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Abstract

Accurate bearing fault diagnosis is often hindered by sample scarcity and class imbalance. This paper proposes the Physics-
Constrained Spectral Generative Adversarial Network (PCS-GAN), which embeds prior mechanical knowledge into
adversarial training to enhance physical interpretability. The PCS-GAN model employs a time-frequency dual-discriminator
structure to enforce statistical and spectral realism via physics-informed loss terms. To ensure stability, it integrates WGAN-
GP with a progressive loss scheduling strategy. Evaluations on CWRU and MFPT datasets confirm that the PCS-GAN model
achieves high spectral integrity while reducing peak GPU memory consumption by 28% compared to Transformer-based
architectures. Furthermore, the model exhibits robust noise resilience and elevates macro-F1 scores to over 0.94 in extreme
imbalance scenarios. These results demonstrate that the PCS-GAN model provides a computationally efficient and reliable
solution for fault diagnosis in data-scarce industrial settings.
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Highlights

e A physics-constrained loss integrating prior mechanical
knowledge and harmonic alignment is proposed to ensure the
physical plausibility of generated signals.

e Atime-frequency dual-discriminator based on the Wasserstein
Generative Adversarial Network with Gradient Penalty
(WGAN-GP) improves training stability and enhances
statistical and spectral consistency.

e A progressive loss scheduling strategy for physics
regularization accelerates convergence and improves spectral
fidelity.

1. Introduction
Rolling element bearings are fundamental components in
various types of rotating machinery, and their condition
critically affects system reliability and safety. Bearing failures,
often caused by fatigue, wear, or lubrication issues, are a leading
cause of unscheduled downtime and catastrophic accidents.
Industry reports indicate that bearing failures account for

a substantial portion of all mechanical failures, with estimates

ranging from 40% to 50%, resulting in significant economic
losses and potential safety hazards [1]. Consequently, accurate
and early fault diagnosis is of paramount importance for
ensuring the operational continuity and safety of industrial
processes [2]. The increasing demand for intelligent and
automated maintenance has spurred extensive research into
advanced fault diagnosis techniques, which have largely
transitioned from traditional signal processing to data-driven
approaches [3,4].

However, real-world fault data is often sparse due to the
infrequent and random nature of bearing failures, while normal
operational data is abundant [5]. Bearing failures are random
and relatively rare events, particularly in early stages, making
fault data collection challenging [6]. This data imbalance (many
normal examples, few fault examples) forms a small-sample
problem in bearing diagnosis that can severely degrade the
performance of data-driven algorithms. Therefore, exploring
fault diagnosis methods under small-sample conditions is of

increasing research value, especially for improving the
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robustness and efficiency of rolling element bearing fault
diagnosis in practical settings [7]. This fundamental issue of
data scarcity, which is the focus of this work, highlights the need
for novel methods that can perform robustly under small-sample
conditions. Addressing this data scarcity issue is a major
challenge for many data-driven methods, especially advanced
artificial intelligence techniques that rely on large datasets.
Artificial intelligence approaches can be further divided into
machine learning and deep learning techniques [8,9]. Deep
learning methods have shown great success in bearing fault
diagnosis by automatically extracting features from vibration
signals. However, these models typically require abundant
labeled data, which contradicts the scarcity of real fault
examples. Recently, diverse generative paradigms have been
explored to alleviate this data deficiency. For instance,
Diffusion Models [10] and Transformer-based architectures [11]
have demonstrated high-fidelity synthesis capabilities for
complex sequences. Despite their potential, these paradigms
often entail significant computational overhead or risk
generating non-physical artifacts due to a lack of explicit
mechanical constraints. Generative adversarial networks
(GANsS), first proposed by Goodfellow et al. [12] in 2014, have
emerged as a promising solution by synthesizing realistic fault
samples from limited data. By learning the underlying
distribution of actual bearing signals, GAN-based augmentation
can expand the training dataset without additional manual
labeling, and many advanced variants of the basic GAN
architecture have been developed. For instance, CycleGAN-
based frameworks [13] have been successfully applied to
translate fault features across different operating conditions,
while Auxiliary Classifier GANs (ACGANs) [14] have
improved semi-supervised diagnosis through label-conditioned
generation. Conventional GAN approaches, however, have
primarily focused on architectural innovations and loss function
stabilization [15] in this context. They may generate synthetic
signals with spurious or unrealistic characteristics, and the
adversarial training process can be unstable. Black-box data
augmentation lacks explicit alignment with mechanical
vibration  principles, undermining diagnostic = model
trustworthiness [16]. The integration of physical mechanisms
with data-driven approaches addresses the limitations of

standalone physics-based models or purely data-driven methods

by combining their complementary strengths [17]. Kim et al.
[18] proposed the Spectrum-Guided GAN (SGAN) and
Density-Direction Sampling (DDS), which leverage both time-
domain signals and their frequency spectra during training. Lyu
et al. [19] introduced the Gradient Penalty Separated Classifier
GAN (GPSC-GAN), a novel data augmentation model that
develops independent classifiers to generate multi-mode fault
samples under conditions where fault categories are unknown.
Despite these advances, existing methods still face two
significant limitations: (1) Although some research has
attempted to impose spectral constraints during generation, they
do not incorporate the physical characteristics of bearing
vibrations. Moreover, the approaches for representing physical
constraints are relatively simplistic and typically limited to
metrics such as Mean Squared Error (MSE). (2) Instability
during training due to insufficient data remains an unsolved
problem. This issue has been highlighted in prior works, such
as the review of GAN in mechanical fault diagnosis by Pan et
al. in [15].

To address these limitations, we propose a novel Physics-
Constrained Spectral GAN (PCS-GAN) model for rolling
bearing fault diagnosis. Building upon the classical Deep
Convolutional GAN (DCGAN) framework, this work makes
the following key contributions:

(1) This study proposes a novel physics-constrained loss that
integrates spectral consistency and harmonic alignment,
ensuring the generated signals are both physically
plausible and diagnostically meaningful.

(2) This study designs a time-frequency dual-discriminator
architecture, in which the time-domain discriminator
employs the Wasserstein Generative Adversarial
Network with Gradient Penalty (WGAN-GP) to enhance
training stability, alleviate mode collapse, and support
robust cross-domain learning.

(3) This study develops a progressive loss scheduling
strategy for physical regularization, where the generator
first learns statistical distributions and then progressively
incorporates physical constraints, thereby accelerating
convergence and improving spectral fidelity.

