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Abstract :
In this paper, a new method based on Adaptive Neuro-Fuzzy Inference System (ANFIS) is proposed for
locating the switched capacitor banks in distribution systems. To train the proposed ANFIS model, an
index based on current transient is introduced, which is calculated either offline by using data or online by
real time simulation. The proposed method uses only current transient waveforms, immediately before
and after the switching instant. Since only the current signal is used which is available in several
locations, the method is simple and can be applied online. The method uses wavelet to determine the
capacitor switching instant, which is needed for the ANFIS model to locate the switching capacitor. The
method is simulated using PSCAD. Through various simulations, it is shown that other power quality
disturbances such as voltage dip, unbalances and harmonics cannot disturb the method. Moreover, the
size and connection type of the capacitor bank do not affect the method accuracy. The proposed algorithm
is validated by simulating the IEEE 13-bus distribution system. According to the simulation results, the
method is reliable enough to be applied to real systems.

Keywords: Adaptive Neuro-Fuzzy Inference System (ANFIS); capacitor switching; power
distribution; power quality; wavelet transforms.

1. Introduction1
Capacitor banks are widely used in
distribution networks to improve voltage profile,
to reduce power losses and support voltage
profile [1-3]. On the other hand, overvoltage
transients due to capacitor switching have effect
on both utility and customers. Among these
effects, tripping of adjustable drives and
sensitive electronic loads are important [4-6]. To
minimize these consequences, the first step is to
locate the switched capacitor which has caused
the harmful effect. Then, by using techniques
such as pre-insertion reactor or pre-insertion
resistor, one can decrease the overvoltage
transients to reduce these undesirable impacts of
these switchings. Several studies have been done
to locate the switched capacitor banks in
distribution networks [4, 6]. But, most of them
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are not practical in real grid. Some methods are
very difficult and costly to execute.
In [7], a method based on disturbance power
and energy is proposed to settle the location of
the switched capacitor banks. The technique
assumes that the instantaneous power is constant
and requires three-phase voltages and currents
waveforms. [8] uses a backward Kalman filter to
locate the switched capacitor bank, by estimating
the voltage rise of the capacitor
However, this method is difficult to perform,
because it assumes that the power system
dynamic model exists. [9] Proposes a method
based on changes of power factor and the signs
of voltage and current waveform gradients at the
switching instant. It determines the approximate
location of a switched capacitor bank. However,
these techniques only determine if the capacitor
banks are located either at downstream or
upstream, relative to monitoring location. [10]
uses energy index of the disordered voltage,
branch current deviation, and phase angle
variations of the current. However, precise ontime measurement of the three phase current
angle is difficult. [11] trains an intelligent
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system, based on energy content of some
particular frequency band. [12] uses the transient
current duration and its high frequency
components energy to feed a decision tree (DT)
and determine switched capacitor banks. But,
these methods suffer from lack of accuracy since
they require at least one cycle to extract the
signal energy. Since power networks are very
dynamic, load changes, faults and power quality
disturbances can affect the signal energy. In
addition, the required calculation is costly,
because it depends on the wavelet transform.
[13] implements an ANFIS topology to
control dc–dc converters. [14] uses a fuzzy and
ANFIS to extract important features of current
signal. Multi-resolution wavelets are used to
obtain transmission line fault classification and
location. In [15], a new technique based on
wavelet and ANFIS methods, is presented to
recognize and classify high-impedance ground
faults of distribution feeder.
In this paper, an index based on transient
current is introduced and used to train an ANFIS
model to locate switched capacitors, in
distribution systems. The proposed method uses
only current transient waveforms, which makes it
simple. Moreover, it is accurate and applicable in
real systems. The method requires only the current
values immediately before and after the switching
instant, thus, it can be used online. Due to the high
frequency nature of capacitor switching, this
switching detection is not confused by other PQ
disturbances. Moreover, unbalanced voltage and
harmonics do not disturb the method, because of
their lower frequency nature.
The description problem and its theoretical
aspects are presented in section ΙΙ. The definition
of the applied ANFIS model is given in section
III. Section ΙV presented the PSCAD simulation
of the method on IEEE 13-bus distribution
system [16-17]. The simulation results confirm
the effectiveness of the proposed method.

