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Abstract: This study proposes a method for optimally selecting the operating parameters of an energy
storage system (ESS) for frequency regulation (FR) in an electric power system. First, the method
allows the optimal objective function of the selected parameters to be set in a flexible manner
according to the electric market environment. The objective functions are defined so that they could
be used under a variety of electricity market conditions. Second, evaluation frequencies are created
in order to simulate the overall lifespan of the FR-ESS. Third, calendar and cycle degradation models
are applied to the battery degradation, and are incorporated into evaluations of the degradation
progress during the entire FR-ESS lifespan to obtain more accurate results. A calendar life limit
is set, and the limit is also considered in the objective function evaluations. Fourth, an optimal
parameter calculation algorithm, which uses the branch-and-bound method, is proposed to calculate
the optimal parameters. A case study analyzes the convergence of the proposed algorithm and the
results of the algorithm under various conditions. The results confirmed that the proposed algorithm
yields optimal parameters that are appropriate according to the objective function and lifespan
conditions. We anticipate that the proposed FR-ESS algorithm will be beneficial in establishing
optimal operating strategies.
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1. Introduction

Installations of renewable energy generators are currently increasing, and electrical systems are
undergoing significant changes. The frequency of an electrical system is an indicator of the balance
between electricity generation and consumption. If the amount generated is greater than the load,
the frequency increases. Conversely, if the amount generated is less than the load, the frequency
decreases. Therefore, in traditional electrical systems, if the frequency increases, the generator output is
reduced and, if the frequency decreases, the generator output is increased to maintain the frequency [1].
Generally, the frequency regulation functions of generators are ruled by Independent System Operator.
In Korea’s case, operation of the power system and the operation of the electricity market are carried out
by the Korea Power eXchange (KPX). The KPX adopts droop control and automatic power generation
control for the generators to maintain the frequency in the 60 ± 0.2 Hz range. However, in renewable
energy generators, such as solar- and wind-powered generators, the output is determined based on
climatic conditions such as wind speed and insolation. Therefore, the output cannot be controlled
as in coal-fired generators that are used in traditional electrical systems. Therefore, if the renewable
energy generator installation power system ratio increases, specific actions are required to maintain
the frequency. In particular, if there is a high ratio of new renewable energy generators that supply
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electricity through inverters, frequency variations are possible because of a decrease in the inertia of
the electrical system [2].

Currently, energy storage systems (ESS) that use the lithium-ion battery family are being used for a
variety of purposes in electrical systems because of their quick response time and high charge/discharge
efficiency. Although lithium-ion batteries are relatively expensive and have the disadvantage of
managing temperature and humidity, they are sufficiently competitive as energy storage technologies [3].
ESS can be an important solution to solve problems that occur when connecting renewable energy
generators to power systems [4,5]. In addition, the ESS can maximize economic gain by shifting the
output of the renewable generator [6]. ESS is an excellent solution for load management because it can
be configured to be flexible in its capacity [5,7]. Frequency regulation is one of the primary fields of
use for ESSs. Energy storage systems, which use the lithium-ion battery family to connect multi-MW
inverters in parallel to configure their capacity in a flexible manner, have been commercialized up
to a scale of tens of MW [8]. They require a smaller installation space than existing pumped-storage
power generation, and can perform charge/discharge actions faster than output changes of existing
generators. Because of this, they are an excellent means of frequency regulation [5,9,10]. For these
reasons, the Korea Electric Power Corporation (KEPCO) has installed and is operating approximately
370 MW of frequency regulation (FR) ESSs. An FR-ESS is typically installed in 24–48 MW units at a
single site, and is installed in a total of 13 substations [11–14].

In lithium-ion batteries, lifespan degradation progresses according to a variety of factors, such as
the usage environment and state, as well as the operational activities. In terms of operation, the lifespan
degradation can be primarily divided into calendar and cycle degradation. Calendar degradation
occurs over time, even without charge/discharge actions, and cycle degradation occurs because of
charge/discharge actions. The amount of cycle degradation progress is known to vary because of the
temperature and the charge/discharge action profiles [15,16]. Studies are being actively conducted
on lifespan degradation models of lithium batteries. Previous studies used lifespan models that are
based on the relationship between the depth of discharge of batteries and lifespan cycles [17–19].
These models ignored calendar degradation and assumed that the nonlinear characteristics of batteries
would progress linearly. Researchers also conducted studies that used these models for optimal
FR-ESS designs [20]. A previous study [21] suggested a distributed battery ESS control method for
frequency adjustment. This paper presents a method to control ESS such that the power generation
cost is minimized. However, only the cycle life of the battery is considered, and the deterioration
progress during the standby operation between charge and discharge is ignored [16]. In an FR-ESS,
charge/discharge actions occur if the frequency falls outside a predefined band. Therefore, there are
also times when charge/discharge actions are not occurring, and calendar degradation cannot be
ignored as these periods can be lengthy. In addition, battery lifespan degradation typically exhibits
nonlinear characteristics wherein there is a rapid progress initially and it then gradually plateaus [16].
We considered the effect of the charge/discharge pattern on the battery lifetime in detail and used
a lithium-iron phosphate battery (LiFePO4) life model. Other battery types such as NCM (Lithium
Nickel Cobalt Manganese Oxide, LiNiCoMnO2) and NCA (Lithium Nickel Cobalt Aluminum Oxide,
LiNiCoAlO2), are also available if there is a suitable life model. However, flow batteries that do not
have a relationship between lifetime and charge/discharge pattern are not considered in this paper.

