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Abstract: Acoustic array sensor device for partial discharge detection is widely used in power equipment inspection with the 
advantages of non-contact and precise positioning compared with partial discharge detection methods such as ultrasonic 
method and pulse current method. However, due to the sensitivity of the acoustic array sensor and the influence of the 
equipment operation site interference, the acoustic array sensor device for partial discharge type diagnosis by phase 
resolved partial discharge (PRPD) map might occasionally presents incorrect results, thus affecting the power equipment 
operation and maintenance strategy. The acoustic array sensor detection device for power equipment developed in this 
paper applies the array design model of equal-area multi-arm spiral with machine learning fast fourier transform clean 
(FFT-CLEAN) sound source localization identification algorithm to avoid the interference factors in the noise acquisition 
system using a single microphone and conventional beam forming algorithm, improves the spatial resolution of the acoustic 
array sensor device, and proposes an acoustic array sensor device based on the acoustic spectrogram. The analysis and 
diagnosis method of discharge type of acoustic array sensor device can effectively reduce the system misjudgment caused 
by factors such as the resolution of the acoustic imaging device and the time domain pulse of the digital signal, and reduce 
the false alarm rate of the acoustic array sensor device. The proposed method is tested by selecting power cables as the 
object, and its effectiveness is proved by laboratory verification and field verification.

Keywords: Acoustic array sensor device, Acoustic spectrogram, Partial discharge, Power equipment, False alarm rate.
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0	 Introduction

Power cable, GIS and other power equipment are widely 
used in urban grids due to easy installation and laying, 

and good electrical and heat resistance properties [1-2]. 
However, power equipment in actual operation is affected 
by the installation process, laying environment, external 
damage and other factors, which can lead to insulation 
defects and even insulation breakdown accidents [3-4]. 
Power equipment often produces electromagnetic waves, 
ultrasonic waves, and ultraviolet light before insulation 
accidents occur[5-7]. These signals or phenomena can 
be detected to avoid insulation defects in the equipment 
and thereby improve the operational reliability of power 
equipment. Acoustic testing is a non-intrusive detection 
method that is less affected by external electromagnetic 
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noise and has been widely implemented in the field [8-11]. 
Vibration can be used to detect internal electrical faults in 
a DFIG stator, rotor [12]. In reference [13], an optimized 
deep transfer learning network based on a one-dimensional 
convolutional neural network is built to identify the health 
conditions of planetary gearboxes from the resultant 
vibration signal. Partial discharge occurs in power 
equipment due to insulation defects, and the acoustic signal 
excited by the discharge has a wide frequency band. The 
transmission rate of acoustic signals in power equipment 
is low, and various interference noises are mixed during 
the transmission process. The acoustic array sensor device 
can fully utilize the spatiotemporal characteristics of the 
sound signal, which has a strong anti-interference ability 
for the interference signal. It can be used for the removal of 
background noise, sound source localization, and tracking 
target sound sources. Therefore, the acoustic array sensor 
device can be used to effectively detect the partial discharge 
ultrasound signal.

An acoustic array sensor device is an array consisting 
of several microphones arranged in a geometric structure. 
Sound source localization based on microphone arrays 
involves detecting multiple sound signals using microphone 
arrays, analyzing and processing the sound signals, and 
locating the sound source in the spatial domain. Previous 
studies on acoustic array sensor devices have focused on 
the arrangement of acoustic array sensors [14-15], beam 
localization algorithms, and simulation verification [16] 
to improve the positioning accuracy of the acoustic array 
sensor devices [17]. Acoustic imaging technologies include 
the delay summation beamforming algorithm [18-21], 
non-negative least squares deconvolution beamforming 
[22], deconvolution approach for the mapping of acoustic 
sources (DAMAS) algorithm [23-24], multiple signal 
characterization (MUSIC) algorithm [25], and the artificial 
bee colony algorithm [26]. In reference [27], acoustic array 
detection techniques were employed to analyze the time 
domain graph, spectral graph, and frequency domain-time 
domain chromatogram characteristics of different noise 
sources to identify the noise source types of the substation 
equipment. The sound recognition methods primarily 
include the pattern matching method [28], statistical model 
method [29], and artificial neural network method. These 
methods can obtain better results in practical applications; 
however, sound recognition methods based on the pattern 
matching technique involves a large number of operations. 
Recognition systems based on artificial neural networks 
require a long training time and have poor dynamic 
regularization ability. Therefore, such models cannot be 
adequately trained for large-scale samples. The method 

based on statistical modelling also involves a large number 
of operations during training, but the number of operations 
for sound recognition is lower than that of the pattern 
matching method. These factors limit the popularization 
and application of the three sound recognition methods 
presented above. Meanwhile, the research conducted on 
the diagnosis algorithm of the partial discharge type acoustic 
array sensors is relatively limited. The partial discharge type 
diagnosis method based on the PRPD diagram has a high rate 
of error in the system diagnosis. This affects the operation and 
maintenance strategy of the power equipment and reduces the 
reliability of the power equipment.

