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Abstract. To address the critical challenge of low diagnostic accuracy in multistate bearing fault
diagnosis caused by inefficient discriminative feature extraction under varying operating
conditions, this paper proposes a novel Parameter-weighted Viridis Image Encoding
(PVIE) method. Unlike conventional image encoding techniques (e.g., GADF, GASF, MTF, RP)
that often suffer from high computational complexity and limited feature separability in complex
scenarios, PVIE integrates Variational Mode Decomposition (VMD) with a newly designed
Parameter-weighted Euler Difference Feature Extraction (PWEDFE) module. This module
explicitly enhances the nonlinearity and periodicity of fault signatures, mapping them into
lightweight 2D feature images via Viridis Feature Value Mapping (VFVM). Extensive
experiments on two benchmark datasets demonstrate that PVIE achieves exceptional diagnostic
accuracies of 99.92 % and 99.74 %, respectively. Compared to state-of-the-art encoding methods,
PVIE improves average accuracy by 21.06 % to 39.78 % while reducing diagnostic time by
53.3 %, significantly outperforming existing approaches in both accuracy and efficiency.
Furthermore, the method exhibits robust performance under strong noise interference and small-
sample scenarios. These results confirm that PVIE offers a substantial advancement over current
research by providing a more discriminative, lightweight, and robust solution for real-time
industrial fault diagnosis.

Keywords: multistate, bearing, fault diagnosis, image encoding, lightweight.
1. Introduction

In modern power systems, pumped hydro storage (PHS) serves as a flexible, efficient, and
clean regulating power source and plays a critical role in ensuring the safe and stable operation of
the grid. The motor bearings in PHS units often operate under harsh conditions, and their reliability
is of paramount importance to the overall security of new-type power systems. As key components
in rotating machinery, rolling bearings directly influence the performance and reliability of
mechanical systems [1, 2]. Statistics show that more than 30 % of failures in rotating machinery
are attributable to bearing degradation [3], particularly under high-load, high-speed, and
continuous high-intensity operating conditions, which render bearings susceptible to early-stage
damage.

Vibration signals from bearings contain rich information related to incipient faults; thus,
effective monitoring of these signals is essential for early fault detection and prevention of
catastrophic failures. With the advancement of industrial automation and digitalization, the
volume of bearing vibration data has grown exponentially. However, conventional fault diagnosis
methods struggle to extract discriminative features from massive, high-dimensional, and non-
stationary vibration signals, leading to limited accuracy and robustness in diagnostic models.
Consequently, there is an urgent need for novel approaches capable of efficiently processing

JOURNAL OF VIBROENGINEERING 1


https://crossmark.crossref.org/dialog/?doi=10.21595/jve.2026.25992&domain=pdf&date_stamp=2026-06-04

A FEATURE LIGHTWEIGHT IMAGE CODING METHOD FOR FAULT DIAGNOSIS OF HYDRAULIC MOTOR BEARINGS: PVIE.
XIAOMIN TENG, HUIYING XING, WANSHENG WANG, JING LI, YUNLIN MA

large-scale vibration data and achieving high-precision fault diagnosis.

A typical bearing fault diagnosis framework comprises three core stages: vibration signal
acquisition, fault feature extraction, and fault pattern recognition [4, 5]. Among these, the
effectiveness of feature extraction fundamentally determines the accuracy of subsequent
classification and is therefore a prerequisite for precise diagnosis [6]. Nevertheless, the operational
conditions of bearings — such as load and rotational speed — are highly variable in practice, which
introduces significant challenges in stably extracting fault-relevant features and consequently
compromises the generalization and reliability of diagnostic models [7].

In recent years, numerous signal processing and feature extraction techniques have been
applied to bearing fault diagnosis. For instance, Li et al. [§] employed VMD to decompose raw
vibration signals into a set of Intrinsic Mode Functions (IMFs), discarded low-amplitude IMFs,
and then performed envelope power spectrum analysis on the retained components to identify
compound faults. Jin et al. [9] optimized VMD parameters using an improved Grey Wolf
Optimizer (GWO) to directly extract fault features from raw signals. He et al. [10] integrated
Particle Swarm Optimization (PSO) with VMD for adaptive parameter tuning, followed by a
component selection strategy to enhance fault signatures. Lei et al. [11] proposed a composite
index P to screen and reconstruct IMFs obtained via Empirical Mode Decomposition (EMD),
thereby amplifying fault-related information prior to envelope spectrum analysis. Cong et al. [12]
utilized kurtosis-based criteria to select dominant IMFs from EMD outputs, effectively
suppressing noise interference. Zhao et al. [13] combined VMD with the Hilbert transform to
construct Hilbert envelope spectra, which were then formatted into feature matrices and fed into
a Deep Belief Network (DBN) for fault classification. Shao et al. [14] developed a Modified
Stacked Autoencoder (MSAE) based on an adaptive Morlet wavelet, enabling automatic diagnosis
of multiple fault types and severity levels by establishing a nonlinear mapping between raw
non-stationary vibration data and fault states. Zhang et al. [15] proposed an enhanced non-convex
sparse decomposition method using an improved Morlet Continuous Wavelet Transform (CWT),
where a waveform-adjustment factor was introduced to construct a tunable Morlet wavelet basis
capable of matching diverse fault-induced impulse waveforms. Pan et al. [16] fused Fast Fourier
Transform (FFT) and CWT to extract multi-domain features from raw vibration signals,
demonstrating high classification accuracy and robustness in experimental validation.