Recently, a lifespan model was proposed that considered the simultaneous calendar and cycle
degradation of lithium batteries and reflected the nonlinear characteristics of the batteries. An analysis
on FR-ESS lifespan degradation that used this model was reported in [22]. In [23], an operating
strategy for maintaining the state of charge (SOC) of an FR-ESS was analyzed from the perspective of
maximizing lifespan, and an optimal operating strategy was presented. However, KEPCO’s FR-ESS
already uses a strategy similar to the SOC maintenance strategy presented in Ref. [23]. Therefore, in
this paper, we set the optimal parameters of FR-ESS using a detailed degradation model considering
both calendar deterioration and cycle deterioration for more accurate analysis.
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For optimal operation of an FR-ESS, it necessary to consider not only the previously mentioned
lithium battery lifespans, but also the economic profits that can be obtained as a result of operations.
For example, a battery lifespan can be relatively short if large amounts of energy are set to be
charged/discharged because of small frequency changes. Ultimately, it is necessary to set the
parameters to maximize the energy that is used in frequency regulation during the overall lifespan.
In addition, if the frequency of the grid is maintained within the management range, the FR-ESS can
perform charge/discharge actions to maintain the SOC at a fixed level. However, the energy that is
charged/discharged in this way can be considered to be the operating cost of the FR-ESS. In addition, if
the frequency falls outside the management range, the FR-ESS must perform charge/discharge actions.
However, if the SOC is very low, it cannot perform discharge actions and, if the SOC is very high, it can
no longer charge. If the FR-ESS cannot perform charge/discharge actions because of SOC constraints,
even under circumstances when it must perform such actions because of frequency variations, penalties
may be incurred in accordance with electricity market regulations. This study proposes an optimal
parameter selection method of FR-ESS control to smooth out the effects of these constraints. This
method sets the operating parameters by considering the energy which the FR-ESS charges/discharges
because of frequency variations across the entire lifespan, the energy it charges/discharges to maintain
the SOC, and the energy that it cannot charge/discharge because of SOC constraints even when it
must charge/discharge because of frequency variations. In selecting the optimal FR-ESS parameters,
objective functions are defined that lengthened the lifespan and maximized the energy that could be
charged/discharged in response to frequency changes during the lifespan. In addition, in the FR-ESS
control scheme, multiple parameters are applied, and each has an effect on both the lifespan and the
amount of charge/discharge energy. This study proposes an algorithm that uses the branch-and-bound
method as a search method for determining the optimal combination of these parameters.

This study is organized as follows. Section 2 describes the FR-ESS operating scheme, describes the
battery lifespan model that is cited in this study, and describes the method for using it in an FR-ESS.
Section 3 presents the optimal parameter search algorithm that analyzes the effect that each parameter
has on lifespan and uses the branch-and-bound method to determine the optimal FR-ESS parameters
and presents the results of a case study simulation of the FR-ESS optimal parameter setting method
that is proposed in this study, and highlights the usefulness of the method.

2. Energy Storage System for Frequency Regulation

2.1. Frequency Regulation Control Scheme

The KEPCO FR-ESS has two operating control modes: normal and transient [7–9]. Transient
control mode is active when the frequency decreases rapidly because of a problem, such as a generator
tripping. Outside of these situations, normal control mode is active. Transient mode has relatively little
effect on ESS lifespan degradation as it accounts for only a small percentage of the overall operating
time because its time durations are short, despite producing momentary high outputs, and it is active
only a few times. Therefore, this study determined optimal parameters for the normal control mode.

The FR-ESS is generally installed in the substation, as shown in Figure 1. The FR-ESS comprises a
battery bank that stores energy, an inverter that electrically controls charging and discharging, and a
power management system that performs charging and discharging control considering frequency
and SOC. Essentially, FR-ESS determines the action mode according to the SOC of a battery and grid
frequency. The SOC value of the battery is transmitted by the battery management system (BMS) in
the battery system. Figure 2 shows the operating modes according to the KEPCO FR-ESS frequency
and SOC [24].
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If the frequency is outside the 0.03 Hz dead band of the rated frequency, FR-ESS operates in 
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is the measured frequency; K is the droop index (%), which is typically set at 0.273%. If the frequency 
is 59.95 Hz and the rated output of the ESS is 24 MW, then 7168 kW (= (60 − 59.95/60)/0.00279  24,000 
kW) of discharging is performed. In droop control mode, the FR-ESS waits in a standby mode and 
discharging actions are restricted if the SOC is below SOCopmin, and charging actions are restricted if 
the SOC is above SOCopmax in order to maintain FR-ESS battery lifespan. 
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Therefore, these FR-ESS operating parameters have an effect on ESS lifespan degradation and output 
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FR-ESS operating parameters, it becomes significantly data intensive, with lengthy calculation time 
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Figure 2. ESS operation mode by frequency and state of charge (SOC).

