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SUMMARY: The current cable fault detection is usually based on a single sensor and signal 

source, coupled with the constraints of the field environment, which greatly enhances the 

difficulty of personnel inspection. In this paper, by integrating five kinds of multi-dimensional 

cable fault signal feature information. The extracted multi-dimensional information features 

are downscaled using the KPCA downscaling algorithm, SVM is used as the multi-dimensional 

information fusion cable fault identification algorithm, and the KPCA-SVM multi-dimensional 

information fusion identification model is optimized with kernel parameters through the APSO 

algorithm, and finally the APSO-KPCA-SVM multi-dimensional information fusion 

identification cable fault model based on APSO-KPCA-SVM is proposed. The experiments are 

validated using simulated datasets, and the fusion and dimensionality reduction of five fault 

signal features is used as the input feature vector of the cable fault identification model, which 

reduces the accuracy of the model by only 0.22% compared with the model before 

dimensionality reduction, while the training time is reduced by 413.14 s. The tests are conducted 

under the condition of noise interference as well as data loss, and compared with the SVM and 

the DBN, the APSO-KPCA-SVM has stronger anti-interference performance, when the signal-

to-noise ratio is reduced to 20dB, only the model cable fault identification accuracy of this 

paper is still maintained at more than 90%. 
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1 Introduction 

Due to the fast development of the Chinese economy and the further progress of 

industrialization, electricity has become one of the indispensable aspects of everyday living and 

manufacturing. The distribution network cables form a significant part of distribution-network 

operation and the continuous operation of the distribution network plays a very important role 

[1, 2]. In reality, the cable faults are often observed when operating, which can lead to line 

outages and endanger the safety of the entire power grid [3, 4]. With regard to the risks of 

distribution-cable failure, literature [5] states that failures of power-distribution infrastructure 

including poles and cables represent an influential factor of wildfires, and it explains how 

power-distribution facilities could ignite fires and the studies on the prediction and detection of 

wildfires. Early fault detection of power-distribution infrastructure like cables is emphasized in 

literature [6], which indicates that the faults might severely compromise the stability and 

reliability of the power-distribution system. Thus, the process of cable-fault identification 
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should be enhanced to enable regular functioning of the cables. 

In general, the cable generates failure problems are roughly divided into the following 

aspects, the first is mechanical damage, which is formed due to abnormal power outage of the 

circuit system, and is a relatively common type of failure [7]; The second is insulation moisture, 

mainly in the generation of leakage accidents, in the cable in the joints or in the terminal sealing 

is relatively poor part of the cable, due to the long-term impact of the humid environment, the 

insulation layer produces cracking, which in turn produces a leakage accident [8, 9]; The third 

is due to the cable long-term use in the overloaded state, and saturated with electricity and 

thermal effects of the double impact of the insulation layer resulting in aging or deterioration 

of the situation, which in turn produces leakage faults [10, 11]. In order to take effective 

countermeasures against cable faults, prerequisite work such as digging out the causes of faults, 

fault classification, and pre-detection are essential.Literature [12] analyzes the faults of 

distribution networks based on the fault database of the distribution network and identifies the 

causes of faults in order to estimate the fault rate and improve the quality of power supply. 

Literature [13] points out that underground cables play an important role in the transmission of 

electrical energy, but the difficulty of detecting their faults also poses a number of risks, by 

examining the different types of underground cable faults and their causes, and demonstrating 

the incidence of different cable fault types. Literature [14] addresses the shortcomings of the 

current existing fault classification techniques for distribution network cables, proposes a 

method to realize fault classification by detecting the attenuated DC component of the faulted 

phase current, and verifies that the method can improve the reliability of the distribution 

network. Literature [15] shows the important role played by underground cable facilities in the 

context of growing electricity demand, while pointing out the possible threat posed by ageing 

cable faults and emphasizing the importance of detecting and locating faults before they occur. 

Literature [16] describes the causes and consequences of faults occurring in transmission lines, 

stressing that the development and design of new methods for identifying fault types and 

locations is crucial for improving system reliability and optimal performance, and it also 

reviews existing methods for locating faults in underground cables. 

For identifying the above cable faults, the main approaches include the bridge method and 

the pulse-detection method. The bridge method, as the most widely used and longest-applied 

cable-fault detection technology, has gradually become unable to meet the current needs of the 

power industry and is therefore being phased out [17-19]. Literature [20] describes the risk that 

cables may experience faults during operation and points out that there are major differences in 

accuracy and efficiency between traditional bridge methods and newer techniques such as time-

domain reflection. The pulse-detection method is easy to operate, and its test results are intuitive 

and significant; however, it requires prior knowledge of the cable path direction, which also 

limits its applicability to current power-industry needs [21-23]. For this reason, literature [24] 

proposes a cable-fault detection and location method based on pulse technology, which 

determines the position of cable faults by using high-resolution reflectometry and is validated 

in the detection of various fault types at different distances. Literature [25] notes that the 

operating condition of power cables is closely related to the quality of the power system and 

that continuous improvement of cable equipment fault-analysis and detection technology can 

enhance overall power-system performance; it further summarizes relevant cable-fault 

problems and detection techniques. Literature [26] introduces cable-line diagnostic methods, 

including the pulse method and the return flame method, and shows that the pulse method has 

high measurement accuracy and non-destructive characteristics, making it suitable for locating 

defects in aging power cables. 

