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ABSTRACT
Wind turbine drivetrains operate under variable aerodynamic loading, fuctuating speed, and harsh feld environments, making
condition monitoring difcult when fault samples are scarce and imbalanced. To address this challenge, this paper proposes
a small-sample data augmentation method that fuses variational mode decomposition–particle swarm optimization–symmetric
dot pattern (VMD–PSO–SDP) feature optimization with a prior knowledge–guided Wasserstein conditional generative adversarial
network (PK-WCGAN). First, VMD is used to decompose vibration signals into informative modal components. In combination
with an improved PSO algorithm for optimizing SDP parameters, high-order fault feature maps are generated to enhance feature
transferability. Then, real feature maps are used to pretrain the discriminator as prior knowledge, guiding the Wasserstein
conditional generative adversarial network (WCGAN) to learn the target domain distribution. A gradient penalty mechanism is
introduced to improve the quality of generated samples and training stability. Finally, generated samples are fused with real
training samples to construct a hybrid dataset. Experimental results demonstrate that the generated data efectively reduce small-
sample distributionmismatch. When the target data samples are expanded from 50 to 1000, the average recognition accuracy of the
fvemodels increases from 54.6% to 94.0%, and the risk of overftting is reduced by up to 26.5 percentage points under the 10-sample
setting. This method provides an efective solution for small-sample fault diagnosis in the wind turbine drivetrain.

1 | Introduction

As essential equipment of modern industry, rotating machinery
is widely used in many felds such as aerospace and machinery
manufacturing [1, 2]. Wind turbines are critical rotating assets in
the energy industry, and their drivetrains operate continuously
under varying aerodynamic loads, fuctuating speeds, and harsh
feld conditions. Gearboxes, shafts, bearings, and generators are
the core load-transfer components, and localized damage in any
of these components can lead to costly downtime or trigger
secondary structural risks [3]. Therefore, accurate condition
monitoring of the wind turbine drivetrain is of great signifcance

for the stable operation of the equipment and the prevention of
accidents [4].

In the condition monitoring of rotating machinery, numerous ex-
perts have proposed a variety of fault diagnosis methods, which are
broadly divided into signal processing and data-driven methods.
From the perspectives of the time domain [5–7], frequency domain
[8–10], and time-frequency domain [11–13], signal processing–based
fault analysis methods extract fault information from vibration
signals to identify fault characteristics. Shen et al. [14] proposed
a bearing fault diagnosis method based on AGWO–particle swarm
optimization (PSO)–VMD–TEFCG–AlexNet, optimized variational
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mode decomposition (VMD) parameters to improve signal de-
composition, and combined time-frequency domain enhanced
feature maps and deep learning to achieve efcient noise re-
duction and fault diagnosis in strong noise environments. Sun
et al. [15] proposed a bearing fault diagnosis method based on
EMD and improved Chebyshev distance. This method extracts
intrinsic mode function (IMF) features via symmetric dot pattern
(SDP) feature fusion and calculates the Chebyshev distance to
achieve efcient fault diagnosis. With the rapid development of
computer networks, data-driven fault diagnosis methods have
gradually become a focal point in the feld, primarily utilizing
machine learning [16] and deep learning [17–19] techniques
applied to image domains to learn deep latent features from large
datasets for fault signal identifcation. Liu et al. [20] converted
the time-domain signals to the frequency domain by the fast
Fourier transform and constructed a k-nearest neighbor graph
for graph node classifcation. This approach used meta-learning
and a graph convolutional network (GCN) to achieve high ac-
curacy in bearing fault classifcation with small sample sizes. Wu
et al. [21] developed a bearing fault diagnosis model by in-
tegrating multiscale convolutional neural networks with long
short-term memory networks. This model utilizes a CNN to
extract spatial features and an LSTM to extract temporal features,
enhancing robustness under variable loads and noise in-
terference. Zhou et al. [22] introduced a hypergraph attention
network with redundancy elimination and few-shot learning to
model higher-order sample relationships under small-sample
and noisy conditions. These studies improve feature represen-
tation and diagnostic discrimination, but their performance still
depends strongly on the availability and representativeness of
labeled fault samples.

However, the above methods sufer from data-dependent issues,
particularly with respect to data size, distribution, and quality
[23]. In small-sample data environments, the efcacy of these
methodologies in ensuring model generalization is often com-
promised. This, in turn, results in suboptimalmodel performance
in practical applications [24]. In practical industrial environ-
ments, fault samples are difcult to obtain because faults occur
sporadically and maintenance records are often incomplete. For
wind turbines, vibration acquisition is especially costly because
sensors must operate on high, complex structures under harsh
feld conditions. Consequently, addressing small-sample limi-
tations has emerged as a pivotal challenge in industrial fault
diagnosis.

To address the challenge of small samples in industrial appli-
cations, researchers have primarily explored transfer learning,
domain generalization, domain adaptation, and data augmen-
tation. Transfer learning and domain-adaptationmethods reduce
distribution shift by reusing knowledge from source domains or
aligning feature distributions. For instance, UDDGN [25]
established domain-independent compact boundaries via class-
wise adversarial training to handle universal diagnosis tasks in
which target fault modes are unpredictable. OAIFAN [26]
mitigated cross-speed discrepancies and noise interference by
mapping multisource signals into a unifed angular domain
through equal-angle resampling. More recent studies have fur-
ther focused on unseen or variable operating conditions. Gao
et al. [27] proposed a domain feature decoupling network to
separate domain-related and fault-related features for zero-shot
diagnosis under unseen operating conditions. Li et al. [28]

developed DDNet, which combines domain augmentation and
dual-invariance learning for small-sample domain generaliza-
tion. Li et al. [29] proposed a joint collaborative adaptation
network to address class imbalance and variable operating
conditions through multisource domain adaptation and class-
aware mechanisms.

Meanwhile, GANs have been demonstrated to be an efective
data augmentation technique [30]. By generating synthetic fault
samples, GAN-based methods can expand the training dataset,
alleviate insufcient or imbalanced data, and improve down-
stream diagnostic models [31, 32]. Existing studies have im-
proved GAN-based fault sample generation through multiscale
residual structures, hybrid losses, cosine-similarity constraints,
self-attention mechanisms, spectral normalization, and Was-
serstein objectives [33–38]. Recent generative studies have
moved beyond simple label-conditioned synthesis. Cheng et al.
[39] proposed CRGAN–MDTR to generate fault samples during
continuous degradation by retaining degradation trend in-
formation. Liu et al. [40] proposed ARC–GAN for zero-shot
bearing fault diagnosis, using semantic auditing and attribute
reconstruction to improve feature-semantic alignment under
domain shift. These studies show that structural, temporal, or
semantic constraints can improve generation quality and di-
agnostic generalization.

Although the above methods have achieved high accuracy in
data augmentation and fault diagnosis, the following issues re-
main. First, existing feature extraction methods can extract time-
frequency features, but their parameters are fxed and have not
been optimized for cross-condition scenarios, resulting in limited
transferability of features. When the target domain conditions
(load and speed) change, the feature distribution is prone to shift,
afecting the model’s generalization ability; second, traditional
GANs and their variants face issues such as training instability
and gradient vanishing in small-sample scenarios, resulting in
generated samples that are prone to noise or structural distortion.
Additionally, they lack precise control over the target domain’s
conditional distribution, making it difcult to generate fault
samples with consistent physical meaning; third, many methods
generate samples either from raw signals or from unoptimized
feature images, forcing GANs to learn the physical signal
structure and fault-discriminative features simultaneously. This
dual learning burden signifcantly degrades the quality of gen-
eration in data-scarce settings.