In this paper, we systematically evaluate the generated
signals using both statistical similarity and physical consistency

indicators to reconcile data-driven learning with vibration
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theory. Furthermore, the diagnostic utility of the synthetic data
is validated through fault dataset augmentation. For both
Support Vector Machine (SVM) and Convolutional Neural
Network (CNN) classifiers, the inclusion of PCS-GAN-
generated samples leads to significant improvements in
diagnostic performance.

The remainder of this paper is organized as follows: Section
2 reviews GAN variants and physics-guided machine learning
methods; Section 3 details the architecture and training process
of the PCS-GAN model; Section 4 presents experimental results
and fault diagnosis validation; Section 5 concludes the paper by
summarizing the core contributions and quantitative
achievements. Finally, Section 6 provides a comprehensive
discussion on the diagnostic mechanisms, current limitations,

and potential trajectories for future research.

2. Background theory

Rolling bearings are essential components in rotating machinery,
and their health is monitored through vibration signals. Faults
on the inner race, outer race, or rolling elements generate
periodic impulses, which produce distinct features in the
frequency spectrum at specific characteristic frequencies [20].
These fault frequencies can be derived analytically based on

bearing geometric parameters and are expressed as follows [1]:

( D = fr X 2(1 + %cos(a))
foro = fy x % (1= cos(@)
feo =1 X %{1 - (%)2 cosz(a)}

M

where firp, forp, and frp denote the fault characteristic
frequencies corresponding to the inner race defect, outer race
defect, and rolling element defect, respectively. Here, f,. is the
shaft rotational frequency, Z is the number of rolling elements,
d is the ball diameter, D is the pitch diameter, and « is the
contact angle.

These faults induce amplitude modulation in the vibration
signal, often masked by noise or system resonance. This
modulation creates a high-energy resonance band around the
system’s resonance frequency, making it difficult to detect fault
frequencies in the low-frequency spectrum [1]. Envelope
analysis, typically implemented via the Hilbert transform,
isolates the amplitude modulation and enhances fault visibility
[21,22]. The envelope of the analytic signal x(t) + jx(t) is
given by:

X(Oene = 2O + 2(O)? ()
where X(t) is the Hilbert transform of x(t). This facilitates
extraction of periodic fault-related features from nonstationary

signals. Figure 1 shows a typical fault signal and its envelope.
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Figure 1. Typical signals and envelope signals from local faults in rolling bearings.
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Figure 2. Time-domain waveform and envelope (left column); envelope spectra of four fault types with marked fault frequencies

(right column).

To further identify fault signatures, the Fast Fourier
Transform (FFT) is employed to convert time-domain data into
the frequency domain. FFT is used due to its high computational
efficiency, making it well-suited for processing long-duration
signals and supporting real-time monitoring in industrial
applications [23]. The Fourier transform is defined as:

X(f) =7 x (et dt 3)

Spectral peaks at f IRD, f ORD, and f RD confirm fault
presence and type, offering critical insights for condition
monitoring [9]. Figure 2 shows the time-domain waveform and
its corresponding envelope, while the lower row illustrates the
envelope spectrum for four fault types, with fault frequencies

marked by red lines.

2.1. Fundamentals of generative adversarial networks

GANs, introduced by Goodfellow et al. [12], consist of
a generator G and a discriminator D trained in a two-player
minimax game, as illustrated in Figure 3. The generator maps

random noise z to synthetic data G (z), while the discriminator

seeks to distinguish real samples x ~ pgy,, from generated ones.

The objective is:
mGinmng(G,D) = Eypg, 108D ()] + E,p, [log(1 — D(G(2)))] (4)

Random Generated
. —»  Generator — .
Noise Signal

’,_J

Discriminator

Y

Vibration Signal

Figure 3. Architecture of a standard GAN.

To mitigate the training instability and gradient vanishing
problems, WGAN was introduced. It substitutes the Jensen-
Shannon divergence with the Wasserstein-1 distance, which
provides a more stable gradient signal for the model [24].
A further improved variant, WGAN-GP, enhances convergence

by introducing a gradient penalty term to enforce the 1-
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Lipschitz constraint. The loss function of WGAN-GP is given
by:

Lucance = Ezpg [DE] = Exopy [DG)] + 2B, [(1 VD) I~ 1] (5)

where X is sampled uniformly along straight lines between
real and generated samples, and A is the gradient penalty
coefficient [25].

Conditional GANs (CGANs) extend the basic framework by
incorporating additional information (e.g., class labels or
attributes) into both G and D, enabling controlled data synthesis
[26].

2.2. Evaluation metrics for signal generation quality

To assess the quality and realism of generated vibration signals,
we employ three key metrics: Maximum Mean Discrepancy
(MMD), Pearson Correlation Coefficient (PCC), and Fault
Frequency Energy Ratio (FFER). For clarity, we define these
metrics as MMD, PCC, and FFER, respectively.

Let X and Y be the real and generated sample sets,
respectively, and let k(:,-) be a kernel function. Then the

definition of MMD is given by [27]:

1 1 2
MMD?(X,Y) = FZ%’:l k (x;, x;) + mZ?ﬁ-:l koy) — =YL X k (x,y)) (6)

which measures the distributional difference between two
sets of samples using kernel-based statistical distance [28]. The
lower the MMD value, the better the generated signal
distribution approximates the real signal distribution, implying
higher fidelity.

Let u and v be a real signal and a generated signal,
respectively, and let & and ¥ be the means of sequences u and
v, respectively. Then the definition of PCC is given by [29]:
Tie 1 (ui—) (vi—D) 7)

Z?:l(ui_ﬁ)z Z?=1(vi_ﬁ)2

PCC(u,v) =

which quantifies the linear correlation between the real
signal u and the generated signal v. A PCC value close to 1
indicates a high degree of similarity in waveform shape.

Let 2 = [f, — Af, f. + Af] be the fault frequency band, and
let Ay(f) be the amplitude spectrum of the generated signal.
Then the definition of FFER is given by:

Yreadg(f)

FFER = —————
X fefull range Ag (f)

8)

which is used to evaluate the preservation of fault features
within the generated signal’s frequency domain and measures
how much spectral energy is concentrated around the fault
frequency band 2. A higher FFER value suggests that the
generated signal possesses greater diagnostic relevance, as it

more accurately represents the characteristic fault frequencies.
2.3. Evaluation metrics for signal generation quality

Deep learning models have shown remarkable potential in fault
signal generation; however, their black-box nature often results
in limited interpretability and, more critically, a lack of

adherence to domain-specific physical laws. In the context of

NM

rotating machinery diagnostics, such physically inconsistent
signals may not only degrade data fidelity but also compromise
the reliability of downstream fault classification [30].

