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Abstract

As power systems evolve rapidly, cables, essential for electric power transmission, demand
accurate and timely fault diagnosis to ensure grid safety and stability. However, current
cable fault diagnosis technologies often struggle with incomplete feature extraction from
complex fault signals and inefficient parameter tuning in diagnostic models, hindering
efficient and precise fault detection in modern power systems. To address these, this paper
proposes a data-driven strategy for cable fault diagnosis in substation secondary circuits,
enhanced by effective parameter optimization. Initially, wavelet packet decomposition
is employed to finely divide collected cable fault current signals into multiple levels and
bands, effectively extracting fault feature vectors. To tackle the challenge of selecting
penalty and kernel parameters in Support Vector Machine (SVM) models, an improved
Golden Jackal Optimization (GJO) algorithm is introduced. This algorithm simulates the
predatory behavior of golden jackals in nature, enabling efficient global optimization of
SVM parameters and significantly improving the classification accuracy and generalization
capability of the fault diagnosis model. Simulation verification using real cable fault cases
confirms that the proposed method outperforms traditional techniques in fault recognition
accuracy, diagnostic speed, and robustness, proving its effectiveness and feasibility. This
study offers a novel and efficient solution for cable fault diagnosis.

Keywords: cable fault diagnosis; wavelet packet decomposition; support vector machine
(SVM); improved golden jackal optimization (GJO) algorithm

1. Introduction
With the rapid development of urban construction, the scale of power grids has

become increasingly vast, and electric energy has become an indispensable source of energy
in people’s daily lives [1]. Cable lines play a vital role in electric power transmission
and distribution, serving as the hub of power transportation [2]. Modern urban planning
places greater emphasis on ecology and livability, requiring the planning and layout of
transmission and distribution equipment to consider environmental and spatial needs.
Due to their convenient installation, stable and reliable performance, and minimal space
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occupation, power cables are increasingly occupying a larger proportion in the transmission
network, gradually replacing overhead lines [3]. As cities continue to expand rapidly and
electrical equipment is continuously put into use, the scale and specifications of cable
laying continue to increase. As the core of urban power equipment, the reliable operation
of power cables is crucial to urban development and residents’ lives [4].

Power cables are generally laid underground, which makes it more difficult to locate
and diagnose faults when they occur. Locating the fault points often consumes significant
human, material, and financial resources. Additionally, cables lack the direct observability
of overhead lines [5], making the task of fault detection and diagnosis for cables more
arduous and challenging. Since fault diagnosis of power cables is crucial for the safe
and stable operation of power systems, achieving rapid and accurate diagnosis of fault
disturbances can promptly identify insulation defects and hidden dangers, prevent further
deterioration of faults, and significantly reduce the loss of human, material, and financial
resources caused by faults [6,7].

At present, the main methods for power cable fault diagnosis both domestically and
internationally include DC superposition, DC component analysis, dielectric loss measure-
ment, partial discharge detection, and infrared temperature measurement [8–10]. However,
the accuracy of DC superposition and DC component analysis is not high, the applicability
of dielectric loss measurement is limited, the signal collected by partial discharge detection
is very weak, and the battery life of infrared temperature measurement instruments is short
with high maintenance costs. These methods all need improvement in detection efficiency
and accuracy. In recent years, many researchers have applied artificial intelligence algo-
rithms and wavelet theory signal processing techniques to cable fault diagnosis, based on
the characteristics of power cable transient signals and traditional fault diagnosis methods.
Cable fault diagnosis methods at home and abroad mainly consist of two processes: tran-
sient signal feature extraction and classification processing [11–13]. Literature [14] realizes
cable fault diagnosis based on input impedance spectroscopy, utilizing the power cable
distributed parameter model, input impedance spectroscopy, spectral analysis, and the
Kaiser window. By modeling different types of cable faults, it obtains the input impedance
spectroscopy characteristics of cables under normal and faulty conditions to discriminate
fault types. Neural networks and wavelet transforms have also been widely applied in
fault diagnosis in recent years. Literature [15] first uses cable fault simulation data based
on the MATLAB platform to train a deep neural network (DNN) model, which is then used
to diagnose cable faults. In terms of intelligent algorithm training, experts and scholars
have been exploring typical feature vectors that can constitute critical fault features as
training template libraries, including wavelet energy spectrum, wavelet singular entropy,
and average current zero-crossing rate [16,17], conducting numerous studies to improve
the accuracy of cable fault diagnosis.

Literature [18] utilizes both approximate entropy and the standard deviation of in-
tegral values above and below the time axis to distinguish between non-fault lightning
strikes, fault lightning strikes, and short-circuit faults. Based on the wavelet analysis results
of transient current signals, Literature [19] directly utilizes a current transformer to extract
transient high-frequency current features, calculate distribution weights, and achieve fault
phase selection based on wavelet entropy weights of high-frequency transient components.
Literature [20] proposes a fault recognition principle for different voltage phase angle
intervals, using the time-frequency characteristics of wavelet transforms to extract the
traveling wave energy of each phase-mode current after a fault for fault phase selection. Lit-
erature [21] constructs feature vectors using wavelet packet information entropy and inputs
them into a trained CS-BP neural network to detect power cable fault types. Literature [22]
fuses multi-source information using fuzzy theory, establishes a recognition framework
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and evidence body based on D-S evidence theory, and determines the reasonable allo-
cation of belief function values based on expert experience-assigned parameter weights.
Finally, the maximum belief criterion is used to judge the operating state of the tested
cable. Literature [23] performs multi-resolution analysis on current signals using wavelet
transforms, extracts their energy entropy as input vectors for a probabilistic neural network
(PNN) fault recognition model, and proposes a loose fault recognition method based on
wavelet energy entropy and PNN. Literature [24] proposes a multi-scale analysis method
for traveling wave signals based on wavelet transforms, which can effectively extract fault
information and accurately locate fault positions. Literature [25] uses the one-dimensional
Mallat algorithm of wavelet transforms to analyze traveling wave signals for determining
cable fault locations. However, these studies only distinguish between short-circuit and
lightning strike signals or perform fault phase selection, unable to diagnose multiple fault
types and their causes in cables. Due to the complexity of the cable operating environment
and significant interference from the fundamental frequency component of cable currents,
ordinary time-frequency domain analysis is commonly used in current research, which
cannot effectively extract current signal features, leading to low accuracy in cable fault
diagnosis. Transient signals contain a large amount of high-frequency components, rich in
fault information. The cable system in substation secondary circuits is highly integrated
and complex, with fault signals susceptible to electromagnetic interference, equipment cou-
pling effects, and the superposition of multiple signal sources. This results in the collected
fault current signals exhibiting strong noise, non-stationarity, and nonlinearity, making it
difficult for traditional methods to effectively extract complete fault features. Additionally,
the boundaries between special fault types, such as high-resistance faults and intermittent
faults, and normal operating conditions in secondary circuits are ambiguous, with fault fea-
ture vectors distributed in a complex and intertwined manner within a multi-dimensional
feature space. These critical fault characteristics are complexly distributed in the time-
frequency domain. The electromagnetic interference in substation environments is strong,
resulting in measured signals being mixed with substantial noise. The fault characteristics
are extremely faint and are drowned out by the noise. Different types of faults, including
single-phase grounding, phase-to-phase short circuits, broken wires, and high-resistance
grounding, produce signals with overlapping spectra and similar time-domain waveforms,
making them difficult to distinguish with the naked eye or simple rules. Basic components
are highly sensitive to noise, unable to differentiate between fault types, and are nearly
ineffective for faint or high-resistance faults, leading to high false alarm/missed detection
rates. How to extract high-frequency signals for fault diagnosis in cable lines remains to be
further studied.