The frequency of an electrical system changes because of changes in load and generator output,
and the timing of these frequency changes is an unknown factor. Therefore, the FR-ESS must always be
kept in a state where charge/discharge is possible. Therefore, when the frequency is in the dead band
of the 60 ± 0.03 Hz range, the system is considered stable, and the following charging and discharging
actions are performed to keep the FR-ESS SOC in the target range. If the SOC is less than the SOC
maintenance lowest limit value (SOCkmin), the ESS operates in charging mode. Conversely, if the SOC
exceeds the SOC maintenance highest limit value (SOCkmax), the ESS operates in discharging mode. If
the SOC is between SOCkmin and SOCkmax, or is equal to one of them, it is judged to be in the target
range, and it will remain in a standby state.
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If the SOC is below SOCkmin and above the SOC operating lowest limit value (SOCopmin), the ESS
operates in a slow charging mode and, if it is less than SOCopmin, it operates in a fast charging mode. If
the SOC exceeds SOCkmax, it operates in a similar fashion.

In the slow charging mode, the ESS output (Pscdm) is calculated as follows:

Pscdm = Prated × rscdm ×mcd (1)

where Pscdm is the power output in slow charge/discharge mode, and a positive value represents
discharge mode, and a negative value charge mode; rscdm is the power output rate in slow
charge/discharge mode (%), with a default value of 5%; and mcd is the charge/discharge mode
(charge = −1, discharge = 1)

If the SOC is less than SOCopmin or greater than the operating highest limit value (SOCopmax),
FR-ESS requests additional energy changes and operates in fast charging/discharging mode until
reaching the SOC target range. Its output (Pfcdm) at this time is determined as follows:

P f cdm = Prated × r f cdm ×mcd (2)

where Pfcdm is the power output in fast charge/discharge mode (a positive value represents discharge
mode, and a negative value charge mode); rfcdm is the power output rate in fast charge/discharge mode
(%); and mcd is the charge or discharge mode (charge = −1, discharge = 1)

If the frequency is outside the 0.03 Hz dead band of the rated frequency, FR-ESS operates in
droop control mode to provide frequency regulation service. This mode uses the same principle as
typical generator frequency regulation, and the charge/discharge values in the mode are determined as
follows [1]:

Pdc =
( fbase − f )

fbase
/(

K
100

) × Prated (3)

where Pdc is the ESS charge/discharge in droop control (kW); fbase is the nominal frequency of 60 Hz; f
is the measured frequency; K is the droop index (%), which is typically set at 0.273%. If the frequency
is 59.95 Hz and the rated output of the ESS is 24 MW, then 7168 kW (= (60 − 59.95/60)/0.00279 ×
24,000 kW) of discharging is performed. In droop control mode, the FR-ESS waits in a standby mode
and discharging actions are restricted if the SOC is below SOCopmin, and charging actions are restricted
if the SOC is above SOCopmax in order to maintain FR-ESS battery lifespan.

Table 1 presents the operating parameters of the FR-ESS that is currently being operated by KEPCO.
If K is set to a low value, the ESS response characteristics will increase for the same frequency deviation.
This means that a low droop index contributes significantly to frequency regulation, but it decreases
the lifespan because a large amount of energy is charged/discharged by the ESS. The highest operating
limit of the SOC is the parameter that determines the FR-ESS SOC operating range, and it also affects
its lifespan. If the frequency is returned to inside the dead band after FR-ESS charge/discharge actions
because of frequency variations, charge/discharge actions are performed to manage the SOC so that it
remains between SOCkmin and SOCkmax in order to always perform charge/discharge actions. These
charge/discharge actions for SOC recovery result in ESS degradation, but reducing them is a rational
method because they are required for maintaining frequency. Therefore, these FR-ESS operating
parameters have an effect on ESS lifespan degradation and output during frequency variations, and
must be set with due consideration as they determine service availability.

Table 1. Frequency regulation (FR)-ESS operating parameters.

K SOCopmin SOCkmin SOCkmax SOCopmax rscdm rfcdm

0.273% 50% 63% 67% 80% 5% 10%
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If frequency data over the entire operating time of an actual ESS is used to determine the optimal
FR-ESS operating parameters, it becomes significantly data intensive, with lengthy calculation time
being required. Therefore, a rational sample of frequency data must be used.

Figure 3 shows the distribution of frequency data according to the analysis time. The data were
measured at 1 s intervals. The collection periods were 12 h, 1 day, 10 days, 30 days, 60 days, and 90 days.
There were differences in the 12 h, 1 day, and 10 days data distributions, however, the frequency data
for analysis periods of 30 day or longer exhibited similar distributions. Therefore, this study used the
30 days frequency data shown in Figure 4 to determine the optimal parameters. After 30 days, it was
assumed that the 30 days frequency measurement was repeatable, and this was used in the analysis for
the entire lifespan.

1 
 

 
Figure 3. Frequency distribution according to analysis time.
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2.2. Life Cycle Model of Energy Storage System

Battery degradation is divided into calendar degradation, which occurs even when the battery is
on standby and charge/discharge actions are not occurring, and cycle degradation that occurs because
of charge/discharge actions. This study uses a battery degradation model that was obtained through
iron phosphate (LiFePO4) battery tests [22].
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The degree of calendar degradation Cfcal, as a percentage, is calculated by Equation (4), where
“SOC” is the SOC of a battery on standby, and t is the time (months):

C fcal = 0.1723·e0.007388·SOC
·t0.8 (4)

The calendar degradations from Equation (4) for SOCs of 90%, 50%, and 10% are shown in
Figure 5a. If the SOC is on standby for 90% of the time, the capacity after 170 months is reduced by 20%
compared to the initial capacity. At 50% standby time, the capacity is reduced by 20% after 250 months
compared to the initial capacity. Figure 5b shows the degree of degradation for a continuous period
of 250 months. These curves are derived from the slopes in Figure 5a and, if they are integrated, the
data in Figure 5a is obtained. In the calendar lifespan degradation, the monthly lifespan degradation
progresses rapidly in the period before approximately 20 months, however, after 50 months the monthly
lifespan degradation does not change significantly.