To address this challenge, physics-guided learning has
emerged as a powerful paradigm that incorporates domain
knowledge into model training. Existing strategies typically fall
into two categories: (i) embedding physical constraints directly
into the learning objective, as in Physics-Informed Neural
Networks (PINNs) [31], or (ii) guiding generative models
through physics-based priors, as in Physics-Guided GANs [32].

Building on this idea, we introduce a physics-constrained
spectral regularization into the GAN framework, leveraging
prior knowledge of bearing fault mechanics. Specifically, we
enforce frequency-domain consistency by encouraging
generated signals to exhibit energy concentration at
characteristic fault frequencies. This constraint acts as an
implicit physical prior, steering the generator toward producing
signals that are not only statistically realistic but also

diagnostically meaningful.
3. Proposed PCS-GAN model
3.1. Model overview

To address the challenge of data scarcity, we propose a PCS-
GAN model. The model incorporates dual discriminators
operating in both the time and frequency domains, with
additional physical constraints imposed in the frequency
domain to enhance the realism and fidelity of the generated data.
The complete workflow of the proposed framework is

illustrated in Figure 4.
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Figure 5. Implementation details of the proposed framework.

The overall workflow of the proposed method is
summarized as follows:

(i) Data acquisition and preprocessing: Raw signals are
collected from sensors and subjected to appropriate
preprocessing operations.

(i1) Model construction and training: A GAN model with
dual discriminators is developed, where physical constraints are
embedded in the frequency domain during training.

(iii) Data augmentation: The trained generator is employed
to produce synthetic signals, thereby augmenting rare fault
samples and constructing an enhanced dataset.

(iv) Fault diagnosis: The enhanced dataset is used to train
a classifier, which performs fault diagnosis and yields the final
diagnostic results.

Specifically, the implementation details of (ii) model
construction and training, including the design of the loss

functions, are further depicted in Figure 5.

3.2. Fault characteristic frequency determination

Accurate determination of fault characteristic frequencies is
fundamental to embedding physically meaningful constraints.
These frequencies, which correspond to specific fault types, are
derived from bearing geometry and rotational dynamics. For
a given bearing, essential parameters include the number of
rolling elements n, ball diameter d, pitch diameter D, contact
angle a, and shaft rotational frequency f,., typically obtained by
converting revolutions per minute (RPM) to Hz.

Under the assumption of zero contact angle (a = 0°), typical
for deep groove ball bearings, the characteristic frequencies—
Ball Pass Frequency Outer race (BPFO), Ball Pass Frequency
Inner race (BPFI), and Ball Spin Frequency (BSF) are
calculated using standard analytical expressions [1]. In this
study, we utilize bearings from two widely recognized
benchmarks: the Case Western Reserve University (CWRU)
dataset [33] and the Machinery Failure Prevention Technology
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(MFPT) dataset [34]. For CWRU, we analyze the drive-end
(6205) and fan-end (6203) bearings. For MFPT, the NICE
bearing parameters are adopted.

Their physical parameters are listed in Table 1.

Table 1. Geometrical parameters of the bearings used in this

study.
Bearing Type n d (inch) D (inch)
Drive-end (CWRU 6205) 9 0.3126 1.5370
Fan-end (CWRU 6203) 9 0.2656 1.1220
NICE (MFPT) 8 0.2350 1.2450

The resulting fault frequency orders, expressed relative to
the shaft frequency, are shown in Table 2. These serve as
domain-informed priors for constructing spectral regularization
terms in the proposed model.

Table 2. Characteristic frequency orders (normalized to shaft

frequency).
Bearing BPFO BPFI BSF
Drive-end (CWRU 6205) 3.58 5.42 2.36
Fan-end (CWRU 6203) 3.05 4.95 1.99
NICE (MFPT) 3.25 4.76 2.55

It should be noted that in real-world applications, factors
such as manufacturing tolerances or wear-induced deviations
may cause actual frequencies to shift slightly from these
theoretical values. To mitigate the sensitivity to such parameter
errors, this study does not enforce point-wise frequency
matching; instead, we design the physics-constrained losses to
operate over adaptive spectral bands Q. This integral-based
approach, detailed in Section 3.3, provides a strategic tolerance
buffer that ensures the model’s robustness against minor

geometric fluctuations and kinematic stochasticity.
3.3. Physics-guided loss formulation

To enforce physical consistency between generated and real
signals, we design a physics-guided loss that integrates prior
knowledge of characteristic fault frequencies into the
generator’s optimization. This loss promotes spectral
conformity in regions of interest, ensuring both statistical

plausibility and physical realism.

3.3.1. Characteristic frequencies and spectral band

definition

The fault characteristic frequencies are calculated based on the
bearing’s physical parameters, as described in Section 3.2.

These frequencies, such as BPFO, BPFI, and BSF, are

determined as follows:

(o ="22(1-2)

_ nfy d

faprr —7(1"'5) €C))
_ Dfr

fesg = 2d

where n is the number of rolling elements, d and D denote
the rolling element and pitch diameters, respectively, and f, is
the shaft rotational frequency in Hz (converted from RPM).
To evaluate frequency-domain consistency, we define
a fault-related spectral band (2 centered around each fault
frequency. The bandwidth Af is determined through a data-
driven calibration mechanism rather than fixed heuristics,
accounting for the inherent frequency shifts caused by rolling
element slippage. Statistically, this adaptive bandwidth spans
10%—20% of the fault frequency f,,;, which provides a robust
tolerance that captures the modulated energy and alleviates
spectral leakage while excluding irrelevant broadband noise
(the detailed calibration procedure is provided in Section 3.3.2):
2 = [fraue = Af, fraure + Af] (10)
These fault-centric bands are used in the spectral loss
formulation to penalize deviations from expected energy
distribution in the frequency domain, thus embedding physical

priors into adversarial training.
3.3.2. Loss function design

To enforce spectral consistency between real and generated
signals, we define a composite physics-guided loss comprising
three terms within the fault frequency band : log-domain
spectral distance, peak response alignment, and energy ratio
consistency.

These components are strategically designed to constrain the
generator's behavior regarding spectral topology, extreme
response, and energy distribution, respectively.

Log-domain spectral distance (L) evaluates the point-
wise topological similarity of the power distribution within the
fault-related frequency band (2. By operating in the logarithmic
scale, it enhances the sensitivity to low-amplitude harmonic

components that are often submerged in noise:

Ly = E [[logA, () — logA, (NI, ,| @D

where |1l o denotes the L,-norm restricted to the frequency
set 2, and A, (f),Ay(f) represent the clamped amplitude

spectra of real and generated signals, respectively.
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Peak response alignment (L, ) ensures that the generated
signals maintain the physical characteristic of high-intensity
shocks by minimizing the discrepancy between the maximum

resonance amplitudes:

Loy = E [ supA, (f) — supAy (f)H (12)
fen feQ

where sup denotes the supremum (peak amplitude) within
the fault-related spectral band.

