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Abstract- Wavelet Transform methods are effective for de-noising of partial discharge (PD) signals. Base wavelets are related 
to distortion of PD signals de-noised by wavelet methods. This paper presents a level dependent wavelet selection scheme for 
de-noising of PD and called the energy based wavelet selection (EBWS) scheme, because an energy criterion is proposed for 
the scheme. In the proposed energy criterion, a base wavelet is selected as an optimal base wavelet if it can generate an 
approximation with the largest energy among all base wavelets for selection at each level. The simulated damped exponential 
pulse (DEP) and damped oscillatory pulse (DOP) has been used to check the performance of the proposed method. In 
comparison with the scale independent scheme, the wavelet method, based on the EBWS, generates significantly smaller 
waveform distortion and magnitude errors in the de-noised PD signals. The results of the tests carried out show clearly that this 
technique can produce excellent results when applied to simulated PD data. 
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I. INTRODUCTION 
 
Insulators are the integral part of the high voltage 
power equipments. Several types of insulators are used 
in high voltage electrical power system to protect the 
power equipments. For the purpose of safety and 
better efficiency, it is necessary to keep the insulators 
in a healthy condition during its operation. As the 
insulators are always in impure form due to presence 
of air bubbles, voids, foreign particles and other 
impurities inside the insulators, the local electrical 
breakdown called partial discharge (PD) takes place 
due to the high voltage stresses. Due to this, PD occurs 
and property of insulators deteriorates enormously. 
Therefore, detection of PD is the one of the important 
task for electrical engineers to keep the high voltage 
power equipment in healthy condition. Despite great 
care and quality control during manufacture, the 
occurrence of minor defects, surface irregularities, 
inclusion of foreign particles, etc. becomes inevitable. 
Presence of these deceptively harmless 
non-uniformities lead to the occurrence of partial 
discharges (PD), even at normal operating voltages, 
owing to local field enhancements at the sites of 
defect. In this regard, PD measurement has gained 
world-wide acceptance as a diagnostic tool with the 
capability to assess and monitor insulation systems for 
its integrity and design deficiencies, both during 
manufacture and while in service.  
 
II. PD PHENOMENON 
 
The PD phenomenon is inherently random, and also 
very much influenced by the nature of insulation, 
amount of aging, interval of voltage application, 
amplitude of applied voltage etc. In many high-voltage 

(HV) systems, PD is an indication of insulation 
weakness which will eventually lead to catastrophic 
failure. For this reason, the measurement of partial 
discharges has become a routine procedure for 
acceptance testing of shielded power cables, 
switchgear, transformers, etc. In addition, partial 
discharge measurements are sometimes performed on 
operating equipment such as switchgear and 
generators to assure the integrity of such insulation 
systems. Partial discharge measurements generally 
can be used as alarm or warning information, and in 
some case can be used to predict the residual life of the 
power apparatus. PD detection technology has 
advanced hardware and software technology and each 
item of equipment as well. PD prevention and 
detection are essential to ensure reliable, long-term 
operation of high voltage equipment. Error in such 
equipments causes an outgoing and many economical 
disadvantages.  
 
The behavior of internal discharges at AC voltage can 
be interpreted using the well known a-b-c model 
which is shown in Figure 1. 

 

 
Figure 1: Partial Discharge model 
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Where, 
c- Capacitance of the cavity, 
b- Capacitance of the dielectric in series with the 
cavity, 
a- Capacitance of the remaining part of the dielectric. 
 
III. NOISE 
 
A major bottleneck encountered with PD 
measurements is the ingress of external interferences 
(usually of very high amplitude comparable to PD 
signal) that directly affects the sensitivity and 
reliability of the acquired PD data. Major external 
interferences encountered during on-site PD 
measurements and their sources are:  
 
-Discrete spectral interferences (DSI) from radio 
transmissions and power line carrier communication 
systems. 
-Periodic pulse shaped interferences from power 
electronics or other periodic switching etc. as in an 
adjustable speed drives. 
 -Stochastic pulse shaped interferences from 
infrequent switching operations or lightning, arcing 
between adjacent metallic contacts, arcing from slip 
ring and shaft grounding brushes in rotating machines. 
In addition to the above sources, other noise sources 
that can possibly exist in a PD measuring circuit are 
random noise from components, harmonics from the 
mains, periodic pulse currents in thyristors, other 
pulsive interferences from transformers and 
interferences from ground connections. 
 
