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Abstract

Aiming at the problems of fault samples being difficult to obtain in fault diagnosis research
on heavy-duty bearings of thin-seam shearers and the insufficient diagnostic performance
of existing methods under small-sample conditions, this study focuses on dataset construc-
tion, sample augmentation and fault diagnosis. First, based on the virtual prototype model
of the cutting-unit transmission system of a thin-seam shearer, three-dimensional models
of healthy bearings and four typical fault types (inner ring fault, outer ring fault, rolling-
element fault and cage fault) of heavy-duty bearings were built using SolidWorks 2024.
Vibration signals were collected through ADAMS dynamic simulation and converted into
time-frequency images via Continuous Wavelet Transform (CWT), thereby constructing an
original fault dataset with five states. Furthermore, a conditional generative adversarial net-
work incorporating VGG perceptual loss (VGG-CGAN) was proposed to achieve targeted
sample augmentation for the five bearing states, effectively alleviating the class-imbalance
problem. On this basis, an improved ResNet50 fault-diagnosis model was constructed,
and Bayesian optimization was used to automatically tune key hyperparameters. Experi-
mental results show that the improved ResNet50 model achieved an accuracy of 87.14%
on the self-built thin-seam shearer heavy-duty bearing dataset and 98.28% on the public
CWRU dataset. The proposed method exhibits strong diagnostic performance and gen-
eralization ability under small-sample and imbalanced data conditions. This study can
provide new ideas and useful references for fault diagnosis of heavy-duty bearings in
thin-seam shearers.

Keywords: thin coal seam; cylindrical roller bearing; heavy-duty bearing; fault diagnosis;
small sample

1. Introduction
In intelligent, fully-mechanized mining systems for thin coal seams, the shearer is

the core equipment for coal cutting and loading. The transmission system of the shearer
cutting unit is the most fundamental power transmission component. Compared with
other components, the heavy-duty bearings in the cutting unit bear larger loads and more
complex stresses, and the front cutting unit operates under particularly harsh conditions.
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As thin-seam shearers operate under heavy load for long periods in narrow, high-dust,
and high-humidity environments, the heavy-duty bearings in the front cutting unit, as key
rotating components, are subjected to complex, alternating impact loads and extremely
high contact stresses. Under the coupled effects of continuously strong vibration, frequent
start–stop cycles, and coal-rock media intrusion, bearings are prone to typical faults such
as fatigue spalling, crack propagation, and aggravated wear, directly affecting the relia-
bility and mining efficiency of the shearer. Heavy-duty bearings have high maintenance
costs, and once a fault occurs, it rapidly spreads through the transmission chain, causing
equipment shutdowns, production interruptions, or even transmission-system collapse
and serious safety accidents. Therefore, fault diagnosis of heavy-duty bearings in the
transmission system of thin-seam shearers directly affects production efficiency; reduces
energy consumption during operation; extends service life; enhances the level of mine
intelligence; and ensures miner safety, which is of great significance.

Vibration signals are the most important information source for fault diagnosis of
shearer bearings and gearboxes because they are sensitive to mechanical state changes
and contain abundant fault information. Liu Xunan et al. established common fault
models of broken teeth, cracked gears, and defective bearings using PRO/E software and
successfully identified faulty components and fault types in the cutting-unit transmission
system through dynamic simulation analysis [1]. Deng Yuxu proposed a fault-diagnosis
method combining wavelet analysis and an improved BP neural network. By decomposing
and reconstructing vibration signals using wavelet packets and optimizing the BP network
with an additional momentum method and adaptive learning rate, diagnostic accuracy
was significantly improved, and computation time was notably reduced [2]. Xu et al.
combined Ensemble Empirical Mode Decomposition (EEMD) with an improved Harris
Hawks Optimization (HHO) algorithm for the denoising of shearer vibration signals.
After decomposing signals into intrinsic mode functions via EEMD, the improved HHO
algorithm adaptively selected effective modes for reconstruction, effectively enhancing the
signal-to-noise ratio of vibration signals under strong noise and improving the identifiability
of fault features [3]. Zhang Xuhui et al. pre-trained a deep residual network using a
large amount of labeled data from the source domain, then transferred feature extraction
capability to the target domain via model-parameter migration and finally fine-tuned
the network with only a small number of target-domain fault samples to achieve high-
precision fault diagnosis of rocker-arm bearings under small-sample conditions [4]. Feng
Yinhui et al. focused on the problem of extremely few fault samples and severe class
imbalance in shearer anomaly detection, designing an anomaly detection method based on
an autoencoding Siamese neural network, which significantly improved the accuracy and
robustness of time-series anomaly detection [5].

Most faults in thin-seam shearers occur in the gear-transmission part of the cutting
unit and the hydraulic-transmission part of the traction unit [6]. As key components of
the cutting unit, fault diagnosis and identification of these bearings are among the key
points for real-time online diagnosis. Sun Mingbo et al. proposed a fault-diagnosis model
based on HGWO-MSVM for feature-vector extraction of shearer rolling bearings, which
significantly improved the accuracy and efficiency of shearer bearing fault diagnosis [7].
Quan Baochao et al. deeply studied the applicability of sparse decomposition methods for
rolling bearing fault diagnosis of shearer rocker arms [8]. Cao Xiangang et al. proposed a
fault-diagnosis model based on vibration images combined with dynamic convolutional
neural networks, which can efficiently and accurately classify different fault forms of
shearer rolling bearings [9]. Cheng Liang et al. proposed a novel fault-diagnosis method for
rolling bearings in shearer cutting units based on CEEMD-RSVPSO-SVM, achieving high
accuracy and convergence speed [10]. Yang Feiwen proposed a method applying momen-
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tum contrast tuning to shearer bearing fault diagnosis, which was tested on six publicly
available rotating machinery fault datasets, providing strong support for the improvement
of the accuracy of shearer bearing fault prediction [11]. Qin F Y et al. proposed a method for
extracting shearer bearing faults through ADAMS simulation and HHT feature extraction,
providing valuable theoretical support for field applications of shearer fault diagnosis [12].
Liu et al. further extended the research from fault diagnosis to remaining-useful-life (RUL)
prediction, proposing a graph learning method based on variational graph structural infor-
mation bottleneck (GL-VGSIB), which adaptively learns the graph structural dependencies
of multi-sensor signals, thereby effectively improving the accuracy of equipment RUL
prediction [13]. Guo Jinhui proposed a bearing fault diagnosis method for shearer cut-
ting units based on Improved Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise (ICEEMDAN) and an improved Support Vector Machine (SVM), achieving
high classification accuracy in practical engineering applications [14]. In addition, in the
field of transfer learning, Liu et al. proposed an interpretable domain adaptation Trans-
former (IDAT) model, which leverages the global information-capturing capability of the
Transformer architecture to address the insufficiency of feature representation in traditional
methods for cross-domain fault diagnosis, and enhances model interpretability through an
attention-weight mechanism, achieving excellent performance in various cross-condition
bearing fault-diagnosis tasks [15].

