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EKF-based TS fuzzy prediction for eliminating the extremely fast reactive 
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A B S T R A C T   

The inherent time-varying nature of the wind farm power causes undesired voltage flicker in the power network. 
In order to mitigate the flicker to enhance the performance of the wind power system with very fast dynamics, 
the static VAr compensator (SVC) is utilized. However, the SVC operates with some delays which negatively 
affects its performance. This persuades us to predict the reactive power of the wind farm to compensate for the 
real-world delay. The predicted reactive power is then utilized in the SVC. Therefore, this paper develops a novel 
fuzzy one-step-ahead prediction approach for the wind farm reactive power. The proposed fuzzy prediction uses 
a Takagi-Sugeno (TS) fuzzy representation whose unknown parameters are tuned online based on an extended 
Kalman filter (EKF). The wind farm is modeled as a time-varying current source which its amplitude and phase 
change every 0.01 s. A large set of the actual data of a wind farm in Manjil, Iran is gathered and directly utilized 
in the simulation process. Several flicker indices are calculated to evaluate the proposed prediction method. The 
obtained results show the performance enhancement and flicker mitigation of the suggested power scheme.   

1. Introduction 

In recent years, with the emerging and advance of renewable energy 
sources technology, renewable energy sources are considered as a suit-
able replacement for the conventional fossil-based energies [1–3]. Wind 
power is one of the most important and available energy which can 
compensate the power shortage in distribution grids. Studies and fore-
casts show that the percentage of wind turbine installed capacity has 
been increasing in almost consecutive years [4,5]. Although wind en-
ergy as one of the most important sources of renewable energy can 
compensate the power shortage in the power network, however it can 
cause problems due to some of its features. For instance, the stochastic 
nature of wind speed profile makes output power of the wind farms 
impermanent and time varying which have a major impact on output 
power planning, and system stability [6]. This subject affects the active 
and reactive power of wind farms even in the extremely short time in-
tervals which causes the voltage flicker in the PCC bus. 

Some references have studied the flicker caused by wind farms. For 
instant, in [7], a neural network-based model is suggested to study the 
effect of flicker produced by wind farms. The effective parameters on the 
caused flicker, such as mean of wind speed, network short circuit 

capacity, network impedance angle and local load are considered as the 
input of the neural network. The flicker is calculated for different values 
of these parameters and compared with predicted values of the neural 
network. In [8] the wind turbine voltage and current are measured to 
calculate the instantaneous flicker and the short-term flicker. A method 
for reducing the flicker of DFIG wind turbines is offered in [9]. A com-
bined method in which, in addition to the reactive power controller, it 
utilizes an energy storage system is implemented for flicker mitigation. 
In [10] the aim is studying the effect of vertical wind shear on voltage 
flicker. For this purpose, a squirrel cage wind turbine is modeled 
considering the velocity equal to the actual wind speed. All velocity 
parameters are considered constant except the vertical wind shear. 
Voltage flicker is calculated with the equations of order 2 to 6 which take 
into account all the effective factors in the installation of wind turbines. 
In [11] a network has been modeled to calculate the flicker related to 
wind farms in continuous and switching modes. In [12], the disturbance 
impact of flexible blade and tower on the rotor speed is theoretically 
studied by considering the effect of short-circuit capacity. The change in 
the blades shape of the flexible tower may cause a disturbance in power 
and voltage. Also, the impact of structural flexibility is closely related to 
wind speed and short circuit capacity, which affects flicker as well. The 
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effect of flicker emissions produced by the wind generator on the power 
quality of the distribution feeder is described in [13]. This analysis has 
been performed on the IEEE 37-node test feeder for different scenarios 
changing the wind generation power and power factor, as well as the 
power factor at the beginning of the test feeder at the connection to the 
230 kV network. 

Wind farms which use old turbines such as squirrel cage induction 
generator or wound rotor induction generator produce more flicker, 
which increases when connected to long feeders. Currently many wind 
farms of this type are used in many parts of the world [14]. One of these 
farms, is Manjil wind farm (built in 1992), the largest wind farm in 
northern Iran [15], which is the studied system of the present study. The 
active and reactive power variations of Manjil wind farm with a sam-
pling time equal to 0.01 s of active and reactive powers is studied in 
[16]. In order to reduce the flicker caused by this type of wind farms, 
reactive power compensators can be used to reduce reactive power 
variations and prevent flicker. SVC and STATCOM are the two main 
tools for reactive power compensation. However, SVC generally used is 
used to reduce the reactive power variations and thus to reduce voltage 
fluctuations [17] as it is less expensive. Currently there are many power 
plants where SVCs are installed and operational [18–21]. 