To address these limitations, this paper proposes a framework
that combines physics-informed feature optimization with prior
knowledge–guided adversarial generation. Specifcally, an im-
proved VMD–PSO–SDP procedure maps raw vibration signals
onto an optimized and physically interpretable SDP feature
manifold. These real target-domain featuremaps are then used to
pretrain the discriminator prior to adversarial training. After this
auxiliary pretraining stage, the discriminator is converted into
a Wasserstein critic, so the generator receives gradients from
a critic that has already learned fault-related SDP structures.
Therefore, the prior knowledge in prior knowledge–guided
Wasserstein conditional generative adversarial network (PK-
WCGAN) is not only provided as labels, input features, or
a transferred classifer; it is also embedded in the discriminator
representation, which guides the adversarial learning process.
The main contributions are summarized as follows:
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1. A VMD–PSO–SDP feature optimization mechanism is
proposed. The SDP parameters are optimized after VMD
decomposition, and a velocity-update penalty term is
introduced into PSO to constrain redundant feature
patterns and enhance cross-condition feature
transferability.

2. A discriminator-prior initialization strategy is introduced
for PK-WCGAN. The discriminator is frst trained as an
auxiliary fault classifer using real VMD–PSO–SDP feature
maps; afterward, the auxiliary head is removed, and the
learned convolutional representation is used to initialize
the Wasserstein critic. This makes prior knowledge operate
through adversarial gradients rather than only through
labels, input features, handcrafted constraints, or a trans-
ferred diagnostic classifer.

3. A physically informed input strategy is adopted to reduce
the GAN learning burden. Optimized VMD–PSO–SDP
feature maps are used as generative targets, so the generator
learns fault-discriminative distributions in an informative
feature space rather than extracting signal structures from
scratch. Experiments on cross-condition datasets show that
the framework achieves over 90% accuracy when the
training set is sufciently augmented and reduces the risk
of overftting by up to 26.5% points in the 10-sample-per-
class setting.

The remainder of this paper is organized as follows. Section 2
details the proposed data augmentation method. Sections 3
and 4 demonstrate the method’s superior performance
through experiments. Finally, Section 5 draws conclusions.

2 | Methodology

To address the problem of fault diagnosis for wind turbines with
small sample sizes, this paper proposes a data augmentation
framework that combines VMD–PSO–SDP feature optimization
with PK-WCGAN. The overall process of the proposed research
method is illustrated in Figure 1. First, in the feature optimi-
zation layer, the vibration signal is decomposed into modal
components using VMD, and then the SDP parameters are op-
timized with a PSO algorithm that includes a penalty term to
generate high-fdelity feature maps. In the data augmentation
layer, the feature maps and class labels from real data serve as
discriminator inputs for prior knowledge pretraining. During the
primary training phase, the feature map class labels and random
noise are input into the generator and discriminator. Finally, by
inputting the labels of the data samples to be expanded and
random noise, the model generates virtual samples similar to the
target data, which are used to expand the dataset.

2.1 | Fusion of Feature Maps

This section proposes an improved PSO–SDP feature map fusion
algorithm based on VMD. By introducing penalty terms during
particle velocity updates, constraints are applied to particle po-
sitions or velocities to prevent convergence in unreasonable
regions. Optimizing SDP transformation parameters enables
VMD-generated feature maps to improve recognition accuracy.

2.1.1 | VMD-Based SDP

The SDP is a powerful visualization technique that converts one-
dimensional time-domain signals into two-dimensional images

Abnormal sample

Radial load on
bearings

Signal acquisition
equipment

Bearing vibration
sampling points
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FIGURE 1 | The overall process of the proposed research method.
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in polar coordinates, efectively uncovering the inherent peri-
odicities and dynamic behaviors of the signal [41]. At its core,
SDP maps the relationship between a given data point and its
neighboring points onto a symmetric geometric pattern within
a polar coordinate system. The conversion principle of SDP is to
normalize the collected one-dimensional time-domain vibration
signal and then convert it into symmetric polar coordinates using
equations (1)–(3). The conversion principle diagram is shown in
Figure 2.

Polar radius:

Ri =
xi − xmin
xmax − xmin

. (1)

Counterclockwise angle:

θi = θ +
xi+l − xmin
xmax − xmin

ξ. (2)

Clockwise angle:

θi = θ −
xi+l − xmin
xmax − xmin

ξ, (3)

where xmax means the maximum amplitude of the vibration
signal; xmin means the minimum amplitude; xi is the ith sample
point of the vibration signal; l is the time interval parameter; θ is
the mirror alignment angle; and ξ is the angle amplifcation
factor. The subscripts 1 and 2 distinguish the counterclockwise
and clockwise SDP branches.

However, the quality of the original SDP image is highly sus-
ceptible to noise and complex signal components inherent in
raw vibration signals. To address this issue, this paper in-
troduces VMD as a preprocessing step. VMD adaptively de-
composes the complex raw signal into a discrete number of
band-limited IMFs, efectively separating the fault-related
impulse components from background noise and other in-
terferences [42]. Applying the SDP transformation to in-
formative IMFs, typically those containing dominant fault
frequencies, can generate cleaner and more discriminative
feature maps that are more conducive to cross-condition
transfer learning.

As shown in Figure 3, the VMD–SDP decomposes raw signals
into multiple time-frequency localized components.

The VMD algorithm decomposes the time-domain signal x(t)
into K predefned IMFs uk(t), each with a center frequency ωk.
The decomposition is achieved by solving the following con-
strained variational problem:

min
uk{ }, ωk{ }

∑
K

k=1
∂t (δ(t) + j/πt) ∗ uk(t)[ ]e−jωkt

⃦
⃦

⃦
⃦2
2{ },

s.t. ∑
K

k=1
uk = f ,

(4)

where uk(t) denotes the kth mode function, and it is obtained
by minimizing the cost function; ωk is the center frequency of
the kth IMF; δ(t) is the Dirac delta function; ∂t is the partial
derivative with respect to time t; and ∗ is the convolution
operator.

Each mode function contains ttime-domain points. These points
are combined with SDP to construct feature maps using equa-
tions (5)–(7), as shown in the fowchart below.

Polar radius:

Rk[t] =
uk(t) − uk(t)min

uk(t)max − uk(t)min
. (5)

Counterclockwise angle:

θ1k[t] = θ +
uk(t)n+l − uk(t)min
uk(t)max − uk(t)min

ξ. (6)

Clockwise angle:

θ2k[t] = θ −
uk(t)n+l − uk(t)min
uk(t)max − uk(t)min

ξ, (7)

where θ is the mirror alignment angle and ξ is the angle mag-
nifcation factor.

In this mapping, the central point xi determines the radial po-
sition, while the lagged point xi+l infuences the symmetric
angular defection. A periodic fault signature produces a struc-
tured, repetitive pattern, while noise results in chaotic scatter.
The role of VMD is to purify the input signal x(t) into IMFs uk(t),
ensuring that the subsequent SDP transformation is applied to
a signal component where the fault periodicity is prominent and
unobscured by noise. This synergy between VMD’s denoising
and decomposition capabilities and SDP’s power in geometric
representation forms the foundation for generating highly
transferable feature maps that are robust to variations in oper-
ating conditions.

2.1.2 | PSO–SDP for Optimizing Feature Map
Parameters

Advanced optimization techniques play a crucial role in en-
hancing the front-end confguration and feature extraction of
fault diagnosis systems. For example, PSRONet [43] formulated
the optimization of sensor confgurations as a Markov decision
process, utilizing deep reinforcement learning to balance di-
agnostic accuracy and acquisition costs. Inspired by these opti-
mization advancements, this section proposes an improved
PSO–SDP feature map fusion algorithm. The proposed method
combines PSO with SDP to optimize feature map parameters. By
leveraging PSO’s global optimization capability, the method
adjusts SDP feature map generation parameters to more efec-
tively characterize signal features and improve subsequent
classifcation and fault diagnosis performance. The PSO–SDP
optimization algorithm is illustrated in Figure 4.