Energy ratio consistency (L.;,) constrains the global
energy distribution by enforcing the proportion of fault-specific

energy to the total spectral energy to match that of real samples:

IAg(NI3a  1A-(DIZ0
lAg (P13 1A-(NII3

| | as

Composite loss integrates the above components into

a unified objective:
Lihysics = 21 Lmax + A2Laist + A3 Lratio (14)
where 44, 4,, and A3 are weighting coefficients designed to
balance the multi-dimensional physical constraints. Within
Lohysics> these coefficients harmonize the complementary roles
of each term: L, captures extreme transient impulses, Ly
maintains spectral topology, and L, supervises energy
distribution. To prevent any single term from dominating the
optimization due to order-of-magnitude disparities, we
determine these weights through a gradient-based calibration
mechanism during the initial training phase. Specifically, the
gradient norms of L., Lgis» and L, are calculated and scaled
to a consistent range (10! ~ 10%), effectively aligning the
physical constraints with the adversarial objective. This one-
time calibration ensures that the generator is guided by rigorous
physical boundaries while maintaining robust convergence
stability across different datasets.

The bandwidth Af within £ is determined through an
adaptive calibration process before formal training to account
for random variations in bearing kinematics. In industrial
applications, actual fault frequencies often deviate from
theoretical values due to rolling element slippage. To address
these variations, this paper quantifies the frequency deviation §
by analyzing a subset of n real samples, where § represents the
offset between the theoretical peak and the observed spectral
maximum. Assuming these deviations follow a normal

distribution, the bandwidth is defined as:

Af = avg(d) + 20 (15)

where o is the standard deviation. This data-driven
approach provides a robust tolerance—typically 10% to 20% of
the fault frequency—to capture genuine fault components while
filtering out broadband noise. Consequently, this calibration
enhances the precision of physics-constrained guidance across

various rotational speeds and bearing types.
3.4. Model architecture and training strategy

As illustrated in Figure 6, the PCS-GAN model is developed on
the basis of the DCGAN architecture and consists of several
essential components, including normalization layers,
transposed convolution layers (ConvTransposeld), convolution
layers (Convld), dropout, flatten, and linear layers. Each
component plays a distinct role in ensuring stable training and
effective signal generation. Normalization layers stabilize
training and improve convergence. ConvTransposeld layers in
the generator progressively upsample latent vectors into high-
resolution signals. Convld layers in the discriminators extract
temporal features for distinguishing real from generated data.
Dropout layers prevent overfitting and avoid excessively strong
discriminators. Flatten layers convert feature maps into vectors
for dense connections. Linear layers serve as the final
classification units for real-fake discrimination.

By integrating adversarial loss in the time domain and
spectral-constraint loss in the frequency domain, the PCS-GAN
model captures fault-related physical features even with limited
data, ensuring balanced training and improved data quality.

The training of the PCS-GAN model is designed to ensure
both statistical fidelity to the data distribution and consistency
with underlying physical constraints. To this end, we adopt
a physics-constrained GAN training strategy based on WGAN-
GP, extended with dual discriminators (D; and Dy) operating in
the time and frequency domains. To stabilize the adversarial
equilibrium, we introduce a balancing factor y to moderate the
gradient contribution of D , preventing it from over-
constraining the phase information during time-domain
reconstruction. Furthermore, physics-guided losses are
introduced following a curriculum-inspired schedule: the
weight of the physical constraint is set to zero in early epochs

and gradually increased after a warm-up stage.
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Figure 6. Overall architecture of the proposed PCS-GAN model.

During this process, we observed that excessive physical
guidance might inadvertently lead to mode collapse, where the
generator produces highly similar samples that lack stochastic
diversity. To mitigate this risk, a diversity-promoting loss Ly;,
is incorporated into the generator’s objective. This term
incentivizes the generator to explore a broader distribution by
penalizing samples with low intra-batch variance:

1

Laiv = (16)

where B denotes the batch size and € is a small constant for
numerical stability. By balancing L,q,, Lopysics» and Lgiy, the
model achieves a harmonious trade-off between physical
accuracy and sample variety.

The training algorithm is summarized in Table 3.

Table 3. Training algorithm for the PCS-GAN model.

Input: Training dataset X; batch size B; gp coell Agp; factors -y, wy; div weight A g ; initial weights A;; warm-up Nyarm.
Output: Trained generator G.

1. Initialize G and dual discriminators D, Dy. Initialize Appyy = Agiy = 0.
2. for epoch = 110 Nepochs do
3. for each mini-batch from X do
4. Discriminator Training (run acrige times):
5 Sample nois and generate fake signal X = G(2).
6. Compute Wa ance with GP for £, and Dy
L, = EID(xpaie)) — EIDi(xrear)| + Agp - G
Ly, = EIDy(xjake)) — ELDy (xrear)) + Agp - GPy

7. Update Dy, Dy by minimizing Ly = Lp, + 7 « Ly,

8. Generator Training (run once):

9. Generale X and compute x; gy,

10. Compute adversarial 10ss: Logy = —E[Di(xjaie)] — Yo EIDp(3ae))-
11. Compute Lypysics (Via Linax, Ldisi, Lrasio) and diversity loss L.

12. if epoch < Nyarm then L = Logy;

13. else L = Lody + @Lphysics + BLaiv.

14, Update G by minimizing L.

15.  end for

16. end for

4. Experimental results
4.1. Data description

To rigorously validate the efficacy and generalizability of the

PCS-GAN model, experiments are conducted on two distinct
datasets: the CWRU dataset and the MFPT dataset. The
integration of these datasets allows for an evaluation across

varying sampling rates, load conditions, and bearing geometries.
4.1.1. CWRU dataset configuration

We select five operating conditions from the CWRU drive-end
bearing (6205) dataset, sampled at 48 kHz. These conditions
cover three categories: Normal, Inner Race fault, and Outer
Race fault, with damage diameters of 0.014 and 0.021 inches.
As analyzed in Section 3.2, the theoretical fault characteristic
frequencies (BPFI and BPFO) serve as the spectral priors. Each
signal is segmented into non-overlapping windows of 1024

points. The detailed configuration is summarized in Table 4.
4.1.2. Dataset configuration

The MFPT dataset represents a more complex industrial
scenario with a higher sampling rate of 48,828 sps. This study
focuses on the NICE bearing under varying load conditions. For
each fault category (Inner Race and Outer Race), we aggregate
signals across seven different loads (ranging from 0 to 300 lbs)
at a constant input shaft rate of 25 Hz. This aggregation ensures
that the model learns features robust to load fluctuations. After
segmenting the raw signals into 1024-point windows, 600
samples are randomly selected for each fault class to construct
the experimental dataset. The fault frequencies are derived from
the 25 Hz shaft frequency and the bearing geometry, as detailed
in Table 5.
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Table 4. Specifications of the processed CWRU dataset for experimental validation.

