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Traditional fault diagnosis methods, such as Time-Domain Reflectometry and Frequency-Domain
Reflectometry, often struggle to handle complex fault signals and have limitations in accuracy and real-time
performance. This research aims to develop a more effective cable fault diagnosis model that combines wavelet
transform and fuzzy reasoning to improve detection accuracy and real-time performance. The proposed model
uses wavelet transform for multi-scale decomposition of fault signals, extracting high-frequency and low-
frequency features, while the fuzzy reasoning system classifies and diagnoses the fault signals based on a preset
rule base. Experimental results show that the model achieves high accuracy in identifying various fault types,
including short circuit, grounding, open circuit, and partial discharge, with a short circuit fault accuracy of
94.5% and an average diagnosis time of 0.8 seconds. The model also demonstrates strong robustness under
noise interference, maintaining over 90% classification accuracy even at a noise intensity of 20 dB. Compared
to traditional methods, the model excels in handling complex faults and multiple signals while maintaining high
noise resistance. Future research will focus on enhancing real-time performance, improving rule base design,
and expanding the model’s ability to handle multi-fault scenarios.
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List of Symbols/Acronyms

TDR - Time-Domain Reflectometry
FDR - Frequency-Domain Reflectometry
WT - Wavelet Transform

FIS - Fuzzy Inference System

SNR - Signal-to-Noise Ratio

SC - Short Circuit

GF - Ground Fault

OC - Open Circuit

PD - Partial Discharge

HFE - High-Frequency Energy

LFE - Low-Frequency Energy

X(t) - Original signal

v (1) - The complex conjugate of the mother wavelet

function.

a - Scale factor

b - Translation factor

W, (a,b) - Wavelet transform of the signal at scale aaa

and translation bbb
Cix - Wavelet transform coefficients

v, (t) - Wavelet function at different scales and

translations
X(t) - Denoised signal
d, - Denoised wavelet coefficients

A - Threshold parameter
1, (X) - Membership function of fuzzy set AAA
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X - Input variable in fuzzy logic

¢ - Center of the membership function
o - Spread of the membership function
y - Inference output in fuzzy logic

w; - Rule weight in fuzzy inference

z, - Output value of each fuzzy rule
1. INTRODUCTION

With the development of modern power systems,
underground cables are increasingly used in urban
power supply networks, and their safety and
reliability are directly related to the stable operation
of power systems. However, due to the deep burial
of underground cables, the location of faults is often
difficult to determine, greatly increasing the
complexity of fault diagnosis. Traditional fault
diagnosis methods such as TDR and FDR often have
limitations in dealing with complex cable fault
signals, as Laurie pointed out, including low
accuracy and poor real-time performance [1].
Therefore, there is an urgent need to develop new
fault diagnosis methods based on emerging
technologies.

Researchers ~ worldwide have  conducted
extensive studies on cable fault diagnosis
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techniques. In traditional methods, many scholars
have employed time-domain and frequency-domain
analysis to locate cable faults. However, the primary
issue with these methods is their suboptimal
performance when handling complex cable signals,
particularly nonlinear and non-stationary fault
signals. As pointed out by Feng and Kumar,
traditional methods often fall short in terms of
accuracy and efficiency, especially when dealing
with such intricate and dynamic fault characteristics
[2, 3].

In recent years, WT has been widely applied to
cable fault diagnosis [4]. Yan et al. and Wang
reviewed the use of WT in diagnosing rotating
machinery faults, emphasizing its unique advantages
in time-frequency analysis [5]. Similarly, Mo et al.
and Wang proposed a modified WT method based
on cyclic content ratio, significantly improving the
accuracy of bearing fault diagnosis [6, 7]. In cable
fault diagnosis, Zhang et al. and Xu introduced a
precise cable defect location method based on FDR,
which enhanced the accuracy of fault detection [8,
9].

In terms of fuzzy reasoning, Shao et al. and
Zhang employed intuitionistic fuzzy sets and
correlation matrices to propose a new power system
fault diagnosis method, demonstrating its
effectiveness in managing complex system faults
[10, 11]. In addition, Guo et al. utilized case-based
reasoning and fuzzy association rule mining
techniques in transformer fault diagnosis, achieving
promising results [12]. Liu et al. also reported
excellent results in related fault diagnoses [13].

Domestically, Wu et al. conducted online
monitoring of cable insulation by injecting chirp
signals and proposed a diagnostic method based on
resonance  frequency  analysis, significantly
enhancing fault detection sensitivity [14]. Feng et al.
introduced a decision support-based monitoring
method for mine cable fault diagnosis and validated
its effectiveness in the mining environment [15].
Huang et al. demonstrated the high efficiency of
wavelet packet transform in signal processing and
showed that WNN-based fault-tolerant diagnosis
methods perform well in analog circuit fault
diagnosis [16].

Despite  significant advancements, some
challenges persist. WT, as a time-frequency analysis
tool, effectively handles non-stationary signals and
has been widely applied in various signal processing
fields [17]. Meanwhile, FR plays a crucial role in
handling uncertain information and is essential for
cable fault classification. Combining WT with FR
not only facilitates the extraction of multi-scale
features from cable fault signals but also enables
intelligent fault diagnosis through fuzzy reasoning,
presenting a new solution for accurate cable fault
diagnosis. The integration of wavelet transform and
fuzzy reasoning offers a potential approach to
solving the aforementioned issues. Gubarevych et al.
systematically reviewed the methods for diagnosing
stator winding insulation in asynchronous motors

and proposed new approaches, which provide
valuable insights for cable fault diagnosis [18].
Therefore, the integration of WT and FR offers a
potential solution to address the shortcomings of
existing diagnostic methods and warrants further
exploration.

Based on the current state of research both
domestically and internationally, this paper aims to
diagnose cable faults using the combination of WT
and FR. WT is employed to decompose the multi-
scale features of cable fault signals, and related
features are extracted. A fuzzy logic-based fault
classification system is designed to tackle the
problem of fault type determination. By integrating
WT and FR, a comprehensive diagnostic model is
constructed and validated for its effectiveness in
real-world cable fault diagnosis. The research results
can provide technical support for the rapid location
and repair of cable faults, reduce grid maintenance
costs, and improve the operational efficiency of the
power system. Therefore, the proposed diagnostic
method has important practical application value for
fault management and maintenance optimization in
power systems.

