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Abstract

Rotating machinery is a key component in modern industry, and its operating condition
directly affects equipment safety and production reliability. However, discrepancies among
different machines cause source–target distribution shifts, while fault annotation for target
machines is costly, limiting the performance of deep learning-based diagnosis under cross-
machine scenarios with limited labels. To address these issues, this paper proposes a multi-
scale time–frequency semantic consistency model based on self-supervised transferable
representation learning, termed MTFSC. First, augmented waveform views and multi-scale
frequency-domain views are constructed from unlabeled source-domain vibration signals
for self-supervised pre-training without source labels. Then, a time-domain impulse-aware
feature extractor and a time–frequency decoupled spectral feature extractor are designed to
enhance local impulsive responses and emphasize fault-sensitive time–frequency patterns.
Furthermore, a semantic-aware soft contrastive loss is developed to mine potential semantic
neighbors from multi-scale frequency-domain structural similarity, reducing false-negative
effects in conventional hard-label contrastive learning. Finally, the pre-trained time-domain
extractor is transferred to the target machine and fine-tuned with limited labeled samples.
Experimental results show that MTFSC outperforms comparison methods under different
labeled sample ratios and achieves an average accuracy of 97.5% across four cross-machine
diagnostic tasks.

Keywords: rotating machinery; cross-machine diagnosis; self-supervised learning;
multiscale frequency-domain view; feature extraction

1. Introduction
Rotating machinery constitutes a critical power transmission and supporting unit for

the long-term stable operation of mechanical equipment, and is widely used in rail trans-
portation, aerospace, and industrial production systems. During long-term service, such
machinery is commonly subjected to alternating loads, impulsive vibrations, and complex
environmental disturbances. Once faults occur, they may lead to equipment shutdown
or even serious safety accidents [1,2]. Therefore, timely and accurate identification of the
operating condition of rotating machinery and determination of fault types are of great
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significance for ensuring equipment safety, reducing maintenance costs, and improving the
reliability of industrial systems [3,4].

Traditional fault diagnosis (FD) methods for rotating machinery generally extract
fault features through time–frequency analysis and signal decomposition techniques, fol-
lowed by machine learning-based classifiers for condition identification [5–7]. However,
these methods usually rely on expert experience for feature design and exhibit limited
adaptability to different working scenarios and non-stationary operating conditions. When
equipment structures and operating conditions vary, the stability and generalization ca-
pability of handcrafted features are often difficult to guarantee. With the development
of sensing technologies, the Industrial Internet of Things, and big data analytics, deep
learning-based intelligent FD has gradually become an important research direction in
the field of rotating machinery health monitoring. Since deep learning models can au-
tomatically mine deep nonlinear features from input signals, they demonstrate strong
feature representation capability in complex fault identification tasks. Hou et al. [8] fed
frequency–domain features extracted by FFT into an improved Transformer architecture,
and extracted both local and global features through a multi-feature parallel fusion encoder
and a cross-flipping decoder, achieving high recognition accuracy for rolling bearing faults.
Yuan et al. [9] employed SE-Conv1d to adaptively enhance key features and modeled
long-sequence global dependencies using a ProbSparse self-attention mechanism, thereby
improving the accuracy and stability of bearing FD. Zou et al. [10] developed a three-
channel FD model integrating a convolutional autoencoder, multimodal time–frequency
representations, and a dual-attention mechanism, enabling deep multi-domain feature
mining and high-accuracy classification under strong noise conditions. He et al. [11] pro-
posed an adaptive graph framework convolutional network, in which vibration signals
were constructed as graph structures and dynamic graph learning and framelet transform
convolution were introduced to enhance fault feature extraction under complex operat-
ing conditions. These studies demonstrate that deep learning methods can effectively
improve the performance of rotating machinery FD, particularly showing clear advantages
in nonlinear feature extraction and fault identification under complex working conditions.

Although deep learning methods have made significant progress in rotating machinery
FD, several key limitations remain in practical engineering applications. First, most deep
learning-based diagnostic models rely on large amounts of high-quality labeled data for
training. However, rotating machinery typically operates in a healthy state for long periods,
resulting in a limited number of real fault samples. Moreover, fault data annotation usually
requires domain expertise and experimental verification, making it costly to obtain reliable
labels [12,13]. In addition, most supervised learning models assume that the training and
testing data follow identical or similar distributions. In real industrial scenarios, how-
ever, variations may exist in equipment types, mechanical structures, transmission paths,
rotational speeds, and sampling conditions, leading to significant distribution discrepan-
cies between the source and target domains [14,15]. For different machines or operating
conditions, data often need to be recollected, samples relabeled, and diagnostic models
retrained, which not only increases the cost of model deployment but also restricts the
widespread application of deep learning methods across multiple devices and scenarios.
Therefore, how to fully exploit existing data to learn transferable and generalizable fault
representations under limited labeled samples from the target machine has become an
important issue in intelligent FD of rotating machinery.

To mitigate the effects of data distribution discrepancies and insufficient target-domain
annotations, transfer learning and cross-domain diagnostic methods have been widely intro-
duced into rotating machinery FD. Huang et al. [16] proposed a deep multi-source transfer
learning model, which selects appropriate source-domain data using maximum mean
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discrepancy and improves multi-source cross-condition transfer diagnosis performance
by combining independent domain-specific feature extractors, Wasserstein distance, and a
weighted decision mechanism. Li et al. [17] integrated multi-kernel MMD and conditional
MMD into a joint distribution metric, and enhanced cross-condition diagnostic capability
through adaptive weighting and pseudo-label correction mechanisms. Considering the
class imbalance phenomenon in practical industrial monitoring, where normal samples are
far more abundant than fault samples, Luo et al. [18] proposed a dynamic maximum three-
view classifier discrepancy network to improve imbalanced cross-domain FD performance.
The above methods improve cross-domain diagnostic performance from the perspectives
of distribution alignment, adversarial learning, and pseudo-label optimization. However,
most existing studies mainly focus on transfer problems across different operating condi-
tions of the same machine. When the diagnostic object is extended to different machines, the
discrepancies in mechanical structures, fault modes, and signal transmission paths become
more pronounced. In such cases, cross-domain methods that rely solely on distribution
alignment or pseudo-label optimization are prone to feature mismatching, negative transfer,
and insufficient generalization. Compared with cross-condition diagnosis, cross-machine
FD is more consistent with practical engineering deployment scenarios and is also more
challenging. Under cross-machine conditions, the source and target machines may differ in
bearing types, structural parameters, operating ranges, and fault generation mechanisms,
resulting in substantially enlarged discrepancies in fault signal distributions [19,20]. Zhao
et al. [21] addressed the problems of large domain discrepancies and low recognition accu-
racy in cross-machine bearing FD by proposing a cross-domain adaptive clustering and
dynamic thresholding method. This method generates pseudo-labels through adversarial
clustering loss and class-specific dynamic thresholds, thereby improving the stability of
clustering cores under few-shot target-domain conditions. From the perspective of causal
representation learning, Jia et al. [22] proposed a deep causal disentanglement network,
in which cross-machine generalizable fault representations are regarded as causal factors,
while machine-related representations are treated as non-causal factors. Stable fault rep-
resentations are learned through causal task decomposition and feature disentanglement.
Guo et al. [23] employed a structural causal model to decompose multi-source-domain fault
data into fault-related causal factors and domain-related non-causal factors, and enhanced
cross-machine generalization capability through causal aggregation, entropy maximization,
contrastive estimation, and redundancy reduction losses. These studies have effectively
advanced the development of cross-machine FD. Nevertheless, several limitations remain.
Most cross-machine diagnostic methods still rely on labeled source-domain data or multi-
source-domain annotation information to learn discriminative decision boundaries. In
addition, complex procedures such as causal disentanglement, domain alignment, or
pseudo-label filtering may increase the training complexity of the model. Moreover, when
only very few labeled samples are available in the target domain, or when substantial
discrepancies exist between the target and source machines, the stability of the learned
feature representations still requires further improvement.