(a) (b)

xmin

xmax

xi

xi+1

(Ri, θi)

(Ri+1, θi+1)

FIGURE 2 | Illustration of the SDP method’s principle. (a) Time
series. (b) SDP image.
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1. Each particle’s position represents a parameter combina-
tion for SDP feature map generation. In this study, the
particle is two-dimensional, defned by χi = (l, ξ), where l
denotes the time interval parameter and ξ denotes the angle
magnifcation factor. These two parameters were selected
for optimization because they directly and signifcantly
infuence the geometric structure and, consequently, the
discriminative power and transferability of the resulting
SDP image. The initial positions of the particles are ran-
domly distributed within predefned reasonable ranges:
l ∈ [0, 15] and ξ ∈ [0.1, 0.628]. These ranges were de-
termined through preliminary experiments to ensure the
generation of well-structured, nondegenerate SDP patterns
that efectively capture the underlying characteristics of the
signal.

2. Objective function: To comprehensively evaluate the
quality of generated samples and prevent feature re-
dundancy, the optimization objective combines distribu-
tional divergence and structural similarity (SSIM). The
objective function Objective (l, ξ) aims to minimize the
Jensen–Shannon (JS) divergence between the generated
sample distribution Ct and the real sample distribution Cs,
while penalizing low SSIM:

Objective (l, ξ) = min Fjs Cs,Ct( ) + λ ⋅ 1 − SSIM Cs,Ct( )( )[ ], (8)

where Fjs(Ci,Cj) is the JS divergence between the generated
sample and the real sample distributions and λ is the penalty
coefcient balancing the two metrics.

3. Update the velocity and position of the particles to make
them move in the optimized direction. The optimized ob-
jective function f (xi) is the migration evaluation function
between the generated sample distribution and the real
sample distribution. The particle’s velocity is updated in
each iteration based on the individual optimal position Pi
and the global optimal position G. The velocity update
equation is as follows:

vin(t + 1) = ω ⋅ vin(t) + c1 ⋅ r1 ⋅ Pin − xin(t)( ) + c2 ⋅ r2 ⋅ Gn − xin(t)( ).

(9)

To prevent particles from converging to unreasonable regions
and causing feature redundancy, a penalty term is introduced
during velocity updates:

vin(t + 1) = ω ⋅ vin(t) + c1 ⋅ r1 ⋅ Pin − xin(t)( )

+ c2 ⋅ r2 ⋅ Gn − xin(t)( ) − λ ⋅ P xin(t)( ),
(10)

where vin(t) represents the velocity of particle i in the nth di-
mension at the tth iteration; ω is the inertia weight; c1 and c2 are
learning factors; r1 and r2 are randomnumbers between [0, 1]; Pin
represents the individual historical optimal position of the
particle in the nth dimension; and Gn represents the global
optimal position of the particle swarm in the nth dimension. λ is
the penalty coefcient used to control the infuence intensity of
the penalty term. The function of the penalty term is as follows:

P xin(t)( ) = 1 − SSIM  xin(t)( ), (11)

where SSIM (xin(t)) is the SSIM between the generated sample
and real sample distributions, evaluating the degree of deviation
under specifc constraints. This efectively guides particles to
capture domain relationships during optimization.

2.2 | PK-WCGAN Data Augmentation Framework

The PK-WCGAN data augmentation method is structured as
shown in Figures 5 and 6. It comprises two main components:
prior knowledge integration and Wasserstein distance–based
conditional GAN.

Prior knowledge refers to accumulated domain expertise, re-
search fndings, and expert insights that guide model learning to
improve performance and generalization.Wasserstein distance is
mainly used to measure the diference between two probability
distributions. In conditional generative adversarial networks
(CGANs), these two probability distributions are the generated
data distribution and the real data distribution, respectively, and
are defned as in (12). When Wasserstein distance is used as the
adversarial objective, the original cross-entropy loss is replaced
by a critic-based distribution distance, so the generator is opti-
mized to produce target-domain fault samples that satisfy the
conditional labels while approaching the real-data distribution.

W Pr ,Pg( ) = inf
γ∈Π Pr ,Pg( )

E(x,y)∼γ[‖x − y‖], (12)

VMD decomposition

Time-
domain 
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Rk [t] =
uk (t) – uk (t)min

uk (t)max – uk (t)min
uk (t)n+1 – uk (t)min

uk (t)n+1 – uk (t)min

uk (t)max – uk (t)min

uk (t)max – uk (t)min

θ1k [t] = θ –

θ2k [t] = θ –

ξ

ξ

(a) (b)

FIGURE 3 | VMD–SDP image plotting fowchart.
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FIGURE 4 | PSO–SDP feature map parameter optimization method fowchart.

Random
noise

Generate
tags

Generate
images

Input
(16, 16, 129)

Conv2Dtranspose1
(32, 32, 128)

Conv2Dtranspose2
(64, 64, 64)

Conv2Dtranspose3
(128, 128, 32)

Conv2Dtranspose4
(256, 256, 3)

Output
(256, 256, 3)

Convolutional layer parameters

Generator network structure

Convolution
kernel 5 × 5

ReLU activation

Batch
normalization

Conv2Dtranspose1

Stride length 2 × 2

Convolution
kernel 5 × 5

ReLU activation

Batch
normalization

Conv2Dtranspose1

Stride length 2 × 2

Convolution
kernel 5 × 5

ReLU activation

Batch
normalization

Conv2Dtranspose1

Stride length 2 × 2

Convolution
kernel 5 × 5

ReLU activation

Batch
normalization

Conv2Dtranspose1

Stride length 2 × 2

FIGURE 5 | Generator network architecture diagram.
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where Π(Pr ,Pg) is the set of joint distributions and Pr and Pg
denote the real-sample and generated-sample distributions,
respectively.

To make the Wasserstein critic valid, the 1-Lipschitz constraint
must be satisfed at the same time, as shown in (13). In this way,
the scoring function can maintain sufcient smoothness and
avoid the common problems of gradient vanishing or explosion
in traditional GAN, thereby efectively improving the stability of
model training and the quality of generated images.

D x1( ) − D x2( )| | ≤ x1 − x2‖ ‖, (13)

where D(x1) − D(x2) represents the score diference between two
data points calculated by the degree penalty function, and this
diference measures the response amplitude of the input data;
‖x1 − x2‖ represents the distance between input samples.

Wasserstein conditional generative adversarial network
(WCGAN) is a model extended from traditional CGANs. CGANs
introduce conditional information to control the generation
process, relying not only on random noise as the input to the
generator but also incorporating additional information, such as
category labels, text descriptions, or other features, into both the
generator and discriminator. This improvement enables CGANs
to generate samples that meet specifc requirements while en-
hancing the diversity and accuracy of the generated output.
WCGAN further optimizes the training stability and generation
performance of CGAN by introducing the Wasserstein distance,
thereby alleviating gradient vanishing and improving themodel’s

generation quality under conditional information control.
Therefore, compared with traditional CGANs, WCGANs have
signifcant advantages in the stability of the generation process
and the realism of generated samples and are suitable for sce-
narios with scarce data and conditional constraints. In terms of
structure, WCGANs inherit the basic framework of CGANs,
consisting of a generator and a discriminator but difer in their
specifc implementations and optimization objectives. The task
of the generator is to generate samples that are as close as
possible to the true distribution based on the input random noise
and conditional information, while the discriminator no longer
outputs a binary classifcation result but instead outputs a real
number score to measure the diference between the generated
samples and the real samples. The objective function of the
generator is to minimize the discriminator’s score on the gen-
erated samples, thereby reducing the Wasserstein distance be-
tween the distributions of the generated samples and the real
samples, as shown in the following equation:

min
G

Ez∼pz ,c∼pc[D(G(z, c))], (14)

where G(z, c) is the sample generated by the generator according
to random noise z and conditions c; D(G(z, c)) is the discrimi-
nator’s score for the generated sample; pz is the distribution of
random noise; and pc is the distribution of conditional
information.