Despite their success under specific conditions, these methods often exhibit limited
performance in complex scenarios involving multiple operating conditions, numerous fault types,
and subtle inter-condition differences, where discriminative feature extraction remains
challenging.

Convolutional Neural Networks (CNNs), as representative deep learning models, have
demonstrated exceptional capability in feature learning and classification, particularly in image
recognition tasks [17, 18]. To leverage the powerful image-based feature extraction capacity of
CNNs, researchers have transformed one-dimensional vibration signals into two-dimensional
images for network input. For example, Bian et al. [19] reconstructed vibration sequences into 2D
grayscale matrices via fixed-interval sampling and fed them into a deep residual shrinkage
network. Wang et al. [20] adopted transfer learning with image-encoded vibration data to achieve
high-accuracy fault diagnosis. While grayscale image encoding offers advantages in terms of low
data volume and fast training, it generally exhibits poor noise resilience. Alternatively, advanced
image encoding techniques — such as Gramian Angular Difference Fields (GADF) [21, 22],
Markov Transition Fields (MTF) [23, 24], and Recurrence Plots (RP) [25, 26] have been widely
employed. These methods preserve temporal dynamics and nonlinear characteristics of signals,
offering enhanced noise robustness and diagnostic accuracy. However, they typically generate
high-dimensional, large-volume images, significantly increasing computational overhead and
inference latency, thereby hindering their applicability in industrial settings that demand real-time
performance and lightweight solutions.

To address these issues, this paper proposes a lightweight image coding method, namely
Parameter-weighted Viridis Image Encoding (PVIE), which effectively converts multi-condition
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bearing fault data into discriminative two-dimensional feature images. These images are then
processed by the lightweight CNN architecture AlexNet to achieve accurate fault diagnosis under
different operating conditions. The overall process of the proposed method is shown in Fig. 1.
The main contributions of this work are as follows:
Adaptive signal decomposition is carried out through VMD, and then discriminative features
are extracted from a single IMF using weighted Euler differential feature representation, thereby
enhancing the separability of fault modes under different operating conditions.
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Fig. 1. Overall flow chart of this paper
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2. Proposed method

To address the limitations of existing methods in multi-condition bearing fault diagnosis, such
as poor discriminative feature extraction leading to low diagnostic accuracy and low diagnostic
efficiency in image-based fault diagnosis, this paper proposes a multi-condition bearing fault
image conversion method that combines VMD, parameter-weighted Euler difference feature
extraction, and Viridis feature value mapping. After converting the bearing fault data using PVIE,
a simple neural network structure, AlexNet, is used for fault diagnosis. Since the focus of this
article is not on the network structure, we do not provide a detailed description of AlexNet; instead,
we only describe the parameters used in the network. The training configuration of the model is
as follows: the optimizer is Stochastic Gradient Descent (SGD), the initial learning rate is set to
0.001, the momentum factor is 0.9, and the weight decay coefficient is 0.0005. The batch size is
set to 64, and the number of training epochs is 100. During the training process, the learning rate
adopts an exponential decay strategy, decaying once every 20 epochs with a decay coefficient of
0.9. All experiments are conducted under the same hardware environment and with the above
unified hyperparameters to ensure the comparability and reproducibility of the results.

2.1. Variational mode decomposition

The VMD algorithm is an adaptive non-recursive modal decomposition method. This method
utilizes the alternating direction method of multipliers algorithm to iteratively solve the
constrained variational model, thereby obtaining the optimal solution for K IMFs with center
frequencies wy,. The decomposition process of VMD can be summarized as follows:

Step 1: Initialization {u}}, {w}}, A1, n < 0.