This study presents an equal-area multi-arm spiral array 
design model, which employs machine learning using 
the fast Fourier transform clean (FFT-CLEAN)  sound 
source localization identification algorithm. The spatial 
resolution and iteration times of the system are verified 
through simulation analysis. The acoustic spectrogram 
formation and analysis diagnosis method can effectively 
reduce the system errors of the conventional phase resolved 
pulse sequence (PRPS) map diagnosis method, which are 
caused by the resolution of the acoustic array sensor device 
and the digital signal time domain pulse of an acoustic 
imaging device. The acoustic imaging technology based 
on the acoustic spectrogram can be used to quickly detect 
faults during the inspection of power equipment. It can also 
effectively improve the equipment maintenance process.

1	� Design of the power equipment acoustic 
array sensor device

In recent years, handheld acoustic imaging equipment 
have been employed for the manual inspection of power 
equipment. The acoustic imaging technology involves 
the joint detection of the full spectrum of sound, light, 
and electricity. It can be used to achieve the non-contact 
collection of the power equipment state information and 
closed equipment state perspective. It can detect latent 
defects in electrical equipment, which are either visible 
or perceptible. Acoustic imaging technology can be 
implemented in substations to perform equipment detection, 
timely detection of fault causes, and to effectively improve 
the equipment maintenance process. 

Various noises are present in the equipment test or 
operating environment which are unrelated to the partial 
discharge ultrasonic signal. They include mechanical 
vibration noise (120 Hz–4 kHz), corona noise (9–19 MHz), 
electromagnetic radiation noise (30 MHz–30 GHz), and so 
on. The transmission law of the acoustic signal generated 
by partial discharge within the equipment is complex and 
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can penetrate various media, along with the complex and 
diverse local noise of the equipment and environment. 
Therefore, the robustness and false alarm rate of the existing 
acoustic imaging systems cannot meet the requirements of 
the front-line inspection staff, and further improvement of 
the acoustic imaging method is required.

1.1	� Overall design of the power equipment 
acoustic array sensor device

The power equipment acoustic array imaging detection 
technology uses microphone arrays to measure the sound 
field distribution within a certain range. It then displays 
a visual image in the form of a cloud map, which can be 
used to measure the location of the sound emitted from 
power equipment and the state of radiation. The design 
of the power equipment acoustic array sensor device 
employs the microphone array technology and sound source 
localization technology. It contains three modules: data 
acquisition, data processing, and data display. First, the 
microphone array in the data acquisition module senses 

the partial discharge sound signal of the power equipment. 
The data processing module then superimposes and locates 
the sound information using the data obtained from the 
video acquisition module. Finally, the data display module 
visualizes the location point of the partial discharge of the 
power equipment. Fig. 1 depicts the block diagram of the 
acoustic array sensor device system, and Fig. 2 presents the 
data flow of sound source localization system.

1.2	 Microphone array technology

The conventional acoustic detection devices typically 
employ a single microphone noise collection system, 
which uses a single sound sensor for the power equipment 
operation data and fault sound collection. Therefore, they 
are vulnerable to background noise and external interference 
noise. The detection range of a single microphone is limited, 
and the collected target sound signal is of poor quality. It is 
particularly vulnerable to interference from other devices, 
due to which the microphone cannot focus on the acoustic 
characteristics of the power equipment fault. Additionally, 
when the power equipment abnormal state is low, a single 
microphone requires a long time for signal collection, 
abnormal sound labeling, and signal processing. The process 
is time-consuming and labor-intensive. Furthermore, the 
device cannot automatically remove the interference noise 
outside the region, leading to errors.

The power equipment acoustic array sensor device 
developed in this study can effectively perform power 
equipment inspection and presents several advantages over 
the conventional single-microphone imaging system. In the 
process of array design, low frequency resolution requires 
a large array aperture and high frequency dynamic range 
requires high microphone sensor density. Therefore, regular 
distribution processing is convenient, and spiral distribution 
presents good comprehensive performance. Considering the 
above factors, an equal-area multi-arm spiral array design 
model is employed in this study.

Fig. 3 depicts the configuration of the three microphone 
arrays. Fig. 3(a) depicts the proposed equal-area multi-arm 
spiral array, Fig. 3(b) depicts the conventional grid array, and 
Fig. 3(c) depicts the cross array for comparison. The device 
comprises 112 microphone channels, and a beamforming 
algorithm with high dynamic range and resolution is used for 
the visualization of the sound signal and the identification of 
the partial discharge. The resulting beam pattern demonstrates 
the effectiveness of the array in rejecting sound sources 
located far away from the focus point, which is determined by 
the next highest lobe in the array response, referred to as the 
maximum sidelobe level (MSL).

