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Partial discharge (PD) in high-voltage cables often includes rare defect types, while fieldcollected pulse phase
analysis (PRPD) spectra typically exhibit sparsity and class imbalance. Limited representative samples and
weakly discriminative features hinder accurate extraction of deep time-frequency characteristics, leading to
misclassification of defect types. To address this issue, this study proposes a generative diagnostic framework
based on sparse data augmentation. An attention-enhanced BAGAN model is applied to augment sparse
PRPD spectra, producing a balanced dataset across defect categories. The enhanced dataset is then processed
using VMD-MSE to extract low-redundancy, high-discriminative time-frequency features. These features
are subsequently input into an IKHA-optimized Deep Belief Network (IKHA-DBN) for defect classification.
Experimental results show that generative augmentation increases rare defect samples by 700%, effectively
eliminating class imbalance. The synthesized PRPD spectra exhibit strong consistency with genuine spectra in
phase distribution and amplitude characteristics, confirming physical plausibility. In testing on 64 multi-class
samples, only one misclassification occurred, demonstrating high diagnostic accuracy and sensitivity to minority
defects. The results validate the robustness and effectiveness of the proposed method for intelligent diagnosis

of rare PD defects in highvoltage cables.
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1. Introduction

High-voltage cables are extensively used in urban power
grids and transmission systems, with their operational sta-
tus being critical to power supply reliability and grid safety
[1]. Partial discharge (PD), serving as an early indicator
of cable insulation aging and defects, has become a key
diagnostic method through pulse phase analysis (PRPD)
for detection and analysis [2]. However, in practical appli-
cations, due to the scarcity of minority PD defect samples
and complex detection conditions [3], PRPD data often ex-
hibits sparsity and class imbalance. This hinders traditional

diagnostic models from accurately identifying minority PD
defects, thereby reducing diagnostic accuracy and reliabil-
ity [4]. Therefore, how to effectively utilize foundational
data with sparse and imbalanced characteristics for precise
high-voltage cable partial discharge classification and de-
fect type diagnosis has become a critical issue requiring
urgent resolution in intelligent high-voltage cable diagnos-
tics [5].

Currently, some scholars have conducted relevant re-
search on cable partial discharge pattern recognition. Deep
learning methods have been employed to extract PRPD
spectral features from high-voltage cable PD signals, en-
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abling defect classification and pattern recognition based
on these features [6]. This approach depends on balanced
datasets and may misclassify rare PD defects, while the My-
cielski algorithm distinguishes defect types through tem-
poral pattern matching and sequence similarity [7]. This
approach is highly noise-sensitive and biased when rare PD
defect samples are scarce, prompting the investigation of a
DC-based diagnostic method for partial discharge defects
in cross-linked polyethylene extruded cables [8]. Although
partial discharge signal analysis enables defect classifica-
tion and life assessment, it overlooks sparse low-probability
defect data, limiting overall robustness [9].

The method ignores sparse imbalance, while BAGAN
uses attention-based augmentation to generate realistic
samples and improve performance [10]. VMD-MSE (Mul-
tiscale Entropy Variational Modal Decomposition) is em-
ployed for signal processing and time-frequency feature
extraction. It decomposes complex signals into multiple
modal components [11] It extracts multiscale discrimina-
tive features, uses DBNs for hierarchical learning, IKHA for
optimized convergence, and a stacked autoencoder-SVM
to improve detection accuracy and reduce false alarms [12].

Unlike prior GAN-based PD methods, the proposed
BAGAN-VMD-MSE-IKHA-DBN framework enhances ro-
bustness and accuracy under sparse conditions. Based on
the above analysis, this paper investigates a generative
sparse data augmentation method for diagnosing partial
discharge defect types in high-voltage cables.