IV. LITERATURE SURVEY 
 
The potential application of wavelet transform to PD 
detection and denoising has been developed. 
Extensive research works have been pursued in the 
area of application of digital signal processing 
techniques to partial discharge signals analysis. Ramu 
et al. explained the various issues related to PD 
measurements for condition monitoring of HV 
equipments. They mentioned the different kinds of 
noise and interferences that affect the PD signals 
during online and onsite measurement. Also they 
proposed the Wavelet Transform(WT) as a tool to 
de-noise the PD signals. Ma et al. used the 
characteristics of the detection circuits to simulate two 
types of PD pulses called damped exponential pulse 
(DEP) and damped oscillatory pulse (DOP). Kim et al. 
presented the theory of WT and its advantages 
compared to the earlier methods like fourier 
transform(FT) and Short term fourier transform 
(STFT). Satish et al. proposed a wavelet based 
de-noising method for extracting PD signals from 
severe noise and interferences. They implemented the 
de-noising scheme on simulated signals corrupted by 
severe noise and interferences and evaluated the 
de-noising method using de-noising performance 
indices. Zhou et al. proposed a method for selecting 

the optimal mother wavelet for discrete wavelet 
transform (DWT) based de-noising of PD signal. Ma 
et al. proposed a wavelet selection method and an 
automatic thresholding rule for the wavelet based 
de-noising of PD signals. Zhang et al. proposed a new 
thresholding method for wavelet based de-noising of 
PD signal. The thresholding method decomposes the 
noise  using DWT and the threshold values for the PD 
signal de-noising are chosen according to the 
maximum values of noise coefficients at each level. 
Song et al. applied second generation WT for the data 
de-noising in PD measurement. On line noise rejection 
is explained by H. Zhang et al. and removal of 
interferences in PD signals is explained by Vidya H.A 
et al. 
 
Shim et al. have reported on the possibility of using a 
wavelet method for denoising PD signals. They 
examined use of both soft and hard thresholding of 
wavelet coefficients and highlight its difficulties. 
Finally, a necessity for exploring more powerful 
methods is expressed. Thus, from the literature survey, 
it is evident that, wavelet analysis is emerging as a 
powerful tool and seems to possess many advantages 
compared to the existing methods for suppressing 
interferences from PD signals. Further, it can also be 
seen that, the application of wavelet-based technique 
for removal of pulse-shaped interferences, especially, 
when PD signals and multiple interferences overlap- 
in-time. 
 
V. MATHEMATICAL MODELS OF PD 

SIGNALS 
 
Two mathematical models are used to simulate high 
frequency PD signals for de-noising experiments. The 
two mathematical models are as shown in (1) and (2) 
as follows:  

)()( 21
1

tt eeAtS       (1) 

))(()( 21
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d
t    (2)

  
Where A is the magnitude coefficient assumed to be 1 
per unit, α1=1×106 s-1, α2=1×107 s-1, φ=tan-1( ωd/α2), 
ωd=2πfd, and  fd=1MHz. The simulative sampling 
frequency fs is        60 MHz. Equation (1) represents 
DEP and equation (2) represents DOP. Figure 2 shows 
the two PD pulses S1(DEP) and S2(DOP) simulated by 
using the two mathematical models.  
 

 
Figure 2: DEP waveform denoted as S1 and DOP waveform 

denoted as S2 



International Journal of Industrial Electronics and Electrical Engineering, ISSN: 2347-6982 Volume-2, Issue-9, Sept.-2014 

Level Dependent Wavelet selection for Denoising of Partial Discharge Signals simulated by DEP and DOP Models 
 

59 

In signal processing, white noise is a 
random signal with a constant power spectral density. 
White noise refers to a statistical model for signals and 
signal sources, rather than to any specific signal. The 
term is also used for a discrete 
signal whose samples are regarded as a sequence 
of serially uncorrelated random variables with 
zero mean and finite variance. Depending on the 
context, one may also require that the samples 
be independent and have the same probability 
distribution. In particular, if each sample has a normal 
distribution with zero mean, the signal is said to be 
Gaussian white noise. The white noise is added to the 
simulated PD signals to get the signal resembling the 
actual PD signals of on-site measurement. The noisy 
signals are shown in the figure 3.  
 
