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Fault Diagnosis for Power Cables Based on
Convolutional Neural Network With Chaotic System

and Discrete Wavelet Transform
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Abstract—In this paper, the discrete wavelet transform (DWT)
and a chaotic system were combined with a convolutional neural
network (CNN) and applied to the diagnosis of insulation faults in
XLPE (cross-linked polyacetylene) power cables. First, four differ-
ent types of insulation faults in power cables were constructed,
including the normal state of the cable, the short outer semi-
conducting layer, impurities in the insulation layer, and insulation
layer damage, and a high-speed capture card (NI PXI-5105) was
adopted to measure the partial discharge (PD) signal, which was
then filtered through discrete wavelet transform. Then, based on
the Lorenz chaotic system, a dynamic error scatter diagram was
established as the feature of each fault state. Finally, the dynamic
error scatter diagram was processed by CNN to recognize four
different types of faults in the power cable. The test results show
that the method proposed in this paper can quickly recognize
the fault state of power cables and has excellent performance in
terms of recognition accuracy, which reaches 97.5%. Therefore,
the proposed method can effectively detect the fault signal changes
of power cables and identify the fault state of power cables in real
time.

Index Terms—Discrete wavelet transform, chaotic system,
convolutional neural networks, power cable, fault diagnosis, partial
discharge.

I. INTRODUCTION

ACCORDING to analysis of power cable faults, the faults
resulting from the insulation damage of power cables due

to poor human construction quality account for a considerable
proportion of the total power cable faults [1]. Once the power
cable insulation is faulted, it faces the high risk of power inter-
ruption at any time. Partial discharge (PD) is the main factor that
causes insulation breakdown of high-voltage power equipment,
and is an important indicator of equipment insulation deteriora-
tion. Therefore, the stability and safety of power systems will
be greatly improved if the partial discharge state that exists in
power cables can be detected at an early stage.
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In the traditional detection method of partial discharge, the
features of the partial discharge signal are analyzed through
pattern recognition [2], [3], which relies heavily on experienced
experts, in order to effectively detect insulation faults. In recent
years, with the rise of machine learning and artificial intelli-
gence, different diagnostic methods for partial discharge have
been proposed; for example, Hao et al. [4] used the support
vector machine (SVM) in the data training and recognition of
three artificial partial discharge models, which can effectively
classify partial discharges. Mazzetti et al. [5] extracted the
various features of partial discharge signals and an adaptive
fuzzy neural network was used to diagnose the faults of power
cables. Raymond et al. [6] Dimensionality reduction was carried
out using principal Components analysis (PCA) to analyze the
partial discharge data of five types of faults in power cables, as
obtained by phase-resolved partial discharge (PRPD) [7], and
the dimensionality reduction data was input into the classifier
to identify the features. Meanwhile, the PCA feature extrac-
tion method was compared with traditional statistical feature
extraction and fractal feature extraction methods, and these three
features were input into a back propagation neural network
(BPNN) and SVM to compare identification accuracy. The test
results show that the PCA method is superior to the statistical
and fractal feature extraction methods in identification in a high-
noise environment, and SVM has higher recognition accuracy
than BPNN. In addition, a breakthrough in image recognition
technology recognizes different types of partial discharges with
the image feature extraction method in the detection of power
equipment. Firuzi et al. [8] converted the PRPD images of
different partial discharge types into grayscale images, followed
by feature extraction using the traditional methods of local
binary pattern (LBP) and histogram of oriented gradient (HOG).
Finally, the SVM classifier was used to identify partial discharge
types.

This paper combined the discrete wavelet transform (DWT)
[9]–[11], the Lorenz chaotic system, and a convolutional neural
network (CNN) [12] to identify the insulation faults of four types
of power cables. During identification, the partial discharge sig-
nal detected by HFCT was filtered by discrete wavelet and input
into the Lorenz chaotic system to draw the dynamic error scatter
diagram, and the image features were extracted and identified by
CNN. Meanwhile, the proposed method was compared with the
traditional HOG image feature extraction method with SVM
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Fig. 1. Composition structure of power cables.