Self-supervised pre-training knowledge transfer (SSPKT) provides a new perspective
for addressing the aforementioned issues. Its basic idea is to pre-train a feature extractor in
a data-rich source domain, enabling the model to learn general fault representations, and
then transfer it to downstream diagnostic tasks in the target domain for fine-tuning with
only a small number of labeled samples [24,25]. Compared with direct supervised training,
SSPKT can mine latent structural information from unlabeled data through predefined
pretext tasks, allowing the model to learn useful representations without relying on manual
annotations. In recent years, SSPKT has been introduced into rotating machinery FD [26,27].
Xu et al. [28] constructed time-domain augmentations, frequency-domain prediction, and
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a cross-correlation smoothed matrix loss function to learn effective representations from
unlabeled traction motor bearing fault data, achieving efficient train bearing FD with only a
few labeled samples. Fan et al. [29] proposed a time–frequency residual self-supervised (SS)
network based on an improved MoBY framework, where time–frequency representations
were used to construct a contrastive pre-training task, and a dynamic queue and fault-signal
augmentation strategy were incorporated to enhance feature extraction performance under
limited-label conditions. He et al. [30] designed a dual-encoder and a time–frequency
fusion encoder, and jointly optimized the model using time–frequency contrastive loss and
time–frequency fusion loss, enabling it to learn latent fault representations from unlabeled
time–frequency signals. These SS methods effectively reduce the dependence of diagnostic
models on labeled data. However, they mainly focus on few-shot diagnosis within the
same dataset or the same platform, and their adaptability to cross-machine distribution
discrepancies remains limited. Some contrastive learning methods rely on the construction
of positive and negative sample pairs, which may incorrectly treat different samples with
similar fault patterns as negative samples. Therefore, a few researchers have begun to
explore SS pre-training diagnostic methods for cross-machine scenarios. Chen et al. [31]
exploited the consistency between waveform and spectrogram representations to learn
transferable features from unlabeled source-domain fault data, and transferred the pre-
trained encoder to multiple cross-machine downstream diagnostic tasks. Zhao et al. [32]
proposed a multi-task SS transfer learning framework, in which mask tasks at different
scales were used to enhance the model’s attention to the intrinsic structure of bearing
vibration signals, while probability distribution and geometric similarity metrics were
combined to achieve multi-view feature transfer. Wang et al. [33] proposed an SS-enhanced
open-set cross-machine diagnostic method, integrating open-set risk minimization, SS
contrastive learning, and pseudo-label consistency self-training to improve unknown fault
recognition and cross-machine transfer performance. These studies indicate that SS pre-
training has great potential in cross-machine FD. Although cross-machine SS pre-training
methods provide an effective solution for FD of target machines with limited annotations,
they still face several challenges in complex engineering scenarios. Cross-machine diagnosis
involves multi-factor discrepancies, and source-domain pre-trained representations are
prone to insufficient transfer or even performance degradation in the target domain. In
addition, most existing SS pretext tasks construct training objectives from the perspectives
of view consistency, instance discrimination, or masked reconstruction, while insufficient
consideration is given to the inherent time-varying impulses, frequency-band responses,
and latent semantic relationships among samples in fault signals. Consequently, the
discriminability and robustness of the pre-trained features are still limited under complex
noise interference and cross-domain distribution shifts.

To address the aforementioned issues, this paper proposes a multi-scale time–
frequency semantic consistency (MTFSC) model based on SS transferable representation
learning. This method constructs enhanced waveform views and multi-scale frequency-
domain views from the unannotated vibration signals of the source domain, and learns
transferable fault representations through dual-branch SS pre-training. At the feature
extraction level, a time-domain pulse-aware feature extractor and a frequency-domain
time–frequency decoupling feature extractor are designed, enabling the model to focus on
local pulse segments in the waveform, key time frames in the frequency-domain view, and
frequency bands sensitive to faults. In the pre-training objective, a semantic-aware soft
contrastive loss is constructed, based on the structural similarity of multi-scale frequency-
domain representations, to assign soft positive weights to potential semantic neighborhoods,
thereby alleviating the false negative problem in traditional contrastive learning. After
pre-training, the time-domain encoder is retained as the backbone for downstream diagno-
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sis and is fine-tuned using a small number of labeled samples from the target machine to
achieve cross-machine fault identification. It is important to note that MTFSC does not sim-
ply combine waveform enhancement, time–frequency representation, attention modules,
and contrastive learning. Instead, these components are designed based on the inherent
characteristics of rotating machinery fault signals and the requirements of cross-machine
transferable representation learning. Specifically, waveform signals are more sensitive to
local impacts and periodic transient responses, while multi-scale frequency-domain views
can provide complementary descriptions of fault-sensitive frequency-band structures at
different time–frequency resolutions. Therefore, the dual-branch architecture is designed
to extract complementary fault information from these two views. Additionally, different
samples with similar fault mechanisms may exhibit similar time–frequency structures. If
the traditional hard-label contrastive learning method is directly adopted, these semanti-
cally similar samples may be wrongly regarded as negative samples and pulled apart in the
representation space. To solve this problem, the proposed semantic-aware soft contrastive
loss utilizes the structural similarity of multi-scale frequency domain views to explore
potential semantic neighborhoods, thereby enhancing the organization and transferability
of the self-supervised feature space. This framework achieves a unified design in signal
representation, feature extraction, and learning objectives, rather than simply stacking
existing modules. The main contributions of this paper are summarized as follows:

The main contributions of this paper are summarized as follows:

(1) An SS transferable representation learning framework is proposed for cross-machine
FD of rotating machinery. The framework can perform pre-training using unlabeled
source-domain signals without relying on source-domain fault labels to train a fixed
classifier. By learning the consistency between waveform and frequency-domain
representations, it obtains general fault representations suitable for few-shot diagnosis
on target machines.

(2) A fault-sensitive dual-branch feature extraction structure is constructed. For local
impulsive characteristics in waveform signals, a time-domain impulse attention mod-
ule is designed to enhance critical transient responses. Meanwhile, a time–frequency
decoupled attention module is developed to emphasize key time frames and fault-
sensitive frequency bands, thereby improving the discriminability and stability of
fault features under cross-machine conditions.

(3) A semantic-aware soft contrastive loss function is designed. This loss mines potential
semantic neighbors by measuring the similarity among multi-scale frequency-domain
views. While maintaining strong cross-view consistency for the same sample, it avoids
excessively separating similar fault segments, thereby improving the semantic organi-
zation of the SS feature space and enhancing the transfer diagnostic performance of
the model under limited labeled samples from the target machine.

The remainder of this paper is organized as follows. Section 2 introduces the overall
framework of the proposed method, including dual-view construction, feature extractors,
and the semantic-aware soft contrastive loss function. Section 3 describes the experimen-
tal datasets, preprocessing procedures, comparison methods, and experimental settings.
Section 4 presents the ablation studies and cross-machine diagnostic results. Finally,
Section 5 concludes this paper and discusses future research directions.

