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Abstract: To meet the demand for intelligent monitoring of rolling bearings and overcome
the limitation of scarce fault samples in the real world, this paper proposes a zero-fault
sample-based condition detection method that integrates the time-frequency analysis of rolling
bearings with modal knowledge, which mainly includes: 1) The HHT envelope analysis
and high-frequency filtering is introduced to reduce the interference of the base-frequency
information of rolling bearings and to enhance the frequency of the fault information. 2) A novel
zero-fault sample-based loss function is designed by combining the strong temporal sequence of
rolling bearing monitoring data with the a priori knowledge of information mutualism to realize
the effective training of the data-driven model. 3) An intelligent fault detection algorithm for
rolling bearings is established based on a trained data-driven model. The proposed method
is validated using a constructed rolling bearing experimental platform. The validation results
show that the proposed method is able to build an effective intelligent fault detection model
with zero fault samples of rolling bearings, which shows better fault detection performance than
other supervised and unsupervised learning-based methods. The proposed anomaly detection
method based on zero-fault samples can quickly establish its state detection model for important
rolling bearings applied in engineering practice, providing a new perspective for data-driven
fault diagnosis methods for rolling bearings.

Keywords: gearboxes; zero fault sample; prior knowledge; compound fault;
contrastive loss function

1. Introduction

As a core functional component of modern mechanical equipment, the dynamic
characteristics of rolling bearings directly determine the reliability, efficiency and
service life of the system [1–3]. From the contact mechanics analysis, the Hertzian
contact stress distribution of the bearing and the microscopic crack extension
mechanism together constitute its failure threshold, while studies have shown that
about 40% of rotating machinery failures originate from bearing failures (e.g., fatigue
spalling, wear and tear, etc.), which lead to significant economic losses [4,5].

In recent years, with the deep development of intelligent manufacturing and
industrial Internet of Things technology, intelligent fault diagnosis methods have
become one of the cores means to improve the health management level and production
efficiency of equipment [6]. Data-driven diagnosis methods based on deep learning
and other artificial intelligence technologies have become a research hotspot in the
field of rolling bearing fault detection due to their excellent feature extraction and
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fault identification capabilities. A large number of studies have shown that deep
convolutional neural networks (CNN) [7], recurrent neural networks (RNN) [8],
graphical neural networks (GNN) [9], and hybrid structural models can efficiently
and automatically learn complex spatial and temporal features from a large number
of labelled monitoring signals, and achieve the accurate identification of a wide range
of typical faults. However, fault data of rolling bearings in practical engineering
applications are extremely scarce, especially in new equipment, critical parts or early
stages of service, and often face the dilemma of zero or very few samples [10, 11].
Traditional deep learning methods relying on large-scale labelled data are thus greatly
restricted, and the models are difficult to generalize to real industrial environments,
which seriously affects the practicality and reliability of intelligent diagnosis systems.
Therefore, how to carry out intelligent fault diagnosis of rolling bearings with high
efficiency and strong generalization ability under the condition of fewer fault-free
samples or even zero samples has become a key scientific challenge that needs to be
broken through in the field of intelligent maintenance and health management [12,13].

Aiming at the practical difficulties of rolling bearings with very few or no-fault
samples, scholars have proposed a variety of innovative solutions based on migration
learning and generated data. In the research of intelligent fault diagnosis of rolling
bearings based on migration learning, the main idea is to migrate the acquired
knowledge from the source domain (a large amount of labeled data in a laboratory
environment, under simulated working conditions, or in a publicly available dataset) to
the target domain (a task with a lack of fault samples in a real-world industrial scenario,
under different working conditions, or with a new type of equipment) [14,15]. Current
mainstream methods include feature space alignment, domain adaptation, parameter
fine-tuning, domain adversarial network, etc., aiming to alleviate the problem of
“domain drift” caused by different acquisition conditions, working condition changes
and sample distribution differences. Through migration learning, the model can
make full use of the existing health and fault knowledge to effectively identify the
rolling bearing condition in new equipment or under new working conditions. At
the same time, the method of generating data has also become an important means
to improve rolling bearing fault diagnosis capability. Deep generative models such
as Generative Adversarial Network (GAN) [16] and Variable Auto-Encoder (VAE)
[17] are widely used for the synthetic expansion of fault samples. By constructing
high-quality virtual fault signals, researchers have effectively alleviated the problems
of overfitting and insufficient generalization ability caused by the scarcity of real fault
data. Some studies have also combined strategies such as data augmentation, sample
less learning, pseudo-labelling and self-supervised learning to further improve the
intelligent fault recognition of rolling bearings under very few samples. However, both
migration learning and generative data methods face many challenges, such as large
distributional differences between source and target domains, difficulty in guaranteeing
the authenticity of generated samples, and insufficient model robustness. Especially
in the real industrial environments of cross-equipment, cross-condition, and even
cross-platform, how to ensure that the migrated and generated diagnostic models have
a high degree of generalization ability and physical consistency is still the difficulty
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and hotspot of current research [18,19].
With the integration of artificial intelligence and physical modelling, physical