Fig. 2. Model of normal power cables.

[13], [14], BPNN [15], and K-Nearest Neighbor (KNN) [16],
[17] classifiers for identification accuracy. The results show
that the proposed method can effectively identify the partial
discharge type of power cables and has the highest identification
accuracy.

II. PARTIAL DISCHARGE TEST OF POWER CABLE

During the partial discharge detection process, the partial
discharge signal measured by a sensor is inevitably interfered
with by the surrounding environment or affected by the detection
equipment, which increases detection difficulties. Therefore, in
order to improve signal analysis and recognition, the signal
analysis method is adopted to filter out the noise interference
of the detected signal. The test process of partial discharge of
power cables in this paper includes the construction of power
cable faults, and the acquisition of partial discharge signals, as
follows:

A. Construction of Power Cable Faults

In order to study the partial discharge in power cables, the
single-core 25kV XLPE power cable with a cross-sectional area
of 38 mm2 is taken as the subject in this study. Fig. 1 shows the
composition structure of the power cable, including the copper
conductor, semi-conductor, insulator, shielding copper belt, and
outer coating. The four common fault models for power cables
are as follows:

1) Normal Power Cables (Type I): Before operating power
cables, each layer of material must be peeled off respectively
according to the construction regulations to avoid short circuits,
as caused by the close distance between the copper conductor
and ground. In addition, a terminal joint must be added to
increase the surface distance to prevent high voltage creepage
on the cable surface, as its wavy structure means that surface
discharge accidents can be effectively avoided. Moreover, its
stress cone can effectively distribute the electric field evenly. The
normal power cable model established in this paper is shown in
Fig. 2.

2) Short Outer Semi-Conducting Layer (Type II): Installa-
tion of terminal joints for power cables must be in accordance
with the instructions of the manufacturer. If the construction

Fig. 3. Schematic of faults in the outer semi-conductive layer of power cables.

Fig. 4. Schematic for impurities in the insulation layer of power cables.

Fig. 5. Schematic for insulation damage of power cables.

code is not followed, the stress cone in the terminal joint cannot
be located on the outer semi-conductive layer, resulting in the
uneven distribution of the dielectric constant and electric field
inside the terminal joint, thus, leading to partial discharge.
Therefore, the fault model of power cables, as constructed in
this paper, is shown in Fig. 3.

3) Impurities in the Insulation Layer (Type III): Some impu-
rities may remain on the insulation layer due to the construction
environment or natural dust during the installation of the termi-
nal joint of power cables. In accordance with the construction
regulations of power cables, special cleaning sheets must be
used to wipe the insulation layer in a fixed direction, in order to
prevent residual impurities on the insulation layer from affecting
the distribution of the electric field. The fault model constructed
in this paper simulates the impurities on the insulation layer, as
shown in Fig. 4.

4) Insulation Layer Damage (Type IV): Power cables may
suffer insulation damage due to external factors during instal-
lation, maintenance, removal, and operation. Severe damage to
the insulation of power cables may be caused by digging with
mechanical tools during construction or biting by animals. After
the insulation layer is damaged, even if there is no immediate
power interruption, water and gas will permeate into the insu-
lation layer during long-term operation, which will eventually
lead to insulation breakdown and a fault. This paper used a PCB
bit with a diameter of 2mm to destroy half of the insulation layer,
and the partial discharge was detected. The model is shown in
Fig. 5.

B. Acquisition and Processing of Partial Discharge Signal

Fig. 6 is the test flow chart of the power cable designed
in this paper. In order to generate a high voltage that reaches
22.8kV during the acquisition of a partial discharge signal, an
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Fig. 6. Partial discharge test flowchart of power cables.

Fig. 7. Power cable test platform.

auto transformer is used to adjust the voltage of the step-up
transformer, which is then applied to the XLPE power cable
conductor. In addition, the high frequency current transformer
(HFCT) is connected to the power cable ground to sense the cur-
rent pulse signal of the power cable ground. Then, a high-speed
data acquisition card is adopted to receive the signal output by
the high frequency current transformer for online analysis.

