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a b s t r a c t

A battery energy storage system (BESS) can smooth the fluctuation of output power for micro-grid by
eliminating negative characteristics of uncertainty and intermittent for renewable energy for power
generation, especially for wind power. By integrated with lithium battery storage system the utilization
and overall energy efficiency can be improved. However, this target could be obtained only if the BESS is
optimal matched. For this issue, the degradation of battery capacity has a significant impact on the
operating costs of Wind-ESS system. The research focus on the optimal method for components sizing of
BESS in Wind-ESS system with independent system operators. We present an operating cost model for
the hybrid energy storage system considering capacity fading of lithium battery in the cycle life. For the
optimal objective of component sizing, the global optimization method of dynamic programming (DP) is
adopted by setting operating costs and capacity degradation as optimal objectives under the constrains
of performance for lithium battery and requirement for grid operation. Based on the DP algorithm and
capacity degradation of battery model, the optimal output of the wind power is obtained. The rule based
method and genetic algorithm are also be used for simulation. The simulation results show that
compared with other two optimal approaches, capacity degradation and operation cost of energy storage
for wind power generation system are significantly reduced.

© 2019 Elsevier Ltd. All rights reserved.
1. Introduction

Wind power has rapidly developed as a clean and pollution-free
renewable energy source throughout the world in recent years and
has therefore received extensive attention in a variety of research
areas. According to the International Energy Agency (IEA), by 2020,
annual global power generation will reach 1282 TWh, an increase
of nearly 371% over that of 2009. By 2030, this number will increase
further, reaching an estimated 2182 TWh, almost double the output
expected in 2020 [1]. Wind power installation and generation data
show that wind power is an increasingly mature industry that is
quickly transforming into its own market-based system, success-
fully competing with heavily subsidized fossil fuel power genera-
tion technologies. However, even with the increasing installed
lectronic Engineering, Harbin
, China.
capacity of wind power, there remains the uncertainty and inter-
mittent generation of wind energy based wind forecasting errors
still certainly exist, often having a substantial impact on the power
grid in the surrounding region [2]. Therefore, traditional wind po-
wer plants usually estimate their overall output of the next stage by
predicting wind output in advance and signing agreements with
grid-side companies according to this forecasting data. Unfortu-
nately, given various punishment mechanisms, insufficient output
often leads to the loss of the offending power plant, so power plant
administrators usually conservatively estimate output, which often
results in power plants discarding a large number of wind power,
thereby contributing to a substantial waste of resources [3,4].

Regardless of response times and adjustment accuracy, an en-
ergy storage system (ESS) is far superior to the traditional thermal
power unit. Retrofitting ESS is an effective way to address the large-
scale grid connection problem of wind power as it advances wind
output via energy storage equipment, thus making up for inac-
curacies in wind forecasting. The combined operation of a wind
power plant and ESS together facilitates the tracking of wind power
output, thereby improving the utilization of wind power and the
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stability of the grid when a large-scale wind power plant is con-
nected, thus ensuring the safe operation of the power grid [5e7].

In recent years, ESS plays an essential role inwind power plants,
and redundant energy in wind farms can be stored in the ESS to
save on operating costs. Scholars from various countries have
conducted a number of studies focused on applying a battery en-
ergy storage system (BESS) to a wind power plant to perform peak
clipping and smooth wind power output. In Ref. [8], with a goal of
minimizing the difference between the actual and predicted out-
puts of wind power plants, Ke et al. proposed three control algo-
rithms to compensate for wind energy errors. Considering the life
depreciation of an ESS at different discharge depths (DODs), the
three algorithms were compared to yield a relatively small result-
ing ESS capacity. In Ref. [9], Xiong et al. expressed the uncertainty of
wind power output by using a scenario tree model, reducing the
computational burden via the Benders decomposition algorithm; in
their work, they concluded that the capital investment of an ESS
can successfully reduce the daily operating costs of the given power
system. In Refs. [10,11], Zhang et al. adopted a dynamic charging
and discharging interval aimed at minimizing the deviations be-
tween the wind power’s annual target output and actual output by
optimizing the charge and discharge power of each ESS within all
separate charging and discharging intervals in a given year, thereby
calculating the sensitivity relationship between energy storage
investment and overall income.