Although SVC has less price than STATCOM, however it is unable to 
fully compensate for reactive power variations due to a time delay of 
about half a cycle in response. This time delay is caused by the delay of 
reactive power calculation and an inherent delay in thyristors ignition. 
The time delay makes the compensator unable to follow the fast reactive 
power variations of the wind farm and therefore not fully compensate 
for the flicker. In [22] a solution to compensate SVC time delay is pro-
posed by which the forecasted reactive power for the next half cycle is 
utilized in the SVC control system. In [15] the impact of the time delay 
on the performance of SVCs connected to Manjil wind farm has been 
studied and ARMA models have been used to predict the reactive power 
for the next half cycle. However, that approach has two drawbacks. I) 
the coefficients of the ARMA model are trained offline. However, it takes 
time to accurately compute the optimum values. Also, the behavior of 
the wind farms changes fast and offline training is not a good solution. 
II) The behavior of reactive power variations of wind farms is nonlinear 
and the linear ARMA model is not proper. Thereby, it still needs more 
effort to provide an online and accurate nonlinear modeling of reactive 
powers to regulate SVCs. 

The conventional linear modeling methods can be applicable to 
nonlinear systems, if they are merged with Takagi-Sugeno (TS) fuzzy 
systems [23]. A TS fuzzy model is a fuzzy aggregation of nonlinear 
membership functions and local linear ARMA representation of a 
nonlinear system [24,25]. A TS fuzzy model facilitates extending the 
conventional linear modeling theory to nonlinear systems, because it 
comprises several ARMA models [23]. Though, due to appearing of 
nonlinear membership functions, the parameter tuning is not simple 
task. Different learning methods are suggested to train TS fuzzy models, 
such as particle swarm optimization (PSO) [26], genetic algorithm (GA) 
[27], gradient descent [28], mean square [29], least squares [30], and 
Kalman filter (KF) [23,27,31]. In [27], the EKF is employed to train the 
parameters of the TS type-2 system. In [31], an EKF-based learning al-
gorithm is proposed to adjust the fuzzy model parameters. The Kalman 
filter formulations are obtained by solving the minimization problem of 
sum of square of estimation error in the presence of white noise. It is 
known that the gains of Kalman filter are the optimal and robust solution 
to reduce the effect of white noise on the estimation. This makes the 
overall formulation robust against noise. A Kalman filter can be 
considered as a two-stage formulation. In the first stage, the properties 
of the noise and estimation error are updated by using the propagation 
of noise through the system dynamics. In the second stage, measure-
ments are utilized to update the estimation. Thereby, Kalman filters are 
inherently more robust than the gradient descent [28], mean square 
[29], least squares [30] methods. On the other hand, compared with 
offline estimators, the online and recursive approaches require low 

computational burden. The reason is that, in the recursive approaches, 
an initial guess is considered. At each iteration, based on a new mea-
surement, the algorithm of recursive approach is performed to update 
the initial guess. Since, the recursive approaches only analyze and use 
one measurement, this makes them applicable and effective in online 
processes. Furthermore, heuristic methods such as particle swarm 
optimization (PSO) [26], genetic algorithm (GA) [27], require online 
(and mostly nonlinear, which is the case of this paper) optimization 
problem to be solved, which is in general nonlinear. This increases the 
computational burden. On the other hand, the Kalman filter does not 
need any online optimization problem and at each step, a determined 
algorithm is performed. 