1 
 

 

 

 

Figure 5. Calendar life model: (a) capacity fade by calendar deterioration, and (b) monthly degradation.

A calendar degradation model with monthly time units is not appropriate for FR-ESS in which
the output varies rapidly. Therefore, Equation (4) is converted to second units as follows:

C fcal = 0.1723·e0.007388·SOC
·

(
1

2592000 ·ts

)0.8

= 1.2746× 10−6
·e0.007388·SOC

·t0.8
s

(5)

where ts is time (s) and a month is assumed to be 30 days.
If Equation (5) is differentiated with respect to time, the calendar lifespan degradation (dCfcal)

when the ESS is maintained for 1 s in the corresponding SOC can be calculated, as shown in Equation (6).
In addition, the calendar lifespan degradation must be found by considering the current degradation
state because it initially occurs rapidly and then levels off over time. Therefore, Equations (5) and (6)
can be used to find the calendar lifespan caused by the current lifespan degradation state (Cfcal) and
the SOC, as shown in Equation (7). Figure 6 shows the calendar lifespan degradation (dCfcal) according
to the current lifespan degradation state (Cfcal) and the SOC.

dC fcal = 0.8× 1.2746× 10−6
·e0.007388·SOC

·t−0.2
s

= 1.0197× 10−6
·e0.007388·SOC

·t−0.2
s

(6)

dC fcal = 3.4262× 10−8
·
e0.0092·SOC

C fcal
1
4

(7)
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Figure 6. Model of calendar lifespan degradation during 1 s standby considering capacity fade.

Equation (8) is the battery cycle degradation model, where SOCAV is the SOC central value
during charge/discharge actions, SOCswing is the charge/discharge depth, and nc is the number of
charges/discharges [22]. For example, in a cycle which completely charges and discharges a battery,
SOCAV is 50% and SOCswing is 100%.

C fcyc = 0.021·e−0.01943·SOCAV ·SOCswing
0.7162

·nc0.5 (8)

Figure 7a shows the cycle lifespan degradation when SOCAV is 50% and SOCswing is 100%, 70%,
and 30%. Figure 7b shows the capacity degradation for each cycle. Figure 7b is differentiated as per
Equation (9).

dC fcyc = 0.5·0.021·e−0.01943·SOCAV ·SOCswing
0.7162

·nc−0.5

= 0.0105·e−0.01943·SOCAV ·SOCswing
0.7162

·nc−0.5 (9)

1 
 

 

 

 Figure 7. Cycle life model: (a) capacity fade by charge/discharge operation, and (b) degradation
per cycle.

The cycle lifespan model is also nonlinear. The lifespan degradation is relatively large initially.
After several hundreds of cycles, it can then be seen that there is a gradual decrease in the amount of
reduction per charge/discharge cycle. Therefore, if Equations (8) and (9) are considered, the degree of
cycle degradation can be determined from the current degree of degradation, SOCAV, and SOCswing,
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as shown in Equation (10). Figure 8 shows the degree of degradation because of SOCswing, using the
degradation model in Equation (10).

dC fcyc = 2.205× 10−4
·e−0.0389·SOCAV ·

SOCswing
1.4324

C fcyc
(10) 

2 

 

Figure 8.safjpj ‘jopaj jo[iop 

Figure 8. Model of cycle lifespan degradation according to capacity fade.

When analyzing the SOC change data in an ESS, it is also possible to analyze the calendar
and cycle degradation. If there are no SOC changes, charge/discharge actions are not performed.
Therefore, Equation (7) is used to calculate the calendar degradation, and the current degradation state
is updated. If the SOC changes, Equation (10) is used to calculate the cycle degradation each time
the charge/discharge action changes, and the current degradation status is updated. In this way, the
degradation state of the battery can be calculated. The specific calculation process is described in the
following section.

3. Estimation of Optimal Parameters

3.1. Objective Functions

To calculate the optimal FR-ESS control parameters, this study uses the branch-and-bound method.
In order to flexibly set the objective function according to electricity market regulations, the algorithm
allows the FR-ESS operating history to be analyzed to calculate the objective function. The three
primary energy amounts can be calculated by analyzing the operation history of the FR-ESS: the energy
(Efreq) charged/discharged to maintain the frequency when it goes outside the range of 60 ± 0.03 Hz,
the energy (Esoc) charged/discharged to maintain the SOC at a fixed value to maintain a state in
which the ESS can always charge/discharge, and the energy (Elimited) for which actual charge/discharge
actions could not be performed because of SOC constraints, even when the frequency was outside
the range of 60 ± 0.03 Hz and charge/discharge activities were required. These three energy amounts
are cumulative values until the sum of cycle lifespan degradation and calendar lifespan degradation
reach 20%. We applied the weighted sum method to reflect these three energy values in the objective
function [25]. To calculate the optimal FR-ESS parameters while considering all three energy amounts,
the objective functions were set as follows:

Maximize
E = E f req −WsocEsoc −Wlimited·Elimited

= f (Pcontrol, RFR−ESS)
(11)
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Pcontrol =
[
K, SOCopmin, SOCopmax, SOCkmin, SOCkmax, rscdm, r f cdm

]
(12)

RFR−ESS = [Prated, Erated, η, EOL, CLL] (13)

where Wsoc is the penalty weight value for the SOC feedback charge/discharge energy amount; Wlimited
is the penalty weight value for the energy amount that could not be charged because of SOC constraints;
Pcontrol represents the seven frequency regulation control parameters (see Table 1); RFR-ESS represents
the characteristic parameters of the FR-ESS; Prated is the rated power of the FR-ESS (kW); Erated is
the rated energy capacity of the FR-ESS (kWh); η is the charge/discharge efficiency of the FR-ESS
(97%); EOL is the reduced capacity ratio at end-of-lifetime point of the FR-ESS’ (80%); and CLL is the
calendar life limit. Thus, in this paper, Pcontrol is considered a decision variable and RFR-ESS is a type of
equality constraint.

The objective function calculations are determined by the seven parameters used in the frequency
regulation control (see Table 1) and the FR-ESS characteristic parameters, which include the FR-ESS
rated output, rated energy capacity, the ratio of reduced battery capacity at the efficiency EOL time
point compared to the initial capacity, and the CLL. In this study, the primary FR-ESS characteristic
parameters of rated power (Prated) and rated energy capacity (Erated) were assumed to be 24 MW and
9 MW·h, respectively. The efficiency was set at 97% during one-way charge/discharge. In addition,
when the battery was continuously operated, and the battery capacity was 80% of the initial capacity
in the battery model was considered to be the end of the battery lifespan. The battery lifespan model is
determined by the previously defined Equations (7) and (10). Under certain conditions, the battery
lifespan model exhibits lifespans longer than a number of decades, which is not possible in practice.
This is because the overall equipment lifespan is determined by the lifespans of equipment such as
the transformers and inverters which comprise the FR-ESS. In order to reflect this, this study used
calendar lifespans of 10, 20, and 30 years to perform the analysis.

The following assumptions were used for the optimal parameter calculation process. Of the
operating parameters, the SOC is an estimated value in BMS; therefore, there is a significant possibility
that the value itself has errors. Therefore, precisely setting the SOC-related parameters is ineffective [26],
and this study limited the SOC to integers and set it in 1% units. Moreover, the parameters related
to the SOC are mutually constrained according to the control concept of FR-ESS shown in Figure 2.
In addition, for rscdm and rfcdm, 1%–100% of the total area was searched. For K, it was assumed that the
frequency corresponding to the ESS rated output settled within the 59.8–59.95 Hz range and it changed
in increments of 0.05 Hz. Therefore, all parameters are defined with a limited range of integers or real
numbers, and the constraints can be expressed by the following formulae:

10 ≤ SOCopmin < SOCkmin < SOCkmax < SOCopmax ≤ 90 (14)

1 ≤ rscdm, r f cdm ≤ 100 (15)

K ∈ {0.3333, 0.25, 0.1667, 0.0833} (16)

In this study, it was assumed that the FR-ESS SOC operating range is limited to 10%–90%. Figure 9
shows the flow chart of the simulation that was performed to calculate the three charge/discharge
energy amounts (Efreq, Esoc, and Elimited) during the FR-ESS lifespan and calculate the objective functions,
as in Equation (11). The simulation results are determined by the seven parameters used in the control
and the five FR-ESS characteristic parameters. As discussed above, the frequency data is analyzed
by analyzing 30 days of data at 1-s intervals. The ESS output is calculated according to the input
frequency and SOC status, and the ESS SOC value is updated based on this output. If the ESS performs
charge/discharge actions, the SOCAV value and the SOCswing values are temporarily stored in the
operating history. If the ESS operating mode changes between charge, discharge, or standby actions,
the temporary operating history is analyzed to calculate the cycle degradation. During the standby
action, the calendar degradation is calculated. If the accumulated overall lifespan degradation through
cycle and calendar degradation exceeds 20%, the simulation is suspended, and the charge/discharge
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energy during the overall lifespan is divided into the three types. All simulations were performed in
MATLAB 2016a.
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Table 2 presents the results of the objective function when using the values in Table 1 as the
frequency regulation control parameters in a 24 MW/9 MWh ESS. The sum of the charge/discharge
energy when the frequency was outside the 60 ± 0.03 Hz range was approximately 128.2 GWh.
The charge/discharge energy for maintaining the SOC was 63.6 GWh. The sum of the energy which
could not be charged/discharged because of the SOC operating constraints (50%–80%) was 5.1 GWh.

Table 2. FR-ESS objective function calculation results.