Fig. 4 depicts the MSL of the proposed equal-area multi-
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arm spiral array, which is approximately -12 dB, while that 
of the grid array is -5 dB and that of the cross array is -6 dB. 
The absolute value of MSL indicates the dynamic range of 
the acoustic array. The equal-area multi-arm spiral array 
presents better performance with the dynamic range when 
compared to other arrays.
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Fig. 3  Acoustic array sensor device array design
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1.3	� Sound source localization algorithm based 
on FFT-CLEAN 

The sound source localization algorithms used to detect 
power equipment leakage and partial discharge localization 
include the beamforming algorithm, time differences of 
arrival (TDOA) method, and so on. These methods calculate 
the correlation matrix of the spatial spectrum by obtaining 

Sidelobe of -6dBSidelobe of -5dB

Sidelobe of -12dB

the signal of the sound transmission array. The direction 
of the sound source can be effectively estimated in theory. 
However, the practical estimation of the direction of the 
sound source with a suitable positioning accuracy requires 
a larger computational cost. The spectral estimation method 
used for a large array is computationally intensive and 
is vulnerable to environmental noise, which can lead to 
inaccurate localization.

In this study, the FFT-CLEAN algorithm is employed 
in the development of power equipment acoustic array 
sensor device for accurate sound source identification 
and localization. The basic concept of CLEAN involves 
clarifying the source identification results by repeatedly 
removing the array propagation function corresponding 
to the main flap peak from the conventional beamforming 
results. This method is integrated with FFT to obtain the 
FFT-CLEAN algorithm, which can effectively reduce the 
width of the main flap and attenuate the side flaps, thereby 
improving the accuracy of sound source identification and 
reducing the iterative workload.

First, the conventional beamforming output vector, 
b(0)=b, the mutual spectrum matrix of the acoustic signal 
received by the array microphone, D(0)=C, and the intensity 
distribution of the sound source reflected by the peak of the 
main flap, Q(0)=C, are initialized. The specific steps from 
the nth iteration to the n+1th iteration are as follows. The 
conventional beamforming output is calculated as follows:
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After I iterations of the calculation, the sound source 

intensity distribution is determined as )()( II bQQ �� . In the 
above iterative process, F denotes the Fourier transform and 
F-1 denotes the Fourier inverse transform.

Fig. 5 presents the simulation results of the sound 
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source identification obtained by the MATLAB program by 
comparing the following three algorithms: DAMAS, CLEAN 
based on source coherence (CLEAN-SC), and FFT-CLEAN.

The results demonstrate the effectiveness of the 
algorithms in determining the two distinct acoustic source 
points in the identification maps. There are two simulated 
acoustic sources, placed 0.25 m apart in the simulation. In 
the curve, the color indicates the corresponding amplitude 
of the acoustic signals in the three maps depicted in Fig. 5. 
Fig. 5(a) depicts the DAMAS algorithm, in which the black-
color edges of the two points merge. Fig. 5(b) depicts the 
CLEAN-SC algorithm, in which the edges of the two points 
touch each other, but do not merge. Fig. 5(c) depicts the 
FFT-CLEAN algorithm, in which the edges of two points 
diverge from each other for approximately 0.18 m, and can 
be observed clearly. The FFT-CLEAN presents the best 
spatial resolution among the three algorithms.
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Fig. 5  Algorithms for array spatial resolution enhancement

A comparison of the simulation speed comparison is 
shown in Fig. 6. The simulation results demonstrate that 
the FFT-CLEAN machine learning algorithm improves the 

spatial resolution and reduces the computational workload. 
Table 1 presents the calculation time comparison data. The 
computational workload of FFT-CLEAN reduces with the 
increase in the iteration times. After 2000 iterations, the 
computational time of FFT-CLEAN is 1/5th of DAMAS, 
and 1/4th of CLEAN-SC.

Table 1  Comparison of calculation time between the three 
methods

Iteration/
Times

DAMAS CLEAN-SC FFT-CLEAN

250 45s 25s 12s

500 80s 50s 15s

7750 120s 75s 20s

1000 145s 110s 30s

1250 185s 130s 38s

1500 210s 165s 43s

1750 230s 185s 48s

2000 240s 200s 50s

1.4	 Mapping method for acoustic array sensor devices

(1) Conventional PRPD map formation method
The original digital audio signal obtained by using the 

conventional acoustic imaging device partial discharge map 
is superimposed with a 50 Hz period, i.e., 20 ms based on 
the periodic characteristics of the partial discharge signal. 
The time-amplitude mapping is used to display the periodic 
pattern of the fault, which produces the PRPD mapping 
used for the diagnosis of partial discharge. Fig. 7 depicts the 
mapping formation method of a conventional acoustic array 
sensor device.

Based on the process of the PRPD map formation, it can 
be concluded that the accuracy of the PRPD map exhibits 
a strong correlation with the resolution of the acoustic 
imaging device and the time domain pulse of the digital 
signal. However, a single microphone noise acquisition 
system is still used due to the complexity of the sound 

Fig. 6  Sound source identification calculation time curve
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and propagation law of partial discharge generation and 
the diversity of the environmental conditions at the power 
equipment operation site. Therefore, the analysis and 
diagnosis model of the PRPD map presents a relatively high 
error rate.

