
 

  
Abstract — Over the course of the past 20 years, the number 

of signal processing methods used to analyze the partial 
discharge (PD) of electrical equipments has greatly increased. In 
this paper, we analyze and compare the PD signals from acoustic 
emission (AE) and high-frequency current transformer (HFCT) 
measurements with Hilbert-Huang Transforms (HHT). The HHT 
demonstrates several excellent advantages in the PD signal 
analysis application. 
 

Index Terms—Partial discharge (PD), Acoustic emission (AE), 
Hilbert-Huang Transform (HHT) 
 

I.  INTRODUCTION 
s modern economies and populations grow rapidly, 
power conservation is even more important. Most low 

voltage motors operate with the PWM technique, but the 
isolation is not enough for the rated frequency. During high 
voltage switching, the transient voltage greatly exceeds the 
maximum tolerance which is anticipated to be isolated [1]. 
These motors operated in such situation for a long period 
would result in partial discharges (PD). The partial discharge 
increase the users’ risk of unexpected short circuit, electric 
leakage, or ablaze. 

The commonly used methods for motor PD detection are 
the couple capacitance method and the electrical method. Both 
methods are used for high capacity motors operated with 
median or high voltage. In order to distinguish between the PD 
signal and noise, the sampling rate of these methods should be 
higher than the frequency response of sensor output. This 
means that the requisite hardware is too expensive for use with 
low voltage motors. Recently an acoustic emission (AE) 
method has been presented for low-cost PD detection in cast-
resin dry-type transformer [2]. In this work, the acoustic 
emission method and electrical method were used for PD data 
collection. 

Several systems have used intelligent systems techniques, 
such as Artificial Neural Network (ANN) [3], to recognize 
different PD signals. But the main concern of this research is 
focused on the frequency and amplitude variations around the 
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PD occurrence. Therefore, signal processing methods such as 
Fourier Transformation and Hilbert-Huang Transformation 
(HHT) are applied to analyze the PD signal. 

The Fourier Transformation is often used for PD signal 
analysis. The Fourier Transformation provides the detail 
information at frequency response. However, when the Fourier 
Transformation is applied to irregular signals, such as PD 
signals, the energy spectra are invariant with respect to time 
shifts. Therefore the Fourier Transformation is not sufficient 
for detecting the instant when PD occurs. This paper proposes 
the HHT method to analysis the PD signal in the case of low-
voltage motor. HHT is a novel analytic method for time-
frequency domains. It helps us discern the relationship 
between the time and frequency of the PD occurrence. 

II.  MEASUREMENTS METHODS 
The electrical method and AE method used to detect the 

partial discharge signal will be introduced sequentially. 

A.  Electrical Method 
The electrical method is a common method for on-line PD 

detection. A high frequency current transformer (HFCT) is 
used to sense PD signals from the ground lead. When partial 
discharge occurs, considerable current will flow through the 
ground lead. The HFCT sensor will then induce a pulse 
current variation from the ground lead. The power instruments 
which are well grounded for safety make it possible to 
measure the PD signal from the ground lead. The electrical 
method has been used to confirm the occurrence of PD signals 
in a low voltage motor.  

B.  AE Method 
The AE method is a non-electrical method for PD detection. 

The partial discharge results in a pressure wave which collides 
with the inner elements and neighboring elements of the motor 
equipment. The center of the collision forms an acoustic 
emission source, and communicates the wave all over. Since 
the PD signal comes in the form of an acoustic emission, an 
acoustic sensor can be placed close to the surface of the motor.   

A block diagram of this measuring system is shown in Fig. 
1. The target motor is a three-phase driven induction motor. In 
order to measure the partial discharge signal, a generator and a 
three-phase resistor were connected to the target motor. AE 
signals and HFCT signals were used to confirm the presence 
of PD in this device. The AE sensors with a 150 kHz 
frequency response were placed near the motor casing and the 
HFCT sensor was installed to the ground lead. Both the sensor 
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outputs are amplified with a single stage amplifier, and 
recorded by a digital oscilloscope (LeCory LT354). 

 
 
Fig. 1.  PD measurement system for an active motor. 
 

The acoustic signal transferred to the AE sensor is direct 
coupled from the target. Since the resonant frequency of the 
sensor is much lower than the electromagnetic (EM) 
interferences around the motor, the effects of noise is 
substantially reduced by this method. In the mean time, the 
using of 150-kHz resonant type AE sensor also avoids the 
disturbance of mechanical vibration. 

III.  SIGNAL ANALYSIS 

A.  HHT analytical Method 
The HHT is a signal analysis method that combines the 

empirical mode decomposition (EMD) and the Hilbert spectral 
analysis (HSA) [4]. The first step uses the EMD process to 
deconstruct the data into several intrinsic mode function (IMF) 
components as follows: (1) identifies all the local maxima and 
connects them by a cubic spline line to serve as the upper 
envelope. (2) Repeat this process for the local minima to 
produce the lower envelope. The upper and lower envelopes 
should cover all the data between them. (3) The data series X(t) 
is first decomposed into a  finite number n intrinsic mode 
functions Cj, with the extracted energy associated with various 
intrinsic time scales and residual rn.  
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    These IMFs are expanded on a basis derived from the data 
itself. The IMF comply with the following two conditions: (1) 
in the whole dataset, the number of extrema and the number of 
zero crossings must either be equal or differ at most by one; 
and (2) at any point, the mean value between the envelope 
defined by the local maxima and the envelope defined by the 
local minima is zero. 

 In the second step, Hilbert spectral analysis is applied to 
the following IMFs: 
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where P indicates the Cauchy principal value. 