information-driven intelligent fault diagnosis methods for rolling bearings have
gradually become the focus of attention in academia and industry. Although traditional
data-driven methods have made significant progress under large sample conditions,
their “black box” characteristics and neglect of physical mechanisms have led to
insufficient robustness and interpretability of the models under scarce samples and
abnormal working conditions. For this reason, more and more researchers try to
integrate the a priori knowledge of rolling bearing dynamics mechanism, material
damage evolution, and physical characteristics of vibration signals into intelligent
diagnostic models. Currently, physical information-driven diagnostic methods mainly
include neural networks based on physical constraint optimization, deep coupling of
physical models and generative models, and knowledge-driven decision reasoning
mechanisms [20–22]. Some scholars have effectively improved the interpretability
and generalization ability of diagnostic models by introducing physical constraint
loss functions and jointly training physical models and data models. Another study
combines physical mechanism modelling such as finite element analysis, system
identification, friction contact theory, etc., with deep generative networks to generate
high-quality fault samples with physical consistency, which provides a solid data
foundation for intelligent diagnosis under extreme operating conditions and zero
sample conditions. In addition, knowledge graph [23], expert system [24], symbolic
reasoning [25] and other soft-hard technologies also provide multi-source information
fusion and reasoning capability for rolling bearing health management. Physical
information-driven intelligent fault diagnosis of rolling bearings can not only make
up for the shortcomings of pure data-driven methods under data scarcity, but also
significantly improve the adaptive ability of the model to new types of faults,
unknown working conditions and complex environments. Therefore, facing the future,
in-depth excavation of the coupling relationship between physical mechanism and data
characteristics of rolling bearings, and constructing a new paradigm of zero-sample
intelligent fault diagnosis with physical consistency, high robustness, and strong
generalization ability have become the inevitable trend and core goal to promote the
theoretical innovation and practical application of high-end equipment intelligent health
management.

Considering that in real industrial environments, rolling bearings have multi-
source monitoring signals (e.g., vibration, acoustic emission, temperature, current,
etc.), and these signals can reflect the operating characteristics and potential fault
mechanisms of bearings from different physical levels [26–28]. Therefore, the
complementary information of multi-source monitoring signals is fully exploited,
combined with the knowledge-driven multimodal feature fusion and inference
mechanism, to construct an intelligent model that can realize rolling bearing fault
detection under the condition of zero fault samples. Based on this, this paper introduces
the rolling bearing monitoring signal analysis knowledge such as Hilbert envelope
analysis and high frequency filtering, and at the same time, combines the information
entropy reciprocity between the multi-source monitoring signals and the a priori
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knowledge of the strong temporal sequencing of monitoring signals, to design the
autonomous training method of the intelligent model under the zero-fault samples, and
combine the rolling bearing fault detection algorithms, and ultimately to obtain the
intelligent abnormality detection model of the rolling bearing under the zero-sample
conditions. The main contributions are as follows:

(1) The Hilbert envelope analysis and high-frequency filtering are introduced to
achieve the enhancement of the inherent fault spectrum information in monitored
signals of rolling bearings.

(2) A novel loss function is designed based on the multimodal monitoring signals
and the strong temporal sequence of monitoring signals, which can realize the
effective optimization of the deep network model with zero-fault samples

(3) An intelligent fault detection algorithm for rolling bearings is constructed based
on the defined prior knowledge of the mutual difference in information entropy
and the trained network-based feature encoder.

This paper is arranged as follows: the second part is the problem definition, the
third part is the proposedmethod and itsmain content, the fourth part is the experimental
validation of the proposed method and the discussion and analysis of the results, and
the fifth part is the conclusion.

2. Problem definition

For the actual mechanical equipment of engineering, most of the time it is in
reliable operation, so the monitoring of its state, the monitoring data obtained is mostly
normal state data, with a large amount of data, but with low-density characteristics.
And with the development of artificial intelligence technology, a large amount of data
is needed for training and learning, which is compatible with the characteristics of
mechanical equipment, with a large amount of condition monitoring data. However,
AI methods have high requirements on data quality, which makes it challenging
to apply AI technology to the learning of massive monitoring data of mechanical
equipment to establish its intelligent condition monitoring, sensing, and recognition
models. Therefore, how to carry out autonomous deep learning on massive monitoring
data of mechanical equipment has become a key issue to be solved in this paper. Taking
rolling bearings as an example, there are various ways to monitor their state, and the
state can be characterized from vibration, sound, and other modal data. Currently,
most of the proposed fault diagnosis methods for rolling bearings are implemented by
constructing supervised learning tasks to achieve fault diagnosis modelling of rolling
bearings, however, this type of method requires the support of different state data
samples, and it is obvious that for rolling bearings in engineering practice, the states
represented by their monitoring data are mostly normal, which leads to difficulties
in fault diagnosis model modelling through supervised learning. Therefore, how to
establish an artificial intelligence model to obtain an intelligent fault diagnosis model
for rolling bearings using multimodal monitoring data of rolling bearings under zero
fault samples is the key problem to be solved in this paper.
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3. Proposed method