In summary, scholars worldwide have conducted extensive research on fault diagnosis
of shearer transmission components, covering various technical routes, such as signal
processing, machine learning, deep learning, and transfer learning, and have achieved good
results in laboratory environments and specific industrial scenarios. However, existing
research still has the following shortcomings: First, most studies focus on general rolling
bearings or rocker-arm bearings, while research on fault diagnosis of dedicated heavy-duty
bearings for thin-seam shearer cutting units, especially four-row cylindrical roller bearings,
is rare. Second, most methods rely on sufficient and balanced fault samples, making them
difficult to directly apply to actual working conditions of thin-seam shearers, where fault
samples are scarce and class distribution is severely imbalanced.

In view of this, this paper focuses on heavy-duty bearings of thin-seam shearer cutting
units, conducting research on simulation data construction, small-sample augmentation,
and imbalanced diagnosis. A conditional generative adversarial network incorporating
VGG perceptual loss (VGG-CGAN) is proposed to achieve high-quality, targeted sample
augmentation of the original time-frequency image dataset of five states constructed via
dynamic simulation. For small-sample and imbalanced tasks, an improved ResNet50 model
is designed, combined with Bayesian optimization for automatic hyperparameter tuning.
This study can provide a theoretical basis and valuable reference for fault diagnosis of
heavy-duty bearings in thin-seam shearers.

The research content of this paper is summarized as follows. Section 2 constructs an
original fault dataset of heavy-duty thin-seam shearer bearings based on dynamic sim-
ulation and continuous wavelet transform. Section 3 proposes a conditional generative
adversarial network incorporating VGG perceptual loss (VGG-CGAN) for targeted dataset
augmentation, alleviating the sample-imbalance problem Section 4 builds an improved
ResNet50 fault-diagnosis model, performs hyperparameter tuning via Bayesian optimiza-
tion, and verifies the diagnostic performance and generalization ability under small-sample
conditions. Finally, the research achievements and main conclusions are summarized.
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2. Construction of Original Dataset for Heavy-Duty Bearings of a
Thin-Seam Shearer Cutting Unit
2.1. Establishment of Virtual Prototype Model of Thin-Seam Shearer Cutting Unit

To achieve accurate dynamic simulation of the thin-seam shearer cutting unit (trans-
mission system), this study adopts contact modeling theory based on the impact function
method to construct a dynamic interaction model between transmission-system compo-
nents. In this model, the contact stiffness coefficient is a key physical parameter determining
simulation accuracy, and its theoretical calculation relies on the Hertz contact theory frame-
work. The specific derivation process is outlined as follows:

According to the geometric relationship at the contact point of the gear pair, the
equivalent radius of curvature is calculated as follows:

1
R

=
1

R1
± 1

R2
(1)

The equivalent elastic modulus is calculated by integrating the elastic properties of the
gear materials:

1
E
=

1 − ν2
1

E1
+

1 − ν2
2

E2
(2)

Based on Hertz contact theory, the analytical expression for the base stiffness (k) is
derived as follows [16]:

K =
4
3

R
1
2 E (3)

where R1 and R2 are radius values from the gear involute contact point to the gear center
in mm, E1 and E2 are the elastic modulii of the two gear materials in MPa, and ν1 and ν2

are the Poisson ratios of the corresponding materials.
The plus sign (+) corresponds to external gear meshing, while the minus sign (−)

applies to internal gear meshing. By adding constraints and driving with a motor, a multi-
coupled virtual prototype model of the thin-seam shearer cutting unit is established, as
shown in Figure 1.

Figure 1. Multi-coupled virtual prototype model of the shearer.

2.2. Establishment of Simulation Model for Heavy-Duty Bearings of a Cutting Unit

Thin-seam shearers are key equipment for the mining of coal seams with a thickness
below 1.3 m. Due to the extreme narrowness of the working space, the overall structure
must be highly compact with high power density. The cutting unit, as the core component
directly breaking coal and rock, bears huge impact loads, vibrations, and bending moments.
The performance and reliability of its main shaft bearing directly determine the coal-mining
efficiency and service life of the entire machine. The four-row cylindrical roller bearing is
a classic solution designed to cope with such extreme working conditions. Its multi-row
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parallel load-carrying structure distributes the total load into four independent load-bearing
units, achieving increased load capacity and structural rigidity. The bearing structure is
shown in Figure 2.

Figure 2. Structure of the heavy-duty bearing in the cutting unit.

This study focuses on the model 250RY1681/250 × 340 × 230 FC-type four-row
cylindrical roller bearing, with an inner diameter of 250 mm, outer diameter of 340 mm,
and width of 230 mm, belonging to the wide series. The specific structural parameters are
listed in Table 1. SolidWorks 3D modeling software was used to establish the 3D model of
heavy-duty bearing of the the thin-seam shearer. During modeling, the Z-axis is the axial
direction, and the X and Y axes are radial directions, ensuring accurate dimensions and
correct assembly relationships. The final 3D model of the healthy heavy-duty bearing of
the thin-seam shearer was established.

Table 1. Specific parameters of the 250RY1681 four-row cylindrical roller bearing.

Parameter Value Parameter Value

Bore diameter 250 mm Bearing width 230 mm
Outer diameter 340 mm Inner raceway diameter 276 mm
Roller diameter 18.9 mm Outer raceway diameter 314 mm
Radial clearance 0.1 mm Axial clearance 0.2 mm
Pitch diameter 292.5 mm Contact angle 0◦

Number of rollers 30 × 4 Raceway width 42.5 mm

According to relevant research, four-row bearings often fail under harsh conditions
due to lubrication failure, foreign-object intrusion, misalignment, etc. [17]. The main failure
modes include fatigue spalling, wear, plastic deformation, corrosion, gluing, fracture, and
misalignment. Spalling is one of the most common and serious failure modes for four-row
cylindrical roller bearings. Therefore, for inner ring, outer ring, and rolling element faults,
spalling simulation is used for 3D modeling; cage faults are simulated by introducing local
fractures on the cage structure.