The main innovative points of this paper can be summarized as follows:

(1) Considering that traditional methods inadequately extract features from complex
cable fault signals, this paper designs a multi-level, multi-frequency band fine fea-
ture extraction technique based on wavelet packet decomposition. This decompo-
sition approach can more comprehensively and meticulously mine and separate
feature components containing fault information from the original signals compared
to traditional methods.

(2) When applying SVM for cable fault diagnosis, existing methods suffer from inefficient
and challenging selection of key parameters, including the penalty factor and kernel
function parameters. This paper proposes an efficient SVM parameter optimization
method based on an improved GJO algorithm. By simulating the predatory behavior
of golden jackal populations in nature, this algorithm enables intelligent searching
and optimization of SVM model parameters, significantly enhancing the efficiency of
parameter tuning.
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2. Feature Extraction of Cable Faults Based on Wavelet Packet Decomposition

Wavelet packet decomposition (WPD), as an advanced signal analysis technique, has
its theoretical foundation rooted in the Discrete Wavelet Transform (DWT). This technique
provides theoretical support for analyzing the entire frequency range of signals, particularly
enhancing resolution and flexibility when dealing with complex electrical signals. Unlike
DWT, which primarily focuses on the low-frequency components of signals, WPD achieves
fine-grained analysis and matching of signals through a series of low-pass and high-
pass filtering operations, followed by down sampling. Meanwhile, WPD technology can
select appropriate frequency bands based on signal characteristics, thereby optimizing
time-frequency resolution. This makes the technology particularly effective in complex
signal processing domains. For a given signal x[t], WPD achieves signal subdivision by
decomposing from a certain frequency band sj

p(w) at level j to sub-bands sj+1
2p−1(w) and

sj+1
2p+1(w) at level j + 1. This decomposition process relies on low-pass filters h(k) and

high-pass filters g(k), which act jointly on the signal to extract information within different
frequency bands. The given expressions are as follows:

(1) Decomposition of low-frequency sub-bands:

sj+1
2p−1(w) =

√
2

∞

∑
k=−∞

h(k)·sj
p(2w − k) (1)

Here, sj+1
2p−1(w) represents the low-frequency sub-band obtained through decomposi-

tion by a low-pass filter h(k) at the (j + 1)-th level; j(k) is the coefficient of the low-pass filter;
and sj

p(2w − k) represents the result of applying the filter to the original frequency band sj
p

and considering position adjustment.
(2) Decomposition of high-frequency sub-bands:

sj+1
2p+1(w) =

√
2

∞

∑
k=−∞

g(k)·sj
p(2w − k) (2)

Here, sj+1
2p+1(w) represents the high-frequency sub-band obtained through decompo-

sition by a high-pass filter g(k) at the (j + 1)-th level, where g(k) is the coefficient of the
high-pass filter. Detailed technical details of wavelet packet decomposition are shown in
the Appendix A.

For better understanding, the WPD tree structure is shown in Figure 1. After process-
ing by WPD, the cable current signal is effectively decomposed into three layers. In the
first layer of decomposition, the input original vibration signal S is decomposed into two
parts: A1 and D1. Here, A1 represents the low-frequency component of the signal, while
D1 represents the high-frequency component. Following this decomposition strategy, as
the decomposition progresses deeper, upon reaching the third layer (i.e., j = 3), the signal
is further decomposed into eight sub-frequency bands. In the figure, (3, i) denotes the
numbering of the node i located at the third layer, where j = (1, 2, 3) and i = (1, 2, · · · , 7).
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Figure 1. The structure diagram of WPD tree.

3. A Cable Fault Diagnosis Model Based on SVM Improved by
Parameter Optimization
3.1. Introduction to Traditional SVM Model

As shown in Figure 2, SVM is a machine learning model used for classification. In
order to reduce the risk of overfitting and enhance the robustness of the model, soft margin
introduces a loss function L, transforming the objective function of the original optimization
problem into (3).

J = min
1
2

wTw + L (3)

 

Figure 2. The structure diagram of SVM model.

For the formula derivations of the remaining parts, refer to Appendix A.2.

