
Abstract—This paper proposes an improved control and sizing 
scheme for wind energy storage system for wind smoothing. Con-
sidering the trading rules in the electricity market, a cycle control 
strategy with progressive cycle period including one charge and 
discharge period is proposed. To determine the reference output 
and time duration of each cycle control period, a multi-objective 
optimization model is presented considering both the maximum of 
time duration of each cycle control period and the minimum of 
power variation between adjacent charge and discharge intervals. 
In the proposed control strategy, wind power is smoothed with 
flexible reference output and self-adjustable battery state of 
charge (SOC) ranges, and then the battery can be utilized without 
over-discharge. Meanwhile, the smoothed wind power with longer 
average interval duration can better benefit the wind power 
trading in electricity market. Besides, the charge/ discharge 
switch can be significantly decreased to prolong the battery life-
time. Afterwards, based on the presented control strategy, the 
sizing methodology is proposed according to the cumulative 
probability function of the charge/discharge power and energy. 
Moreover, the impact of wind power forecast error is also con-
sidered in the real-time operation. By using actual wind power 
data, case studies are fulfilled to validate the performance of the 
proposed cycle control and sizing strategy. 

Index Terms—Energy storage system, control, wind power, size  

I. INTRODUCTION
IND energy has been widely deployed in recent years 
owning to its distinguished features like inexhaustibility 
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and zero-emission [1]. However, due to its stochastic nature, 
wind energy has brought great challenge to power system op-
eration [2]. Along with the increasing penetration of wind en-
ergy, combined with the impacts from the growing demand and 
less availability of traditional fossil fuel based power resource, 
wind power system will bring more potential risks to the oper-
ation of modern power system [3]. Therefore, the stochastic 
nature of wind power generation needs to be mitigated to 
minimize its impacts on system security. Compared with other 
technologies, energy storage system (ESS) has been considered 
as the highest potential for wind smoothing [4]. Indeed, with 
advanced control strategies, ESSs have shown satisfactory 
performance in mitigating the fluctuation of renewable power 
generation [5]. 

In the last decade, researchers have paid much attention to 
the control strategies of wind energy storage system. A du-
al-layer control strategy for battery energy storage system 
(BESS) was presented to mitigate wind power fluctuation in [6]. 
An optimal control strategy was proposed in [7] to prevent 
over-charging or deep-discharging of superconducting mag-
netic ESS through SOC adjustment based on fuzzy logic con-
trol theory. Generally the fluctuation of wind generation can be 
mitigated to a certain degree in the aforementioned literatures. 
However, it should be noted that there is no specific reference 
power to demonstrate the smoothing target. In contrast, in other 
studies, wind power is smoothed with a reference power for-
mulated as a staircase function on hourly basis. A BESS-based 
operational dispatch scheme for a wind farm was proposed in [8] 
to reduce the impacts of wind power forecasting error and 
accordingly determine the optimal battery energy storage sys-
tem (BESS) capacity. In [9] sizing and control methodologies 
were presented to smooth the variability of wind power and an 
artificial neural network was introduced in control strategy to 
reduce the total cost. In [10], an open-loop optimal control 
scheme for BESS was proposed to improve the performance of 
application. Overall, the wind power outputs in the mentioned 
literatures are on an hourly basis. In fact, the wind power output 
with fixed time intervals, e.g. hourly, has not been considered 
in the SOC conditions. If the SOC has spare capacity to re-
lease/store wind energy, the time intervals can be prolonged 
rather than one fixed hour. In this way, the unused capacity can 
contribute to prolonging time durations to make wind power 
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become more dispatchable, improving the feasibility and flex-
ibility of the market trading.   

Currently, since ESS is still a non-cheap option to address 
wind power fluctuation, prolonging its lifetime should be taken 
into consideration in the process of ESS planning and real-time 
operation [11]. Moreover, over-discharge is regarded as one of 
the most serious issue of BESS, e.g. lead-acid battery [12]. For 
this reason, a number of possible solutions have been proposed. 
An improved sizing method for a wind-solar-battery system 
was presented in [13], where the  battery’s depth of discharge 
(DOD), charge/discharge current, rate and cycles to prolong 
BESS lifetime were considered in BESS control strategy. To 
mitigate the risk during electricity trading, an optimal sizing 
and allocation method was proposed in [14] through a 
cost-benefit analysis model, in which minimum SOC was set to 
protect BESS. A conventional feedback-based control scheme 
proposed in [15], where the SOC was kept within a certain 
range to achieve best utilization of BESS. In these studies, 
BESS is protected through a set of fixed SOC limits. However, 
if the limit lines are too high or too low, it will bring a waste of 
energy capacity or potential damages to the battery [16]. Be-
sides, research on the relationship between discharge power 
and the usable energy capacity in [12] shows that when the 
battery discharges with a higher power than the rated value, the 
total energy capacity will decrease rather than keep constant as 
the rated value. For example, the BESS, e.g., (1MW, 4MWh), 
discharges with 1.3MW that is higher than the rated value 
(1MW), then the total usable energy capacity is not 4MWh but 
smaller. However, the nonlinear relationship between discharge 
power and the usable energy capacity has not been considered 
in the simulation of traditional BESS control strategies. In such 
case, although SOC seems to be within the allowable range in 
the simulation, actually over-discharge has already occurred. 
Furthermore, from another aspect, the frequent switching be-
tween charge/discharge modes can shorten the battery life span 
[17], which also needs to be considered in the control strategy 
design. 