In Ref. [12], based on the prediction of wind power error, Luo
Fengji et al. considered the non-normal distribution and persis-
tence of prediction errors. They established a penalty function to
reduce deviations between wind power output and predicted
output; furthermore, they optimized the energy storage capacity
with the ultimate goal of achieving maximum overall revenue. In
Ref. [13], Bludszuweit et al. generated an empirical probability
density function according to the estimated wind fo recast error
and the state of charge (SOC) distribution of the corresponding ESS,
thereby reducing the capacity of the ESS and achieving cost savings.
In Ref. [14], by analyzing the historical operational data of a power
plant Kargarian et al. sums up the distribution law of wind power
output fluctuations, thereby determining the capacity of the ESS by
combining the effects of smoothing and cost. In Ref. [15], Baker et al.
proposed a method for determining the optimal energy storage
capacity of a given wind power system. Considering the inherent
uncertainty in prediction errors, they modeled wind prediction
error as a random variable adhering to a normal distribution; from
this, they developed a two-stage model predictive control (MPC) to
derive the optimal storage capacity. The above related research
primarily used ESS to compensate for wind forecasting errors,
thereby improving wind power utilization and increasing the
overall profits earned by using such wind storage systems. How-
ever, researchers always according to the charge and discharge
amount of the battery and the depth of discharge, the equivalent
life of the battery decay is calculated by the equivalent life model.
They rarely accurately calculate the lifetime degradation of energy
storage system due to irregular charging and discharging behavior
during operation. In terms of optimization algorithms, heuristic
algorithms are simple and intuitive, but in some cases, it is
impossible to guarantee global optimal solutions. However,
although the dynamic programming algorithm (DP) has a large
amount of computation, it can accurately find the global optimal
solution.

Traditional wind power plants usually do not include ESS or only
have it with a less capacity. As described above, to improve credi-
bility in terms of their agreement with the power grid, traditional
wind power plants often conservatively estimate their output,
which leads to a substantial amount of discarded wind power.
When a wind power plant is equipped with ESS, its energy
management strategies differ based on the differing market
mechanisms in each country. Given recent reforms in the electricity
market in both Europe and the United States, the power market can
be characterized by abundant power generation investments,
diversified fuel, a transparent market, and strong anti-interference
mechanisms to protect the power grid. The power market is pri-
marily composed of the power generation market, the retail mar-
ket, and the auxiliary service market [16]; however, a reasonable
market-oriented trading mechanism has not yet formed in China,
it is difficult for private capital in China to enter the transmission
and distribution fields. As such, problems in new energy con-
sumption primarily depend on administrative orders rather than
market signals [3]. Based on abovementioned the literature review,
this paper focus on the problem of discarded wind power in
traditional wind power plants and the feasibility of applying energy
storage facilities to compensate for wind output errors. By
comparing the three algorithms, a DP method that considers the
cost of battery life degradation to optimize ESS sizing. In addition,
based on the DP method, the optimal sizing of ESS under different
index. This research begins in Section 2 by This research begins in
Section 2 by introduce the system structure and working principle,
after which the approach to modeling the system operating cost
model is proposed. Section 4 investigates the component sizing
method for system and section 5 is the simulation results and
analysis. The final section will summarize the main finding of this
research.

2. System structure and working principle

Fig. 1 shows the structure of the Wind-ESS system. The system
consists these components, lithium-ion battery, wind turbines and
current converts.

The working mode of the system can be divided as follows:
Mode one: When the wind power plant meets the agreed upon

load with the power grid, the ESS and auxiliary peaking service are
not required, only the wind power plant provides the required
power, as shown in Fig. 2.

Mode two: In mode two, the wind power plant generates excess
power and the ESS is able to completely eliminate this excess po-
wer. In this case, the power plant preferentially transmits its excess
power to the ESS (and the agreed upon load is supplied to the
power grid), as shown in Fig. 3.

Mode three: In mode three, the wind power plant generates
excess power to the extent that the ESS cannot absorb this excess
power and the excess power is discarded. In this mode, if the wind
power system has a separate sales vending retailer, the discarded
wind power may be purchased at a lower price, thereby reducing
operating costs, as shown in Fig. 4.

Mode four: As shown in Fig. 5, when the power generated by
the wind power plant is not sufficient to meet the contractually
required load with the power grid, but the system prioritizes the
ESS to transmit its stored power to the grid.

Mode five: In mode five, both wind power plant and ESS are
unable to meet the required loadwith the power grid. In such cases,
the power plant must purchase additional active peaking services
to compensate for power difference, as shown in Fig. 6.

In support of the above modes of operation, the ESS installed
within the wind power plant can reasonably plan its subsequent
charging and discharging behavior according to its remaining
available capacity during operation. Tuning this planning process is
crucial to a power plant, as it would operate in modes two or four.

During operation, the wind power system is limited by the ca-
pacity of the ESS, which, depending on whether insufficient or
excessive winds occur, leads to an increase in operating costs. To
minimize these operating costs, we need to establish an operating



Fig. 1. Wind-ESS system structure.

Fig. 2. Wind power system working in mode one.

Fig. 3. Wind power system working in mode two.