Keeping in mind the recent advances and opportunities of TS fuzzy 
modeling in an online manner, this paper adopts a novel nonlinear 
modeling and prediction for wind farm reactive power. The online 
trained fuzzy representation is then considered to provide a proper 
reactive power reference for the SVC such that it mitigates the flicker. 
The online training of the TS fuzzy model is performed by an Extended 
Kalman filter (EKF) with small online computational burden. The pa-
rameters of the fuzzy membership functions and the linear ARMA rep-
resentations are adjusted through the EKF. Moreover, the wind farm is 
considered as a current source with time-varying phase and amplitude 
which are changing every 0.01 s based on the real records. A large set of 
actual records gathered from a wind farm in Manjil-Iran is used directly 
in the simulation process. Compared to the existing results, the sug-
gested approach can effectively capture the probabilistic behavior of the 
wind farm power, as it is updated online. Moreover, due to the inherent 
nature of the TS fuzzy model, it is able to model the wind farm reactive 
power variations with an ARMA representation with low order. So, few 
number of reactive power past values are needed to do the one-sample- 
ahead prediction. 

The main novelties and advantages of the adopted approach are 
summarized as follows:  

(1) Despite there are many studies related to very short-term, short- 
term, medium-term and long-term forecasting of wind power, yet 
there are few studies for the extremely short-term forecasting of 
wind power (with 0.01 s power samples). The proposed method 
trains a nonlinear TS fuzzy model to predict the reactive power 
more accurate than state-of-the-art methods.  

(2) Although both the proposed approach and the ARMA approach 
predict the one-step-ahead value (which outperforms the con-
ventional SVC), the proposed approach provides more accurate 
estimation than the ARMA approach. The reason is that, the 
reactive power variations in a wind farm act highly nonlinear and 
their modelling and prediction should be done nonlinearly. The 
ARMA approach uses a linear representation to predict the power 
of the wind farm. Meanwhile, the proposed approach uses a 
nonlinear fuzzy ARMA model. Since the proposed approach is 
nonlinear, it provides more accurate modelling and estimation 
than the linear ARMA approach. Consequently, based on the 
proposed approach, the flicker can be better compensated than 
the ARMA approach.  

(3) In comparison to EKF-based approaches [27,31], it should be 
noted that these approaches offer more complicated algorithms 
to update the model approaches. A nonlinear TS fuzzy model 
contains two kinds of parameters; premise parameters and ante-
cedent parameters. In [27,31], the premise parameters are esti-
mated in prior by using other approaches such as PSO or gradient 
descent. Then the antecedent parameters are updated by the EKF. 
It is expected that by combining the PSO or gradient descent with 
EKF, the overall modeling accuracy is improved. However, both 
approaches consider an offline procedure to partially update the 
fuzzy model parameters or a fully online procedure with online 
nonlinear optimization to completely update the parameters. In 
comparison with those approaches, the proposed approach only 
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uses the EKF algorithm to update the parameters. This makes it a 
suitable solution for online implantation. So, in summary, the 
approaches [27,31] may result in better performance than the 

proposed approach by the expense of highly online computa-
tional burden.  

(4) The proposed method is robust against noisy easements and 
probabilistic behavior of the wind speed profile.  

(5) A proper model for the wind farm to simulate and evaluate the 
performance of the SVC based on the real data is proposed. To 
illustrate the performance enhancement of the SVC-based flicker 
mitigation technique, numerical results based on real gathered 
data of wind farm in Manjil, Iran are provided. It is shown that all 
flicker indices are effectively improved. 

This paper is continued as follows: In Section II, the details of the real 
recorded data is discussed. In Section III, the Kalman-based fuzzy 
approach to regulate the SVC is proposed. In Section IV, four flicker 
indices are defined to evaluate the performance of the proposed 
approach. In Section V, numerical results are compared with the existing 
methods. 

2. Description of gathered real data 

To provide a realistic flicker response and compensation, in this 
paper, the actual voltage and current data of the wind farm in Manjil, 
Iran is collected. The instantaneous voltage and current time series are 
collected for different climate situations. The considered wind farm in-
volves 108 and 66 wind turbines with wound rotor and squirrel cage 
induction generators, respectively. The wound-rotor induction wind 
turbines are rated at 660 kW; meanwhile, the squirrel cage induction 
ones are rated at 330, 500 and 550 kW. The squirrel cage rotor turbines 
are connected to Y/∆ transformers and they are then linked to the 
switching substation. Data is recorded at the PCC side of the substation 
which is feeding 18 squirrel cage rotor induction wind turbines. Totally, 
there are 109 three-phase (or 327 one-phase) records. Every record in-
cludes an interval of 10 s three-phase instantaneous voltages and cur-
rents of the wind farm with the sampling time equal to 128 µs. Based on 
the gathered data, active and reactive powers are computed via the full 
cycle integration method that is updated every half cycle [32]. So, for 
every record the active and reactive powers can be considered as time 
series with sampling time equal of 0.01 s and total length equal to 1000 
samples (=10/0.01). 