As a result, an improved cycle control and sizing strategy for 
BESS is proposed in this paper. During each control period, the 
lead-acid BESS charges and discharges once, and accordingly 
SOC varies from a peak value to a valley value. Meanwhile, 
flexible upper and lower ranges are introduced to constrain 
SOC and guarantee the utilization of the battery. During the 
determination of the range boundaries, the nonlinear model 
between discharge power and usable energy capacity is con-
sidered. Moreover, according to the SOC conditions, the time 
duration of each interval is determined to be N (N=1, 2…) times 
of the trading period (dispatch interval) in the electricity market, 
e.g. half an hour [18]. Afterwards, a multi-objective model 
attempting to maximize the cycle control duration and mini-
mize the power variation between the adjacent charge and 
discharge interval is proposed to determine each 
charge/discharge interval and reference power output. Subse-
quently the power capacity and energy capacity of the lead-acid 
battery are sized by a cumulative probability function of the 
charge/discharge power and energy. Furthermore, the real-time 

operation of the lead-acid battery is also discussed mainly 
considering the impacts of wind power forecast error. 

The rest of this paper is organized as follows. The 
charge/discharge cycle control rules are introduced in Section 
II; the multi-objective optimization model for cycle control 
strategy is proposed in Section III; capacity determination 
method based on the presented cycle control strategy is de-
scribed in Section IV; the real-time operation of BESS is dis-
cussed in Section V; case studies are given in Section VI; and 
the conclusion is drawn in Section VII. 

II. THE PROPOSED CYCLE CONTROL STRATEGY 
Lead-acid battery is regarded as suitable for mitigating re-

newable energy fluctuations due to its mature technique and 
low cost [19]. Compared with other technologies, lead-acid 
battery has been widely used over several decades. More im-
portantly, lead-acid battery is most economical in terms of cost 
of about 300 $/kWh, which is much lower than other electro-
chemical batteries. Consequently considering the huge capital 
investment requirement of grid-scale ESS, nowadays lead-acid 
battery is still a competitive technology. In this proposed con-
trol strategy, the main goals are achieving better technical and 
economical performances of the lead-acid BESS. Specifically, 
the proposed control strategy with flexible reference output and 
SOC ranges can effectively avoid over-discharge and decrease 
charge/discharge switch to prolong the battery lifetime. 
Meanwhile the smoothed wind power with prolonged interval 
durations can benefit the wind power trading in electricity 
market. 
A. Charge/discharge Cycle Control Rules 
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 Fig.1. Cycle control rules of the proposed strategy 
 

As shown in Fig.1 (a), each cycle control period includes one 
charge and discharge interval with flexible time duration. 
During the charge interval, the battery keeps charging from the 
initial value that is within the lower range until SOC reaches the 
upper range. Afterwards, the battery switches to discharge and 
SOC decreases in a monotonous manner into the lower range. 



Specifically, as shown in in Fig.1 (b), the charge/discharge 
control logic is set as follows.  

Charging strategy for BESS: 
Pw 

t > Pr 
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where Pw 
t  is the wind power; Pr 

t  is the reference power; Pc 
t  is the 

charge power; C is the rated energy capacity of BESS; SOCc0 and SOCc are the initial and terminal SOC values during the 
charge interval; and SOCL 

h ≥SOCc0≥SOCL 
l , SOCU 

h ≥SOCc≥SOCU 
l , 

[SOCU 
l ,SOCU 

h ], [SOCL 
l ,SOCL 

h ] are SOC upper and lower ranges, 
respectively. [tc0, tc] is the charge interval. ηc is the charge ef-
ficiency. 

Discharging strategy for BESS: 
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where Pd 
t  is the discharge power; SOCd0 and SOCd are the initial 

and terminal values, and SOCU 
h ≥ SOCd0 ≥ SOCU 

l , SOCL 
h ≥ SOCd ≥SOCL 

l . [td0, td] is the discharge interval. ηd shows the discharge 
efficiency. 

Among traditional micro-cycle control strategies, e.g. hourly 
interval, the reference power is calculated as the average value 
of hourly wind power. Apparently it is prone to incur 
over-discharge and frequent charge/discharge switch. Conse-
quently, the advantages of the proposed control strategy with 
flexible reference output can be summarized as follows: 

1) Monotonous charge/discharge enables BESS store and 
release relatively more energy in each charge/discharge interval. 
It guarantees the effectiveness of fluctuation smoothing and 
makes it possible to prolong the charge/discharge interval du-
ration to benefit wind power trading. 

2) The flexible reference output can effectively constrain the 
charge/discharge power and avoid over-discharge.  