Y. Liu et al. / Renewable Energy 147 (2020) 2470e24832472
cost model to facilitate the proper capacity planning of the ESS. The
demand of the micro-grid system requires its ESS to have high
power density, high energy density, and a fast response time.
Combining these required characteristics and changes in future
energy storage costs, battery energy storage systems are rapidly
becoming the primary energy storage devices in future micro-grid
systems; in addition to battery energy storage systems, solutions
are also incorporating flywheel energy storage systems,
compressed-air energy storage, hydraulic energy storage, etc.
[17,18].



Fig. 4. Wind power system working in mode three.

Fig. 5. Wind power system working in mode four.

Fig. 6. Wind power system working in mode five.
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3. Operating cost model

In order to maximize the operational benefit of the wind power
plant, the output of the Wind-ESS system is optimized. By
comparing the operating costs saved based on different sizing of
ESS, the optimal ESS sizing in wind power plant is obtained.

3.1. Construction of system operating cost model

In order to obtain the optimal sizing of ESS in a wind power
plant and minimize the system cost, the objective function is
defined as follows:

un ¼
Xtmax

t¼1

u1ðtÞ þ u2ðtÞ þ u3ðtÞ þ u4ðtÞ (1)

Here, the operating cost include the cost of discarding generated
wind power (u1), the cost of using an auxiliary peaking service (u2),
the operating cost of BESS (u3), and the initial investment of ESS
(u4).

3.1.1. Cost model for discarded wind energy
When the output of the wind power plant is greater than the

reference load and the state of charge (SOC) of the BESS is more
than 90%, the systemmust discard the excess wind power at a cost,
the cost model for discarded wind energy as follows:

u1ðtÞ¼
XD
d¼1

X24
t¼1

CdwPdwðtÞ (2)

Here, Cdw represents the discarded wind energy cost and Pdw(t) is
the discarded wind power volume per hours t.

3.1.2. Cost model for auxiliary peaking service
The peaking units in the power system are generally divided

into thermal power units and hydropower units. The auxiliary
peaking service cost as follows:

u2ðtÞ¼
XD
d¼1

X24
t¼1

CploPploðtÞ (3)

Here, Cplo represents the discarded wind energy penalty, which is
assumed to be the unit power generation cost of the wind power
plant and Pplo(t) is the peaking service power in t-th hour.

3.1.3. Cost model for the ESS
The cost of the energy storage battery includes the cost of bat-

tery degradation and the average daily cost-sharing associated with
the initial purchase of the batteries. Among them, the degradation
cost of the batteries is the operating cost due to irregular charging
and discharging while operating the system. At present, the
research on the cycle life of LiFePO4 battery mainly focuses on the
degradation mechanism, but the mechanism model is more com-
plex, the parameters are more, the calculation amount is large, and
it is not easy to realize in engineering. At the same time, the
mechanism model may not accurately reflect the battery life
attenuation under the complex degradation mechanism of multi-
factor coupling. Compared with the mechanism model, the semi-
empirical model has less parameters and less computation, so it
is easier to be applied in engineering practice [19,20]. After con-
ducting a number of experimental studies on the degradation
process of LiFePO4 cells, in Ref. [21], Wang et al. proposed a semi-
empirical model for estimating battery capacity degradation as
follows:

Qloss ¼A0e
�
�

EaþB,C Rate
RTbat

�
ðAhÞz (4)

Here, Qloss represents battery capacity degradation, Ea is the acti-
vation energy (J/mol), R is the ideal gas constant, C_Rate is the ab-
solute value of the battery charge and discharge current rate, Ah is
the Ah-throughput, A0 is the pre-exponential coefficient, z is a
second undetermined coefficient, B is a third undetermined coef-
ficient, and Tbat is the temperature of the battery in Kelvin. This
model is based on the Arrhenius degradation model and considers
the effects of different charge/discharge rates and temperature.

Equation (4) can be rearranged as follows:

Ah ¼

0
B@Qlosse

EaþB,C Rate
RTbat

,
A0

1
CA

1
z

(5)

Next, finding the derivative of Ah in Equation (5) yields the
following:

_Q loss ¼ zA0e
EaþB,C Rate

RTbat

,
ðAhÞz�1 (6)

Combining Equations (5) and (6) over one time step from t to
tþ1 yields the following:

Qloss;tþ1 �Qloss;t ¼ DAhzA
1
z
0e

�
�

EaþB,C Rate
zRTbat

�
Q

z�1
z
loss;t (7)

Here, Qloss,tþ1 andQloss,t are the degradation of the battery from time
t to time tþ1, respectively, while △Ah is the accumulated ampere-
hour throughput of the battery during the same time period, which
is determined as follows:

DAh ¼
ðtþ1

t

jIbatjdt (8)

In Ref. [22], Song et al. calibrated the parameters in Equation (4)
with the values shown in Table 1.