The paper is organized as follows: the
introduction outlines the research background,
motivation, and key gaps. The theoretical foundation
explains the principles of wavelet transform and
fuzzy inference system. The methodology section
details the design and implementation of the
proposed model, followed by results and
performance evaluation through simulations.
Finally, the conclusion discusses challenges, future
improvements, and practical implications. While
laboratory results are promising, future work will
focus on enhancing real-time performance,
optimizing the rule base, and expanding diagnostic
capabilities for multi-fault scenarios in real-world
applications.

2. THEORETICAL FOUNDATION

2.1. Overview of Wavelet Transform Theory

2.1.1. Basic Concept of Wavelet Transform

The WT is a powerful mathematical tool for
signal analysis that decomposes a signal into various
frequency components, allowing the study of its
characteristics over time. Yan et al. highlighted that
WT effectively captures the time-frequency
characteristics of fault signals through multi-scale
decomposition [4]. The fundamental concept of WT
involves generating a series of wavelet functions by
translating and scaling a mother wavelet function.
These wavelets can analyze the local characteristics
of the signal at different scales, thereby detecting
local anomalies in fault signals.

The WT is mathematically expressed as shown in
equation (1).

w@b=[ 0y (e
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In this formula, x(t) isthe original signal, is the

mother wavelet function, a is the scale factor, b is
the translation factor, and y " (t) represents the

complex conjugate of the mother WT. Mo et al.
stated that this formula can decompose a signal into
different frequency components and time windows,
providing multidimensional information about cable
fault signals [6].

2.1.2. Basic Concept of Wavelet Transform

The key to WT lies in the selection of the wavelet
basis function. Different mother wavelets have
different time-frequency resolutions, so selecting the
appropriate wavelet basis function is crucial for
different types of signal processing. Mo et al. pointed
out that Haar wavelet and Daubechies wavelet are
two commonly used wavelet basis functions, with
the former being suitable for signals with sudden
changes and the latter being more appropriate for the
analysis of smooth signals [6]. By using these
wavelet basis functions, cable fault signals can be
effectively decomposed at multiple scales, extracting
features at different frequencies.

MRA is a key feature of WT, enabling the
analysis of both detailed and overall structures of a
signal at varying scales. The fundamental process of
MRA is expressed in formula (2).

X(t):ZZCJ’,kaj,k(t) 2)
jeZ kez

Among them, ¢, ~ represents the WT

coefficients, and y, (t) refers to the wavelet

functions at different scales and translations. This
process effectively separates different frequency
components of the cable fault signals, providing a
basis for precise fault location.

2.1.3. Application of Wavelet Transform in

Signal Processing

The WT is widely applied in signal processing,
particularly in fault signal feature extraction and
noise reduction. Qin et al. noted that in cable fault
diagnosis, WT can effectively detect abrupt changes
and frequency variations in fault signals, which are
often linked to physical damage in the cable [19]. By
decomposing the signal using WT, the exact timing
and frequency components of the fault can be
identified, allowing for the determination of the fault
type and severity.

The WT also provides significant advantages in
noise reduction. Hsueh et al. proposed that actual
cable fault signals are often accompanied by
substantial noise, particularly in  complex
electromagnetic environments. Through wavelet
threshold denoising techniques, noise can be
effectively removed while preserving the useful
information in the fault signal [20, 21]. This
denoising technique commonly employs soft or hard
thresholding, filtering the detail coefficients
obtained from wavelet decomposition by setting a

threshold, thereby achieving signal denoising. The
formula is given by (3).

X~ A, ifX,> 1
(t) =D d, -, (t),Where d.=1 X +4,ifx.< -1 (3)
‘ 0, otherwise
Among them, X(t) is the denoised signal, d,

represents the denoised wavelet coefficients, and 4
is the threshold parameter. This method can
significantly improve the SNR of cable fault signals.

2.2. Overview of Fuzzy Reasoning Theory
2.2.1. Basic Concept of Fuzzy Logic

Fuzzy logic is a mathematical method used to
deal with uncertainty and vagueness by introducing
the concept of membership degrees to represent the
fuzziness of things. Unlike classical binary logic,
fuzzy logic allows the value of a variable to
continuously vary between 0 and 1, which better
simulates the uncertainty present in the real world. In
fuzzy logic, the membership function defines the
degree to which an element belongs to a fuzzy set,
its formula is given by (4).

e p—
AN T e
1+(x 0)2 (4)
O
Among them, x represents the input variable, ¢

is the center of the membership function, and &
denotes the spread of the function. The core strength
of fuzzy logic lies in its ability to manage uncertainty
using fuzzy sets and rule-based reasoning, making it
highly applicable in complex areas such as cable
fault diagnosis.

2.2.2. Components of a Fuzzy Inference System

An FIS is composed of four main components:
fuzzification, a fuzzy rule base, an inference engine,
and defuzzification. These components work
together to transform inputs into outputs:

(1) Fuzzification: Converts the precise input data
into degrees of membership in fuzzy sets.

(2) Fuzzy Rule Base: Establishes relationships
between input and output using "if-then" rules.

(3) Inference Engine: Uses the fuzzy rule base to
perform fuzzy logic reasoning and generate
fuzzy outputs.

(4) Defuzzification: Converts the fuzzy outputs into

a clear decision or classification result.

Huo et al. emphasized that the fuzzy rule base
within the inference engine is critical to the
performance and diagnostic accuracy of the FIS, as
the design of the rule base significantly impacts the
system's effectiveness [22]. The inference process is
mathematically expressed by formula (5).

y=2wi-zi (5)

Among them, w; represents the rule weight, and
7, represents the output value of each rule.
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2.2.3. Application of Fuzzy Reasoning in

Uncertainty Problems

FIS can handle uncertainty in complex systems,
making them valuable for cable fault diagnosis.
Underground cables are subjected to various external
factors during operation, resulting in significant
uncertainty and noise in the signals, which increases
the difficulty of fault diagnosis.Traditional
deterministic methods typically require high input
accuracy and perform poorly when dealing with
fuzzy or uncertain signals. In contrast, FIS can
process uncertain information, enabling accurate
fault classification and decision-making even when
the input data is incomplete or noisy.