2. Problem Description
This paper objective is to determine the
location of switched capacitors using switching
current transients, measured by power-quality
meters (PQM). Figure 1 shows the general
ﬂowchart of the proposed algorithm. At ﬁrst, the
capacitor switching transient features are
extracted from PQ disturbance, which can be
done automatically. Then, these transients are
analyzed to determine the direction and location
of the switched capacitor bank.
Immediately after switching a capacitor, its
branch current raises, while other branches
currents fall down. The method uses this fact and
employs a current Deviation Index (DI) to train
the ANFIS model [18].
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Fig (2,3) show current transient of a capacitor
switching, in the IEEE-13 bus distribution
system. At the switching instant, the capacitor
current may fall down or rise up based on the
system condition [18]. The sudden rise up or fall
down of the current is a high frequency
phenomenon, which is shown in Figures 2 and 3.
Considering capacitor switching in Fig (2,3), the
DI index is defined as:

DI 

i (t s ) i(t s )

s

i (t )

 i (t s )

(1)

In the following, it is shown that at increasing
or decreasing current magnitude, DI is positive or
negative, respectively, regardless of the
switching instant. So, the sign and magnitude of
DI can determine if the monitoring location is on
the feeding path of the capacitor bank. Moreover,
the closer branch to the switched capacitor gets
the greater index value. Figures 2 and 3 show
two possible instants of the switching. This index
is examined for capacitor switching transients
shown in Fig (2,3), which validate the
effectiveness of this method. The wavelet
transform is used to precisely localize
discontinuities, in order to determine the exact
instant of switching and the current values.
The proposed DI index calculation is very
simple and easy to implement. Moreover, this
calculation needs only real-time power quality
data and do not require any load or line data. In
other words, this calculation uses capacitor
switching transients immediately after the
switching instant. The other system events such

Fig (1): General diagram of the proposed
algorithm
as load changes, faults, and current harmonics do
not decrease the method accuracy. Therefore, the
DI index is very reliable to train the ANFIS
model.

2.1. Wavelet Applications for Transient
Analysis
Recently, wavelet analysis has been employed
for analysis of non-stationary signals. It provides
a powerful tool to characterize the. local (time
dependent) characteristics of a signal The
wavelet transform is described as converting
signals to a short wave or set of short waves.
Thus, the decomposed signals have short
duration and limited energy, and their integral
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over their time interval equals zero [19].
Edge detection is a typical problem. Thus, many
edge detectors have designed for signals.
Derivative methods are used in some special
methods. Usually, these methods are limited to
the first and second derivative terms. An edge is
a non-smooth term in a relatively smooth
neighborhood. Therefore, compared to the
surrounding derivative, the first and second
derivatives give a higher response. For the firstderivative, it is maximum and for the second
derivative, a zero-crossing is surrounded by a
maximum and a minimum. The Canny edge
detector [20] and the Marr-Hildreth [21, 22] are
the two most famous designs which use the first
and second derivatives, respectively. These
methods proved that based on the criteria of
localization, signal-to-noise ratio (SNR)
(response on edge) and a unique response on
one edge, the edge detectors are optimal for
step-edges. However, the criteria of localization
and SNR cannot simultaneously be optimized
due to the uncertainty principle. Thus, a choice
between good localization and a good response
on an edge needs to be made. Wavelet theory
proposes a solution. Rather than analyzing with
an edge detector, it becomes wider. It is done on
multiple scales changing the uncertainty between
localization and response just like time and
frequency with the Daubechies wavelet. In this
way, it is possible to detect edges with more
certainty where the edge occurred and still get a
high response. This is done through the so called
maxima-chaining and zero-crossing chaining. In
fact, every classic edge detector is used in the
wavelet setting, also wavelets with a few
vanishing moments are popular to choose (db2
and even db3). The in general best working edge
detectors are based on the Canny and MarrHildreth edge detectors. In DWT, edge detectors
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need to be designed. This is done using Bsplines, which can approximate these functions
quite well using scaling and wavelet filters.
Almost, an Additional DWT filter bank is used,
which means that down sampling is ignored.
This gives a higher resolution but also the
number of operations increase. In [23], it is
expressed and derived that by chaining the
maxima we can find back the edge when it is
unique in its singularity. An example of such an
algorithm is used in [24], it is shown in fig (4).