Given the above, the operating costs of the battery can be rep-
resented as follows:

u3ðtÞ¼pricebat ,Cbat ,Vbat cell

,
�
2:637 *10�3 * jIbatðtÞj , e�

15162�1516C rateðtÞ
2041:52 ,Qlossðt � 1Þ�0:2136

�

(9)

Here, Cbat represents the total capacity (Wh) of the ESS and pricebat
is the price of the battery (RMB/kWh). Using Equation (9), the
estimated battery price in 2020 is 1.0 RMB/Wh. This paper mainly
focuses on the performance of the energy storage system under the
system power requirement, the accuracy of the dynamic response
of the system is not very high, so choosing the battery Rint model
can ensure the accuracy of the model in a long time scale, reduce
the complexity of the model and the amount of simulation calcu-
lation. The Rint model, also known as the internal resistance model,
is a relatively simple model designed by the National Laboratory of
Idaho. Including battery ideal voltage source Uoc and battery in-
ternal resistance Ro. In addition, Ibat is the battery charge and
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Fig. 8. LiFePO4 battery charge and discharge resistance.

Table 1
LiFePO4 battery degradation model calibration param-
eters corresponding to Equation (4).

Parameter (unit) Value

A0 0.0032
B �1516
Z 0.824
Ea (J/mol) 15162
R (J/(mol$K)) 8.314
T(K) 298
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discharge current according to the following battery Rint model.
The battery Rint model is shown in Fig. 7.

IbatðtÞ¼
Vbat �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V2
bat � 4RbatPbatðtÞ

q
2Rbat

(10)

Here, Rbat represents the charge and discharge internal resistance of
the battery, which Song et al. obtained via experiments [22], with
specific data shown in Fig. 8.

In this study, without considering the cost of land, the operating
cycle of the ESS was set to 10 years [23]. Thus, the equalization cost
of the ESS is then described as follows:

u4ðtÞ¼
pricebat,Cbat,Vbat cell,t

3650*24
(11)

Here, t represents the system operating time in hours.
3.2. Optimization objectives and constraints

The difference between the predicted power and the actual
power of the given wind power plant is defined as demand power
Pdemand. When this demand power is greater than zero, the ESS
must be discharged, and vice versa. As an optimization problem,
the choice of its optimization step directly affects the size of the
optimal result. For a wind power plant, wind power is a volatile
source of electricity; therefore, short-term wind power prediction
techniques covering one to 72 h are used in power system planning
to establish agreements, dispatch energy, and trade power within
certain power markets. Medium-term forecasting is used to plan
the maintenance and energy storage operations of a wind power
plant, and the reasonable continuous discharge time for energy
storage and renewable energy cooperation should be several hours
[24]. Therefore, this paper set an optimization step size to 1 h [25].

When using the above operating cost model as an optimization
function, the corresponding constraints are as follows:

① ESS power constraint:
Fig. 7. The Rint model of battery.
0� jPbatðtÞj � Cbat (12)
② ESS capacity constraint:

0�WbatðtÞ � Cbat (13)
③ Output power constraint

0� PwindðtÞ � Cwind=Ts (14)

Here, Cwind is the nameplate capacity of the given wind power
plant.

4. Optimization for ESS matching and energy management
strategy

In recent years, scholars from various countries have conducted
many research on rule-based energy management algorithms used
in ESS instances for new energy power plants [26e28]. In such
methods, the optimal solution is obtained using a detailed division
of the system state and the working mode of the ESS. Due to lim-
itations of the rules, it is deemed impossible to consider all factors
affecting the given system. Therefore, a global optimization cannot
be properly achieved. Heuristic algorithms, such as the GA and PSO,
are simple and intuitive. However, in some cases, a global optimal
solutionmay not be obtained. To this end, in this paper, by choosing
rule-based method (RB), GA and DP, the three methods are simu-
lated and compared.

4.1. Energy management method based on rules

As shown in Fig. 9, a RB in Ref. [26] is referenced for manage the
energy flow ofWind-ESS system. Theworkingmode is summarized
as follows:

① When Pdemand(t)� 0 and the available storage capacity of the
ESS can meet Pdemand, the ESS discharges normally;

② When Pdemand(t)� 0 and the available storage capacity of the
ESS cannot meet Pdemand(t), the ESS discharges to its
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minimum power level and calculates the peaking cost of the
auxiliary service;

③ When Pdemand(t)< 0 and the available charging capacity of
the ESS can meet Pdemand, the ESS is normally charged;

④ When Pdemand(t) < 0 and the available charging space of the
ESS cannot meet Pdemand, the ESS is charged to the highest
power level and the cost of discarding the generated wind
energy is calculated.
Table 2
Parameters of GA method.