2. Generative diagnostic method for partial dis-
charge fault types in high-voltage cables

2.1. Generative Data Augmentation for Sparse High-
Voltage Cable Partial Discharge Data

The sparse, imbalanced PRPD dataset biases models, while
BAGAN mitigates this through class-balanced training
and structured latent learning that preserves localized dis-
charge patterns and avoids mode collapse [13], BAGAN
leverages attention to preserve defect-specific PRPD pat-
terns, generating realistic samples that fill sparse data
gaps and enhance diagnostic reliability [14]. An attention-
enhanced Conv4 model with weighted feature fusion im-
proves class representation and similarity measurement,
achieving better few-shot classification performance on
minilmageNet and Omniglot [15].

A semi-supervised GAN model with revised loss func-
tions improves faulty feeder identification under scarce
labeled data by leveraging synthetic samples, with simu-
lations and field tests validating its effectiveness [16]. An
optimized GAN-based approach improves elevator fault

diagnosis with limited labels by generating high-quality
synthetic data, achieving accurate detection and reduced
downtime [17]. This review compares traditional, signal-
processing, and machine-learning methods for crane fault
diagnosis and highlights future directions to improve safety
and reliability [18].

This establishes a high-quality, balanced dataset for fea-
ture extraction and defect diagnosis, achieved by applying
BAGAN to augment the original sparse partial discharge
data. Attention in the BAGAN generator enhances spectral-
phase features and highlights localized discharge regions,
preserving sparse PRPD morphology while ensuring effi-
cient, high-fidelity generation.

The overall architecture of the BAGAN model is shown
in Fig. 1. In Fig. 1, Decon denotes the deconvolution layer,
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Fig. 1. Overall Architecture of BAGAN Model

DP represents the Dropout layer, and Con signifies the
convolution layer. The training and sparse data generative
augmentation process of the BAGAN model are as follows:

An attention-based encoder-decoder learns structured
PRPD features and preserves defect morphology, im-
proving rare defect generation and diagnostic robustness.
Pre-trained generator and discriminator with gradient-
penalized adversarial loss ensure stable PRPD generation,
integrating authenticity, label matching, mislabel differenti-
ation, and gradient penalty terms.

X(g) (As,C, Bs, Be, Bwrong) = — E (4, b,)~(As,B.) [log, g(as, bs)]
—E (b~ (c8.) 108 (1 —6(P(c, be), be))]
= E (1 byrong)~ (A Buong) [1082 (1= 6(85, buwrong) )|
+ Xap
1)
As and B; denote real PRPD spectra and defect labels;
as, bs are real samples; be, bwrong are generated and incor-
rect labels; ¢ (¢, b.) are generated samples, where c € C,{
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and ¢ are the discriminator and generator, and xp is the
gradient penalty. xgp improves stability in distinguishing
similar defects, enhancing model robustness.

The generator loss function aims to optimize the gener-
ation of partial discharge defect samples that are classified
as genuine and match the target defect category. Its expres-
sion is:

L (C,Be) = ~F[log, (¢ (¢ (¢ be)))] @)

The trained generator produces realistic rare-defect

PRPD spectra, and these are merged with original sam-

ples to create a balanced dataset for feature extraction and
diagnosis.

2.2. Feature Extraction from the Enhanced Partial Dis-
charge Phase-Frequency-Density

(PRPD) Dataset for High-Voltage Cables The balanced
PRPD dataset contains phase, amplitude, and frequency in-
formation but is vulnerable to interference and equipment
noise when directly used for defect diagnosis [19]. There-
fore, time-frequency analysis is applied to extract more
discriminative deep features [20]. VMD-MSE extracts noise-
reduced, multiscale time-frequency features from balanced
PRPD data, improving defect separability and diagnostic
accuracy. Specifically, the VMD method decomposes the
discharge signals corresponding to the PD PRPD spectra in
this dataset into multiple physically meaningful intrinsic
mode components, thereby separating useful discharge sig-
nals from noise [21, 22]. VMD-MSE features are classified
by an IKHAoptimized DBN for accurate partial discharge
defect diagnosis.