3.2. Parameter Selection and Optimization

To obtain the optimal parameters for the SVM, this paper employs the GJO for iterative
optimization of the SVM parameters, enabling the model to automatically adjust and
acquire the optimal SVM parameters. When the algorithm is applied to solve for the
optimal value of a function, the position of each individual in the population represents
a solution found by the algorithm in the search space. During the optimization process,
to locate the optimal solution, exploration begins from each population’s initial position
and its surrounding area. Each individual in the population updates its position based



Processes 2025, 13, 2407 6 of 21

on the positions of the male and female jackals. The mathematical model for this stage is
as follows:

x1(t) = xM(t)− E·|xM(t)− rl·P(t)| (4)

x2(t) = xF(t)− E·|xF(t)− rl·P(t)| (5)

Here, t represents the current iteration, P(t) is the vector of the prey’s position, xM(t)
and xF(t) are the positions of the male and female jackals, respectively. x1(t) and x2(t) are
the new positions to which the prey moves under the influence of the male and female
jackals. E is the energy of the prey, calculated as follows:

E = Ea·Eb (6)

Ea and Eb represent the initial state of energy and the manner of energy decrease,
respectively, as expressed in the following Equation (7).{

Ea = 2·r − 1
Eb = c1·(1 − t/T)

(7)

Here, r is any number between 0 and 1, T represents the maximum number of iterations,
and c1 is a constant value of 1.5. In (4), rl denotes a random number based on the Lévy
distribution, used to simulate the movement of the prey, and is expressed as follows (8):

rl = 0.05·F (8)

Here, F is the Lévy flight function, expressed as follows (9):

F =
µ·σ

100·
∣∣∣∣v 1

β

∣∣∣∣ Here σ =

(
Γ(1 + β)· sin(πβ

2 )

β·Γ( 1+β
2 )·2β−1

)
(9)

Here, µ and v are random values within the range (0, 1), and β = 1.5.
Finally, the prey’s position is updated by taking the average of Equations (4) and (5):

x(t + 1) = [x1(t) + x2(t)]/2 (10)

When the prey is chased by the golden jackal, its energy gradually decreases. After
surrounding the prey it located in the previous phase, the golden jackal transitions into the
predation stage. The mathematical model for the cooperative hunting behavior of the male
and female jackals is as follows:

x1(t) = xM(t)− E·|rl·xM(t)− P(t)| (11)

x2(t) = xF(t)− E·|rl·xF(t)− P(t)| (12)

Subsequently, the prey’s position is updated using Equation (6). As the number of
iterations increases, the E decreases. When the absolute value of E is ≥1, the golden jackals
search for prey in the surrounding area; when the absolute value of E is <1, the GJO
algorithm preys on the target.

The original GJO generates positions randomly and searches in the initial stage, which
limits the algorithm’s ability to perform global searches. Considering that chaos is a
complex dynamic behavior that, although appearing irregular and seemingly random, has
the advantage of non-repetition, thereby enhancing the algorithm’s exploratory capabilities
in terms of randomness and diversity. Common chaotic sequence models include the
Logistic and Tent mappings. Through experimental comparisons, it has been found that
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the sequence distribution generated by the Tent mapping is more uniform than that of
the Logistic mapping, significantly improving the algorithm’s convergence speed. The
expression for the Tent mapping is as follows:

xn+1 =

{
2xn, 0 ≤ xn < 0.5

2(1 − xn), 0.5 ≤ xn < 1
(13)

After undergoing a Bernoulli shift transformation, its expression is as follows:

xn+1 = (2xn)mod1 (14)

The ergodicity and randomness characteristics of the Tent mapping enable the algo-
rithm to have a broader search range, avoiding repeated searches by individuals in similar
regions. By generating a chaotic sequence and using it as the initial solution, the algorithm’s
local exploitation and global search capabilities are enhanced.

This paper employs actual cable fault cases for simulation verification. Here, the
simulated data does not refer to synthetic data generated through computer simulation.
Instead, it denotes the utilization of real-world, actually collected sample data of cable fault
current signals to replicate the fault diagnosis process, thereby testing and evaluating the
proposed hybrid model. The core significance of the simulated data lies in verifying the
effectiveness, accuracy, and feasibility of the proposed parameter-optimization-assisted
hybrid model–data-driven strategy in practical application scenarios. It serves to demon-
strate the superiority of this method over traditional techniques in terms of identification
accuracy, diagnosis speed, and robustness.

Wavelet packet decomposition technology enables fine division into multiple levels
and frequency bands. Here, “multiple-level” refers to the number of layers in wavelet
packet decomposition. For instance, a 3-level decomposition yields 8 frequency band
sub-signals, while a 4-level decomposition produces 16. It describes the depth and gran-
ularity of feature extraction from the original fault signals during the signal processing
stage, decomposing the signals into finer frequency bands to extract richer features. It
does not imply that the fault diagnosis itself is divided into eight levels. The actual fault
signal data collected is divided into training, validation, and test sets, which is a standard
procedure in machine learning model development. The training set is used to learn model
parameters, the validation set to adjust hyperparameters, and the test set to ultimately
evaluate the model’s generalization performance on unseen data. This division process
is entirely independent of how many levels the fault signals have been decomposed into
via wavelet packet decomposition. The number of decomposition levels is determined
during the feature extraction stage and applied uniformly to all data. Therefore, using train-
ing/validation/test sets is merely a necessary step in model development and evaluation,
and the data processed is that which has undergone feature extraction through multi-level
wavelet packet decomposition. This paper covers typical faults that may be encountered
in actual operation, including some rare and severe faults. The ultimate objective and
verification methods of the study are dedicated to proving the model’s effectiveness in
real-world operating conditions, encompassing various challenging faults that may occur.
For the simulation scenario, fault data can be generated by using specialized power system
simulation software. First, establish a detailed model of the substation secondary circuit
cable system within the software, such as PSCAD and MATLAB Simulink, accurately
representing the electrical characteristics and topological structure of the cables. Then,
based on known common cable fault types such as single-phase grounding, phase-to-phase
short-circuit, and high-resistance grounding, define the fault parameters like fault location,
fault resistance, and fault duration. By running the simulation with these defined parame-
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ters, the software can generate corresponding fault current signals that mimic real-world
fault conditions. These signals can be collected and used as fault data for the proposed
cable fault diagnosis method, allowing for in-depth testing and validation of the model’s
performance under various simulated fault scenarios.

In the real-time scenario, creating fault data can be achieved through experimental
setups. Construct a physical testbed that replicates the substation secondary circuit cable
environment as closely as possible. This testbed should include actual cables, relevant
electrical equipment, and measurement devices. Introduce controlled faults into the testbed,
such as manually creating short-circuits or grounding faults at specific points on the cables.
During the fault introduction, use high-precision current sensors to measure the fault
current signals in real-time. These measured signals, along with the corresponding fault
information (e.g., fault type, location), are recorded and stored as real-time fault data.
This data can then be used to evaluate the practical applicability and performance of the
proposed cable fault diagnosis method in a real-world operational environment.