Parameter Value

Population size 500
Crossover fraction 0.9
Migration fraction 0.1
Generations 50
Elite count 1
4.2. Energy management method based on genetic algorithm

Genetic algorithm (GA) is an intelligent optimization algorithm
based on Darwin’s theory of survival of the fittest, which simulates
the evolution of natural organisms. It has the characteristics of
simple design and strong robustness. In this paper, the output
power of ESS is regarded as an individual in GA and coded in the
form of real matrix, as shown in equation n.

Jk ¼ðP1; P2;…; Pt ;…; PtmaxÞ (15)

Here, k is the k-th individual in genetic algorithm, P is the output
power of ESS at time t. The fitness function of the algorithm is:

FfitðkÞ¼maxðunðkÞÞ � unðkÞ (16)

Here, un(k) is the Wind-ESS system operating cost of the k-th in-
dividual. The convergence speed of the algorithmwill be slow if the
initial population is generated completely randomly. In order to
prevent the crossover and mutation operations in the algorithm
from destroying the optimal individuals in each generation popu-
lation, the individuals with high fitness values are directly retained
to the next generation without crossover and mutation operations.
For the GAmethod, the parameters selected in this paper are shown
in Table 2, and the flow chart of the genetic algorithm used in this
paper is shown in Fig. 10.
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4.3. Energy management method based on dynamic programming
algorithm

Dynamic programming is a mathematical technique for solving
sequential decision problems. More specifically, a dynamic pro-
gramming algorithm can determine the global optimal solution in a
reasonable amount of time. Given this, dynamic planning has a
good application prospect for the optimization of energy manage-
ment algorithms in specific operating conditions [29e32].

In this paper, the calculation of DP method is realized by the
following steps:

(1) Identify the division unit: One hour is selected as the
optimization interval.

(2) Identify the selection status: The objective situation in
which the problem develops in each stage is expressed via
different states and satisfy without aftereffect. More specif-
ically, SOCbat is selected as the state variable.

(3) Determine the decision and state transition equation: The
specific state transition is based on the state of the previous
phase and the decisionmade to obtain the state of this phase.
In this present work, the decision variable is charge and
discharge amount Pbat$Ts (since the optimization step is 1 h,
it can be neglected Ts). Given the above, the corresponding
state transition equation is as follows:
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SOCbatðtÞ¼ SOCbatðt�1Þ � PbatðtÞ=Cbat (17)
(4) Determine the evaluation function: Combining the objec-
tive function with the algorithm, the evaluation function is
set as follows:

f ðunÞ¼min
Xtmax

t¼1

Cprice½ftðSOCbatðtÞ; PbatðtÞÞþ4tðSOCbatðtþ 1ÞÞ�

(18)

Here, F represents the operating cost incurred by decision Pbat at
time t and time tþ1, while 4 represents the minimum operating
cost of the system between time t and time tþ1.

The two objective functions below use DP method to model the
life-saving degradation of the ESS caused by irregular charging and
discharging of the ESS during operation:

8>>>>><
>>>>>:

un1 ¼
 
min

Xtmax

t¼1

u1ðtÞ þ u2ðtÞ þ u4ðtÞ
!

þ u’3ðtÞ

un2 ¼ min
Xtmax

t¼1

u1ðtÞ þ u2ðtÞ þ u3ðtÞ þ u4ðtÞ
(19)

More specifically, un1 and un2 are objective functions corre-
sponding to DP method which is labeled DPA and DPB. Note that
objective function DPA does not consider battery degradation
whereas objective function DPB does. The former achieves global
optimality by rationally allocating the charge and discharge power
of the ESS, thereby calculating the charge and discharge behavior of
the corresponding ESS. Therefore, the resulting battery fading cost
is added to the cost of the first three measures. The latter objective
function comprehensively considers the four measures and uses
dynamic programming to obtain the ideal global optimal solution
of the four measures. By comparing the simulation results of these
two algorithms, it can be explain the effect irregular charging and
discharging has on the life of the ESS.

Since the state of each optimization interval in the objective
function is different, the value of the evaluation function is also
different, therefore, it is necessary to discuss the required power
and the different states that each optimization interval may reach.
Here, it can be assume that the remaining energy storage capacity
of an optimization interval is represented as Wbat(t).