To simulate PD signals severely corrupted by both 
noise and interference, the DEP and DOP type signals 
are corrupted by white Gaussian noise at 15 dB and 
discrete spectral interference (DSI). Here the DSI is 
generated by the combination of a series of amplitude 
modulated signals as  described in (3). 
 

e(t) = ∑ (c + m ∗ sin(2πf t)) ∗ sin(2πf t) (3) 
 
where, c is the amplitude of carrier wave, m is the 
amplitude of modulating signal, fm is the frequency of 
modulating signal and fi is the frequency of the carrier 
wave.  
 
The parameters used are c =1, m=0.4, fm=1 kHz, 
fi=200 kHz, 300 kHz, 400 kHz, 500 kHz, 600 kHz, 700 
kHz, 800 kHz, respectively. The DSIs are generated as 
amplitude modulated sine waves with 40% 
modulation and a constant modulating frequency of 1 
kHz. The white noise and DSI corrupted DEP and 
DOP type signals are shown in figure 4.  
 

 
Figure.3: DEP and DOP signals corrupted by whitenoise 

 

 
Figure.4: DEP & DOP corrupted by white noise & DSI 

VI. LEVEL   DEPENDENT WAVELET 
TECHNIQUE  

 
A.  BASIC PRINCIPLE 
Suppose an observed data vector of a signal S = [s0, 
s1,···, sn-1] as shown in the Figure 5. Its multi-level 
wavelet decomposition could be described as the 
example of a three-level wavelet decomposition 
shown in Figure 6. For the decomposition at the first 
level, the signal s is decomposed into a detail 
component d1 through down-sampling and filtering 
with a high-pass filter h and an approximate 
component a1 through down-sampling and filtering 
with a low-pass filter g. At the level j, the detail 
coefficient is dj and the approximation coefficient is aj. 
The original signal s is considered as the 
approximation a0 at level 0. For the example in Figure 
5, the signal s is decomposed into coefficients of 
details d1, d2, and d3, and the approximations a1, a2, and 
a3. The wavelet reconstruction is an inverse process of 
wavelet decomposition and it consists of up-sampling 
and filtering to the coefficients at corresponding 
scales. 
 

 
Figure 5 Three level wavelet decomposition of signal S 

 
B.  SELECTION OF MOTHER WAVELET 
For the scale-dependent mother wavelet selection an 
energy based wavelet selection (EBWS) method is 
proposed. According to the method a wavelet is 
selected as an optimal wavelet at level j, if 
decomposition by using the wavelet generates aj of S 
with greater energy percentage than by using any other 
wavelets. The method is based on the fact that when 
the detail coefficients of a level are made zero, the 
signal also loses its energy corresponding to that level 
and hence de-noised waveform distortion occurs. So if 
a wavelet can generate approximation of the PD signal 
with more energy percentage than all other wavelets, 
the wavelet is chosen as the mother wavelet. As the 
detail’s energy percentage is smaller now, the 
de-noised PD signal loses less energy and the 
waveform distortion is less. The optimal wavelet 
selection is made for each scale and is thus scale 
dependent. Given a wavelet library {ψi: i=1, 2, ⋅⋅⋅, N} 
and the highest decomposition level J, the scale 
dependent wavelet selection is as follows. 
 
C.   ALGORITHM 
The decomposition depth J, the scale dependent 
wavelet selection is as follows: 
1) Select a base wavelet ψi from the wavelet library. 
Execute a one-level decomposition of s. This is 
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considered as the first level wavelet decomposition. 
The approximation coefficient a1(i) and detail 
coefficient d1(i) are obtained. 
2) Compute Ea1 (i), the energy percentage of a1(i) 
defined as in equation (4), until i=N. 
3) If Ea1(p) is the maximum of Ea1(i), where i=1, 2, ⋅⋅⋅, 
N, the base wavelet ψp is the optimal base wavelet for 
the first level decomposition. 
4) For the jth level decomposition, let s=aj-1(p), where 
aj-1(p) is the approximation decomposed by the 
optimal base wavelet ψp at level j-1. Select a base 
wavelet ψi and execute a one-level wavelet 
decomposition of the updated s and obtain aj(i). 
5) Compute Eaj(i), the energy percentage of aj(i) until 
i=N. 
6) Find the maximum of Eaj(i), where i=1, 2, ⋅⋅⋅, N. The 
base wavelet ψi corresponding to the maximum is 
selected as the optimal base wavelet for the jth level 
decomposition. 
7) Repeat steps 3 to 6 until j=J and obtain the optimal 
base wavelets for decomposition at all scales. 
The above procedures of the scale-dependent and 
optimal base wavelet selection are presented in Table 
I. 