Wang et al. proposed that FIS can map various
fuzzy characteristics of cable fault signals into
membership degrees through fuzzification, allowing
fuzzy logic rules to classify these signals. In cases
where multiple fault types coexist or signals overlap,
the inference engine in FIS can effectively
distinguish between different fault types, ensuring
diagnostic accuracy [23]. This rule-based reasoning
mechanism gives the system strong robustness,
enabling it to handle overlapping fault types and
produce reasonable outputs even when the signal
input is unclear. Fuzzy inference systems can also be
integrated with other intelligent algorithms, such as
neural networks or genetic algorithms, to further
enhance their ability to deal with uncertainty.
Therefore, FIS has unique advantages in cable fault
diagnosis, particularly in handling uncertainty
problems. Their flexibility, robustness, and
scalability make them suitable for complex cable
fault environments, providing strong support for
fault diagnosis.

2.3. Integration of Wavelet Transform and
Fuzzy Reasoning in Cable Fault Diagnosis

2.3.1. Application of Wavelet Transform in Fault

Feature Extraction

In cable fault diagnosis, WT effectively extracts
key features from fault signals, particularly high-
frequency transient signals. WT can decompose the
cable fault signal into detail coefficients of different
frequencies, helping identify local anomalies in the
fault signal. Using multi-resolution analysis, WT
separates frequency components at varying scales,
enabling precise fault localization by identifying the
position of the fault.

By comparing the different wavelet basis
functions in Table 1, the most suitable wavelet basis
function for the characteristics of cable fault signals
can be selected to optimize the diagnostic process.

2.3.2. Application of Fuzzy Inference System in
Fault Classification
The FIS effectively handles the fuzziness and
uncertainty of signals in fault classification. After
WT extracts the relevant features, the FIS classifies
the fault types based on these features. Through the
establishment of a reasonable fuzzy rule base, fuzzy

inference can accurately determine the fault category
even when faced with multiple fault characteristics.
The inference rules can be expressed by formula (6).
IF x is A and x,is A,,y is B (6)

Among them, A , A represents the fuzzy set of

the input signal, and B represents the output fault
category.

Table 1. The effect of wavelet basis functions in fault
feature extraction

Wavelet

basis Applicable Advantages Disadvantages
functi range
unction
Signals
Haar with Simple Poor
sudden computation smoothness
changes
General High
Daubechies fault Good computational
. smoothness -
signals complexity
Symmetric Strong signal ngh_
Symlets sionals recovery computational
Y capability complexity

2.3.3. Advantages of Combining Wavelet

Transform and Fuzzy Inference

The integration of WT and FIS significantly
enhances the accuracy and real-time performance of
cable fault diagnosis. WT is used to extract multi-
scale features of fault signals, while the fuzzy
inference system utilizes these features for
intelligent fault classification. This combination not
only handles complex non-stationary signals but also
addresses uncertainty through fuzzy reasoning,
resulting in highly accurate fault diagnosis.

3. ANALYSIS OF THE CURRENT STATUS
OF CABLE FAULT DIAGNOSIS

3.1. Types and Characteristics of Cable Faults

Cable faults are common issues in power
systems, particularly in underground cables where
the complex installation environment and
maintenance challenges make fault detection and
diagnosis especially important. To effectively
classify and locate faults, it is crucial to understand
the types of faults and the characteristics of their
signals.

3.1.1. Main Types of Cable Faults
The common types of underground cable faults
can be categorized as follows, as shown in Table 2.

Table 2. Common fault types of underground cables

Fault type  Characteristics Signal properties
High current  Instantaneous high-

SC :
surge frequency signals
Conductor Slow signal changes
GF
breakage
Conductor-to- Low-frequency
oC
ground contact components
PD Insulation Weak signals,

breakdown sporadic discharge




DIAGNOSTYKA, Vol. 26, No. 2 (2025) 5
Liu Y.: Wavelet transform and fuzzy reasoning for underground power cable fault diagnosis

From Table 2, it is evident that SC faults occur
when the conductive parts of the cable come into
contact with the ground or adjacent conductors. This
results in a sudden surge in current, producing strong
fault signals that typically manifest as transient high-
frequency components. OC faults, on the other hand,
are caused by a break in the cable conductor,
preventing current flow. These faults usually lead to
gradual signal changes without significant current
fluctuations, making them harder to detect. GF
occurs when the cable conductor directly contacts
the ground, forming a ground current. These faults
are characterized by distinct low-frequency
components, often accompanied by increased cable
temperature and current fluctuations. PD faults are
caused by small arc discharges due to defects in the
cable's internal insulation layer. This type of fault is
often difficult to detect in its early stages, as the
signal is relatively weak, but prolonged
accumulation can lead to more severe faults.

3.1.2. Characteristics of Cable Fault Signals

Each type of cable fault generates distinct signal
characteristics, and these signal features exhibit clear
differences in both the time domain and frequency
domain. The characteristics are illustrated in Fig. 1.

Short Circuit Fault Signal

0.0 0.2 0.4 0.6 0.8 1.0

Open Circuit Fault Signal

0.0 0.2 04 0.6 0.8 10
Time (s}

Ground Fault Signal

0.0 0.2 0.4 0.6 0.8 10
Time (s)

Partial Discharge Fault Signal

o

o
>

Amplitude

L
o

0.0 0.2 0.4 0.6 0.8 10
Time (s}

Fig. 1. Time domain waveform of cable fault signal

Fig. 1 illustrates the typical time-domain
waveforms of various cable faults. These waveforms
display distinct differences in pulses, frequency, and
amplitude under different fault conditions, providing
a foundation for accurately identifying fault types.
(1) SC: Triggered by a sudden surge in current, the

waveform of an SC contains prominent spikes,

manifesting as transient high-frequency pulses in
the time domain.

(2) OC: The waveform of an OC is relatively
smooth, lacking significant high-frequency
components.

GF: GF signals exhibit sustained low-frequency
oscillations, reflecting the stable flow of ground
current.

PD: The waveform of a PD typically consists of
irregular small pulses caused by minor arc
discharges within the cable’s insulation layer.
These distinct waveform characteristics are

critical for accurately diagnosing and categorizing
cable faults. Table 3 summarizes these signal
characteristics, highlighting the different analysis
methods required for diagnosis. For instance,
detecting high-frequency pulse signals is key for SC,
while for PD, the detection system must exhibit high
sensitivity to capture weak discharge signals.
Extracting these signal features not only aids in
identifying fault types but also helps in fault
localization, providing crucial information for
repairs. By analyzing these fault signals and
integrating WT and FIS, cable faults can be more
precisely identified, and fault classification and
localization can be effectively achieved based on the
signal characteristics.