Step2: Letn =n + 1 k k + 1, update A+ and w}*?! separately using Eq. (1) and Eq. (2).
Stop iteration when k =

F@) = St @) + 242 0

An+1 —
e () = 14+ 2a(w— wy)

Step 3: Update A"+ using the above equation:
(@) = 1MW) +1 (f (w) - Z ﬁﬁ“(w)) )
K

Step 4: Given € > 0, stop iteration when Eq. (3) is satisfied. Otherwise, repeat steps 2 to 4:
Z A — axlls 3
| A"IIZ '

The parameters K and « in the equation are preset parameters.
2.2. PV image encoding

PVIE highlights subtle features in bearing fault signals, enhancing the importance of
discriminative features, and then generates two-dimensional images of fault features through
heatmap mapping.
2.2.1. Parameter weighted Euler difference feature extraction

In multi-condition bearing fault diagnosis, due to the low discriminability of fault features
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under different conditions, conventional feature extraction methods struggle to effectively extract
discriminative features, leading to difficulty in accurate diagnosis of bearing faults under
multi-conditions. Therefore, this paper proposes a feature extraction method based on a modified
Euler formula, aiming to differentiate fault features under different conditions and highlight
discriminative features.

This method involves multiple mathematical transformation steps, combining data scaling,
trigonometric function transformation, and exponential transformation to effectively extract
complex latent features. First, data is standardized to the [0, 1] interval to eliminate dimensional
effects and provide a consistent scale for subsequent transformations. Next, the normalized data
is converted into angle values using the arccosine function, introducing periodic and nonlinear
information. Then, trigonometric and exponential functions are applied to further transform the
data, generating feature values with higher nonlinearity to highlight meaningful feature
differences. This comprehensive approach not only enhances the capture of spatial signal features
but also improves data feature expression, laying a solid foundation for further analysis and
modeling.

The specific steps of PWEDFE are as follows.

Step 1: Data Scaling.

To ensure that different features share the same scale and to eliminate dimensional effects
between the data, the original data is first standardized. Let the original data be represented as xx.
The normalization formula is:

x — min( x)

x; “4)

- max( x) — min(x)’

where, x; denotes the standardized data value, while min( x) and max( x) represent the minimum
and maximum values in the data column, respectively. This formula linearly scales the data to the
[0, 1] range, ensuring that all data points are within a uniform scale.

Step 2: Calculation of the Arccosine Value.

After completing the standardization, the next step is to calculate the arccosine values of the
standardized data to obtain the corresponding angles. This process can be expressed as:

¢ = arccos( x;). (5)

In this case, ¢ is the arccosine angle corresponding to the standardized data x;. The arccos
function maps the standardized data to angles in the range [0, 7]. This step introduces a nonlinear
transformation that effectively captures the periodic characteristics of the data.

Step 3: Feature Calculation.

Based on the transformation by Euler formula, this paper defines two new features that
incorporate the nonlinear effects of trigonometric and exponential functions:

FiestEuler = cos(¢) + x; sin( ¢), (6)
SecondEuler = exp(x;p). (7N

FirstEuler combines the cosine of angle ¢, denoted as cos( ¢p), with the product of normalized
data x; and the sine of angle sin( ¢). This combination of trigonometric functions captures both
the periodicity and nonlinear patterns in the data. SecondEuler applies a nonlinear expansion to
the product of normalized data x; and angle ¢ using an exponential function.

Step 4: Weighted Values:

M, = Mean(FirstEuler), (8)
M, = Mean(SecondEuler), 9)
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Step 5: PWEDFE:
PWEDFE = M, » FirstEuler — M, e SecondEuler. (10)

The above method employs standardization, angle calculations, nonlinear transformations, and
feature differentiation to form two feature extraction methods: FirstEuler and SecondEuler. By
performing a differential operation on these two features, this technique extracts the discriminative
features from the data, combining the nonlinear effects of trigonometric and exponential
transformations. This approach provides a new perspective on feature extraction, enhancing the
expressive capability of the data for subsequent analysis and model training.

2.2.2. Viridis feature value mapping: VFVM

VFVM is a color mapping scheme used for numerical data visualization. It represents different
values through color changes, thus making the data easier to understand and interpret. The notable
feature of Viridis color mapping is that it maps the initial value to deep purple, transitions the
intermediate value to bright yellow, and finally uses bright yellow to represent the larger value.
First, standardize the data to between 0 and 1, where 0 represents the minimum value and 1
represents the maximum value. Then, the standardized values are associated with specific color
values. In Viridis, colors are represented by three values: red (R), green (G), and blue (B), and the
value range of each color component is from 0 to 255. Finally, the corresponding color value is
calculated through interpolation. The specific interpolation method is as follows:

X — X

R(x) =Ry + (Ry — Rp) » 2, (11)
X1 — Xo
X — X

G(x) = Gy + (G, — Gp) » 2 (12)
X1 — Xo
X — X

B(x) = By + (B, — By) » ° (13)
X1 — Xo

where, (Ry, Gy, By) and (Ry, G;, B;) are the RGB values corresponding to input values x, and
x;.By following these steps, we can map any value between 0 and 1 to the corresponding color by
VFVM. In conclusion, the original bearing fault signal is converted into a two-dimensional image
using VFVM, forming the fault dataset.

