124 128.9% 
GA: Genetic algorithm; charge and discharge costs as well as income are 
given in KRW 
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80%, 60%, 50%, 40%, 30% and 20% of the PCS. 
Operation results at 100% of the rated PCS output are used 
as a reference, and the income variations according to the 
charging and discharging schedules are also presented 
for comparison. Given ESS-C’s large battery loss, the 
application of the proposed optimal schedules increases 
the profit by ~28.9%, compared to system operation at 
100% of the rated PCS capacity. In addition, compared to 
the operation at 50% of the rated PCS capacity, which is 
the point of maximum operation efficiency for the PCS, the 
scheduling determined with by genetic algorithm increased 
the income by ~5%. Consequently, even considering the 
fixed pricing in Case 1, the optimal scheduling based on 

the proposed genetic algorithm was more efficient than the 
other schedules.  

Similarly, Figs. 15-17 show the optimal charge and 
discharge schedules for the variable pricing of Case 2 that 
were obtained by applying the genetic algorithm to ESS-A, 
-B, and -C, respectively. As expected, the charge schedules 
were concentrated between 4:00 and 5:00, when the 
charging price was the lowest. Likewise, most of the 
discharge schedules were between 15:00 and 16:00, when 
the discharging price is the highest.  

If only discharging is considered, income for operation 
at 100% of the rated PCS capacity between 15:00 and 
16:00 might be expected to guarantee the maximum 

 
(a) 

 
(b) 

Fig. 15. Optimal schedule of ESS-A in Case 2: (a) charge 
schedule; (b) discharge schedule 

 

 
(a) 

(b) 

Fig. 16. Optimal schedule of ESS-B in Case 2: (a) charge 
schedule; (b) discharge schedule 

 
(a) 

 
(b) 

Fig. 17. Optimal schedule of ESS-C in Case 2: (a) charge 
schedule; (b) discharge schedule 

 
Table 3. Charge and discharge costs for Case 2 depending 

on scheduling 
ESS-type & 
Operation 

Charge 
Cost 

Discharge 
Benefit Income Ratio 

100% − 60,620  237,311 176,690 100.0% 
80% − 60,006  239,342 179,336 101.5% 
60% − 59,324  242,115 182,791 103.5% 
50% − 59,535  243,190 183,655 103.9% 

A 

GA − 59,234 243,504 184,270 104.3% 
100% − 30,914  116,656  85,742 100.0% 
80% − 30,567  118,065  87,498 102.0% 
60% − 30,211  119,234  89,022 103.8% 
50% − 30,067  119,651  89,583 104.5% 
40% − 29,936  119,961  90,025 105.0% 
30% − 29,764  120,622  90,858 106.0% 

B 

GA − 29,659 121,628 91,969 107.3% 
100% − 15,882  56,218  40,335 100.0% 
80% − 15,641  57,383  41,742 110.3% 
60% − 15,426  58,405  42,978 119.3% 
50% − 15,336  58,809  43,472 123.0% 
40% − 15,250  59,174  43,924 126.2% 
30% − 15,158  59,407  44,249 128.2% 
20% − 15,134  59,286  44,153 126.9% 

C 

GA − 14,826  60,430  45,455 128.9% 
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income, but overall income is affected by both the variable 
pricing and the power losses in the PCS and LBS. Thus, 
the genetic algorithm can provide an optimal schedule, 
even so many variables and under such varying conditions.  

Table 3 shows results for Case 2, which are analogous 
to those presented for Case 1 in Table 2. Similar to the 
conditions in Case 1 and given ESS-C’s large battery loss, 
the application of the optimal charge and discharge 
schedules using the genetic algorithm reveals a notable 
difference in comparison with the other charge and discharge 
schedules. 

 
4.3 Genetic algorithm convergence verification 

 
We repeated the scheduling the same conditions to 

examine the influence of the proposed self-mutation 
operator. All genetic algorithms utilized the ESS-C type 
model under the conditions in Case 2. Fig. 18(a) shows the 
result of 12 iterations of the genetic algorithm using the 
self-mutation operator. The results confirmed that the 
charging cost converges to a constant value (−14,826). 
However, as shown in Fig. 18(b), a different outcome 
results from using the usual single-point random mutation 
operator instead of using the self-mutation operator. The 
genetic algorithm cannot converge, confirming that the 

operation is halted at a constant value. This is because the 
genetic algorithm is configured to stop the operation if the 
objective function is not updated for 15 generations. 

 
 

5. Conclusion 
 
This paper proposed a genetic algorithm to obtain 

optimal charge and discharge schedules that considers both 
the ESS efficiency and pricing information. 

In the proposed model, the ESS power loss, which 
results during the charging and discharging processes, was 
obtained for both the PCS and LBS operation. The PCS 
efficiency was obtained from measured data, whereas the 
LBS efficiency was calculated based on a simplified circuit. 
Then, the construction of the LBS was considered, thus 
reflecting the internal impedance characteristics. This 
impedance established the ratio between the PCS output 
power capacity and the LBS energy capacity. Furthermore, 
the results were used to verify that the shorter the rated 
charging time, the larger the effect of internal impedance. 

For the genetic algorithm, an evolution scheme was 
applied to find the optimal charge and discharge scheduling 
without modifying the amount of transferred energy during 
the corresponding schedules. 

The charging and discharging operations were verified 
on fixed and variable electricity price systems to analyze 
the efficacy of the proposed charge and discharge 
schedules. Compared to charging and discharging at 100% 
of the rated PCS capacity, the proposed scheduling method 
increased the net profit by as much as 28.9%. Furthermore, 
compared to operation at 50% of the rated PCS capacity, 
which corresponds to the PCS’s maximum efficiency, the 
proposed method increased the net profit by ~5%. The 
self-mutation operator proposed in this paper improved the 
convergence of the genetic algorithm. 

In conclusion, the proposed ESS scheduling method 
improves efficiency without additional equipment installa-
tion and improves the economics between 5% and 28.9%. 
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