Fig. 1. . The reactive power flow in the network. (a) Without SVC (b) In presence of SVC (c) In presence of SVC with the one-step-ahead forecasting block.  

Fig. 2. (a) The overall schematic of the wind farm model and SVC. (b) A simple 
circuit used for (1). 
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3. Reducing flicker in wind warms with SVC 

3.1. The theorical basis 

The flicker happens due to the source reactive power variations. As it 
is shown in Fig. 1(a), without the compensation by the SVC, the source 
reactive power is equal to the wind farm reactive power. In this case, the 
wind farm reactive power variations generate a considerable flicker in 
the network. 

SVC is employed to compensate these variations by injecting a 
reactive power at the opposite direction of the wind farm reactive 
power. For ideal performance of SVC without delay, the source reactive 
power will be Qs(k) = Q(k) − Q(k) = 0. However, SVC is unable to fully 
compensate for reactive power variations due to a time delay of about 
half a cycle in response. This time delay is caused by the delay of reactive 
power calculation and an inherent delay in thyristors ignition. It, makes 
the compensator unable to follow the reactive power fast variations of 
the wind farm and therefore not fully compensate for the flicker. As can 
be seen in Fig. 1(b), the output reactive power of SVC is Q(k − 1). In this 
case the source reactive power is Qs(k) = Q(k) − Q(k − 1). Due to fast 
variations of reactive power, one has Q(k) ∕= Q(k − 1). Consequently, 
the output power differs from its ideal value. 

In Fig. 1(c), the improved SVC approach with prediction is given 
[15]. Based on the values of up to now [Q(k), Q(k − 1),…, Q(k − n)], the 
future value of power variation is predicted Q̂(k + 1). Then, the SVC 
compensates for this value with a delay and produces ΔQ̂(k). Therefore, 
the final reactive value will be Q(k) − ΔQ̂(k). If the estimation Q̂(k+1) is 
accurate enough, then the final value Q(k) − ΔQ̂(k) will be almost equal 
to zero. 

3.2. Wind farm modeling 

Fig. 2 shows the wind farm model besides an SVC, which compen-
sates the variations of wind farm reactive power. As can be seen in Fig. 2, 
the wind farm is modeled as a current source in which the amplitude and 
phase change every half cycle. Based on Fig. 2(b), the wind farm 
amplitude and phase I(k) and δ(k) are derived based on the following 
relations 
{
P(k) + RI(k)2

= EI(k)cos(δ(k))
Q(k) + XI(k)2

= − EI(k)sin(δ(k))
(1)  

where P(k) and Q(k) are the active and reactive power time series in the 
k-th half cycle, E, R, and X are parameters of the Thevenin equivalent 
circuit. The utilized wind farm model in the present paper directly uses 
the practical records. Regarding every record, the P and Q time series are 
gathered. As it is discussed in section II, every time series contains 1000 
samples. For every sample of the time series (P(k) and Q(k)), Eq. (1) is 
solved, and I(k) and δ(k) are attained for every half cycle (0.01 s). 

3.3. TS fuzzy model 

A TS fuzzy representation is commonly constructed based on several 
fuzzy rules with nonlinear consequent premise variables and linear 
input-output representation. Since they are universal approximators, the 
TS fuzzy representations with sufficiently large number of fuzzy rules 
are able to capture the behavior of time series precisely with the desired 
accuracy [33]. The overall TS fuzzy system with singleton fuzzifier and 
center average defuzzifier is constructed as follows [31]: 

y(k) =
∑r

l=1

∑n

j=1
hlaljuj(k) (2)  

where k stands for the sampling instance, uj(.) for j = 1,…, n and y(.) are 
the inputs and output, respectively and n is the number of fuzzy inputs. 
Note that due to the considered issue of estimating the future reactive 

power, the TS fuzzy model (2) comprises one output. Moreover, al
j for j =

1,…, n and l = 1,…, r are the sequence parameters and r is the number 
of fuzzy rules. and hl are the normalized membership functions depen-
dent on the inputs uj(.), in general. 