Even though the benefits and drawbacks of classical detection approaches have been 

discussed, in the new age of artificial intelligence, deep learning has started playing a significant 
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role in the identification of distribution-network cables faults [27]. Deep learning is a machine-

learning methodology that learns and builds abstract features using multi-layer neural networks, 

allowing automatic analysis and extraction of data and subsequent autonomous processing and 

learning of other tasks. In comparison with the traditional methods of cable-fault diagnosis, the 

deep-learning-based diagnosis has benefits such as automating the process of diagnosis, better 

extraction of complex features and high accuracy of diagnosis [28, 29]. With multidimensional 

information, it may also be combined to enhance greatly the precision and real-time behavior 

of fault identification. Literature [30] presented a cable-fault monitoring scheme by means of 

deep learning and established a fuzzy basis function network due to the fuzziness of cable faults 

in order to obtain the dynamic characteristics of the cable system and ensure the validity of the 

scheme. Literature [31] talked about the benefits of artificial intelligence in cable-fault 

detection and localization and examined the applications of the traditional machine-learning 

and deep-learning methods in this field, including but not limited to their usage conditions, 

strong points, weaknesses, and success stories. Literature [32] suggested a new wide-

frequency-range transfer-function measurement-based and deep-learning-based detection and 

location method of aging cables, and the experimental outcomes proved its effectiveness and 

its generalization ability and indicated that it can perform well in different aging conditions. 

Literature [33] suggested an automated, efficient and precise cable-fault classification and 

localization method founded upon deep learning, which achieves data collection, feature 

extraction, dimension reduction, fault detection, fault classification and localization. Literature 

[34] came up with an online cable-fault diagnosis model relying on deep learning and, in 

comparison with the traditional backpropagation neural network, the method was found to be 

significantly superior. Literature [35] proposed a deep-learning-based localized-fault pattern-

recognition method, which helps to increase considerably the accuracy of cable-fault detection 

as compared with traditional methods of detection. 

In this study, we first analyze and extract the features of cable fault signals, including 

acoustic signals, electromagnetic wave pulse signals, low-voltage pulse test signals, path-

finding signals, and electromagnetic field signals. In order to solve the problems of sparsity, 

multicollinearity and other problems of multidimensional information features in high 

dimensional space, the extracted multidimensional information features are downscaled by 

using the kernel principal component analysis algorithm, which improves the fault 

identification efficiency of the multidimensional information fusion algorithm. Then, based on 

the support vector machine, the KPCA-SVM multidimensional information fusion cable fault 

recognition model is optimized by the adaptive particle swarm algorithm for the kernel 

parameters to improve the accuracy and recognition rate of cable fault recognition. Through 

example analysis, multiple cable fault signal features are used as input feature vectors of the 

model to verify the effectiveness of the extracted features. The valid feature vectors are input 

into multiple identification models, and in the anti-jamming analysis test, it is proved that the 

model in this paper has stronger robustness. 

2 Method 

2.1 Multi-dimensional information feature extraction of fault sources in 

distribution cables 

2.1.1 Interference and noise 

In the process of effective impact discharge occurring in power cables, when acquiring the 

multimode signal of the fault source, the interfering signal that is mixed with the signal is the 
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main source of external interference. Complex field environment, should be on the sensor 

received signals to take measures for interference suppression, in order to accurately identify 

the fault point of the fault signal. This is particularly important for cable fault pinpointing when 

the anti-interference, interference signals can be divided into periodic interference signals and 

random interference noise. Usually there are two types of hardware and software methods that 

can be used to suppress interference. In conditions where the interference is particularly severe, 

a combination of the two methods is used so that the interference is suppressed to the level of 

the permissible range, and the characteristics of the fault signal can be accurately determined. 

2.1.2 Characterization of fault signals 

The precise positioning signals based on multi-mode information fusion are mainly acoustic 

signals, electromagnetic wave pulse signals, low-voltage pulse test signals, path-finding signals, 

and electromagnetic field signals. These signal characteristics can truly reflect the fault point 

information. 

(1) Acoustic signal 

Power cable inter-phase breaks or break faults, the impact of energy-controlled signal 

generator loaded at the beginning of the fault cable, injecting high-energy pulse signals, so that 

the cable faults between the two phases of the air breakthrough, the effective breakdown of the 

moment, the source of the fault will be released in a different direction, “pop, pop,” the sound 

of the discharge. In the laboratory, run the construction of the experimental environment, the 

sensor will receive the sound signal, the use of Tektronix oscilloscope recorded, and then input 

the recorded data into the MATLAB for spectral analysis, can be derived from the 

characteristics of the fault point sound signal. The laboratory measured acoustic signal and its 

spectrum analysis are shown in Fig. 1, Figs. (a) and (b) show the original model of sound and 

its spectrum, respectively. 

Figure (a) from the characteristics of the waveform, the envelope of the waveform is a pulse 

waveform, in line with the phenomenon of the discharge sound “pop, pop”. Figure (b) can be 

seen in the cable effective impact discharge process, the fault clicks through the air issued by 

the sound frequency band distribution between 1.5kHz-4.5kHz. These characteristics for the 

judgment of the fault signal gives a clear signal characteristics, the difference between random 

interference noise. Of course, only from the above signal is unable to determine is the fault 

signal, but also need to signal denoising and signal estimation to determine whether the fault 

point signal. 

 

(a)Original signal 
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(b)The rapid Fourier transform of sound signals 

Figure 1: Source sound signal and spectrum 

(2) Electromagnetic wave pulse signal 

During the effective impact discharge of the cable-fault point, the electromagnetic wave 

signal is generated, and it can be detected by the antenna. With the help of the antenna, the 

oscilloscope has a direct connection to the receiver end such that the electromagnetic wave 

signal which was generated at the moment of fault discharge can be acquired. The time-domain 

waveform of this electromagnetic wave signal is depicted in Fig. 2, while Figs. (a) and (b) 

represent the initial waveform and its frequency spectrum respectively. 

In this figure, the electromagnetic wave comes from two parts, the first part is the discharge 

electromagnetic wave at the fault point, and the second part is the electromagnetic wave 

generated by the discharge between the energy-gap balls of the high-energy shock pulse signal, 

and due to the limited space in the laboratory, the actual observed time-domain waveform is the 

superposition of the two electromagnetic waves. Of course, the frequency of these two 

electromagnetic waves is not the same, so there are multiple spikes inside the frequency, for the 

electromagnetic wave we do not care about its frequency characteristics, similar to the lightning 

on a rainy day, but rather concerned about the occurrence of this signal signal marking the 

presence of the fault point. 

