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Abstract. The detection and classification of power quality ~Signal combined with fuzzy logic and artificial neural
disturbances in power systems are important tasks in monitoring network is a powerful tool for detecting and classifying
and protection of power system network. Most of the power power quality problems. A wavelet based extended fuzzy
system disturbances are non stationary and transitory in nature reasoning approach for power quality disturbance
and new tools are being used nowadays for the analysis of power recognition and identification has been proposed in [2]. To
quality.disturbances. This paper presentsawa.v.elet. based featuregytract power quality disturbance features the energy
Sﬁgﬁf;'g?stﬂqﬁf;ﬁgeioqﬁg ;ziﬁfggrr]‘c:“V?Iae:%i'r?]‘;agg?aﬁfezo&er; distribution at different levels of decomposition has been
simulation are decomposed by wavelet packet transform. The considered and based on these feat.ures rule bases are
energy distribution pattern of the distorted signals has been generated for extended fUZZ,V, reasoning. In_ [_3] wavelet
chosen for feature extraction. Various power quality based neural network classifier for recognizing power
disturbances have been tested such as voltage sag, interruptionguality disturbances is implemented and tested under
voltage swell, transient, flicker, low frequency and high different conditions. Here the discrete wavelet transform
frequency disturbances is integrated with probabilistic neural network model to
construct the classifier. The paper [4] employs a different

Key words type of univariate randomly optimized neural network
combined with discrete wavelet transform and fuzzy logic
power qua”ty, wavelet packet transform, energy to have better power quallty disturbance classification

accuracy. Here the system is modeled using VHSIC
hardware description language (VHDL) followed by
extensive testing and simulation.

distribution, power quality disturbance.

1. Introduction

Power quality study has become an important subject in A wavelet feature extraction technique based on norm
reent years because poor power quality may cause many entropy is proposed in [5] for automatic power quality
problems for the affected loads such as malfunctions, disturbance classification. The disturbance classification is
instabilities, short life time and many others. Hence performed with wavelet neural network. Another wavelet
detection and classification of power quality disturbances entropy based approach for power system transient
is a challenging task for the power system engineers. The classification is presented in [6]. Here neural network is
disturbance waveforms contain serious imprecision data employed for automatic power system transient
and directly provide very little information for  classification. Based on wavelet transform the idea of
identification of power quality problems. Hence power entropy and weight coefficient is introduced and the
quality experts are needed for the development of expert wavelet energy entropy and wavelet entropy weight are
systems which can detect and classify power quality defined in [7]. Here also with the help of neural network
problems. classifier transient signals have been classified. A novel
approach for the recognition of power quality disturbances

Wavelet transform in combination with Fourier can
extract unique features from voltage and current
waveforms that characterize power quality events [1]. The

using multiwavelet transform and neural network is
discussed in [8]. Another hybrid methodology using
wavelet transform and neural network to automatically

Fourier transform is used to characterize steady state detect, locate and classify disturbances affecting power
phenomena and the wavelet transform is applied to quality is presented in [9]. A new voltage sag detection
transient phenomena. The concept of discrete wavelet method based on wavelet transform is developed in [10].
transform for feature extraction of power disturbance The developed voltage sag detection algorithm is
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implemented with high speed microcontroller and test complex and flexible analysis because in wavelet packet
results show high accuracy and satisfactory voltage sag analysis the details as well as the approximations are
detection. splitted. The top level of WPT is the time representation
whereas the bottom level is the better frequency
Energy and entropy based feature extraction technique resolution. Hence with use of WPT a better frequency
provides quick and accurate location of faults in resolution can be obtained for the decomposed signal.
transmission lines by using wavelet packet transform and
neural network [11]. The extracted features are applied to The wavelet energy is the sum of square of detailed
artificial neural network for estimating fault location. In  wavelet transform coefficients. The energy of wavelet co-
[12] detection of fault type has been implemented using efficient is varying over different scales depending on the
wavelet analysis together with wavelet entropy principle. input signals. The energy of the distorted signal can be
The paper [13] illustrates a procedure based on continuous partitioned at different resolution levels in different ways
wavelet transform for the analysis of voltage transients depending on the power quality problem. Hence the
due to line faults and discusses its application to fault coefficient of the detailed version at each resolution level
location in power distribution systems. A novel technique has been examined to extract features of the distorted
for fault location has been investigated in [14] on parallel signal for classifying different power quality problems.
transmission lines using wavelet. Wavelet transform can
be equally applied for distance protection and digital The Daubechies”db4" wavelet has been chosen for signal
protection of transmission lines. [15, 16]. Discrete wavelet decomposition and number of levels for decomposition
transform integrated with fuzzy logic system is designed has been chosen as 12.
for fault classification of transmission line in [17].
_ ~ 3. Simulation and Analysis
In this paper a wavelet based approach for power quality
disturbance recognition and identification has been geyen types of disturbance signals have been considered
proposed. To extract power quality disturbance features j, tnis paper and they are compared with the purely
the energy distribution at each decomposition level has gjnspidal one. All the signals are of 50 Hz. frequency and
been considered. The types of disturbances under ympjitude 1 p.u.. The sampling frequency is 12.8 KHz. It
consideration here are sag, swell, interruption, transient, hag peen observed that for short duration disturbances
flicker, low frequency and high frequency components. such as sag, swell and interruption the energy values at
different detail levels do not change much with the change
in the deviation in the magnitude of the disturbed signal.
The change is found only in the energy value of the
approximation. Here energy of the approximation at the