The objective of the discriminator is to maximize theWasserstein
distance, i.e., maximize the diference between the real data and
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FIGURE 6 | Discriminator network architecture diagram.

Structural Control and Health Monitoring, 2026 7 of 24

 schm
, 2026, 1, D

ow
nloaded from

 https://onlinelibrary.w
iley.com

/doi/10.1155/stc/8394224 by Joke D
ales - T

echnical U
niversity D

elft , W
iley O

nline L
ibrary on [13/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



the generated data, as illustrated in (15). Through adversarial
training between the generator and the discriminator, the ulti-
mate goal of the generator is achieved, which is to make the
scores of the generated samples as close as possible to those of the
real samples. The generator is continuously optimized to min-
imize the Wasserstein distance between the distribution of the
generated samples and that of the real data, thereby generating
realistic samples that meet the condition information
requirements.

max
D

Ex∼pr[D(x)] − Ex∼pz ,x∼pc[D(G(z, c))][ ], (15)

where Ex∼pr[D(x)] represents the discriminator’s score for real
samples and Ez∼pz ,c∼pc[D(G(z, c))] represents the discriminator’s
score for generated samples.

The generator utilizes four transposed convolutional layers, each
with a 5 × 5 kernel and a 2 × 2 stride. This kernel size is widely
adopted in GAN research [24, 31] due to its efective balance
between receptive feld coverage and computational efciency.
The 2 × 2 stride enables progressive doubling of the spatial di-
mensions at each stage (16 × 16 ⟶ 32 × 32 ⟶ 64 ×
64 ⟶ 128 × 128 ⟶ 256 × 256), facilitating a coherent and
gradual image reconstruction. Such hierarchical upsampling
supports the learning of multiscale features, capturing both
global structural patterns and fne-grained textural details in-
herent in SDP images.

The discriminator receives a 256 × 256 VMD–PSO–SDP feature
map together with the corresponding class condition. It is
designed as a mirror image of the generator, comprising four
consecutive convolutional blocks, each with a 3 × 3 kernel and
a 2 × 2 stride. This architecture progressively halves the spatial
dimensions (256 × 256 ⟶ 128 × 128 ⟶ 64 × 64 ⟶ 32 × 32
⟶ 16 × 16) while increasing the representation level from
low-level SDP edges and textures to high-level fault-related
patterns. The fnal critic layer maps the extracted representa-
tion to a single scalar output, which serves as the critic score for
the computation of the Wasserstein distance. The layer-level
discriminator structure and training status are summarized in
Table 1.

The prior-knowledge pretraining phase is performed before
adversarial training. In this study, prior knowledge specifcally
refers to the structural distribution of real target-domain
VMD–PSO–SDP feature maps, including SDP textures, radial
distributions, and class-discriminative fault patterns. During this
phase, the discriminator backbone is temporarily connected to
the auxiliary classifcation head shown in Table 1 and is trained
only with real VMD–PSO–SDP featuremaps and their fault labels
using cross-entropy loss. The purpose is not to build the fnal
classifer, but to initialize the convolutional flters so that they
respond to physically meaningful SDP structures. After pre-
training, the auxiliary head is removed, and the discriminator is
converted back to a Wasserstein critic. Conv blocks 1-2, which
encode edges and local SDP textures, are frozen to retain the
learned structural prior knowledge, whereas Conv blocks 3-4 and
the fnal critic layer are optimized during PK-WCGAN adver-
sarial training to estimate the Wasserstein distance. Therefore,
the prior knowledge is embedded in the discriminator param-
eters before adversarial training, rather than being supplied only
as conditional labels, input features, or external loss constraints.
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Meanwhile, the prior knowledge pretraining alters the hypoth-
esis space of the discriminator D. In a standard WCGAN, D is
initialized randomly, and computing the Wasserstein distance
W(Pr ,Pg) in a high-dimensional space with extremely small
sample sizes often leads to high variance and uninformative
gradients. By pretraining D with real physical feature maps, the
network weights θD are optimized toward a fault structure–aware
manifold Mprior that captures the structural characteristics of
SDP features. Consequently, during the adversarial phase, the 1-
Lipschitz constraint |D(x1) − D(x2)| ≤ ‖x1 − x2‖ is enforced not
in a random, unconstrained pixel space, but on a physically
meaningful feature manifold. This prior-constrained gradient
penalty provides more informative adversarial gradients, guides
the generator G to map the noise space toward the real fault
feature distribution, and reduces mode collapse under data
scarcity. As a result, the generated feature maps are expected to
preserve more class-related physical structures, thereby im-
proving generation quality and supporting better diagnostic
generalization when they are combined with scarce real training
samples.

The data augmentation algorithm model for Wasserstein-
conditioned generative adversarial networks based on prior
knowledge consists of three main parts: data preprocessing,
model training, and virtual sample generation. The detailed
process of each part is introduced as shown in Figure 7:

1. Data preprocessing: The collected original data are seg-
mented into 4096 sampling points for each sample. Using
the optimal parameters of the VMD–SDP feature map
determined in the previous section, the segmented data are
converted into corresponding feature maps. Ten feature
maps are selected from each data class as training samples
for the real data. These feature maps represent the features
of each data class and provide a high-quality basis for
subsequent model training, thereby improving the model’s
generalization and robustness.

2. Model training: The training process is divided into a prior
knowledge pretraining stage and an adversarial training
stage. In the prior knowledge pretraining stage, the dis-
criminator acts as an auxiliary classifer. Real fault feature
maps are used to train the discriminator using cross-
entropy loss, enabling the network to extract high-level
representations of specifc fault types. During the sub-
sequent WCGAN adversarial training stage, the pretrained
weights of the discriminator’s shallow convolutional layers
are frozen to preserve the learned structural prior knowl-
edge, while the deep layers are fne-tuned to measure the
Wasserstein distance.

3. Virtual sample generation: After model training is com-
plete, the trained PK-WCGAN model is invoked and saved,
and the virtual sample generation process begins. By in-
putting the labels of the data samples to be expanded, along
with random noise, the model generates virtual samples
similar to the target data, expanding the dataset and
addressing the problem of insufcient samples.

This design difers from transfer learning diagnosis methods
because no source-domain diagnostic classifer is transferred to
the fnal fault classifer. The pretrained discriminator is used only
inside the generative model to shape the critic space and provide

more informative adversarial gradients for sample generation. It
also difers from knowledge-informed GAN designs that inject
prior knowledge only through conditional labels, external loss
terms, or input representations because the prior fault-structure
information is stored in the discriminator parameters before
adversarial training.

3 | Experimental Data and Test Bench

3.1 | The Dynamic Diagnosis System (DDS)
Experimental Equipment

The DDS test bench of China University of Mining and Tech-
nology is retained as a benchmark dataset for verifying the
general feature optimization and adversarial augmentation ca-
pability. The DDS is shown in Figure 8. During the experiment,
four types of bearing vibration signals were acquired by replacing
bearings with diferent fault conditions, as illustrated in Figure 9,
including normal bearings, outer ring cracks, inner ring cracks,
and rolling element faults. The corresponding fault dimensions
were 0.23, 0.3, and 0.1 cm, respectively. The sampling frequency
was set to 5120 Hz. All the methods in the experiment are based
on Python 3.10 and PyTorch 2.0.1 frameworks. The experimental
environment is as follows: Intel 13600KF and NVIDIA RTX
3070 GPU.