Fault Location Fault Width Sample Length Speed Label Sample Numbers Fault Frequency (Hz)
Normal 0.000 1024 1772 Normal 472 —
Rolling Element 0.014 1024 1750 B014 475 137.48
Inner Race 0.014 1024 1750 IR014 476 157.94
Outer Race 0.014 1024 1750 OR014 475 104.56
Outer Race 0.021 1024 1730 OR021 474 103.36
Table 5. Specifications of the processed MFPT dataset.
Fault Location Load (Ibs) Shaft Rate (Hz) Label Sample Numbers Fault Frequency (Hz)
Inner Race 0-300 25 IR 600 119.00
Outer Race 25-300 25 OR 600 81.25

4.2. Baseline models for comparative study

To evaluate the effectiveness and robustness of the PCS-GAN
model, we conduct comprehensive comparative experiments
against five representative generative models, spanning from
classical adversarial networks to modern likelihood-based
diffusion architectures. All baselines are trained under
consistent experimental protocols to ensure a rigorous and fair
performance assessment.

(1) GAN: A standard multilayer perceptron with Tanh
activation at the output layer. The model is optimized using
Adam with a learning rate of 1 X 10™* and ; = 0.5.

(2) DCGAN [35]: A convolutional GAN architecture
designed to capture local dependencies in the signal. Binary
cross-entropy loss is adopted, and optimization is performed
with Adam (f; = 0.5, 5, = 0.999).

(3) WGAN-GP [25]: An improved WGAN incorporating
gradient penalty to enforce Lipschitz continuity and enhance
training stability. Adam optimizers are applied with f; =
0.5,6, = 0.9 ; learning rates are set to 1 X 10™* for the
generator and 2 X 10~* for the discriminator. The number of
discriminator updates per generator step is fixed at 5.

(4) DDPM [36]: A denoising diffusion probabilistic model
(DDPM) implemented with a 1D-U-Net architecture. As
a likelihood-based model, it generates samples by reversing
a gradual Gaussian diffusion process over T = 1000 steps. The
core network utilizes residual blocks and sinusoidal time
embeddings to predict the added noise via a MSE objective.

(5) Transformer-Gan [37]: A generative model based on
the self-attention mechanism. By employing multi-head
attention layers, the model captures long-range correlations in

the 1D time series, which are often difficult for CNN-based

architectures to process.
4.3. Experimental setup

To simulate realistic industrial scenarios where fault data are
scarce, we construct classification datasets with increasing

levels of fault data augmentation.

Dataset

C\assn‘\catlon
Figure 7. Dataset partitioning for signal generation and
classification tasks.

Data Partitioning: As illustrated in Figure 7, the full dataset
is divided into two parts: one for training the generative models
and one for evaluating fault diagnosis. For classification, 80%
of the data is used for training and 20% for testing. All signals
are normalized and segmented into 1024-point non-overlapping
samples.

Imbalance Simulation: Each classification dataset is
constructed with 1000 normal samples and only 10 real fault
samples per class. Synthetic fault data are incrementally added
to adjust the imbalance ratio (IR), defined as the ratio of normal
to fault samples. IR levels range from 100:1 (no augmentation)
to 1:1 (fully balanced). Details are summarized in Table 6.

Table 6. Synthetic fault augmentation under varying IR.

IR Scenario Normal Samples  Fault Samples (Real / Generated)
100:1 1000 10/0
50:1 1000 10/10
20:1 1000 10/40
10:1 1000 10/90
5:1 1000 10/190
1:1 1000 10/490
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Classifiers: To evaluate diagnostic performance under
extremely imbalanced regimes, we train four classifiers : SVM,
Random Forest (RF), Multilayer Perceptron (MLP), and 1D-
CNN on each augmented dataset. Both accuracy and macro-
average F1 score are reported across different IRs, enabling a
comprehensive comparison of classifier behavior and the

contribution of synthetic data.
4.3.1. Quality evaluation of generated signals

In addition to classification performance, we conduct
a dedicated evaluation of the fidelity and physical realism of
generated fault signals. Both qualitative and quantitative
analyses are carried out to assess whether the synthetic data
exhibit statistical and spectral properties consistent with real-
world signals.

Qualitative Comparison

Figure 8 illustrates a comprehensive qualitative assessment

of the signals synthesized by the PCS-GAN model across six

distinct fault categories from the MFPT and CWRU datasets,
both operating at high sampling rates (approximately 48 kHz).
In the time-domain visualizations, the generated signals
successfully replicate the periodic impulsive transients and
decay characteristics observed in the real vibration data,
demonstrating the model’s ability to capture complex temporal
dependencies without falling into mode collapse. Furthermore,
the corresponding envelope spectra reveal that the synthetic
components exhibit sharp, well-defined peaks that align
precisely with the theoretical fault frequency bands. The
alignment between generated spectral peaks and theoretical
fault signatures, even under significant background noise,
demonstrates the efficacy of the integrated physical constraints.
By constraining the generator within a physically consistent
manifold, the PCS-GAN model ensures that the synthesized
data adhere to the mechanical dynamics of the bearing system

rather than achieving simple numerical similarity to the training

distribution.
| | | \ :
AN ‘ e A
} CWRU-B014 - CWRU—TR014
1 ;Mlif‘! Wf" NH" ul‘thr(lwm Hl’\ 1” } ""u"'Jf}l"JI" U“\,’M “\*l‘"l‘(‘ M‘J\ |

\\Hc Ml“'“”‘} g .HI‘[M “!, ’“J”Mn |

"~“‘f{‘.»tx,‘m*lﬂ."‘“',’i‘iff.'.'t"'{\4{:’WLWW

Figure 8. Qualitative comparison of real and PCS-GAN generated signals.

Quantitative Metrics

To systematically quantify the fidelity and diagnostic
relevance of the synthesized signals, we employ three
complementary metrics: MMD, PCC, and FFER. The results
across six fault categories from the CWRU and MFPT datasets
are summarized in Figures 9-11.