3) The frequency of charge/discharge mode switch can also 
be decreased to avoid the potential damage to BESS. 
B. Flexible SOC Ranges 

The tradeoff between the utilization efficiency and potential 
damage to batteries needs to be considered when determining 
SOC ranges. The utilization may be promoted by the inappro-
priate lower range, but over-discharge is also prone to occur. 
Consequently, according to the limit settings in [13-15], [SOC
U 
l ,SOCU 

h ] and [SOCL 
l ,SOCL 

h ] in this study are preliminarily de-
termined to be [0.85,0.95] and [0.25,0.35], respectively. 
    However, such settings are based on the rated power capacity. 
In fact, BESS has an ability of high rate discharge, which means 
the battery can discharge with a higher power than the rated 
value which may occur quite often when wind power fluctuates 
dramatically [12]. However, the negative effect of the high rate 
discharge is that the usable energy capacity of BESS will be 
decreased and formulated as a nonlinear and decreasing func-
tion of the discharge power. According to the experimental data 

in [12], least square method based curve fitting function is built 
in this study. Fig.2 shows the fitting curve in which the dis-
charge power and energy capacity are the per unit values of the 
rated power capacity and rated energy capacity, respectively.  
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 Fig.2. Relationship between the energy capacity and the discharge power 
 

It can be observed that if BESS discharges with a higher rate 
value, the usable energy capacity decreases accordingly. Nor-
mally when the usable energy capacity is 1, i.e., the x and y axis 
are both 1, the maximum energy E that can be released in the 
discharge interval is computed as 

E=C·(SOCU 
h - SOCL 

l )                                (7) 
Then SOCL 

l  can be calculated by the following transfor-
mation: 

SOCL 
l = SOCU 

h -E/C                                 (8) 
However, when the usable capacity decreases to be C' (C' < 

C) , and assuming that in simulation this factor has not be 
considered in the battery management system (BMS), BESS 
will still release energy with the maximal energy limit E, then 

SOCL 
l ' = SOCU 

h -E/C'                              (9) 
where SOCL 

l ' is the actual SOC value. Obviously, SOCL 
l ' < SOC

L 
l , which means over-discharge has already occurred in such 
case. Consequently, in order to avoid this situation, SOCL 

l and 
SOCL 

h  have to be adjusted timely as follows when BESS re-
leases energy with high-rated discharge:  

SOCL 
l ' '= SOCU 

h - (SOCU 
h - SOCL 

l )·C' / C             (10) 
SOCL 

h ' '= SOCL 
l ' ' + (SOCU 

h - SOCL 
l ) ·C' / C         (11) 

where SOCL 
l ' ' , SOCL 

h ' ' are the new boundaries of lower range. 
C' is formulated as a function of discharge power Pd 

t , i.e., C'=F 
(Pd 

t ). This function may be slightly different because the bat-
teries of different manufactures may not show the exactly same 
characteristics, but the functions show similar trends. In this 
study, the curving fitting function in Fig.2 is adopted for the 
calculation of C'. Specifically, with the aim of protecting BESS, 
the SOC lower range will be adjusted as long as the instanta-
neous discharge power is larger than the rated value in the 
discharge interval in this research.  
C. Battery Lifetime Model 

Given the complicated ageing process, it is not easy to ac-
curately model the battery lifetime [20]. Generally the factors 
such as temperature, usage pattern and degradation mainly 



affect the battery lifetime. Accordingly, researches on battery 
lifetime model have been conducted to predict the remaining 
battery lifetime [21]. Among others, the method based on total 
energy throughput is relatively easy to be implemented, in 
which normally the total charge/discharge energy during the 
whole battery lifespan is treated as constant [14]. The lifetime 
of battery can be calculated as 

1

r r
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i
i
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E



   
                              (12) 

where L is the battery lifetime. Cycr is the life cycles at certain 
DOD Dr.  m is the total number of discharge intervals during a 
certain time period T. Ei is the discharging energy of the ith 
interval. 

i
o

i iE w D C                                      (13) 
where Di is the DOD of the ith  discharge interval. wo 

i  is the 
penalty coefficient to demonstrate the potential damage of 
over-discharge. When over-discharge occurs, wo 

i  will be larger 
than 1 aiming to quantify the damage by equivalently enlarging 
the energy consumption, otherwise wo 

i  will be constant as 1. 
It should be noted that for simplicity other factors such as 

temperature and charge/discharge switch have not been in-
cluded in the presented models. In fact, generally the prevailing 
energy storage stations are built indoors to maintain the tem-
perature within proper ranges. Meanwhile, the frequent 
charge/discharge switch can affect the chemical reaction pro-
cess, and obviously the decrease of charge/discharge switch can 
benefit the battery lifetime. 
III. OPTIMAL CYCLE CONTROL BASED ON MULTI-OBJECTIVE 

MODEL 
Based on the proposed control strategy, an optimal cycle 

control model is presented in this research, which can be im-
plemented progressively. The charge/discharge interval dura-
tion of each cycle control in this paper promotes the quality of 
the reference wind power. Besides, the power ramp of adjacent 
charge/discharge intervals is taken into consideration to con-
strain the overall variation of the reference output.  
A. Charge/discharge Interval Duration 