Fig(2): Typical feeder current after a capacitor is
switched on and its current decreases

Fig(3):Typical feeder current after a capacitor is
switched on and its current increases

Fig(4): Discrete wavelet transform computed at several scales with the quadratic wavelet (left)
Modulus maxima of the Discrete wavelet transform (right)
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Many maxima still exist in the scale
,
therefore it is difficulties to classify which
belongs to the bigger edges. Because of the
noise, in many applications this is even more
difficult. However, the maxima become small if
the scales move up and on a certain moment only
the big edges remain. These maxima have
become very uncertain and can drift far away
from the real edge. Thus, by chaining them back,
the location of the original edge can be found.
Although, it is more difficult to chain the
zero-crossings, there are actually three lines that
are chained, namely the maxima, the minima and
zero-crossings. This idea of chaining is the
wavelet analysis of edges. However, the method
of chaining changes, for example, they are
chained using fuzzy-logic whereby some
maxima are given more importance than others
[25, 26].
For a discrete function f(n) the DWT is given
by:

DWTx (m, k )  k  X (t )m,k (n)

(2)

nZ

J
2

m,n (n)  2 (2  j n  k )
Where,

(3)

m,n (n) presents a discrete mother

wavelet and, m and k are,

m = 2J

(4)

k = 2J n

(5)

In Discrete Wavelet Transform (DWT), as
shown in figure 5 the signal is passed through a
series of high-pass and low-pass filters (h[n], g
[n]) to extract its high and low frequency
components, which are called detailed and
approximate signal, respectively [27]. For each
decomposition level j, L and H filters are
followed by down-sampling operator ↓ which
can be expressed as (X↓)[n]=X[n]), what is in
fact the reduction of sampling rate by 2. Thus,
the outputs gj(n) and hj(n) from one
decomposition level, in the first case, j=1, are
given by:

g1 (n)   L[i] X [2n  i]
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Fig(5): Achieving the discrete wavelet time
Various wavelet families like Daubechies
(dbN), Haar, and biorthogonal wavelets exist.
This paper uses 'db3' mother wavelet from
Daubechies family [28]. The presented
simulation result in [28] shows its effectiveness
for system transient issues. This is done by
choosing the right mother wavelet and scales for
detecting the current rising and falling edges of
the current such as switching detection. Unlike
other mentioned events, switching capacitor
current edges clearly appear in the highest
frequency details.
The proposed method is as follow. First, the
DI index is calculated for various load conditions
of the IEEE 13-bus distribution system (figure
6), simulated in PSCAD. The specifications of
the system are given in the Appendix. In this
system, there are four switched capacitor banks
with different sizes. The DI index versus load
changes is calculated and depicted in figure 7. As
shown in this figure, the DI index differs for
every capacitor bank and system load conditions.
Therefore, this paper implements an intelligent
system and trains it to locate the switched
capacitor bank.
The standard fuzzy membership functions are
employed to depict the uncertain parameters.
Fuzzy logic explains the feasibility as a range
rather than a point, which is like human thinking.

(6)

i

h1 (n)   H [i] X [2n  i]

(7)

i

where n and i denote discrete time
coefficients and X stands for the given signal. In
the second decomposition level the g [n] plays a
role of x[n] and so on.
1

Fig(6): The IEEE 13-bus distribution system
The main structure of Fuzzy Inference System
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(FIS) is shown in figure 8. Fuzzy inference can
be employed to model systems which is user’s
explanation from variables predetermine rules
[29].
The parallel characteristics (i.e. computation
and learning abilities) of neural networks can be
combined with characteristics (i.e. the humanlike knowledge representation and explanative
abilities) of fuzzy systems by ANFIS [30, 31].
Fig(9): Structure of an ANFIS equivalent to
a first-order Sugeno fuzzy model with two
inputs and two rules [29].
Rule 2: if (x is A2) and (y is B2) then
(f2=p2x+q2y+r2)