Efreq Esoc Elimited Operating Life

128.2 GWh 63.6 GWh 5.1 GWh 23.8 y

The operating lifespan was found to be 8686 days (approximately 23.8 years) from when the
ESS battery capacity was an initial 9 MWh until the EOL (80%) point when the battery lifespan
ended because of degradation and the battery capacity decreased to 7.2 MWh. The CLL was 30 years.
Figure 10 shows the sources of reduced battery capacity because of degradation during the lifespan,
and they are divided into calendar and cycle degradations. The frequency distribution in Figure 3 was
maintained in the bulk of the frequency dead band area (60 ± 0.03 Hz). Therefore, it was determined
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that FR-ESS selects the idle action for a relatively large amount of time compared to ESS operations for
other purposes, and the overall degradation occurs more because of calendar degradation than cycle
degradation caused by charge/discharge actions.

1 
 

 Figure 10. Capacity degradation by life models.

3.2. Analysis of Objective Function Sensitivity to Parameter Variation

The FR-ESS operating parameters presented in Table 1 comprise seven parameters. Figures 11–14
show the changes in the objective function when each parameter was individually changed from its
basic value in Table 1. In Figure 11, when K decreased, the energy that was charged/discharged because
of frequency changes (Efreq) increased. There were also increases in the energy for maintaining SOC and
the energy (Elimited) which could not be discharged because of SOC constraints (SOCopmin/SOCopmax).
Here, the energy for maintaining SOC has a close relationship with the SOC maintenance range
(SOCkmin/SOCkmax) and the SOC operating range (SOCopmin/SOCopmax) because of the frequency
regulation control described in Chapter 2. Therefore, a variety of operating results are obtained from
combinations of the seven FR-ESS parameters because they are closely related. In Figure 12, it can be
seen that, when the SOC operating range changes, the values that constitute the objective function
change, but they do not change proportionally. This is because that, when the ESS SOC goes outside
the SOC operating range, it affects Efreq, Esoc, and Elimited; however, if it does not go outside the SOC
operating range, it cannot affect the values of the objective function. Figure 13 shows the results of
changing the SOC maintenance range, and it can be seen that there was a significant effect on Efreq
and Esoc, however, the effect on Elimited was relatively small. If the frequency is in the management
range of 60 ± 0.3 Hz, charge/discharge actions are performed to keep the ESS SOC in the management
range. Therefore, if the range is narrower than the basic management range of 63%–67% in Table 1,
Esoc increases and, if it is wider, e decreases.
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Figure 11. Objective function changes according to droop index changes.

2 

60 90

Figure 12. Objective function changes according to SOC operation min/max changes (a) Changes in
SOCopmin (b) Changes in SOCopmax.

2 

60 90

Figure 13. Objective function changes according to SOC maintaining min/max changes (a) Changes in
SOCkmin (b) Changes in SOCkmax.
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2 

60 90

Figure 14. Objective function changes according to power output rate changes (a) Changes in Rscdm

(b) Changes in Rfcdm.

Figure 14 shows the changes in the objective function value according to changes in the
charge/discharge output rate in slow charging and fast charging modes. The slow charging mode
includes actions for maintaining the SOC management range, therefore, it occurs more frequently than
the fast mode. Therefore, it can be seen that the slow mode has a more significant effect on the objective
function. If different parameter values are analyzed under conditions different to those Table 1, the
results in Figure 14 could differ.

3.3. FR-ESS Optimal Parameters Estimating Algorithm Using the Branch-and-Bound Method

The FR-ESS operating control in the previous chapter has seven parameters, and it was confirmed
that they all have an effect on the objective function. Furthermore, of these seven parameters, the four
that are associated with SOC act as mutual constraint conditions. Therefore, this study proposes a
method that uses a branch-and-bound algorithm to calculate the optimal frequency regulation control
parameters while considering these characteristics.

Branch and bound is an algorithm design paradigm for discrete and combinatorial optimization
problems, as well as mathematical optimization [27–29]. The branch and bound algorithm has been
applied in many studies because its application is simple. This algorithm has high convergence to
uncomplicated problems because it checks all of the enumerated solutions within bound conditions.
Figure 15 shows a flowchart of the algorithm for estimating the optimal parameters of FR-ESS
presented herein.

The first step is creating multiple initial parameters in order to prevent certain initial parameters
from converging at a local optimum point. Ten initial parameter sets were created. A single initial
parameter set is and then selected, and the initial objective function value is calculated. The initial
objective function value is set at the maximum value (Max_obj) of the current stage. In the next
stage, one of the seven parameters is randomly selected. The objective function is then calculated
by increasing (in_obj) or decreasing (de_obj) the selected parameter by 1% or 0.05 Hz. If in_obj is
greater than de_obj and in_obj is greater than the current maximum objective function Max_obj, the
currently selected parameter is increased until the objective function does not increase. Conversely,
if de_obj is greater than in_obj and Max_obj, the selected parameter is continuously reduced until
the objective function value does not increase. In this way, the parameter is increased or decreased
until the objective function value does not improve or, if de_obj and in_obj are smaller than Max_obj,
the next parameter is randomly selected from the seven parameters. The process is repeated and
de_obj and in_obj are calculated. In the process of increasing or decreasing the selected parameters,
the SOC-related parameters act as mutual constraint conditions, as shown in Equation (14). If the
objective function continues to improve even when the selected parameters arrive at the limit range
because of the conditions of Equation (14), the condition range of the constraint is adjusted so that
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the selected parameter can continue to be adjusted. For example, SOCopmin is assumed to be less than
SOCkmin. However, if SOCopmin is increased and in_obj continues to increase until SOCopmin is equal to
SOCkmin, SOCkmin is then increased and the constraint condition is expanded. However, if SOCkmin
equals SOCkmax, then SOCopmax and SOCkmin do not increase any further. This flexible adjustment of
the constraint conditions is done to prevent the algorithm from settling at a local optimum.
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If Max_obj improved when all seven parameters were adjusted, one parameter is randomly
selected again, and the adjustment stage is repeated. If Max_obj has not improved even after all seven
parameters were adjusted, the next randomly created initial parameter set is selected and the entire
calculation process is repeated. Of the objective functions derived from the multiple initial parameter
sets, the parameters with the maximum objective values are selected as the optimal parameters.