2. Methodology
2.1. The Basic Framework and Workflow of MTFSC

To address the issues of insufficient labeled samples in the target domain and the
susceptibility of fault features to variations in operating conditions in cross-machine FD
of rotating machinery, this paper develops an MTFSC model based on SS transferable
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representation learning. MTFSC constructs waveform views and multi-scale frequency-
domain views from unlabeled fault signals in the source domain, and learns consistent
representations of the two types of views in the latent space through a dual-branch encoder.
In this way, the model can be pre-trained without relying on source-domain labels to train a
fixed category classifier. Subsequently, the pre-trained time-domain encoder is transferred
to the target-domain diagnostic task, and the classifier is fine-tuned using a small number
of labeled target samples.

Let the unlabeled data set of the source domain be represented as Ds =
{

xs
i
}Ns

i=1,
where Ns denotes the number of source-domain samples, and xs

i ∈ RN is a one-dimensional
vibration signal segment of length N. Similarly, let the small-labeled data set of the target
domain be represented as Dt =

{
xt

i , yt
i
}Nt

i=1, where Nt denotes the number of target-domain
samples, yt

i is the target fault category label. The workflow of MTFSC is mainly shown in
Figure 1, which mainly consists of three stages:

Stage 1: First, the unlabeled vibration signals in the source domain are normalized and
segmented to obtain signal samples with a unified length. Then, two complementary views
are constructed from the same signal. An augmented waveform view is generated through
random noise perturbation to preserve time-domain information such as fault impulses,
abrupt amplitude variations, and periodic fluctuations. In addition, multi-scale frequency-
domain views are generated using multiple short-time Fourier transform (STFT) window
lengths to characterize the energy distributions under different time-frequency resolutions.
Through this dual-view construction strategy, the model can simultaneously obtain the
temporal dynamic characteristics and frequency-domain structural characteristics of fault
signals, thereby providing the input basis for subsequent SS consistency learning.

Stage 2: In the pre-training stage, the two complementary views are fed into the
time-domain impulse perception feature extractor (TIPFE) and the frequency-domain time–
frequency decoupling feature extractor (FTDFE), respectively. The time-domain branch
is used to extract local impulsive and periodic modulation information from waveforms,
while the frequency-domain branch is used to capture key time frames and fault-sensitive
frequency bands from spectrograms. Subsequently, the two types of features are mapped
into a unified latent representation space through dual projection heads and constrained by
the semantic-aware soft contrastive loss. This loss not only enforces consistency between
the waveform and frequency-domain features of the same sample, but also mines poten-
tial semantic neighbors by exploiting multi-scale frequency-domain similarity, thereby
alleviating the problem that similar fault samples may be incorrectly treated as negative
samples in conventional contrastive learning. Through this stage, the model can learn
fault-sensitive and cross-domain transferable representations from abundant unlabeled
source-domain data.

Stage 3: After self-supervised pre-training, the frequency-domain branch and the
projection heads are removed, and the pre-trained TIPFE is retained as the backbone of
the target-domain diagnostic model. A new fully connected classification layer is then
initialized according to the number of fault categories in the target domain. During fine-
tuning, the labeled target-domain samples are input into the TIPFE to obtain fault feature
representations, and the classification layer outputs the predicted category probabilities.
The downstream model is optimized using the cross-entropy loss calculated between the
predicted labels and the true labels. Finally, the fine-tuned model is used to predict the
fault categories of the target-domain test samples.
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Figure 1. MTFSC FD workflow diagram.

2.2. Wave Enhancement and Construction of Multi-Scale Frequency-Domain Views

Fault signals of rotating machinery usually contain information such as local impulses,
periodic modulation, background noise, and variations in frequency-band energy. A
single time-domain or frequency-domain representation is insufficient to comprehensively
characterize the feature differences among different fault modes. Therefore, in this paper,
two complementary views are constructed based on the same raw signal. Specifically, the
waveform view is formed by adding random perturbations to the raw signal, so as to
preserve the impulsive and fluctuating information in the original time series. In addition,
a multi-scale frequency-domain view is constructed using multiple STFT scales to describe
the energy distribution under different time-frequency resolutions. These two views jointly
provide cross-view consistency constraints for SS pre-training. Figure 2 shows a set of
signals that have undergone wavelet enhancement and multi-scale STFT transformation
from the original signals.

Figure 2. Example of wave enhancement samples and construction of multi-scale frequency-
domain view.
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2.2.1. Wave Enhancement

In SS pre-training, the role of data augmentation is not to alter the semantic information
of fault categories, but to provide reasonable perturbations that enable the model to learn
features more robust to noise and variations in operating environments. Considering that
vibration signals collected in industrial fields are often affected by sensor noise, background
vibration, electromagnetic interference, and other factors, random signal-to-noise ratio
Gaussian noise is adopted to construct the augmented waveform view. For the i-th source-
domain signal xi, its augmented waveform can be expressed as

∼
x i = xi + εi (1)

εi ∼ N
(

0,
∥ xi ∥2

2/N
10SNRi/10

)
, SNRi ∼ U(SNRmin, SNRmax) (2)

where
∼
x i denotes the augmented waveform view, εi represents the added Gaussian noise,

N is the signal length, ∥xi∥2 denotes the L2-norm of the signal, SNRi is the signal-to-noise
ratio randomly sampled from the predefined range, and SNRmin and SNRmax are the lower
and upper bounds of the SNR range, respectively. Through this augmentation strategy, the
model is exposed to signal patterns under different noise levels during the pre-training
stage, thereby improving the adaptability of the time-domain encoder to field noise and
cross-condition disturbances.

2.2.2. Construction of Multi-Scale Frequency-Domain View

The frequency-domain view is used to characterize the energy distribution of fault
signals in the time–frequency plane. Conventional single-scale STFT usually requires a
trade-off between time resolution and frequency resolution. A shorter window is beneficial
for capturing transient impulses, but provides insufficient frequency resolution. In contrast,
a longer window can provide a clearer frequency structure, but may weaken the temporal
localization capability for local impulses. To fully preserve fault information at different
scales, this paper applies STFT to the same signal using multiple window lengths, and
the resulting spectrograms are resized to a unified scale and concatenated to form a multi-
channel frequency-domain view.

Let Lm denote the window length of the m-th STFT scale, Hm denote the hop size, and
wm(n) denote the window function. Then, the frequency-domain representation of the i-th
signal at this scale can be written as

S(m)
i (p, q) =

∣∣∣∣∣Lm−1

∑
n=0

xi[n + qHm]wm(n)e−j2πpn/Lm

∣∣∣∣∣
2

(3)

where S(m)
i (p, q) denotes the spectral energy at the q-th time frame and the p-th frequency

bin under the m-th scale, Lm is the Fourier window length, Hm is the hop size, and wm(n)
is the window function. To reduce the influence of extreme amplitude variations in the
spectrogram on model training, the spectrogram is further processed by logarithmic com-
pression and normalization:

S(m)
i = Norm

(
log(1 + S(m)

i )
)

(4)

Subsequently, the spectrograms at different scales were resampled to a uniform
size and concatenated along the channel dimension to obtain a multi-scale frequency-
domain view:

X f
i = Concat

(
S(1)

i , S(2)
i , . . . , S(M)

i

)
∈ RM×H×W (5)
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where M denotes the number of STFT scales, and H and W denote the unified frequency
dimension and time-frame dimension, respectively. In the implementation of this paper,
multiple STFT window lengths are adopted to construct the multi-channel frequency-
domain input. A shorter window mainly captures transient impact-related energy changes,
a longer window emphasizes stable frequency components and harmonic structures, and a
medium window balances these two aspects to reflect repeated impact and modulation
patterns. Therefore, the multi-scale spectrogram input provides complementary time–
frequency information for the frequency-domain encoder.