Let X = {x1,x,--- ,xpm} denote the discharge signal
corresponding to the PRPD spectrum dataset after gen-
erative augmentation, where M represents the length of
this discharge signal. The decomposition process using
the VMD method with this discharge signal as input is as
follows:

(1) Formulate a Variational Constraint Problem Aiming
to minimize the sum of modal bandwidths while ensuring
the sum of modes equals the input discharge signal, the
constrained problem is formulated as:

{ minu, oy { b [ (w0 + ) wito)] e}
s.t. Zle w; =x
®)
Here, {w} represents the L intrinsic modal components
obtained by decomposing the input discharge signal via
VMD; w; denotes the [ th intrinsic modal component,
I =1,2,---,L;p; is the center frequency of the I th in-
trinsic modal component; x is the input discharge signal

derived from the PRPD spectrum; and «(t) is the Dirac
delta function, i.e., the unit impulse function.
(2) Converting the Variational Constraint Problem into an
Unconstrained Problem

The constrained variational problem is transformed into
an unconstrained one by introducing a quadratic penalty
term B and a Lagrange operator d(¢), forming the extended
Lagrangian.

L : 2
w = ]| & L w e ot
G ford o) = Lo | (w0 + 5 )t |
L 2
+ [l Yo
=1 2

L
+ <5(f)/ x(t) - Zw,(t)> 4)
=1

(3) Iterative Solution ADMM iteratively finds the saddle
point of the extended Lagrangian, obtaining the optimal
solution and intrinsic mode components wlw_lwl with
their center frequencies.

: > §
ﬁ;lerl (P) _ x(p) - ZIL#I wl(p) J; %
1+2B(p—pr1)

ot = o |3 @) do
Jo_ [@"(p)|" dp
Here, m is the iteration index; @}" (o) and zbj”“ (p) de-
note the frequency-domain forms of the I-th mode w; :
w;(p) is the i-th mode; %(p) is the input signal; and §(p)
is the frequency-domain Lagrangian operator. Its update
equation §(p) is computed iteratively.

3" (p) = 8"(p) + T

L
£(p) — ZZ @?’“(p)} (6)
=1

Here, T is the ADMM step size controlling the update
of g;iteration stops when Zlel Hw;n+1 - .(i];n ”%/ || wyn H% <.

The output yields L time-domain modes w;(t), with
reduced mode mixing, and multiscale entropy quantifies
their complexity to highlight defect-specific differences.
(1) Parameter initialization: Set embedding dimension
= 2, similarity tolerance ¥ = 0.1¢, and scale factor A =
[1,2,..., Amax ]. Where, ¢ represents the standard deviation
of the original discharge signal, and the scale factor A must
be adjusted to accommodate the signal’s fluctuation char-
acteristics.
(2) Coarsening: Coarsen the decomposed modal compo-
nents w; () of the discharge signal according to the scale A
to obtain a new sequence:
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jA
yj()‘):% Y, w (1<j<M/A) O
I=(j—1)A+1

Where, M’ denotes the length of the modal componentw
wy (l’)
(3) Calculate multiscale entropy: For each new sequence
obtained after coarse-graining, construct an -dimensional
vector:

Y() = (V) yra (A - Y1 (A)] ®)

Where, 1 < I < M’ —n. Based on the set similarity
tolerance x = 0.1¢, count the number of distances between
constructed vectors that satisfy D(I,j) < «, and calculate
the proportion of this count relative to the total number of
distances M’ — n 4 1. This proportion is defined as 7} (x),
and its mean is defined as 7" (k). Repeating this process
yields 7"*1(x). Based on this, the sample entropy of the
new sequence y;(A) is calculated as:

SampEn (1n,x, M') = —1In {17”"‘1(1{)/17”(1()} )

Integrating the sample entropies of sequences at dif-
ferent scales yields the MSE of the decomposed modal
component w(t) of the discharge signal:

MSE (w;) = SampEn(y(A), n,«) (10)

MSE evaluates structural complexity across scales, inde-
pendent of amplitude; normalization and adaptive toler-
ance ensure stability, while VMD’s mode isolation enables
entropy features to capture defect-specific morphology for
structure-based classification.