 

(a)Original signal 
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(b)Fast Fourier transform of the original signal 

Figure 2: Signal characteristics of source electromagnetic wave 

(3) Low-voltage pulse test signal 

Figure 3 shows the outcome of the low-voltage pulse test signal used to test cables and the 

measured low-voltage pulse signals at two different characteristic conditions, where Figure (a) 

and Figure (b) represent the open-circuit fault point and the short-circuit fault point, respectively. 

The features of the return signal during the low-voltage pulse test can be calculated based 

on the distance between the fault point and the beginning of the cable, along with the signal. 

This data serves as a crucial consideration in determining the exact location of cable faults. It 

is described as the distance influence factor of the transmission line: 

 


  (1) 

where  is the distance to the fault point obtained from the low-voltage pulse-echo test signal, 

   is the radius distance from the predicted fault point as the center of the circle, and the 

influence factor   calibrates the confidence of the precise location. A faulty cable in real life 

cannot have only one fault, which is manifested by multiple pulses on the low-voltage return 

signal, so there may be multiple influence factors   on a faulty cable, but each influence factor 

is independent. It can also reflect the attenuation of the signal by the ratio of the amplitude of 

the return signal to the amplitude of the incident wave, reflecting the size of the reflection 

coefficient. By defining the ratio of the amplitude of the return signal to the amplitude of the 

incident wave as the reflection coefficient impact factor as a reference factor for accurate fault 

location. The reflection coefficient influence factor is defined as: 

 
u

u
 



  (2) 

where u  is the pulse amplitude of the return signal, u  is the amplitude of the incident wave 

of the pulse signal, and    is the reflection coefficient influence factor. This reflection 

coefficient influence factor is an important reference for reflecting the characteristics of the 

fault point. 
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(a)When the fault point is open circuit 

 

(b)When a fault point is short-circuited 

Figure 3: Echo condition of the measured low voltage pulse test signal 

(4) Path finding signal 

The precise location of the fault is first of all to determine the precise direction of the faulty 

cable. Currently the most popular way is the audio induction method, by injecting audio signals 

into the faulty cable, and using sensors above the cable to receive the audio signals of 

electromagnetic induction, the closer the cable conductor, the stronger the electromagnetic 

induction, the stronger the audio signals, and the stronger the path direction of the faulty cable 

is known. The principle is shown in Figure 4. 

Cable around the electromagnetic induction must be generated and the signal source 

constitutes a signal loop, in the figure you can see the signal current loop consists of three parts, 

the earth circuit, other cables and pipelines circuit, cable metal armor circuit. 
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Figure 4: Path detection principle 

(5) Electromagnetic field signal 

When an effective impact discharge occurs at the cable fault point, the fault clicks through 

instantaneously, and there will be an inrush current flowing back through the fault point to the 

high-energy pulse signal source. Electromagnetic field signal is also an important characteristic 

signal in the process of fault pinpointing, through the pulse current sensor to measure this 

electromagnetic field signal. The principle of EMF signal generation at the point of fault is 

shown in Figure 5. The breakdown current at the fault point generates a pulsed EMF signal, 

which is received by the solenoid sensor, and the signal strength is strongest when the sensor is 

closest to the fault source. 

Electromagnetic

coil sensor

Shock wave

Fault

Pulse energy source

 

Figure 5: The principle of the electromagnetic signal of the fault point 

2.2 Multidimensional data fusion methods 

Multi-source information fusion technology, also known as multi-sensor data fusion, refers to 

the multi-level and multi-level information processing of one or more sources of data and 

information that have been obtained in accordance with a certain purpose or requirement, and 

then obtaining reliable and useful data or decision-making through relevant estimation and 

comprehensive analysis. Using the multi-source information fusion method, when there is some 

deviation in the response of some single source of information to the target object, the 

complementarity between multiple information is utilized to obtain more accurate and complete 

information about the target object through the comprehensive analysis of each data source. 
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The fusion of data-level information is based on the identification level of the obtained 

information, and there are mainly three levels: data level, feature level and decision level. 

Cable fault identification in the existence of structured information differences, multiple 

data sources and other characteristics, multiple information fusion technology for cable fault 

identification, can be a greater degree of improvement in the one-sided reliance on data 

information sources for cable fault identification when the deficiencies that exist in the cable 

fault identification, is the trend of cable fault identification research. 

Combined with the current power system operation can be obtained in the distribution 

network cable fault multi-source field information, including acoustic wave signals, 

electromagnetic wave pulse signals, low-voltage pulse test signals, path-finding signals, 

electromagnetic field signals and other multi-dimensional data, this paper adopts feature layer 

fusion multi-dimensional information fusion approach. 

2.2.1 Support Vector Machines 

(1) Linear support vector machine 

Set the training data  , , 1, 2, ,i ix y i l  , where , { 1,1}n

i ix R y    . Set 
nR   to have a 

categorical hyperplane 
T 0w x b   , where 

nw R   is the normal to the hyperplane, i.e., the 

parameter vector, b R   is the intercept, and | | /b w   is the perpendicular distance of that 

hyperplane to the origin of the coordinates (and   is the Euclidean parameter). The so-called 

hyperplane is able to separate the pre-calibrated positive and negative samples. And suppose 

d  is the shortest distance from the positive class samples to the hyperplane, and d  is the 

shortest distance from the negative class samples to the hyperplane. And d d   is defined as 

the residual of this hyperplane. 

The so-called linear support vector machine means that the separating hyperplane with the 

largest margin can be found, that is, all samples of positive and negative categories are required 

to satisfy some constraints: 

 

T

T

1,1,
1, 2, ,

1,1,

ii

ii

yx w b
i l

yx w b

     
 

    
 (3) 

Or: 

  T 1 0,i iy x w b i     (4) 

And the points satisfying equation (4) are called support vectors. 