The vibration-response characteristics of a bearing are governed by the relative propor-
tion of the fault size to the key geometric parameters of the bearing. Accordingly, the fault
dimensions in this study are determined by referring to the standard simulated fault sizes
provided by the Case Western Reserve University (CWRU) bearing dataset [18]. Specifically,
spalling faults are set as spherical pits with a diameter of 0.54 mm (0.021 in) and a depth
of 0.26 mm on the corresponding component surface to simulate local spalling. The cage
fault is defined as a fracture oriented at 120° relative to the axial bearing direction, with a
fracture depth of 4.5 mm and a penetration of 5 mm.
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In this study, four fault types are considered: outer race fault, inner race fault,
roller fault and cage fault. The models and fault locations for each fault type are shown
in Figure 3.

Figure 3. Demonstration of fault-location settings for bearing components.

2.3. Dynamic Analysis of a Heavy-Duty Cutting-Unit Bearing

Dynamic analysis of the heavy-duty bearing in the cutting unit is a key step to obtain
its vibration signals. First, based on the actual working-condition data of the MG400/951
((Jiamusi Coal Mine Machinery Co., Ltd., Jiamusi, Heilongjiang, China)) thin-seam shearer
cutting unit, the working load of the target heavy-duty bearing is calculated. Then, the
obtained load curve is used as input for dynamic simulation analysis to collect vibration
signals under healthy and faulty conditions.

2.3.1. Load Calculation of the Heavy-Duty Bearing of a Cutting Unit

The main operating parameters of the MG400/951 thin-seam shearer cutting unit
are a rotational speed (n) of 58 r/min and motor power of 400 KW. Based on the actual
distribution of cutting-unit components, the dimensional parameters of each part were
measured. Using the bending–torsional composite strength condition of the shaft, the
load borne by the target bearing in actual operation was calculated. The load-distribution
diagram of the shaft where the heavy-duty bearing is located was generated. All gears are
spur gears, and the right spline is connected to the drum, as shown in Figure 4.

According to the specific parameters of the MG400/951 thin-seam shearer, the torque
of gear 1 T1 is calculated using Formula (4):

T1 = 9550
P
n
=

400 × 9550
58

≈ 65862 N · m (4)

where subscripts A and D correspond to Gear 1 and Gear 2 (as shown in Figure 4), respec-
tively; FtA and FtD denote the tangential forces acting on Gear A and Gear D; and FrA and
FrD denote the corresponding radial forces. The tangential force acts along the tangent to
the pitch circle, while the radial force acts along the line connecting the gear centers.
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Figure 4. Load analysis diagram of the shaft with the target bearing.

According to the force formulas for spur gears, the radial force Fr and tangential force
(Ft) of Gear 1 and Gear 2 are calculated:

Ft =
2T1

d1
(5)

Fr = Ft tan α (6)

where d1 is the pitch-circle diameter of Gear 1 (406 mm) and α is the pressure angle (20°).
According to the above equations, the calculated results are FtA ≈ 324,443 N and

FrA ≈ 118,081 N.
On the horizontal plane (H-plane), the bearing reaction forces are opposite to the

direction of Ft. By taking moments about points B and C and writing equilibrium equations,
the target bearing reaction force at point B (FNHB) and the bearing reaction force at point C
(FNHC) can be obtained:{

∑ MHB = 0 ⇒ FNHC · L2 + FtAL1 = FtD(L2 + L3)

∑ MHC = 0 ⇒ FNHB · L2 + FtDL2 = FtA(L1 + L2)
(7)

where L1, L2, and L3 are the lengths of lever arms for segments AB, BC, and CD (mm), the
specific values of which are shown in Figure 4.

According to the above equations, the calculated result is expressed as follows:FNHC = 1.568FtD − 2688887

FNHB = 5933330 − 0.3568FtD
.

The horizontal bending moments (MH B and MHC) are calculated as follows:MHB = FtA · L1 = 78515.206 N · m

MHC = FtD · L3 = 0.166FtD
(8)
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On the vertical plane (V-plane), the bearing reaction forces (FNVB and FNVC) are
opposite to the direction of Fr. By taking moments about points B and C and setting
counterclockwise moments equal to clockwise moments, the target bearing reaction force
at point B (FNVB) and the bearing reaction force at point C (FNVC) on the vertical plane
are obtained: ∑ MVB = 0 ⇒ FNVC · L2 + FrAL1 = FrD(L2 + L3)

∑ MVC = 0 ⇒ FNVB · L2 + FrDL2 = FrA(L1 + L2)
(9)

The calculated result is

FNVC = 1.568FrD − 97866

FNVB = 215953 − 0.568FrD
.

The vertical bending moments (MVB and MVC) are calculated as follows:MVB = FrA · L1 = 28577.054 N · m

MVC = FrD · L3 = 0.166FrD
(10)

Finally, the resultant bending moments (MB and MC) at points B and C are expressed
as follows: MB =

√
M2

VB + M2
HB ≈ 83554.087 N · m

MC =
√

M2
VC + M2

HC

(11)

2.3.2. Vibration Signal Acquisition Through Dynamic Simulation of a Heavy-Duty Bearing

The healthy heavy-duty bearing model and four fault-state models established in
Section 2.2 were imported into ADAMS dynamic simulation software. According to the
sampling theorem, the simulation step size was set to 0.001 s, and the sampling frequency
was set to 1000 Hz to ensure alias-free signals. A vibration signal acquisition point was set
on the bearing’s inner ring, and the working load calculated in Section 2.3.1 was applied
for dynamic simulation. During the simulation, radial vibration acceleration signals of the
bearing under healthy and various fault states were recorded, with a simulation duration
of 3 s. Partial time-domain waveforms of vibration signals are shown in Figures 5 and 6.

Figure 5. Vibration curve of a bearing with outer race fault.
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Figure 6. Vibration curve of a bearing with inner race fault.