Due to the scarcity of available fault data in mechanical equipment, the
requirements of data-driven methods for comprehensive datasets are often unmet. To
address this limitation, this paper leverages the abundance of sensor monitoring data
in mechanical systems and proposes an end-to-end intelligent fault detection method
that integrates time-frequency analysis knowledge of rolling bearing vibration signals
with multi-modal prior information. As illustrated in Figure 1, the proposed method
consists of five main components: (a) multi-modal data acquisition, (b) embedding of
time-frequency analysis and multi-modal prior knowledge, (c) design of a contrastive
loss function for the deep network model under zero-fault-sample conditions, (d)
construction of a feature encoder based on EfficientFormer, and (e) development of
an end-to-end intelligent fault detection algorithm for rolling bearings utilizing the
obtained feature encoder.

Figure 1. The framework for diagnostic methods under zero compound fault samples.

3.1. Hilbert envelope analysis
In real industrial scenarios, it tends to have a very low. A key consideration

in this study is that rolling bearings, as essential components in rotating machinery,
inherently exhibit periodic motion characteristics, and their fundamental frequency
significantly influences the monitoring signals. Particularly for data-driven approaches,
the fundamental frequency acts as a dominant feature and can affect the training of
intelligent models. To address this issue, the Hilbert envelope is employed to analyze
combined with high-frequency filtering to preprocess the monitoring signals of rolling
bearings. Specifically, after performing envelope analysis on the bearing signals, a
high-frequency filter is applied to further process the envelope, thereby enhancing
the fault frequency information while suppressing the influence of the fundamental
frequency. The detailed procedure is as follows: let the vibration signal be denoted
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as x(t), and the modulation signal as a(t). The relationship between them can be
expressed as follows:

x(t) = a(t) cos (2πfst+ ϕ(t)) (1)

where fs denotes the carrier frequency and ϕ(t) represents the phase modulation. The
modulation process described above mainly involves the following steps:

Step 1: Perform the Hilbert transform on the signal and construct the analytic
signal by introducing a 90-degree phase shift.

x̃(t) = H {x(t)} (2)

Step 2: Perform envelope analysis. Specifically, compute the modulus (magnitude)
of the analytic signal.

a(t) = |z(t)| =
√
x2(t) + x̃2(t) (3)

Through the above operations, the low-frequency modulation signal a(t) can be
separated from the high-frequency carrier.

Step 3: Conduct envelope spectrum analysis. Specifically, apply the Fourier
transform to the envelope signal to obtain its spectral information.

A(t) = fft (a(t)) (4)

Step 4: As the fundamental frequency modulates the fault frequency in the
low-frequency band, whilst the fault frequency continually manifests as harmonic
frequencies, and given the finite energy of noise frequencies in the high-frequency
band, a high-pass filter is applied to the envelope spectrum to further eliminate the
influence of low-frequency disturbances, thereby accentuating the fault frequency in
the high-frequency band.

Step 5: The envelope spectrum after high-pass filtering undergoes an inverse
Fourier transform to yield the processed signal samples.

3.2. EfficientFormer
To tackle the challenge of developing intelligent models trained solely on

monitoring signals acquired from rotating machinery under normal operating conditions,
we propose a lightweight network architecture designed to mitigate the inherent risk
of overfitting. While the integration of time-frequency analysis and temporal prior
knowledge effectively addresses the limitations posed by imbalanced training data,
the exclusive reliance on normal-state monitoring signals heightens the propensity for
overfitting. To circumvent this issue, the adoption of a lightweight network structure is
imperative. The EfficientFormer, a re-engineered Vision Transformer (ViT) architecture
optimized for latency, leverages dimension-consistent Transformer blocks as its core
components, coupled with a lightweight attention mechanism. This design substantially
reduces the risk of overfitting while maintaining robust representational capacity.

A pivotal aspect of the proposed methodology lies in the judicious selection of a
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feature encoder. With the advent of generative artificial intelligence, Transformer-based
models have demonstrated superior performance compared to conventional
convolutional neural networks (CNNs) and recurrent neural networks (RNNs),
underscoring their substantial potential for advanced applications. Nevertheless, the
computational complexity of Transformer models, which necessitates significant
resource allocation, presents a considerable barrier to their deployment in practical
engineering contexts. To address this limitation, we build upon the foundational
Transformer architecture [29] by introducing the EfficientFormer, a streamlined model
tailored for computational efficiency. The EfficientFormer employs a latency-driven
optimization strategy, substituting large convolutional kernels with multiple smaller
kernels and refining the attention mechanism through techniques such as low-rank
approximations or depth-wise separable convolutions. These modifications significantly
reduce computational overhead while preserving model efficacy, thereby facilitating the
practical implementation of the proposed approach in resource-constrained engineering
environments.