Consider equation (3), the hyperplane satisfying 
T 1x w b    is 1H , its normal is w  and 

its perpendicular distance to the origin is |1 | /b w  . And the hyperplane satisfying 

T 1x w b    is 2H , whose normal is also w , and whose perpendicular distance to the origin is 

1| 1 | / :b w H    and 2H   These two hyperplanes are parallel to each other. And 

1/d d w   , then cosine d d   is 2 / w . Remember that there are no training sample 

points between these two parallel hyperplanes. 
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So, a linear support vector machine is a problem that transforms the problem into a problem 

of finding the maximum margin, that is, the problem of minimizing 
2

w   on the basis of 

satisfying Eq. (4). The constraints are as follows: 

 

 

21
min

2

. . 1 0,T

i i

w

s t y x w b i




    


 (5) 

This transforms the problem into a convex quadratic programming problem. Figure 6 shows 

a typical linearly separated straight line in the two-dimensional case. And it happens to be 

satisfied by points on the hyperplanes 1H  and 2H : 

 

T

T

1,1,
1, 2, ,

1,1,

ii

ii

yx w b
i l

yx w b

     
 

    
 (6) 

The change in these points affects the change in the residual, these points are support vectors. 

H1

H2

w

O

Margin

 

Figure 6: Linear separation hyperplane 

(2) Lagrange method 

The above problem is now transformed into a Lagrange formulation. This has the advantage 

that on the one hand the constraints in the optimization problem can be replaced using the 

constraints of the Lagrange multipliers, which is easier to handle. On the other hand it is easy 

to introduce the problem into a nonlinear one. The Lagrange multiplier , 1,2, ,i i l    is 

introduced to equation (4). Thus the Lagrange function can be introduced: 

  
2 T

1 1

1

2

l l

P i i i i

i i

L w y x w b 
 

      (7) 
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And for the optimization problem of Eq. (5), its Wolfe dyadic problem can be solved 

according to the theorem, viz: 

 

 
2 T

,
1 1

1

1
max

2

. . 0, 0, 1,2, ,

l l

P i i i i
w

i i

l
P

i i i i

i

L w y x w b

L
s t w y x i l

w


 

 

 




   




     
 

 


 (8) 

In Eq.  1 2, , ,
T

l    , which is equivalent to Eq. (5) and has the same w  value. 

The constraints of the above equation are equal to the given equation: 

 
1

l

j j j

j

w y x


  (9) 

 
1

0
l

p

i i

i

L
y

b





 


  (10) 

Substituting Eq. (9) and Eq. (10) into Eq. (7) leads to: 

 
T

1 , 1

1

2

l l

D i i j i j i j

i i j

L y y x x 
 

    (11) 

Thus, the training problem for a separable linear support vector machine can be transformed 

into the following planning problem: 

 

T

1 , 1

1

1
max

2

. . 0, 0, 1,2, ,

l l

D i i j i j i j

i i j

l

i i i

i

L y y x x

s t y i l


  

 

 




 



   


 


 (12) 

The optimal  -value and hence the optimal w -value can then be obtained. 

For the above constrained problem, the equivalent KKT condition can be written in the 

following form: 

 

 

  

1

1

T

T

0, 1, 2, ,

0

1 0, 1, 2, ,

0, 1 0,

l

p j i i ij

ij

l

p i i

i

i i

i i i i

L w y x j n
w

L y
b

y x w b i l

y x w b i





 






   


 
   
 


   

     




  (13) 

The optimal   and b  values can be found from equation (13). 
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After training the SVM using l  samples, it can be utilized to classify the test data. The 

functional expression of the classification hyperplane can be expressed as: 

  T( ) sgnf x w x b   (14) 

where sgn( )  is the sign function, and the sign of ( )f x  determines exactly the class of the test 

data x . 

(3) Nonlinear Support Vector Machine Classification 

The previously described are linear classification hyperplane, while many problems 

encountered in practice are nonlinear. This requires us to generalize linear problems to nonlinear 

problems, which is also an important performance in SVM applications. At this point it is 

necessary to use nonlinear decision functions. Fig. 7 Schematic diagram of the conversion from 

nonlinear space to linear space. 

The so-called nonlinear support vector machine, which passes through some pre-selected 

nonlinear mapping: 

 :   (15) 

Perform the transformation where 
2R   is a low-dimensional Euclidean space and   is 

a high-dimensional linear eigenspace, usually a Hilbert space. And make the following 

transformations: 

    1 1, , ( ) ( ), , ( )n Nx x x x x x      (16) 

O

O

O

O

O

X

X

X

 O
 O

 O
 O

 O

 X

 X X

 X

 X

 X

Nonlinear mapping

Low-dimensional sample space
High-dimensional (infinite-

dimensional) feature sample space

Solve the optimal 

classification hyperplane

Corresponds to

Nonlinear classification Linear classification  

Figure 7: Transformation of nonlinear space to linear space 

Here, a support vector machine is the conversion of a nonlinear problem in a low-

dimensional space into a linear classification problem in a high-dimensional space. If the 

optimal hyperplane for classification is to be constructed in the high-dimensional feature space, 

the concept of dot product    i jx x   in the feature space must be introduced in the training 

algorithm. Thereby, the relationship of the inner product operation between the training samples 
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will appear in the pairwise problem of the original problem, both in the objective function and 

the decision function. Therefore, it is sufficient to perform the inner product operation only in 

the high-dimensional space, and in a way, there is no increase in the complexity that the high-

dimensional operation may bring. The appropriate inner product function (i.e., kernel function) 

 ,i jK x x  in the optimal classification hyperplane according to the Mercer condition such that 

     ,i j i jK x x x x    , the nonlinear problem transformed into a linearly differentiable 

problem can be achieved. At this point, the objective optimization function becomes: 

  
1 , 1

1
,

2

l l

D i i j i j i j

i i j

L y y K x x 
 

    (17) 

The prediction function of the decision categorization surface becomes: 

  
1

( ) sgn ,
tN

i i i

i

f x y K x x b


 
  

 
  (18) 

2.2.2 Selection of the kernel function 

In the optimal classification surface described above, the concept of kernel function is 

introduced, and by adopting an appropriate kernel function  ,i jK x x , the linear classification 

of a certain nonlinear problem can be realized without any increase in computational 

complexity as a result. By replacing the objective function in Eq. (12) with Eq. (18), the 

principle of the optimization problem is the same. After the introduction of the kernel function, 

the problem of nonlinear classification in low-dimensional space can be mapped to a high-

dimensional linearly divisible space for analysis, successfully avoiding the so-called 

“dimensional catastrophe” problem. 

