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Abstract. An intelligent wind power smoothing control using fuzzy neural network (FNN) is proposed in
this study. First, the modeling of wind power generator and the designed battery energy storage system
(BESS) are introduced. The BESS is consisted of a bidirectional interleaved DC/DC converter and a 3-arm
3-level inverter. Then, the network structure of the FNN and its online learning algorithms are described in
detail. Moreover, actual wind data is adopted as the input to the designed wind power generator model.
Furthermore, the three-phase output currents of the wind power generator are converted to dg-axis current
components. The resulted g-axis current is the input of the FNN power smoothing control and the output is
a gentle wind power curve to achieve the effect of wind power smoothing. The difference of the actual wind
power and smoothed power is supplied by the BESS. Comparing to the other smoothing methods, a
minimum energy capacity of the BESS with a small fluctuation of the grid power can be achieved by the
FNN power smoothing control. In the experimentation, a digital signal processor (DSP) based BESS is built
using two TMS320F28335. From the experimental results of various wind variation sceneries, the

effectiveness of the proposed intelligent wind power smoothing control is verified.

1 Introduction

In recent years, global warming caused by emissions
of greenhouse gases has hugely attracted the attention of
governments and general public. Therefore, the
development of renewable energy resources (RESS) to
cope with the increasing demand for electricity and to
reduce the emissions of greenhouse gases has become an
important topic especially for the most cost-effective
wind energy [1]. Thus, many large-scale wind power
plants have been built for electrical power generation.
However, wind power in many places though rich but
are vulnerable to seasonal and weather influence resulted
in the variation of wind energy output. Since the wind
speed is random in nature, the wind power generation
system should be designed to track the maximum power
point of the wind turbines [2]. In addition, if a large
number of wind turbines or wind farms are directly
connected to the power system, the need to maintain the
power and load balancing in terms of the power system
stability at all times and to ensure a smooth supply of
electricity owing to an instantaneous change of wind
power becomes a very important issue [1, 2]. On the
other hand, RERs such as wind energy can’t directly
replace the existing centralized electric energy
technologies. The centralized electric power plants are
by far well established, while the new developed RESs
are not sufficiently developed to meet the total energy
demand. Therefore, it is rational to infuse RERs into
existing grids gradually by using of the smart grid and
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power electronics technologies, and transform the power
system over time [3].

There are several methods that can be used to gentle
wind power fluctuations on the grid. The simplest and
cheapest solution involves the use of the pitch control of
the blades [4]. However, the rapid change in the blade
pitch is likely to cause torque pulsation of the wind
turbine. Since the blade usually has a large inertia, the
torque pulsation will have a direct effect on the gear box
resulted in susceptible damage on the shaft and gearbox
of the wind turbine. With the development of new
energy storage technology, the use of energy storage
systems to alleviate fluctuations of wind power on the
grid has been taken gradually in many wind farms.
Currently, the most commonly adopted energy storage
systems include hydro pump storage, compressed air
energy storage, flywheel storage [5], superconducting
magnetic energy storage [6, 7], super capacitor storage
[8, 9] and battery energy storage [10], etc. Moreover, the
use of battery energy storage system (BESS) to reduce
the volatility of the output power of wind farm with
various power smoothing control methods is an
important research topic [10-13]. Most of the researches
using a first-order low-pass filter to track the waveform
of the wind farm output power, while the difference
between the original power waveform and the smoothed
power waveform is compensated by the BESS [10].
However, the performance of the first-order low-pass
filter depends entirely on its time constant. Using a large
time constant results in a better smoothing of the output
power of the wind farm but large BESS capacity is
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required. Conversely, when the time constant is small,
the required BESS capacity decreases; however, the
resulted smoothing effect could be unacceptable.
Therefore, the compromise between the smoothing effect
of the power curve and the capacity of the BESS is
necessary; it can achieve the savings in the energy
storage capacity while allowing the power curve within
an acceptable range to improve the power quality.
Several methods have been proposed to adjust the
smoothing effect of the power curve. Examples are the
adjusting of the time constant of a resilient low-pass
filter using two-time-scale coordination [11], a dual-
layer control strategy consisting of a fluctuation
mitigation control [12], and application of the concept of
automatic segmentation moving average method [13].
These control methods can enable the BESS effectively
managing the impact of output power variation of the
wind farm.