To validate the noise robustness of the proposed method, bearing
fault signals were collected from the DDS test bench and then
fused with Gaussian white noise at a signal-to-noise ratio (SNR)
of 5 dB. After moving average (MA) fltering, sliding window
segmentation is applied to each original signal record with a step
size of 256. Each segmented sample group contains 4096 points.
To avoid information leakage from overlapping sliding-window
samples, the dataset was partitioned at the original signal-record
level rather than at the window-sample level. Specifcally, the
original vibration records of each health state were frst divided
into training and test subsets using a stratifed ratio of 80% and
20%, respectively. Sliding-window segmentation was then in-
dependently applied within each subset, with a window length of
4096 sampling points and a step size of 256. Therefore, samples
generated from the same original signal record were assigned
exclusively to one subset and could not appear simultaneously in
the training or test sets. The comparison plots of the signals
before and after noise addition are illustrated in Figure 10. The
composition of the DDS dataset is shown in Table 2.

3.2 | Wind Turbine Field Dataset

The wind turbine feld dataset was collected from the drivetrain
condition monitoring system at the Mazongshan wind farm in
Jiuquan City, Gansu Province. The dataset contains bearing
inner-race and outer-race faults, as well as gear tooth breakage
and wear faults observed during long-term operation. These fault
types were selected because bearings are high-risk drivetrain
components and because localized bearing defects, gear cracks,
and tooth breakage are common causes of vibration changes in
wind turbine transmission systems. The records cover multiple
wind turbine drivetrain components, including the gearbox high-
speed shaft, gearbox parallel stage, and generator non-drive-end
bearing. Thesemeasuring points represent diferent load-transfer
positions from the gearbox to the generator side and therefore
provide a practical basis for evaluating whether the proposed
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augmentation strategy can support transmission-system condi-
tion monitoring rather than a single isolated bearing case. The
schematic diagram of the wind turbine drivetrain is shown in
Figure 11. Figure 12 shows a specifc fault image of the wind
turbine drivetrain. Each sampling period is 1 s, and the sampling
frequency is 8192 Hz. The sample composition is detailed in
Table 3.

The experiment mainly focuses on optimizing the PSO–SDP
feature map fusion method, conducting data augmentation ex-
periments with traditional CGANs and the improved

Wasserstein generative adversarial network method, and eval-
uating the recognition efectiveness of generated datasets in DDS
and wind turbine feld diagnosis models.

4 | Experimental Results and Analysis

4.1 | Optimization Experiment of PSO–SDP
Feature Map Fusion Method

In this section of the experiment, the PSO algorithm is combined
with the symmetric point pattern method to optimize the feature

Priori knowledge
pretraining

Target domain true
feature map

Wasserstein-conditioned generative adversarial 
neural network discriminator

Wasserstein-conditioned generative adversarial 
neural network generator

Save model

Training completed

Formal training

Call generator

Feature map category
labels

Real number
fraction

Learn real data feature information to provide more accurate 
feedback for subsequent adversarial training.

Enter feature map
category labels Random noise

Wasserstein-conditioned generative adversarial
neural network discriminator

Data preprocessing

Original vibration signal

Normalization

Convert toVMD–SDP feature map

Virtual sample
generation

Feature map category label

Generator

Generate data

Visual inspection

Quantitative indicator testing

Virtual feature map
dataset

Real feature map
dataset

FIGURE 7 | Data augmentation process based on prior knowledge in WCGAN.
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FIGURE 8 | DDS power transmission fault diagnosis comprehensive test bench.

(a) (b) (c)

FIGURE 9 | The image of the DDS fault sample: (a) outer ring crack; (b) rolling element fault; (c) inner ring crack.
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FIGURE 10 | Comparison of time-domain waveforms before and after denoising.
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map fusion process and improve the efectiveness of feature
extraction. In this subsection, the experiments utilize DDS data.

To ensure reproducibility of our experiments and provide
a transparent overview of the model confgurations, Table 4
summarizes the hyperparameter settings for the proposed
framework. This includes the VMD decomposition confgura-
tion, the PSO optimization parameters, and the PK-WCGAN
training settings. These hyperparameters were systematically
selected and empirically tuned to balance the efciency of feature
extraction with the stability of the adversarial training process.

The experiment begins by performing normalization and
denoising on the collected original one-dimensional time-
domain vibration signals to ensure consistent data scales.
Frequency-domain features are extracted using VMD, and these
features are mapped to symmetric point patterns in polar co-
ordinates with the SDP method to reveal the data’s hidden
structure and features. To further enhance feature map quality
and the data augmentation model’s performance, the PSO al-
gorithm is employed to optimize the parameters of the generated
SDP. In each iteration, particles evaluate their quality based on
their ftness function, gradually approaching the global optimal
solution. The results of the optimization process are displayed in
Figure 13.

It can be seen from Figure 13 that when diferent values are
selected for the time interval parameter and the angle magni-
fcation factor, the SSIM between the generated sample and the
real sample varies, with a diference of about 0.2. This indicates
that the choice of the time interval and the angle magnifcation
factor signifcantly afects the quality of the generated samples.

TABLE 2 | The experimental dataset of DDS.

Dataset

Motor
load
(%)

Motor
speed
(rpm) Normal

Out
ring

Inner
ring Roller

A 20 1500 1500 1500 1500 1500
B 40 1800 1500 1500 1500 1500

Gearbox

Blades Generator

Bearing

Gear inner ring

Sun gear

Planet gear

Parallel gear

Measuring point

FIGURE 11 | Schematic diagram of wind turbine drivetrain.

(a) (b) (c) (d)

FIGURE 12 | Specifc faults of the wind turbine drivetrain. (a) Bearing outer race faults. (b) Partial tooth breakage faults. (c) High-speed shaft gear
cracks. (d) Bearing inner race faults.
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After multiple experimental analyses, the optimal parameters are
lvalue = 10 and ξvalue = 0.3085. Under this condition, the global
optimal SSIM between the generated sample and the real sample
reaches 0.796. This result indicates the important role of pa-
rameter optimization in improving the quality and SSIM of
generated images and also verifes the efectiveness and ro-
bustness of the model-generated samples.

To further analyze the performance of the PSO–SDP method,
a genetic optimization algorithm is used for comparison. The
experimental parameter settings are shown in Table 5, and the

experimental optimization process results are shown in
Figure 14.

Figure 14 shows that the global optimal SSIM between the
sample generated by the genetic optimization algorithm opti-
mizing SDP and the real sample reaches 0.783. By comparison,
PSO–SDP achieves a higher SSIM of 0.796 under the same it-
eration budget, indicating advantages in both optimization ef-
fciency and feature map quality.

To verify diferences in feature discrimination among feature
extraction methods, the efectiveness of feature fusion is further
evaluated by comparing the clustering efect of feature distri-
butions across domains and the degree of separation for each
category. A diferential analysis is performed on the PSO–SDP
feature map fusion method, and the t-SNE dimensionality re-
duction method is used to reduce the dimensionality of Datasets
A and B and visualize them. The experimental results are shown
in Figure 15.

As demonstrated in Figure 15, the clusters belonging to diferent
categories at 1800 rpm manifest highly compact distributions,
thereby signifying that the dataset possesses efective separability
with regard to fault feature extraction. In contrast, the feature
points at 1500 rpm exhibit slightly greater dispersion after di-
mensionality reduction, and the boundaries between some cat-
egories are less distinct than at 1800 rpm. This phenomenon is
primarily attributable to the lower motor speed, resulting in less
pronounced fault frequencies and greater noise interference.
Consequently, this leads to a relatively dispersed distribution of
the generated feature maps in the feature space. Despite this, the
boundaries between fault categories remain relatively clear, with

TABLE 3 | Wind turbine drivetrain feld dataset.

Health state Measuring point Speed range (rpm) Samples
Generator non-drive-end bearing inner race fault Gearbox high-speed shaft 904–1229 142
Motor side bearing outer ring Gearbox high-speed shaft 902–1224 185
Intermediate shaft gear broken Gearbox parallel stage — 73
High-speed shaft gear crack Gearbox high-speed shaft 915–1253 127
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FIGURE 13 | PSO–SDP feature map fusion method parameter
settings.