On the other hand, the introduction of the kernel function successfully avoids the so-called 

“dimensional catastrophe” by converting the samples that are not easy to be classified in the 

low-dimensional nonlinear space to be solved in the high-dimensional feature space. By 

introducing the kernel function, the ability of the learning machine to solve nonlinear problems 

has been improved to a large extent, and the internal linear characteristics of the learning 

machine in the high-dimensional feature space remain unchanged, so that the machine's 

learning can be easily controlled. The inner product relation in the original nonlinear space is 

replaced with a kernel function, which is equivalent to transforming the data into the 

corresponding high-dimensional vector space through some kind of mapping, which is called 

the mapping associated with the kernel, and the feature space is given a definition using the 

introduced kernel function. By introducing the kernel function, the inner product operation in 

the high-dimensional feature space is able to utilize this kernel function to carry out a series of 

operations, that is, after utilizing the kernel function, the data is implicitly described into the 

feature space and a linear learning machine can be obtained in its space, thus skipping the 

process that should have been computed originally. 

Define a kernel function K  assuming that there is a nonempty set A  and that the inner 

product space ,E   is a mapping of  . Suppose that the function :K R  satisfies: 

,i jx x   with      ,i j i jK x x x x   . 

The kernel function is an indispensable part of the support vector machine, the training 

sample set and the kernel function can be a complete and comprehensive description of the 

support vector machine. For specific problems encountered in practice, it is also very important 
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to choose which kernel function to use. Different kernel functions  ,i jK x x  are chosen, the 

final results of classification realized by the support vector machine are also different. By 

choosing different inner product kernel functions, various support vector machines can be 

combined, and thus many support vector machine methods can appear. Below is a list of some 

of the kernel functions that we often use: 

Linear kernel function:  ,i j i jK x x x x  . 

Polynomial kernel function:    T, 1
p

i j i jK x x x x  . This is a polynomial data classifier of 

order p . 

Radial Basis Kernel Function (RBF):     2
2, exp / 2i j j iK x x x x     . This kernel 

function constitutes a classifier that can be trained by SVM to determine the support vector, the 

weight vector and the intercept automatically, and each center of the basis function corresponds 

to a support vector, obtaining better results than the classical classifier composed of radial basis 

kernel functions. 

Sigmoid kernel function:    , tanhi i jK x x kx x     . This kernel function is a neural 

network classifier with 2 layers of sigmoid. 

In this paper, the radial basis kernel function (RBF) is chosen as the kernel function for 

multi-source data fusion to recognize the cable fault model. 

2.3 Multi-source data feature dimensionality reduction 

As can be seen from the analysis in Section 2.1, this paper comprehensively extracts the fault 

multidimensional information characteristics of faults such as acoustic wave signals, 

electromagnetic wave pulse signals, low-voltage pulse test signals, path-finding signals, 

electromagnetic field signals and other faults through the fault information collected by the 

sensors, with a view to obtaining more comprehensive fault information, while the calculation 

of the fault characteristics of the different data sources makes the fault data dimensional 

characteristics increase, although the multidimensional feature data can be more 

comprehensively Although the multidimensional feature data can be more comprehensive to 

obtain the feature information of different fault types, the feature set in high dimensional space 

has sparsity, multicollinearity and other problems, which will have an impact on the accuracy 

of the SVM model fault identification. Therefore, in this paper, multisource data features are 

downscaled by dimensionality reduction algorithm on the extracted multisource data while 

maintaining the comprehensive reflection of fault feature information. 

PCA is a linear dimensionality reduction algorithm, which can effectively reduce the 

dimensionality of most of the linear data, but it cannot effectively reduce the dimensionality 

when dealing with nonlinearly related data. Kernel Principal Component Analysis (KPCA) is 

applied in many algorithms based on kernel learning methods, which is an improvement of PCA 

algorithm and retains the linear dimensionality reduction process of PCA algorithm.The core 

idea of KPCA algorithm is to map the original input data into a high-dimensional feature space 

through nonlinear kernel functions, calculate the kernel matrix eigenvalues and eigenvectors of 

the high-dimensional feature space, and then realize the efficient nonlinear data dimensionality 

reduction. Based on this, this paper selects the KPCA algorithm to downscale the extracted 

features, and the downsizing steps are as follows: 
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Let the input data matrix  
T

1 2, , , m n

mX x x x  R , where ( 1,2,, ) ,n

i i m m x R  and n  are 

the number of samples, and the number of variables, respectively. Mapping the data of the initial 

matrix to the high-dimensional feature space by the nonlinear mapping function ( )xΦ  yields: 
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Centering the kernel matrix ( )xΦ  of the above equation, with  iΦ x  denoting the average 

value in each dimension, yields: 
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 (20) 

Calculate the covariance matrix of the samples in the feature space as: 

    
T

1

1 n

i i

i

x x
n 

   C Φ Φ  (21) 

Find the eigenvalues, eigenvectors of the matrix C  , and then sort them from largest to 

smallest, with the eigenvalues denoted by 1 2, , m    , and the eigenvectors comprising the 

matrix notated as  1 2, ,l mV V V V . Define the matrix Q, and the diagonalized matrix QCQT
 

respectively: 

  1 2Q , ,, n V V V  (22) 

 

1 0

0

T

n

QCQ





 
 

    
  

 (23) 

Calculate the cumulative contribution rate corresponding to the first k  eigenvalues and its 

corresponding covariance cumulative contribution value p  , select the first k   eigenvalues 

whose cumulative contribution rate exceeds the desired target according to the requirement, 

find the corresponding eigenvectors, and finally form the eigenmatrix after dimensionality 

reduction process, take the first k  columns in the matrix QCQT  to form a new matrix Q : 

  1 2Q , ,, k    V V V  (24) 

The matrix after dimensionality reduction is computed: 

 (X)Y Q  Φ  (25) 
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2.4 Based on APSO-KPCA ⁃ SVM multidimensional data fusion cable fault 

identification methods 

In this paper, adaptive particle swarm (APSO) algorithm is used to optimize the kernel 

parameters of the KPCA-SVM model. APSO algorithm is able to jump out of the local optimum 

while maintaining better population diversity, effectively avoiding the defects of the traditional 

particle swarm optimization algorithm (PSO) such as premature convergence, poor local search 

ability at the late stage of particle search, and has a better ability to search for composite shape 

rays. 