Fig(7): The values of DI indices for each
capacitor bank under different load
conditions
In this section, an Adaptive Neuro-Fuzzy
Interface System (ANFIS) is designed. The
ANFIS input (which are DI indices) and its
knowledge of the underlying system are
available. Then, the Neuro-Fuzzy is used to
create an exact system model. ANFIS is a
hybrid Neuro-Fuzzy Inference expert systems
that employs Takagi-Sugeno-type Fuzzy
Inference System (FIS), developed by Jang
[29]. In this method hybrid learning algorithm
is applied to identify parameters of Sugeno-type
fuzzy inference systems. A combination of the
least-squares and the back-propagation gradient
descent methods is used to recognize FIS
membership function parameters and optimize
the Sugeno system signals by ANFIS. The main
ANFIS structure of a first-order Sugeno fuzzy
model with two inputs and two rules is shown in
figure 9, which are:

Where A1, A2, B1, and B2 are nonlinear
parameters and p1, p2, q1, q2, r1, and r2 are linear
parameters.
The ANFIS structure comprises of five
layers, in which all nodes in each layer have a
similar function. Based on premise signals, layer
1 comprises of adaptive nodes generating
membership grades of linguistic labels, using
suitable parameterized membership function
expressed as (2) and (3).
where O1,i, O1,j are the membership grade for
x and y and mainly express the output functions.
The nodes in layer 2 are fixed nodes intended Π,
which stand for the firing strength of each rule.
As shown in (4), the output of each node is the
fuzzy AND (product or MIN) of all the input
signals.
Where O2,i expresses the output of layer 2.
The outputs of layer 3 are the normalized
firing strengths. As shown in (5), this layer
includes fixed nodes which are tagged as N that
computes the ratio of weighting strength of the
rules.
The rule outputs based upon consequent
parameters using the function are calculated by
the adaptive nodes in layer 4, as shown in (6).
Where (pi, qi, ri) is the consequent parameter
set of the node, and w i is a normalized firing
strength from layer
Eventually, the fifth layer is the total output
layer, whose node is tagged as Σ. There is a
single node here which computes the overall
ANFIS output from sum of the node inputs as
shown in (7).
Where O5, i expresses the output of layer 5.

Fig(8): Main structure of the Fuzzy Inference
System
Rule 1: if (x is A1) and (y is B1) then
(f1=p1x+q1y+r1)

3.1. ANFIS Design and Training
Generally, fuzzy rules depend on the control
objectives and the type of the controller.
Simultaneously, three objects must be regarded
to execute an adaptive fuzzy system: dynamic
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characteristics of a plant, self-selection of the
performance index, and self-tuning of the
controller parameters, respectively. The structure
of the designed ANFIS model contains one input
and one output with 5 membership functions.
Usually, to set a particular weight, for
adjusting the main fuzzy system, Weights
Adjusting Method (WAM) is used. In this
section, the WAM is applied to determine an
adaptive gain and to tune the estimated output,
by Tuning Fuzzy System (TFS) laws. The
designed TFS membership functions are shown
in figure 10. The TFS input membership function
parameters are set, based on the knowledge of
the DI indices. To estimate the model output,
Output membership function parameters are set
to guarantee precise tuning. After a feedback
signal is achieved through the TFS, to tune the
estimation consequences, the adjusting method is
applied to the next estimation iterations. Based
on the DI indices of the System, the rule based
system has also been developed.
The model is trained by 80 samples out of
160. The remaining 80 samples are applied to
test the trained ANFIS model, to verify the
accuracy of the output.
The ANFIS model with different membership
function types results in slightly different values
respective to least squares error. Table I shows
that the results are in accordance with the
different membership function type.
The best membership function based on the
Mean Square Error is “pimf” with an error of
2.0156 E-7, as shown in table I. Figure 11 shows
the training error for 50 epochs. Figures 12 and
13 show the initial and final membership
functions extracted by applying the pi
membership function training.

4. Simulation Results
In this section, two case studies are presented
to locate the switched capacitor banks in the
IEEE 13-bus distribution system. The results
approve the effectiveness of the proposed
method.