Table 3. Summary of characteristics of cable fault signals

. . Frequency
Fault type ;:rrllggcteris?ig;n *" domain
characteristics
sC Sharp peaks High-frequency
components
GF Gradual changes Low-frequency,
smooth signal
Continuous low-  Strong low-
ocC frequency frequency
oscillation components
. Sporadic  high-
PD Small, irregular frequency
pulses
components

3.2. Traditional Cable Fault Diagnosis Methods

3.2.1. Time-Domain Analysis Method

The time-domain analysis method primarily
diagnoses faults by analyzing the variation of cable
fault signals over time. One of the most commonly
used time-domain methods is TDR. The basic
principle of TDR is to inject a pulse signal into the
cable and monitor the arrival time and amplitude of
the reflected wave to determine the location and type
of fault. TDR is highly effective in precisely locating
common faults such as SC and OC and is particularly
suitable for medium- to short-distance cable fault
detection.

The typical workflow of TDR is as follows:

(1) Inject a known pulse signal into the cable.

(2) Detect the signal traveling along the cable and
identify the reflected wave after the fault occurs.

(3) Calculate the fault distance based on the time
delay of the reflected wave.

Although the time-domain analysis method
allows quick diagnosis of cable faults, its sensitivity
to complex fault types is relatively low. It struggles
to differentiate overlapping signals in the presence of
multiple fault sources. Moreover, TDR is highly
sensitive to high-frequency noise and can be easily
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affected by external interference, which may reduce
the accuracy of the diagnostic results.

3.2.2. Frequency-Domain Analysis Method

The  frequency-domain  analysis  method
diagnoses cable faults by analyzing changes in the
frequency domain of fault signals. The most widely
used frequency-domain method is FDR. The basic
principle of FDR is to inject a series of sine waves
with different frequencies into the cable and monitor
the frequency response of the reflected waves to
identify faults. FDR has higher accuracy in
identifying multiple fault types, especially for long-
distance cable fault detection.

The key difference between FDR and TDR is that
FDR analyzes cable characteristics using frequency
signals, making it more suitable for handling fault
signals with complex frequency components. The
specific workflow of FDR is as follows:

(1) Inject signals with different frequencies into the
cable.

(2) Detect changes in the frequency response,
particularly in amplitude and phase.

(3) Identify fault location and type through
discontinuities in the frequency domain.

3.3. Limitations of Current Cable Fault

Diagnosis Technologies

Despite significant advancements in cable fault
diagnosis technologies, several limitations persist.
First, in terms of diagnostic accuracy, traditional
methods like TDR and FDR perform poorly when
dealing with complex signals. TDR relies on
reflected signals, and when the signal attenuation is
high or subject to noise interference, the localization
accuracy decreases significantly. While FDR is more
sensitive to high-frequency signals, it is less accurate
when dealing with low-frequency fault signals.
Additionally, intelligent diagnostic methods offer
certain advantages in handling complex fault signals
but depend heavily on large amounts of training data.
Misdiagnosis may occur when data is insufficient.

Another major limitation is diagnostic speed. The
signal propagation and reflection processes in both
TDR and FDR introduce delays, leading to poor real-
time performance, particularly in long-distance cable
scenarios. Furthermore, when multiple faults coexist
or signals overlap, both methods struggle to
effectively differentiate between fault sources,
further limiting their diagnostic efficiency.

Based on the information in Table 4, current
cable fault diagnosis technologies require significant
advancements in both diagnostic accuracy and real-
time performance. In particular, the development of
robust algorithms is essential to effectively manage
complex, multi-fault signals, ensuring precise fault
identification and localization in challenging
scenarios.

Table 4. Limitations of cable fault diagnosis
technologies

. . - Slow Limited
Diagnosis  Insufficient . .
diagnosis complex fault
method accuracy -
speed handling
. Long Difficult to
Signal . P
- propagation distinguish
attenuation, - -
TDR - time, poor multiple
noise - ;
. real-time faults, noise-
interference .
response sensitive
Weak fault
Poor . .
accurac High signals
Yy computational difficult to
FDR for low- .
complexity, detect, severe
frequency :
h slow response signal
signals -
attenuation
Relies on
Ia_rg_e Long training Poor
. training - L
Intelligent data and inference  generalization,
Diagnosis ’ time, slower struggles with
accuracy -
Methods - real-time new or
drops with : -
. L diagnosis complex faults
insufficient
data

4. CABLE FAULT DIAGNOSIS BASED ON
WAVELET TRANSFORM AND FUZZY
INFERENCE

4.1. Model Design Framework

4.1.1. Wavelet Transform Feature Extraction

Module

The primary function of the WT feature
extraction module is to decompose cable fault
signals and extract their time-frequency
characteristics. WT can effectively handle the non-
stationary components in cable fault signals and
capture the local details of the fault signals through
multi-scale analysis.

The specific steps of feature extraction include:
Step 1: Decompose the fault signal using WT to

obtain coefficients at different scales.

Step 2: Select an appropriate wavelet basis function
to ensure that useful fault features are extracted.

Step 3: Identify the key information of the fault
signal based on the energy characteristics of
different frequency bands.

After feature extraction, common fault types
exhibit significant differences across different
scales. This multi-scale analysis enables clearer
detection of the characteristic information when
faults occur. Table 5 demonstrates the effectiveness
of different wavelet basis functions in fault feature
extraction.

By utilizing WT, features such as sudden spikes
in SC faults or subtle variations in PD signals can be
extracted with high accuracy. These extracted
features provide a robust foundation for subsequent
classification and diagnosis processes.

4.1.2. Fuzzy Inference Fault Classification
Module
The FIS fault classification module is designed
for intelligent classification of the features extracted
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by WT. This module relies on a fuzzy logic system
to fuzzify the input feature signals and infer and
determine the fault type through a pre-set fuzzy rule
base.

Table 5. The effectiveness of different wavelet basis
functions in fault feature extraction

Wavelet Performance in

: . SuiTab fault
basis fault signal tvnes
function analysis yp
Good at detecting Short circuit
Haar
abrupt changes faults
Provides smooth
. - General fault
Daubechies signal

. detection
representation

Symmetrical, good  Ground and open
for reconstruction circuit faults

Symlets

The FIS operates through the following steps:
Step 1: Fuzzification: The input feature signals are

converted into membership degrees and

represented using fuzzy sets.