Fig. 8 depicts the testing circuit used to conduct the 
partial discharge experiments. A non-PD transformer with 
a high AC voltage, in the order of several kilovolts is used 
as the energy source for the test object. A partial discharge 
phenomenon is observed at the electrical weak point when 
the voltage applied to the defect models is higher than the 
threshold value of the partial discharge inception voltage 
(PDIV). The partial discharge current induced by discharges 
then flows through the test object and coupling capacitor. 
The partial discharge signals are amplified and transmitted 
to the detection equipment, which sample the signal, process 
the data, and display the result spectrum.

Four defect models are developed and tested under the 
sinusoidal power-frequency voltage of several kilovolts 
to simulate the typical types of partial discharge in high 
voltage apparatus. The distinctive partial discharge patterns 
are corona PD, surface PD, void PD, and floating electrode 
PD, as shown in Fig. 9.

Fig. 10 depicts the PRPD diagrams captured using the 
PD detection equipment from PMDT Ltd. The different 
types of partial discharge are distinguished based on the 

different characteristics of the PRPD diagram of power 
equipment. The different colors in the PRPD diagram 
indicate the density of the pulses. The unit is pulses/s (pulses 
per second), which refers to the number of normalized 
pulses recorded in one second. The bright color represents 
high density, while the dark color represents low density.

(2) Acoustic spectrogram formation method for acoustic 
array sensor device

Fig. 7  PRPD map formation method
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The discharge characteristics of a power system 
primarily include its time-domain waveform, acoustic 
characteristics, statistical characteristics, and spectral 
characteristics. The time domain waveform is considered as 
the most intuitive representation of the signal, but it does not 
provide any detailed information about the characteristics 
of the signal. The acoustic spectrogram is formed through a 
detailed analysis of the acoustic and spectral characteristics 
of the sound signal. The time-frequency structure in the 
acoustic spectrogram reflects the signal time-domain and 
space-domain structure and can form a sparse basis function 
for acoustic perception.

The acoustic spectrogram is a two-dimensional 
perceptual map that describes the sound signal and contains 
two-dimensional information on the frequency and sound 
pressure. The different frequency components of the sound 
signal at any given moment are represented by different 
grayscale values in the acoustic spectrogram. The sound 
pressure value is used to characterize each point and to 
enhance the characteristics of the sound signal. The sound 
array sensor device is a part of the sequential execution 
structure, which functionally consists of three main parts: 

audio data reading, data processing, and grayscale graph 
saving display. Fig. 11 depicts the block diagram of the 
system. Table 2 presents the wav file data format.

Table 2  List of wav file data header information

Start 
address

Space 
occupied

The numerical meaning of this 
address

00H 4byte RIFF, Resource exchange file symbols

04H 4byte

The total number of bytes from the next 
address to the end of the file. The high 
byte comes after, e.g. 001437ECH, which 
is converted to decimal as 1325036byte

08H 4byte WAVE, Represents the wav file format

0CH 4byte FMT, Waveform format logo

10H 4byte Filter bytes (typically 00000010H)

14H 2byte
A value of 1 indicates linear PCM 
coding, and a value greater than 1 
indicates compressed coding

16H 2byte 1 for mono, 2 for dual channel

18H 4byte
Sampling frequency, e.g., 00002B11H, 
i.e., decimal 11025Hz

1CH 4byte

Byte rate = sampling frequency * 
number of audio channels * number of 
sample bits obtained per sample /  
8, such as 00005622H, that is 
22050Byte=11025*1*16/2

Fig. 11  Method of forming acoustic spectrogram
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Start 
address

Space 
occupied

The numerical meaning of this 
address

20H 2byte
Block alignment = number of channels 
* number of bits of moral samples per 
sample/8,0002H, i.e. 2=1*16/8

22H 2byte
Number of sample data bits, 0010H i.e. 
16, one quantized sample occupies 2byte

24H 4byte “data”, a flag

28H 4byte

The size occupied by the actual audio 
data of the wav file, such as 001437C8H, 
which is 132500, plus 2CH is 1325044, 
the size of the whole file

2CH Indeterminate Quantitative data

1.5	� Application scenarios of acoustic array 
sensor device

The mechanical vibration of power equipment will 
send out acoustic signals, which is essentially a kind of 
mechanical wave of power equipment radiating energy 
from vibration to sound transmission medium. The acoustic 
signals contain a lot of vibration information. When the 
equipment is in normal operation, the different states of the 
mutual movement between the fuselage and the firmware, 
parts, and parts themselves correspond to the different 
sounds emitted by the equipment, and the sound produced 
by the power equipment will also change when the 
operating state changes. When power equipment produces 
partial discharge, such as corona discharge with large 
discharge, corresponding sound signals will be generated. 
Therefore, the acoustic signals of power equipment contain 
rich information such as vibration and discharge, which 
is an important index to analyze the operating state of 
equipment. When power equipment fails, it will send out 
certain characteristic acoustic signals, which come from the 
following conditions, as shown in Table 3.