Several intelligent control methods, such as fuzzy
and neural network (NN), have been used as wind power
smoothing control methods [5, 14]. In [5], an adaptive
linear neuro-based control with a flexible learning rate
was proposed to mitigate the power fluctuation of a wind
farm. In [14], the use of fuzzy control rules to adjust the
parameters of Kalman Filter was proposed to smooth the
output power fluctuation of a wind power generation
system. However, the fuzzy control lacks the learning
capacity to satisfactorily tune fuzzy rules and
membership functions. Therefore, the resulted fuzzy
neural network (FNN) possesses the merits capability of
both fuzzy control and NN. The FNN has shown to
obtain successful results in various control applications
[15, 16].

In this study, an FNN is adopted for the development
of wind power smoothing control. Actual wind data from
the wind farm built in Penghu archipelago, Taiwan, is
adopted as the input signal of the designed wind power
generator model in this study. Then, the three-phase
output currents of the wind power generator are
converted to -axis current components where the -axis
current represents the active power. The resulted -axis
current is the input of the FNN power smoothing control.
By using the excellent approximation and online training
abilities of the FNN with a grid power change rate
limitation, a smoothed power with very limited time
delay can be obtained. Moreover, the difference of the
actual wind power and smoothed power is supplied by
the BESS. Therefore, using the FNN power smoothing
control, a minimum energy capacity of the BESS can be
achieved with acceptable power quality of the grid, i.e.
the grid active power fluctuation limit per minute is set
to be 10% of the rated power [17]. This paper is
organized as follows. Section Il illustrates the modeling
of wind power generator and BESS. Section 111 describes
the FNN smoothing architecture including the network
structure of the FNN and its online learning algorithms.
Section IV provides some experimental results and
conclusions are given in Section V.

2 System architecture

2.1 Modeling of wind power generator

A wind turbine extracts kinetic energy from the swept
area of its blades. The power in the airflow is given by

1
Pair = EPAUB @

where B,;, is the power from the wind; p is the air
density in kg/m®; A is the exposed area in m%;, U is the
wind speed in m/s. Although Eq. (1) gives the power
available in the wind, the power transferred to the wind
turbine rotor is reduced by the power coefficient C,as

follows:
Cp=in @)
Pair
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where C, is the wind turbine power coefficient; B, is

the output power of the wind turbine. A maximum value
of C, is defined by the Betz limit, which states that a

turbine can never extract more than 59.3% of the power
from an air stream. In reality, wind turbine rotors have
maximum C, values in the range 25-45%. The

developed aerodynamic torque can then be calculated as

Tp=— @

where T, is the torque provided by the wind turbine;
o, is the speed of the wind turbine. Moreover, the
dynamic equation of the generator is in the following:

dw,
dt
where T, is the electromagnetic torque of the generator;
J is the moment of inertia of the generator; B is the
friction coefficient of the generator; w, is the speed of

the generator. Assume the generator is direct driven by
the wind turbine, then

(Tm -T; {ﬁj = We (6)

Thus, the available output power of the generator can be
represented as:

Tn=13 +Bw, +T, (5)

Noq Ty = 06T = Pying (7
where # is the efficiency of the generator.
In this study, the model of wind power generator with
2kW is established using Power SIM (PSIM) with 5
setting as 0.95 and C, setting as 0.4 as shown in Fig. 1.

Three operating modes of the wind power generator are:
(1) maximum power point tracking (MPPT) mode: when

Puind < Pmax » the wind power generator is operated at

maximum power point; (2) constant power mode: when
the wind speed is too high and the output power exceeds

the maximum output power (P__ ), P, IS required to

max
maintain at P_ ; (3) brake mode: when the wind speed
exceeds the maximum set speed, the wind turbine must
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be operated in brake mode to avoid damaging the wind
turbine mechanical structure. Moreover, to verify the
effectiveness of the PSIM model, actual wind data from
the wind farm built in Penghu archipelago, Taiwan, is
adopted as the input signal of the designed wind power

generator model as shown in Fig. 2.
2500

P iConstant Power Modé

2000 > P>

d
U +12m/s
\ 4
U =10m/s
e
1000
\4
U =8nirs Brake Mode
&~
500
U‘/: 6m/s \ \ 4 [
0 - - L g /

<

0 500 1000 1500 2000 2500 3000
Rotor Speed (rpm)

PPT Mod

-
o
=]
=]

Wind Power (W)

Fig. 1. Characteristics of wind power generator and operating
modes.
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Fig. 2. PSIM simulation of wind power generator for (a)
Profile of actual wind speed. (b) Output power of wind turbine
generator.