The Wavelet Transform (WT), originally derived to highest level is considered. It has been found that
process seismic signals, provides a fast and effective way magnitude of g increases with the increase of sag and
of analyzing non—stationary and non-periodic voltage and deaeases with the increase of swell in the signal.

current waveforms. The ability of wavelets to focus on
short time intervals for high frequency components and

2. Feature extraction of power quality
disturbances

Table I. - Detail level energy distribution for voltage sag

long intervals for low frequency components improves the
analysis of signals with localized impulses and | LEVEL | PURE| SAGO05p.uj SAGO0.4p.h. SAGO.7p.u.
oscillations, particularly in the presence of a fundamental| ¢ 0 0 0 0
and low order harmonic. A wavelet is the product of an d, 0 0 0 0
oscillatory function and a decay function. ds 0 0 0 0
The wavelet transform is computed separately for 0 0 0 0 001
different segments of the time domain signal. The width ds 0.02 0.03 0.03 0.04
of the window is changed as the transform is computed for % 1.13 1.19 1.17 1.26
every single spectral component, which is probably the| d; 34.49 31.6 32.24 30.33
most significant characteristic of the wavelet transform. ds 57.12 56.04 56.26 55.63
Analvsi ¢ th ) | at diff ¢ f ) ith dg 0.16 0.32 0.27 0.46
nalysis of the signal at different frequencies wi
different resolution is called Multi Resolution Analysis. dio 0.47 0.77 0.7 0-94
MRA is designed to give good time resolution and poor Ay 0.14 0.33 0.28 043
frequency resolution at high frequencies and good| i 0.06 0.26 0.2 0.39
frequency resolution and poor time resolution at low| a, 6.40 9.45 8.84 10.52

frequencies. This approach makes sense especially when

the signa| at hand has h|gh frequency components for Simultaneously it has also been observed that with the

short duration and low frequency components for long change in the time of occurrence of the short duration
duration. disturbance in the signals the energy values do not change.

The change in the energy values is seen only when the

The wavelet packet transform (WPT) is an expansion of duration of short duration disturbances changes. The total
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For sag and swell of 40%, 50% and 70% for 0.18 s Table V presents the energy distribution values for all the
duration, the energy values at different levels are shown in detail level and the highest approximation level for
Tables | and I different types of short duration and transient
disturbances. Here the sag is 60% and swell is 40%. The
The disturbance occurs from 0.06s to 0.24s. Table Ill duration of the disturbances in both cases and for
shows the energy values at different levels of interruption is 0.1s. The duration of the transient
decomposition for swell of 50% and time of occurrence of disturbance is 0.05s. For flicker, low frequency and high
disturbance from 0.15s to 0.33s. Comparing Table Il with frequency disturbances the simulation has been done
table 2 it is seen that the energy values are almost sameconsidering varying frequencies.
with the change in the time of occurrence of the signal as
the duration of the disturbance is same i.e. 0.18s. It can belt is observed from Tables | and 1l that for pure sinusoidal
observed that maximum value of energy occurs at level 8 signal the energy values at detail levgbdd ¢ are much
for pure signal as well as for sag and swell. Table IV higher than others. The energy values gradually increases
shows the energy values of the highest approximation from level 1 to level 8, then decreases slightly at level 9,
level for sag, swell and interruption with duration 0.18s again increases slightly at level 10 and then gradually

each.