Fig. 7 shows the experimental environment in this study,
where the bandwidth of HFCT is between 1 MHz and 60 MHz,
and the sampling frequency of the NI PXI-5105 high-speed
data acquisition card is 60 MHz, with 12bit resolution and 8
synchronous channels, which is enough to completely present
the partial discharge signal detected by HFCT. This study used
LabVIEW to design the human-machine interface to store and
detect PD data. Additionally, the partial discharge test environ-
ment is represented as a schematic diagram, as shown in Fig. 8.

The acquired partial discharge signal is shown in Fig. 9. The
cycle of the captured partial discharge signal equals three cycles
of a 60 Hz power source, the sampling rate is 20MS/s, the
measurement time is 50 ms, and 1 million pieces of data are
acquired.

III. METHODOLOGY

A. Wavelet Transform of Signal

The purpose of signal processing is to obtain the features of the
signal from different angles through different transform methods

Fig. 8. Schematic diagram of partial discharge test setup.

to assist in signal analysis and processing. The wavelet function
is a new foundation for expressing signals, while the wavelet
transform, which is also a time-frequency analysis technology
that features a time-frequency elastic window, is a method for
analyzing the signal from different resolutions.

Wavelet transform is divided into continuous wavelet trans-
form (CWT) and discrete wavelet transform (DWT). As DWT
is often used to suppress signal noises [18], it is applied in this
paper to process the captured partial discharge signal.

The discrete wavelet can be expressed by (1).

ψm,k (t) =
1√
2m

ψ

(
t− k

2m

)
(1)

Where m and k are the Scale parameter and Translation param-
eter, respectively. t is the time, ψm,k(t) is the wavelet transform
coefficient, and ψ(t) is the base mother wavelet.

Input signals, which consist of low-frequency (LF) and high-
frequency (HF) components, can be decomposed into frequency
bands through DWT. Then, through down-sampling, the first
level of wavelet transform can be obtained. The maximum
number of decomposition layers in a wavelet transform is log2N,
where N is the length of the signal.

According to the features of the discrete wavelet crossover
filter bank, the frequency band of the approximate coefficient
(low frequency) cAi and the detail coefficient (high frequency)
cDi can be expressed by (2) and (3), respectively, where i is the
number of decomposition layers.

cAi =

[
0,

fs
2i+1

]
(2)
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Fig. 9. Partial discharge signal of different insulation faults of power cable.
(a) normal power cable, (b) short outer semiconductor layer, (c) impurities in
the insulation layer, and (d) insulation layer damage.

cDi =

[
fs
2i+1

,
fs
2i

]
(3)

After the signal is decomposed, the original signal can be
reconfigured by inverse discrete wavelet transform (IDWT) [19].
Since the signal has been down-sampled, it must be up-sampled
during reconfiguration.

The following describes how the discrete wavelet is used to
suppress noises:

1) Select the Number of Decomposition Layers: When dis-
crete wavelet transform is adopted for signal filtering, generally,
more decomposition layers can make it easier to separate the
signal from the noise, which can yield a better filtering ef-
fect. However, if there are too many decomposition layers, the
calculation time significantly increases, leading to unnecessary
burdens.

In order to determine the number of decomposition layers of
discrete wavelet transform, this study uses Fast Fourier Trans-
form (FFT) [20] for spectral analysis of a partial discharge signal.
The frequency range of the obtained partial discharge signal is
1 MHz to 10 MHz, as shown in Fig. 10.

Fig. 10. Partial discharge signal and FFT spectrum.