2.2 Battery energy storage system

In this study, a BESS with two-stage circuit
architecture is developed as a wind power power
smoothing control as shown in Fig. 3. The first stage is a
bidirectional interleaved DC-to-DC converter [18-19]
and is responsible for the two-way power transmission
between the battery terminal and the DC bus and the
control of DC bus voltage v, . The second stage is a

three-level neutral-point clamped (NPC) inverter [20]
and is responsible for supplying the power difference of
the actual wind power and smoothed power will be
supplied by the BESS. The BESS and the wind power
generation emulator are connected to the grid as shown

in Fig. 3. Moreover, in Fig. 3, ig,, Ig, , Iy are the three-

phase output currents of the wind power generator; i

oa’

i are the three-phase output currents of the

ob ' “oa

i
DC/AC inverter; V;C and V, are the DC bus voltage

command and DC bus voltage; V,, and v, are the half
high voltage and half low voltage of the DC bus voltage;

.k - -

[ bata * dbato + Ihate @r€ the input current command
and converter input currents of the of the interleave
DC/DC converter; V V;atc are the PWM voltage

and |

bata 1 Vbalb !
commands of the interleave DC/DC converter; V., V,

V: are the PWM voltage commands of the DC/AC
inverter; v, v, , V. are the three-phase voltages of the
grid; V., V;, V, are the dqO -axis PWM voltage
commands of the DC/AC inverter; i and i is the Q-
axis output current command and  -axis output current

of the wind power generator, i.e. the active power
component; idg is the d - axis output current of the wind

power generator, i.e. the reactive power component; I,
lo o loo and 1, |

current commands and dqO -axis output currents of the
DC/AC inverter; 6, is the synchronous angle obtained
i

ob ' “oa

I,, are the dgo -axis output

q !

from PLL. The axis conversion between the i_, i

oa’

andV,, Vy, Vo and V,, V,, V, are
shown in the following:
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For the bidirectional interleaved DC-DC converter,
the operating modes include boost mode and buck mode.
The former corresponds to the battery discharge state,

and the latter corresponds to the battery charge state.
Average current control method is adopted where the

difference of the DC bus voltage command V;C and DC

bus voltage V, is regulated by a proportional and
integral (PI) controller to produce the battery charge
current command i;at . Then, the current command i;at is

divided by three for the three arms of the interleaved
DC/DC converter, and the differences between the

current command and the sensed phase current | I

bata * “bath

generate the control signal commands Vv

v are regulated via individual Pl controller to

* *

«
bata ’ Vbatb ! Vbalc
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for pulse width modulation (PWM). When the current
i;at command is positive, the circuit operates in boost
mode, and the battery is discharged. Conversely, when
the current i;at command is negative, the circuit operates

in buck mode, and the battery is charged. For the three-
level NPC inverter, it is controlled by the dg0 -axis

current control. The d -axis current control is
responsible for the reactive power control by using the

reactive power current command i;o and is set to be
zero. The g -axis current control is responsible for the
active power control by using the active power current
command i, which is the difference between the

qo ’
Wind Power
Generator
Al

[N

output of the FNN i and

= Bidirectional =4~ 3.arm Al
bata o - =
interleave |y N F-  sdewl L)
w
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Fig. 3. BESS with intelligent wind power smoother.

the active power component of the wind power generator
iqg . In addition, the 0 -axis current control is responsible

for the balance of the upper half DC bus voltage V,, and
the lower half DC bus voltage V,, by using a PI

controller to generate the O -axis current command i;o .
The individual difference between the current command
I+ lgo» lo, and the current i
three PI controllers to generate the respective dqo -axis

I, 1, isregulated via

do' "go’

voltage command V,, V,, V,. Then V., V,, V, is

converted to voltage command v, V;, V: in abc -axis

for sinusoidal PWM (SPWM) by using the synchronous
angle 6,.