Attentionlight == Softmax

(
QKT

√
dk

)
V (5)

where Q, K, and V reduce the number of parameters by parameter sharing.
In addition, EfficientFormer employs a hybrid architectural design, using a CNN

architecture (e.g., MBConv) at the shallow layer and a lightweight Transformer block
at the deep layer to balance local and global feature extraction.

Blocki =

{
MBConv, i ≤ N

2

Transformerlight, i ≥ N
2

(6)

3.3. Embedded multimodal and physical prior knowledge zero-fault
sample loss functions
For data-driven intelligent fault diagnosis modelling, the key lies in the effective

training of the intelligent model. However, the fault data of rolling bearings in
engineering practice is extremely scarce, with even zero fault samples, which leads
to the difficulty of achieving intelligent fault diagnosis modelling of rolling bearings
under an unbalanced training set. Through literature research, it is known that the
training of intelligent models lies in the construction of the loss function. Therefore,
how to construct a suitable loss function under zero-fault samples of rolling bearings
is the key to achieving intelligent diagnostic modelling under zero-fault samples.
Considering that most of the actual rolling bearings are in normal service, the normal
state monitoring data are sufficient, and with the continuous development of sensing
technology, rolling bearings have a variety of state monitoring means, and a large
number of normal state data in different modes can be obtained. At the same time,
taking into account the strong temporal sequence of rolling bearingmonitoring data, this
a priori knowledge is not applied in the previous intelligent model modelling process.
Based on this, this paper introduces the a priori knowledge of multi-modal data and
strong temporal sequence to design a new type of loss function with zero fault samples.
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Let the monitoring data of rolling bearings in different modes under normal state
be

{
a01, a

0
2, · · · , a0n

}
,
{
b01, b

0
2, · · · , b0n

}
, · · · ,

{
x01, x

0
2, · · · , x0n

}
, in which ‘0’ denotes

the normal state, n denotes the number of samples in the normal state. Let the feature
encoder based on EfficientFormer beEffenet, then the encoding process of the normal
state samples of rolling bearings with different modes is as follows:

{
f0
1 , f

0
2 , · · · , f0

n

}
= Effenet(

{
x01, x

0
2, · · · , x0n

}
) (7)

Since rolling bearings have multiple modes of monitoring signals, multiple
high-dimensional features can be obtained from the above equation. Also, from the
strong temporal order of the rolling bearing monitoring signals, it is known that:

x0t ⊗ x0t−1 ≈ 1 (8)

where, t−1 and t are denoted as the sample labels collected by the rolling bearing normal
conditionmonitoring signals under continuous time series. Through the above equation,
it can also be obtained that the high-dimensional features obtained from the two samples
through Effenet should satisfy:

f0
t ⊗ f̃0

t−1 ≈ 1 (9)

At the same time, it is evident from the monitoring principles and methodologies
of sensors that signals acquired by different sensors exhibit modal variations, with
discrepancies also existing in the information content beingmonitored. It should be noted
that for triaxial vibration sensors, monitoring in different directions demonstrates varying
sensitivities to distinct vibration orientations, particularly manifesting in amplitude
differences, which further underscores their inherent distinctiveness. Consequently, to
reflect this differentiation, a limit expression is introduced.

xat ⊗ xbt ≈ 0, f̃t ⊗ ft ≈ 0 (10)

where a and b denote the different sensors.
The expression of different modal a priori knowledge with a strong temporal

sequence of monitoring signals can be achieved by Equations (8), (9), and (10). The
innovation of this paper is to design the effective optimization of the feature encoder
under zero-fault samples based on the above equation to get rid of the dependence on
rolling bearing fault samples. The specific process is as follows:

Considering above expressions are all similarity and dissimilarity relationships, it
is necessary to mathematically make use of these relationships, the comparison matrix
can be constructed:

M =


fa⊗f̃a · · · fa ⊗ f̃x

... . . . ...
fx⊗f̃a · · · fx ⊗ f̃x

 (11)

where the subscripts a, b, · · ·x denote the different modes, and f and f̃ denote the
high-dimensional representations of the signal samples collected under the continuous
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time series of the monitoring signal, respectively. From the above equation, the
correlation calculation of f ⊗ f̃x yields the correlation coefficient matrixM cc:

M cc =


cc

(
fa ⊗ f̃a

)
· · · cc

(
fa ⊗ f̃x

)
... . . . ...

cc
(
fx ⊗ f̃a

)
· · · cc

(
fx ⊗ f̃x

)
 (12)

For M cc its embedded in a variety of physical prior knowledge. There is a
maximum similarity between high-dimensional features in the same modality, i.e., for
M cc the diagonal elements are maximal, based on which it can be obtained that:

L1 =

n∑
i=1

cc
(
fi ⊗ f̃i

)
, i ∈ (a, b, · · · , x) (13)

Minimum similarity between the high-dimensional representations of different
samples of modal monitoring signals, based on which it can be obtained:

L2 =

n∑
i,j=1

cc
(
fi ⊗ f̃j

)
, i ̸= j and i, j ∈ (a, b, · · · , x) (14)