Charge/discharge interval duration of each cycle control pe-
riod is not predetermined as traditional methods, but computed 
under the proposed optimal cycle control model in this study. 
Obviously the longer intervals result in higher dispatch-ability 
of wind power, which can participate in market bidding of 
longer time horizons. Moreover, the longtime intervals can 
significantly decrease the total times of the charge/discharge 
mode switch over a certain period, e.g. one year, to greatly 
prolong the life span of battery. For this purpose, considering 
the trading rules in electricity market, the charge/discharge 
interval duration is constrained to be N times of the electricity 
trading period. The ith charge/discharge interval can be ex-
pressed as 

tc 
i =Nc·Δt                                         (14) 

td 
i =Nd·Δt                                        (15) 

whereΔt is the electricity trading period. tc 
i and td 

i are the charge 
and discharge interval duration of the ith control period, re-
spectively. Nc and Nd are positive integers.  In this study, Δt is 
0.5 hour according to the market rules in [18].  
B. Power Ramp of Adjacent Charge/discharge Intervals 

During the cycle control period, since the charge and dis-
charge energy are constrained, the reference power and the 
corresponding interval duration are mutually constrained. If the 
optimization target only focuses on the maximization of inter-
val duration, the power ramp of the adjacent charge/discharge 
intervals may become much larger. Hence, as shown in Fig.1(b), 
the power ramp of adjacent charge and discharge intervals need 
to be considered. Furthermore, the constraints of power ramp 
benefit the market bidding as well.   
C. Multi-objective cycle control model  

In this study, by maximizing each control period duration 
and minimizing the ramp rates of reference output, the 
charge/discharge interval duration and reference output are 
optimally calculated. 

1) Maximization of each control period duration: With the 
aim of prolonging each control period, the model for the ith (i=1, 
2, 3…) control interval is built as 

max ti = tc 
i  + td 

i                                       (16) 
where ti is the time duration of the ith control interval.  

2) Minimization of the ramping rates of reference output: As 
shown in Fig.1 (b), the optimization model of the ith (i ≥ 2) 
interval is mathematically formulated as a variance function. 
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s.t. 
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t  ≤ Pcmax 
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|Pd 
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where Prd 
n-1  is the reference power of the (n-1)th discharge in-

terval, Prc 
n  and Prd 

n  are the reference power of the nth charge and 
discharge interval, respectively. Pv 

n-1,n is the average value of Prd 
n-1 and Prc 

n , and Pv 
n is the average value of Prc 

n  and Prd 
n . Pcmax 

t  and Pdmax 
t  

are the maximum values of charge and discharge power, Prmax is 
the maximum value of the ramp rates. Obviously, both the ramp 
rate in the ith interval and all previous intervals are considered 
in this paper to constrain the overall variation of the reference 
output. 
D.  NSGA II--based Solution Method 

Non-dominated sorting genetic algorithm II (NSGA II) is 
considered efficient for multi-objective optimization [22]. The 
detailed implementation procedure of NSGA II in this study is 
as follow. 



Step 1) Coding: Real coding strategy is adopted for each in-
dividual that is composed by decision variables, i.e. tc 

i , td 
i , Pc 

i , P
d 
i , SOCc and SOCd. Step 2)  Initialization: The initialization contains BESS op-
eration parameters, e.g. Δt, ηc and ηd, and NGSA II calculation 
parameters, e.g. population size Z, objective number B , max-
imum generation G and hyperspace dimension D. The random 
initialization will be checked whether the parameters are 
meeting the charge/discharge rules. If not, these parameters 
need to be reinitialized. 

Step 3) Non-dominated sort: After initialization, the objec-
tive functions of each individual, i.e., ti in (16) and fi in (17), are 
calculated, and the non-dominated levels of individuals are 
determined by a fast non-dominated sorting scheme. 

Step 4) Crowing distance: If the non-dominated sort is 
completed, the crowding distance is assigned for every indi-
vidual in each population in the following manner.  

1 1
max min

m m
i ii i m m

d dd d d d
                              

 (22) 
where d m 

i+1, d m 
i-1 are the values of the mth objective function of the 

(i+1)th and (i-1)th individuals; d m 
max  and d m 

min are the maximal and 
minimal values of the mth objective function in this population. 
Larger crowing distance will result in better diversity in the 
population, and meanwhile the comparison between two indi-
viduals in different fronts is meaningless.  

Step 5) Selection and recombination:  The individuals are 
selected by a tournament selection with crowed comparison 
operator. After that, elite strategy is adopted to transmit the 
excellent individuals of a parent generation into an offspring 
generation. The new generation is filled by each front subse-
quently until the population size exceeds the current population 
size. When the iteration reaches maximum generation, NSGA 
II ends with an output of non-dominated solution. 

IV. PROBABILISTIC MODEL FOR CAPACITY DETERMINATION 
BASED ON THE PROPOSED CYCLE CONTROL 

Capacity sizing including energy capacity and power capac-
ity can be categorized into BESS planning, which is designed 
under a specific objective function with historical data over a 
certain period [23]. Considering the periodic feature of wind 
power, normally annual power data are used for BESS capacity 
determination [13].  
A. Probabilistic model for capacity determination 

According to the optimal cycle control of BESS, energy 
capacity requirements of each cycle control period are various 
due to the different time durations and reference power values. 
Considering the high price of battery per unit size, if BESS is 
required to meet the energy capacity requirements of all control 
periods, the rated energy capacity will be too large to be rea-
sonable. For this reason, an approach is presented to achieve the 
tradeoff between the performance and cost by the cumulative 
probability function (cpf) of energy capacities of each cycle 
control period during one whole year.  