2.4. Vibration Feature Extraction Based on Wavelet Transform

The vibration impact signals caused by shearer bearing faults are related to the fault
location, and different fault locations exhibit different spectral characteristics of vibration
signals. The key to shearer bearing fault diagnosis is the extraction of useful signals from
complex signals and the identification of the characteristic fault frequencies of shearer bear-
ings [19]. When a bearing fault occurs, periodic transient signals generate low-frequency
vibrations, typically below 1 kHz. The fault frequencies of each component are related to
the structural parameters and kinematic parameters of the bearing, which are summarized
as follows:

Natural frequency of roller:

fm = 0.212
Eg
rρ

(12)

where R is the elastic modulus of the roller material (MPa), ρ is the density of the roller
material (kg/m³), and r is the roller radius (mm).

Shaft frequency of shearer bearing:

fr =
n
60

(13)

Outer race fault frequency of shearer bearing:

fo =
Z
2

fr

(
1 − d

D
cos α

)
(14)

Inner race fault frequency of shearer bearing:

fi =
Z
2

fr

(
1 +

d
D

cos α

)
(15)

Roller fault frequency of shearer bearing:

fb =
1
2

fr
D
d

[
1 −

(
d
D

)2
cos2 α

]
(16)

https://doi.org/10.3390/sym18071219

https://doi.org/10.3390/sym18071219


Symmetry 2026, 18, 1219 10 of 25

Cage fault frequency of shearer bearing:

fc =
Z
2

fr

(
1 − d

D
cos α

)
(17)

where n is the rotational speed of the shaft cooperating with the bearing (r/min), Z is
the number of rollers, α is the contact angle, d is the roller diameter (mm), and D is the
pitch-circle diameter of the rollers (mm).

To achieve accurate extraction and visualization of fault features of heavy-duty bear-
ings of thin-seam shearers, this study uses the Continuous Wavelet Transform (CWT)
method for time-frequency analysis of the vibration signals collected in Section 2.3.2. For
the mother wavelet, the complex Morlet wavelet is adopted as the analysis basis function,
with the following mathematical expression:

φ(t) = π−1/4eiω0te−t2/2 (18)

where ω0 is the wavelet center frequency, usually taken as 2π (rad/s).
For the target object of this study, the 250RY1681/250 × 340 × 230 four-row cylindrical

roller bearing, substituting the specific parameters (Table 1) into the characteristic vibration
Formulas (12)–(17) for faulty bearings yields the following fault frequencies:

Target bearing shaft frequency: fr ≈ 0.9667 Hz
Target bearing outer race fault frequency: fo ≈ 13.562 Hz
Target bearing inner race fault frequency: fi ≈ 15.434 Hz
Target bearing roller fault frequency: fb ≈ 7.445 Hz
Target bearing cage fault frequency: fc ≈ 0.452 Hz
In practical applications, the number of data points for wavelet transform is often

set to an integer power of 2 to facilitate FFT calculation. Meanwhile, to ensure that each
time-frequency image displays three to five complete impact cycles for effective fault-
mode confirmation and avoidance of random noise misjudgment, three sets of parameters
(window size of 1024 and step size of 256; window size of 512 and step size of 128; window
size of 256 and step size of 64) were compared. Based on the generated original time-
frequency image dataset, the dataset augmented by the generative adversarial network, and
the final fault-diagnosis classification results, the final parameter settings are determined
as shown in Table 2.

Table 2. Parameter selection for CWT.

Parameter Name Set Value Parameter Name Set Value

Sampling frequency 1000 Hz Step size 64
Window size 256 Wavelet center frequency 6 rad/s

Through the above processing, a complete original fault-diagnosis dataset for heavy-
duty bearings of thin-seam shearer was constructed: 59 time-frequency images for the
healthy state, 58 for inner race fault, 135 for outer race fault, 32 for rolling element fault,
and 58 for cage fault. Some generated time-frequency images are shown in Figure 7.

Preliminary analysis of the generated time-frequency images reveals that the time-
frequency energy distribution of healthy bearings is uniform, without obvious impact
features; faulty bearings exhibit significant energy concentration at specific frequencies;
and different fault types display unique “fingerprint” features on the time-frequency plane.
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Figure 7. Time−frequency representation obtained via CWT.

3. Dataset Augmentation for Heavy-Duty Bearings of a
Thin-Seam Shearer
3.1. Stratified Partitioning Strategy for Heavy-Duty Bearing Dataset

Following machine learning practices [20], this study adopts a stratified sampling
strategy to partition the dataset: 60% for the training set, 20% for the validation set, and 20%
for the test set, ensuring consistent class distribution across subsets. Data augmentation
(including online augmentation) is applied only to the training set, while the validation and
test sets remain unchanged to prevent data leakage and ensure objective evaluation and
generalization. This strategy effectively alleviates the small-sample and class-imbalance
issues of the original dataset, avoiding distribution bias caused by random partitioning.

3.2. VGG-CGAN Generative Adversarial Network

A dataset with balanced classes, diverse samples, and clear features is fundamental for
the training of high-performance deep learning models. The achievement of controllable,
targeted sample generation can effectively mitigate the impact of imbalanced samples in
the original thin-seam shearer heavy-duty bearing dataset on fault diagnosis [21]. CGAN
was chosen as the dataset augmentation network mainly because CGAN precisely controls
the generated image class through conditional labels, ensuring sample realism while
maintaining intra-class diversity, effectively enriching the training set and enhancing
the feature robustness of subsequent diagnostic models; it converges faster and more
stably under small-sample conditions, and the discriminator simultaneously performs
authenticity discrimination and label matching, strengthening the semantic association
between generated features and fault types.

CGAN consists of a generator and a discriminator: the generator input includes a
random noise vector and class label, progressively upsampling through fully connected
and transposed convolutional layers, using an improved residual structure to avoid gra-
dient vanishing; the discriminator simultaneously judges the authenticity and class label
of the input image, outputting the image-authenticity probability and class-probability
distribution. The structures are shown in Figures 8 and 9.

To address the small-sample challenge in fault diagnosis of heavy-duty bearings of
thin-seam shearers, this study adopts online data augmentation techniques, applying
random transformations to input images during model training, providing diverse training
samples for each epoch and effectively improving model generalization. The online data
augmentation pipeline includes: a random horizontal flip (p = 0.3), random rotation (range
±5°), color jitter (minor adjustments to brightness, contrast, saturation, and range ±10%).
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Figure 8. Architecture of the CGAN generator.