TABLE I
FREQUENCY RANGE OF THE LAYERS DECOMPOSED BY

DISCRETE WAVELET TRANSFORM

This study employs a high-speed data acquisition card to
measure the partial discharge signal of the power cable. The
sampling frequency fs is set at 20 MHz, and the Nyquist-
Shannon sampling theorem [21], [22] is applied herein. The
highest measurable frequency of the partial discharge signal
is 10 MHz in this study, and the bandwidth ranges of various
hierarchies of discrete wavelet transform are decomposed by
(2) and (3), as shown in Table I. Therefore, this study sets the
number of decomposition layers of discrete wavelet transform
as four, and the partial discharge signal of the high frequency
part (0.625 MHz ∼ 10 MHz) is separated from various layers.
The remaining low frequency signal (lower than 0.625 MHz) is
background noise. Therefore, with the spectral analysis result of
the partial discharge in Fig. 10, this study assigns the number of
decomposition layers of discrete wavelet transform as four, so
as to separate the partial discharge signal from the background
noise effectively and to avoid excessive decomposition layers
from increasing the operational load of the system.

2) Select the Mother Wavelet Function: Since the discrete
wavelet transform filters out signals similar to the mother
wavelet function, it is very important to select a mother
wavelet similar to the partial discharge signal. The common
mother wavelet functions include Haar wavelet, Coiflet wavelet,
Daubechies (db) wavelet, and Symlets wavelet. Generally, in
partial discharge studies, the oscillation-attenuated partial dis-
charge pulse waveform is close to the Daubechies wavelet [23].
Therefore, in order to select the mother wavelet function that best
fits the partial discharge signal, the Pearson correlation coeffi-
cient is used to calculate the correlation between the Daubechies
wavelet function and the partial discharge pulse signal of the
power cable. The Pearson correlation coefficient is expressed
as:

γ =

∑(
X − X̄

) (
Y − Ȳ

)
√∑(

X − X̄
)2 ∑(

Y − Ȳ
)2 (4)
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where, X is the original partial discharge pulse signal, X̄ is the
average of the original partial discharge pulse signal, Y is the
noise-eliminated discharge pulse signal, and Ȳ is the average of
the noise-eliminated discharge pulse signal.

3) Set the Threshold and Filter the Signal: After the mother
wavelet is selected, the noise of the partial discharge signal
can be filtered out. In this study, the Universal threshold is
multiplied by the median of each decomposition layer after
wavelet decomposition to automatically set the threshold, as
shown in (5).

λj =
σj

0.6745
∗√2 log nj (5)

where, λj is the threshold of the jth decomposition layer, σj is
the median of the jth decomposition layer, nj is the signal length
of the jth decomposition layer.

After the threshold is set, the noise is filtered out through the
threshold processing. The general threshold selection includes
hard δHard

λ and soft thresholds δSoft
λ [24].

Regarding the hard threshold, a larger wavelet coefficient is
retained and the coefficient below the threshold is set to 0, as
shown in (6).

δHard
λ =

{
x (t) , if |x (t)| > λ

0, otherwise
(6)

Regarding the soft threshold, the wavelet coefficient below the
threshold is set to 0 and the coefficient greater than the threshold
is reduced proportionally, as shown in (7).

δSoft
λ =

{
signal (x (t)) (|x (t)| − λ) , if |x (t)| > λ

0, if |x (t)| ≤ λ
(7)

In order to ensure that the complete partial discharge signal
could be retained, this study applied the hard threshold to filter
out the noise in the partial discharge signal. Finally, through
IDWT, the signal processed by the hard threshold can be con-
figured into a noise-eliminated partial discharge signal layer by
layer. The original partial discharge signal ((a)∼(d) of Fig. 9),
as measured by the power cable, was filtered by the discrete
wavelet, as shown in Fig. 11.

After filtering, the partial discharge signal can be completely
displayed, and the noise can be effectively suppressed.

B. Chaos Synchronization Detection Method

The Chaos Theory was proposed by an American meteo-
rologist, Edward Norton Lorenz. The signal generated by the
chaotic system produces an orderly movement trajectory without
a fixed cycle due to the strange attractor, and the movement
trajectory is greatly affected due to slight changes. The chaotic
synchronization system mainly consists of a master system and
a slave system. When the master system and the slave system
receive different signals, the trajectories of the two systems
produce different dynamic errors. If the slave system tracks the
master system, it is called a chaotic synchronization action [25].
In this study, the dynamic error generated during the master-
slave system tracking process is used to analyze the differences
generated by different partial discharge faults.