2.3. SS Pre-Training Process

The objective of the SS pre-training stage is to learn fault representations with cross-
machine transferability without using source-domain class labels. For the same signal xi,
although the augmented waveform view

∼
x i and the multi-scale frequency-domain view X f

i
originate from different representation domains, they reflect the fault information under
the same mechanical state. Therefore, the two views should exhibit high consistency in the
latent space. Based on this, this paper constructs an SS pre-training structure composed of
a time-domain branch, a frequency-domain branch, and dual projection heads.

Given a set of pre-trained samples, the process of extracting their dual-view features
can be expressed as

ui = Ft(
∼
x i; θt), vi = Ff (X f

i ; θ f ) (6)

where Ft(·) denotes the time-domain impulse-aware feature extractor, Ff(·) denotes the
frequency-domain time–frequency decoupled feature extractor, θt and θ f are the learnable
parameters of the two encoders, respectively, and ui and vi denote the time-domain feature
and frequency-domain feature, respectively.

2.3.1. TIPFE

Time-domain waveforms contain information such as the temporal locations of fault
impacts, abrupt amplitude variations, and periodic fluctuations. For rotating components
such as bearings, damages on the outer race, inner race, and rolling elements are often
manifested as local impacts and repetitive impulses, while these key features occupy only
partial time intervals in the overall waveform. To make the model pay more attention to the
transient responses related to faults, this paper introduces a time-domain impulse attention
module after the high-level features of the one-dimensional residual network, forming a
TIPFE, whose structure is shown in Figure 3.

Let the output feature of the one-dimensional residual backbone at a certain stage be
Ft

i ∈ RC×L where C denotes the number of channels and L denotes the length of the tempo-
ral dimension. First, the average response and maximum response are calculated along the
channel dimension, and the two responses are concatenated to form a temporal descriptor:

dt
i = Concat

(
AvgPoolc(Ft

i ), MaxPoolc(Ft
i )
)

(7)

Subsequently, time attention weights are generated through one-dimensional convolu-
tion and the Sigmoid function:

At
i = σ

(
Conv1D(dt

i)
)

(8)

where At
i ∈ R1×L denotes the importance weights at different temporal positions, and

σ(·) is the Sigmoid activation function. Specifically, At
i is calculated from the concate-

nated average-pooled and max-pooled temporal descriptor dt
i through a learnable one-

dimensional convolution layer, and each value is normalized to the range of 0–1 by the
Sigmoid function. Therefore, a larger value in At

i indicates that the corresponding tem-
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poral position is more likely to contain fault-related impulsive information. To prevent
the attention mechanism from excessively suppressing the original features at the early
stage of training, a residual enhancement strategy is adopted in this paper to recalibrate
the features:

F̂t
i = Ft

i ⊙ (1 + At
i) (9)

In the formula, ⊙ represents element-wise multiplication. Through this mechanism, the
model can enhance the local impact segments while retaining the original time-domain
representation, making the subsequent features more sensitive to the transient changes
in the fault. Eventually, the enhanced high-level time-domain features are processed
by subsequent residual blocks and global average pooling to obtain the time-domain
representation ui.

Figure 3. TIPFE structure diagram.

2.3.2. FTDFE

The multi-scale frequency-domain view is essentially a two-dimensional time-
frequency representation with explicit physical meanings, where the frequency axis reflects
fault-sensitive frequency bands and harmonic structures, while the time axis indicates
the occurrence locations and duration of impulsive responses. If it is directly treated as
a conventional image and fed into a two-dimensional convolutional network, the differ-
ences between the temporal and frequency directions may be ignored. Therefore, this
paper introduces a time–frequency decoupled attention module into the two-dimensional
residual network, enabling the frequency-domain branch to separately focus on key time
frames and important frequency bands. The structure of FTDFE is shown in Figure 4; the
time–frequency decoupled attention module contains two parallel branches. For the input
feature map F f

i , the frequency attention branch first aggregates the feature responses along
the temporal dimension and then uses convolutional mapping and Sigmoid activation
to generate the frequency attention map A f req

i . Similarly, the temporal attention branch
aggregates the feature responses along the frequency dimension and generates the temporal
attention map Atime

i . The two attention maps are broadcast to the same size as the input
feature map and are used to recalibrate the original features through residual enhancement.
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Figure 4. FTDFE structure diagram.

Let the intermediate feature output by the two-dimensional residual backbone be
F f

i ∈ RC×H×W where H denotes the frequency dimension and W denotes the temporal
dimension. The frequency attention branch aggregates feature responses along the temporal
dimension to describe the importance of different frequency bands, while the temporal
attention branch aggregates feature responses along the frequency dimension to describe
the importance of different time frames:

A f req
i = σ

(
g f (F f

i )
)

, Atime
i = σ

(
gt(F f

i )
)

(10)

where A f req
i ∈ R1×H×1 denotes the frequency attention map, Atime

i ∈ R1×1×W denotes
the temporal attention map, and gf(·) and gt(·) represent the pooling and convolutional
mapping operations in the frequency and temporal branches, respectively. Finally, the
frequency-domain features are recalibrated using a residual enhancement strategy:

F̂ f
i = F f

i ⊙ (1 + A f req
i )⊙ (1 + Atime

i ) (11)

This structure can simultaneously enhance fault-sensitive frequency bands and tran-
sient impact time frames, enabling the frequency-domain features to no longer rely solely
on local two-dimensional textures, but to further incorporate the physical meanings of the
axes in the spectrogram. The enhanced frequency-domain features are then passed through
subsequent convolutional layers and global pooling to obtain the frequency-domain repre-
sentation vi.

Both of the above two feature extractors are adapted based on the residual bottleneck
structure. Table 1 summarizes the detailed architectures of the two feature extractors.
The trainable parameters of TIPFE and FTDFE are 6,312,398 and 13,866,204 respectively.
The complete self-supervised pre-training network, including TIPFE, FTDFE and two
projection heads, contains a total of 28,072,107 trainable parameters. These parameters
are optimized using 4420 unlabeled training samples from the PU source-domain dataset.
After pre-training, only TIPFE is retained for downstream diagnosis, and a new fully
connected classification layer is initialized based on the health status of the eight target-
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domains. The downstream diagnostic model contains 6,316,502 trainable parameters,
including 6,312,398 parameters from TIPFE and 4104 parameters from the classification
layer. During downstream fine-tuning, the model is optimized using 32 labeled training
samples from each target domain dataset. Validation and test samples are not used for
parameter optimization.

Table 1. Detailed information about the TIPFE and FTDFE feature extraction architectures.