When Pdemand(t)> 0, different decisions correspond to the
following three cases:

① In this case, Wbat(t)-Wbat (tþ1)�0, meaning that the ESS
cannot meet the demand power. Given this, u1(t) and u2(t)
are the objective functions described as follows:

�
u1ðtÞ ¼ 0
u2ðtÞ ¼ PdemandðtÞ þWbatðt þ 1Þ �WbatðtÞ (20)
② In this case, Wbat(t)-Wbat (tþ1)�0, but the difference here is
still less than the required power. In this case, u1(t) and u2(t)
are the objective functions described as follows:

�
u1ðtÞ ¼ Wbatðt þ 1Þ �WbatðtÞ
u2ðtÞ ¼ PdemandðtÞ �Wbatðt þ 1Þ þWbatðtÞ (21)
③ In this case, Wbat(t)-Wbat (tþ1)�0, and the difference can
satisfy the required power needed. In this case, u1(t) and u2(t)
are the objective functions described as follows:

�
u1ðtÞ ¼ Wbatðt þ 1Þ �WbatðtÞ � PdemandðtÞ
u2ðtÞ ¼ 0 (22)

When Pdemand(t)< 0, different decisions again correspond to
three different situations as follows:

① In this case, Wbat(t)-Wbat (tþ1)�0, meaning that the ESS
emits a certain amount of electricity, and the actual output of
the wind power plant is delivered to the power grid instead
of used to charge the ESS battery. In this case, u1(t) and u2(t)
are objective functions described as follows:

�
u1ðtÞ ¼ Wbatðt þ 1Þ �WbatðtÞ
u2ðtÞ ¼ 0 (23)
② In this case, Wbat(t)-Wbat (tþ1)�0, and the difference in en-
ergy here can be satisfied via the excess power generation of
the wind power plant. In this case, u1(t) and u2(t) are
objective functions described simply as follows:

�
u1ðtÞ ¼ 0
u2ðtÞ ¼ 0 (24)
③ In this case, Wbat(t)-Wbat (tþ1)�0, and the difference in en-
ergy can again be satisfied via the excess power generation of
the wind power plant. In this case, u1(t) and u2(t) are
objective functions described as follows:
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�
u1ðtÞ ¼ 0
u2ðtÞ ¼ PdemandðtÞ �Wbatðt þ 1Þ þWbatðtÞ (25)

Whenever the objective function changes, the evaluation func-
tion between the two fixed states and the state transition equation
are invariants. Finally, Fig. 11 shows the schematic diagram of DP
method.
5. Simulation results and analysis

A wind power plant with a nameplate capacity of 800MWh is
selected for simulation. From the historical operational data of the
selected power plant, as shown in Fig. 12, the weekly wind power
output monitoring data in a typical climate is selected, including
actual output data and reference load data [33].

It can be observed that the wind power plant discards a sub-
stantial amount of wind power for lacking of ESS, which results in a
high level of energy waste. Nonetheless, it can be also observe here
that the sum of the actual wind power output is slightly higher than
the sum of the predicted output, meaning that if a reasonable ESS
was added to this wind power plant, it could guarantee that its
reference load would be satisfied most of the time.

Both Li et al. [34] and Du et al. [35] have presented analyses and
economic comparisons of the efficiency and modes of the existing
energy storage equipment connected to the power grid. From their
work, BESS is deemed suitable for a variety of distributed systems
due to its flexible capacity, power characteristics, and its relatively
compact size. Further, a LiFeFO4 battery is widely used in ESS in-
stallations given its excellent durability, high energy density, and
highmonomer voltage. Table 3 lists the battery parameters selected
in this study.

Further, the on-grid price of the wind power plant is selected to
be 0.56 RMB/kWh and Cdw is selected to be 0.65 RMB/kWh [36].
According to the “2025 China Wind Power and Electricity Cost”
white paper issued by General Electric (GE) [37], Cdw is expected to
decrease to 0.34 RMB/kWh, and sets the efficiency of the converter
in the system to 95%. In view of the influence of the depth of
discharge on battery life, the battery operating range was set to
20%e90% of its SOC [38] and the initial stage and the termination
stage SOC of the battery is set to 55%. Considering the diversity of
auxiliary peaking services, this paper sets the auxiliary peaking
service price to twice the wind power grid price. In summary, four
methods are simulated and compared, in which the capacity of the
ESS is set to 500MWh. Given the above, Figs. 12 and 13 show the
output power of ESS and the degradation of battery life of four
methods.
SOC=0%

SOC=80%

SOC=100%

t=1 t=2 t=3 t=tmax-1 t=tmax Time(h)

SOCbat

optimal path

The power of battery

The power of
peaking service

The power of
discarded wind

State space

ts

Fig. 11. Schematic diagram of DP method.
As shown in Figs. 13 and 14, charging and discharging power of
four methods is compared. It can be observe that the rules-based
energy distribution system gives priority to charging the ESS,
which leads to the repeated charging and discharging of ESS,
thereby accelerating battery degradation. The working mode of GA
method is similar to that of RBmethod, but the output power of ESS
is less than that of RB method in some time periods. Due to the
limitation of the GA method, it is difficult to obtain the global
optimal solution. However, the GAmethod is still better than the RB
method to some extent. After that, the DPA method is compared
with the DPB method. Without considering battery degradation,
the DPB method pre-charge the ESS to the extent possible across
several stages when the required power is greater than zero,
whereas the remaining time is reduced as much as possible to
reserve available charging capacity. However, this charging phe-
nomenon is only concentrated within a few stages, and the
charging rate of the battery is relatively high, thereby accelerating
battery life degradation. By contrast, in DPA method, the ESS
maintains a constant current charging state in most stages while
the charging rate is lower than the former three methods, thereby
reducing the degradation of battery life. During the discharge
phase, the DPA method is also guaranteed to maintain a constant
current discharge under the premise of minimizing extra cost. More
specifically, Table 4 compares operating costs and shows ESS
degradation when Cdw is 0.65 RMB/kWh or 0.34 RMB/kWh.