Fig. 11. Partial discharge signal after the different insulation faults of power
cable are filtered out. (a) normal power cable, (b) short outer semiconductor
layer, (c) impurities in the insulation layer, and (d) insulation layer damage.

The master and slave systems in this study are the partial
discharge signals of normal and faulted power cables, and the
generated dynamic errors can be drawn as a dynamic error scatter
diagram. According to different power cable faults, the dynamic
error scatter diagram shows different distributions and center
positions (chaotic eye).

The master and slave systems of the chaotic system are
expressed as (8) and (9), respectively. Where, x and y are state
vectors, and f(x) and f(y) are nonlinear functions.

Master System =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

·
x1 = f1 (x1, x2, x3, · · · , xn)
·
x2 = f2 (x1, x2, x3, · · · , xn)

...
·
xn = fn (x1, x2, x3, · · · , xn)

(8)
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Slave System =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

·
y1 = f1 (y1, y2, y3, · · · , yn)
·
y2 = f2 (y1, y2, y3, · · · , yn)

...
·
yn = fn (y1, y2, y3, · · · , yn)

(9)

By subtracting (8) from (9), we can obtain the master-slave
dynamic error, which is expressed as (10), and the obtained
dynamic error equation is shown in (11).⎧⎪⎪⎪⎨
⎪⎪⎪⎩

e1 = x1 − y1
e2 = x2 − y2

...
en = xn − yn

(10)

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

ė1 = f1 (x1, x2, x3, · · · , xn)− f1 (y1, y2, y3, · · · , yn)
ė2 = f2 (x1, x2, x3, · · · , xn)− f2 (y1, y2, y3, · · · , yn)

...
ėn = fn (x1, x2, x3, · · · , xn)− fn (y1, y2, y3, · · · , yn)

(11)

The Lorenz Chaotic system is used to extract the features of
a partial discharge signal from a power cable. The master and
slave systems of the Lorenz Chaotic system are expressed as
(12) and (13), respectively.

Lorenz Master System :

⎧⎨
⎩
ẋ1 = α (x2 − x1)
ẋ2 = βx1 − x1x3 − x2
ẋ3 = x1 x2 − γx3

(12)

Lorenz Slave System :

⎧⎨
⎩
ẏ1 = α (y2 − y1)
ẏ2 = βy1 − y1y3 − y2
ẏ3 = y1 y2 − γy3

(13)

This study feeds the partial discharge signals of a normal
power cable and faulty power cable into the master system ((8))
and slave system ((9)), respectively. If r is the data sequence of
the partial discharge signal of the normal power cable, and s is
the data sequence of the partial discharge signal of the faulty
power cable, then the parameters of (12) can be defined as x1 =
r[u], x2 = r[u+1], and x3 = r[u+2], and the parameters of (13)
are y1 = s[u], y2 = s[u+1], and y3 = s[u+2], where u = 12, …,
v-2, and v is the total amount of data of the partial discharge
signal. Then the dynamic error calculated from (12) and (13) is
expressed as (14) in the form of a matrix.⎡

⎣ ė1ė2
ė3

⎤
⎦ =

⎡
⎣−α α 0
β −1 0
0 0 −γ

⎤
⎦

⎡
⎣ e1e2
e3

⎤
⎦+

⎡
⎣ 0
−e1e3
e1e2

⎤
⎦ (14)

In the Lorenz dynamic error, α, β, and γ are system pa-
rameters. According to the experience of Edward Lorenz, the
parameters of this system are set as α = 10, β = 28, and γ =
8/3, to ensure the existence of the property of singular attractors
in the chaotic system [26]. The dynamic error scatter diagram
is drawn using vector e1 as the X-coordinate and vector e2 as
the Y-coordinate according to the obtained dynamic error values
e1 and e2. Fig. 12 illustrates the dynamic error scatter diagram,
where the blue dot is the dynamic error, and the red dot represents
the centroid position of the scatter diagram (chaotic eyes).