In order to avoid the problem of premature convergence of traditional particle swarm 

algorithm, APSO introduces the variation operator on the basis of PSO algorithm to extend the 

particle search range to improve the algorithm optimization accuracy. The improved velocity 

update formula and position update formula are: 

    1

1 1 2 2 3 max

k k k k k k

id id id id gd gdV V c r P X c r P X flag c v          (26) 

 
1k k k

id id idX X V     (27) 

The above equation (26) introduces a mutation operator 3 maxflag c v   , which can be 

adjusted to make it jump out of the original solution space when the particle search falls into 

local convergence in the late stage, and to mutate the speed of the particles' flights. flag is 

generally taken as a flag value of 0 or 1, with 0 taken as the default value, and 1 when the 

particles fall into the early state. The 3c  is the acceleration constant. 

 3

( )
min ,1

g tf t f
c

f

  
  

  
 (28) 

where: ( )gf t   - is the adaptation value of the current global optimal particle gp  . tf   - is the 

theoretical best quality or empirical optimal value. 

In this paper, based on the feature quantity of each sensing line data source to extract the 

fault wave acoustic wave signal, electromagnetic wave pulse signal, low-voltage pulse test 

signal, path-seeking signal, electromagnetic field signal and other feature quantities, the use of 

KPCA ⁃ SVM model based on the optimization of the APSO to carry out multi-dimensional 

data fusion for cable fault identification, the specific distribution network cable fault 

identification method flow is shown in Figure 8. 
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Figure 8: Cable fault identification flow chart 

3 Results and discussion 

3.1 Performance assessment indicators 

In this paper, four evaluation metrics are introduced to evaluate the recognition performance of 

the fault recognition model, which are accuracy ( accP ), precision ( preP ), recall ( recP ), and 1F  

values. The formulas of the four evaluation indexes are shown below. 

Accuracy accP  denotes the ratio of the number of positive class samples to the total number 

of samples, i.e: 
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 acc

TP TN
P

TP FP TN FN




  
 (29) 

The precision rate preP  denotes the ratio of the number of samples in the positive category 

to the total number of samples predicted to be in that category, i.e: 

 pre

TP
P

TP FN



 (30) 

The recall rate recP  denotes the ratio of the number of samples in the positive category to 

the total number of samples in that category, i.e: 

 rec

FP
P

TP FP



 (31) 

Since the actual task of cable-fault identification may involve an imbalanced sample 

distribution, the 1F  score is introduced to further evaluate model-output performance. The 1F  

score represents the harmonic mean of precision and recall: 

 1

2

2

TP
F

TP FP FN


 
 (32) 

In this case, TP means the number of samples that have both the actual and predicted values 

as positive; FP means the number of samples that are predicted negative but in reality have a 

positive value; TN means the number of samples that have both the actual and predicted values 

as negative; and FN means the number of samples predicted to be positive but actually have a 

negative value. 

3.2 System configuration 

The hardware equipment for this experiment is a personal computer with NVDIA GeForce 

GTX850M graphics card, Intel(R) Core(TM) i5-4200H CPU, Samsung SSD 860EVO 500G 

hard disk, and 12GB RAM. The original data sample set of the experiment is simulated in 

PSCAD/EMTDC, and the implementation framework is PyTorch 1.5.0 deep learning platform. 

3.3 Experimental data acquisition 

For engineering applications in which the time and location of cable faults or disturbances are 

uncertain, and at the same time the load of each line is different, in order to obtain a more 

realistic massive data set, the real-time digital simulation system RTDS is utilized to build a 

simulation model of the distribution network, and the following simulation conditions are set: 

(1) All types set two ways of ungrounded and resonant grounding, and three kinds of loads: 

light load, heavy load and full load. 

(2) Early faults set 5 cable fault lines, each line set 4 fault locations, the moment of fault 

occurrence randomly selected before and after the voltage peak value of 0.002s within 10 

moments, set the arc resistance of 40 ohms, 120 ohms and 200 ohms in three cases, semi-

circular early faults and multi-circular early faults, respectively, there are 2,174 groups. 

(3) Motor casting and cutting selected 5 casting and cutting lines, set the input and removal 

of two kinds of state, casting and cutting 5 groups of different power size of motor, fault casting 
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and cutting moments for the random selection of 10, motor casting and cutting a total of 1,326 

groups. 

(4) Load casting and cutting has the same settings as motor casting and cutting except for 

different load values, and the total number of load casting and cutting is 1308 groups. 

(5) For constant impedance grounding faults, five faulty lines are selected, and four fault 

locations are chosen for each line. The grounding resistance values are available in three 

scenarios: 1 ohm, 100 ohm, and 1000 ohm. The fault angles are set as 0°, 90°, 180°, 270°, and 

[0°, 90°], [90°, 180°], [180°, 270°], [270°]. There are a total of 1,934 groups of constant 

impedance grounding faults at any Angle within the 360° interval. 

(6) Capacitor casting: 5 casting lines are selected, 2 states of input and removal are set, 8 

groups of capacitors with different capacitance values are casted, and a total of 1128 groups of 

motors are casted. 