 
Table I Algorithm of Scale Dependent method 

 
 
D.  METHODOLOGY 
For the scale-dependent EBWS, a base wavelet with 
greater energy percentage than by using any other base 
wavelets is selected at each level. If the optimal base 
wavelet can generate approximations of PD signals 
with more energy percentages than all other base 
wavelets, the energy percentage of d1 decomposed by 
the optimal base wavelet must be smaller than that 
decomposed by other base wavelets. Therefore, 
de-noised PD signals lose less energy and keep smaller 
waveform distortion by using the optimal base wavelet 
than by using other base wavelets, when d1 is set to be 
zero. The optimal wavelet selection is executed on 
each scale and is thus scale dependent. 
 
Now the energy of both DOP and DEP signals are 
calculated. And based on greater energy value, a 
wavelet is selected. For a one-dimensional wavelet 
decomposition, define Ea to be the energy percentage 
of approximation aj at the scale j, where j=1, 2,···, J. Ea  
is defined as follows: 

  





k j k
kjkJ

k
kJ

a da

a
E 2

,
2

,

2
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Table II Selected wavelets for scale dependent 
technique 

Decompo
sition 
level 

1 2 3 4 5 6 

S1 
db
8 

db
7 

db
3 

db
7 

db
15 

db
2 

S2 
db
5 

db
3 

db
8 

db
13 

db
3 

db
2 

 
The table II shows the wavelets used for different level 
of decomposition based on the energy for both the 
DEP signal, s1 and the DOP signal, s2. 
 
Now after decomposition of the PD signals, it is 
reconstructed by using the same base wavelets and 
energy is computed. The table III shows the energy of 
the entire detailed coefficients and the energy of final 
de-noised signal i.e. a6 which is the approximate 
coefficient of last level of decomposition. Figures 6 
and 7 show the denoised DEP and DOP signals using 
the level dependent method, respectively. 
 
Table III Energy percentage for DEP and DOP pulses 

corrupted by white noise 

 
 

 
Figure 6: The original, the noisy and the denoised signals 

related to s1 
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Figure 7: The original, the noisy and the denoised signals 

related to s1 
 
The denoised signals using the level dependent 
method applied for the DEP and DOP signals 
corrupted by both white noise and DSI are as shown in 
the figures 8 and 9. The wavelets for different levels 
are given in the Table IV. 
  

Table IV Selected wavelets for scale dependent 
technique 

 
Decomposit
ion level 

1 2 3 4 5 6 

S1 
db
4 db2 db1

5 db7 db
2 

db
2 

S2 
db
8 

db1
2 db8 db1

3 
db
3 

db
2 

 
Table V Energy percentage for DEP and DOP pulses 

corrupted by white noise 

 
 

 
Figure 8: The noisy and the denoised signals of DEP  corrupted 

by DSI and white noise 

 
 

 
Figure 9: The noisy and the denoised signals of  DOP corrupted 

by DSI and white noise 
 
VII. SCALE INDEPENDENT TECHNIQUE 

ALGORITHM 
 
1. Select a base wavelet from wavelet library. 
Execute jth level decomposition. The approximation 
and detailed coefficients are obtained. 
2. Compute the energy of approximation coefficient 
of the jth level decomposition. 
3. The wavelet with maximum energy at jth level is 
selected as base wavelet. 
4. Now using this wavelet decomposition, 
reconstruction of the noisy signal is obtained. 
 
Now with this algorithm, wavelet based de-nosing is 
performed. On performing this technique it is seen that 
Daubechies 3 ‘db3’ mother wavelet selection gives 
maximum energy. So it is selected as base wavelet. 
Similarly, for DOP signal, it is found that ‘db17’ gives 
the maximum energy. The decomposition is 
performed till the output waveform similar to original 
waveform. After decomposition it is found that, till 
level 6 decomposition is performed, after which the 
waveform gets distorted. Figure 10 and 11 shows the 
denoised DEP and DOP signals using the level 
independent method, respectively. 
 