Table 3  Application scenario of power equipment acoustic 
array sensor device

Object Detect application scenarios

Power cable

(1) Surface discharge occurs at the cable terminal 
and the cable middle joint.
(2) The manufacturing process of cable accessories, 
the internal semiconductor layer and shielding layer 
is poor.
(3) The over-current of cable grounding conductor 
causes vibration.

Object Detect application scenarios

Transformer

(1) Magnetic circuit faults, including iron core faults 
and clamp faults, are mostly caused by multi-point 
grounding of the iron core or local short-circuit 
overheating of the iron core.
(2) Winding failures mainly refer to the failures of 
the winding in the transformer or the insulation of 
the winding.
(3) Lead faults mainly include insulation breakdown 
damage, internal short-circuit, winding deformation, 
short-circuit between windings, etc.
(4) Insulation system failures include damp insulation 
system, short circuit between phases, abnormal 
insulation oil, screen dendritic discharge, etc.

GIS

(1) Corona discharge occurs at the high-voltage end 
of outgoing bushing, tube bus, high-voltage lead 
wire, etc.
(2) The moving contact is poor, the contact finger of 
bus spring is missing, the bus shield is not fastened 
well, and the anchor bolt is loose.
(3) SF6 gas leaks.

Switch cabinet

(1) The bus bolt is loose.
(2) The bus contact is poor.
(3) Surface discharge occurs when affected with 
moisture.

Generator and 
motor

(1) The generator wiring bolts are loose.
(2) The contacts of internal stator and rotor are poor.

2	 Audio information reconstruction
2.1	 Signal framing and signal windowing

The original audio signal is a digital sequence with a 
high data length. Therefore, the original signal must be 
subdivided into several short-time signals of equal length. 
Each short-time signal is called a frame, with a certain 
overlap between the frames. The distance between the end 
position of each signal frame and the start position of the 
next signal frame is recorded as a step length, as shown in 
Fig. 12.

full signal  S

L

lap

S1
S2

S3
S4

S5

Fig. 12  Signal framing diagram

A complete signal, S, is divided into several short-time 
signals, S1, S2, S3, S4, and S5 of equal length. A partial 
overlap region exists between S1 and S2, and the signal 

continue continue
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step length, lap, represents the distance between S1 and the 
start position of S2. Therefore, the step length between the 
signals is less than the signal length, L. The complete signal, 
S, can be divided into several short-time signals, as follows:

               laplapLSlength /))()((int(ncol ��� � (4)
where the number of short-time signals is obtained by 
rounding up the operation results, L=1024. In this process, 
lap can be set freely, but a value greater than 512 is 
recommended for operational considerations.

The window coefficient is calculated based on the 
specific window function after setting the window signal 
width and window function. The short-time signal of the 
same length is then selected and the short-time signal 
sequence is multiplied by the corresponding number of bits 
with the window coefficient sequence. The new sequence is 
the window sequence of the short-time signal, as shown in 
Fig. 13.

A short-time Fourier transform of the temporal signal of 
the anomalous sound using a Hamming window as a sliding 
window is required to convert the pre-processed anomalous 
sound signal from time domain waveform into a time-
frequency representation of the acoustic spectrogram.
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The sound pressure value at each point is
                            |)(|lg20),( kxtkS t� � (7)

where xt(k) represents the spectral value of the signal and 
S(k,t) represents its sound pressure value in dB.

2.2	 Spectrum normalization

The normalization (data standardization) process is 
performed to avoid the effect of dimensionality between 
indicators and the data is standardized to solve the 
comparability between the data indicators. The indicators 
are in the same order of magnitude after the original data 
is standardized, which is convenient for comprehensive 

comparison and evaluation.
The min-max normalization and Z-score standardization 

are the commonly used standardization methods. The off-
difference normalization is a linear transformation of the 
original data. It is performed to ensure that the calculation 
results are mapped between [0,1]; the conversion function is 
given as follows:

                            minmax

min*

�
�

�
xx

�
(8)

This function uses the outlier normalization method 
but the signal spectrum must be logarithmically converted 
before normalization for the conversion of a wider 
frequency band to a narrower frequency domain range for 
calculation and display. This is given as

                             )(lg*20 iFx � � (9)
where F(i) denotes the ith value in the FFT spectrum 
amplitude of the signal, and x denotes the converted value, 
which is consistent with the value of x in equation (8).

2.3	� Audio signal standardization method of 
acoustic imaging

Generally, the audio file class saved in the field by the 
acoustic array sensor device truncates the high-frequency 
information to reduce the encoding bits, which reduces 
the audio decoding quality. Therefore, corresponding 
recovery techniques must be used to recover some signals 
without a serious loss of high-frequency information. We 
implemented the existing high-frequency reconstruction 
techniques, which primarily include non-blind and blind 
methods. The non-blind methods mainly include the PlusV 
high-frequency reconstruction method, BBSM-based 
simplified parametric high-frequency reconstruction, and 
minimum entropy-based high-frequency reconstruction 
method for audio signals [30]. The blind methods mainly 
include linear extrapolation, mixed signal extrapolation, and 
nonlinear prediction.