Table Il. - Detail level energy distribution for voltage swell

decreases. The detail energy distribution pattern for sag
and swell are exactly same as that of the pure signal. The
short duration disturbances can be easily detected from the

approximation values as shown in Table IV. The energy
LEVEL SWELL | SWELL SWELL of the approximation,ais higher in case of sag and lower
15p.u. | 14p.u. 1.7p.u. in case of swell compared to the pure sinusoidal signal.
d 0 0 0 The results of Table V have been represented graphically
d, 0 0 0 in Figs. 1 -8.
d; 0 0 0 o o
g ) ) 0 Table IV. - Approximation level energy distribution for
4 : voltage sag, swell and interruption
d o 002 002 SIGNAL [ PURE | SAG | SWELL| INTERRUPTION
ds 1.19 1.14 1.16 52 075 116 13
a0 3625 35.98 36.69 212 : ' ' :
ds 5787 57.75 58.07
do 0.16 0.15 0.17 oure
dio 0.33 0.35 0.3 60
di1 0.06 0.07 0.04 c0 |
di 0.0 0.02 0.02 2 0 /\
ar 4.16 453 3.53 2 { \
> 30
% [\
% /
Table IIl. - Detail level energy distribution of voltage swell @ 10 J
for different time of occurrence 0 lo—o—o—o—o=t *—oo
LEVEL | SWELL | SWELL | SWELLL7 1234567891012
15pu lapu p.u. decomposition levels
d; 0 0 0
d, 0 0 0 Fig. 1. Energy distribution pattern for pure sinusoidal signal
d; 0 0 0
ds 0. 0 0
ds 0.02 0.02 0.02 o s
ds 1.15 1.14 1.16 50
d; 36.02 35.98 36.69 g 40
ds 58.26 58 57.8 E 30 1 \
do 0.15 0.15 0.17 w [ |
c 20
dro 0.55 05 0.45 * /
dn 0.11 0.09 01 o leees ] o
dio 0.03 0.02 0.02 12345678 9101112
312 3.71 4 3.4 decomposition levels
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Fig. 2. Energy distribution pattern for voltage sag
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Table V. - Detail level energy distribution for short duration, high frequency and low frequency disturbance

Pure 0 0 0 0 0.02 1.13 3449 5712 016 047 0j14 Q.06
Sag 0 0 0 0 0.03 1.20 3276 56.56 0.33 0p9 0j39 (.18
Swell 0 0 0 0 0.02 1.14 3537 5745 019 0B85 0j21 Q.03
Interruption 0 0 0 0 0.04 1.3 3177 56.39 0.b6 Q.7 0.62 .28
Transient 0 0 0.11] 1.91 0.31 1.08 33,57 55|94 (.16 D.45 [0.15 |0.06
Flicker 0 0 0.01| 0.02f 0.7§ 1152 23.62 34,3 037 085 0.14 D.76
Low frequency 0 0 0 0 0.01 0.66 19.19 34p6 546 879 3B.09 0.17
Harmonics 0 0 0.0 046 426 11.29 8.03 1506 Q.18 [0.8 0.39 |[0.86
transient
swell 60
,
70 g /
2 40
60 S 4\
1 g [\
50 g 20
E: /\ 1 [
E 40
: a R
3
g l\ 12345678 9101112
© 20 I decomposition levels
10
Fig. 5. Energy distribution pattern for transient
0 4o A an o 4
1234567 838101112 ) o
decomposition levels Fig. 1, 2, 3 and 4 show the energy distribution pattern

of detail level for pure sinusoidal signal and signals with
sag, swell and interruption. Fig. 5 and Fig. 6 show the

Fig. 3. Energy distribution pattern for voltage swell energy distribution pattern of signals with transient

disturbance and harmonic content. It is observed from Fig.
Intzrruption 5 that there is variation in the energy distribution at the
60 lower level i.e. before level 8 and in Fig. 6 also variations
50 1 in energy level at the lower level is much more prominent
% 40 than that at the higher level. Hence it can be concluded
2 w0 that for high frequency disturbance the energy distribution
& N l \ pattern shows variations at the lower level.
10 l \ Fig. 7 and fig. 8 shows the detail level energy
0 ,_,_,_,.,.,J_L.E.., distribution pattern for flicker and low frequency
123456780910111213 disturbance. It is observed that in both cases the energy
distribution pattern shows obvious variations at the higher
decomposition levels .
level i.e. d to d,.

Fig. 4. Energy distribution pattern for interruption
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harmonics the wavelet domain are used as power quality disturbance

16 features. It has been found that for short duration
14  § disturbances such as sag, swell and interruption, the
" / energy distribution remains exactly same irrespective of
0 %/ the time of occurrence and magnitude of the disturbance

energy shows prominent variations at higher levels and for
high frequency disturbance the variations are observed at
the lower levels. Using the energy distribution pattern
expert systems can be developed which can accurately
classify the type of stationary and non stationary
disturbances present in the signal.

\
\[ \ in the signal. For low frequency disturbance the detail

\

|

|

energy values
[ = (=2} [e=]
—

t

123 456 78 9101112

decomposition levels
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