Figure 9. Architecture of the CGAN discriminator.

Traditional GANs adopt pixel-level loss functions, which tend to produce blurry time-
frequency images and result in the loss of transient fault features. To address this limitation,
this paper proposes a deep convolutional generative adversarial network integrated with
Visual Geometry Group (VGG) perceptual loss (VGG-CGAN) to generate high-quality and
diverse fault samples for further expansion of the training dataset. The introduction of
VGG perceptual loss can effectively alleviate the above problem, which has been validated
in bearing fault diagnosis [22]. The VGG network pre-trained on ImageNet has powerful
feature extraction capabilities, capturing essential features of time-frequency images. Per-
ceptual loss extracts high-level semantic features of images using a pre-trained deep neural
network, computing the difference between generated and real images in feature space,
guiding the generator to produce visually more realistic samples. This paper uses the first
five convolutional layers of the VGG16 network as the feature extractor. The configuration
of the first five layers of VGG16 is shown in Table 3.

Table 3. Parameter configuration for the first five layers of VGG16.

Layer No. Module
Type

Input
Channels

Output
Channels

Kernel
Size Output Size

1 Conv2d 3 64 3 × 3 64 × 64 × 64
2 ReLU - - - 64 × 64 × 64
3 Conv2d 64 64 3 × 3 64 × 64 × 64
4 ReLU - - - 64 × 64 × 64
5 Maxpool2d - - 2 × 2 64 × 32 × 32
6 Conv2d 64 128 3 × 3 128 × 32 × 32
7 ReLU - - - 128 × 32 × 32

The overall structure of the VGG-CGAN proposed in this paper is shown in Figure 10,
integrating the adversarial training mechanism of CGAN and VGG perceptual loss to form
a multi-objective optimization framework. The generator and discriminator co-evolve
through adversarial training, while the perceptual loss ensures that generated images are
consistent with real images in visual features.
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Figure 10. Schematic diagram of the integrated VGG-CGAN generative adversarial network.

The generator adopts a stable upsampling structure: the input is a random noise
vector (z) and fault-class label), the latter of which is mapped to a dense vector via an
embedding layer and multiplied element-wise by z for deep fusion of conditional informa-
tion; the fused vector is progressively upsampled through fully connected and transposed
convolutional layers, outputting a synthetic time-frequency image G(z|y) with dimen-
sions of 224 × 224 × 3, whose distribution approximates the real image distribution for the
corresponding class.

The discriminator is based on the WGAN-GP architecture, stabilizing training via
gradient penalty. Its backbone network extracts hierarchical image features, outputting
authenticity probability through a Sigmoid layer on one hand and class probability through
a parallel branch with a fully connected layer on the other, achieving dual tasks of au-
thenticity discrimination and auxiliary classification, forcing the discriminator to deeply
understand fault types and providing more accurate gradient feedback to the generator.

To improve the visual quality and feature fidelity of generated images, perceptual loss
based on VGG16 is introduced as an independent supervisory signal. This loss computes
the L1/L2 distance between generated and real images in the high-level feature space of the
pre-trained network, measuring semantic differences such as texture and structure rather
than pixel-level comparison. By minimizing this loss, the generator is guided to synthesize
time-frequency images that are visually realistic and have clear fault features.

During training, the generator aims to minimize adversarial loss and perceptual
loss, while the discriminator aims to maximize its discriminative ability between real and
generated images [23,24]. The final objective function is expressed as follows:

Ltotal = LCGAN + γLperceptual (19)

where LCGAN = Ladv + Laux consists of the adversarial loss (Ladv) and the auxiliary classi-
fication loss (Laux), Lperceptual is the VGG-based perceptual loss, and γ = 1 × 10−4 is the
corresponding weight coefficient.

In terms of training strategy, a cosine annealing learning-rate scheduler was chosen,
and gradient clipping was added to prevent gradient explosion. Label smoothing (0.9, 0.1)
was applied to the real and generated labels of the discriminator to improve generalization,
along with an adaptive learning-rate adjustment mechanism that dynamically adjusts the
learning rate based on image quality and the KID value.
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3.3. Heavy-Duty Bearing Data Augmentation Based on VGG-CGAN
3.3.1. Hyperparameter Settings

To ensure the stability and generation quality of VGG-CGAN, key hyperparameters
were determined through multiple experiments, as shown in Table 4. An adaptive learning-
rate adjustment strategy was adopted: when the quality score of generated images did not
improve for 15 consecutive epochs, the learning rates of both the generator and discrimi-
nator were multiplied by a decay factor of 0.7. This method helps the model escape local
optima in later training stages and promotes finer convergence.

Table 4. Hyperparameter configuration of VGG-CGAN.

Hyperparameter Set Value Hyperparameter Set Value

Latent space dimension 100 Batch size 8
Number of epochs 600 Optimizer Adam

Generator learning rate 1 × 10−4 Discriminator learning rate 8 × 10−5

Gradient-clipping max norm 1.0 Perceptual loss weight 1 × 10−4

Adam parameters (β1 and β2) (0.5, 0.9) Gradient penalty weight 1.0

3.3.2. Analysis of Generated Results

During training, qualitative and quantitative comprehensive evaluations of generated
samples were conducted every 10 epochs, and loss anomaly detection was introduced:
when NaN or loss >10.0 was encountered, the current batch was skipped, and gradients
were cleared; when the epoch-average discriminator or generator loss exceeded 4.0, the
learning rate was automatically decayed by 50%. These mechanisms ensured training
stability. After training, performance was evaluated via loss curves, discriminator output
curves, and KID curves, and the model with the best KID value was selected to generate
100 time-frequency images per class for addition to the training set, avoiding overfitting
while augmenting samples. Finally, based on the original dataset, the performance-metric
curves of dataset augmentation using VGG-CGAN are shown in Figure 11.

Figure 11. VGG-CGAN performance-metric curves.