Distributional and Morphological Fidelity: Analysis of
the MMD results, presented in Figure 9, indicates that the PCS-

GAN model maintains consistently high performance across all
evaluated fault modes. Although likelihood-based diffusion
models achieve marginally lower MMD in specific instances,
the PCS-GAN model exhibits superior stability and robustly
outperforms both vanilla GAN and DCGAN. This consistency
underscores that the integration of physical constraints
effectively prevents the generator from converging toward non-

physical local optima. Regarding the Envelope Spectrum PCC
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(Figure 10), which quantifies the alignment of periodic
impulsive patterns within diagnostic frequency bands, the PCS-
GAN model demonstrates high structural similarity to real
signals. While DCGAN occasionally yields high PCC values, a
joint analysis considering its elevated MMD suggests a lack of
distributional diversity—a characteristic of mode collapse
where the generator overfits specific waveform templates. In
contrast, the PCS-GAN model achieves a reliable balance
between structural fidelity and distributional variety.

Spectral Integrity and Physical Anchoring: The FFER
results (Figure 11) further highlight the advantages of our
approach. While Transformer-Naive achieves impressive
spectral precision due to its inherent long-range dependency
capture, the PCS-GAN model closely approaches this
performance level, substantially surpassing all other GAN-
based variants. This proximity to Transformer-level accuracy
suggests that our physical loss terms effectively compensate for
the limited receptive field of CNN-based architectures. While
we acknowledge the remarkable feature extraction capabilities

0.031

0.030 4

MMD

of Transformers, the high performance of the PCS-GAN model
provides a compelling alternative for resource-constrained
environments.

Computational Efficiency and Resource Consumption:

To evaluate the practical applicability of the proposed
method, Table 7 summarizes the training costs across different
architectures. While the Transformer-Naive model provides
impressive generation quality by capturing long-range spectral
dependencies, it demands a substantial GPU memory footprint
and exhibits the slowest convergence. In contrast, the PCS-
GAN model achieves a near-Transformer level of synthetic
signal fidelity while reducing peak memory consumption by
approximately 28% and maintaining training durations
comparable to baseline GANs. This result underscores that
incorporating physical priors allows the model to enforce
structural realism and spectral alignment without relying on
excessively deep or resource-heavy parameters, offering an
efficient yet high-quality solution for industrial data

augmentation.

MMD

Generative Models
E WGAN_GP

W Transformer_Nalve
EE FCSGAN

- Gan
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B DCGAN

Experiment Case (Dataset-Fault)

Figure 9. Comparison of best MMD scores across different generative models and fault types.

Envelope Spectrum PCC
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Figure 10. Comparison of best FFT-envelope PCC scores across different generative models and fault types.
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Figure 11. Comparison of best FFER scores across different generative models and fault types.
Table 7. Comparison of computational efficiency and resource requirements.

Model Avg. Conv. Epoch Avg. Conv. Time (min) Max GPU Mem (MB)
GAN 233.30 38.84 56.30
WGAN_GP 98.30 14.32 57.90
DCGAN 200.00 24.53 134.20
Diffusion 68.30 4.76 169.40
PCS-GAN (Ours) 170.00 22.02 1084.00
Transformer_Naive 243.30 32.55 1507.70

Table 8. Quantitative results of ablation studies.

Category Configuration MMD (1) PCC_Env (1) FFER (1) Time/Epoch (s)
CWRU_B014 Exp0 (Full Model) 0.0135 0.3692 0.0389 11.12
Expl (NoPhysics) 0.0114 0.3426 0.0190 11.51
Exp2 (NoDiversity) 0.0111 0.3370 0.0319 11.33
Exp3 (NoDualD) 0.0094 0.3974 0.0339 7.96
Exp4 (Baseline) 0.0171 0.3355 0.0203 10.66
CWRU_IR014 Exp0 (Full Model) 0.0092 0.4247 0.0285 10.27
Expl (NoPhysics) 0.0070 0.4403 0.0089 10.75
Exp2 (NoDiversity) 0.0111 0.4222 0.0275 10.74
Exp3 (NoDualD) 0.0151 0.4000 0.0251 10.48
Exp4 (Baseline) 0.0098 0.3929 0.0093 10.38
CWRU_OR014 ExpO (Full Model) 0.0188 0.4346 0.0268 9.16
Expl (NoPhysics) 0.0124 0.4254 0.0103 9.14
Exp2 (NoDiversity) 0.0126 0.4496 0.0220 9.49
Exp3 (NoDualD) 0.0194 0.4443 0.0234 8.95
Exp4 (Baseline) 0.0161 0.3953 0.0109 9.18
CWRU_OR021 Exp0 (Full Model) 0.0180 0.5641 0.0576 9.45
Expl (NoPhysics) 0.0060 0.4080 0.0113 9.45
Exp2 (NoDiversity) 0.0183 0.4590 0.0423 9.44
Exp3 (NoDualD) 0.0152 0.5129 0.0507 7.38
Exp4 (Baseline) 0.0108 0.3865 0.0107 7.42
MFPT_IR Exp0 (Full Model) 0.0084 0.5997 0.0289 6.36
Expl (NoPhysics) 0.0093 0.4622 0.0051 6.84
Exp2 (NoDiversity) 0.0151 0.4744 0.0361 6.85
Exp3 (NoDualD) 0.0083 0.4805 0.0261 8.34
Exp4 (Baseline) 0.0062 0.3660 0.0050 5.60
MFPT_OR Exp0 (Full Model) 0.0145 0.3699 0.0295 17.74
Expl (NoPhysics) 0.0036 0.2841 0.0065 17.37
Exp2 (NoDiversity) 0.0154 0.3464 0.0261 20.97
Exp3 (NoDualD) 0.0104 0.3804 0.0294 16.27
Exp4 (Baseline) 0.0129 0.2968 0.0063 20.07
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4.3.2. Ablation study and loss balancing analysis

To clarify the contribution of each module and evaluate the
generalization of the proposed method, four ablation variants
are conducted across multiple fault categories: (1) Expl
(NoPhysics), (2) Exp2 (NoDiversity), (3) Exp3 (NoDualD), and
(4) Exp4 (Baseline). The quantitative results are summarized in
Table 8.

An observation of Table 8 reveals a consistent trade-off
between statistical proximity and physical integrity across all
categories. For instance, in MFPT OR, Expl (NoPhysics)
achieves alow MMD, indicating high statistical similarity to the
training samples; however, this proximity does not translate into
diagnostic reliability, as evidenced by its significantly lower
FFER compared to the full model Exp0. This discrepancy
confirms that without physical regularization, the generator
tends to capture the noise floor rather than the underlying
mechanical dynamics.