The simulation is carried out according to the above settings, in order to reduce the 

simulation time, the Multi-Run module in PSCAD is used to realize multiple runs, and a total 

of 10044 groups of samples are obtained. According to the ratio of 4:1, the samples are divided 

into training set and test set, and the distribution of the data set is shown in Table 1. 

Table 1: Sample data set distribution 

Type Sample size Training concentration Test set 
Early failure of the semi-cycle 2174 1739 435 
Early failure of multiple cycles 2174 1739 435 
Fixed impedance ground fault 1934 1547 387 

Motor cutting 1326 1061 265 
Load cutting 1308 1046 262 

Condenser cutting 1128 902 226 

3.4 Experimental setup 

The feature vectors of semi-circumferential early faults, fault-impedance grounding faults, and 

capacitor-casting faults are applied to the APSO-KPCA-SVM-based multidimensional data-

fusion cable-fault identification model using the training set in order to train this model and 

then use the test set to test it thus achieving the accuracy that corresponds to the various features 

input. All the selected features are thoroughly assessed on the basis of the time spent on training 

the model and the accuracy of identification. 

In order to confirm that the APSO-KPCA-SVM model is superior to other cable-fault 

recognition models such as Support Vector Machine (SVM), Random Forest (RF), K-Nearest 

Neighbor (KNN), and Deep Belief Network (DBN) employed in this paper, the legitimate 

variables after dimensionality reduction are also fed into various recognition models. The first 

three types of data considered in the experiments are semi circumferential wave early faults, 

fixed impedance grounding faults and the capacitor casting data, whereas motor casting, load 

casting, and multi-cycle early faults are incrementally increased to 4, 5 and 6 classes 

respectively. 

3.5 Analysis of results 

3.5.1 Feature validity verification 

In order to verify the effectiveness of the features extracted in this paper, the acoustic wave 

signals, electromagnetic wave pulse signals, low-voltage pulse test signals, path finding signals 

and electromagnetic field signals of the early semi-circumferential faults, fixed impedance 

ground faults and capacitor casting are imported into the APSO-KPCA ⁃ SVM fault recognition 
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model after dimensionality reduction, and the comparison of recognition performance of 

various types of features is shown in Table 2 after training. When there are acoustic wave signal 

+ electromagnetic wave pulse signal + low-voltage pulse test signal + path finding signal + 

electromagnetic field signal features as input feature vectors, although the recognition accuracy 

can reach the highest, the model training time consumes the most. While the accuracy of the 

reduced dimensionality is only 0.22% lower than the highest accuracy, the training time is 

reduced by 413.14 s. Considering the accuracy and the training time, the reduced dimensionality 

of the kernel principal component analysis method has a better discriminative performance, so 

the reduced dimensionality of acoustic wave signals + electromagnetic wave pulse signals + 

low-voltage impulse test signals + path-finding signals + electromagnetic field signals is chosen 

as the input feature vector of the APSO-KPCA ⁃SVM. KPCA⁃SVM input feature vectors can 

effectively complete the cable fault identification. 

Table 2: Comparison of diagnostic performance of various features 

Signal characteristic 
Accuracy 
rate (%) 

Training 
time (s) 

Sound signal 41.25 213.38 
Electromagnetic pulse signal 71.94 89.34 
Low voltage pulse test signal 78.06 99.41 

Path finding signal 43.59 125.97 
Electromagnetic signal 76.35 69.07 

Sound signal + Electromagnetic pulse signal + Low voltage 
pulse test signal + Path finding signal + Electromagnetic signal 

97.63 532.77 

Sound signal + Electromagnetic pulse signal + Low voltage 
pulse test signal + Path finding signal + The electromagnetic 

field signal is descending dimensional 
97.41 119.63 

3.5.2 Validation of the superiority of the identification methods 

Each recognition model learns the training set and then recognizes cable faults on the test set, 

and the results are shown in Table 3.The average recognition accuracy of APSO-KPCA ⁃ SVM 

is 98.17%, which is the highest among the five methods.The average recognition accuracy of 

DBN is 94.82%, which is second only to APSO-KPCA ⁃ SVM.According to the above analysis, 

the recognition accuracy of the multidimensional data fusion cable fault recognition model 

based on APSO-KPCA ⁃ SVM is better than the other four methods in terms of feature 

extraction and processing nonlinear data, and has better robustness and stability. KPCA⁃SVM 

multidimensional data fusion cable fault identification model has better identification accuracy 

than the other four methods, more robustness and stability in feature extraction and processing 

nonlinear data, and better generalization ability. 

Table 3: Diagnostic performance comparison of various methods 

Identification method APSO-KPCA⁃SVM SVM RF KNN DBN 

Class 3 
Accuracy rate (%) 97.83 85.33 78.23 67.30 95.71 
Training time (s) 167.99 138.47 181.33 111.06 150.72 

Class 4 
Accuracy rate (%) 98.19 80.68 78.07 62.65 96.08 
Training time (s) 232.56 152.54 272.26 138.54 232.88 

Class 5 
Accuracy rate (%) 99.83 93.38 74.24 62.62 96.20 
Training time (s) 306.63 188.83 296.34 178.63 304.90 

Class 6 
Accuracy rate (%) 96.83 85.74 78.01 61.48 91.27 
Training time (s) 380.49 198.08 356.14 221.69 349.13 
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3.5.3 Discriminative method anti-interference analysis 

In the actual field, the collected signal data is often disturbed by various factors in the 

environment. Various power equipment in the distribution network generates noise during its 

operation, which makes the signal collected by the data acquisition device also carry a large 

amount of noise. These noises can distort the signal waveforms, thus masking the key features 

of the signal. In order to verify the anti-interference performance of the cable fault identification 

model, it is necessary to consider the fault samples carrying noise. In addition, due to the 

backward level of power system intelligence in some areas, the signal data collected by the 

monitoring system may be lost. If the lost data happens to have key features, it will seriously 

affect the fault discrimination. Therefore, the validation of the interference resistance of the 

fault identification model also needs to consider the situation of signal data loss. In this section, 

SVM and DBN are selected as comparison models. 