3.4. Case Studies

3.4.1. Solution Convergence Test

The FR-ESS optimal parameter calculation method presented in this study selects multiple initial
values randomly and searches them to find optimal values. Therefore, it is necessary to confirm that the
same parameters are found as the result values when repeating calculations under the same conditions.
To shorten the calculation time in the simulation analysis, the EOL was set at 99%, the CLL was set at
1 y, and the analysis was repeated 10 times. In addition, the objective functions Wsoc and Wlimit were
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both set to 0. Figure 16 shows the process of the objective function converging during 10 iterations of
repeated calculations. There were differences in the convergence speed because of differences in the
randomly selected initial values, however, it was confirmed that they converged at the same objective
function value of 5659 MWh.

 

3 

 

 

Figure 16. Objectives of convergence test by repeated calculation.

Table 3 presents the optimal FR-ESS control parameters that remained constant in the repeated
calculations to confirm convergence.

Table 3. Optimal parameters by suggested algorithm for convergence test.

K SOCopmin SOCkmin SOCkmax SOCopmax rscdm rfcdm

0.0833% 81% 85% 86% 90% 1% 100%

To confirm that the FR-ESS optimal parameter selection method proposed in this study actually
converges on global optimum points, the entire solution area was searched under the same conditions as
the previous repeated simulation. In order to calculate the objective function, the charged / discharged
energy of the energy storage device due to the frequency fluctuation should be evaluated. This
frequency fluctuation is very irregular. Therefore, in this paper, the operation of the ESS is simulated
in 1-second interval and the objective function is derived based on the operation history. The input
frequency used in simulation is actually measured data, so it is impossible to model by formula. In
addition, the simulation of the ESS is inevitable because we applied the ESS’s precise lifetime model.
Because of this reason, we are unable to perform the theoretical verification, so we have searched all
the areas where a valid solution in a certain condition exists and compared the optimal points.

The result of entire solution search presented in Table 3 were the same as the global optimum
points. Considering the constraint conditions of Equations (14)–(16), there are 66,549,640,000 possible
combinations of the seven parameters in the entire search area. Therefore, in order to decrease the
required computation time, a number of the parameters were fixed by referring to the results in Table 3.
Of the seven parameters, rscdm and rfcdm were fixed at 1% and 100%, respectively, and K was fixed
at 0.0833%. If the other parameters are changed in increments of 2%, the possible combinations are
reduced to 111,930. Figure 17 shows the calculation of the objective function values as the four variables
(SOCopmin, SOCopmax, SOCkmin, and SOCkmax) are increased sequentially while satisfying the constraint
conditions of Equation (14).
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Figure 17. Global optimum search within all feasible combinations.

The optimal objective function value that was obtained by holding the three variables constant
and changing the four variables was 5647 MWh, which is smaller than the 5659 MWh obtained from
the combination of the parameters in Table 3. Although this paper compares the global optimal point
with the local optimal point for a specific case, it can be confirmed that the proposed algorithm show a
satisfactory result.

3.4.2. Case Study Considering Various Weight Values in Objective Function

This study set the parameters of an FR-ESS control by considering electricity market regulations,
and it proposed a method for finding optimal parameters using the proposed branch-and-bound
algorithm. We defined various cases and arranged the results for the three energy amounts (Efreq, Esoc,
and Elimited) determined by the objective function calculations for the FR-ESS lifespan, and analyzed
the optimal parameter calculation results. Table 4 presents the weight and CLL of the objective function
for each case.

Table 4. Weights and calendar limit life for each case.

Cases Wsoc Wlimited CLL

A1 0 0 10
A2 0 1 10
A3 1 0 10
A4 1 1 10
B1 0 0 20
B2 0 1 20
B3 1 0 20
B4 1 1 20
C1 0 0 30
C2 0 1 30
C3 1 0 30
C4 1 1 30

Tables 5 and 6 present the optimal parameters and objective function values for the case
study results.
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Table 5. Optimal parameter values for each case.

Cases K
(%)

SOCopmin
(%)

SOCkmin
(%)

SOCkmax
(%)

SOCopmax
(%)

rscdm
(%)

rfcdm
(%)

A1 0.083 10 55 56 90 100 100
A2 0.083 10 11 89 90 1 1
A3 0.083 10 56 57 90 100 100
A4 0.083 10 16 84 90 100 100
B1 0.083 38 74 75 90 12 100
B2 0.083 10 48 53 90 1 94
B3 0.083 38 74 75 90 12 100
B4 0.083 10 48 53 90 1 100
C1 0.083 52 73 74 90 6 100
C2 0.083 30 60 71 90 1 94
C3 0.083 48 74 75 90 6 100
C4 0.083 30 60 71 90 1 100

Table 6. Objective function, operating lifespan, and EOL for each case.