This study employs the FFT spectral information 
reconstruction method based on the plural form, which is 
a blind high frequency reconstruction method. Different 
types of audio signals stored in the field can be integrated 
into the same frequency band, and the differences of their 

Short-time signals S0

Add window factor C

Signal after adding window S

S0(1) S0(2) S0(3) S0(4) S0(5) …… S0(1020) S0(1021) S0(1022) S0(1023) S0(1024)

C(1) C(2) C(3) C(4) C(5) …… C(1020) C(1021) C(1022) C(1023) C(1024)

S(1) S(2) S(3) S(4) S(5) …… S(1020) S(1021) S(1022) S(1023) S(1024)

Fig. 13  Short-time signal plus window schematic
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characteristics can be compared in this band. The blind high-
frequency reconstruction method can save more coding bits 
than the non-blind high-frequency reconstruction method 
and is not limited by the type of coding. Additionally, the 
sub-square wave has been experimentally demonstrated 
to be a very effective methodology for decoding the audio 
quality based on harmonic and auditory characteristics. This 
method enables the high frequency recovery of signals with 
severe loss of high frequency information. Fig. 14 depicts 
the reconstruction method.

FFT 
spectrum 
analysis 
module

Loss of high 
frequency time 
domain signal

Low frequency 
information

High 
frequency 

detail spectrum 
reconstruction 

module

High 
frequency 
spectrum 
envelope 

reconstruction 
module

Resonance 
peak 

estimation 
module

Reconstruction of the resulting HF 
information

IFFT 
spectrum 
analysis 
module

Full-band time 
domain signals

Fig. 14  Complex FFT spectrum-based audio information 
reconstruction method

The specific implementation steps of the method used 
for the reconstruction of FFT spectral information based on 
the complex form are presented below.

(1) The original signal, Xori, which contains only 
low-frequency components, is framed into a short-time 
sequence, Xwin, after short-time windowing based on the 
acoustic spectrogram calculation method.

(2) The signal frequency domain amplitude sequence, 
Xfft, is obtained by the FFT spectral analysis transform of 
the short-time signal, Xwin.

(3) The maximum value of frequency, fu, is obtained 
in the frequency domain amplitude sequence, Xfft, and 
the signal is recovered to the level of 2fu since the ending 
frequency of the signal is twice as large as the starting 
frequency.

(4) The spectral information, xhigh, is reconstructed in 
the high frequency band [fu+1, 2*fu] interval based on the 
spectral information, xlow, in the low frequency band [0.5*fu, 
fu].
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(5) The low frequency envelope calculation and the low 
and high frequency intervals are divided into L1 and L2 
based on the fixed width sub-band, C. The envelope value 
of the low frequency band spectral line is calculated as its 
energy.
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(6) The envelope is converted to the logarithmic domain 

since it exhibits a linear decreasing characteristic in the 
logarithmic domain. A straight-line fit is then performed 
using the least squares method, the straight-line intercept, a, 
and slope, b, are calculated and correction is performed for 
the signal slope.
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(7) The values of the HF interval are calculated in the 
logarithmic domain and are recovered in the exponential 
form based on the above linear parameters.

                          R r a brrms high log_ _ ( ) = + � (15)

                         R r erms high_ ( ) = R rrms high log_ _ ( )� (16)
(8) The prediction order, p, is determined based on the 

resonance peak estimation. The corresponding coefficients 
for each order are calculated using the Durbin algorithm, 
the high-frequency envelope containing resonance marks 
is calculated based on the prediction coefficients, and it is 
recovered to the exponential form.

       R r a R r irms high log lpa i rms log_ _ _ _( ) * ( )= −∑ i

p

=1
� (17)
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(9) The resonance peak amplitude is adjusted, the 
resonance peak sign bit, Rsign(r), is determined, and the high 
frequency information is obtained.
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(10) Circularly calculation is performed to obtain the 
recovery frequency of each frame signal.

2.4	 Grayscale

Grayscale is the conversion of a sequence of numbers 
such that the conversion result is in the interval [0,255]. This 
is consistent with the threshold value of the white to black 
gradient region in the subsequent color plate.

The processing equation used is as follows:
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where yrange denotes the conversion range, which is a 
constant value, 2 in the program, and ymin denotes the lower 
limit of the interval, which is a constant value, -1.

Fig. 15 depicts the sound spectrum generated based on the 
above steps using the high frequency reconstruction method.
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(a) Original full-band 10 Hz~30 kHz audio signal

(b) Unconstructed 10 Hz~10 kHz decoded audio signal

(c) Reconstructed 10 Hz~30 kHz decoded audio

Fig. 15  Comparison of the effect of audio reconstruction 
based on FFT spectral information

3	 Laboratory validation

In this study, the same experimental circuit is used 
for the experiments of creeping, needle, slip, and floating 
discharge models. The experiments are conducted by using 
the partial discharge plus stepwise pressurization method 
to measure the number of pulses generated by the partial 
discharge. The pulse current partial discharge detector is 
highly sensitive. Therefore, the current voltage is calibrated 
as the starting discharge voltage when the pulse current 
tester detects the partial discharge signal for the first time. 
The proposed acoustic array sensor device is used for 
acoustic testing, and the partial discharge acoustic signal 
of the cable defect model is saved in the wav format to 
detect the acoustic partial discharge signal under the stable 
discharge voltage. The acoustic signals of different partial 
discharge models are analyzed by forming the sonogram to 
derive the acoustic spectrogram characteristics of different 
types of partial discharge models of cables.