1) Energy capacity: According to the optimal cycle control 
strategy, the interval duration, reference power and energy 

capacity requirement of each control period are progressively 
computed for one whole year. Consequently, the probability 
density function (pdf) of energy capacities of one whole year 
can be statistically calculated. According to the cpf of energy 
capacity, the rated value is expected to meet capacity require-
ments with the probability of p (0< p ≤1).  

P (0 ≤ Ci ≤ C ) = p                                (23) 
where P is the probability function; Ci is the energy capacity of 
the ith control period. It can be observed that the rated capacity 
is mainly determined by the selection of p. If p is too low, 
accordingly the rated energy capacity will be small, and then it 
may shorten charge/discharge interval duration and increase the 
power ramp. On the other side, if p is too high, the rated energy 
can satisfy the charge/discharge requirements, but it will sig-
nificantly increase the investment cost. For this reason, ac-
cording to the previous work in [14] and the simulation in this 
study, p is set as 0.85 aiming to get a reasonable energy capac-
ity. 

However, if Prc 
i , Prd 

i , tc 
i , td 

i  and Ci are all stochastically ini-
tialized without any constraints, the calculation burden of an-
nual wind power will be too large. Besides, if the optimization 
targets only focus on (16) and (17) with no constrains, Ci may 
be easily increased to an unreasonable value. For this reason, in 
this research Ci and ti (sum of tc 

i and td 
i ) are constrained within 

specific limits to get feasible and quick solution.    
a) Constraint of Ci: Research in [15] concludes that an ef-

fective smoothing can be achieved if the energy capacity is 
designed to be 20% - 30% of the wind power capacity, e.g., a 
10-15 MWh BESS is integrated within a 50 MW wind farm. 
With the aim to reduce the calculation burden and guarantee the 
global optimal solution, only the upper bound is adopted in this 
research and enlarged to be 50%. Considering the installed 
capacity of wind farm for simulation in this research, i.e. 36 
MW, Ci is constrained within 18 MWh.  

b) Constraint of ti: During the real-time operation of BESS 
that will be discussed in the next section, wind power forecast 
error needs to be considered. Normally the forecast error will 
increase if the forecast time horizon extends. Consequently, 
with the aim to decrease the impact of forecast error, ti is as-
sumed to be within the time scale of the very short term forecast, 
i.e. 3 hours [3].  

2) Power capacity: After Prc 
i , Prd 

i of each control period are 
determined, cpf of the charge and discharge power of the whole 
year can also be calculated. Accordingly the rated charge and 
discharge power can be determined in a similar manner. 

P (0 ≤ Pc 
t

 ≤ Pc ) = pc                                    (24) 
P (0 ≤ Pd 

t 
 ≤ Pd ) = pd                                    (25) 

where Pc, Pd are the rated power energy capacity. pc, pd are the 
probabilities for determining the charge and discharge power. 
B. Steps for implementation of the presented cycle control and 

sizing scheme 
According to the optimal cycle control rules and the proba-

bilistic model for capacity determination, steps for imple-
menting the proposed methodology are shown in Fig. 3. Due to 



the periodic feature of wind power, annual wind power data is 
used for the calculation. 

 Fig.3. Steps of implementation of the presented strategy 

V. APPLICATION OF THE PROPOSED METHODOLOGY IN 
REAL-TIME OPERATION 

After planning the rated capacity, the designed BESS will 
operate in real-time with the optimal cycle control strategy. In 
contrast with the capacity planning on basis of historical wind 
power data, in the real-time operation near-future control pa-
rameters of BESS need to be pre-computed. Wind power 

forecast provides possibility for the upcoming cycle control 
period [24]. 
A. Real-time Operation of BESS 

It is worth noticing that forecast error of wind power is in-
evitable. Furthermore, in the prevailing market trading, once 
the wind power generation schedule is submitted to the trans-
mission system operator (TSO), the schedule adjustment will 
not be allowed within a predefined hours (say 4 hours) [25]. So 
if the actual generation differs from the schedule, the wind 
power plant will take high financial penalty. Consequently, the 
forecast error needs to be addressed in the real-time operation. 

In fact, there are many choices that are suitable for address-
ing the forecast error, such as ESS or other generation units. It 
should be noted that forecast error is addressed independently 
from the lead-acid BESS. For this reason, the structure in Fig.4 
shows the proposed control scheme, in which the vanadium 
redox battery (VRB) is introduced to deal with the forecast 
error independently from the lead-acid BESS.    