The amplitude ja , the phase jϕ and the instantaneous 

frequency jω  are calculated by 
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Using (3)-(5), the original data X (t) can be expressed as a 
real part (Re) of the complex expansion: 
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which is considered to be a generalized from of the Fourier 
expansion with time variable amplitudes and frequencies. 

The time-frequency distribution of the amplitude 
designated as a Hilbert amplitude spectrum and determined as 
a time-frequency distribution of the amplitude, is utilized. For 
simplicity, the Hilbert energy spectrum is denoted as Hilbert 
spectrum ),( tH ω .  
 The Hilbert energy spectrum preserved the time localities of 
events; the frequency and energy defined by the Hilbert 
transform expressed the intrinsic physical meaning at any 
point. The time location provide the important information 
that is impossible to be seen in FFT analytical Method.  

From the Hilbert spectrum ),( tH ω , the marginal spectrum 
)(ωh  can be determined as:  
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where T is a total data length. The marginal spectrum offers a 
measure of the total energy contribution from each frequency 
value. It represents the accumulated energy over the entire 
data span. In this work, the marginal spectrum is used to 
display the power variation with regard to the frequency. 

IV.  RESULTS AND DISCUSSION 
The PD signal was acquired from the measurement system, 

as shown in Fig. 1. All data were recorded with a 100 MHz 
sampling rate by the oscilloscope, and stored in a file in binary 
format. All the data shown in this paper were analyzed off-line 
with the MATLABTM software package. The calculated AE 
and HFCT signals are shown in Figs. 2 and 3, respectively. 
The datasets used span the entire breadth of the data 
acquisition time. There is a PD occurrence in the HFCT signal 
at 0.05 msec. The same PD occurrence is detected in the AE 
signal at 0.39 msec. Because of the time differential between 
an electromagnetic wave and an acoustic wave, the PD 
occurrence time in HFCT signals should have a lead of 0.34 
msec.  
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Fig. 2.  The original PD signal from AE measurement. 
 

 
 

Fig. 3.  The original PD signal from HFCT measurement. 
 

 
 

Fig. 4.  Intrinsic mode function (IMF) components derived from the AE data 
by the empirical-mode decomposing method. 

 

First, the EMD method was applied both to the AE signal 
and HFCT signal, and the results are shown in Figs. 4 and 5 
respectively. As shown in Fig. 4, the AE signal has six 
intrinsic mode functions. As shown in Fig. 5, the HFCT signal 
reveals seven intrinsic mode functions. Whether the IMF is in 
AE signal or in HFCT signal, the first IMF exhibits the higher 
frequency, and stronger power; the last IMF displays the 
slower frequency, and weaker power. 

 

 
 

Fig. 5.  Intrinsic mode function (IMF) components derived from the HFCT 
data by the empirical-mode decomposing method. 

 
.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 6.  Hilbert marginal spectrum and FFT power spectrum of AE data. 

 
After the EMD method, the Hilbert Marginal Spectrum and 

Fast Fourier Transformation (FFT) methods are applied to the 
AE signal and HFCT signal, and the results are shown in Figs. 
6 and 7 respectively. The peak frequency of the AE signal is 
178 kHz and the peak frequency of the HFCT signal is 2.65 
MHz in the HHT marginal spectrum. The peak frequency of 
the AE signal is 186 kHz, and the peak frequency of the HFCT 
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signal is 12.5 MHz in the FFT power spectrum. The accuracy 
of HHT method is confirmed by comparing it to the results 
obtained with the FFT method. The peak frequency of HFCT 
signal using the FFT method obviously is a misjudgment.  
There are several components below the peak frequency in 
Figs. 6 and 7. The sources of low frequency bands may be 
electric inference from ambient electric switches. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 7.  Hilbert marginal spectrum and FFT power spectrum of HFCT data. 
 

The HHT results in Figs. 6 and 7 show the differences to 
the traditional frequency method. The HHT illustrates the 
explicit relationship between time and frequency around the 
PD occurrence. Furthermore HHT provides strong inferences 
in the low frequency band. Possible sources of this come from 
the transient response of the environment. The noise coming 
from the ground line affects HFCT signals serially and covers 
the PD signal. When compared to the HHT results, some 
components of the PD signal are lost. An explanation for this 
may lie in the fact that the FFT algorithm is based on a linear 
and stationary dataset while the PD signals are nonlinear and 
non-stationary in nature. Therefore, when the FFT is applied 
to PD signal analysis, it presents a serious limitation. It can not 
provide the relationship between the time and frequency in 
which transient phenomena occur. 

V.  CONCLUSION 
PD signal analysis is critically important to the operation 

safety of motors. The AE method and HFCT methods provide 
ways to detect the PD signal of an active motor. The low cost 
make AE method possible to be applied to low-voltage motor 
PD detection. HHT method is an appropriate technique for PD 
signal analysis. The AE sensor with HHT algorithm can be 
used to inspect PD signal for long-term monitoring. 

Traditionally, the method of FFT is used to illustrate 
information in frequency domain. As can be found from Figs. 

6 and 7, the main frequency components of PD signals are 
186.1 kHz and 12.5 MHz respectively. The nonlinear and non-
stationary method, HHT, has been proposed to analyze the PD 
signals in the low-voltage motor. The HHT, a time-frequency 
domain method, supplies another viewpoint to interpret the PD 
signals. This method allows for collecting information on PD 
signals both with regards to the time and frequency domains 
simultaneously. This has been found to provide more reliable 
information when HHT compared with Fourier transformation 
[5]. The results reported here show that the HHT method has 
great promise for motor PD signals analysis. 
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