TABLE 4 | Detailed hyperparameter confgurations for the proposed framework.

Module Parameter Value

VMD
Number of modes (K) 5
Penalty factor (α) 2000
Tolerance (τ) 1e� 7

PSO–SDP

Population size 20
Learning factors (c1, c2) [1.5, 1.5]
Inertia weight (ω) [0.4–0.9]
Maximum iterations 80

Time interval parameter (l) 0–15
Angle magnifcation factor (ξ) 0.1–0.628

Optimization objective Structural similarity between generated samples and real samples

PK-WCGAN

Optimizer Adam (β1 = 0.5, β2 = 0.9)

Learning rate 0.0001
Batch size 64

Gradient penalty coefcient (λ) 10
Critic iterations (nc) 5
Training epochs 2500

Structural Control and Health Monitoring, 2026 13 of 24
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almost no signifcant overlap, and the fault patterns of each
category are distinctly represented in the feature space. This
phenomenon further corroborates, from the feature space per-
spective, that the PSO–SDP fusion method can efectively adapt
to the characteristics of diferent datasets, especially in cases of

high data complexity, while still generating feature maps with
high discriminative power. It is evident that the PSO–SDP
method efectively extracts useful features in the presence of
signifcant noise. This enhances the expression of fault feature
information and improves the classifcation accuracy and re-
liability of the dataset.

4.2 | PK-WCGAN Data Augmentation Experiment

This section constructs a dataset based on the optimal parameters
obtained from the previous experiment for small-sample data
augmentation experiments using DDS data. The number of
training epochs is 2500, and the learning rate is 0.0001. Tradi-
tional CGAN and the proposed PK-WCGAN are trained under
the same data and optimizer settings. The experimental results of
generated samples are shown in Figure 16.

Figure 16 shows that CGAN produces feature maps with more
visible noise and weaker structural consistency when trained on
limited datasets. This phenomenon results in slower model
convergence and, in certain cases, an inability to generate valid
samples. In contrast, PK-WCGAN preserves clearer SDP texture
and more stable class-related patterns. The optimized SDP
representation reduces the burden of learning physical signal
structure from scratch, while the pretrained discriminator pro-
vides a structural prior during adversarial training.

To further verify the diference in efect between PK-WCGAN
and traditional CGAN on generated image quality, both methods
are trained on the same dataset for 2500 epochs. During this
process, SSIM is evaluated on generated and real images, re-
cording the trend in SSIM values across training rounds. The
SSIM results are shown in Figures 17 and 18.

An analysis of the SSIM curves for samples generated by PK-
WCGAN and CGAN shows that both models improve over
successive training iterations and eventually reach a stable state.
It is noteworthy that PK-WCGAN generates images with lower
noise and stronger feature-learning capability, enabling it to
capture the data’s structural characteristics more efectively.
Moreover, PK-WCGAN converges relatively rapidly during
training, and its SSIM values are consistently higher than those of
CGAN at comparable iterations, indicating better image quality.
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FIGURE 14 | Iterative experimental results of genetic algorithm
optimization for SDP.
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FIGURE 15 | Analysis of t-SNE for VMD–SDP feature maps. (a) CWRU dataset. (b) DDS dataset.

TABLE 5 | Genetic algorithm parameter settings.

Parameters Setting
Time interval parameter 0–15
Angle magnifcation
factor

0.1–0.628

Number of iterations 80
Optimization objective Structural similarity between gen-

erated samples and real samples
Experimental dataset DDS
Probability of crossover
operation

0.7

Probability of mutation
operation

0.1

Population size 20
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Conversely, CGAN introduces more noise during generation,
resulting in lower SSIM values and less stable image quality. The
SSIM curve of PK-WCGAN also exhibits better stability, sug-
gesting higher consistency among generated samples, whereas
CGAN shows larger fuctuations. Overall, PK-WCGAN dem-
onstrates clear advantages in sample generation quality, feature
learning capability, and training stability.

To comprehensively evaluate the generation quality and distri-
butional alignment under small-sample constraints, the kernel
inception distance (KID) was introduced as the evaluation
metric. Unlike the Fréchet inception distance (FID), which can
sufer from sample-size bias when evaluated on limited data, KID
provides an unbiased estimate and is therefore suitable for small-
sample fault diagnosis scenarios. For reproducibility, the detailed
KID evaluation protocol is described as follows. At each evalu-
ation checkpoint, the same number of real and generated feature
maps was used to calculate KID. Specifcally, for each fault
category,Nr real SDP feature maps andNg generated SDP feature
maps were selected, where Nr = Ng = 500 in this study. The

generated samples were produced by the generator during the
corresponding training epoch, using the same class labels as the
real samples, ensuring a class-balanced comparison between the
real and generated distributions.

The KID was computed in the feature space rather than directly
in the pixel space. All SDP feature maps were resized to
299 × 299 and normalized before being fed into an Inception-v3
network pretrained on ImageNet. The 2048-dimensional acti-
vations from the fnal average pooling layer were used as feature
representations. Following the standard KID formulation, the
squared maximum mean discrepancy (MMD) between the real
and generated feature distributions was estimated using a third-
degree polynomial kernel:

k(x, y) =
xTy
d

+ 1( )

3

, (16)

where x and y denote the extracted feature vectors and d is the
feature dimension. To reduce the infuence of random

Real fault
samples1

Real fault
samples2

0 epoch 10 epoch 20 epoch 30 epoch 40 epoch

50 epoch 60 epoch 70 epoch 80 epoch 90 epoch

100 epoch 200 epoch 300 epoch 400 epoch 500 epoch

600 epoch 1000 epoch 1500 epoch 2000 epoch 2500 epoch

0 epoch 10 epoch 20 epoch 30 epoch 40 epoch

50 epoch 60 epoch 70 epoch 80 epoch 90 epoch
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(a) (b)

FIGURE 16 | (a) CGAN training generates samples. (b) PK-WCGAN training generates samples.
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FIGURE 17 | PK-WCGAN bearing fault dataset generated sample
SSIM curve.
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FIGURE 18 | CGAN bearing fault dataset generated sample
SSIM curve.
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initialization and sampling variation, each experiment was in-
dependently repeated fve times with diferent random seeds.
The reported KID curves represent the mean values over the fve
runs. The results are shown in Figure 19.

Figure 19 reveals two signifcant advantages of PK-WCGAN.
First, owing to the structural prior knowledge embedded in the
pretrained discriminator, PK-WCGAN achieves a substantially
lower KID score of 112.6 at epoch 250, compared with 185.4 for
CGAN. Second, with the Wasserstein distance and gradient
penalty, PK-WCGAN exhibits remarkable training stability,
converging to a lower KID score of 22.8 at 2500 epochs.

To further assess the performance of PK-WCGAN, this study
employs various loss functions, including binary cross-entropy
loss, Wasserstein distance, and Wasserstein distance with
a gradient penalty term, to conduct data sample generation
experiments. The data used is the outer-race fault data from the
DDS data. The experimental results are presented in Figures 20
and 21. In contrast, the traditional CGAN sufers from gradient
fuctuations and training instability, with slight degradation
around epoch 1750, eventually plateauing at 75.5. This quanti-
tative analysis confrms that PK-WCGAN generates high-fdelity
fault features with superior sample diversity and accurate
alignment with the real-sample distribution.

Figures 20 and 21 indicate that the generative model that employs
the Wasserstein distance as the loss function yields superior gen-
erated images. There is a greater SSIM between the generated data
and the real data. This is primarily because theWasserstein distance
with the gradient penalty term incorporates the 1-Lipschitz con-
dition, thereby preventing excessively large or small gradients. The
generated feature maps have fewer noisy image points, and the
model training process is more stable. This helps to determine the
corresponding loss function for subsequent experiments.