 
Fig.4. Structure of the proposed control scheme 
 

Since the very short term forecast can reach high precision 
with an RMSE of 10% [16], the capacity requirements of VRB 
will not be high, so there is not necessary to concern the in-
crement of investment cost. In fact, forecast error varies fre-
quently with small amplitudes, and VRB is quite appropriate 
for the forecast error due to its long life span, low maintenance 
requirements, and especially no constraints on 
charge/discharge switch [26], so VRB is flexible to track the 
forecast error. When the forecast is above zero, VRB will 
charge and the charge power equals the forecast error, other-
wise VRB will discharge and the discharge power (negative) 
also equals the forecast error.  
B. Applicability of the Improved Methodology 

To demonstrate the applicability of the presented method-
ology, the framework of this paper is shown in Fig. 5. Generally 
control strategy of BESS is essential for a wind farm-BESS 
system both during the process of BESS planning and real-time 
operation. With the designed control strategy, capacity plan-
ning of BESS can be conducted with historical wind power data. 
Afterwards, based on the control strategy and planned capacity, 
BESS can operate in real-time application. Capacity planning 
and real-time operation of BESS require historical and forecast 
wind power data, which normally can be obtained from the 
wind power database and wind power forecast system, respec-



tively. Consequently, the presented methodology is adaptable 
for scenarios in wind farm-BESS systems, and it can guarantee 
the applicability. 

 
Fig.5. Framework of the presented methodology 

VI. CASE STUDY 
The presented control and sizing scheme is verified using 

actual power data from wind farms located on the southeast 
coast of China. The installed capacity is 36 MW. Table I shows 
the parameter setting in the case study.   

 
TABLE I 

PARAMETER SETTING IN CASE STUDY 
BESS operation parameters 

Δt Electricity trading period 0.5 h 
Pcmax 

t  maximum value of the charge power 5 MW 
Pdmax 

t  maximum value of the discharge power 6 MW 
Prmax maximum value of the ramp rates 18 MW 

ηc Charge efficiency 0.9 
ηd Discharge efficiency 0.95 
p Probability for energy capacity determination 0.85 
pc Probability for charge power capacity determination 0.95 
pd Probability for discharge power capacity determina-

tion 
0.95 

NSGA II calculation 
Z Population size 100 
B Objective number 2 
G Maximum generation 1000 
D Hyperspace dimension 6 

A. Evaluation of the Cycle Control Strategy 
Performance indexes are defined in this paper as an evalua-

tion scheme to demonstrate the advantages of the cycle control 
strategy.  

1) Total times of charge/discharge mode switch N. N is in-
troduced to evaluate the frequency of charge/discharge mode 
switch in one whole year. Obviously if N decreases, less 
damage will be incurred to prolong the lifespan of BESS. 

2) Average time duration of charge/discharge intervals tΔ. tΔ is computed as dividing the time horizon of the data by the total 
number of charge and discharge intervals. Obviously, tΔ can 
evaluate the dispatch-ability level of the reference output. The 
longer tΔ represents higher dispatch-ability of the reference 
output. 

3) Average value of fi during one whole year f. f is calculated 
by (26) aiming to show the overall variations of ramp rates of 
the reference output during one whole year. 

1
1 h

iihf f                                                (26)  

where h is the total number of control periods during one year. 
Obviously, since fi is used to constrain the ramp rate of the ith 
interval, f shows the overall variation, and the smaller f benefits 
the wind power dispatch. 

Using the annual historical wind power data, the cycle con-
trol periods can be progressively calculated, and meanwhile the 
capacity requirement of each control period can be obtained. 

TABLE II 
EVALUATION INDEXS 

Index N tΔ F 
Hourly reference output 14965 60 min 108 

Reference output in this paper 4745 110 min 65 
Table II shows the evaluation indexes of the simulation re-

sults. In traditional hourly output methods, the hourly reference 
output value is calculated as the average of wind power within 
one hour interval. Afterwards, charge/discharge mode is de-
termined by the deviation between the reference output and the 
wind power, and BESS will charge when the reference is larger 
than the wind power, otherwise ESS will discharge. 

Apparently, Table II shows that the presented control strat-
egy significantly decreases the total times of charge/discharge 
switch. Correspondingly, the average daily times of the pre-
sented strategy are 13, in contrast with 41 times of the hourly 
reference output. Obviously, the proposed control strategy 
could effectively avoid the potential damage to BESS.  
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 Fig.6 Probability distribution of the interval duration  
 

Subsequently, tΔ in the proposed strategy is calculated to be 
110 minutes, which is much longer than the hourly output.  For 
further demonstration, Fig.6 shows the probability distribution 
of the annual interval duration. It should be noted that more 
than 90% of intervals are longer than one hour, and conse-
quently this further verifies the performance of the presented 
control strategy. Furthermore, f in Table II is much smaller than 



the hourly output, which means the overall variations of ramp 
rates can be effectively constrained in this research. 
B. SOC Conditions 
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Fig.7 Comparison of SOC conditions 
 Fig. 7 shows SOC conditions of hourly reference output 
method and the proposed cycle control strategy. It can be noted 
that BESS in this research can not only fully utilize the 
size-limited capacity during each cycle control period, but also 
effectively avoid over-discharge. Besides, Fig.8 shows that 
SOC ranges are flexible to make adjustment to avoid potential 
over-discharge incurred by the high rate discharge. 
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 Fig.8 Flexible SOC ranges 
 

Fig.9 shows the reference power determined by the cycle 
control strategy. Apparently, the reference output can track the 
fluctuation pattern of the wind power. Besides, the average 
interval duration is verified to be longer than hourly output, and 
accordingly improve the dispatch-ability and the trading relia-
bility.  