3 Fuzzy neural network power
smoothing control

Owing to the excellent approximation and online
training abilities of the FNN, an FNN is adopted in this
study for the wind power smoothing control. Using the
FNN power smoothing control and considering the
constraint of grid power change rate, a smoothed power
with very limited time delay can be obtained. Since the

difference of the actual wind power and smoothed
power is supplied by the BESS, thus, the minimum
capacity of the BESS can be achieved with acceptable
power quality of the grid. The network structure of the
FNN and its online learning algorithms are introduced in
this section.

3.1 FNN

A four-layer FNN as shown in Fig. 4, which
comprises the input (the [ layer), membership (the j
layer), rule (the k layer), and output layer (the o layer),
is adopted to implement the FNN power smoothing
control in this study. The signal propagation and the
basic function in each layer of the FNN are introduced as
follows: Layer 1—Input Layer: For every node 1 in this
layer, the net input and the net output are represented as

net!(N)=x*
y! = f(net'(N))=net!(N)i=1, 2 (10)
where xi =e(t); x; =6é(t); N denotes the number of

iterations.

Layer 2—Membership Layer: In this layer, each node
performs a membership function and the Gaussian
function is adopted as the membership function. For the

j th node

netf(N):—W
Vi(N)= fnet?(N))=expneti(N)} j=1, 2....n  (11)

where m; and o; are the mean and the standard

deviation, respectively, of the Gaussian function in the j

th term of the i th input linguistic variable xi2 to the
node of layer 2, and n is the total number of the
linguistic variables with respect to the input nodes.
Layer 3—Rule Layer: Each node K in this layer is
denoted by [T, which multiplies the input signals and
outputs the result of product. For the K th rule node

Output
Layer
(0)

Membership
Layer
)

Input
Layer
0}

Fig. 4. Structure of four-layer FNN.
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Vi(N)= £2ned(N)= nef(N), k=1 2.1 (12) 1 o CNelo e onelc oYy onety
where x? are the jth input to the node of layer 3; wj, =5J.22(Xi—_T”) (19)
are the weights between the membership layer and the (@)
rule layer and are assumed to be unity; |=(n/i) are Ap. - OB _ CE oyt onet? oy} anet? oy: onet?
number of rules with complete rule connection if each ! oo dys onety oyp  onet? ang 8netf doj;
input node has the same linguistic variables. 9 9
Layer 4—Output Layer: The single node 0 in this _ 52 2x7 —m; (20)
layer is labeled with X, which computes the overall ! (0ij )2

output as the summation of all input signals
4 4 4
net, (N ) = %Wkoxk (N)

yo(N)=fynet;(N)=netg(N), o=1  (13)
where the connecting weight Wﬁo is the output action
strength of the O th output associated with the k th rule;
x, is determined by the selected membership function

and 0<x¢ <1; y# is the fuzzy neural network output.

3.2 Online Parameter Training

In order to train the FNN effectively, an online
parameter training methodology, which is derived by
using the gradient descent method, is proposed. This
training scheme will increase the learning capability of
the FNN. First, define an energy function E as the
following formula:

E =%(i;g _iqg)z =%ez (14)

in which e is the difference between i;g and iqg . The

detailed learning algorithms are described below.
Layer 4—Output Layer: The error term to be propagated
is given
st_ O _| OE ce gy oya
onet? de digy dyg onety

(15)

and the weight is updated by the amount
oE OE oy onet?