(1) Noise Resistance Analysis 

In order to simulate the actual data carrying noise, Gaussian white noise with signal-to-

noise ratios of 40dB, 30dB, 20dB, and 10dB is added to the original data of each type of fault 

in MATLAB. The noise-containing fault samples are input into the three fault identification 

models for testing after feature extraction. The four types of evaluation indexes of the three 

fault identification models under the influence of different signal-to-noise ratios of noise are 

calculated separately, and the results are shown in Table 4. As the signal-to-noise ratio decreases, 

the cable fault identification accuracy of the three models decreases. Among them, the accuracy 

of SVM decreases most severely, falling below 90% under the influence of noise up to 20 dB. 

The cable fault identification accuracy of DBN decreases at a relatively slower rate. Although 

the cable fault identification accuracy of APSO-KPCA ⁃ SVM also decreases, its cable fault 

identification performance is still better than the other two models. In addition, the other three 

evaluation indexes of APSO-KPCA⁃SVM are larger than those of SVM and DBN, and 

combining the four evaluation indexes, APSO-KPCA⁃SVM is still able to recognize early cable 

faults under the influence of signal with noise. 

Table 4: Evalution results of network anti-noise 

Noise(dB) Model accP (%) preP (%) 
recP (%) 1F (%) 

40 

SVM 90.59 89.44 90.75 88.75 

DBN 93.67 95.49 93.48 93.36 

APSO-KPCA⁃SVM 98.45 98.02 96.93 98.57 

30 

SVM 91.57 90.58 89.57 88.26 

DBN 92.13 93.14 92.39 91.97 

APSO-KPCA⁃SVM 96.67 97.29 94.95 95.51 

20 

SVM 87.97 86.41 86.21 85.12 

DBN 90.86 88.03 88.46 88.83 

APSO-KPCA⁃SVM 95.01 95.42 94.14 93.75 

10 

SVM 85.08 83.60 83.22 82.50 

DBN 86.08 85.99 85.40 83.87 

APSO-KPCA⁃SVM 91.69 89.75 88.03 87.90 

 

(2) Anti-data loss analysis 

In order to simulate the data loss situation that may exist in practice, 200 groups of data are 

selected from each of the six types of cable fault test sets, and data loss is performed on 2000 

sampling points including fault signals. Due to the short duration of half-cycle early faults and 

capacitive switching disturbance fault signals, a large number of data loss will result in the loss 
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of all the characteristic information of these two types of faults. Therefore only a small 

percentage of data loss is considered. The proportion of lost data is chosen to be 8%, i.e., 160 

sampling points are lost. In addition, in order to consider the randomness of data loss, as well 

as to retain the original length of the sample data, the random function is used to randomly 

select 100 sample points to be replaced by 0 values. The processed sample data are input into 

the three models for testing after feature extraction. Fig. 9 shows the confusion matrix of fault 

identification results of individual models after data loss processing, and Figs. (a)~(c) show the 

results of SVM, DBN, and APSO-KPCA⁃SVM, respectively. Figures 1~6 are half-cycle early 

fault, multi-cycle early fault, fixed impedance ground fault, motor casting, load casting, and 

capacitor casting, respectively. When data loss occurs in the original samples, the characteristic 

information of the original samples is changed greatly, which in turn makes the constructed 

feature samples change accordingly. From the misclassification situation, it can be seen that the 

number of misidentifications of the six cable faults by the APSO-KPCA⁃SVM model proposed 

in this paper is generally lower than that of the SVM and DBN models. 

  

(a)SVM (b)DBN 

 

(c)APSO-KPCA⁃SVM 

Figure 9: Model test results 

According to the confusion matrix results, the evaluation indexes of the three models are 

calculated separately, and the results are shown in Table 5. As can be seen from the table, 

compared with the samples without data loss processing, the cable fault identification accuracy 

of the three models has undergone a significant decrease. SVM had the lowest cable fault 
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identification accuracy, and DBN cable fault identification accuracy improved compared to 

SVM, but still did not exceed 87%. APSO-KPCA⁃SVM has the highest accuracy rate of 91.04%. 

Combining the four evaluation metrics, APSO-KPCA⁃SVM still has good cable fault 

identification performance in response to sample data loss. 

Table 5: Evaluation results of network anti data loss 

Model accP (%) preP (%) 
recP (%) 1F (%) 

SVM 81.35 80.04 81.90 83.34 

DBN 85.96 84.29 86.11 85.19 

APSO-KPCA⁃SVM 91.04 90.91 91.37 90.68 

4 Conclusion 

In order to overcome the restrictions of conventional cable fault diagnosis models which 

consider only one dimension of the fault, this paper presents a way of identifying cable faults 

using multidimensional information features and APSO-KPCA-SVM, and the proposed 

approach offers the following: 

(1) The acoustic signal, electromagnetic wave pulse signal, low-voltage pulse test signal, 

path-finding signal, and electromagnetic field signal of cable faults can be used as the input 

feature vectors of the APSO-KPCA-SVM fault identification model after dimensional reduction, 

which can make the model's comprehensive ability of identification better. Compared with the 

signal features without dimensionality reduction, the accuracy of the model after dimensionality 

reduction is not much different, but the training time is saved by 77.55%. 

(2) Compared with SVM, RF, KNN and DBN, the model in this paper performs better in 

recognizing six kinds of cable fault information at the same time, namely, half-circumferential 

early faults, fixed impedance ground faults and capacitor casting, motor casting, load casting 

and multi-circumferential early faults, and the accuracy of the model in recognizing them is 

98.17%. 

(3) In the anti-interference performance analysis, in the signal-to-noise ratio of 40dB, 30dB, 

20dB, 10dB, this paper's model is always higher than the recognition accuracy of SVM and 

DBM. The cable fault identification accuracy of this paper's model is the highest in the anti-

data loss analysis, reaching 91.04%, followed by the accuracy of DBN. 
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