Step 2: Fuzzy Rule Base: "If-Then" rules are set
based on the feature signals, with the rule base
containing the characteristics of various faults
and corresponding classifications.

Step 3: Inference: Fuzzy logic is used to infer the
fault type by processing the signals through the
fuzzy rule base.

Step 4. Defuzzification: The fuzzy output is
converted into a specific fault category,
providing a clear diagnostic result.

This process enables the FIS to handle complex
and uncertain fault signals effectively, leveraging
fuzzy rules to intelligently classify faults and
accurately determine fault types and locations.

In summary, the cable fault diagnosis model,
which integrates WT and FIS, functions through two
collaborative components: feature extraction and
intelligent reasoning. This approach improves fault
detection accuracy and efficiency, making it
particularly suitable for handling complex and multi-
type cable fault signals.

4.2. Model Construction and Implementation

4.2.1. Selection and Optimization of Wavelet

Transform Parameters

The selection of the wavelet basis function must
be optimized based on the characteristics of the
signal, as different wavelet basis functions yield
varying performances for different types of fault
signals. Additionally, the decomposition level of WT
should be carefully determined according to the
frequency characteristics of the signal. Excessive
decomposition levels may lead to increased
computational complexity, while too few levels may
result in the loss of critical fault signal information.
Therefore, the choice of wavelet function is a critical
factor in optimizing the model. Table 6 outlines the
wavelet functions selected for this study, along with
their respective advantages and disadvantages.

By optimizing the wavelet function and setting
an appropriate number of decomposition levels, the
model ensures that key features of the fault signal are
effectively captured while maintaining
computational efficiency.

Table 6. Selection and optimization of wavelet basis
function parameters

Wavelet Suitable fault
basis Advantages  Disadvantages
- types
function
Haar csr:fndeens Simple Poor
9es computation smoothness
(short circuit)
Good at Hiaher
Daubechi  General fault multi- ghe
. - computational
es detection resolution -
- complexity
analysis
Symmetric,
Co_mplex good for High
Symlets signal . .
reconstruction detailed complexity
analysis

4.2.2. Design of the Fuzzy Inference Rule Base

The core of the FIS lies in the design of its rule
base. By constructing a well-defined "If-Then" rule
base, the system classifies faults based on the
features extracted through WT. Each rule is built
upon the fuzzified characteristics of the input signal
and is represented using membership functions. The
membership degree determines the extent to which
the input signal belongs to various fuzzy sets.

The principles for designing the fuzzy inference
rule base include simplicity of the rules and full
coverage of the fault categories.

The rule base in this study is designed according
to different fault characteristics such as signal
frequency, energy distribution, and abrupt changes.
Using fuzzy sets and the rule base, these
characteristics are classified to determine the fault
type.

(1) Input Variables and Fuzzy Sets:

The input variables for the FIS are derived from
the features extracted by WT, which include HFE,
LFE, and the signal variation rate. Each input
variable is assigned to corresponding fuzzy sets,
represented by membership functions. Table 7
presents the input variables and their associated
fuzzy sets.

Table 7. Input variables and their related fuzzy sets

Input variable Fuzzy sets
HFE Low, medium, high
LFE Low, medium, high

Signal variation rate Slow, moderate, fast

(2) Rule Base Design

Based on the previously mentioned input
variables, a set of rules has been established in the
rule base to infer fault types. These rules leverage the
fuzzy sets of HFE, LFE, and signal variation rate to
classify different types of cable faults. The FIS
utilizes these rules to analyze the input features and
make accurate decisions regarding the fault type.
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Based on the rules outlined in Table 8, the
classification of fault types follows logical
reasoning: If HFE is high and the signal variation
rate is fast, the fault is likely a SC. If LFE is high and
the signal variation rate is slow, the fault is likely a
GF. If HFE is low and LFE is high, the fault is
classified as an OC. If both HFE and LFE are
moderate, and the signal variation rate is also
moderate, the fault is identified as a PD. These rules
guide the FIS in reasoning over the input fuzzified
signals, producing a fuzzy output that indicates the
fault type.

Table 8. Fuzzy inference rule base design

. Output
Input conditions condition
If high-frequency energy is high and
. . SC
signal change rate is fast
If low-frequency energy is high and
- - GF
signal change rate is slow
If high-frequency energy is low and oc

low-frequency energy is high
If both high-frequency energy and
low-frequency energy are medium and PD
signal change rate is moderate

(3) Defuzzification:

The fuzzy output generated by the inference
process is subsequently processed through
defuzzification. This step converts the fuzzy output
into a precise fault category, ultimately delivering
specific diagnostic results, such as SC, GF, OC, or
PD. Defuzzification ensures that the final output is
actionable and provides clear fault classification for
further analysis or repair.

4.2.3. Model Operation Process and Algorithm

Description

In the cable fault diagnosis model based on WT
and FIS, the operation process and algorithm
description involve five primary steps, from signal
acquisition to the final fault diagnosis output. Each
step encompasses algorithmic operations that
transform cable fault signals into accurate diagnostic
results. The detailed workflow is as follows:

Step 1: Signal Acquisition

Real-time fault signals are collected from
underground cables using sensors. These signals
typically contain noise and interference across
multiple frequency bands, necessitating
preprocessing and feature extraction in subsequent
steps.

Step 2: WT Feature Extraction

After preprocessing, WT is applied to decompose
the signal, enabling simultaneous analysis in the time
and frequency domains. The specific algorithm
involves:

Selecting an appropriate wavelet basis function
based on signal characteristics.

Performing multi-scale decomposition to extract
coefficients across different frequency bands.

Extracting key features from the decomposed
signal, including HFE, LFE, and signal variation
rate.

Step 3: Fuzzification

Features extracted via WT are input into the FIS
for processing. The fuzzification process includes:

Membership function selection: Converting the
feature values into fuzzy sets using predefined
membership functions.

Assigning HFE, LFE, and signal variation rate to
their corresponding fuzzy sets.

Fuzzify the feature data by converting precise
values into fuzzy membership degrees.

Step 4: Fuzzy Reasoning

The FIS classifies the fuzzified signal features
using predefined rules in the fuzzy rule base. The
reasoning process involves:

Matching the fuzzy inputs with rules in the rule
base.