The left training-loss curve in Figure 11 shows the loss curves of the generator and
discriminator and their moving averages. It can be observed that after approximately
400 initial training epochs, both generator loss (G Loss) and discriminator loss (D Loss) en-
ter a relatively stable oscillation range with similar values. This sustained, small-amplitude
oscillation indicates that the GAN training reaches a dynamic equilibrium, ensuring the
diversity of generated samples.
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The middle image reflects the discriminator output for real and generated images.
The discriminator output for real images (D(real)) converges to the range of 0.55–0.60 after
50 epochs, while the output for generated images (D(fake)) oscillates around the reference
line of 0.5. The generator and discriminator basically reach Nash equilibrium, indicating
that generated samples are in an ideal state [25]. The right KID trend graph shows that
as training epochs increase, KID gradually decreases from 0.15 and ultimately converges
to a trend between 0.02 and 0.04. The best KID value of 0.02 at epoch 570 indicates that
the quality of time-frequency images generated by VGG-CGAN is high, reaching a level
suitable for use as a training set for the next step of fault diagnosis of heavy-duty bearings
of thin-seam shearers.

As shown in Figure 12, visual inspection further confirms that the generated images
completely retain the typical time-frequency features of various faults, with rich texture
details and intra-class diversity.

Figure 12. Comparison of real images and generated images from VGG-CGAN.

In summary, the VGG-CGAN training process is stable and effective, successfully
generating training-set sample images with quality and diversity meeting the basic require-
ments for fault diagnosis of thin-seam shearers. The numbers of each bearing category after
stratified sampling and VGG-CGAN augmentation of the training set are shown in Table 5.

Table 5. Final dataset class distribution.

Bearing Class Training-Set Size Test-Set Size Validation-Set Size

Healthy 135 12 12
Rolling element fault 119 7 6

Inner race fault 134 12 12
Outer race fault 181 27 27

Cage fault 134 12 12

4. Research on a Fault-Diagnosis Method for Heavy-Duty Bearings of
Thin-Seam Shearers Based on Improved ResNet50
4.1. Improved ResNet50 Fault-Diagnosis Model
4.1.1. Improved ResNet50 Neural Network Structure

Based on the specific requirements of the thin-seam shearer heavy-duty bearing fault
diagnosis task (small-sample dataset and class imbalance), this paper makes the following
targeted improvements to the pre-trained ResNet50 model provided in the MATLAB
2023b Deep Learning Toolbox as the base network structure. Main optimizations include
the following:

Network-structure adjustment: Remove the fully connected layer (fc1000), softmax
layer, and classification layer and replace them with a custom classification head more
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suitable for the five-classification task (capable of N-classification, where N is the number
of subfolders in the dataset).

Feature extraction enhancement: After the original global average pooling layer, two
additional fully connected layers (512 and 256 dimensions) are added to improve feature
expression capability.

Regularization optimization: Dropout layers and batch normalization layers are intro-
duced to prevent overfitting and improve model generalization [26,27].

Class-imbalance handling: Class weights based on sample counts are introduced in
the final classification layer, using a square-root smoothing strategy to avoid excessive bias
towards minority-class samples, with the weight for class i calculated as follows:

wi =

√
1/Ni

meanj(
√

1/Nj)
(20)

where Ni is the number of training samples for class i.
Activation-function optimization: The ReLU activation function is used after the newly

added fully connected layers to maintain non-linear expression capability while alleviating
gradient vanishing [28].

The overall structure of the improved ResNet50 is shown in Figure 13. The fault
features of heavy-duty bearings of thin-seam shearers appear as texture patterns and
energy distribution patterns at different scales in the time-frequency images. Local features
such as edges and spots are captured by the shallow convolutional layers of ResNet50;
periodic impacts, resonance bands, etc., are extracted by the intermediate residual blocks;
the global distribution features of fault modes are integrated by the deep network and
newly added fully connected layers.

4.1.2. Hyperparameter Settings Based on Bayesian Optimization

Based on multiple experimental validations and the specific requirements of the thin-
seam shearer heavy-duty bearing fault diagnosis task, this paper determines the optimal
hyperparameter configuration through four-parameter Bayesian optimization. The core
idea of Bayesian optimization is to achieve efficient parameter search by constructing a sur-
rogate model and an acquisition function [29]. The four-parameter Bayesian optimization
framework designed in this study optimizes the parameters shown in Table 6. The optimal
solution is found in the four-parameter space through 20 evaluations. Each evaluation
selects the next evaluation point based on the current surrogate model and acquisition
function, constructs the corresponding improved ResNet50 network, performs eight epochs
of fast training, calculates classification accuracy on the validation set, and updates the
surrogate Gaussian process model.

Table 6. Parameter settings of the Bayesian optimization framework.

Optimization Parameter Search Range Transform Physical Meaning

Learning rate 10−5∼10−2 Logarithmic Controls the model-parameter update step and affects
training stability

L2 regularization coefficient 10−6∼10−2 Logarithmic Controls model complexity and prevents overfitting

Dropout1 0.3∼0.7 - Dropout probability for first fully connected layer

Dropout2 0.2∼0.6 - Dropout probability for second fully connected layer
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Figure 13. Architecture of the modified ResNet50 neural network.

Analysis results show that the learning rate has the greatest impact on model perfor-
mance, with a correlation coefficient of about 0.65, and L2 regularization has a moderate
impact, with a correlation coefficient of about 0.45, while dropout parameters have a rel-
atively smaller impact, with a correlation coefficient of about 0.3. Based on the above
Bayesian theory, the optimal parameter combination suitable for the improved ResNet50
fault-diagnosis network was obtained and applied to the complete training process.

The remaining hyperparameter settings for the improved ResNet50 network are shown
in Table 7, also serving as the base surrogate model parameters for Bayesian optimization.

Table 7. Hyperparameter settings for the improved ResNet50 model.

Parameter Name Set Value Parameter Name Parameter Value

Optimizer Adam Batch size 16
Initial learning rate Optimized optimal solution Early stopping patience 15 epochs
Learning-rate decay Piecewise decay factor of 0.5 L2 regularization coefficient Optimized optimal solution

Decay period 15 epochs Dropout rate Optimized optimal solution
Maximum training epochs 50 Gradient threshold 1.0

4.2. Verification Results and Analysis of Fault-Diagnosis Model for Heavy-Duty Bearings of
Thin-Seam Shearers

During the operation of the improved ResNet50 network, the optimization process
and results of automatic tuning of key hyperparameters by Bayesian optimization were
comprehensively analyzed. After 20 iterations, the visualization results generated by the
Bayesian optimization experiment provide a basis for hyperparameter selection and model
performance evaluation for the target test set.
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The convergence curve of Bayesian optimization (Figure 14) for the four hyperpa-
rameters (learning rate, L2 regularization coefficient, and dropout rates of the two fully
connected layers) shows that as the number of trials increases, the validation accuracy
shows an upward trend, increasing from an initial 65.22% to a best value of 92.75%, proving
the effectiveness of the optimization strategy.