Moreover, considering the seasonal feature of wind power 
variations, BESS will operate under conditions in various 
seasons. In Fig.10, four typical days of each season are chosen 
to show the SOC conditions. Obviously, SOC in mild wind 
season, e.g., summer, has less charge/discharge switch and 
longer average time duration, while BESS in winter switches 
frequently with shortest average interval duration. However, it 
can be observed that BESS has been fully used in the four 
seasons. It can be seen that the seasonal pattern of wind power 
variations have little impact on the presented control strategy. 

0 2 4 6 8 10 12 14 16 18 20 22 24

10

20

30

Time ( hour )

P (
 MW

 )

 

 

Forecast power
Reference power

 Fig.9 Reference output in this research 
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Fig.10 SOC curves of typical days in various seasons. (a) spring; (b) summer; (c) 
autumn; (d) winter   
C. ESS Capacity Determination 

By statistically calculating the capacity requirements of the 
whole year, cpf of the power and energy capacity can be 
computed and then the rated power and energy capacity can be 
statistically determined. Fig.11 shows the cpf of Pc, Pd and Ci, respectively. It can be seen that when cpf of Ci equals 0.85, the 
rated energy capacity is 10.3 MWh accordingly. 
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 Fig.11. cpf curves of the energy capacity and the charge/discharge power 
 Furthermore, from the slope of angle θ (p) of the Ci curve, as 
shown in Fig. 11 and 12, it can be observed that θ (p) can be 
roughly analyzed by three stages divided by the slope values, 



which is expressed as the value of the energy capacity variation 
(y axis) when the probability (x axis) increases per unit value. 
During the initial stage, i.e., probability values (x axis) are 
approximately within [0, 0.3], the slope values are high; and in 
the middle stage [0.3, 0.7], the slope becomes relatively lower; 
and in the end stage [0.7, 1], the slope arises again. 
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 Fig.12. Slope of cpf curve of Ci  Obviously, the high slope means that the same probability 
increment results in large energy capacity variation. In other 
words, the probability density of Ci is relatively low in this 
stage, i.e., [7.2, 8.9] MWh, as shown in Fig.11. Afterwards, the 
slope decreases in the middle stage, which means that the 
probability density of Ci increases, so there is a high probability 
of Ci appearing in this stage [8.9, 10] MWh. In contrast, during 
the end stage, the slope increases and the probability density of 
Ci falls again, but the average density is still higher than the 
initial stage. From the analysis of the probability distribution of 
Ci, it can be seen that the selection of p value, i.e. 0.85, can 
cover the area of high probability density and result in a rea-
sonable energy capacity. Consequently, the selection of p is 
reasonable and it facilitates the tradeoff between the BESS cost 
and its performance. 

Since capacity requirements of the control periods are vari-
ous while the rated energy capacity is unique, there might be a 
concern that in the following real-time operation, under the 
cycle control strategy the energy capacity determined by cpf 
may not simultaneously satisfy the equation constraints (1) and 
(2) of all periods. In fact, during the calculation when the ca-
pacity requirement is smaller than the rated value, the solution 
will adjust the reference output, and then the equations can be 
satisfied to get the feasible value. On the other side, when the 
capacity requirement is larger than the rated value, the refer-
ence output and time duration of each period can be adjusted 
according to the unused energy capacity to get an optimization 
solution. There might exist an extreme case that the time dura-
tion has been decreased to be half an hour (minimum value), 
and meanwhile the SOC has reached SOCU 

h or SOCL 
l , which 

implies there is not sufficient capacity to charge or discharge. 
Normally, such cases are caused by extreme weather like hur-
ricane. However this is actually a fairly rare occurrence. If it 
happens, Δt can be adjusted to be smaller, e.g. 15 min, to get a 
solution for such a special case. Actually such case does not 
occur during this research. 

Subsequently, according to the cpf of Pc and Pd in Fig. 11, it 
can be observed that the rated charge and discharge power are 
determined as 2.1 MW and 2.4 MW respectively.  

To fully validate the performance of the cycle control and 
sizing scheme, capacity requirements of different control 
strategies are used to verify whether the presented strategy can 
decrease the BESS capacity. To establish the basis for com-
parison, several index parameters are introduced to guarantee 
that the fluctuation smoothing performances are at a similar 
level. Besides, three cases with same average interval duration 
have been proposed. In Case 1 and 2, the reference power is 
calculated as the average value of the wind power of prede-
termined interval progressively, i.e. 110 minutes. In Case 3, the 
reference power is determined by the proposed multi-objective 
optimization. 