3.1	 Test model

Four types of cable accessory partial discharge defect 
types were constructed based on the field operation and 

maintenance experience of cable terminals. These are 
the creeping discharge model, needle discharge model, 
slip discharge model and floating discharge model. The 
creeping discharge defect model of the cable terminal is 
used to sprinkle approximately 5 mL of tap water on the 
main insulation of the cable set aside at both ends of the 
joint and inside the prefabricated joint, as shown in Fig. 
16(a). There are water droplets impregnated on the main 
insulation face of the cable terminal with a long axis of  
5 mm and a short axis of 2 mm. These droplets are used 
to simulate the partial discharge caused by moisture at the 
cable terminal. The cable termination needle discharge 
defect model is tied to a needle tip with a curvature radius 
of 0.1 mm at the cable termination outer sheath, as shown in 
Fig. 16(b). The cable terminal semiconductor paintslides to 
form the slip discharge model, as shown in Fig. 16(c). It is 
used to simulate the partial discharge defects generated due 
to substandard cable terminal manufacturing processes. The 
cable terminal floating discharge model is simulated with 
a 2*1 mm metal sheet in the cable terminal, as shown in  
Fig. 16(d). The four discharge defect models of 35 kV cable 
accessories are manufactured by a cable manufacturing 
company in Shanghai.
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Stress cone

4

(a) Creeping discharge

Needle

Stress cone

4

(b) Needle discharge
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Stress cone

4

2

1

(d) Floating discharge
Fig. 16  Cable termination partial discharge models  

(unit: mm)

3.2	 Test environment description

The four cable defect models presented above were 
tested acoustically for partial discharge detection of cable 
defects by using the experimental circuit shown in Fig. 
17. The partial discharge audio signal is analyzed using 
the MATLAB simulation platform, and the eigenvalues 
of the partial discharge audio signal are extracted by using 
the audio identification algorithm. The effectiveness of 
the acoustic spectrogram formation algorithm is verified 
through the comparison of audio samples.

Testing
Impedance

Multi -
Channel Data 
Acquisition

Show

Cable defect model

local 
dischargers

CT1(300 k)

Autotransformer 

T1

Boost transformer T2

380V~

Industrial 
frequency 

phase

CT2(1.5 M)

Fig. 17  Experimental circuit for partial discharge detection 
of defect models

3.3	 �Test results and sound spectrogram charac-
teristics

Table 4 presents the number of starting discharge pulses 
and the starting discharge voltage for the four cable defect 
partial discharge models used in the experiments.

Table 4  Number of starting discharge pulses and starting 
discharge voltage for the four cable defect models

Model Name
Number of starting 

discharge pulses
Starting discharge 

voltage/kV

Creeping discharge 5 15 kV

Needle discharge 4 4 kV

Slip discharge 5 18 kV

Floating discharge 6 14 kV

The MATLAB simulation platform was used to analyze 
the partial discharge audio signals and to derive the acoustic 

spectra of the four partial discharge models, as shown in 
Fig. 18.

(a) Acoustic spectrogram of creeping discharge

(b) Acoustic spectrogram of needle discharge

(c) Acoustic spectrogram slip discharge

(d) Acoustic spectrogram of floating discharge

Fig. 18  Acoustic spectrograms of cable terminal partial 
discharge

The following conclusions can be derived from the cable 
terminal partial discharge acoustic spectra presented above:

(1) The acoustic spectrum of the creeping discharge 
model of the cable terminal depicts a color demarcation in 
the middle region.

(2) The lower part of the acoustic spectrogram of the 
cable terminal needle discharge defect model depicts a 
complex interlaced demarcation, and the gray and black 
colors at the demarcation represent a gradient process, 
which varies significantly from the characteristics of the 
creeping discharge.
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(3) The upper region of the acoustic spectrogram of 
the cable terminal slip discharge model depicts a color 
demarcation. The location is close to that of the floating 
model, and the signal gray streak distribution primarily 
exhibits horizontal streaks.

(4) A color demarcation is observed in the upper region 
of the grayscale diagram of the cable terminal floating 
discharge defect model, and the signal grayscale streak 
distribution mainly shows vertical stripes.

4	 Field test verification

Field tests were conducted using the acoustic array 
sensor device for the No. 3 ground transformer cable 
termination in a 220 kV substation. Fig. 19 depicts the 
location of partial discharge at the site. The partial discharge 
diagnosis result of the acoustic array sensor device based on 
PRPD diagram has typical corona discharge characteristics. 
Fig. 20 depicts the partial discharge type diagnosis result.