Use the fuzzy inference engine to reason through
the matched rules and get a fuzzy output.

Step 5: Defuzzification

The output of the fuzzy reasoning system is
fuzzy, so the defuzzification step converts the fuzzy
output into a clear fault classification result. The
commonly used defuzzification method is the
centroid method, as described by formula (7).

B Ix~,u(x)dx

d j u(x)dx

Defuzzification transforms the fuzzy inference
results into precise fault classifications.

Step 6: Fault Diagnosis Output

The defuzzified results provide the final fault
type output. Based on these results, the system
identifies the specific type of cable fault (SC, GF,
OC, or PD) and offers corresponding fault locations
and suggested remedial measures.

The complete process, integrating WT for signal
processing and FIS for fault classification, allows for
efficient diagnosis of complex fault signals. The
system enhances diagnostic accuracy and real-time
performance, particularly in cases of multiple fault

types.

U]

4.3. Model Validation and Performance

Evaluation

To validate the effectiveness and performance of
the cable fault diagnosis model based on WT and
fuzzy inference, a simulation analysis was conducted
using an experimental dataset. The model ' s
performance was compared to traditional fault
diagnosis methods in terms of accuracy, diagnostic
speed, and the ability to handle complex faults.

4.3.1. Experimental Dataset Overview

The experimental dataset was used to evaluate
the model's performance. The dataset contains real
and simulated signals from different cable fault
scenarios, including:
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High-frequency transient signals during cable
short circuits.

Low-frequency signals when the cable wire is
broken.

Low-frequency, stable fluctuation signals
generated when the conductor comes into contact
with the ground.

PD signals in the cable insulation are
characterized by irregular high-frequency pulses,
often indicative of minor arc discharges within the
insulation material. These signals are subtle and
sporadic, requiring precise detection methods.

After collecting the fault signals, WT was
applied for decomposition to extract features such as
HFE, LFE, and signal variation rate. These extracted
features served as the input for subsequent fuzzy
inference and fault classification processes, ensuring
an accurate diagnosis of fault types.

The dataset scale is shown in Table 9.

Table 9. Dataset size

Metric Value
Sampling frequency 1000 Hz
Number of short circuit samples 2000
Number of ground fault samples 2000
Number of open circuit samples 2000
Number of partial discharge samples 2000
Signal duration per sample 2 seconds

4.3.2. Simulation Results Analysis

The simulation results evaluate the performance
of the proposed model, highlighting its accuracy and
classification efficiency when applied to different
fault types. The combination of WT and FIS
demonstrates significant improvements in fault
identification and classification. The key simulation
outcomes are summarized in Table 10.

Table 10. Simulation results summary

Faul  Accur Diagnosis Noise resistance

t acy speed accuracy (at 20 dB,
type (%) (seconds) %)
SC 94.5 0.8 92.0
GF 92.8 0.8 90.5
oC 91.2 0.8 90.1
PD 89.6 0.8 91.0

4.3.3. Simulation Results Analysis Translation
According to Table 10, the model achieves an
accuracy of 94.5% for short-circuit faults, 92.8% for
ground faults, 91.2% for open-circuit faults, and
89.6% for partial discharge faults. These high
accuracy rates can be attributed to the WT's ability
to effectively extract both high-frequency and low-
frequency signal features, while the FIS handles the
uncertainties within these features, enabling efficient
classification. The model's average diagnosis time
for each fault classification is 0.8 seconds, making it

highly suitable for rapid fault location. The
combination of WT's multi-scale analysis and the
FIS's efficient classification mechanism allows the
model to maintain a quick response time, even under
complex signal conditions. Furthermore, the model
demonstrates strong robustness against noise
interference. When the noise intensity reaches 20
dB, the classification accuracy for short-circuit faults
remains at 92.0%, for ground faults at 90.5%, for
open-circuit faults at 90.1%, and for partial
discharge faults at 91.0%, all maintaining high levels
of performance.

The simulation results highlight that the
proposed model excels in accuracy, real-time
performance, and noise resistance, making it well-
suited for practical applications in real-world cable
fault diagnosis scenarios.

4.3.4. Comparison with Traditional Methods

To assess the advantages of the proposed model,
this study compares the WT and FIS-based fault
diagnosis method with traditional TDR and FDR
techniques. The comparison criteria include
diagnostic accuracy, diagnostic speed, and the ability
to handle complex faults.

According to Table 11, the proposed model
outperforms traditional methods in all key
indicators. Thanks to the multi-scale feature
extraction capabilities of WT and the efficient
classification of FIS, the diagnostic accuracy of the
model is significantly higher than that of TDR and
FDR methods. The average diagnosis time of 0.8
seconds is notably faster than the traditional
methods, providing a clear advantage in real-time
fault detection. In terms of handling complex faults,
the FIS can process complex and uncertain fault
signals, giving the model enhanced diagnostic
capabilities, especially when multiple fault signals
are present. The experimental results further
demonstrate that the model exhibits strong noise
resistance, whereas traditional methods suffer a
significant decline in diagnostic accuracy under
noise interference.

Table 11. Comparison of methods

Diagnosis  Diagnosis Complex Noise
Method fault .
accuracy speed handling resistance
Proposed 0.8 . .
method 91.0% seconds High High
15
0,
TDR 85.5% seconds Low Low
FDR 87.2% 1.3 Medium Medium
seconds

Through this comparative analysis, it is evident
that the proposed WT and FIS-based cable fault
diagnosis model provides significant improvements
in all aspects of fault detection performance,
particularly in diagnostic accuracy, speed, and
robustness to noise.
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5. CHALLENGES IN CABLE FAULT
DIAGNOSIS BASED ON WAVELET
TRANSFORM AND FUZZY INFERENCE

5.1. Limitations in Data Collection and

Processing

In cable fault diagnosis, the quality and accuracy
of data collection directly affect the diagnostic
effectiveness of the model. However, in complex
cable environments, signal collection is often
susceptible to noise interference, such as
electromagnetic interference and environmental
noise, which can obscure or distort fault signals.
Additionally, for long-distance cables or cables
buried deep underground, the sensitivity of the
collection equipment may be limited, affecting the
accuracy of signal collection. Therefore, obtaining
high-quality fault signals in complex external
environments remains a significant challenge in data
collection.