Furthermore, from the comparison matrix, cc(fi ⊗ f̃j) in row i of matrix M cc

should be the largest in the row when i = j, which means that the best optimisation
result of the comparison matrix is:

T =


1 · · · 0
... . . . ...
0 · · · 1

 (15)

Therefore, an argmax operation on each row ofM cc should yield the matrix of the
above equation, which can be further expressed as:

P = [p1, p2, · · · , pr ] (16)

where r denotes the number of different modal monitoring data available for rolling
bearings and pr is the row vector.

pr =
[
cc

(
fx ⊗ f̃a

)
, · · · , cc

(
fx ⊗ f̃x

)]
argmax

(17)

The cross-entropy loss function is obtained by performing cross-entropy
calculations on P and T :

L3 =
M∑
m

TmlogPm (18)

Through Equations (16), (17) and (18), a novel loss function with embedded
multimodal and temporal monitoring signals first verifies that knowledge can be
obtained:
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L =αL1 + βL2 + γL3, α < 0, β, γ > 0 (19)

3.4. Intelligent fault detection algorithms for rolling bearings
Based on the introduced Hilbert envelope analysis and the designed novel loss

function embedded with the a priori knowledge of multimodal and timing monitoring
signals, the deep network model training can be realized under the zero fault samples
of rolling bearing, so the key of this section is how to get the deep network encoder
based on the training to realize the intelligent detection of rolling bearings. Specific
steps include:

Step 1: Select rolling bearing benchmark state samples (a1, b1, · · · , x1), i.e., select
samples from different modal monitoring data as benchmark state data respectively.

Step 2: Multimodal monitoring data acquisition of rolling bearings, intercepting
the statemonitoring signal samples, usingHilbert envelope analysis and high-frequency
filtering methods to process the baseline signals and the acquired signals, and using
morl mother wavelet to carry out the wavelet transform, to obtain the time-frequency
mapping.

Step 3: The EfficientFormer-based feature encoder obtained by training, performs
high-dimensional feature characterization of the benchmark wavelet spectrum
and the monitoring signal wavelet spectrum, and constructs a high-dimensional
characterization similarity comparison matrix:

M cc
x =


cc

(
f b
a1 ⊗ f̃1

a1

)
· · · cc

(
f b
a1 ⊗ f̃1

x1

)
... . . . ...

cc
(
f b
x1

⊗ f̃1
a1

)
· · · cc

(
f b
x1

⊗ f̃1
x1

)
 (20)

Step 4, normalize M cc
x , map each row of elements in the matrix to the interval

[−0.5, 0.5] respectively, and use the argmax operation to obtain the Hot code Px for
each row of elements inM cc

x as follows:

rxm =
[
cc

(
f b
m ⊗ fx

1

)
, · · · , cc

(
f b
m ⊗ fx

n

)]
(21)

vi =
rxm[i]−min(rxm)

max(rxm)−min(rxm)
− 0.5 (22)

P x
m = [vm1 , vm2 , · · · , vmn ]argmax (23)

Px = [P x
1 , · · · , P x

m, · · · , P x
n ] (24)

After normalization, the values are scaled uniformly to weaken the differences
brought by absolute values and highlight the relative comparative advantages of feature
similarity. Based on the normalized comparison matrix, one threshold is set. Generally,
when P x

m meets abs(sum(P x
m)) ≥ threshold, the state is judged to be abnormal. When

abs(sum(P x
m)) < threshold andPx = [0, 1, · · · , n], it is judged to be normal, otherwise
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it is faulty. It is worth noting that threshold selection is determined based on the
detection results of the normal state, and the thresholds are typically set higher, while
for faults that are subtle yet potentially severe, thresholds are set lower to enhance
sensitivity to such faults. Furthermore, the similarity comparison results between
time-frequency spectrum are also used to achieve the fault detection, when the similarity
with the normal state of time-frequency maps is greater than 0.5, it will also be set as a
fault.

However, it should be noted that the proposed fault detection algorithm is based
on the premise that the load and rotational speed of rolling bearings do not undergo
significant variation during normal operation. This is because such variations would
test the generalizability of the proposed method. Furthermore, during modelling, signal
samples under different load and speed conditions were not incorporated for training,
inevitably leading to a degree of overfitting in the model.

4. Case studies and experimental results

4.1. Rolling bearing experimental platform and dataset description
The main feature of the method proposed in this paper is that it can achieve

intelligent fault detection under zero fault samples by fusing multimodal data of rolling
bearings. In order to verify the effectiveness of the proposed method, it is necessary to
build an experimental platform that can collect multimodal data of rolling bearings. To
this end, this paper builds a rolling bearing experimental platform as shown in Figure
2, which consists of a motor, a coupling, two test bearings and a pulley. It should be
pointed out that this platform needs to cooperate with the multimodal data acquisition
device to ensure the alignment of the collected data. The acquisition instrument is
Siemens Sim-center test-lab, equipped with sensors including single-axis vibration
sensors, three-axis (XYZ) vibration sensors, sound level meter and so on.