The goal is to calculate the parameters of consequents parts in the 
presence of given membership functions. 

3.4. Application of EKF to train TS fuzzy model 

In this paper, the extended Kalman filter (EKF) is developed to es-
timate the parameters al

j online. On the other hand, the EKF algorithm is 
present able to estimate the state vector of a nonlinear system. Thereby, 
the EKF cannot estimate the unknown parameters of (2), directly. To 
solve this problem, it is necessary to construct a proper state-space 
system that its states are the unknown TS model parameters. To do so, 
consider the following system: 
⎧
⎪⎨

⎪⎩

a(k + 1) = a(k) + w(k)

y(k) =
∑r

l=1

∑n

j=1
hlaljuj(k) + v(k)

(3)  

where a(.) = [a1(.),…, an(.)]
T is the vector of consequence parameters. 

As can be seen in (3), the unknown parameters of the TS fuzzy system are 
involved in the state-space representation a(k + 1) = a(k). This repre-
sentation mandates that the parameters are constant. However, in 
practice such a consideration is not completely true. Therefore, a sto-
chastic noise w(k) is added to stand for the unknow variations in the TS 
fuzzy system. Additionally, since practical measurements of reactive 
power is subjected to noises and inaccuracies, the noise v(k) is added. 
The two stochastic white noises w(k) and v(k) are independent from each 
other [34]. 

3.5. EKF algorithm 

Inspired from Vafamand et al. [23], the following nonlinear Kalman 
filter approach on the basis of the EKF is utilized:  

• Initialize the filter conditions as 
{
â+(0) = E{a(0)}

P+
a (0) = E

{
(a(0) − â+(0))(a(0) − â+(0))T

} (4)   

For k = 1, 2,… the following recursive algorithms are performed:  

• Time update 
{
â − (k) = â+(k − 1)
P−
a (k) = P+

a (k − 1) + Q(k − 1)
(5)   

where Q(. ) is the covariance of the noise w(.).  

• Consequent parameter measurement update 

Ka(k) = P−
a (k)H

T
k

(
HkP−

a (k)H
T
k + R(k)

)− 1 (6)  

â+(k) = â− (k) + Ka(y(k) − Hk â − (k)) (7)  

P+
a (k) = (I − KaHk)P−

a (k) (8)  

Hk =
∂y(k)
∂a

⃒
⃒
⃒
⃒
â
−
(k)

(9) 
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where R(.) is the covariance of noise v(.). To derive the mathematical 
derivation (9), consider the TS system output (2) is linearized with 
respect to Consequent parameters. Therefore: 

∂y(k)
∂a =

[
∂y(k)
∂alj

]

r×n

where
∂y(k)
∂alj

= hluj(k) (10)  

3.6. Structure of TS fuzzy model to predicate the reactive power 

In [15], it is shown though the experimental results that the present 
value of the wind farm reactive power can be formulated as a function of 
previous values of the instantaneous power. This property can be 
extended to the case of predicting the future reactive power values based 
on the present and previous values. Though in [15], a linear ARMA 
model with the order of about 5 is used and its parameters are updated in 
an offline manner. 

In contrast to [15], in this paper, a nonlinear fuzzy ARMA model is 
considered and trained online. To identify the nonlinear nature of the 
reactive power time series, this paper employs the TS fuzzy model of the 
following form: 

y(k) =
∑r

l=1

∑3

j=1
hlaljuj(k) (11)  

where al
j for j = 1,…,4 are the fuzzy coefficients, and u1(k) = 1, u2(k) =

y(k − 1), u3(k) = y(k − 2), and y(i) is the ith instance of the reactive 
power. 

By increasing the number of fuzzy rules, the accuracy of the obtained 
model is increased; meanwhile, the online computational burden will be 
also increased. So, there exists a tradeoff between the accuracy and 
computational burden. In this paper, the number of rules is chosen to be 
4. Thereby, 4 Gaussian fuzzy membership functions of the following 
form are considered: 

hl = e
−
∑3

j=2

(
uj − μlj

)2

βlj
2

(12)  

where μl
j and βl

j are the parameters of the membership functions. For the 

value for the mean (i.e. μl
j) and variance (i.e. βl

j) values of the mem-
bership functions are selected based on the minimum and maximum 
values of powers. In other words, the mean values are linearly distrib-
uted on the interval starting and ending by the minimum and maximum 
values, respectively. And, the βl

1 = β = μl+1
1 − μl

1. Then, based on the 
recursive approach (5)-(10), the wind farm active and reactive powers 
are modeled. The overall modeling approach and its interaction with the 
power system is shown in Fig. 3. 