Although PVIE and methods like GADF generate NXN images in the same way, there are
fundamental differences in the computational complexity of their encoding processes. The core
operations of GADF and similar methods involve Gram matrix calculations, state transition
probability statistics, or distance matrix calculations. These operations involve a large number of
addition and multiplication operations or conditional judgments, and the calculation of each
element depends on multiple other elements. However, the VFVM mapping in PVIE is
independent linear interpolation pixel by pixel, and the calculation of each pixel only depends on
the corresponding position's PWEDFE eigenvalue, without the need for cross-pixel calculations.
Therefore, although both have a progressive complexity of O(N?), the actual constant factor of
PVIE’s operation is much smaller than that of the comparison methods.

3. Bearing fault dataset

To verify the generalization of the proposed method, this paper adopts two different bearing
fault datasets for verification. The most significant difference between the two datasets lies in the
different bearing models used. By verifying the diagnostic performance of the diagnostic method
for the fault data generated by different bearing models, the generalization performance of the
diagnostic method is verified.
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3.1. Case Western Reserve University bearing dataset (CWRU)

The bearing fault experimental setup at Case Western Reserve University primarily consists
of three components: an induction motor, a torque transducer, and a dynamometer. Intelligent
sensors are installed at both the drive end and the fan end of the bearings to collect vibration
signals. The drive end employs SKF6205 single-row deep groove ball bearings, while the fan end
utilizes SKF6203 single-row deep groove ball bearings. Faults on these bearings are introduced
through electro-discharge machining. The specific fault types are detailed in Table 1.

Table 1. CWRU bearing data
Bearing speed | Load /hp | Faulttype | Fault diameter / mm
Normal -
1750 t/min | Inner race | 0.1778/0.3556/0.5334
Outer race | 0.1778/0.3556/0.5334
Rolling 0.1778/0.3556/0.5334
Normal —
1772 t/min ) Inner race | 0.1778/0.3556/0.5334
Outer race | 0.1778/0.3556/0.5334
Rolling 0.1778/0.3556/0.5334
Normal -
1797 t/min 3 Inner race | 0.1778/0.3556/0.5334
Outer race | 0.1778/0.3556/0.5334
Rolling 0.1778/0.3556/0.5334

To evaluate the proposed method’s capability to overcome variations in rotational speed, this
study selects data from three distinct speeds. For each speed, the bearing data encompasses both
normal conditions and three types of faults. Each fault type is further categorized into three
subclasses based on fault diameter, resulting in a total of 30 fault conditions for multi-condition
fault diagnosis experiments.

3.2. Jiangnan University bearing fault dataset (JN)

The Jiangnan University (JNU) bearing fault dataset is derived from the fault diagnosis test
bench of the rolling bearing centrifugal fan system at Jiangnan University, and is mainly used for
research on fault diagnosis and health status identification of rolling bearings. As shown in
Table 2, two types of rolling bearings were used in the tests, with specific bearing models
corresponding to different health conditions. Among them, N205 bearings were used to simulate
normal conditions, outer race fault conditions, and roller fault conditions, while NU205 bearings
adopted a separable outer race design and were specifically used to simulate inner race fault
conditions. A single-sensor arrangement was employed for vibration signal acquisition, with the
following specific parameters: the acquisition equipment was a PCBMA352A60 accelerometer,
which measured vertical vibration signals, the sampling frequency was set to 50 kHz, and the
sampling duration for each working condition was 20 seconds. The dataset contains combined
samples of 4 health states and 3 operating conditions. The health state categories include Normal,
Inner Race Fault, Outer Race Fault, and Roller Fault. The operating condition parameters are
distinguished by rotational speed, which are 600 rpm, 800 rpm, and 1000 rpm respectively; the
sample characteristic is that it covers 4 health states under the same rotational speed, which
provides complete data support for intelligent diagnosis and fault identification under specific
operating conditions.
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Table 2. JNU bearing data

Contents N205 (mm) | NU205 (mm)
Outer diameter of bearing 1 52 52
Outer diameter of bearing 2 25 25
Width of bearing 15 15
Roller diameter 7 7
Number of rollers 10 11
Contact angle 0 rad 0 rad
Outer race defect (width x depth) | 0.3x0.25 mm
Roller defect (width x depth) 0.3x0.25 mm
Inner race defect (width x depth) — 0.3x0.25 mm

3.3. Generation of fault datasets

For the conversion processing of multi-condition bearing fault data, VMD was first adopted to
perform modal decomposition on the original fault data. The decomposed feature data are
converted into feature images via PVIE, which are then used as input samples for the diagnostic
model. The specific conversion process is illustrated in Fig. 2. Specifically, IMFs generated by
VMD were first subjected to discriminative feature enhancement through PWEDFE.
Subsequently, these enhanced features are directly converted into feature images via VEVM.