From Table 4, battery degradation is reduced effectively through
the DPA degradation. Based on this method, the ESS decays within
one year of the wind storage system going online. Compared to the
rules-based results, battery degradation for DPA and DPB was
reduced by 0.626% and 0.531%, respectively. In conclusion,
compared with the other two methods, DPA under the same con-
ditions can effectively reduce overall operating costs and achieve a
noticeable cost savings.

According to above simulation results, Fig. 15 shows the optimal
output of the Wind-ESS system based on the DPA method of the
battery life degradation for different Cbat values.

More specifically, Fig. 15 shows the optimal output power of
Wind-ESS system with battery capacity ranging from 100MWh to
800MWh. The simulation results indicate that when the optimized
output power precedes Pdemand > 0, the ESS is properly charged to
meet the subsequent power requirements by utilizing the portion
of the actual output that was higher than the reference load
portion. Note that this charging behavior is limited by the capacity
of the energy storage and, therefore, it is generally not possible to
ensure that all inter-zone wind power output is higher than the
reference load. Furthermore, as the capacity of the ESS increases,
the range of load requirements that can be satisfied gradually in-
creases. but because of the operational data determined and shown
in the graphs, when the ESS has enough power and the actual
power output is insufficient (i.e., the reference load is higher than
the actual output) or if the energy storage capacity is smaller than
the storage capacity, there is no change in the optimized output of
wind power, even if it continues to increase energy storage
capacity.

When the ESS does not have enough power before the wind
power output becomes insufficient, the ESS can only output its
residual power. In an ideal situation, the optimized output gener-
ated directly by the wind can guarantee the reference load and the
total generating capacity of the system is then simultaneously equal
to the actual total power generation. To achieve this ideal state, the
reference load can be met by the wind power plant itself and the
storage system alone, while the excess power can be delivered to
the power grid in full; however, since this often requires a storage
system with a very large capacity, it is not an optimal choice in
terms of initial investment or ongoing operating costs. As such, it is
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Fig. 12. Reference load and actual output data of the selected wind power plant for our simulation and analysis.

Table 3
LiFePO4 battery cell parameters for our simulation and analysis.

Parameter (unit) Value

Nominal voltage Vbat_cell(V) 3.2
Capacity C bat_cell (A$h) 60
Energy storage (KJ) 831.6
Quality (kg) 2.5
Operating temperature (�C) �20e45
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necessary to weigh the benefits versus the costs of power genera-
tion and energy storage to ensure the right energy storage capacity
is selected.

Next, Fig. 16 shows the relationship between the calculated ESS
capacity (MWh) and the weekly operating cost (RMB) of the wind
storage system when Cdw is equal to either 0.65 RMB/kWh or 0.34
RMB/kWh.

From Fig. 16, it can observe that with the increase in ESS
0 100 120 140 160
me(h)

DPA DPB GA RB

rresponding to four methods.

0 100 120 140 160
me(h)

DPA DPB GA2 RB

rresponding to four methods.



Table 4
Comparison of operating costs and annual ESS degradation for each of the four methods.

DPA DPB GA RB

Annual degradation of ESS(%) 0.117 0.127 0.124 0.129
Weekly extra cost (Cdw¼ 0.65) (mRMB/year) 10.799 11.025 10.933 11.231
Weekly extra cost (Cdw¼ 0.34) (mRMB/year) 7.311 7.537 7.464 7.743
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Fig. 15. Optimal Wind-ESS system output power for different BESS capacities.

Y. Liu et al. / Renewable Energy 147 (2020) 2470e24832480
capacity, the operating cost of the wind storage system generally
decreased at first, then slightly increased. From the simulation data,
we determined that the operating cost of the wind storage system
reached its minimum when the capacity of the ESS increased to
approximately 945.71MWh. When the discarded electricity price
was reduced to 0.34 RMB/kWh, the optimal capacity of the ESS was
914.29MWh. Therefore, we conclude here that the operational
expenses generated by an increase in ESS capacity are similar;
however, when the discarded electricity price was reduced by
47.69%, the optimal capacity was only reduced by 3.32%, showing
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that a change in the discarded electricity price at this stage has little
effect on the optimal energy storage capacity. According to the
system’s operational mode described above in Section 2, the
existing power market and retailer may have the possibility of
acquiring discarded wind power at a low cost. Therefore, when the
unit price of the discarded wind power and the unit price of the
auxiliary peaking service differ, the changes in optimal energy
storage capacity is simulated, with the results presented in Fig. 17.