Figure 2. The rolling bearing fault experimental platform.

This test bench is set up a total of four types of failure states, respectively, the
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outer ring damage, inner ring damage bearing, rolling body damage, mixed damage.
Experiments are mainly conducted through the adjustment of belt tension, setting
the load size, and each time the replacement of bearings was used to determine the
tensiometer, tensiometer size is set to −11.60 mm, through the tachometer to measure
the actual speed of different operating conditions. A set speed of 500–1200 rmp/min
was carried out in eight operating conditions, the sampling frequency of the collector
was set at 102,400 Hz, and the test time under each condition was 900 s. The details
of the data collected under a selected operating condition as the validation data set
are shown in Table 1. XYZ-axis and uniaxial acceleration signals and sound signals
were acquired for each experimental condition. In the case validation, multiple signals
were acquired and divided into two groups to verify the effectiveness of the proposed
method. Firstly, two groups of XYZ-axis acceleration signals were randomly selected
for validation of the proposed method, including X-axis acceleration signals and Y-axis
acceleration signals, X-axis acceleration signals and Z-axis acceleration signals, and
Z-axis acceleration signals and Y-axis acceleration signals. Secondly, the X-axis
acceleration signal, the single-axis acceleration signal and the sound signal are also
combined two by two respectively. Therefore, a total of six sets of proposed method
validation can be performed.

Table 1. Details of the rolling bearing fault detection method validation dataset.

Labels Fault name Conditions Description Monitored signals

Normal Normal 500 rmp/min 55.30 N —
XYZ-axis, single-axis acceleration
signal and sound signal.

Anomaly1 Inner fault 500 rmp/min 55.30 N Two scratches on the inner ring
XYZ-axis, single-axis acceleration
signal and sound signal.

Anomaly2 Outer fault 500 rmp/min 55.30 N
Two small holes on the outer
ring

XYZ-axis, single-axis acceleration
signal and sound signal.

Anomaly3 Rolling body fault 500 rmp/min 55.30 N Rolling body scratches
XYZ-axis, single-axis acceleration
signal and sound signal.

Anomaly4 Compound fault 500 rmp/min 55.30 N Mixed three faults.
XYZ-axis, single-axis acceleration
signal and sound signal.

4.2. Discussion and analysis of results
The multimodal monitoring data of rolling bearings collected from actual

experiments are used to carry out experimental validation of the method proposed in
this paper. The normal state bearing vibration data under the working condition of 500
rmp/min is used as the training set, and the length of the training samples is set to 0.15
s, which results in a total of 1000 training samples. The vibration data collected under
the four fault states is used as the test set, and the test samples for each type of state
are all 1000.

Firstly, the effectiveness of the introduced Hilbert envelopment analysis and
high-frequency filtering for the rolling bearing monitoring signals is verified. The
cut-off frequency of the high-pass filter is 8000 Hz. The spectral analysis of the
vibration signals after embedding the HHT envelope analysis in the proposed method
is shown in Figure 3. Without HHT envelope analysis, the spectral energy is high and
the fundamental frequency energy is more prominent. After HHT envelope analysis
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and high frequency filtering, the fault frequency is more prominent, which effectively
guarantees the quality of the subsequent time-frequency analysis.

Figure 3. The Hilbert envelope is introduced to compare the spectrumwith the high-frequency
filtered spectrum.

One of the major advantages of the proposedmethod is that it can achieve effective
training of deep network encoders by embedding multimodal and timing signal a
priori knowledge under the condition of zero-fault samples of rolling bearings. In
order to verify the effectiveness of the proposed method, two types of multimodal
data collected under the normal condition of rolling bearings are selected to train the
EfficientFormer-based feature encoder. A total of six sets of method validations were
performed. Figure 4 shows the optimization process of the loss function designed
during the training of the proposed zero-fault sample-dependent feature encoder on six
different sets of modal monitoring data of rolling bearings in normal state. From the
results, it can be seen that the loss functions involved are able to achieve the descent
under zero-fault samples and have the convergence property, which indicates that the
designed loss functions are able to optimize the network parameters of EfficientFormer
under the combination of six sets of multimodal data, and all of them are able to achieve
the optimization of the network parameters. The above six sets of experiments show
that the proposed loss function with embedded multimodal data and strong a priori
knowledge of timing signals is effective and efficient, which provides a practical path
to get rid of the dependence on rolling bearing fault data, and shows the potential of
intelligent fault diagnosis modelling under zero fault samples of rolling bearings.

To further validate the designed loss function, three weights were adjusted to
examine their impact on the proposed method. Three weights were set to 0.95 and
0.5 respectively, and the threshold is set to 0.2. Six sets of experiments were conducted
using uniaxial vibration signals and acoustic signals. The test results are shown in
Table 2. It indicates that when the weights of the three loss functions are set to 0.95,
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their impact on the proposed method is negligible, and the test accuracies are 99.25%,
98.75% and 100, respectively. However, the test accuracy decreases to varying degrees
when the weights α is set to −0.5, or β, γ to 0.5. Finding the optimal parameters near
1 clearly requires substantial computational effort. Therefore, it suggests that α is set
to −1, and β, γ to 1.