The feature images generated from two different fault datasets are presented in Figs. 3-4,
respectively. Among them, Fig. 3 shows the feature images corresponding to three different fault
types (with varying damage diameters) under the bearing speed condition of 1750 r/min. Fig. 4
displays twelve categories of fault feature images under each speed condition, covering inner race
faults, outer race faults, ball faults, and normal state data.

As analyzed from Figs. 3-4, the proposed PVIE image encoding method can not only clearly
characterize the discriminative features in fault data but also effectively suppress redundant
feature interference. This redundancy suppression effect helps avoid the performance degradation
of the diagnostic model caused by feature redundancy, providing support for the accuracy of fault
diagnosis.

0.58
é’ 0.29
Gl
> 0.00
-0.29

144 — [T
2162 f
S-180 i
-1.98 F
. . .

.
-0.16 i . . ! :
MF4

i

078 F g . i

Value
Y
=

ng: 2. Schematic diagram of feature image generation

ISSN PRINT 1392-8716, ISSN ONLINE 2538-8460



A FEATURE LIGHTWEIGHT IMAGE CODING METHOD FOR FAULT DIAGNOSIS OF HYDRAULIC MOTOR BEARINGS: PVIE.
XIAOMIN TENG, HUIYING XING, WANSHENG WANG, JING LI, YUNLIN MA

a) b) <) d) e)

Fig. 3. Schematic diagram of CWRU fault data feature images encoded by PVIE under 1750 r/min:
a) Normal; b)-d) Inner race faults with increasing diameters; e)-g) Outer race faults with increasing
diameters; h)-j) Rolling element faults with increasing diameters. It can be observed that
as the fault diameter increases, the texture in the images becomes coarser
and the color contrast intensifies, particularly evident in the diagonal patterns

a) b) c) d) e) f)

Fig. 4. Schematic diagram of JN fault data feature images encoded by PVIE: a)-c) 600, 800, 1000 rpm
under normal state; d)-f) 600, 800, 1000 rpm under inner race fault state; g)-i) 600, 800, 1000 rpm
under outer race fault state; j)-1) 600, 800, 1000 rpm under roller fault state. Distinct differences
in image structure and color distribution can be seen across different fault types,
demonstrating the discriminative capability of PVIE

4. Model performance verification experiment

Multi-condition bearing fault data was segmented using a non-overlapping data window of
specified size. The segmented sub-data was converted into fault feature images via PVIE, which
were ultimately used to construct the fault dataset. The data window size set in this study was
2048, and the results of feature image generation for different datasets are as follows: the CWRU
fault dataset contains 30 fault types, with each fault type corresponding to 238 feature images,
resulting in a total dataset size of 7140 images. The JN fault dataset covers 12 fault types, with
each fault type generating 244 feature images, and the total scale of the dataset is 2928 images.
To ensure the fairness of the comparative experiment, all the image encoding methods involved
in the comparison (including GADF, GASF, MTF, RP and the PVIE method proposed in this
paper) follow exactly the same signal preprocessing procedure: the original vibration signal is first
decomposed by VMD to obtain a set of IMF components. Then, each method encodes the image
based on the same set of IMF components to generate fault feature maps. This approach aims to
strictly control the variables, so that the performance differences are entirely attributed to the
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representation capabilities of the different encoding methods for the features, rather than the
differences in the preprocessing steps.

The constructed multi-condition bearing fault dataset was divided into Subset A and Subset B
at an 8:2 ratio, where Subset B was fixed as the model validation set. During the model training
phase, Subset A was further split into training and testing sets to explore the influence of reduced
training set size on the diagnostic performance of the model. It should be specifically noted that
when adjusting the division ratio of the training set and testing set in subsequent experiments, the
number of samples in the validation set (Subset B) remained unchanged.

The diagnostic results of the model on the two multi-condition bearing fault datasets are shown
in Figs. 5-6, respectively. To verify the superiority of the diagnostic performance of the proposed
PVIE method, a variety of commonly used feature image conversion methods were introduced for
comparative experiments, and the input data of all comparative experiments were preprocessed
by VMD. Meanwhile, small-scale data diagnostic experiments were designed to analyze the
impact of data volume on model performance: for the CWRU dataset, after dividing the samples
of each fault type into Subsets A and B at an 8:2 ratio, Subset B (validation set) contained 48
feature images for each fault type; the 190 feature images in Subset A were divided into training
and testing sets according to different ratios, where the number of training set samples was 133
(70 %), 57 (30 %), and 19 (10 %) respectively. For the JN dataset, under the same ratio settings,
the number of feature images corresponding to the training set was 136 (70 %), 59 (30 %), and 20
(10 %), respectively.