Figure 14. Bayesian optimization convergence curve.

On this basis, complete training was carried out using the optimal parameters. The
model exhibited relatively stable convergence characteristics. During training, the val-
idation accuracy reached a peak of 89.86% at epoch 36, triggering the early-stopping
mechanism to control overfitting risk. The training loss curve shows that the mini-batch ac-
curacy steadily increased from an initial 18.75% to 100%, and the validation loss decreased
from 1.5421 to 0.3073.

Using the optimal hyperparameter combination identified by Bayesian optimization,
we conducted multiple independent training runs and selected the model with the best
generalization performance on the test set. Evaluation results on the independent test set
(Figure 15) show that the improved ResNet50 model achieved an overall accuracy of 87.14%
and a macro-average F1 score of 0.8536, verifying the effectiveness of the optimization
strategy. Per-class performance analysis: rolling element fault (rolling element): precision
of 1.000, recall of 0.714, and F1 score of 0.909—balanced and reliable; inner race fault
(inner): precision of 1.000, recall of 0.818, F1 score of 0.889—good performance; healthy
state (normal): precision of 1.000, recall of 0.833, F1 score of 0.909—balanced and reliable;
outer race fault (outer): recall as high as 1.000 but precision of 0.818, and few false positives
yet an F1 score of 0.900; cage fault (cage): recall of 1.000, precision of 0.800, and F1 score of
0.889—good performance. It should be pointed out that the recall of rolling element faults
is relatively low, mainly restricted by the inherent statistical properties of small-sample
datasets. As this type of fault has the fewest original samples, the generative model is
unable to fully capture and fit its data distribution.
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Figure 15. Performance analysis of the improved ResNet50 on the custom dataset.

4.3. Performance Test of the Improved ResNet50 Fault-Diagnosis Model

To comprehensively verify the performance of the improved ResNet50 fault-diagnosis
model proposed in this paper, comparative analysis was conducted using the public bearing
fault dataset provided by the Bearing Data Center of Case Western Reserve University
(CWRU) [30]. Vibration data of the drive-end bearing from the CWRU dataset were selected,
with a motor load of 1 horsepower and a sampling frequency of 12 kHz. Four states (healthy,
inner race fault, outer race fault, and rolling element fault) were selected (each fault type
with a fault diameter of 0.021 inches, consistent with the self-built simulation dataset). One
time-frequency image after wavelet transform was generated per 1024 data points. The
image size was 224 × 224, consistent with the self-built simulation dataset. The number
of samples per bearing state was also similar to the self-built dataset, maintaining small-
sample diagnosis and class-imbalance characteristics, as detailed in Table 8. Performance
testing of the improved ResNet50 fault-diagnosis model achieved a test accuracy of 98.28%
and a macro-average F1 score of 0.9791.
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Table 8. Class distribution of the public dataset.

Bearing Class Trainin-Set Size Test-Set Size Validation-Set Size

Healthy 36 6 6
Rolling element fault 134 12 12

Inner race fault 134 12 12
Outer race fault 181 28 28

Analysis of the visualization charts from the test results: Figure 16 shows the confusion
matrix of the improved ResNet50 fault-diagnosis model on the CWRU test set. The values
on the diagonal indicate the model’s strong ability to correctly classify samples of each
category, with healthy and outer race fault achieving perfect classification.

Figure 16. Confusion matrix for test results.

In the performance-analysis charts shown in Figure 17, the per-class accuracy distri-
bution reflects the model’s consistency in identifying different fault modes, with healthy
and outer race fault accuracy reaching 1.000; F1-score comparison shows all classes have F1
scores above 0.95, indicating a good balance between precision and recall; the multi-class
ROC curve shows all classes have AUC values above 0.98, confirming the model’s excellent
class-discrimination ability; the prediction confidence distribution shows correctly classi-
fied samples concentrated in the high-confidence interval, while misclassified samples are
in the medium–low-confidence interval, reflecting the reliability of model predictions.

Comprehensive analysis of various metrics and visualization charts shows that the
improved ResNet50 model exhibits balanced and excellent fault-diagnosis capability on the
CWRU dataset, particularly demonstrating good adaptability and stability when handling
fault modes with different characteristics.

Comparing the test results on the public dataset and the self-built thin-seam shearer
heavy-duty bearing dataset, a comprehensive evaluation of the improved ResNet50 net-
work’s performance showed that overall accuracy reached 98.28% on the CWRU public
dataset, which is 11.14 percentage points higher than on the self-built dataset. This differ-
ence is not due to the deficiency of the model itself but is mainly attributed to the inherent
quality gap between the simulation data and the real data. Specifically, the self-built data
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comes from the dynamic ADAMS simulation. The vibration signals are too monotonous
and lack the inevitable background noise and random interference encountered in real
working conditions, which makes the model prone to overfitting on ideal signals. Moreover,
the simulation data only contains a single rotational speed and a constant load, lacking the
characteristic diversity brought about by multiple working conditions and multiple fault
sizes in the CWRU data, resulting in a high degree of overlap of the time-frequency pat-
terns of different faults in the feature space, making it difficult for the model to effectively
distinguish them; the macro-average F1 score was 0.9791 on CWRU and 0.8536 on the self-
built dataset, showing a significant difference. Rolling element faults exhibited excellent
classification performance on both datasets (F1 scores of 0.957 and 0.909 respectively), while
inner race fault achieved relatively worse performance on the self-built dataset (F1 score
of 0.889). The high accuracy of the improved ResNet50 on the standard CWRU dataset
verifies its feature extraction capability based on architecture and Bayesian-optimized
hyperparameters; the 87.14% accuracy on the self-built thin-seam shearer-bearing dataset
indicates its generalizability to complex industrial vibration signals. After introducing class
weights and a square-root smoothing strategy, the model performs reasonably on minority
classes, demonstrating a good ability to handle class imbalance.

Figure 17. Performance analysis of the improved ResNet50 on the public dataset.