TABLE III 
COMPARISON OF CAPACITY REQUIREMENTS 

 Case 1 Case 2 Case 3 
Average time  

interval duration 110 mins 110 mins 110 mins 
Edev (MWh) 837 869 769 

N 12784 12784 4745 
Over-discharge Not con-

strained 
SOC range 

[0.15,1] 
Flexible SOC 

ranges 
Charge/discharge 
power capacity 4.7/5.4 MW 4.7/5.4 MW 2.1/2.4 MW 
Energy capacity  13.6 MWh 14.7 MWh 10.3 MWh 

Table III shows simulation results with annual wind power 
data. Edev shows the power deviation between the reference 
output and the smoothed wind power to demonstrate the per-
formance of fluctuation smoothing, and N is still used to show 
the frequency of charge/discharge switch. It can be seen that 
when similar average interval duration and fluctuation 
smoothing performance have been achieved, the power capac-
ity and energy capacity in Case 1 and 2 are both larger than that 
in Case 3. Specifically, the charge/discharge power in Case 1 
and 2 is 4.7/5.4 MW. The reason is that reference power in Case 
1 and 2 is progressively calculated as the average value of the 
wind power of predetermined interval, while the reference 
power in Case 3 is optimized with the proposed multi-objective 
model. Consequently, the power capacity requirement is higher 
than Case 3. Subsequently, compared with Case 1 and 2, the 
energy capacity in Case 3 has been significantly decreased with 
the presented control and sizing scheme. 

From the analysis above, it can be seen that the proposed 
cycle control and sizing scheme in this paper can significantly 
decrease the power capacity and energy capacity of BESS. 
Besides the capacity reduction, in Table III it should be noted 
that the proposed strategy in Case 3 can provide better protec-
tion to BESS by decreasing N and effectively avoiding 
over-discharge. 
D. Performance of the Real-time Operation 

Considering the precision of very short term forecast, the 
capacity requirement of VRB is much lower than the lead-acid 
BESS, and a 1MWh/2MW VRB system is selected according 
to the statistical calculation of forecast error. Fig.13 shows the 
smoothing effectiveness of wind power, which includes the 



comparisons between the forecast power, actual wind power, 
reference power and the actual smoothed power. 
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 Fig.13 Performance of the fluctuation smoothing 
 

Apparently, VRB can address the forecast error with a good 
performance. Specially, due to the limited size of VRB, be-
tween [11, 11.3] and [23, 23.3] hour minor deviations between 
reference power and the smoothed power occur. However, the 
smoothed wind power is still acceptable and the deviation also 
directly reflects the tradeoff between cost and performance. 
E. Battery lifetime analysis 

With the proposed control strategy, the average time interval 
of reference output can be prolonged and meanwhile 
over-discharge can be effectively constrained. Furthermore, if 
the lifetime of the size-limited BESS in this paper can be pro-
longed, the performance of the presented strategy can be further 
verified. According to (12), it should be noted that the battery 
lifetime has relationship with the reference wind power, which 
determines the charged/discharged energy in BESS. Accord-
ingly, battery lifetime is analyzed with three different cases. 

1) Case 1: Wind power is smoothed on an hourly basis, and 
BESS can deep discharge with no SOC limits. 

2) Case 2: Wind power is smoothed on an hourly basis, and 
SOC is constrained within [0.15, 1.0]. Whenever SOC is below 
0.25, it is treated as over-discharge and wo 

i  will increase to be 
1.5 to evaluate the damage of over-discharge. 

3) Case 3: This case shows the presented cycle control 
strategy. Wind power is smoothed with flexible reference 
output, and over-discharge has been effectively constrained 
with flexible SOC ranges. 

TABLE IV 
BATTERY LIFETIME ANALYSIS 

 Case 1 Case 2 Case 3 
Reference output Hourly Hourly Flexible 

SOC ranges [0,1] [0.15,1] Flexible 
Over-discharge Not constrained Constrained Avoided 

Edev (MWh) 4013 4771 769 
Battery lifetime 0.89 0.96 1.0 

In Table IV, battery lifetime is shown as per unit value of the 
lifetime of Case 3. It can be seen that the flexible reference and 

SOC ranges in Case 3 can avoid over-discharge effectively. 
Without SOC constraints, Edev in Case 1 is smaller than Case 2, 
but it results in serious over-discharge which affects the battery 
lifetime apparently. Although the SOC limit in Case 2 con-
strains the over-discharge to some extent, the largest Edev shows 
that the wind power in Case 2 cannot be effectively smoothed. 
Ignoring the performance of fluctuation smoothing, if only 
lifetimes are paid attention to, it can be seen the lifetimes in 
Case 2 and 3 are very close, while Case 1 has the shortest life-
time. The reason is mainly concerned with seasonal variation 
pattern of wind power. In winter, the dramatic fluctuations 
easily incur over-discharge in the hourly reference output to 
impact the BESS lifetime, while the fluctuation pattern has 
little influence on the presented strategy. Accordingly, due to 
the measures to constrain over-discharge in Case 2, its lifetime 
is longer than Case1and meanwhile close to Case 3. 

VII. CONCLUSION 
A novel optimal control and sizing scheme for BESS inte-

grated with wind farm is proposed in this paper. The simulation 
based on actual wind power data validates the performance of 
the presented scheme. By decreasing the charge/discharge 
switch and avoiding over-discharge, the proposed control and 
sizing scheme can effectively protect BESS to prolong its life-
time. Besides, the time duration distribution shows that the 
reference outputs are more dispatch-able to benefit the wind 
power trading and the SOC curves demonstrate the promotion 
of BESS utilization. The real-time operation also verifies its 
excellent performance in dealing with the forecast error. 
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