AWfo =~ = ——— 20— = X,

aWko ayo aneto aWko

(16)

Layer 3—Rule Layer: Since the weights in this layer are
unity, only the error term in the following needs to be
calculated and propagated:

3 OE OE oys onet) oy}

Conet? oy® onet? oy? onet?
Layer 2—Membership Layer: The error term is
computed as follows:

so_ OB _ CE oyt onet? oy} onetd oyf
j anetj2 onet 6net§' 8yf 6net§’ ayJ? é‘netf

=Y ayi(N) (18)

The update laws of m;; and ojj are

= oWy, (17)

The mean and standard deviation of the hidden layer are
updated as follows:

mij (N +1): mij (N)+ Am”
(21)

3.3 FNN power smoothing control

In the power smoothing control, first, the output
three-phase currents of the wind power generator are
converted to dg-axis current components. The resulted g-

axis current iqg represents the active current component
of the wind power. The difference between the output of
the FNN i, and i, i.e. e(t), and it’s derivative &(t) are
the two inputs of the FNN power smoothing control.
After that, the output signal i;g is generated through the

feedforward structure of the FNN following by the
online parameters learning of the network. This cycle is
repeated every 10ms. Since the learning process is to

minimize the difference between i and i, ie. e(t),

the curve of the output of FNN i;g will be quite similar

qg ’

to the curve of iqg with limited time delay. On the other

hand, though the FNN possesses excellent
approximation ability but it is not perfect, and the non-

perfect i;g results in a more gentle wind power curve to

achieve the effect of wind power smoothing. Therefore,
the FNN wind power smoothing scheme not only can

- The need to ensure sustainability of the power system
when a large number of generating units of the DER
facilities are disconnected,

- The need to ensure the possibility of isolated operation
of all types of generating units at the DER facilities.

To effectively solve the problems mentioned
above, it is necessary to introduce new technologies in
control systems, relay protection and automation in
power districts with distributed energy resources. Let us
first consider the requirements for modern control,
protection and automation systems in power districts
with DER. effectively reduce the amount of battery
capacity but also takes the power quality of the grid into

account. In Fig. 3, the difference between i;g and i is

also indicated as 1, . When I is negative indicating
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that the output power of the wind power generator is
greater than the smoothing power, the battery will absorb

excess power. On the other hand, when i;o is positive

indicating that the output power of the wind power
generator is smaller than the smoothing power, the
battery will discharge.
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Fig. 5. Comparison of smoothing methods.(a) Average method
(b) Moving average method (c) Low-pass filter method (d)
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FNN method (i) SOC of average method (j) SOC of Moving
average method (k) SOC of Low-pass filter method (I) SOC of
FNN method.

effectively reduce the amount of battery capacity but
also takes the power quality of the grid into account. In

Fig. 3, the difference between i;g and i is also

indicated as i, . When i, is negative indicating that the
output power of the wind power generator is greater than
the smoothing power, the battery will absorb excess

power. On the other hand, when i;o is positive

indicating that the output power of the wind power
generator is smaller than the smoothing power, the
battery will discharge.

3.4 Comparison of smoothing methods

The main objective of the research is determine the
necessary capacity of BESS for use in conjunction with a
wind power generator that allows the output of combined
wind power generator and BESS to meet the connected
grid requirements, i.e. the fluctuation of injected power
to the grid should be kept below some percentage of the
rated power to maintain the grid power quality [17]. To
verify the effectiveness of the proposed control strategy,
simulation analyses were performed using the wind
power generation model and MATLAB/SIMULINK.
Actual 24 hours wind data from the wind farm built in
Penghu archipelago, Taiwan, is adopted as the input
signal of the designed wind power generator model.

The comparison of smoothing methods is shown in
Figs. 5(a)-5(d) including the average method, the
moving average method [21], the low-pass filter method
[11] and the FNN method. In Figs. 5(a)-5(d), P,ing 1S

the actual wind power and P, in the smoothed power
which can be calculated from i;g. The required energy

capacity of the BESS could be described by the
following equation:

Egess = Max{lz_ai?ipwind (ti) — Poue (ti)|)At},

F)wind > Pout or Pout > Pwind (23)

where a and a+N are the start and stop time of continues
charging or discharging; 4 is the sampling interval
which is 1s. The resulted energy capacities using (23) of
the various methods shown in Figs. 5(a)-(d) are shown in
Table | where the average method requires the largest
energy capacity of the battery and the FNN required the
smallest energy capacity of the battery. The required
power capacities of various smoothing methods are also
given in Table I using the following equation:

Paess = Maxﬂpwind(ti )~ Pout(ti )|} (24)
From the data shown in Table I, the minimum power
capacity of the BESS still can be obtained by the
proposed intelligent smoothing method using FNN.
Moreover, the responses from 13 hour to 16 hour, which
are shown in Figs. 5(a)-(d), are enlarged and shown in
Figs. 5(e)-(h). From the simulated results shown in Figs.
5(e)-(h), the time delay phenomena of the smoothed
curves of the moving average and first-order low pass
filter methods are very obvious. Only a smoothed power
curve with very limited time delay and with the
minimum energy capacity of the BESS can be obtained
by the proposed intelligent smoothing method using
FNN. Furthermore, in this study, the state of charge
(SOC) estimation using Coulomb counting method [22]
is adopted for the management of the active power. In
addition, in the energy management of Lead-Acid
battery, the ordinary minimum and maximum SOC is
10% and 90%. For the comparison of various smoothing
methods and considering the allowed minimum SOC, a
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BESS consisting of 30 Lead-Acid batteries with
12V/12Ah is adopted in this study. The resulted SOC
responses of the average method, the moving average
method, the low-pass filter method and the FNN method
are shown in Figs. 5(i)-(l). From the simulated results,
the SOC of the average method reaches nearly its lowest
limit 10%. On the other hand, there still have plenty of
capacities for all the other three methods especially for
the FNN method.
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Fig. 6. Fluctuation percentage of the injected power. (a) 1min
average window (b) 10min average window.

To further compare the smoothing performance of
various smoothing methods, the standard deviation of the
smoothed power is defined as follows:

h 2
\/Z (Pwind (ti ) - I:’out (ti )) /1 (25)

i=1

where h is the total number of sampling of 24 hours. The
standard deviations of smoothed power at various
smoothing methods are shown in Table Il where the
FNN method still has the smallest value. In addition, the
grid active power fluctuation limit per minute is set to
10% of the rated power. The satisfaction of 10% grid
power fluctuation limit using the proposed FNN is
shown in Fig. 6, where 1min average window is shown
in Fig. 6(a) and 10min average window is shown in Fig.
6(b). Therefore, the impact to the grid power quality of
the FNN power smoothing control is also promised.

4 Experimental set-up and
experimentation

4.1 Experimental set-up

The block diagram of the DSP-based BESS,
including two TMS320F28335 control boards DSP1 and
DSP2 and a PC-based wind power generator, is shown in
Fig. 7. In this study, only the active power of the wind
power, smoothed power and power supplied by the
BESS considered. The difference of the wind power
Ping and smoothed power P,, is supplied by the

Wi
BESS R Therefore, in Fig. 7, the g -axis current
control is responsible for the active power control of the

inv *
BESS by using the active power current command i;o,

which is the difference between the output of the FNN

i;g and the active power component of the wind power

generator iqg . The d -axis current control is responsible
for the reactive power control by using the reactive
power current command i, and is set to be zero.

Furthermore, the installed locations of the two power
meters are also demonstrated in Fig. 7. The values of the
two DC bus capacitors and the three filter inductors of
the inverter are 1300uF and 1.6mH respectively.

For the 2kW PC-based wind power generator, a
current-controlled PWM inverter is adopted. Moreover,
modeling of the wind power generator, field-orientation
and synchronization algorithm are realized via Simulink.
In addition, three actual wind power curves with 600s
are built in the wind power generator which are the
variation of the wind speed 7m/s-10m/s-12m/s-10m/s,
9m/s-12m/s-8m/s-6m/s and  8m/s-10m/s-5m/s-2m/s-
8m/s.

Table 1. Required energy capacity and power capacity of
battery at various smoothing methods

Moving First-order
Average Low Pass FNN
Average .
Filter
Energy
Capacity 2.64 0.576 0.539 0.43
kWh
Power
Capacity 1.125 1.0 0.915 0.877
kW

Table 2. Standard deviation of smoothed power at various
smoothing methods

Movin First-order
Average 9 Low Pass FNN
Average .
Filter
kW 0.468 0.339 0.291 0.277

Both the bidirectional interleaved DC/DC converter
and 3-arm 3-level inverter are implemented using an
intelligent power modules (SK30MLI066) manufactured
by Semikron Co. with a switching frequency of 10 kHz.
The capacity of the inverter is 5kW and the DC bus
voltage is 430V. Moreover, the battery is consisted of 30
Lead-Acid batteries with 12V//12Ah. In addition, to show
the effectiveness of the wind smoothing control with
small number of neurons 6 and 9 are adopted at the
membership and rule layers in the FNN by empirical
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rules to achieve fast dynamic responses of the smoothing
control and to reduce the execution time simultaneously.