Beyond these spectral metrics, Figure 12 qualitatively
demonstrates the necessity of the diversity-promoting loss using
the MFPT-OR category as a representative case. As illustrated
in the t-SNE manifolds, the full model Exp0O maintains high
structural alignment with the real reference, whereas the
absence of diversity constraints in Exp2 leads to severe
manifold collapse. Furthermore, while Exp3 achieves higher
PCC in certain cases (e.g., CWRU_B) due to its simplified
adversarial structure, it fails to match the FFER robustness of
Exp0. Consequently, these results reinforce that the integration
of dual-domain discriminators and physical constraints is
essential for synthesizing signals that are both statistically
consistent and diagnostically reliable across diverse industrial

conditions.

ExpO: Full Model Exp2: NoDiversity Exp4: BaselineDCGAN

%
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Real Reference ® Generated Samples

Figure 12. t-SNE visualization of generated manifolds for
ablation configurations.
Mechanistic Synergy and Dynamic Balancing: The

synergy between adversarial and physical losses is managed

through a strategic warm-up phase. As illustrated in Figure 13,
taking the MFPT-OR category as a representative case, physical
constraints are activated at Epoch 20, allowing the generator to
first establish a stable global distribution before refining local
spectral features. Although the physical constraints comprise
multiple terms (Lpax Laists Lratio )» the evolution of Lg;g is
presented in Figure 13a as a representative indicator of spectral
alignment. Upon its introduction, a sharp decline in spectral
error is observed for variants containing physical constraints
(Exp0, Exp2, Exp3), effectively steering the generator away
from the non-physical manifolds occupied by the baseline
models.

Notably, the discriminator loss (d_loss) in Figure 13b
demonstrates that incorporating physical information helps the
model converge to a lower, more stable equilibrium compared
to Exp4. This suggests that physical priors provide clearer
gradient guidance, which not only enhances generation realism
but also optimizes training efficiency. Consequently, the guided
search space leads to shorter per-epoch durations in Exp0 and
Exp3 compared to the unconstrained and relatively inefficient

adversarial process in the baseline DCGAN.

Evolution of d_loss (Up to Epoch 150)

20

151

104

Value
wn

o 20 a0 GO B0 100 120 140
Training Epochs

(a)

Evolution of 1_dist (Up to Epoch 150)

Figure 13. Evolution of training metrics: (a) Physical Distance

Loss (I_dist), and (b) Discriminator Loss (d_loss).
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4.3.3. Robustness and data scarcity analysis

Hyper-parameter Sensitivity Analysis

The integration of physical priors necessitates a balancing
strategy to align disparate loss terms within the optimization
landscape. This study evaluates the model’s sensitivity to the
physics-constrained weights 4,4, A4ist, and A,4:i, Using three
representative configurations on the CWRU dataset:

(1) Set A (Baseline: 4,4, = 10, A4i5¢ = 0.25, 44450 = 100)

(2) Set B (Conservative: 1.51)

(3) Set C (Aggressive: 0.54).

Robustness Comparison Across Different Weight Scales

0455

e FFER (Lo

04

0.3

Metric Value

02

0.1

0002

Set A (Baseline: 1.04) Set B (Conservative: 1.5) Set C (Aggressive: 0.54)

Figure 14. Robustness comparison across different physics
weight scales.

As illustrated in Figure 14, the performance metrics remain
highly consistent across the tested range. Notably, Set B
achieves the highest generation fidelity, while the baseline
configuration maintains a robust score. These results indicate
that the physical constraints function as a flexible guidance
mechanism rather than a rigid boundary. This inherent tolerance
allows the model to accommodate minor geometric parameter
inaccuracies by leveraging the underlying empirical data
distribution to refine the generative manifold, thereby ensuring
stable performance even under parametric uncertainty.

Minimum data requirements and convergence stability:

To assess the model’s resilience against data scarcity, this
study quantifies the correspondence between the sample size N
and the physical duration of the vibration signals. Utilizing the
MFPT dataset as a representative case (48,828 Hz, 3 s total), the
data provides a maximum throughput of approximately 143
samples using 1024-point non-overlapping windows. In this
context, N = 50 and N = 100 translate to a reliance on merely
1.05 s and 2.10 s of raw data, respectively.

The relationship between the evolution of total generator

loss (L¢otar ¢) and sample size is illustrated in Figure 15. While
all configurations eventually exhibit a convergent trend, the
optimization stability remains sensitive to data volume.
Specifically, although the N = 50 configuration can proceed
with training through adaptive batch-size calibration, it suffers
from pronounced stochastic perturbations and a higher loss
floor compared to larger datasets. Notably, a distinct
performance threshold is observed at N = 100 (approximately
2.10 s of signal), beyond which the introduction of physical
priors effectively compensates for data scarcity, allowing the
generator to establish a convergence level comparable to that of
full-scale datasets.

Robustness Analysis: Convergence Behavior under Limited Samples

Sample Size (N)
200 - N=50
— N=100
— N=200
— N=300
N =400
N =500
N =600

Convergence Metric (total_g_loss)
3

0.0

0 25 50 75 100 125 150 175 200
Training Epochs

Figure 15. Convergence behavior of total generator loss under
limited sample sizes.

This suggests that N = 100 provides a sufficiently stable
training baseline for the current experimental setup. However,
it should be noted that while this threshold ensures technical
convergence, the diversity of synthesized patterns remains
inherently bounded by the initial training pool. For complex
industrial environments with high non-stationarity, expanding
the variety of training samples remains a vital direction for

future research to further enhance diagnostic reliability.

4.3.4. Comparative  evaluation under extremely

imbalanced regimes

Effectiveness under Extreme Class Imbalance

To further evaluate the effectiveness of the PCS-GAN under
severe data scarcity, we conduct fault classification experiments
across varying IR. Table 9 and Table 10 report the classification
accuracy and macro-F1 scores achieved by four commonly used
classifiers, while Figure 16 directly shows the performance

trends. We observe a consistent trend: while the accuracy
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remains relatively high even under extreme imbalance (e.g., IR
= 1:100), the macro-F1 scores are initially very low and increase
steadily as the IR improves.