4. Case Study
Based on the electrical fault signals of cables collected by sensors at power engineering

sites, a series of tests and validations is conducted in this chapter. By comparing with
some conventional algorithms, the effectiveness and feasibility of the proposed method
in this paper are demonstrated. The cable fault current signal data used in this paper are
derived from two parts: field-collected data from actual engineering projects and laboratory
simulation data. The field data were collected from multiple 110 kV substation secondary
circuit cable systems under the jurisdiction of the Jiangmen Power Supply Bureau of China
Southern Power Grid. High-frequency current transformers (HFCT, frequency response
range 1 kHz–30 MHz) and Rogowski coils (bandwidth 0.1 Hz–1 MHz) were employed to
capture transient current signals during cable faults. The signal sampling frequency was
set at 10 MHz to ensure complete recording of high-frequency components, such as partial
discharge pulses and lightning strikes. The fault types include six categories: single-phase
grounding faults, two-phase short-circuit faults, three-phase short-circuit faults, mixed
faults, overload faults, and lightning strike faults. For each fault type, 200 samples were col-
lected, including 50 samples under normal operating conditions. The laboratory simulation
data were generated using a cable fault simulation model built on MATLAB/Simulink, with
cable parameters designed according to the IEC 60287 standard. Controllable switches were
used to simulate different fault types, such as metallic short-circuits and high-resistance
grounding, while white noise (SNR = 10–20 dB) was superimposed to mimic real-world
interference. Before detection and classification, the data underwent preprocessing and
labeling. All signals were normalized to the [0, 1] range using min–max scaling to eliminate
dimensional effects. Each fault type was independently labeled by three power engineers,
and cross-validation was performed to ensure label consistency. The total sample size of
1200 groups was divided into training, validation, and test sets in a 7:2:1 ratio.

4.1. Verification of the Effectiveness of Wavelet Packet Decomposition

This paper selects the signal-to-noise ratio (SNR) and mean square error (MSE) as
indicators to verify the effectiveness of decomposition. The SNR is a commonly used
metric for evaluating denoising performance. For wavelet packet decomposition, by
comparing the SNR between the original signal and the reconstructed signal, the algorithm’s
performance in signal recovery can be assessed. A higher SNR value indicates that the
algorithm effectively removes noise while preserving signal features. The MSE calculates
the average of the squared differences between the original signal and the reconstructed
signal. A smaller MSE indicates that the reconstructed signal is closer to the original signal,
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reflecting better algorithm performance. The relevant calculation results are shown in
Tables 1 and 2 below.

Table 1. Comparison of SNR metrics for performance of different decomposition algorithms.

Fault Type The Proposed Method VMD EMD

Single-phase Fault 23.4 22.1 22.4
Two-phase Fault 24.2 22.6 23.1

Three-phase Fault 23.6 22.5 23.2
Mixed Fault 23.4 21.9 22.4

Overload Fault 24.0 23.4 23.1
Lightning Strike Fault 24.3 23.1 23.6

Table 2. Comparison of MSE metrics for performance of different decomposition algorithms.

Fault Type The Proposed Method VMD EMD

Single-phase Fault 0.0024 0.0035 0.0032
Two-phase Fault 0.0026 0.0029 0.0035

Three-phase Fault 0.0021 0.0031 0.0027
Mixed Fault 0.0035 0.0039 0.0040

Overload Fault 0.0038 0.0045 0.0042
Lightning Strike Fault 0.0029 0.0038 0.0033

By observing Tables 1 and 2 above, it can be found that in cable fault diagnosis, the
Discrete Wavelet Packet Transform demonstrates superior performance in terms of SNR
and MSE metrics compared to the EMD and VMD algorithms. This is primarily due to
the differences in their characteristics regarding signal decomposition and reconstruction.
Wavelet packet decomposition is an orthogonal decomposition, which means that the
decomposition and reconstruction of the signal are neither redundant nor leaky, ensuring
the integrity of the signal information. In contrast, other methods may introduce additional
noise or information loss during the decomposition process. Wavelet packet decomposition
can conveniently obtain the frequency components of the signal in any frequency band.
Traditional filtering methods, including EMD and VMD, yield fixed frequency components
once the filter coefficients are selected, which limits their flexibility in analyzing signals
in specific frequency bands. Wavelet packet decomposition can effectively suppress noise
during the decomposition process, particularly in high-frequency bands. This makes it
have a higher SNR when processing cable fault current signals containing noise. Due to
the orthogonality and non-redundancy of wavelet packet decomposition, it can accurately
reconstruct the original signal. This precise reconstruction capability helps retain useful
information in the signal while reducing errors. In contrast, EMD decomposition cannot
accurately determine the extremum points at both ends of the signal, leading to divergence
in the envelope fitting at the endpoints. This divergence gradually “contaminates” the
entire data sequence inward, resulting in distortion of the results. When abnormal events
(such as discontinuous signals, pulse interference, and noise) are present in the signal,
EMD decomposition is prone to mode mixing, where different intrinsic mode functions
(IMFs) overlap, leading to inaccurate decomposition results. The performance of VMD
decomposition is influenced by parameters such as the penalty factor and the number
of decomposition levels. If the parameters are not set appropriately, it may result in
unsatisfactory decomposition results. Although VMD decomposition has certain robustness
to noise, its decomposition effect may be affected in some cases (such as when the noise
level is high). In summary, wavelet packet decomposition outperforms EMD and VMD
decomposition algorithms in terms of SNR and MSE metrics in cable fault diagnosis,
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mainly due to its orthogonal decomposition characteristics, flexible frequency analysis
capability, efficient noise suppression capability, and precise reconstruction capability.
These advantages make wavelet packet decomposition more accurate and reliable in
processing cable fault current signals containing noise and complex frequency components.

This paper further conducts example and feature analysis of typical fault signals,
taking single-phase grounding faults and lightning strike faults as examples for compara-
tive analysis. The time-domain characteristics of a single-phase grounding fault include
a sudden increase in current amplitude accompanied by periodic damped oscillations,
primarily caused by the resonance of distributed capacitance and inductance in the cable.
The frequency-domain characteristics show energy concentrated in the low-frequency
range (0–1 kHz) with minimal high-frequency components. In contrast, the time-domain
characteristics of a lightning strike fault exhibit an instantaneous pulse spike with an am-
plitude up to 10 times the normal current, lasting for a very short duration, typically in the
microsecond range. The time-domain waveforms of these two fault types are shown in
Figures 3 and 4, respectively.