4. Reactive power indices 

Four performance indices are considered in this paper to evaluate the 
performance of the VSC in reducing the flicker. 

From 

ΔV =
ΔQ
Ssc

(13)  

it is inferred that the voltage fluctuation is proportional to the reactive 
power deviations. Therefore, the reactive power variations can be used 
as a suitable indicator for the flicker. 

Three of the considered performance indices are defined based on the 
power spectral density (PSD) for a specific frequency range. The PSD of a 
signal is defined as 

PSD(f ) =
1
Nfs

⃒
⃒
⃒
⃒
⃒

∑N

i=1
e(i)e− 2πfi

⃒
⃒
⃒
⃒
⃒

(14)  

where i is the sample number, N denotes data record length, and PSD(f)
represents the PSD of the signal at frequency f . Also, fs = 100 Hz [15]. 

4.1. Flicker mitigation factor (FMF) 

The first index is flicker mitigation factor (FMF) for the jth recorded 
data (FMFj) can be expressed as 

FMFj =
∑25

f=1c(f )PSD
qs
j (f )

∑25
f=1c(f )PSD

q
j (f )

(15)  

where PSDqs
j (f) represents the PSD of the source reactive power varia-

tions of the jth recorded data at the frequency f . PSDq
j (f) is the PSD of the 

net source reactive power that is not compensated. Whereas each of the 
flicker frequencies influences the flicker differently, the flicker sensi-
tivity weighting factor c( f) is considered for each frequency according 
to the IEC 868 standard [35]. 

4.2. High-frequency mitigation factor (HMF) 

The second performance index is the high-frequency mitigation 
factor (HMF). This index evaluates the effect of prediction block on the 
flicker high frequencies rang, because the prediction block may enlarge 
the such frequencies. This performance index is in frequency range f =

16,…,25 Hz. The HMF for jth recorded data (HMFj) is defined as 

HMFj =
∑25

f=1PSD
qs
j (f )

∑25
f=1PSD

q
j (f )

(16)  

4.3. Variation mitigation factor (VMF) 

The fourth index, variation mitigation factor (VMF), is defined as 

VMF(f ) =
∑327

f=1PSD
qs
j (f )

∑327
f=1PSD

q
j (f )

(17) 

In an ideal reactive power compensation case, the VMF should be 

Fig. 3. The proposed procedure to model the wind farm.  
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zero for all frequencies. In (17), the value 327 is the total number of 
records. 

4.4. Standard deviation (STD) 

The fourth performance index is the ratio of the standard deviation of 
source reactive power variations with the SVC (i.e. stdqs

j ) and without the 
SVC (i.e. stdq

j ). This performance index evaluates the SVC capability in 
decreasing the whole variations of reactive power and is defined as 

STDj =
stdqsj
stdqj

(18)  

5. Assessment of the proposed model 

To evaluate the advantages of the proposed EKF-based TS fuzzy 
approach, it is compared with the ARMA approach [15], and the con-
ventional SVC thorough which the delay is not compensated. Numerical 
simulations are performed using gathered real data form the Manjil 
wind farm in Iran. 

Considering one of the actual records, the real data of the reactive 
power time series supplied by the main grid is illustrated in Fig. 4. 

The reactive power variations for the conventional SVC, ARMA 
approach, and the proposed approach are provided in Fig. 5(a)-(c). As 
can be seen in Fig. 5, both ARMA [15] and proposed approaches provide 
a smaller total reactive power variation than the conventional SVC. 
Additionally, the proposed approach outperforms the ARMA approach 
[15]. 

Fig. 6 shows the instantaneous flicker sensation based on the con-
ventional SVC, ARMA, and proposed approaches. The instantaneous 
flicker is calculated based on IEC 868 [35] with the system short circuit 
power 50 MVA. As can be seen in Fig. 6, although deploying SVC with 

Fig. 4. Total net of the source reactive power without SVC for one record.  