Combining the MSE of all modal components corre-
sponding to each partial discharge PRPD spectrum into a
feature vector Z = {MSEy,, MSEy,,, ..., MSE| }, followed
by PCA dimensionality reduction (to avoid the curse of
dimensionality), ultimately yields a lowredundancy, high-
discriminative time-frequency feature vector z’ for high-
voltage cable partial discharge signals. This serves as input
for the subsequent IKHA-DBN diagnostic model.

2.3. IKHA-DBN-Based Diagnosis of Partial Discharge
Fault Types in High-Voltage Cables

Low-redundancy VMD-MSE features are classified using
an IKHA-optimized DBN to achieve accurate partial dis-
charge defect diagnosis.
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Fig. 2. Location of the KVMRT project

2.3.1. Basic DBN Model Architecture and Training Logic

The DBN stacks RBMs with pre-training and fine-tuning,
using VMD-MSE features as input and a Softmax layer for
partial discharge defect classification, is illustrated in Fig. 2.
The training steps for the DBN model are:
(1) Unsupervised pre-training: The core of each RBM layer
in the DBN model is the energy function, defined as the
energy relationship between the visible layer and hidden
layer states:

Ky Ky K, Kg
Py(v,8) = = Y poiVi — Y Mei8j — 3 Y viwijgj  (11)
i—1 =1 i=1j=1

where v; represents the visible layer neuron states
(input features); g; denotes the hidden layer neuron
states; K, and K, are the numbers of visible and hid-
den layer neurons, respectively; p,; and g, are the
visible and hidden layer biases, respectively; wjj is
the connection weight between the two layers; and
8 = [W = (wij)KyxKyr Ho = (Hoi)K, Hg = (ng)Kg] de-
notes the set of parameters for each RBM layer.

Through this energy function, the joint probability dis-
tribution of the RBM can be defined as:

exp (-P&(U,g)) (12)
o

Where, {y is the normalization factor, which serves to

Ry(v,8) =

normalize the probabilities. Its
expression is:

To =YY exp(—Py(v,8)) (13)
v 8

In an RBM, hidden units independently activate via a
sigmoid function based on visible inputs.
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K,
o (g]- =1 v) = sigmoid (ygj + gwijvi) (14)
i=

(1+exp (z/)) " is the activation

function, which maps input feature sample values to the

Where, sigmoid (z') =

range (0,1) to adapt to the probability value interval. Simi-
larly, given the known state of hidden layer neurons, the
probability of activating visible layer neurons is obtained
as:

KS'
Ry (v; =1]g) = sigmoid | po; + ) wjig; (15)
=

(2) The contrast divergence (CD) algorithm is employed
to optimize the RBM parameters ¢, yielding their optimal
values. The RBM parameters of the DBN model are ran-
domly initialized. The time—frequency features of the par-
tial discharge signal, extracted using VMD-MSE, serve as
the initial visible layer neurons v°. Based on Eq. (14), the ini-
tial hidden layer neurons g are computed. Subsequently,

the visible layer neurons !

are reconstructed according to
Eq. (15). Then, using !, the hidden layer neurons gl are re-
calculated. The update equations for each model parameter

are given as follows:

sy = o (15) - (1)
Apoi = ((2f) = (v})) (16)

Ahgj =0 <<gf> - <gf>>

Where, (-) denotes the mathematical expectation; v rep-
resents the learning rate of the CD algorithm.

Given the large volume of partial discharge signal fea-
ture samples input, random mini-batch sampling is re-
quired during actual RBM training to enhance efficiency.
Assuming the RBM samples M" partial discharge signal
feature samples per training iteration, the update equation
for the RBM parameter ¢ at iteration 4 is:

— M -1 9-1 _ a4 1"
wijq_wijt] 1+ Zm” 1 Ulm//gjm//f im//g]'m//> /M}

1
Hoig = Hoig— 1+70 Zm” 1 v?m”* 1m”> /M"

Hgjg = Hgjg1 +0 | T <gj,m’l’ - gj,m”) /M
17)
(3) Supervised fine-tuning: A Softmax layer is added
atop the pre-trained network. The backpropagation algo-
rithm is employed to fine-tune the overall network parame-
ters [23, 24], optimizing the classification accuracy of partial
discharge defects.