Firstly, the influence of VMD decomposition layers on diagnostic performance was analyzed,
and the effectiveness of the PVIE method was verified. Two comparative scenarios were set up in
the experiment: (1) directly converting the features of the CWRU dataset decomposed by VMD
with different layers into heatmaps; (2) under the same VMD decomposition layers, using the
PVIE method to convert the decomposed features into images.

The diagnostic results of the two scenarios are shown in Table 3, where VMD3W represents
that the number of VMD decomposition layers is set to 3.

Table 3. The number of different decomposition layers
and the experimental results of PVIE validity verification

Method Accuracy Method Accuracy
VMD3W 80.29 % VMD5W 89.22 %
VMD3W-PVIE | 98.64% | VMD5SW-PVIE | 99.71 %
VMD4W 79.08 % VMD6W 87.65 %
VMD4W-PVIE | 99.00% | VMD6W-PVIE | 99.92 %

As presented in Table 3, it can be observed that the model’s fault diagnostic accuracy improves
with an increase in the number of VMD decomposition layers. However, when the number of
decomposition layers reaches 6, a decline in diagnostic accuracy is observed. It is worth noting
that when the decomposition layer K of VMD exceeds 6, the diagnostic accuracy of directly
converting the VMD decomposition results into a heat map decreases. The physical mechanism
behind this is that an excessively high decomposition layer (K > 6) disrupts the intrinsic modal
structure of the signal and introduces over-decomposition and modal aliasing phenomena. Modal
aliasing causes the fault features to be dispersed into multiple adjacent IMF components, which
disrupts the integrity and clarity of the features in a single mode, resulting in the image obtained
through direct encoding containing blurry and redundant information, thereby reducing the
diagnostic accuracy. In contrast, the proposed PVIE method (VMD6W-PVIE) can still achieve an
extremely high accuracy of 99.92 % in this situation. This is because the PWEDFE module in
PVIE plays a crucial role. It can re-integrate and enhance the periodic impact features related to
the fault through its weighted Euler difference operation from multiple aliased IMF components,
while suppressing the non-correlated modal components generated by over-decomposition.
Therefore, even when VMD decomposition is not optimal, PVIE can effectively “filter” and
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"extract" the most essential discriminative features, ensuring the quality of image encoding and
the robustness of subsequent diagnosis. Consequently, 6 layers were selected as the optimal
parameter for VMD decomposition in this study. Furthermore, the aforementioned experiments
further validate the effectiveness of PVIE in the field of bearing fault diagnosis.

4.1. Multi-condition bearing fault diagnosis experiment

When conducting fault diagnosis using the CWRU fault dataset, the proposed PVIE method
achieved an average diagnostic accuracy of 99.67 % across three different scales. This accuracy
represents improvements of 36.96 %, 33.18 %, 51.29 %, and 50.13 % compared with those of the
comparison methods. When the JNU dataset was used for diagnosis, the proposed method attained
an average diagnostic accuracy of 99.00 % across the same three scales, demonstrating
improvements of 31.11 %, 38.00 %, 42.02 %, and 37.82 % relative to the compared image
encoding methods.

More notably, the proposed method also achieves significant advancements in image
lightweighting. For example, during the diagnostic process — when the model was validated on
the validation set — the diagnostic time corresponding to validation sets constructed by different
image encoding methods is presented in Table 4. In this experiment, the division ratio of the
training set to the test set was set to 8:2, with the test set accounting for 20 % of all generated fault
images. Specifically, the multi-condition fault diagnosis time of the proposed method on the
CWRU dataset is only 21 seconds, which is a substantial reduction compared with that of the
comparison methods. This result further confirms the lightweight characteristic of PVIE.
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= 70%Train 87.65 99.92 86.03 61.09 62.38 62.8
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™ 10%Train 39.96 99.41 46.86 33.9 39.9 35.44
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Fig. 5. Experimental results of CWRU data set under different image conversion methods
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Fig. 6. Experimental results of JN data set under different image conversion methods
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Table 4. Comparison of time required for model diagnosis
Method | PVIE | GADF | GASF | MTF | RP
Time /s | 21 262 73 79 | 45