Layer Name TIPFE FTDFE

Input Waveform diagram (B × 1 × N) Multiscale Frequency-Domain View
(B × M × H × W)

Conv1 7 × 1 Conv1D, stride = 2 3 × 3 MaxPool2D, stride = 2
MaxPool 3 × 1 MaxPool1D, stride = 2 BN + ReLU

Step 1 [1 × 1, 64; 3 × 1, 64; 1 × 1, 64] × 3 [1 × 1, 64; 3 × 3, 64; 1 × 1, 64] × 3
Step 2 [1 × 1, 128; 3 × 1, 128; 1 × 1, 128] × 4 [1 × 1, 128; 3 × 3, 128; 1 × 1, 128] × 4
Step 3 [1 × 1, 256; 3 × 1, 256; 1 × 1, 256] × 6 [1 × 1, 256; 3 × 3, 256; 1 × 1, 256] × 6

Attention Module Time-domain impulse attention module Time-frequency decoupling attention module
Step 4 [1 × 1, 512; 3 × 1, 512; 1 × 1, 512] × 3 [1 × 1512; 3 × 3512; 1 × 1512] × 3

AvgPool AdaptiveAvgPool1D(1) AdaptiveAvgPool2D(1 × 1)
Output 512-dimensional time-domain features 512-dimensional frequency-domain features

Trainable parameters 6,312,398 13,866,204

2.3.3. Dual Projection Head Based on Self-Attention

The features output by TIPFE and FTDFE exhibit different statistical characteristics and
representation emphases. To compare the consistency between the two types of features
in a unified latent space, this paper assigns a projection head to each branch, mapping
the high-dimensional features extracted by the feature extractors into low-dimensional
representations suitable for SS alignment. Let Pt(·) and Pf(·) denote the time-domain
projection head and the frequency-domain projection head, respectively. Then, this process
can be expressed as

hi = Pt(ui), zi = Pf (vi) (12)

where hi and zi denote the representations of the time-domain view and the frequency-
domain view in the consistency learning space, respectively. The projection head adopts a
self-attention structure to model the relationships among feature dimensions. For the input
feature ri, its query, key, and value vectors can be expressed as

Q = WQri, K = WKri, V = WVri (13)

The self-attention mapping process can be expressed as

operatornameSA(ri) = Softmax
(

QKT
√

d

)
V (14)

Here, WQ, WK, and WV are learnable mapping matrices, and d denotes the feature di-
mension. Through the self-attention projection head, the model can adaptively reweight
important components in the feature dimensions, enabling the time-domain and frequency-
domain representations to exhibit more stable comparability in the unified representa-
tion space.

2.4. Semantic Perception Soft Contrastive Loss Function

In conventional cross-view contrastive learning, only two views of the same sample
in a batch are usually regarded as a positive pair, while all other non-corresponding
samples are treated as negative samples. However, in fault signals of rotating machinery,
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different samples may originate from similar fault patterns or exhibit similar frequency-
band structures. If all these potentially similar samples are forcibly pushed apart, the false
negative problem may arise, which can impair the intra-class compactness of the feature
space. Therefore, this paper proposes the semantic-aware soft contrastive loss function as
shown in Figure 5. A soft-label matrix is constructed based on the similarity between multi-
scale frequency-domain views. While maintaining the strong consistency across views for
the same sample, smaller positive weights are assigned to potential semantic neighbors.

Figure 5. Principle diagram of semantic-aware soft contrastive loss function.

First, the projected time-domain representation hi and frequency-domain representa-
tion zj are normalized, and the cross-view similarity matrix is calculated as follows:

sij =
hT

i zj

∥ hi ∥2∥ zj ∥2
× exp(τ) (15)

where sij denotes the similarity between the i-th time-domain feature and the j-th frequency-
domain feature, and τ is a learnable temperature parameter. After Softmax normalization,
the matching probability from the time domain to the frequency domain is obtained as

pt→ f
ij =

exp(sij)

B
∑

k=1
exp(sik)

(16)

To mine potential semantic neighbors, this paper constructs semantic
similarities among samples using the multi-scale frequency-domain views. Let
gi = Normalize

(
Vec
(

Pool
(

X f
i

)))
denote the low-dimensional descriptor obtained from

the multi-scale frequency-domain view. Then, the semantic similarity between samples is
defined as

rij = gT
i gj (17)

For each sample i, the top K similar samples are selected according to rij to form
the semantic-neighbor set NK(i). At the early stage of training, a conventional hard-label
contrastive loss is first adopted for warm-up to ensure stable convergence. After the
warm-up stage, the soft-label matrix Y =

[
yij
]

is constructed as follows:

yij =


1 − β, j = i

β · exp(rij/τs)

∑
l∈NK (i)

exp(ril /τs)
, j ∈ NK(i)

0, otherwise

(18)
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Here, β denotes the total soft positive weight assigned to semantic neighbors, τs is the
temperature parameter for semantic-neighbor weight allocation, and NK(i) represents
the frequency-domain semantic-neighbor set of the i-th sample. When a sample has no
neighbors satisfying the similarity threshold, its label degenerates into a one-hot form to
avoid introducing unreliable soft positive samples.

Based on the soft-label matrix, the loss from the time domain to the frequency domain
is defined as

Lt→ f = − 1
B

B

∑
i=1

B

∑
j=1

yij log pt→ f
ij (19)

Similarly, the loss from the frequency domain to the time domain, L f→t, can be
obtained. The final SS pre-training loss is defined as

L =
1
2

(
Lt→ f + L f→t

)
(20)

While optimizing the consistency between the two views of the same sample, this loss
function exploits the multi-scale frequency-domain structure to mine potentially similar
samples, allowing similar fault segments to remain moderately close in the feature space. In
this way, the semantic organization capability of the SS representations and the robustness
of cross-machine transfer are improved. After pre-training, the time-domain impulse-aware
feature extractor is retained as the backbone for downstream diagnosis, and a classification
head is trained using a small number of labeled samples from the target domain to achieve
cross-machine fault identification.

3. Data Set and Experimental Design
3.1. Source and Introduction of the Experimental Data Set
3.1.1. Paderborn University Laboratory Equipment and Data

As shown in Figure 6, the Paderborn University (PU) bearing test rig [34] was con-
structed by Paderborn University in Germany and is mainly used for condition monitoring
of external rolling bearings in electric motor drive systems. The tested bearing is installed
in the rolling bearing test module, where different rotational speeds, load torques, and
radial loads can be applied during the experiments. Vibration signals from the bearing
housing were collected at a sampling frequency of 64 kHz. The PU dataset includes four
typical operating conditions, corresponding to different combinations of rotational speed,
load torque, and radial load.

Figure 6. PU experimental platform and its components.
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In this paper, the PU dataset is used only as the source-domain dataset for self-
supervised pre-training. It contains 13 bearing health states, including one healthy state
and 12 real damage states. The damage states mainly involve outer race faults, inner race
faults, and compound inner-outer race faults with different damage forms, such as pitting
and indentation. It should be emphasized that the health-state labels of the PU dataset are
not used to train a supervised source-domain classifier. During the pre-training stage, the
PU dataset is treated as unlabeled source-domain data, and MTFSC learns transferable fault
representations through consistency learning between waveform views and multi-scale
frequency-domain views.

3.1.2. Self-Built Bearing Fault Simulation Experimental Platform 1

To verify the cross-machine FD capability of the proposed MTFSC model under limited
labeled samples from the target machine, an in-house bearing fault test rig was used to
collect downstream target-domain data. As shown in Figure 7, the test platform mainly
consists of a drive motor, tested bearing, brake, vibration sensor, and signal acquisition
instrument. During the experiment, tested bearings with different fault types were se-
quentially mounted on the test rig, and the operating state of the bearing was adjusted
using the control system. When the rotational speeds were stabilized at 1500 r/min and
2100 r/min, vibration response signals during bearing operation were collected using the
vibration sensor. The sampling frequency was set to 20 kHz, and the continuous sampling
duration for each health state was 60 s. The data collected under the two rotational speed
conditions were used to construct target-domain diagnostic tasks, so as to evaluate the
transfer adaptability of the model under different machines and operating conditions.