Fig. 12. Typical dynamic error scatter diagram.

C. Convolutional Neural Networks Work (CNN)

In recent years, CNN has been widely used in signal pro-
cessing and image classification, such as face recognition [27],
imaging medicine [28], fault diagnosis [29], etc., and it has
yielded good application results. The CNN model design differs
according to the features of the tested images. The main CNN
architecture is basically composed of several convolutional lay-
ers, a pooling layer, a fully connected layer, and an activation
layer.

This study designed a chaotic error scatter diagram that uses
the convolutional neural network to identify the fault state of
a power cable, and all images are 64 × 64pixel RGB images.
The convolutional neural network model architecture is shown
in Fig. 13 . The operation of each layer is described, as follows:

1) Convolutional Layer: The convolutional layer mainly ex-
tracts the features from the network, performs convolutional
operations through masks of different sizes, and extracts or en-
hances the features of images by the concept of spatial filtering.

2) Pooling Layer: After the image features are obtained from
the Convolutional layer, in order to effectively reduce the size of
the feature parameters of the images and maintain the invariance
of the features, a Pooling layer is added after the features are ex-
tracted, which can reduce the complexity of the overall network
operation, and focus the pooled information on the consistency
of the features. The common pooling methods include Max
pooling and Average pooling.

3) Activation Layer: The main function of the activation
layer is to enhance the non-linear characteristics of the
network. The current common activation functions include
Sigmoid, TanHyperbolic (tanh), and Rectified Linear Unit
(ReLU) functions. The ReLU function can greatly improve the
performance of CNN, and its performance in training speed is
also better than that of other functions [30]. The ReLU function
is expressed as (15).

f (k) = max (0, k) (15)

Where, k is the output of the previous neuron.
4) Fully Connected Layer: The architecture of the fully con-

nected layer is mainly composed of flat layer, hidden layer,
and output layer. The fully connected layer serves to obtain the
results of the convolutional and pooling operation process, and
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Fig. 13. The CNN architecture diagram designed in this paper.

Fig. 14. Model architecture for fully connected layer.

TABLE II
RECOGNITION RESULTS OF INSULATION FAULTS OF POWER CABLES

then, predicts and classifies the images. Its structure is shown in
Fig. 14.

IV. EXPERIMENTAL RESULTS

A. Dynamic Error Scatter Diagram

In this study, the partial discharge signals, as acquired by the
power cable fault models, were filtered by DWT, and the data
was input into the Lorenz Chaotic system for dynamic error
calculation, and dynamic error e1e2 is used to generate dynamic
error scatter diagram. The chaotic dynamic error scatter diagram
for the four types of power cable faults is shown in Fig. 15.

The dynamic error scatter diagrams, as drawn under different
fault states of power cables, show that the dynamic error scat-
ter diagrams of different types of faults and their center have
different distribution positions and densities. The distribution of
normal and faultless power cables is concentrated, and when a
cable insulation fault is more serious, the dynamic error scatter

Fig. 15. Dynamic error scatter diagram for different types of power cable
faults. (a) normal power cable, (b) short outer semiconductor layer, (c) impurities
in the insulation layer, and (d) insulation layer damage.

diagram will be more dispersed. Therefore, this feature was
further applied in CNN training and recognition.