Figure 4. Embedded knowledge of multiple time-frequency analyses for designed loss
function in the training process.

Table 2. Details of the rolling bearing fault detection method validation dataset.

Scenario α β γ Test accuracy (%)

1 −1 1 1 100
2 −0.95 1 1 99.25
3 −1 0.95 1 98.75
4 −1 1 0.95 100
5 −0.5 1 1 95.68
6 −1 0.5 1 80.33
7 −1 1 0.5 90.56

Figure 5a shows the results of ten validations under different combinations of
modal information for the rolling bearing with zero fault samples. From the results,
it can be seen that by using the triaxial vibration sensor in the normal state of the
rolling bearing, the combination of the two can achieve the establishment of an effective
intelligent fault detection model. In addition, the use of triaxial vibration signals,
single-axis vibration signals, sound signals, two combinations can also achieve good
results, and better than the three-axis vibration signals of the two combinations. In this
paper, it should be pointed out that the method proposed in this paper is also applicable
to the zero-fault sample modelling under the three modes of different signals, but when
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the introduction of the three modal signals, the design of the zero-fault sample model
training task will become more complex, which will lead to the collapse of the model
training when the difference in the information between the different modal signals
is not very obvious. Furthermore, considering that misalignment between multimodal
signals impacts the established Equation (10), misalignment between modal signals
leads to greater divergence among signal samples, thereby simplifying the defined
learning task and hindering model optimization. Figure 5b presents test results for both
aligned and misaligned signals. The results demonstrate that when modality signals are
misaligned, test performance deteriorates. This confirms that misalignment simplifies
the learning task for deep representation models, hindering their optimization. The
complexity of the defined learning task must be considered to ensure effective training
of deep representation models in practical applications of proposed method.

Figure 5. Validation and discussion of experiment result.

To further validate the performance of the proposed rolling bearing zero-sample
fault detection method, the intelligent fault detection method is modelled under triaxial
vibration signals, and the proposed method is validated under different fault detection
thresholds for the detection of different states of rolling bearings. Figure 6 shows the
validation results of the proposed method under different thresholds for the detection
of different states. The result shows that the validation performance of the proposed
method with different detection thresholds is different under different combinations
of triaxial vibration signals, which is mainly reflected in the detection of the normal
state of rolling bearings. However, with the increase of threshold, as shown in Figure
6a,b, the verification of various states of rolling bearings tends to be optimal. Under
the three-axis vibration signals X-axis and Y-axis, the performance of the constructed
fault detection model is fluctuating, and the best results are obtained at the detection
thresholds of 0.01, 0.02 and 0.1, respectively. This indicates that the similarity between
the X-axis and Y-axis vibration signals makes it difficult to ensure that the constructed
loss function is optimized to be optimal for zero fault samples. Additionally, when
setting the threshold in the designed fault detection algorithm, it is recommended to
initially set it higher. This ensures accurate detection of the rolling bearing’s normal
state. This is because the proposed method, which only uses normal state signals for
training, is prone to overfitting. Experimental validation results also demonstrate that
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when the threshold is set to 0.3, the detection accuracy for all states in Figure 6b,c
approaches 100%. However, setting the threshold lower tends to misclassify normal
states as faults, as seen in Figure 6c with 0.01.

Figure 6. Results of ten trials under different combinations of X-Y-Z vibration with different
detection thresholds.

The rolling bearing zero-sample fault detection method constructed under triaxial
vibration signals is also validated, uniaxial vibration signals and acoustic signals for
ten tests respectively. From Figure 7, it can be seen that under the combination of
three multimodal signals, the proposed method is able to establish an intelligent fault
detection model with zero fault samples of faulty bearings, and with the fault detection
threshold, it is able to effectively detect various fault states of rolling bearings. Unlike
the model constructed under the triaxial vibration signal, the intelligent fault detection
model obtained by combining the triaxial vibration signal, the uniaxial vibration signal
and the acoustic signal can achieve the best detection performance when the detection
threshold is set above 0.2, which is obviously more in line with the assumption of the
difference between different modal signals introduced. When the threshold is set to
0.01, the results in Figure 7b,c demonstrate that the fault detection threshold should
not be set too low. Conversely, when set higher such as at thresholds of 0.2 and 0.3 the
test results prove more favorable.

Figure 7. Results of ten trials with different combinations of vibrations and voicewith different
detection thresholds.