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
0

20

40

60

80

100

120

The value of this 
period is 0

G
ro

un
d 

cu
rr

en
t a

m
pl

it
ud

e/
A

Time/ms

Time varying amplitude 
of ground current

 

Figure 3. Ground current information under short-circuit fault.
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Figure 4. Lightning current information under lightning strike fault.
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The wavelet packet decomposition energy distribution results for the two aforemen-
tioned faults are shown in Figure 5. It can be observed that the energy of the single-
phase grounding fault is primarily concentrated in the low-frequency bands (Bands 1–3,
0–375 kHz), reflecting the low-frequency characteristics of its fault signal. In contrast, due
to the high-frequency transient impact nature of lightning strike faults, their energy is
significantly concentrated in the high-frequency bands (Bands 5–8, 500–1000 kHz). By
integrating the improved GJO algorithm for efficient global optimization of SVM parame-
ters, the model accurately captures the distinct differences in the frequency-domain energy
distribution between different fault types, resulting in a clear contrast in the energy pro-
portion of single-phase grounding and lightning strike faults across each sub-band in the
diagnostic results.
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Figure 5. The wavelet packet decomposition energy distribution results.

4.2. Robustness Verification of Diagnostic Model

In order to further verify the robustness of the proposed method in this paper, we
conducted a further analysis of the model’s fault diagnosis accuracy under different levels
of noise interference and varying numbers of test samples, and compared the proposed
method with conventional CNN, traditional SVM, and ELM models. The relevant diagnosis
accuracy results are shown in Figures 6 and 7 below. For the ELM model, the number of
input layer nodes is 8; the number of hidden layer nodes is 12, with their weights and
biases generated through random initialization. The Sigmoid function is selected as the
activation function for the hidden layer. The number of output layer nodes is consistent
with the number of fault types, and a linear activation function is employed. Finally, the
output weight matrix is directly calculated using the least squares method to achieve fault
classification [26].

Under low-noise conditions, the proposed method achieves diagnostic accuracy im-
provements of 3.7%, 3.2%, and 2.1%, respectively, compared to the other three methods.
When the noise intensity increases, the diagnostic accuracy improvements rise to 7.5%, 6.2%,
and 4.1%, respectively. This indicates that the proposed method demonstrates excellent
anti-interference performance in high-noise environments. In Figure 7, when the sample
size is 100, the fault diagnosis accuracy of the proposed method in this paper improves by
5.2%, 2.9%, and 3.7% compared to the SVM, CNN, and ELM models, respectively. When
the sample size is 200, the accuracy improves by 4.3%, 2.8%, and 3.6%, respectively. This
demonstrates the broad applicability of the proposed method under small-sample data
conditions. It can also be found that the proposed method in this paper, which employs the
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GJO algorithm to optimize the penalty factor and kernel parameters of the SVM model for
cable fault diagnosis, achieves the highest accuracy under small sample sizes and noise
interference compared to conventional SVM, CNN, and ELM models. The GJO is a heuris-
tic optimization algorithm that simulates the foraging behavior of golden jackals. This
algorithm can balance global and local searches during the optimization process, effectively
avoiding local optima. This enables a more comprehensive exploration of the parameter
space and the discovery of better solutions when optimizing the parameters of the SVM
model. The GJO algorithm typically has a fast convergence rate and can find near-optimal
solutions within a relatively short time, which is particularly important for cable fault
diagnosis tasks with high real-time requirements. This algorithm is not sensitive to initial
parameters and can resist noise interference to some extent. This allows it to maintain high
stability and accuracy when processing cable fault current signals containing noise. SVM is
a classification method based on statistical learning theory that separates samples of differ-
ent categories by finding an optimal hyperplane. SVM excels in small-sample learning and
can learn effective classification rules from limited data. By maximizing the classification
margin to find the optimal hyperplane, SVM demonstrates certain robustness to noise and
outliers, maintaining good classification performance even when some noise or outliers are
present in the data. Collecting cable fault current signals and extracting effective features
can provide rich information for fault diagnosis. These features can reflect the type, severity,
and location of cable faults, providing strong support for subsequent model training and
classification. Although CNN models perform well in fields such as image processing,
their performance may be limited when processing one-dimensional time series data like
cable fault current signals. Additionally, CNN models typically require a large amount of
training data to avoid overfitting and may struggle to achieve ideal classification results
in small-sample scenarios. Although the ELM model has the advantages of fast learning
speed and strong generalization ability, its classification performance may be influenced by
model structure and parameter selection. In contrast, the SVM model is more flexible and
effective in parameter selection and model optimization, better adapting to small-sample
sizes and noise interference.
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Figure 6. Diagnostic accuracy of different models under varying noise interference conditions.
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Figure 7. Diagnostic accuracy of different models under different data sample conditions.

4.3. Comparative Analysis of Quantitative Metrics

To further illustrate the effectiveness and feasibility of the proposed method in this
paper, we consider the most common fault types in practical secondary circuits: single-
phase-to-ground fault (A-G), phase-to-phase short-circuit fault (A-B), broken conductor
fault, high-impedance grounding fault, and insulation flashover fault. The fault information
conditions are shown in Table 3 below. The total number of samples is 1200. Among
them, 720 samples are used to train the SVM model, 240 samples are utilized to optimize
SVM parameters with the improved GJO, and 240 samples are employed for independent
evaluation of the final model’s performance.

Table 3. Detailed fault information in secondary circuits.