5.2. Complexity in Fuzzy Inference System Rule

Design

The FIS relies on a rule base for fault
classification, and the process of designing the rule
base is often highly complex. Each fault type rule
needs to be defined based on a large amount of
experimental data, especially when dealing with
multiple fault types and complex fault signals. The
design and maintenance of the rule base can become
challenging. Moreover, as the number and
complexity of fuzzy rules increase with more fault
types, the inference process may slow down, and rule
conflicts may arise in practical applications.
Therefore, simplifying and optimizing the design of
the rule base is a challenge for fuzzy inference
systems.

5.3. Real-time and Computational Efficiency

Issues

Although the WT and FIS-based model offers
high diagnostic accuracy, there are still challenges
concerning real-time performance and
computational efficiency. The multi-scale analysis
performed by the WT requires frequent signal
decomposition and reconstruction, which increases
computational complexity, especially when dealing
with long-duration or high-frequency sampled
signals. This can lead to extended processing times.
Additionally, the fuzzy inference system, when
processing a large number of fuzzy rules, can also
experience extended inference times, particularly
when the rule base is extensive. Therefore,
improving the computational efficiency of the model
to meet real-time fault diagnosis requirements
remains a key issue.

5.4. Model Optimization
5.4.1. Wavelet Transform Parameter

Optimization Strategy

To address the issues of diagnostic accuracy,
real-time  performance, and  computational
efficiency, further optimization of the model is
necessary. The performance of WT is highly
dependent on the selection of the wavelet basis
function and the number of decomposition layers.
Optimizing the selection of wavelet basis functions
can improve the precision of feature extraction.
Automated selection of wavelet basis functions or
using adaptive wavelet transform techniques can
better adapt to different types of fault signals.
Determining  the  appropriate  number  of
decomposition layers can reduce computational load
and improve  processing  speed  without
compromising the quality of feature extraction.

5.4.2. Intelligent Improvement of the Fuzzy

Inference System

To reduce the complexity of rule base design,
intelligent fuzzy rule generation methods can be
introduced. By using machine learning algorithms to
automatically generate the fuzzy rule base, the need
for human intervention can be significantly reduced,
enhancing the system's adaptability. Genetic
algorithms or neural networks can optimize fuzzy
rules, dynamically generating and updating the rules
based on historical data, reducing rule conflicts, and
improving the efficiency of the inference process.

6. CONCLUSION AND OUTLOOK

This study presents an efficient cable fault
diagnosis model based on WT and FIS, achieving
intelligent classification and rapid fault diagnosis.
Using WT, the model extracts HFE and LFE
features, while FIS addresses the limitations of
traditional methods in handling complex and
uncertain signals. Experimental results show the
model achieves 94.5% accuracy for SC faults and an
average diagnosis speed of 0.8 seconds. Compared
to traditional TDR and FDR, with slower speeds of
1.5 and 1.3 seconds and lower accuracy, the
proposed method performs significantly better in
accuracy, speed, and handling complex fault
scenarios.

The proposed method also shows high noise
resistance and robustness under multi-fault
conditions, outperforming TDR (low noise
resistance and weak fault handling) and FDR
(medium performance). These results highlight the
advantages of integrating WT and FIS for precise
and efficient cable fault diagnosis.

Despite these promising results, challenges
remain. The next steps of this study will focus on
expanding the model's diagnostic capability in multi-
fault and dynamic environments, improving real-
time performance, and enhancing signal collection
accuracy, especially under severe noise conditions.



DIAGNOSTYKA, Vol. 26, No. 2 (2025) 11
Liu Y.: Wavelet transform and fuzzy reasoning for underground power cable fault diagnosis

Future work will also explore integrating advanced
algorithms, such as machine learning or deep
learning, to optimize the rule base and enable
adaptive diagnostics. Additionally, efforts will be
directed toward validating the model in large-scale
engineering applications and exploring its scalability
for more complex power systems. This study
provides a solid foundation for further research and
engineering advancements in cable fault diagnosis.

Source of funding: This research received no external

funding.

Declaration of competing interest: The author declares

no conflict of interest.

REFERENCES

1.

Laurie N, Steele JA, Chatterton W. Low-voltage
underground power cables; ac-driven corrosion and its
remediation. IEEE Electrical Insulation Conference
(EIC), 2023;1-4.
https://doi.org/10.1109/E1C55835.2023.10177319
Chen F, Yang M, Zeng XJ, Chen P. Mine cable
insulation double-end synchronous monitoring with
5G transmission technology. 2020 IEEE Student
Conference on Electric Machines and Systems
(SCEMS). 2020;1025-1030.
https://doi.org/10.1109/SCEMS48876.2020.9352433
Kumar H, Kauhaniemi K, Elmusrati M, Shafiq M.
Emerging technologies based use case development
for condition monitoring and predictive maintenance
of MV cables. 2023 IEEE PES Innovative Smart Grid
Technologies Latin America (ISGT-LA). 2023; 180-
184. https://doi.org/10.1109/ISGT-
LA56058.2023.10328309

Yan R, Shang Z, Xu H, Wen J, Zhao Z, Chen X, Gao
R. Wavelet transform for rotary machine fault
diagnosis: 10 years revisited. Mechanical Systems and
Signal Processing. 2023;200:110545.
https://doi.org/10.1016/j.ymssp.2023.110545

Wang YC, Tao F, Zuo Y, Zhang M, Qi QL. Digital
twin enhanced fault diagnosis reasoning for autoclave.
Journal of Intelligent Manufacturing 2024; 35(6):
2913-2928. https://doi.org/10.1007/s10845-023-
02174-5

Mo Z, Zhang H, Shen Y, Wang J, Fu H, Miao Q.
Conditional empirical wavelet transform with
modified ratio of cyclic content for bearing fault
diagnosis. ISA Transactions. 2023; 133: 597-611.
https://doi.org/10.1016/j.isatra.2022.06.027

Wang T, Wei XG, Wang J, Huang T, Peng H, Song
XX, Valencia-Cabrera L, Perez-Jimenez MJ. A
weighted corrective fuzzy reasoning spiking neural p
system for fault diagnosis in power systems with
variable topologies. Engineering Applications of
Atrtificial Intelligence.  2020; 92:  103680.
https://doi.org/10.1016/j.engappai.2020.103680
Zhang GX, Zhang W, Xu Z. Accurate localisation of
power cable defects based on frequency-domain
reflectometry. Insight. 2019; 61(9): 515-520.
https://doi.org/10.1784/insi.2019.61.9.515