To show the advancement of the method proposed, the method advancement is
demonstrated at two levels. Firstly, advanced deep network models such as CNN,
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Resnet, Desennet and Vision Transformer are selected as rolling bearing intelligent
fault detection models, respectively. Moreover, all the deep network models are trained
by supervised learning, i.e., 1000 labeled samples of rolling bearings in various states
are used as the training set, and the obtained models are verified against the rolling
bearing test samples. Figure 8 gives the comparison results between the four advanced
deep network models under supervised learning and the proposed method, and the
test errors between them are described by histograms. Description. Considering that
the monitoring signals of five different modes of rolling bearings are captured in this
experiment, the supervised learning of deep networkmodels is carried out under various
signals separately. From the comparison results, it can be seen that the performance of
the proposed rolling bearing fault detection method with zero fault samples is not much
different from that of the fault detection model obtained under supervised learning,
and it also shows more than that of the deep network model trained by supervised
learning under the monitoring signals of different modes, such as Figure 8a,c–e. Under
triaxial Y-axis vibration signals, the proposed method does not show an advantage and
its performance is 5.82% lower in terms of testing accuracy compared to Resnet.

Figure 8. Comparison of the proposed method with different supervised learning advanced
network models for fault detection.

To further validate the advancement of the proposed method, it is compared with
advancedmachine learningmodels such as XGBoost, linear discriminator (LAD), plain
Bayesian network (BNB), decision tree (DT), and Gaussian Bayesian network (GNB).
All of the above advanced machine learning models are trained using supervised
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learning, i.e., the rolling bearing fault samples are sufficient. Additionally, other
unsupervised anomaly detection algorithms such as autoencoders (AE), one-class
support vector machines (OC-SVM), and isolated forest (IF) were employed for
comparison with the proposed method to further validate its superiority. Table 3
gives the comparison results between different methods in terms of fault detection
accuracy, modelling training time and model real-time performance. From the
comparison results, it can be seen that compared with the traditional machine learning
model the proposed method achieves the advantage in fault detection test, which
exceeds the test accuracy of OC-SVM 94.26% and XGBoost 91.72%. Overall, the
proposed methods represent advanced approaches equivalent to fully supervised and
unsupervised learning techniques. Furthermore, to address the issue of excessive
signal sample data points input into the aforementioned machine learning models,
the principal component analysis (PCA) is introduced to downscale the signal and
subsequently train the machine learning model. Specifically, it makes the length of
each test sample larger due to the high sampling rate used, which makes the time
required for the training of the traditional machine learningmodel longer. The proposed
method converts the signal samples into time-frequency maps by combining the
wavelet time-frequency analysis method, making it more suitable for EfficientFormer
processing, and which makes the training time shorter. Moreover, the training and
testing time of the comparison models is shortened when the PCA is introduced, but
this also sacrifices performance to a certain extent.

Table 3. Comparative results between the proposed method and other state-of-the-art methods.

Methods Fault detection (%) Training time Testing time

Ours 98.97% 214.65 s 0.040 ms
AE 85.64% 1256.24 s 200.5 ms

OC-SVM 94.26% 564.23 s 25.24 ms
IF 86.75% 2056.23 s 560.2 ms

SVM [30] 80.00% 464.20 s 11.13 ms
GMM [31] 50.92% 182.99 s 0.084 ms
LAD [32] 64.16% 1.10 s 0.391 ms
BNB [33] 77.64% 1.13 s 65.61 ms
GNB [34] 87.88% 2449.6 s 547.5 ms
DT [35] 78.16% 201.24 s 0.072 ms

XGBoost [36] 91.72% 85.93 s 0.110 ms
PCA + SVM 26.04% 1.87 s 0.0004 ms
PCA + GMM 80.00% 3.20 s 0.0002 ms
PCA + LAD 80.00% 2.80 s 0.0012 ms
PCA + BNB 74.94% 2.69 s 0.0008 ms
PCA + GNB 80.00% 3.40 s 0.353 ms
PCA + DT 83.30% 2.91 s 0.0004 ms

PCA + XGBoost 90.40% 2.96 s 0.0016 ms

5. Conclusion

The fault samples of rolling bearings are extremely difficult to obtain in the real
world, which makes the existing intelligent methods difficult to model. To address
the above problem, an intelligent fault detection method with zero fault samples
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was proposed by embedding the prior knowledge of multimodal monitoring signal
reciprocity and strong temporal sequencing ofmonitoring signals. TheHilbert envelope
was used to decrease the inherent fundamental frequency information interference in
monitored signals. Three novel loss functions were constructed through the mutual
heterogeneity of multimodal monitoring signals and the strong temporal order of
sampled signals to obtain a trained network-based model, and then a fault detection
algorithm was established. Compared with the advanced deep network model and
machine learning model under supervised learning, the fault detection performance
of the proposed method is still satisfactory, and it has better application value in
engineering practice because of the zero-fault sample dependence. However, the
effectiveness of the proposed method under varying operating conditions remains to
be verified, particularly with regard to enhancing its performance across different
rotational speeds of rolling bearings. The research focus lies in establishing a model
capable of adapting to anomaly detection tasks across varying rotational speeds.
Moreover, the future challenge lies in achieving intelligent fault diagnosis for rolling
bearings under zero-fault-sample conditions based on the proposed method, enabling
the identification of different fault types and varying degrees of the same fault.
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