Figure 7. Self-built experimental bench 1 and its components.

In the experiment, local cracks were machined at different bearing components using
wire electrical discharge machining to simulate typical bearing damages that may occur
during actual operation. The crack width and depth were set to 0.2 mm and 0.1 mm,
respectively. The target-domain dataset contains eight health states, including one healthy
state and seven fault states. The seven fault states are shown in Figure 8. The seven fault
states are outer race fault (OF), inner race fault (IF), rolling element fault (RF), compound
outer race and rolling element fault (RF&OF), compound inner race and rolling element
fault (IF&RF), compound inner race and outer race fault (IF&OF), and compound inner
race, outer race, and rolling element fault (IF&RF&OF). The health status is also included
in the target domain classification task, and it does not include any damage to any part.
Therefore, the downstream diagnosis task is an eight-class classification problem, including
one health status and seven fault states. These fault types cover two typical patterns,
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namely single-component damage and multi-component compound damage, and can
comprehensively reflect the differences in bearing fault signals under complex damage
conditions. In this paper, this dataset is used as the downstream target-domain data. Only
a small number of labeled samples are used to fine-tune the source-domain pre-trained
model, while the remaining samples are used to test the cross-machine fault identification
performance of the model.

Figure 8. Diagrams of seven different faulty bearings.

3.1.3. Self-Built Bearing Fault Simulation Experimental Platform 2

To further examine the transfer diagnostic capability of the proposed MTFSC model
under different experimental platforms and operating environments, a second bearing fault
test rig was constructed to collect target-domain data, as shown in Figure 9. This platform
mainly consists of a drive motor, tested bearing, vibration sensor, and signal acquisition
instrument. Compared with the aforementioned target-domain data acquisition platform,
this test rig differs in structural configuration, load simulation strategy, and signal transmis-
sion path, and can therefore be used to verify the generalization performance of the model
across different machine platforms. During the experiment, a 5 kg counterweight was
mounted on the rotating shaft to simulate the load effect during actual bearing operation.
Bearing vibration signals were collected under two rotational speed conditions, namely
1500 r/min and 2100 r/min. The sampling frequency was set to 20 kHz, and the continuous
sampling duration for each health state was 60 s.

Figure 9. Self-built experimental bench 2 and its components.

This dataset also contains one healthy state and multiple typical bearing fault states,
including inner race faults, rolling element faults, outer race faults, and compound faults
involving different bearing components. By collecting data from the second test platform, a
downstream diagnostic task that differs from both the source-domain PU dataset and the
first target-domain dataset can be further constructed. In this paper, this dataset is used as
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the second target-domain test dataset to evaluate the robustness of the source-domain SS
pre-trained model for cross-machine FD under different test platforms, load conditions,
and rotational speeds. Consistent with the first target-domain dataset, only a small number
of labeled samples are selected for model fine-tuning during the downstream transfer
stage, while the remaining samples are used to evaluate the model’s ability to identify fault
categories in the target machine.

3.1.4. Data Preprocessing

To ensure consistency in input format and sample scale across different datasets, a
unified data preprocessing procedure is applied to the source-domain PU dataset and the
two target-domain bearing datasets. Specifically, the time-domain data corresponding to
each health state are normalized to the range of (−1, 1), thereby reducing amplitude-scale
discrepancies caused by different experimental platforms, sensor installation positions,
and operating conditions. Subsequently, the normalized continuous time-series signals are
segmented using a sliding-window strategy. The window length is set to 1024 sampling
points, and the sliding step is set to 512 sampling points. After the above processing, a
sufficient number of samples can be obtained for each fault state to meet the experimental
requirements. Three test rigs are used in the experimental validation. The datasets collected
from the in-house test rig 1 and in-house test rig 2 both contain two working conditions,
denoted as Working Condition 1 and Working Condition 2. Table 2 provides the detailed
information of the three datasets, including data partitioning, bearing fault types, and other
related settings. Since the PU dataset contains a relatively large number of samples, it is
used to pre-train the feature extractor of the MTFSC model. Subsequently, the pre-trained
feature extractor and its associated parameters are transferred to the in-house dataset 1 and
in-house dataset 2 for downstream FD.

Table 2. Details of dataset division.

Dataset Training Validation Tset Sampling
Frequency Fault Locations

PU Dataset
(Source) 4420 585 1235 64 KHz Inner race, outer

race, combined
Self-built data 1

(Target) 32 (4 per Class) 800 (100 per Class) 800 (100 per Class) 20 KHz Inner race, outer
race, ball, combined

Self-built data 2
(Target) 32 (4 per Class) 800 (100 per Class) 800 (100 per Class) 20 KHz Inner race, outer

race, ball, combined

It should be noted that the PU source-domain dataset and the two target-domain
datasets do not have identical category spaces. The PU dataset contains 13 health states,
whereas each target-domain dataset contains eight health states. However, in the proposed
framework, the PU labels are not used to train a supervised source-domain classifier. The
PU dataset is used only as unlabeled source-domain data for self-supervised pre-training.
Therefore, MTFSC does not require one-to-one category correspondence between the source
and target domains. The pre-training stage aims to learn transferable signal representations
related to local impacts, periodic modulation, and frequency-band structures. In the
downstream stage, the classification layer is re-initialized according to the eight target-
domain categories and fine-tuned using the limited labeled target samples.

To qualitatively and quantitatively demonstrate the distribution differences between
the source dataset and the target dataset, this paper uses t-SNE to project the samples of
the PU dataset and the two internal datasets into a two-dimensional space. Additionally,
the maximum mean discrepancy (MMD) and CORAL distance are introduced to further
measure the inter-domain differences between the source dataset and the target dataset.
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As shown in Figure 10, in the t-SNE space, the sample distributions of the PU dataset and
the two internal datasets are relatively separated, indicating the existence of observable
domain gaps between the source domain and the target domain. The quantitative results
further show that the MMD value between the PU dataset and the internal dataset 1 is
1.08416, and the MMD value between the PU dataset and the internal dataset 2 is 1.39969,
indicating significant distribution differences between the PU source domain and the two
target domains. Meanwhile, the CORAL distances are 0.00778 and 0.00003 respectively,
indicating that the second-order statistical differences between different domain pairs are
not completely consistent. This is because MMD and CORAL distance describe domain
differences from different statistical perspectives. The observed domain gap may be related
to the structure of the test equipment, the type of bearings, the composition of fault
categories, the sampling frequency, operating conditions, and the differences in signal
transmission paths. Therefore, Figure 10 visually and quantitatively presents the cross-
device distribution differences that this study focuses on.

Figure 10. Visualization of the source and target datasets.