2.3.2. IKHA-Based DBN Model Optimization

After RBM pre-training, IKHA optimizes DBN parameters
via diagnostic error minimization, improving convergence
stability and defect discrimination.

The position update formula for the leader krill in the
IKHA algorithm is:

= é}?est+01-<oz.<§_]' Q)-i—é) o' >05 )
i C}?estfoy(oz.(gj §)+§) o' <05

Where g}?est denotes the current optimal parameter com-
bination; ¢; and 5]‘ represent the upper and lower bounds
of the parameters, respectively; 0, and o’ are random num-
bers within the interval [0,1]; and 01 = 2¢~ (41) balances
global search and local exploration, where [ is the current
iteration count and L is the maximum number of iterations.

(8) Optimization process:

IKHA encodes DBN parameters as krill individuals and
optimizes them via diagnostic error minimization to obtain
the final IKHA-DBN model.

2.3.3. Defect Type Diagnosis Implementation Based on the IKHA-
DBN Model

The IKHA-optimized DBN classifies VMD-MSE-extracted
time-frequency features to perform high-voltage cable par-
tial discharge defect diagnosis, as illustrated in Fig. 3.
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Fig. 3. Process Diagram of Partial Discharge Defect Type
Diagnosis for High-voltage

3. Cables based on ikha-dbn model
4. Analysis of experimental results

IKHA-DBN classified 70/30-split features, validated on a
50 kV XLPE cable using Wuhan Hezhong PRPD data, Its
key parameters are shown in Table 1.
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Table 1. Key parameters of experimental partial discharge detector

Parameter category

Parameter values / descriptions

Rated capacity

Input power

Output voltage range
Rated output current

50 kVA

380V, 50 Hz, single-phase

0-150 kV (RMS, continuously adjustable)
Approximately 333 mA (50 kVA /150 kV)

Voltage accuracy 0.50%

Output 50 Hz (power frequency sine wave)
System partial discharge level <3 pC

Short-circuit impedance < 5%

No-load current < 10%

System noise level < 65dB

Control method
Typical applicable scenarios

Fully automatic computer control, supporting PRPD spectrum acquisition and analysis
Cables and transformers up to 50 kV, GIS systems; power-frequency withstand voltage

and partial discharge testing in accordance with GB/T 7354 and DL/T 1576

A 50 kV cable setup produced PRPD data for five defect
types, and generative augmentation was used to correct
class imbalance (Table 2). Table 2 shows augmentation
created a balanced 2,000-sample dataset, increasing rare
defects by 700% with realistic synthetic PRPD data.
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(d) Sample generated by discharge of metal protrusions

Fig. 4. Real Defect PRPD spectrum and Generated Defect
Samples

Figure 4 shows generated samples closely match real
rare defects, and the optimized IKHADBN achieves near-
perfect accuracy after 700% minority augmentation.

5. Methods

Figure 5 shows IKHA-DBN achieved near-perfect classifi-
cation with only one misdiagnosis, outperforming other
methods due to balanced augmentation, VMD-MSE fea-
tures, and IKHA optimization.

6. Conclusion

This study proposes a sparse data augmentation-based gen-
erative diagnostic framework for high-voltage cable partial
discharge classification. An attention-enhanced BAGAN
balances rare defect samples, VMD-MSE extracts discrim-
inative time-frequency features, and IKHA optimizes the
DBN to avoid local optima and improve convergence. The
integrated approach achieves high diagnostic accuracy
with only one misclassification, demonstrating strong ro-
bustness and effectiveness for rare defect detection under
imbalanced data conditions.
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Table 2. Sample size of PRPD spectra data for various types of partial discharge defects before and after generative

enhancement

Defect Type Original sample quantity /piece  Number of enhanced samples/piece
Corona discharge 150 400
Surface discharge 150 400
Tip discharge 150 400
Internal air gap discharge 50 400
metal protrusion discharge 50 400
Total/ piece 550 2000
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