Additionally, the training process of the diagnostic model was visualized under the scenario
where the training set accounts for 70 % of the total data. Figs. 7-10 illustrate the training and
testing processes of the model for fault diagnosis using the CWRU bearing fault dataset. It can be
observed that the AlexNet model achieves convergence irrespective of the image encoding method
employed to transform the bearing fault data. Nevertheless, the models exhibit low accuracy in
the testing phase, and only the diagnostic model trained on images converted via PVIE maintains
stable convergence while ensuring reliable diagnostic performance.
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Fig. 7. Training accuracy of CWRU dataset diagnostic

l.O-M Soon, 0n,
0.8
8
506 A e N D ST A
g oA " vas :‘f?xr'g’IW'"
3 \l
<<C) 3
o4
0.2 4 —=—VMD
——VMD-PVIE
—+— VMD-GADF
0.0 —»— VMD-GASF
- T T T T 1
0 20 40 60 80 100 —* VMD-MTF
«—VMD-RP

Epoches
Fig. 8. Testing accuracy of CWRU dataset diagnostic

4.2. Diagnostic experiment under noise condition

When bearings are in actual operation, the bearing data are inevitably disturbed by noise during
acquisition, which impacts the fault diagnosis performance of the model. In this paper, Gaussian
white noise with different signal-to-noise (SNR) ratios was added to the original vibration signal
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to simulate the noise environment in actual operating conditions, and fault diagnosis experiments
were conducted using the added noise data to verify the noise immunity of the model. In this
paper, the SNR was used as a measure of the noise level, which is defined in Eq. (14):

P
swr = 101g(2) (14)

n

where P is the signal power and P, is the noise power. When the diagnostic object is the CWRU
fault data, using PVIE to convert fault data with added noise levels of —6 db, —12 db, and —18 db,
the results was shown in Tables 5-7, the model achieved diagnostic accuracies of 99.85 %,
99.17 %, and 99.73 %, respectively. These results represent improvements of 13.82 %, 73.94 %,
and 77.38 %, respectively, over the GADF method. Even when the training data size is reduced,
the proposed method maintains high diagnostic accuracy.
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Fig. 9. Training accuracy of JN dataset diagnostic
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Fig. 10. Testing accuracy of JN dataset diagnostic

When the diagnostic object is the JN fault data, the results were shown in Tables 8-10, the
proposed method achieved 100 % diagnostic accuracy with added —6 db noise across three
different data scales. When the noise level increased to -18db, the diagnostic model still achieved
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98.83 % accuracy using PVIE as the image conversion method, while the results of the comparison
methods did not exceed 25 %.

Table 5. —6 db noise CWRU fault dataset diagnosis results

CWRU (-6db) | VMD | VMD-PVIE | VMD-GADF | VMD-GASF | VMD-MTF | VMD-RP
70 % train 71.94 % 99.85 % 86.03 % 61.09 % 62.38 % 62.80 %
30 % train 32.09 % 98.34 % 66.58 % 50.17 % 5331 % 50.40 %
10 % train 28.66 % 94.53 % 46.86 % 33.90 % 39.90 % 35.44 %

Average 44.23 % 97.57 % 66.49 % 48.38 % 51.86 % 49.54 %
Table 6. —12 db noise CWRU fault dataset diagnosis results

CWRU (-12db) | VMD | VMD-PVIE | VMD-GADF | VMD-GASF | VMD-MTF | VMD-RP
70 % train 61.12 % 99.17 % 25.23 % 17.67 % 19.51 % 21.08 %
30 % train 38.16 % 98.03 % 20.98 % 14.29 % 17.23 % 18.65 %

10 % train 26.62 % 92.51 % 17.47 % 10.58 % 13.16 % 14.17 %
Average 41.96 % 96.57 % 21.22% 14.18 % 16.63 % 17.96 %
Table 7. —18 db noise CWRU fault dataset diagnosis results

CWRU (-18db) | VMD VMD-PVIE | VMD-GADF | VMD-GASF | VMD-MTF | VMD-RP
70 % train 333% 99.73 % 22.35% 13.95% 16.69 % 19.35 %
30 % train 342 % 98.87 % 19.37 % 10.63 % 14.29 % 17.38 %
10 % train 3.19% 90.98 % 12.25 % 8.34% 11.87 % 14.43 %