Operating Condition Information Condition 1 Condition 2 Condition 3

Fault Location 10% distance from the
measurement point

50% distance from the
measurement point

90% distance from the
measurement point

Fault Resistance Low resistance
(0.1–10 Ω)

Medium resistance
(10–100 Ω)

High resistance
(100–1000 Ω)

Load Conditions Light load Rated load Overload

Background Noise 20 dB 30 dB 40 dB

The wavelet decomposition is performed with three levels, resulting in eight frequency
band sub-signals. The population size of GJO parameters is set to 30, with a maximum
of 50 iterations. The improved SVM employs grid search for parameter optimization.
The random forest consists of 100 trees, with other parameters set to their defaults. A
lightweight 1D convolutional neural network (1D-CNN) (comprising two convolutional
layers + pooling layer + fully connected layer) is designed to directly process raw current
signals [27]. The CPU configuration is an Intel Core i7-12700H, with a RAM environment
of 32GB DDR5, and the operating system is Windows 11. The software version used is
MATLAB R2023a. The performance metrics compared include overall accuracy (OA),
F1-score, and average diagnosis time (ADT). Detailed computational results are presented
in Tables 4 and 5 below.
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Table 4. Comparison of average fault diagnosis performance on the test set.

Method OA/% ADT/ms Remarks

The proposed method 98.33 5.8 C = 8.27, gamma = 0.043
SVM-grid search-WPD 95.83 6.2 Grid search is extremely time-consuming.

1D-CNN 97.08 15.3 End-to-end approach, no explicit feature extraction required.
SVM-WPD-GA 89.58 5.9 Parameters are not optimized, resulting in poor performance.

Table 5. F1-scores for different fault types.

Fault Types F1-Score of the
Proposed Method/%

F1-Score of the SVM
Model/%

F1-Score of the
1D-CNN Model/%

Single-phase grounding (A-G) 99.2 97.4 98.1
Phase-to-phase short circuit (A-B) 98.5 94.2 95.0
Broken line 98.1 93.6 93.7
High-resistance grounding 97.8 91.7 92.5
Insulation flashover 98.9 93.8 94.1

The proposed method achieves the highest OA of 98.33%, significantly outperforming
the unoptimized SVM (89.58%) and the grid-search SVM (95.83%), and slightly surpassing
RF and 1D-CNN as well. The improved GJO effectively identifies superior SVM parameters.
The ADT of the proposed method (5.8 ms) is considerably faster than that of 1D-CNN
(15.3 ms) and slightly quicker than the grid-search SVM. Given that power fault diagnosis
typically requires a response time of less than 100 ms, the proposed method meets the
real-time performance requirements. Compared to grid search, the GJO process takes only
90 s, whereas grid search consumes 25 min, demonstrating the exceptionally high efficiency
of GJO in parameter optimization.

The method proposed in this paper demonstrates excellent performance in iden-
tifying various types of faults, with an F1-score greater than 97% for each fault type.
High-resistance grounding faults, being the most challenging to identify due to their least
conspicuous characteristics, still achieve an F1-score of 97.8%, proving the effectiveness
of the method for complex fault scenarios. While 1D-CNN performs comparably to the
proposed method under low-noise conditions, its performance declines more rapidly under
high-noise conditions. In other words, existing cable fault diagnosis methods often overlook
critical transient information (such as high-frequency oscillations and arc characteristics)
due to incomplete feature extraction when confronted with complex fault signals. Addition-
ally, these methods suffer from low efficiency in model parameter tuning and are prone to
becoming trapped in local optimal solutions, resulting in relatively high misjudgment rates
for fault types with ambiguous boundaries, such as high-resistance faults and intermittent
faults. Their stability is particularly inadequate under conditions of strong noise interfer-
ence or small sample sizes. In contrast, the hybrid model-driven strategy proposed in this
paper achieves fine-grained, multi-band feature extraction from signals through wavelet
packet decomposition, combined with global parameter optimization using an improved
GJO algorithm. This approach not only significantly enhances fault classification accuracy,
especially for high-resistance fault identification, but also elevates diagnostic speed to the
millisecond level through automated parameter tuning. Furthermore, it exhibits stronger
noise resistance and generalization capabilities, effectively reducing the risks of false alarms
and missed detections, thereby providing a more efficient and reliable solution for cable
fault diagnosis in substation secondary circuits.

The penalty factor C serves to control the model’s tolerance for classification errors
on training samples, balancing the objectives of maximizing the classification margin and
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minimizing classification errors. An excessively large C value renders the model intolerant
of classification errors, prompting it to employ an extremely complex decision boundary to
fit every point in the training data, including noise and outliers. This leads to overfitting.
The model may achieve very high accuracy on the training set but perform poorly on
unseen test sets or actual new fault data. It may misinterpret normal noise fluctuations as
faults or be overly sensitive to specific fault types, neglecting their essential characteristics.
Conversely, an excessively small C value makes the model highly tolerant of classification
errors, favoring the selection of a simple decision boundary with a large margin, even if
it means ignoring some classification errors in the training samples. This can result in
underfitting, where the model fails to capture the complexity and nuances of fault signal
characteristics. The diagnostic accuracy is generally low, particularly for fault types that
are difficult to distinguish, such as those with high feature similarity or high-resistance
faults, leading to frequent missed detections or false alarms.

The kernel function parameter γ determines the curvature or complexity of the de-
cision boundary. An excessively large γ value restricts the influence range of samples
to a very small area, causing the decision boundary to become extremely complex and
convoluted as it attempts to precisely pass through every training sample point. The model
becomes hypersensitive to noise and minor fluctuations in specific samples within the train-
ing data, resulting in learned rules that lack generality. On the test set, especially when there
are slight variations in actual fault signals, the diagnostic accuracy significantly declines.
On the other hand, an excessively small γ value expands the influence range of samples
to a very large area, making the decision boundary overly smooth and even approaching
linearity. In this case, the model is too simplistic to effectively utilize the nonlinear separable
information that may exist in a high-dimensional feature space, as extracted by wavelet
packet decomposition. It fails to distinguish between different fault types with complex
and intertwined distributions in the feature space, leading to low overall classification ac-
curacy. Table 6 presents the results of different parameter optimizations. When employing
this method for cable fault diagnosis, the improved GJO algorithm significantly enhances
feature separability by optimizing SVM parameters through a standardized energy vector
formula: On one hand, after the multi-band fault feature vectors extracted via wavelet
packet decomposition are mapped into a high-dimensional space using optimized kernel
parameters, the average inter-class distance between different fault types expands by 37.2%,
while the intra-class variance decreases by 28.6%, resulting in a 41% improvement in the
clarity of decision boundaries. On the other hand, the optimized penalty factor C effectively
balances empirical risk and structural risk, enhancing the model’s tolerance to noise and
outlier samples by 2.3 times, ultimately achieving a classification accuracy exceeding 95%
in real-world fault cases.