Fig. 5. Total net of the source reactive power for one record. (a). Conventional 
SVC, (b). ARMA approach [15], and (c). Proposed approach. 

Fig. 6. Instantaneous flicker sensation for one record (Conventional SVC by the 
blue line, ARMA approach [15] by the green line, and the proposed approach 
by the red line). 

Table 1 
The mean value of the instantaneous flicker sensation for ten records.  

Mean value of S  Conv. SVC ARMA approach Proposed approach  
Record 1 0.1969 0.09853 0.000576  
Record 2 0.2298 0.10264 0.000576  
Record 3 0.3078 0.10652 0.000554  
Record 4 0.1380 0.09717 0.000447  
Record 5 0.1287 0.09942 0.000464  
Record 6 0.1464 0.10188 0.00046  
Record 7 0.1425 0.07859 0.00039  
Record 8 0.1325 0.09875 0.000432  
Record 9 0.0773 0.10173 0.00075  
Record 10 0.0757 0.10173 0.00075   

Table 2 
The maximum value of the instantaneous flicker sensation for ten records.  

Max value of S  Conv. SVC ARMA approach Proposed approach 
Record 1 0.7113 0.1972 0.0013 
Record 2 0.7535 0.1947 0.0012 
Record 3 0.7780 0.1949 0.0012 
Record 4 0.6023 0.1853 0.000956 
Record 5 0.5800 0.1947 0.000984 
Record 6 0.7250 0.1812 0.000976 
Record 7 0.2960 0.1944 0.0013 
Record 8 0.5450 0.1897 0.0012 
Record 9 0.2969 0.1783 0.0105 
Record 10 0.4373 0.1875 0.0115  

Table 3 
Short term flicker (Pst) for ten records.  

Pst of Post Conv. SVC ARMA approach Proposed approach 
Record 1 0.4560 0.1225 0.0216 
Record 2 0.4914 0.1770 0.0215 
Record 3 0.5261 0.1021 0.0209 
Record 4 0.3982 0.1800 0.0191 
Record 5 0.3875 0.1027 0.0196 
Record 6 0.4144 0.1738 0.0194 
Record 7 0.2734 0.1682 0.0184 
Record 8 0.3804 0.1983 0.0189 
Record 9 0.3065 0.1149 0.0383 
Record 10 0.3201 0.1610 0.0394  
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the conventional control technique reduces the extremely reactive 
power variations, it is still noticeable. Meanwhile, applying 
prediction-based methods improves the performance. Though, by using 
the developed nonlinear TS fuzzy technique, the flicker is more miti-
gated than the linear ARMA technique [15]. 

To compare the results of Fig. 6 quantitatively, Tables 1–3, which 
comprise the mean values and maximums of instantaneous flicker and 
short-term flicker (Pst) for ten records, are given. Tables 1–3 reveal that 
the developed TS fuzzy with EKF provides smaller mean value and 
maximum value of flicker than the other approaches. 

Additionally, Figs. 7(a), 6(b) and 6(d) show the values of FMF, HMF 
and STD for all the 327 actual records. Also Fig. 7 (c) calculate the VMF 
based on all 327 records. So the results in these figures are based on all 
the recorded data which were gathered at different times and can give a 
comprehensive evaluation of the proposed method. As can be seen in 
Fig. 7, the proposed approach outperforms the other methods and re-
duces the value of the indices. 

6. Conclusion 

This paper studied the problem of decreasing the extremely fast 
reactive power variations voltage flicker in wind farms coupled to the 
distribution network. The wind farm was modeled via a time-varying 
current source. By the means of a SVC, variations of the reactive 

power of the wind farm were decreased to maintain the overall reactive 
power injected to the distribution network. To effectively improve the 
performance of SVC, an online prediction method was developed. In this 
regard, a nonlinear TS fuzzy model was trained based on the EKF al-
gorithm. The output of the trained TS fuzzy model was then used as the 
reference reactive power for the SVC. Numerical simulations based on 
the real data of a wind farm in Manjil-Iran was carried out. Results 
showed that the suggested approach reduces the reactive power varia-
tions significantly. Also, the comparison results illustrated the perfor-
mance improvement of the suggested approach over the exiting 
methods. In the future work, both predicted reactive and active powers 
will be implemented in the SVC control system for better flicker miti-
gation. Also the effect of missed data will be analyzed. 
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