4.3 | Fault Recognition Experiment of Generated
Dataset in Fault Diagnosis Model

This experiment focuses on constructing a hybrid dataset that
combines generated data and real data. The wind turbine feld

dataset is used as the validation case for drivetrain condition
monitoring.

The experimental evaluation is reorganized into four settings:
noisy DDS signals with 5 dB Gaussian white noise, cross-
condition DDS transfer between diferent load-speed set-
tings, extremely small-sample diagnosis with 10 and 20 real
samples per class, and real feld CMS validation. These settings
test whether the proposed augmentation framework remains
efective under signal contamination, operating-condition
shift, severe data scarcity, and real industrial monitoring
variability. In all cases, generated samples are used only to
expand the training set, while validation and testing are per-
formed on real records.

Five diagnosis models, including CNN [44], LSTM [45], SVM
[46], LSSVM [47], and MRST-Transformer [48], are used for
comparison. Initially, the improved PK-WCGAN generation
model is employed to expand a small-sample dataset. The
generated virtual samples are incorporated into the training set
according to the design, while all test samples remain real feld
records. In the CNN model, diferent fault modes are accu-
rately classifed by extracting spatial patterns from feature
maps. In the SVM model, training and validation are con-
ducted based on features extracted from real data in the time
and frequency domains, exploring the role of generated data in
feature classifcation. In the LSTM model, time series char-
acteristics are learned from real data, and generated data are
used to assess the model’s ability to process nonstationary
signals.

To validate the robustness and reliability of the fault diagnosis
models under varying data scales, all classifcation experiments
were independently executed 10 times with diferent random
seeds. Within each repetition, the same random seed and record-
level split are used for all compared classifers, ensuring a paired
comparison across methods.

Specifcally, each independent run used a diferent seed to ini-
tialize the network parameters and shufe the training samples.
Table 6 and Figure 22 present the average diagnostic accuracy
alongside the standard deviation for each model across varying
sample sizes. Figure 23 presents the confusion matrix of di-
agnostic results with 1000 training samples.

Table 7 reports the diagnostic accuracy of the same CNN eval-
uator trained with diferent data augmentation strategies. The
results show that the classifer trained with PK-
WCGAN–augmented data achieves the highest accuracy
across noisy signals, cross-condition transfer, extreme few-shot
learning, and feld CMS validation. The largest performance gaps
appear in the few-shot and feld validation scenarios, where real-
only training is most likely to overft.

Table 8 further compares PK-WCGAN with recent generative
augmentation baselines under the same CNN evaluator. Ad-
vanced GAN variants outperform conventional CGAN, but PK-
WCGAN achieves the best accuracy, macro-F1, KID, and SSIM,
indicating that pretraining the discriminator prior contributes
not only to classifer accuracy but also to the fdelity of generated
samples and distributional alignment.

The experimental results of Figure 22 demonstrate that the
sample size plays a critical role in model performance. With
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FIGURE 19 | Comparison of KID values between PK-WCGAN and
CGAN.
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only 50 training samples, all models exhibit limited accuracy,
with the best result being 64.4%, and high standard deviations
exceeding 4.1%, indicating training instability and insufcient
feature learning. When the sample size increases to 100,
MRST-Transformer improves markedly, but the shallow
models still remain below 61%. However, as the dataset is
progressively augmented up to 1000 samples, the mean ac-
curacy improves substantially to over 90%, while the standard
deviation narrows signifcantly across all models. Together
with the robustness results in Table 7, these results indicate
that the beneft of PK-WCGAN is not limited to simple sample-
size scaling; the generated samples also improve stability
under noise, operating-condition shift, and extreme data
scarcity. Overall, increased data volume leads to higher model
accuracy, while prior-guided augmentation mitigates small-

sample distribution mismatch and enhances model
generalization.

Statistical signifcance was evaluated using run-level repeated
results. Because all methods were evaluated under seed-matched
repetitions and record-level splits, paired tests were used for two-
method comparisons. The Wilcoxon signed-rank test was adopted
when the paired diferences did not satisfy the normality as-
sumption; otherwise, a paired t-test was used. For multiple-
method comparisons, the Friedman test followed by
Holm–Bonferroni corrected pairwise comparisons was used. The
signifcance level was set to 0.05, and efect sizes were reported
together with corrected p values. The results are shown in Table 9.

To visually evaluate classifcation performance with 1000
training samples, a confusion matrix is used to present the test

(c)

(d)

(e)

250 epochs 500 epochs 750 epochs 1000 epochs

(b)

(a)

0.695 0.711 0.764 0.865

0.702 0.761 0.768 0.764

0.804 0.834 0.882 0.931

0.791 0.837 0.935 0.964

FIGURE 20 | The generation results of diferent models. (a) Authentic samples. (b) CGAN (loss function: binary cross-entropy). (c) WCGAN (loss
function: Wasserstein distance). (d) PK-WCGAN (loss function: Wasserstein distance). (e) PK-WCGAN (loss function: Wasserstein distance with
gradient penalty term).
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results, revealing the distinct advantages of deep learning
architectures in handling complex vibration signals. The
MRST-Transformer consistently outperformed other baseline
models, achieving the highest average accuracy of 97.55% and
the best recall and precision across all categories on 1000
samples. CNN and LSTM also demonstrated strong feature
extraction capabilities, achieving accuracies of 95.93% and
93.46%, respectively. In contrast, traditional shallow machine
learning models, such as SVM and LSSVM, struggled to
capture high-dimensional fault patterns, exhibiting lower
accuracy and higher volatility across all data scales. These
statistical results comprehensively validate that augmented
data not only improve absolute recognition performance but
also ensure superior diagnostic stability.

To further verify the efectiveness of the proposed method in
extremely small sample size scenarios, 10 and 20 samples per
class were randomly selected as the training sets, respectively.
To ensure the reliability of the results, each experiment was
repeated fve times under each sample size setting, and the
average performance and standard deviation were reported.
The baseline was a CNN classifer using only the original real
samples. The proposed method was a CNN classifer trained

with the complete PK-WCGAN framework to generate virtual
samples, and the training set was expanded to 200 samples per
class. The same classifer was then trained with the mixed
dataset. The experimental results are shown in Tables 10
and 11.

Table 10 demonstrates that as the number of real samples
decreases, the performance gap between the baseline and the
proposed method increases substantially. With only 10 sam-
ples per class, the proposed method achieves an accuracy
improvement of over 27% points, elevating model perfor-
mance from a near-random level of 48.5% to a practically
viable 75.8%. This highlights that the proposed data aug-
mentation framework is not only advantageous but in-
dispensable for enabling efective fault diagnosis under
extreme few-shot conditions.

The analysis of overftting risk presented in Table 11 ofers
deeper insight. The baseline model exhibits severe overftting,
with a training–validation accuracy gap reaching 35.2% in the 10-
sample scenario. In contrast, our method reduces this gap to less
than 9%. This suggests that the samples generated by PK-
WCGAN efectively bridge distributional discrepancies in the
target data, providing diverse and informative data that enhance
model regularization and mitigate the tendency to memorize
limited training instances.

4.4 | Ablation Study

To further verify the efectiveness of the proposed method, this
section designs ablation experiments to validate the role of each
module in the model. The wind turbine feld dataset is selected,
with 50 training samples. To ensure that the performance dif-
ferences primarily refect the quality of the generated data rather
than the complexity of diagnosticmodels, a simple CNN classifer
is selected as the evaluator. Seven comparison models are
designed as shown in Table 12.

To ensure fair comparisons and eliminate the infuence of extra-
neous variables, we standardized the experimental conditions for all
ablation models. Specifcally, data augmentation models D–G were
strictly confgured to augment small datasets to the exact same size.
Furthermore, the CNN classifers used to evaluate all confgurations
A through Gmaintained the same network architecture, optimizer,
learning rate, and number of training epochs.