In terms of feature extraction performance, wavelet packet decomposition employs an
adaptive multi-scale binary tree structure, eliminating the need for preset mode numbers
and thereby avoiding subjective biases. Its eight-level decomposition fully covers the entire
frequency band, particularly excelling in capturing key high-frequency resonances critical
for cable fault diagnosis, whereas VMD tends to lose transient details due to its limited
high-frequency resolution. Analysis revealed that in a 110 kV cable high-impedance fault
scenario, VMD exhibited a feature omission rate of 41%, compared to only 7% for wavelet
packet decomposition, accompanied by a 5.2 dB improvement in signal-to-noise ratio.
VMD is prone to IMF component aliasing caused by power frequency interference during
load fluctuations, requiring parameter readjustment for varying cable lengths, and suffers
from severe mode mixing in composite fault conditions. In contrast, wavelet packet decom-
position circumvents power frequency interference through frequency band partitioning,
adapts to cables of different lengths, and utilizes sub-band energy exclusivity to prevent fea-
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ture confusion. Furthermore, to address maloperation risks under fault-free conditions, the
proposed method employs GJO-optimized SVM penalty factors to construct wide-margin
decision surfaces that suppress electromagnetic interference, extracts 0.5–2 kHz sub-band
variation rates to distinguish load switching, raises the fault determination threshold to
0.85 to filter measurement noise, and incorporates a hardware self-check module to lock
out abnormal sensor data. Relevant computational results are presented in Table 7 below.
The conclusions demonstrate that within substation secondary circuit scenarios, wavelet
packet decomposition significantly outperforms VMD in terms of feature integrity, compu-
tational efficiency, and noise immunity, particularly exhibiting irreplaceable capabilities in
capturing high-impedance and transient faults.

Table 6. Analysis of results from different parameter optimizations.

Parameter
Combination
(C, γ)

Training Set
Accuracy (%)

Test Set
Accuracy
(%)

High-
Resistance
Fault Recall
Rate (%)

Model
Status Description Impact on Fault Diagnosis

(0.1, 0.01) 78.6 76.3 55.2
Severe underfitting. The
decision boundary is overly
smooth and simplistic.

The overall accuracy is low, with severe
missed detections (low recall rate) of
high-resistance faults in particular, making it
difficult to distinguish between complex and
similar faults.

(0.1, 1) 85.7 82.0 65.8
Predominantly underfitting. γ is
appropriate, but C is too small,
allowing too many errors.

The accuracy has improved but is still
inadequate, with a relatively high number of
missed detections of high-resistance faults.
The model is overly conservative.

(1, 0.01) 82.9 80.7 60.3
Underfitting. γ is too small,
resulting in insufficient
model capacity.

Similar to (0.1, 0.01), it inadequately utilizes
nonlinear features and performs poorly in
identifying high-resistance faults.

(1, 0.1) 93.6 90.7 83.5 Optimal region.
Relatively balanced.

The overall accuracy is good, with a
significant improvement in the detection rate
of high-resistance faults and relatively good
generalization ability.

(1, 10) 99.3 87.3 78.2
Beginning to overfit. Excessive
γ leads to overly complex
decision boundaries.

Perfect on the training set, but performance
declines on the test set, especially with an
increase in false negatives or missed detections
(a drop in recall rate) of high-resistance faults,
showing sensitivity to noise.

Table 7. Comparison of false alarm rates for different methods in a 110 kV substation.

Method Number of False Triggers False Alarm Rate

Traditional threshold method 127 6.35%
VMD-SVM-PSO 58 2.9%
The proposed method 9 0.45%

The method proposed in this paper also has certain limitations. The dielectric property
differences among various types of cables in substations, such as cross-linked polyethylene
cables and oil-impregnated paper-insulated cables, can alter the propagation speed and
attenuation characteristics of fault traveling waves, necessitating the retraining of SVM
models for different cable structures. Although the global optimization capability of the
improved GJO algorithm can enhance parameter generalization, it still faces the issue of ex-
ponentially increasing computational complexity when confronted with massive amounts
of heterogeneous data. Furthermore, this method demands a relatively high hardware sam-
pling rate, yet the performance of ADC chips in existing substation monitoring terminals
and the computational power of edge computing devices are limited, which may affect the
deployment of the algorithm templates. It should be noted that the method in this paper can
also provide certain references for fault location. Leveraging the multi-level time-frequency
analysis capability of wavelet packet decomposition, the fault current signals are finely
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divided into frequency bands, and the energy distribution characteristics of each band are
extracted. After accurately classifying the fault types using the optimized SVM model, the
specific fault location is determined by analyzing the propagation time delay differences
in fault feature vectors across different cable sections, utilizing traveling wave ranging
principles or time-frequency energy mutation point location techniques. Specifically, the
reflection and refraction characteristics of high-frequency components at the fault point can
induce abrupt changes in the energy amplitude of specific frequency bands. By combining
the classification results of multi-band feature vectors from the SVM model optimized by
the improved GJO algorithm, a mapping relationship between the fault location and feature
parameters can be established, ultimately enabling the rapid location of fault sections by
comparing the time-frequency domain differences between measured and healthy signals.

5. Conclusions
In light of the stringent requirements of power systems for cable fault diagnosis

technology and the limitations of existing methods in processing complex fault signals and
optimizing model parameters, this study presents an innovative data-driven approach that
has been effectively implemented for cable fault diagnosis. Following thorough research
and experimental validation, the following key findings emerge.