3.2. Experimental Setup and Implementation Method

To verify the effectiveness and robustness of the proposed MTFSC model in the cross-
machine fault diagnosis task for rotating machinery, this paper conducts experimental
design focusing on source-domain SS pre-training, target-domain transfer diagnosis, con-
trast model validation, and ablation experiment analysis. Firstly, using the PU bearing
dataset as the source-domain data, fault representations with transfer ability are learned
through SS pre-training without using the source-domain labels. Subsequently, the pre-
trained time-domain feature extractor is transferred to the self-built target-domain bearing
fault dataset, and downstream fault classification is completed under the condition of a
small number of labeled samples to test the cross-machine diagnosis ability of the model
under different machine platforms and different rotational speed conditions. To further
validate the advancement of MTFSC, representative SS or transfer diagnosis models are
selected as comparison methods, and a fair comparison is conducted under the same data
partition, the same training settings, and the same evaluation indicators. Additionally,
a series of ablation experiments are designed to verify the effectiveness of the method.
Through the above experiments, the representation learning ability, transfer generalization
ability, and structural design rationality of MTFSC in cross-machine fault diagnosis of
rotating machinery can be comprehensively verified.

3.2.1. Model Implementation Details

In the experiments, MTFSC is first self-supervisedly pre-trained on the source-domain
PU dataset. For each sample, an augmented waveform view and multi-scale frequency-
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domain views are constructed. The STFT window lengths are set to 64, 128, and 256, and the
spectrograms at different scales are aligned and concatenated as a three-channel frequency-
domain input. A one-dimensional residual encoder is adopted to extract waveform features,
with a time-domain impulse attention module inserted after the third residual stage. Mean-
while, a two-dimensional residual encoder is used to extract frequency-domain features,
with a time-frequency decoupled attention module introduced after the third residual
stage. The 512-dimensional features output by the two branches are mapped into a unified
representation space through dual projection heads and optimized in an SS manner using
the semantic-aware soft contrastive loss. During the pre-training stage, a conventional
cross-view contrastive loss is used for warm-up in the first 30 epochs, after which the
semantic soft-label constraint is introduced. The number of semantic neighbors is set to
3, and the soft positive weight is set to 0.2. The pre-training batch size is set to 128, the
maximum number of training epochs is 500, and the initial learning rate is set to 1 × 10−1.
The SGD optimizer is employed with a momentum coefficient of 0.9 and a weight decay
coefficient of 5 × 10−4. In the downstream diagnostic stage, the pre-trained time-domain
encoder is retained, and the classification layer is re-initialized according to the eight health
states in the target domain. The model is then fine-tuned using a small number of labeled
target samples. All experiments are conducted using the same data partitioning and pre-
processing procedures on a computing platform equipped with an NVIDIA GeForce RTX
4090 GPU.

3.2.2. Introduction to the Comparative Model

To ensure fair and task-relevant comparisons, as shown in Table 3, the selected com-
parison methods come from multiple closely related research directions, including self-
supervised fault diagnosis, deep transfer learning, semi-supervised meta-learning, and
cross-domain few-shot diagnosis. Among them, TFDDCF is a typical Transformer-based
self-supervised diagnostic method that adopts a CNN–Transformer encoder structure
and learns the potential fault representation through time–frequency comparison and fu-
sion. TFDDP represents time–frequency dual-domain self-supervised prediction, DDTLN
represents deep transfer learning for cross-machine fault diagnosis, SSMN and ISSML,
respectively, represent few-shot diagnostic methods based on semi-supervised or meta-
learning. Therefore, these comparison methods are all closely related to the limited-label
cross-machine diagnosis task considered in this paper.

Table 3. Comparison model and its introduction.

Methods Description

TFDDP [28]
An SS FD model that performs time–frequency dual-domain prediction, using augmented

time-domain signals and frequency-domain representations to learn discriminative latent fault
features from unlabeled data.

TFDDCF [30]
A transformer-based self-supervised time–frequency dual-domain diagnostic model that

integrates CNN–Transformer dual encoders and a time–frequency fusion encoder. Contrastive
loss and fusion loss are jointly used to align and fuse time–frequency fault representations.

DDTLN [35]
A deep discriminative transfer learning network that combines improved joint distribution

adaptation with an improved Softmax loss to learn domain-invariant and
category-discriminative features for cross-machine FD.

SSMN [36]
A semi-supervised meta-learning network that refines class prototypes by exploiting unlabeled
samples and introduces squeeze-and-excitation attention to enhance feature extraction under

few-shot FD conditions.

ISSML [37]
An improved semi-supervised meta-learning method that employs a label allocation strategy to
suppress out-of-distribution samples and a scalable distance metric to improve cross-domain

few-shot fault classification.
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3.2.3. Ablation Experiment Design Scheme

To verify the actual contribution of the key design in MTFSC to the cross-machine
fault diagnosis performance, four sets of ablation experiments were conducted, focusing
on data augmentation strategies, feature extraction structures, projection head design, and
the hyperparameters of the semantic-aware soft contrastive loss. Firstly, in the waveform
enhancement process during the self-supervised pre-training stage, hyperparameter ab-
lation experiments were designed to analyze the impact of different signal-to-noise ratio
ranges and enhancement probabilities on the model’s representation learning ability. This
experiment was used to determine the appropriate enhancement configuration for the
cross-machine diagnosis task considered in this paper. Secondly, structural ablation studies
were conducted on the temporal pulse perception feature extractor, the frequency-domain
time–frequency decoupling feature extractor, and the semantic-aware soft contrastive loss.
The complete MTFSC model is denoted as A1. Based on A1, multiple key components
were removed one by one, including the semantic-aware soft contrastive loss, the time–
frequency decoupling attention module, and the temporal pulse attention module, to
construct different ablation models. When the semantic-aware soft contrastive loss was
removed, the model was trained using the basic hard label cross-view contrastive learning
objective. By comparing the diagnostic accuracy of different ablation models, the influence
of temporal pulse enhancement, frequency-domain time–frequency decoupling modeling,
and semantic-aware soft constraints on the pre-training representation quality could be
analyzed. Then, ablation experiments on the dual projection head structure were conducted.
Specifically, different projection head settings were compared, including MLP projection
heads and self-attention projection heads. Additionally, the influence of different hidden
dimensions and attention head numbers was further analyzed to verify the role of the
projection head in constructing a stable cross-view representation space. Finally, since the
semantic-aware soft contrastive loss is a key component of MTFSC, the sensitivity analysis
of the main hyperparameters (including the total soft positive sample weight β, the number
of semantic neighborhoods K, and the semantic temperature parameter τs) was conducted.
In this experiment, only one parameter was changed at a time, with the other settings re-
maining unchanged, to evaluate the robustness of MTFSC under different hyperparameter
configurations. All the above ablation experiments were conducted under the operating
condition of 1500 revolutions per minute on internal platform 1 to ensure the fairness of
the experimental comparison. Through these experiments, the rationality and necessity
of MTFSC were verified from aspects such as data augmentation, fault-sensitive feature
extraction, cross-view representation alignment, semantic-aware contrastive learning, and
hyperparameter robustness.

4. Comparative Experiment and Ablation Experiment Analysis
4.1. Ablation Experiment
4.1.1. Ablation 1: Hyperparameter Ablation for Data Augmentation

During the SS pre-training stage, appropriate data augmentation can increase the
diversity of sample perturbations and enable the model to learn fault representations that
are more robust to noise and variations in operating conditions. However, excessively weak
augmentation may fail to effectively improve model generalization, whereas overly strong
augmentation may destroy the impulsive characteristics and periodic structures inherent
in the original fault signals. To analyze the influence of waveform augmentation hyperpa-
rameters on the performance of MTFSC, Gaussian noise augmentation with different SNR
ranges and augmentation application probabilities is investigated in this paper.