 
Figure 10: The original, the noisy and the denoised signals 

related to s1 
 

 
Figure 11: The original, the noisy and the denoised signals 

related to s2 
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For the DEP and DOP signals corrupted by both white 
noise and DSI, using the level dependent method, the 
denoised signals are as shown in the figures 12 and 13. 
 

 
Figure 12: Noisy and denoised signals of DEP corrupted by DSI 

and white noise 
 

 
Figure 13: Noisy and denoised signals of DOP corrupted by DSI 

and white noise 
 

VIII. RESULT AND DISCUSSIONS 
 
De-noising performance indices  
The PD de-noising methods aim to reject the noise and 
interferences and retain the PD pulses. However the 
accuracy in de-noising results depends on the severity 
of noise, mother wavelet chosen, maximum 
decomposition level taken, thresholding rule adopted 
and the thresholding function employed (In this work, 
thresholding is not adopted) etc. Also if there is a noisy 
component having features similar to the PD pulse 
then the PD pulse is also affected during thresholding. 
Hence the recovered PD signal deviates from the 
signal to be extracted. To quantify the de-noising 
results and to measure the effectiveness of the 
de-noising methods, the various de-noising 
performance indices that are considered are Mean 
square error (MSE) and Signal to noise ratio (SNR), as 
given in equations (5) and (6). 
 
The two PD signals are embedded in white noises. 
Both de-noised PD signals obtained by SCALE 
DEPENDENT TECHNIQUE look more approximate 
to the original PD signals than the SCALE 
INDEPENDENT de-noised PD signals. Especially, 
SCALE DEPENDENT   generates the de-noised 
signals with much smaller distortion. The PD signals 
de-noised by SCALE DEPENDENT have smaller 
magnitude errors than the PD signals de-noised by the 
SCALE INDEPENDENT. The computations MSEs 
and SNR of the two de-noised PD signals are done. 
And it is found that error in SCALE DEPENDENT 
scheme is less. Hence this scheme is adopted for 
wavelet de-noising. The equations of MSE and SNR 
are given by (5) and (6). 

                   2)()(1 iRiF
N

MSE 
          (5) 

 

        


 2

2

10 )()(
)(log*10

iRiF
iFSNR

              (6)
 

 
Table VI shows the values of SNR and MSE for all the 
method explained above. 
 
Table VI: SNR and MSE for DEP and DOP denoising 

Method Pulse SNR MSE 

Level 
Dependent 
method 

DEP+white 
noise 

14.1
7 

0.0004432
5 

DOP+whit
e noise 

 
12.6
2 

0.00125 

   
DEP+DSI+     
white noise 

8.38 0.00086 

DEP+DSI+     
white noise 10.6 0.00016 

Level 
Independen
t method 

DEP+white 
noise 9.82 0.0056 

DOP+whit
e noise 8.09 0.0098 

DEP+DSI+         
white noise 7.36 0.00056 

DEP+DSI+     
white noise 9.69 0.00109 

 
Hence it can be seen that level dependent technique 
has less error and the amount of noise present in the 
output waveform is also less. Hence, it can be 
concluded that this  technique is more efficient. 
     
CONCLUSION 
 
This paper presents an energy-based wavelet selection 
scheme for de-noising of partial discharge signals. The 
scheme is a scale dependent wavelet selection scheme 
based on an energy criterion. The results of the work 
are concluded as follows: 
 
(a) The energy-based wavelet selection is a 
scale-dependent scheme for wavelet selection. It can 
increase energy percentages of partial discharges 
corrupted by white noise and also DSI at high scales. 
This is very helpful to extract partial discharge signals 
from noises and reduce distortion of de-noised signals. 
(b) As error is less and has less distortion of waveform 
in scale-dependent scheme compared to 
Scale-independent scheme, the scale-dependent 
scheme wavelet selection is a much appropriate 
scheme. 
(c) The scale-dependent scheme wavelet selection 
generates both smaller magnitude errors, smaller mean 
square errors and better signal to noise ratio of 
de-noised partial discharge signals than the 
scale-independent wavelet selection. 
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