Xu B, Yin X, Yin XG, Wang YK, Pang S. Fault
diagnosis of power systems based on temporal
constrained fuzzy petri nets. IEEE Access. 2019; 7:
101895-101904.
https://doi.org/10.1109/ACCESS.2019.2930545

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Shao N, Chen Q, Dong YZ, Ding W, Wang L. Power
system fault diagnosis method based on intuitionistic
fuzzy sets and incidence matrices. IEEE Transactions
on Power Delivery. 2023;38(6):3924-3938.
https://doi.org/10.1109/TPWRD.2023.3294883.
Zhang TS, Zhi HY. A fuzzy set theory-based fast fault
diagnosis approach for rotators of induction motors.
Mathematical Biosciences and Engineering. 2023;
20(5):9268-9287.
https://doi.org/10.3934/mbe.2023406

Guo CX, Wang B, Wu ZY, Ren M, He YF, Albarracin
R, Dong M. Transformer failure diagnosis using fuzzy
association rule mining combined with case-based
reasoning. IET Generation Transmission and
Distribution. 2020;14(11):2202-2208.
https://doi.org/10.1049/iet-gtd.2019.1423

Liu W, Li S, Chen M, Fang Y, Cha L, Wang Z. Fault
diagnosis for attitude sensors based on analytical
redundancy and wavelet transform. 2020 Chinese
Automation Congress (CAC). 2020; 6471-6476.
https://doi.org/10.1109/CAC51589.2020.9327370
Wu Y, Yang YY, Lin QQ, Zhang QH, Zhang PJ.
Online monitoring for underground power cable
insulation based on resonance frequency analysis
under chirp signal injection. IEEE Transactions on
Industrial Electronics. 2023; 70(2): 1961-1972.
https://doi.org/10.1109/T1E.2022.3159922

Feng C, Ye PF, Sun YY, Li JR, Zang XY, Sun CH.
Decision-making method for mine cable insulation
monitoring and grounding fault diagnosis. Processes.
2023; 11(3): 795. https://doi.org/10.3390/pr11030795
Huang H, Ren S, Yang N. WNN tolerance fault
diagnosis for analog circuits based on wavelet packet
transform features. 2018 7th International Conference
on Advanced Materials and Computer Science
(ICAMCS). 2019;260-264.
https://doi.org/10.23977/icamcs.2018.048

Gong X, Wang N, Zhang Y, Yin S, Wang M, Wu G.
Fault diagnosis of micro grid inverter based on wavelet
transform and probabilistic neural  network.
Proceedings of the 39th Chinese Control Conference
(CCC). 2020;4078-4082.
https://doi.org/10.23919/CCC50068.2020.9188646
Gubarevych O, Goolak S, Golubieva S.
Systematization and selection of methods for
diagnosing the stator windings insulation of
asynchronous motors. Revue Roumaine Des Sciences
Techniques — Série Electrotechnique Et Energétique.
2022;67(4):445-450.__ https://journal.iem.pub.ro/rrst-
eefarticle/view/175

Qin C, Wang D, Xu Z, Tang G. Improved empirical
wavelet transform for compound weak bearing fault
diagnosis with acoustic signals. Applied Sciences-
Basel. 2020;10(2):682.
https://doi.org/10.3390/app10020682

Hsueh YM, lIttangihal VR, Wu WB, Chang HC, Kuo
CC. Fault diagnosis system for induction motors by
CNN using empirical wavelet transform. Symmetry-
Basel. 2019;11(10):1212.
https://doi.org/10.3390/sym11101212

Adeniran AO, Olabisi O, Akankpo AO, Umoren EB,
Udo KI, Oliver OA, Agbasi EO. Modelling and
comparative analysis of inductively coupled circular
and square loop wireless power transfer at Uhf Band
for automobile charging. Acta Electronica Malaysia.
2023;7(1):08-14.
http://doi.org/10.26480/aem.01.2023.08.14



https://doi.org/10.1109/EIC55835.2023.10177319
https://doi.org/10.1109/SCEMS48876.2020.9352433
https://doi.org/10.1109/ISGT-LA56058.2023.10328309
https://doi.org/10.1109/ISGT-LA56058.2023.10328309
https://doi.org/10.1016/j.ymssp.2023.110545
https://doi.org/10.1007/s10845-023-02174-5
https://doi.org/10.1007/s10845-023-02174-5
https://doi.org/10.1016/j.isatra.2022.06.027
https://doi.org/10.1016/j.engappai.2020.103680
https://doi.org/10.1784/insi.2019.61.9.515
https://doi.org/10.1109/ACCESS.2019.2930545
https://doi.org/10.1109/TPWRD.2023.3294883
https://doi.org/10.3934/mbe.2023406
https://doi.org/10.1049/iet-gtd.2019.1423
https://doi.org/10.1109/CAC51589.2020.9327370
https://doi.org/10.1109/TIE.2022.3159922
https://doi.org/10.3390/pr11030795
https://doi.org/10.23977/icamcs.2018.048
https://doi.org/10.23919/CCC50068.2020.9188646
https://doi.org/10.3390/app10020682
https://doi.org/10.3390/sym11101212

12 DIAGNOSTYKA, Vol. 26, No. 2 (2025)
Liu Y.: Wavelet transform and fuzzy reasoning for underground power cable fault diagnosis

22. Huo YJ, Prasad G, Lampe L, Leung VCM. Advanced
smart grid monitoring: intelligent cable diagnostics
using neural networks. 2020 IEEE International
Symposium on Power Line Communications and its
Applications (ISPLC), Malaga, Spain. 2020;1-6.
https://doi.org/10.1109/ISPL C48789.2020.9115403

23. Wang YK, Chen HG, Zhan ZM. Research on fault
diagnosis based on dynamic causality diagram and
fuzzy reasoning fusion method. Tehnicki Vjesnik-
Technical Gazette. 2020;27(2):435-443.
https://doi.org/10.17559/TV-20190804140256

Yangfan LIU was born on
October 2, 2004 in Hubei
China, and is currently studying
electrical ~ engineering and
automation at the School of
Electrical Engineering and New
Energy of China Three Gorges
University.



https://doi.org/10.1109/ISPLC48789.2020.9115403
https://doi.org/10.17559/TV-20190804140256