Fig (11): The training error
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Fig(12): Initial membership function

Fig(13): Final membership function

4.1. Case under Small Changing of Loads
in the System
In this section, a case study will be done
under small load changing in the system. A
system load changes about 20% and then that
load capacitor is switched on to compensate the
load power factor. The switched capacitor
transients are different for each capacitor bank.
The ANFIS model defined in the previous
section is used to classify the transients related to
each capacitor bank.
A Power Quality Meter (PQM) is located in
the branch near bus 632, which its branch current
is measured, in the direction shown in figure 6.
The switching instant of current transient
waveform is detected by wavelet 'db3'. The value
of DI is calculated for this branch. The values of
the index for 80 switching cases under different
load conditions are used to train the ANFIS
model defined in section III. Then, the 80 more
switching cases are used to test the network.
Table II shows the test results.
Table II shows the results that are conclusive.
In fact, these results show that the proposed
index DI and the ANFIS create a very accurate
intelligent system, to locate switched capacitor
banks. The exact results shown in Table (2) are
predictable, since the indices are very distinct for
each capacitor bank, as shown in fig(7). Thus,
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the ANFIS model can exactly discriminate the
capacitor banks.

4.2. Case under large load changes in the
system
In this section, a case study is done under
large load changes in the system. This means that
system load is changed for each switching cases
in a range of about 40 percent of the total load.
The ANFIS model defined in the previous
section is used to classify the four switched
capacitor bank. The same as case A, the values
of the index for 80 switching cases under
different load conditions are used to train the
ANFIS model. Then, 80 more switching cases
are used to test the model. Table (3) shows the
test results.

Mean Square Error

trimf

0.0094792

trapmf

0.0097323

gbellmf

0.0071247

gaussmf

0.0036382

pimf

2.0156 E-7

dsigmf

0.0061367

psigmf

0.0061367

large system load changes. However, the
simulation results of two cases are acceptable.
This technique is tested through different
simulations and the results are conclusive.
Simulation results shows that other conditions
such as different capacitor size, location, and
type do not affect the result accuracy. Also,
through various simulations, it is shown that
other power quality disturbances such as voltage
dip, unbalances and harmonics cannot disturb the
method [32-35]. For implementing the proposed
method on a real power system, it is trained
through the simulations. But, it must be applied
on other real networks and solve its problem that
may occur.

5. Conclusions
This paper proposes a new method for
locating switched capacitor in distribution
systems. The method is based on an ANFIS
model and trained by a new index, DI. The index
is only based on the measurement of
instantaneous current waveforms and does not
require any system or loading data. The index
can be calculated with an existing power quality
database or a real-time power quality data as
used in web-based monitoring services. The
hypothesis of the method is mentioned and then
simulation results confirmed the feasibility and
accuracy of the proposed method.

Table (1): Mean square errors with different
membership function types
ANFIS MF Type

47

6. Appendix
In this section, load data of the IEEE 13-bus
distribution system (figure 5) is given [17]. Spot
and distributed load data of the system are shown
in Table IV and Table V. Other specifications of
the system are given in [17].

Table (2): Test results for case 4-3
C1
C2
C3
C4

C1
80

C2

C3

C4

Total Cases
80
80
80
80

80
80
80

Table (3): Test results for case 4-2

The results on Table (3) are also conclusive.
The maximum error in detecting the switched
capacitor bank is 3 cases over 80 (or 3.75%),
which is quite acceptable. Compare to the
previous case, this is a negligible error for such a

C1
78

C1
C2
C3
C4

C2
2
79
2

1

C3

C4

77
1

1
1
78

Total Cases
80
80
80
80

Table (4): Spot load data of the system shown in fig(2).
Node

Load

Ph-1

Ph-1

Ph-2

Ph-2

634

Model

kW

Y- P, Q Constant

160

645

Y- P, Q Constant

646

Ph-3

Ph-3

kVAr

kW

110

120

kVAr

kW

kVAr

90

120

0

0

90

170

125

0

D- Z Constant

0

0

0

230

132

0

0

652

Y- Z Constant

128

86

0

0

0

0

671

D- P, Q Constant

385

220

385

220

385

220

675

Y- P, Q Constant

485

190

68

60

290

212

692

D- I Constant

0

0

0

0

170

151

611

Y- I Constant

0

0

0

0

170

80

TOTAL

1158

606

973

627

1135

753
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