Fig. 19  Detection results of the acoustic array sensor device

Fig. 20  PRPD diagram of acoustic array sensor device

The sound information collected by the acoustic array 
sensor device was subjected to acoustic spectrogram 
analysis. Fig. 21 depicts the obtained acoustic spectrogram 
of the ground transformer cable terminal. It shows color 

separation in the middle region, which are the typical 
characteristics of the creeping discharge model. The 
defective terminal is dissected on-site. The derivatives and 
discharge traces generated by the discharge can be observed 
through the slit at the end, and the location of the discharge 
source is consistent with the positioning point. The cause 
analysis demonstrates that the partial discharge generated 
by this cable terminal can be attributed to the outer sheath 
layer and the armor layer not being sealed tightly, and the 
presence of impurities or water vapor intrusion caused by 
the creeping discharge, as shown in Fig. 22. It can be thus 
concluded that the partial discharge type diagnosis method 
of acoustic array sensor device based on the acoustic 
spectrogram can be applied for the diagnosis of the cable 
terminal defect model.

Fig. 21  Partial discharge type acoustic spectrogram

Fig. 22  Disintegration verification

For 500 cable sites in a region, the test data of 1000 
iterations of the cable terminal are obtained, where 500 
cable terminal test solutions are obtained for sample 
labeling. Machine learning intelligent algorithms are used 
to learn the partial discharge characteristics of the samples. 
The diagnosis results of the conventional PRPS and acoustic 
spectrogram are tested and verified with 500 cable terminal 
test samples. Fig. 23 presents the test results based on a 
normalized confusion matrix.
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the actual creeping defect model as the creeping defect type 
is 0.92, diagnosing the actual needle discharge model as 
the needle discharge type is 0.85, diagnosing the actual slip 
partial discharge diagnostic model as the slip discharge type 
is 0.87, and diagnosing the actual floating defect model as 
the floating discharge type is 0.92. The diagnostic accuracy 
of each type of partial discharge model is significantly better 
than the diagnostic accuracy presented by the conventional 
PRPS map.
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(b) Diagnostic results based on acoustic spectrograms

Fig. 23  Analysis of diagnostic results of two different spectrograms

On-site monitoring has various functions including 
defect diagnosis and source location, which in determining 
the optimal number of sensors. Two or three sensors 
are preferred for defect type diagnosis. Every effective 
sensor can acquire the signals and then generate the PRPD 
diagram, which can be used for the defect type diagnosis. 
However, two or three sensors are insufficient for the 
defect source location. This issue is addressed by the equal-
area multi-arm spiral array, which uses 112 sensors in the 
array. The equal-area multi-arm spiral array presents higher 
location resolution when compared to the conventional grid 
array and cross array.

5	 Conclusion

(1) The audio sound source identification is expanded to 
two-dimensional sound spectrogram identification. Image 
processing techniques such as image saliency and sound 
spectrogram are then used to analyze and identify the sound 
spectrogram.

(2) The acoustic spectrogram of the creeping partial 
discharge defects model of the cable terminal shows a 
color demarcation in the middle region. The lower part 
of the acoustic spectrogram of the model, which depicts 
the needle partial discharge defects of the cable terminal, 
shows complex interlaced demarcation. The gray and black 
colors at the demarcation represent a gradient process, 
which varies significantly from the features of creeping 
discharge. The upper region of the acoustic spectrogram of 
the slip partial discharge type of the cable terminal shows 
a color demarcation, and the position is close to that of a 
floating model. The signal gray distribution of the floating 
model mainly shows horizontal stripes. The upper area of 
the grayscale diagram of the cable terminal floating partial 
discharge defect model shows color demarcation, and the 
distribution of signal grayscale stripes mainly shows vertical 
stripes.

(3) The acoustic array sensor device adopts the equal-
area multi-arm spiral array design model, which is based 
on machine learning using the FFT-CLEAN sound source 
localization identification algorithm. This model avoids 
the interference factors in the noise acquisition system that 
uses a single microphone and a conventional beam forming 
algorithm. It improves the resolution of the acoustic array 
sensor device. The acoustic array sensor device based on 
the acoustic spectrogram analysis and diagnosis method can 
effectively reduce the system errors.

The research on acoustic imaging in this paper still has 
some improvement directions:

(1) The acoustic array algorithm in this paper should 
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be considered how to transplant and integrate on special 
embedded chips such as FPGA, to further improve the 
efficiency and speed of calculation and analysis, reduce 
the time and overhead of algorithm processing, and further 
miniaturize the detection equipment.

(2) In view of the impact of the distance between the 
acoustic sound source plane and the sensor array plane on 
the imaging effect, binocular ranging can be considered to 
directly measure the distance between the sensor array and 
the source plane in future field instrument development. 
In addition, it is necessary to consider how to optimize the 
fusion with visible light images, and improve the display 
effect of acoustic imaging through the comparison of visible 
light and acoustic imaging images.
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