The ablation design separates the main functional contribu-
tions as follows. The comparison between Model B and Model
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FIGURE 21 | Comparison of structural similarities among diferent
models.

TABLE 6 | Diagnostic accuracy of diferent models under varying training sample sizes.

Sample size Average accuracy rate (%) with the standard deviation
50 64.4� 4.41 58.29� 5.24 42.43� 6.06 45.59� 5.9 62.11� 4.13
100 72.75� 4.28 74.66� 3.89 57.63� 5.77 60.74� 5.35 87.17� 3.25
300 89.64� 2.42 88.34� 2.72 84.57� 3.75 86.45� 3.65 93.54� 1.66
500 93.66� 1.38 91.44� 1.77 88.77� 2.50 90.70� 2.25 96.19� 0.94
1000 95.93� 1.04 93.46� 1.34 90.99� 2.07 91.88� 1.82 97.55� 0.50

Method CNN LSTM SVM LSSVM MRST-Transformer
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C isolates the contribution of PSO-based SDP parameter op-
timization. The comparison between Model D and Model E
evaluates the contribution of replacing the conventional
CGAN objective with the Wasserstein loss. The comparison

between Model E and Model F measures the efect of the
gradient penalty, while the comparison between Model F and
Model G isolates the efect of discriminator prior knowledge
pretraining. Therefore, the revised ablation sequence sepa-
rately evaluates the feature optimization module, the Was-
serstein objective, the gradient penalty, and the
discriminator prior.

Ten random experiments were conducted, and the average
value was taken. The experimental results are shown in
Table 13.

A comparison betweenModel B andModel C reveals that PSO-
based SDP parameter optimization increases the accuracy
from 68.4% to 71.5%, indicating that the optimized SDP
mapping improves feature separability even without data
augmentation. All models employing data augmentation
(Models D–G) outperform Model C, which relies only on real
optimized feature maps. This fnding underscores the sig-
nifcance of data augmentation in scenarios with limited
samples. When comparing Model D andModel E, the accuracy
increases from 73.8% to 78.2%, showing that the Wasserstein
objective improves distribution learning relative to conven-
tional CGAN. The comparison between Model E and Model F
further shows that the gradient penalty improves accuracy,
SSIM, and KID by stabilizing the critic. Finally, Model G
improves the accuracy by 7.7% points over Model F and
achieves the highest SSIM and lowest KID, demonstrating that
prior knowledge–guided discriminator pretraining provides

MRST-Transformer LSTM LSSVM

CNN SVM

0

1

2

3

R
ea
l 
ca
te
go
ry

P
re
ci
si
o
n

0

1

2

3

R
ea
l 
ca
te
go
ry

P
re
ci
si
o
n

0

1

2

3

R
ea
l 
ca
te
go
ry

P
re
ci
si
o
n

0

1

2

3R
ea
l 
ca
te
go
ry

P
re
ci
si
o
n

0

1

2

3

R
ea
l 
ca
te
go
ry

P
re
ci
si
o
n

Recall Recall Recall

RecallRecall

Prediction category

0 1 2 3

Prediction category

0 1 2 3

Prediction category

0 1 2 3

Prediction category

0 1 2 3

Prediction category

0 1 2 3

FIGURE 23 | Confusion matrix of diagnostic results when the model has 1000 training samples.
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TABLE 10 | Diagnosis accuracy (%) under extremely small-sample scenarios.

Number of real
samples per class Baseline (CNN) Proposed method

Accuracy improvement (percentage
points)

10 48.5� 3.2 75.8� 2.1 27.3
20 55.1� 2.5 81.3� 1.7 26.2

TABLE 11 | Overftting risk comparison under extremely small-sample scenarios.

Number of real
samples per class Baseline (CNN) (%) Proposed method (%)

Overfitting risk reduction
(percentage points)

10 35.2 8.7 26.5
20 28.7 7.1 21.6

TABLE 12 | Detailed method confgurations for the ablation study.

Model number Model structure Description
Model A Baseline Train the CNN classifer using only the original 50 real samples.
Model B þVMD–SDP Based on A, VMD–SDP feature maps without PSO parameter optimization are

used to train the CNN.
Model C þVMD–PSO–SDP Based on B, PSO is used to optimize SDP parameters, and the optimized real

feature maps are used to train the CNN.
Model D CþCGAN Based on C, conventional CGAN is used for data augmentation.
Model E CþWCGAN Based on C, WCGAN without gradient penalty or discriminator prior pre-

training is used for data augmentation.
Model F CþWCGAN-GP Based on C, WCGAN with gradient penalty is used, but the discriminator prior

pretraining is removed.
Model G Full Model Based on C, data augmentation is performed using the complete PK-WCGAN

with discriminator prior pretraining.

TABLE 13 | Expanded ablation results for isolating key components.

Model
Isolated

confguration Data augmentation
Average accuracy

(%) SSIM KID ↓
Model A Real-only CNN None 64.2� 3.8 — —
Model B VMD–SDP without PSO None 68.4� 3.2 — —
Model C VMD–PSO–SDP None 71.5� 2.9 — —
Model D VMD–PSO–SDPþCGAN CGAN 73.8� 2.7 0.652 65.7
Model E VMD–PSO–SDPþWCGAN without GP WCGAN 78.2� 2.5 0.704 47.9
Model F VMD–PSO–SDPþWCGAN-GP without prior WCGAN-GP 81.4� 2.1 0.741 38.4
Model G Full PK-WCGAN PK-WCGAN 89.1� 1.3 0.796 22.8

Note: The bold values indicate the best performance among all compared ablation methods under the same scenario.

TABLE 9 | Statistical signifcance analysis based on repeated-run results.

Comparison Test Statistic Corrected p Effect size
Seven ablation models Friedman test χ^2  (6) = 55.42 < 0.001 Kendall’s

W = 0.92
PK-WCGAN vs. WCGAN-GP without prior Paired t-test t(9) = 9.18 < 0.001 dz = 2.90
PK-WCGAN vs. FAWGAN-GN Paired t-test t(9) = 5.32 0.0019 dz = 1.68
PK-WCGAN vs. WCGAN-GP across robustness
scenarios

Wilcoxon signed-rank
test

W = 0 0.0039 Clif’s δ = 1.00
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an additional contribution beyond Wasserstein loss and gra-
dient penalty.

5 | Conclusion

This paper proposes a small-sample fault data augmentation
framework using PK-WCGAN, which integrates
VMD–PSO–SDP feature representation optimization and prior
knowledge guidance. This approach is applied to wind turbine
drivetrain diagnosis under limited fault samples. In the feature
representation layer, the method generates high-order fault
feature maps through VMD–PSO–SDP and optimizes SDP
parameters by incorporating velocity update penalty terms,
signifcantly enhancing feature consistency across operating
conditions. In the data augmentation layer, a PK-WCGAN is
constructed where a discriminator pretrained with real feature
maps directs the generation process, combining Wasserstein
distance and gradient penalty to improve quality. The SSIM
value of generated samples exceeds traditional CGAN by an
average of 21.7%. Validation on cross-working condition
datasets fromDDS test benches shows that the generated virtual
samples help bridge the gap in target-domain distribution. A
feld dataset from a wind turbine drivetrain is further in-
troduced. The proposed validation protocol ensures that gen-
erated samples are used only for training and that all reported
feld-test metrics are computed on real CMS records. Overall,
the combined feature optimization and prior-guided adversarial
generation framework provides a practical approach to wind
turbine drivetrain state assessment with scarce and imbalanced
feld fault samples.

This paper still has some limitations. Firstly, the on-site dataset
contains representative data, but the types of faults remain
limited. Secondly, the quality of the generated samples depends
on the discriminative performance of the VMD–PSO–SDP fea-
ture map. Future work will combine multisensor fusion, domain
adaptation, and semisupervised learning to enhance robustness
in unknown operating conditions and reduce reliance on labeled
fault samples.
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