This gap between accuracy and F1 highlights a critical issue
in extreme few-shot scenarios—the classifiers tend to overfit
the majority class (i.e., normal samples) and fail to detect faults.
For example, with IR = 1:100, the accuracy is over 95% for all
models, but the macro-F1 scores are as low as 0.20 for CNN and
MLP. As more synthetic fault samples are introduced, the
macro-F1 rises sharply and reaches above 0.94 when the IR
improves to 1:10 or 1:5, indicating that the classifiers are better
able to recall minority fault classes. The MLP classifier in
particular demonstrates the most benefit, reaching 97.5%
accuracy and 0.9683 macro-F1 at IR = 1:5.

Notably, a performance regression is observed in certain
classifiers at IR = 1: 20, such as the CNN accuracy dropping to
84.72%. This fluctuation suggests that simply increasing the
quantity of synthetic data does not always yield linear
improvements. Rather, it implies the existence of an optimal
augmentation ratio, where excessive synthetic samples may

Table 9. Classification accuracy under different IRs.

introduce redundant generative noise that slightly destabilizes
the decision boundary, whereas an appropriate ratio (e.g., 1:10
or 1:5) provides the necessary diversity for robust
generalization.

To further validate these quantitative trends, the evolution of
decision behavior is examined through confusion matrices
under various IR settings (see Figure 17). At the most extreme
imbalance (/R = 1:100), the SVM classifier predominantly
assigns samples to the majority (normal) class, resulting in near-
zero recall for fault categories despite the high overall accuracy.
This visualization corroborates the "accuracy trap" discussed
previously. As the representation of the minority classes is
enhanced through PCS-GAN augmentation, a progressive shift
in the decision boundary is observed, enabling the classifier to
resolve distinct fault signatures. These qualitative results align
with the macro-F1 improvements reported in Table 10,
confirming that the proposed framework effectively restores
class balance and enhances diagnostic reliability in data-

constrained industrial environments.

Model 1:100 1:50 1:20 1:10 1.5 1:1
CNN 0.9615 0.9259 0.8472 0.9524 0.9417 0.9889
MLP 0.9615 0.9722 0.9500 0.9714 0.9750 0.9900
Random Forest 0.9663 0.9676 0.9500 0.9750 0.9778 0.9917
SVM 0.9856 0.9630 0.9542 0.9714 0.9750 0.9900
Table 10. Macro-F1 score under different IRs.
Model 1:100 1:50 1:20 1:10 1.5 1:1
CNN 0.1961 0.1923 0.2578 0.8629 0.8884 0.9882
MLP 0.1966 0.7461 0.8274 0.9493 0.9683 0.9900
Random Forest 0.2980 0.6324 0.8280 0.9428 0.9675 0.9905
SVM 0.6476 0.5720 0.8302 0.9408 0.9644 0.9895
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Figure 16. Performance comparison across classifiers. Left: Accuracy. Right: macro-F1 score.
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Figure 17. SVM confusion matrices under different IRs.

Robustness to Noise Interference

To assess noise robustness, we simulate varying SNR levels
from oo (no noise) to -5dB (extreme) to mimic complex sensor
environments. Figure 18 compares the diagnostic performance
of models trained with and without PCS-GAN augmentation.

Experimental results indicate that while both models exhibit
high diagnostic fidelity under favorable signal-to-noise ratio
(SNR) conditions (=20 dB), their performance diverges as noise
intensity increases. At an SNR of 10 dB, the baseline model’s
macro-F1 score decreases to below 0.50, whereas the PCS-
GAN-augmented framework maintains a robust performance of

0.98. Under extreme regimes (0 dB and -5 dB), where the noise

Macro-F1 Score (%) vs. SNR

power is equivalent to or exceeds the signal power, the baseline
model fails to yield statistically significant predictions. In
contrast, the proposed model retains a Macro-F1 score of 0.59
at 0 dB. These findings define the operational limits of the
diagnostic system under additive interference. Although such
low-SNR conditions are typically beyond the conventional
requirements for industrial deployment, the results demonstrate
that the PCS-GAN extends the reliability boundaries of fault
diagnosis. By optimizing on a physics-consistent manifold, the
framework achieves enhanced resilience against the stochastic
fluctuations and background noise inherent in complex

mechanical environments.

Accuracy (%) vs. SNR
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Figure 18. Model performance under varying SNR levels.
. By integrating data-driven generative capacity with physics-
5. Conclusion Yy integrating g pacity phy

This study presents the PCS-GAN framework for vibration

signal synthesis under constrained and imbalanced data regimes.

based principles, the architecture addresses the dual challenges
of data scarcity and physical implausibility. Experimental

evaluations on the CWRU and MFPT datasets demonstrate that
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the synergy between the dual-domain discriminator and
physics-constrained losses facilitates the synthesis of signals
that accurately replicate periodic transients while maintaining
spectral integrity. Quantitatively, the model achieves high
distributional fidelity comparable to contemporary benchmarks
while reducing peak GPU memory consumption by
approximately 28%.

Ablation studies confirm that physical constraints stabilize
the optimization landscape and define clear operational
boundaries for the framework. Notably, PCS-GAN
demonstrates superior resilience against noise interference,
maintaining diagnostic utility under low-SNR conditions where
conventional models typically fail. In extreme class-imbalance
scenarios, the proposed augmentation effectively restores
diagnostic recall, elevating classification performance to
arobust range. Ultimately, these findings verify that embedding
domain-specific mechanical dynamics into generative
architectures enhances both the reliability and computational
efficiency of diagnostic systems in complex industrial

environments.
6. Discussion

The performance gains of the PCS-GAN model stem from
directing the generative process toward manifolds consistent

with mechanical principles. Unlike rigid point-frequency
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matching, the integrated physics-constrained losses utilize
spectral integration and energy distribution as priors. This
approach provides inherent resilience to frequency shifts and
geometric inaccuracies typical of industrial components.

Nevertheless, several areas for refinement are identified in
this study. While the DCGAN-based backbone maintains
computational efficiency, the incorporation of attention
mechanisms may better capture long-range dependencies in
non-stationary signals. Furthermore, replacing empirical weight
calibration with automated hyper-parameter optimization could
improve adaptability across diverse mechanical systems. The
observed non-linear correlation between augmentation ratios
and performance also indicates that identifying an optimal
threshold is essential for maximizing generalization.

Future research will focus on the developing hybrid
Transformer-based architectures to reconcile modeling capacity
with physical interpretability. Specifically, gradient ratio
scanning experiments will be conducted to quantitatively
determine the exact optimal range of augmentation ratios,
addressing the sensitivity of physical consistency to different
data scales. Additionally, implementing adaptive calibration
mechanisms and refining the model scale remain critical for
low-latency deployment on edge computing devices, thereby

supporting real-time predictive maintenance requirements.
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