Average 331 % 96.52 % 17.99 % 10.97 % 14.28 % 17.05 %
Table 8. —6 db noise JN fault dataset diagnosis results
IN (-6 db) VMD VMD-PVIE | VMD-GADF | VMD-GASF | VMD-MTF | VMD-RP
70 % train | 84.35 % 100 % 71.5% 59 % 64.66 % 70 %
30 % train | 49.19 % 100 % 61.5% 453 % 56.16 % 60.16 %
10 % train | 32.99 % 100 % 50.02 % 34.83 % 50.12 % 53.36 %
Average 5551 % 100 % 61 % 46.37 % 56.98 % 61.17%
Table 9. —12 db noise JN fault dataset diagnosis results
IN (=12 db) VMD VMD-PVIE | VMD-GADF | VMD-GASF | VMD-MTF | VMD-RP
70 % train 31 % 100 % 43.66 % 28.33 % 3133 % 33%
30 % train 22.5% 100 % 34 % 24 % 27.83 % 27.33 %
10 % train | 19.66 % 99.83 % 27.65 % 21.09 % 24.19 % 21.95 %
Average 24.38 99.94 % 35.1% 24.47 % 27.78 % 27.42 %
Table 10. —18 db noise JN fault dataset diagnosis results
IN (-18 db) VMD VMD-PVIE VMD-GADF VMD-GASF VMD-MTF VMD-RP
70 % train | 26.83 % 99.66 % 28 % 8.33 % 26 % 17.33 %
30 % train | 23.44 % 98.33 % 22.16 % 8.33 % 23 % 14.16 %
10 % train | 19.07 % 98.5 % 19.66 % 833 % 19.33 % 8.33 %
Average 23.11 % 98.83 % 23.27 % 8.33 % 22.77 % 13.27 %

To further verify the superiority of the method proposed in this paper, we compared it with
some other literature that uses feature image coding methods. The fault dataset used is CWRU.
The dataset division is maintained at 20 % of the total data as the validation set, and the remaining
data is divided into the training set and the test set in a 7:3 ratio. The final diagnosis results are
shown in Table 11.

As can be seen from Table 11, compared with other diagnostic methods, the method proposed
in this paper still maintains relatively stable diagnostic performance under strong noise
interference.
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Table 11. The result of comparison with other methods
—6dbdata | —12 db data | —18 db data
REF [21] | 97.81 % 9337 % 80.29 %
REF[23] | 99.21 % 97.53 % 90.08 %
REF [25] | 98.72 % 94.16 % 88.40 %
Ours 99.85 % 99.17 % 99.73 %

5. Discussion

The PVIE method proposed in this study, compared with the existing image encoding-based
fault diagnosis methods, has a core breakthrough in that it actively enhances the fault
discrimination features under multiple operating conditions through PWEDFE, and achieves
lightweight feature maps by relying on the Viridis mapping. This solves the problems of poor
feature separability and low diagnostic efficiency of traditional methods. Moreover, through the
synergy of VMD noise reduction and feature enhancement, the diagnostic robustness in strong
noise and small sample scenarios has been significantly improved. This is also the key reason why
its diagnostic accuracy and efficiency are significantly superior to methods such as GADF, GASF,
MTF, and RP. Experimental results show that the matching degree between the number of VMD
decomposition layers and the complexity of fault signal features directly affects the diagnostic
effect. The 6-layer configuration is the optimal parameter for this experiment. This rule can
provide a reference for similar bearing signal processing. However, this method still has
limitations such as the need for manual experimentation to determine VMD parameters and the
absence of multi-sensor data fusion. In the future, it can be combined with intelligent optimization
algorithms to achieve adaptive selection of VMD parameters and further enhance the universality
and engineering adaptability of the method by integrating multi-sensor signals.

6. Conclusions

To address the core challenges in multi-condition bearing fault diagnosis — specifically, the
inability of existing image encoding methods to effectively distinguish fault features across
varying operating conditions, and the high complexity and redundancy of current feature images
that hinder diagnostic efficiency — this paper proposed a novel feature image encoding method
based on PVIE. The implementation framework proceeded as follows: first, VMD was employed
to decompose the raw bearing fault data; second, the decomposed components were transformed
into feature images using the proposed PVIE method; finally, these images were fed into an
AlexNet network model to achieve accurate fault diagnosis under multi-condition scenarios. The
main contributions of this study are summarized as follows:

1) A lightweight fault feature encoding method, termed PVIE, was proposed. This method
realizes effective extraction of discriminative fault features through the PWEDFE module, thereby
ensuring the representational validity of the image encoding. Simultaneously,
it achieves lightweight compression of feature images via the VFVM mechanism, significantly
reducing the computational load for subsequent models.

2) Experimental results demonstrated that the multi-condition bearing fault encoding scheme
integrating VMD and PVIE exhibits superior encoding performance. Further verification
confirmed that the proposed method maintains robust diagnostic accuracy even under strong noise
interference and small-sample scenarios, highlighting its significant potential for engineering
applications.

3) The intrinsic relationship between the feature extraction performance of the diagnostic
model and the dominance of fault representation within the feature images was revealed. The study
found that the VMD-based feature extraction process is highly sensitive to the settings of penalty
and modal parameters; improper parameter selection prone to inducing modal aliasing. Such
aliasing effects lead to deviations in feature extraction, resulting in incomplete and ambiguous
fault information expression in the generated images, which ultimately causes diagnostic errors.
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