It can observe that with a decrease of Cdw and Cplo, the optimal
capacity of the ESS generally stepped down accordingly. This occurs
because as the capacity of the ESS increases, the wind output range
that can be satisfied above the reference load gradually increases.
As the energy storage capacity continues to increase, the optimized
wind output does not change, meaning that when the energy
storage capacity reaches a certain high threshold value, the wind
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Fig. 17. Optimal capacity values of the
energy that cannot be absorbed by the ESS has only a few intervals
that cause large differences inwind power output. If the capacity of
the ESS continues to increase, the effect is very limited to the point
of being negligible.

Only when the two unit prices increase sufficiently can the
operating costs, which are brought about by thewasted energy that
cannot be absorbed by the ESS within these intervals, possibly be
further reduced through the increase of ESS capacity. Therefore, if
Cdw and Cplo are sufficiently increased, the optimal ESS capacity also
increases until the next large wind power difference can be fully
processed. This then results in a large increase in capacity, which in
turn causes a rapid increase in the optimal capacity of the ESS as
Cdw and Cplo continue to increase. Conversely, if Cdw and Cplo are not
large enough, it is of little significance to continue to increase en-
ergy storage capacity. Therefore, the optimal capacity of the ESS
0.2
0.4

0.6
0.8

Cplo(RMB/kWh)

ESS given different Cdw and Cplo.



Table 5
Four distinct scenarios in which Cdw and Cplo take on different values.

Cdw Cplo

The values in scenario one 0.34 1
The values in scenario two 0.34 0.5
The values in scenario three 0.1 1
The values in scenario four 0.1 0.5

Table 6
Comparison of optimal operating costs for the four methods used in this study.

DPA DPB GA RB

The cost in scenario one (mRMB/week) 7.066 7.291 7.208 7.492
The cost in scenario two (mRMB/week) 6.085 6.194 6.154 6.280
The cost in scenario three (mRMB/week) 4.360 4.562 4.492 4.763
The cost in scenario four (mRMB/week) 3.144 3.232 3.166 3.148
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increases slowly as Cdw and Cplo continue to increase.
By determining the optimal energy storage capacity of the four

methods when Cdw and Cplo are differ, we identify four distinct
scenarios when Cdw and Cplo take on different values; we summa-
rize these four scenarios in Table 5. Simulating these four different
scenarios, we obtain the minimum operating costs of the system
and compare these results, as seen in Table 6.

From the tables, it can observe that the higher values of Cdw and
Cplo, the more operational profits are saved, indicating that the
higher values of Cdw and Cplo, the more effective of the ESS is within
the wind power plant. Compared with the GA method, the DPA
method is able to save from 0.700% to 2.939% of operating costs;
similarly, compared with the rules-based method, the DPA method
is able to save from 0.127% to 8.461% of operating costs.

6. Conclusions

In this paper, a component sizing method for Wind-ESS system
based on dynamic programming is proposed. By calculating both
the penalty power under different ESS capacity and the operating
costs of the corresponding BESS, it can be able to obtain an optimal
ESS capacity. Our simulation results show the following key results.

(1) By comparing the effects that different algorithms have on
the degradation of an ESS, it showed that the energy storage
optimization configuration method based on multi-objective
dynamic programming can effectively extend the lifespan of
the ESS and obtain the optimal energy storage capacity.

(2) It also showed that the energy storage capacity we obtained
from (1) has a positive impact on reducing the amount of
wind power that is discarded by a wind power plant, thereby
effectively reducing the operating costs of the given wind
power plant.

(3) By changing both the unit price of the discarded wind energy
and the unit price of the auxiliary peaking service, the
change in operating costs of the system and the change of
optimal capacity of the ESS is compared. It showed that the
optimal capacity of the ESS decreased stepwise as the two
unit prices decreased. This paper also determined that a
change in the unit price of the recent discarded wind energy
causes discarded wind power to have little effect on the
optimal capacity of the ESS.

Overall, the proposed method was shown to effectively consider
variations of output of a wind power plant and battery degradation
caused by the irregular charging and discharging of the BESS. A
reasonable ESS capacity configuration scheme can be achieved by
our proposed method. In future work, to obtain a reasonable ca-
pacity allocation scheme, we will take into account the character-
istics of different energy storage components, through the analysis
of the function of different energy storage components in the new
energy system. Meanwhile, we will build a small test platform to
verify the method proposed in this paper.
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