Firstly, the wavelet packet decomposition technique utilized in this study effectively
resolves the challenge of incomplete feature extraction from cable fault current signals.
By enabling multi-level, multi-frequency band segmentation of fault signals, it accurately
captures and extracts feature vectors essential for fault diagnosis. Secondly, to overcome the
parameter selection hurdles in SVM models for cable fault diagnosis, this study introduces
and enhances the GJO algorithm for parameter optimization. By mimicking the predatory
behavior of golden jackals in nature, the algorithm achieves efficient global optimization of
the SVM model’s penalty factor and kernel parameters. Lastly, simulation verification using
real-world cable fault cases reveals the outstanding advantages of the proposed method. In
terms of fault identification accuracy, it accurately distinguishes various cable fault types
with superior recognition accuracy compared to traditional fault diagnosis technologies.
Regarding diagnosis speed, the adoption of efficient parameter optimization strategies and
feature extraction methods significantly reduces the time required for fault diagnosis.
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Appendix A
Appendix A.1 Detailed Technical Details of Wavelet Packet Decomposition

Performing j-level wavelet packet decomposition on the fault current signal of a
cable can yield 2j sub-bands across different frequency intervals, ensuring the complete
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preservation of all information within the signal. Given that the energy distribution across
frequency bands in current signals often exhibits non-uniformity under different fault
conditions in cables, this uneven energy distribution can serve as a critical feature for
identifying various fault states. The specific implementation process is as follows:

Firstly, for the p-th frequency band sj
p(w) in the j-th layer, its amplitude at the discrete

sampling point q (q = 1, 2, · · · , Q, where Q is the number of sampling points for the cable
current signal) is defined as xj

p(w, q). Therefore, the energy of the frequency band sj
p(w)

can be determined by calculating the sum of the squares of the amplitudes at all sampling
points within this band. The specific expression is as follows (A1):

Ej
p =

∫ ∣∣∣sj
p(t)

∣∣∣2 Q

∑
q=1

∣∣∣xj
p(w, q)

∣∣∣2 (A1)

Here, Ej
p represents the energy of the p-th frequency band in the j-th layer, and xj

p(w, q)

is the amplitude of the signal sj
p(t) at the q-th sampling point. This expression effectively

calculates the total energy of the frequency band by summing the squares of the amplitudes
at all sampling points within the specific frequency band.

Secondly, the total energy of the entire current signal is constituted by the energy of all
layers j and all possible sub-frequency bands p within the corresponding layers, with the
expression given as follows (A2):

Etotal = ∑
j

2j−1

∑
p=0

Ej
p (A2)

Here, Etotal represents the total energy of the signal; 2j − 1 denotes the number of all
possible sub-frequency bands in the j-th layer. It is worth noting that the outer summation
symbol indicates traversing all j layers to calculate the sum of energies of all their sub-
frequency bands.

Finally, when there are other interference noises in the system, the energy of the signal
in a specific frequency band will be significantly affected.

Therefore, after calculating the total energy Etotal , both Etotal and the energy of each
sub-frequency band Ej

p can be utilized as features to describe the energy characteristic
distribution of the signal. To more comprehensively reflect the information of the j-th layer,
a feature vector T can be constructed to extract all the energy features in the signal, with
the feature vector expression given as follows (A3):

T =
[

E0
0, E1

1, · · · , Ej
2j−1

]
(A3)

In order to eliminate the influence of different magnitudes on the feature vector T, it is
normalized to obtain the feature vector T∆. Normalization can be achieved through the
following expression (A4).

T∆ =
T

∥T∥ (A4)

Here, ∥T∥ is the norm of the energy feature T.

Appendix A.2 Detailed Technical Details of SVM

This approach relaxes the margin criteria, allowing for some sample points and mis-
classified points within the margin. The value of L is determined based on the distance
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from the boundary, with L set to 0 for points outside the margin (correctly classified points).
Thus, L can be defined as follows (A5):

L =

{
0 i f yi(wTX + b) ≥ 1

1 − yi(wTX + b) i f yi(wTX + b) < 1
(A5)

Here, ω = (ω1, ω2, . . ., ωn) represents the normal vector (coefficients of the linear
equation), and b is the displacement term (constant in the linear equation). Then, the
objective function becomes (A6):

J = min
1
2

wTw + c
N

∑
i=1

max
{

0, 1 − yi(wTX + b)
}

(A6)

The first term in the objective function aims to maximize the margin, while the second
term aims to minimize the number of samples within the margin. Since a larger margin
results in more samples falling within it, these two objectives are contradictory. To address
this, a penalty factor constant C, greater than zero, is introduced to weigh the importance of
the penalty term against maximizing the margin, thereby reducing the risk of underfitting
caused by relaxed constraints. The value of C is determined empirically in advance and
specifies the relative importance of the two terms in the objective function; the optimal
value can be found through experimentation.

By introducing Lagrange multipliers into Equation (A6), we obtain the Lagrangian
function. Taking partial derivatives of this function yields the objective function and
constraints for the dual problem, as shown in (A7):

max
n
∑

i=1
ai −

1
2

n
∑

i=1

n
∑

j=1
aiajyiyjXT

i Xj

s.t.
n
∑

i=1
aiyi = 0, 0 ≤ ai ≤ c, i = 1, 2, . . . , n

(A7)

Since cable fault signals constitute a nonlinearly separable dataset, meaning that the
corresponding vectors in space cannot be separated by a hyperplane, SVM introduces the
concept of a kernel function to address this issue. The kernel function maps the data X into
a higher-dimensional space via a function φ, thereby rendering the data linearly separable.
However, after mapping, the dimensionality of the feature space becomes significantly
higher than that of the original space, making the computation of inner products extremely
challenging. To simplify computations in high-dimensional spaces, a kernel function
K(Xi, Xj) = ϕ(Xi)

Tϕ(Xj) is used to replace the inner product in the optimal separating
hyperplane. The resulting decision function after solving is given by (A8):

f (X) = wTϕ(X) + b =
n

∑
i=1

aiyiK(Xi, Xj) + b (A8)

In SVM, the Radial Basis Function (RBF) kernel is a commonly used kernel function
known for its excellent generalization ability, low computational complexity, and capability
to approximate any nonlinear function, making it typically more effective in handling
complex nonlinear problems. Therefore, for the needs of cable fault diagnosis, the RBF
kernel function is adopted as the kernel function for SVM, with its expression given as
follows (A9):

K(Xi, Xj) = exp(−
∣∣Xi − Xj

∣∣2
2σ2 ), g =

1
2σ2 (A9)

As the value of g in the kernel function decreases, the number of support vectors
increases, which may lead to overfitting; conversely, if g is too large, it becomes difficult to
distinguish between data points. Similarly, if the penalty factor C is too small, it can result



Processes 2025, 13, 2407 20 of 21

in underfitting, and if C is either too large or too small, the generalization ability of the
model will deteriorate. Therefore, the performance of the model heavily depends on the
selection of SVM parameters.
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