4.2 Experimentation

The experimental results using the proposed FNN
smoothing method at the wind speed variation condition
7m/s-10m/s-12m/s-10m/s are shown in Fig. 8 where the
wind power and the smoothing power are shown in Fig.
8(a); the measured three-phase currents at the wind
power generator are shown in Fig. 8(b); the measured
three-phase currents at the grid side are shown in Fig.
8(c); the measured three-phase output currents of the
inverter are shown in Fig. 8(d). Moreover, the
experimental results using the proposed FNN smoothing
method at the wind speed variation condition 9m/s-
12m/s-8m/s-6m/s are shown in Fig. 9 where the wind
power and the smoothing power are shown in Fig. 9(a);
the measured three-phase currents at the wind power
generator are shown in Fig. 9(b); the measured three-
phase currents at the grid side are shown in Fig. 9(c); the
measured three- phase output currents of the inverter are
shown in Fig. 9(d). Furthermore, the experimental results
using the proposed FNN smoothing method at the wind
speed variation condition 8m/s-10m/s-5m/s-2m/s-8m/s
are shown in Fig. 10 where the wind power and the
smoothing power are shown in Fig. 10(a); the measured
three-phase currents at the wind power generator are
shown in Fig. 10(b); the measured three-phase currents
at the grid side are shown in Fig. 10(c); the measured
three-phase output currents of the inverter are shown in
Fig. 10(d). From the experimental results of various
wind variation conditions, the effectiveness of the
proposed intelligent wind power smoothing control is
obvious. The phenomena of time delay are very limited
at all test conditions. In addition, from the measured
three-phase currents at the wind power generator, the
measured three-phase currents at the grid side and the
measured three-phase output currents of the inverter, the
difference between the three-phase currents at the wind
power generator and the three-phase
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Fig. 8. Experimental results using FNN smoothing method at
wind speed 7m/s-10m/s-12m/s-10m/s. (a) Wind power and
smoothing power (b) Measured three-phase currents at wind
power generator (c) Measured three-phase currents at grid side

(d) Measured three-phase output currents of inverter.
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Fig. 9. Experimental results using FNN smoothing method at
wind speed 9m/s-12m/s-8m/s-6m/s. (a) Wind power and
smoothing power (b) Measured three-phase currents at wind
power generator (c) Measured three-phase currents at grid side
(d) Measured three-phase output currents of inverter.
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Fig. 10. Experimental results using FNN smoothing method at
wind speed 8m/s-10m/s-5m/s-2m/s-8m/s. (a) Wind power and
smoothing power (b) Measured three-phase currents at wind
power generator (c) Measured three-phase currents at grid side
(d) Measured three-phase output currents of inverter.

currents at the grid side is compensated by the three-
phase output currents of the inverter at all test
conditions.

5 Conclusions

An intelligent wind power smoothing control using
fuzzy neural network (FNN) has been successfully
developed in this study. By using the excellent
approximation and online training abilities of the FNN, a
smoothed power curve with very limited time delay has
been obtained. Moreover, the difference of the actual
wind power and smoothed power is supplied by the
BESS. Comparing to the other smoothing methods, a
minimum energy capacity of the BESS has been
achieved using the FNN power smoothing control. From
the experimental results of various wind variation
conditions, the effectiveness of the proposed intelligent
wind power smoothing control has been clearly shown.
In addition, the fluctuation of injected power to the grid
per minute is kept below 10% of the rated power to
maintain the grid power quality at all test conditions. The
major contributions of this study are: (1) the
development of a BESS which is consisted of a
bidirectional interleaved DC/DC converter and a 3-arm
3-level inverter; (2) the development of an intelligent
wind power smoothing control using FNN; (3) the
minimum energy capacity of the battery and a small
fluctuation of the grid active power being achieved
simultaneously by using the FNN wind power smoothing
control.
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