4.4. Comparative Evaluation of Improved ResNet50 Network on the Same Dataset

To evaluate the performance of the improved ResNet50 fault-diagnosis model, training
results of three ResNet50 networks of varying complexity were compared based on the
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previously constructed thin-seam shearer heavy-duty bearing dataset. For all three models,
the reported results were selected from multiple independent training runs using the same
configuration rather than relying on a single run in order to ensure the reliability of the
comparison. One of them is the improved ResNet50 fault-diagnosis model constructed in
Section 4.1.1 (Model-3).

The other two structures are described as follows:
Model-1: The pre-trained original ResNet50 network from MATLAB, with the original

classification head (fc1000, etc.) removed, directly adding a fully connected layer for five-
class output and applying class weights to mitigate sample imbalance. The learning rate is
fixed at 0.0001, and the L2 regularization coefficient is fixed at 0.0002.

Model-2: The same network structure as Model-1 but using Bayesian optimization to
automatically adjust the learning rate and L2 regularization coefficient.

The network structures of Model-1 and Model-2 are shown in Figure 18. Other param-
eter settings are the same as Model-3.

Figure 18. Architecture of the ResNet50 network.

To quantify the stability of each model after multiple rounds of training, the test-
accuracy indicators of five independent repeated training sessions for different models
were separately counted. The results are shown in Table 9.

Table 9. Statistical results of multiple repeated training experiments.

Test Accuracy 1 2 3 4 5

Model-1 0.7681 0.7826 0.7971 0.7714 0.7681
Model-2 0.7286 0.7162 0.7325 0.7371 0.7281
Model-3 0.8551 0.8986 0.8996 0.8714 0.8696

To further visually compare the fine-grained diagnostic performance of each model
in various categories, five experiments from each model were selected from Table 9, and
the run with the test accuracy closest to the mean value within the group was chosen (i.e.,
the median-performance experiment). The overall performance indicators were compared,
and the following comparison table was drawn (Table 10).

To further verify the effectiveness of the VGG-CGAN data augmentation method
proposed in this paper, based on the optimal diagnostic model (Model-3), three different
data processing schemes were set up for comparative experiments. Results without data
augmentation (A), results obtained using traditional online data augmentation (B), results
obtained using standard CGAN enhancement (C), and the diagnostic accuracy results of
the VGG-CGAN expansion method (Model-3) are presented as follows (Table 11):
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Table 10. Performance comparison of three models on the thin-seam shearer heavy-duty bear-
ing dataset.

Model Test
Accuracy

Macro-Average
Precision

Macro-Average
Recall

Macro-Average F1
Score

Model-1 0.7714 0.8485 0.7333 0.6938
Model-2 0.7286 0.8041 0.7270 0.7038
Model-3 0.8714 0.9236 0.8262 0.8536

Table 11. Ablation comparison of diagnosis performance with different data augmentation schemes.

Group A B C Model-3

Test Accuracy / 0.5252 0.7159 0.8714

Based on the results of the three sets of control experiments, it can be concluded
that the VGG-CGAN method proposed in this paper effectively enhances the authenticity
and feature integrity of the augmented samples by introducing the pre-trained VGG16
perceptual loss to constrain the features of the generated samples. This method overcomes
the shortcomings of traditional augmentation methods and achieves an average accuracy of
87.14% for fault diagnosis, which is significantly superior to the other three data processing
schemes. This fully validates the effectiveness and advancement of this data augmentation
method in the scenario of a small sample, category imbalance, and heavy-load bearing
fault diagnosis.

The analysis based on the results of the previous model-comparison experiments
indicates that the improved ResNet50 fault-diagnosis model outperforms the other two
models in all performance metrics, with a test accuracy 10.00 percentage points higher than
that of Model-1 and 14.28 percentage points higher than that of Model-2. In terms of macro-
average F1 score, the improved model shows an improvement of about 16 percentage points
over Model-1 and about 15 percentage points over Model-2. For the self-built thin-seam
shearer heavy-duty bearing dataset, the improved ResNet50 network has stronger fault-
diagnosis capability than the original ResNet50 neural network, making it more suitable
for small-sample imbalanced datasets.

5. Conclusions
Fault diagnosis of heavy-duty bearings in thin-seam shearers is of great significance.

This paper constructed a bearing fault dataset through virtual prototyping, dynamic sim-
ulation, vibration signal acquisition, and time-frequency transformationand proposed a
small-sample diagnosis method combining data augmentation and an improved residual
network. The main conclusions are outlined as follows:

(1) Using SolidWorks, 3D models of healthy bearings and four fault types (inner ring,
outer ring, rolling element, and cage) were established. Vibration signals were obtained
via ADAMS simulation, and 342 time-frequency images were generated using Continuous
Wavelet Transform (CWT) constructing an original dataset of five states. The time-frequency
images clearly present unique “fingerprint” features of different faults, providing high-
quality input for subsequent deep learning.

(2) To address the challenges of an insufficient number of original samples and class
imbalance, stratified sampling was used to ensure consistent training-/validation-/test-set
distributions. A conditional generative adversarial network incorporating VGG perceptual
loss (VGG-CGAN) was proposed, using high-level semantic features extracted by VGG
as perceptual loss to guide the generator to synthesize realistic time-frequency images
with prominent fault features. The model generated five classes of samples directionally
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achieving a minimum KID value of 0.02 and generating 100 images per class augmentation,
alleviating data imbalance to a certain extent and supporting subsequent diagnostic model
training. To verify the superiority of the proposed amplification method, comparative
multi-scheme ablation experiments were conducted based on the subsequent optimal diag-
nostic model, which fully demonstrated the effectiveness of the perception loss constraint
mechanism in amplifying small-sample fault datasets.

(3) An improved ResNet50 fault-diagnosis model was proposed, reconstructing the
classification head, enhancing feature extraction, and introducing square-root-smoothed
class weights and dropout/BN regularization to improve adaptability to small-sample and
imbalanced data. Bayesian optimization was used to automatically tune the learning rate,
L2 coefficient, and dropout rates. Experiments showed that the improved model achieved
accuracies of 87.14% on the self-built dataset and 98.28% on the public CWRU dataset, with
AUC values above 0.85 for all classes and reliable prediction confidence. Compared with
the original ResNet50 and its variants, the proposed improvement strategy has obvious
advantages in classification performance and application value.
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