Cases Objectives
(GWh)

Efreq
(GWh)

Esoc
(GWh)

Elimit
(GWh)

Life
(y)

EOL
(%)

A1 179.7 179.7 157.1 1.2 10.00 81.54
A2 134.9 138.6 3.7 43.2 10.00 84.30
A3 178.5 179.7 157.1 1.2 10.00 81.70
A4 121.0 173.4 44.5 7.9 10.00 80.39
B1 326.8 326.8 230.7 36.0 20.00 80.04
B2 250.2 290.0 39.8 73.6 20.00 80.05
B3 290.8 326.8 230.7 36.0 20.00 80.05
B4 177.0 290.3 40.1 73.3 20.00 80.04
C1 443.7 443.7 247.3 102.2 30.00 80.02
C2 354.4 410.4 56.0 135.4 30.00 80.00
C3 343.9 439.1 243.1 95.1 29.36 80.00
C4 219.5 410.9 56.5 134.8 29.99 80.00

In cases A1–A4, the calendar lifespan was limited to 10 years, and the optimal parameters
were calculated. Therefore, parameters were determined so that a degradation capacity reduction
of approximately 20% was achieved within 10 years, and the remaining capacity at the EOL point
was 80%–84%. Therefore, the allowable SOC ranges of the battery were all set at 10%–90%, and the
probability of a large SOC swing value occurring during charging/discharging was set to be high.
This can be seen as reflecting the fact that cycle degradation progresses quickly when SOC swings are
large, as shown in Figure 7. In Case A1, the parameters were selected so that the objective function
maximized the energy that is charged/discharged because of frequency variations. Therefore, the
SOC operating range was set at 10%–90% in order to always be able to provide maximum responses
to frequency deviations by rated charging/discharging to maintaining the SOC to 55%–56% when
the frequency is 60 ± 0.03 Hz. In Case A2, the range for maintaining the SOC was set at 11%–89%
because the charging/discharging energy for maintaining the SOC was considered to be a cost, and the
charging/discharge energy because of frequency variations was reduced. This was deemed to be a
setting in which charging/discharging was not performed even though the frequency was maintained
within 60 ± 0.03 Hz, and charging/discharging was only performed because of frequency variations.
Furthermore, rscdm and rfcdm were both set at 1% and the algorithm was set to charge/discharge at a
rated output of 1%, even when the SOC went outside the set range and only used a minimal amount
of energy to maintain the SOC. Case A3 includes energy which must be charged/discharged as the
frequency goes outside the 60 ± 0.03 Hz range but cannot be charged/discharged when the SOC goes
outside of the operating range (SOCopmin–SOCopmax). Case A3 shows the results when the objective
function is set up to treat this energy as a cost. The Case A3 results were found to be similar to those of
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Case A1. In Case A4, the objective function value was found by maintaining Esoc and Elimit at the same
ratio and decreasing Efreq. Therefore, the SOC operating range was set to be marginally narrower than
that of Case A2, and Esoc and Elimit were decreased simultaneously.

In Cases B1–B4, the calendar life was limited to 20 years and, in C1–C4, it was limited to 30 years.
As the calendar life increased, the operating range of the SOCs was set to be narrower and the
degradation of the batteries was set to progress gradually. The results were similar to the characteristics
exhibited in A1–A4 according to the weights of the objective functions.

From all the results, it can be seen that the cases were set up so that the degradation progressed to
approximately 20% at the simulation EOL point that resulted from the calendar life limit, and 80%
of the capacity remained. Therefore, it was confirmed that the FR-ESS optimal parameter setting
algorithm proposed in this study yields optimal parameters by considering the set objective function,
the calendar life limit, and the remaining capacity at the EOL point caused by degradation.

4. Conclusions

This study proposed an algorithm which determined parameters for optimal operation of an
FR-ESS. The proposed algorithm used the branch-and-bound algorithm to find parameters, and
it considered both the calendar and cycle life of a lithium battery to incorporate a more realistic
lifespan into the objective function calculation process. It also allowed the objective function to be
set in a flexible way assuming a variety of FR-ESS operating environments. An objective function
was presented which allowed for consideration of the charge/discharge energy caused by frequency
changes, the charge/discharge energy used to maintain the battery SOC, and the energy which could
not be charged/discharged because of SOC operating constraints. Weights were applied to all of
these energy amounts in the objective function calculations. This algorithm, which randomly set the
initial parameters and randomly selected the parameters to vary, could generate the same solution for
multiple iterations and searched all initial values to determine the global optimal point.

To verify convergence, it was confirmed that the algorithm converged on the same value after
ten repeated calculations. It was also confirmed that, when calculations were performed for the
entire search area using a number of fixed parameters, the resulting values converged on the global
optimum point. In addition, a case study analysis was performed in which the various objective
function weights and calendar life limits were set in a number of ways. It was confirmed that the
optimal parameters found by the proposed algorithm yielded results which adequately reflected each
set weight and calendar life limit. Therefore, we expect that the algorithm proposed in this study could
be of significant benefit in improving the economic feasibility of FR-ESS design and operations. We
will perform further studies on the application of the evolutionary algorithm of the objective function
defined in this paper. We also plan to study the optimal design of a multipurpose ESS that performs
both UPS and load management simultaneously.
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