B. CNN Fault Recognition

The CNN architecture used in this study has two convolutional
layers, two pooling layers and one fully-connected layer, a 3× 3
mask (convolution kernel), and a ReLu activation function that
were used to identify the type of faults of power cables. The
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TABLE III
COMPARISON OF RECOGNITION PERFORMANCE BETWEEN CNN AND TRADITIONAL DETECTION METHODS

test environment is MATLAB 2020a with Intel Core (TM) i7-
9700 processor, NVIDIA GeForce RTX 2080 SUPER graphics
card, along with Windows professional 64-bit operating system.
The convolutional neural network model designed in this study
uses the chaotic dynamic error scatter diagrams of power cables
as the recognition sample. The CNN model for identifying the
types of insulation faults of power cables was trained by 400
dynamic error scatter diagrams, and with 100 samples for each
type of fault. In addition, in order to verify the validity of the
CNN model to identify different types of power cable faults,
360 dynamic error scatter diagrams were used for testing, with
90 samples for each type of fault. According to the results in
Table II, the proposed method can effectively classify different
types of insulation faults of power cables, and has recognition
accuracy of 97.5%.

The recognition performance of CNN and traditional image
recognition detection methods for insulation fault types of power
cables are compared in this study, and the results are shown in
Table III. Discrete wavelet filtering and dynamic error operations
are performed before CNN and the traditional detection method
are used for model training. In terms of training time, while tradi-
tional HOG+SVM and HOG+KNN can complete the classifier
training in a faster time, CNN can complete the training in only
25 seconds, and HOG+BPNN requires 90 seconds to complete
the training, which is the most time-consuming among the four
detection methods. Regarding recognition accuracy, CNN has
97.5% recognition accuracy, which is the highest among the four
detection methods, followed by 91.9% for HOG+SVM, 88.6%
for HOG+BPNN, and 85.6% for HOG+KNN. In addition, to
validate the effectiveness and fault tolerance of the proposed
method, 10% noise is added to the original unfiltered partial
discharge signal, and the recognition accuracies of four detection
methods are compared with the result shown in Table III. After
the original signal is mixed with 10% noise, the recognition
accuracy of CNN is 94.4%, which is the best performance among
the four detection methods, meaning that the proposed method
has excellent robustness.

C. Human-Machine Interface for Fault Diagnosis

The method proposed in this study is integrated into Lab-
VIEW software to develop a fault diagnosis system, the interface
of which is shown in Fig. 16.

In this system, the partial discharge data of power cables, as
acquired by the high-speed data acquisition card, is stored in a
personal computer, the file is read through the human-machine

Fig. 16. Human-machine interface for fault diagnosis.

interface, and then, the chaotic system is used to draw the
dynamic error scatter diagrams, as shown in part (a). Then, the
trained CNN is used to recognize the faults, and the diagnosis
result is displayed on the human-machine interface, as shown in
part (b). The human-machine interface developed in this study
can convert a signal into a Lorenz dynamic error scatter diagram
immediately after measuring the partial discharge signal of a
power cable, and the proposed method can be used for on-line
intelligent diagnosis of insulation fault types of power cables,
in order to effectively and quickly lock power cables with fault
symptoms and carry out maintenance as soon as possible.

V. CONCLUSION

This paper proposed a fault recognition method for power
cables, as based on wavelet transform, the chaotic system, and
CNN. Specifically, four common types of power cable faults
were constructed, and the Lorenz Chaotic system was used
to draw the chaotic dynamic error scatter diagrams from the
acquired data, which were taken as the fault diagnosis samples,
and then, the trained CNN model was used to recognize the
types of faults. Compared with the traditional HOG+SVM,
HOG+BPNN, and HOG+KNN detection methods, the accu-
racy of the method proposed in this paper is 97.5%, which proves
the effectiveness of the presented method.

The characteristics of the method proposed in this paper are,
as follows:
� The chaotic dynamic error scatter diagrams, as gener-

ated by different types of faults, have unique distribution
positions and densities, which is more conducive to the
recognition of convolutional neural networks.
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� The combined chaotic dynamic error scatter diagram and
CNN can fully demonstrate the effectiveness of the method
proposed in this paper, which has good recognition accu-
racy.

� Through the fault diagnosis human-machine interface es-
tablished in this paper, the fault type identification of a
power cable can be effectively and quickly carried out
online, which makes the maintenance of power equipment
more efficient.
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