The experimental results are shown in Figure 11. Different SNR ranges and augmenta-
tion probabilities have a significant influence on the diagnostic performance of the model.
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When the augmentation probability is relatively low, the model is exposed to only a limited
number of perturbed samples, resulting in insufficient feature learning during pre-training
and relatively low overall accuracy. As the augmentation probability increases from 0.2 to
0.8, the model accuracy shows an overall upward trend, indicating that appropriately in-
creasing the proportion of augmented samples helps improve the adaptability of the model
to noise perturbations and cross-machine distribution variations. Specifically, when the
SNR range is set to [0, 15] dB and the augmentation application probability is set to 0.8, the
model achieves the highest diagnostic accuracy of 96.25%. This indicates that this parameter
combination can introduce moderate perturbations while preserving the main structure of
the fault signals, thereby enhancing the robustness of the SS pre-trained representations.

Figure 11. The accuracy rate of MTFSC under different signal-to-noise ratio ranges and enhance-
ment intensities.

In addition, when the augmentation probability is further increased to 1.0, the model
accuracy does not continue to improve but instead decreases to a certain extent. This
suggests that applying noise perturbation to all samples may weaken the real distribution
characteristics of the original fault waveforms, causing the model to over-adapt to the
augmented signal patterns and thus affecting the downstream diagnostic performance in
the target domain. Based on the overall experimental results, the SNR range of Gaussian
noise augmentation is set to [0, 15] dB, and the augmentation application probability is set to
0.8 in the subsequent experiments. This configuration effectively improves the adaptability
of the model to noise variations and distribution shifts in cross-machine environments,
providing a stable pre-training foundation for the subsequent ablation experiments on
feature extractors and loss functions.

4.1.2. Ablation 2: The Influence of Each Structure on MTFSC

To verify the contribution of each key structure to the cross-machine diagnostic per-
formance in MTFSC, the complete model A1 was used as the benchmark. Based on A1,
the semantic-aware soft contrast loss, time–frequency decoupling attention module, and
time-domain pulse attention module were removed to construct the Ablation models A2
to A5. To reduce the influence of random initialization and sample selection, each model
was tested five times, and the results were reported in the form of average accuracy and
standard deviation.

As shown in Table 4, the complete MTFSC model performed the best, with an average
accuracy of 95.98 ± 0.30%. Meanwhile, A1 had the smallest standard deviation among all
variants, indicating that the complete model still maintained stable diagnostic performance
under different runs. Compared with A1, when the semantic-aware soft contrast loss was
removed, the average accuracy of A2 decreased to 91.58 ± 1.86%, and the standard devia-
tion significantly increased. This indicates that the proposed loss can effectively utilize the
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potential semantic relationships between samples, thereby improving the discriminability
and stability of the learned representations. When the time–frequency decoupling attention
module in the frequency-domain branch was further removed, the average accuracy of A3
decreased to 85.68 ± 1.61%, indicating that the frequency-domain attention helps to enhance
the fault-sensitive time–frequency information. When the time-domain pulse attention
module was removed, the average accuracy of A4 dropped to 80.53 ± 2.21%, showing that
local impact and periodic pulse features are crucial for bearing fault representation learning.
When both attention modules were removed and the basic contrast loss was adopted, the
average accuracy of A5 was the lowest, at 73.73 ± 2.62%. The standard deviations of A4
and A5 increased further, indicating that removing the key attention structures not only
reduced the diagnostic accuracy but also weakened the robustness of the model in repeated
experimental runs. The above results show that the complete MTFSC model consistently
achieved the highest average accuracy and the smallest standard deviation. This indicates
that the improvement in MTFSC performance is not due to a single module, but rather
results from the joint optimization of time-domain pulse enhancement, frequency-domain
time–frequency decoupling modeling, and semantic-aware soft contrast learning.

Table 4. The experimental results of the ablation experiment 2.

TIPFE FTDFE Loss

Mean ± Std
(%)

1D Residual
Network

Temporal
Domain Impulse

Attention

2D Residual
Network

Time–Frequency
Decoupling
Attention

Semantic-
Aware Soft

Contrast

A1
√ √ √ √ √

95.98 ± 0.30
A2

√ √ √ √
91.58 ± 1.86

A3
√ √ √

85.68 ± 1.61
A4

√ √ √
80.53 ± 2.21

A5
√ √

73.73 ± 2.62

4.1.3. Ablation 3: Projection Head

The projection head is used to map the high-dimensional features output by TIPFE and
FTDFE into a unified SS representation space, and its structural configuration directly affects
the effectiveness of cross-view feature alignment. To analyze the influence of projection
head design on the performance of MTFSC, this paper compares the diagnostic results of
the MLP projection head and the self-attention projection head, and further investigates
the effects of the hidden-layer dimension and the number of attention heads in the self-
attention projection head. The experimental results are shown in Figure 12. Overall, the
self-attention projection head outperforms the conventional MLP projection head. When a
three-layer MLP projection head is adopted, the model achieves an accuracy of 93.87%. In
contrast, when a two-layer self-attention projection head is used, the accuracy increases
to 96.25%. This indicates that the self-attention structure can more effectively model the
correlations among feature dimensions, enabling more sufficient consistency representation
between time-domain waveform features and multi-scale frequency-domain features in
the latent space. By comparison, the MLP projection head mainly relies on layer-by-layer
nonlinear mapping, and its ability to characterize global dependencies among different
feature components is relatively limited, resulting in slightly weaker performance in cross-
view alignment tasks. In addition, the model performance first improves and then slightly
declines as the hidden-layer dimension increases. When the hidden-layer dimensions are set
to 64, 128, 256, and 512, the corresponding diagnostic accuracies are 94.36%, 95.41%, 96.25%,
and 95.18%, respectively. The best result is obtained when the hidden-layer dimension
is set to 256, indicating that appropriately enlarging the projection space helps enhance
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feature representation capability. However, when the dimension is further increased to
512, redundant features may be introduced and the optimization difficulty may increase,
leading to a slight performance degradation. Furthermore, this paper compares the results
with 1, 2, 4, and 8 attention heads, corresponding to accuracies of 96.25%, 95.72%, 95.06%,
and 94.48%, respectively. It can be observed that a single attention head is already sufficient
to model the relationships between time–frequency features, whereas using excessive
attention heads does not bring further improvement. Instead, it may over-partition the
feature space and weaken the stability of the projected representations.

Figure 12. The line graph showing the results of the ablation experiment 3.

Finally, a two-layer self-attention projection head is adopted in MTFSC, with the
hidden-layer dimension set to 256 and the number of attention heads set to 1. This con-
figuration ensures sufficient representation capability while avoiding excessive structural
complexity. It enables more stable alignment between time-domain and frequency-domain
features during SS pre-training, thereby providing more discriminative and transferable
latent representations for downstream cross-machine FD.

Overall, the ablation results demonstrate that the performance improvement in MTFSC
is not obtained by simply stacking existing modules. Instead, waveform augmentation,
fault-sensitive feature extraction, semantic-aware contrastive learning, and projection-
space alignment play complementary roles in improving transferable fault representation
learning under cross-machine conditions. These results further verify the rationality and
necessity of the proposed framework.

4.1.4. Ablation 4: Sensitivity Analysis of Semantic-Aware Soft Contrastive
Loss Hyperparameters

Since the semantic-aware soft contrastive loss is an important component of MTFSC,
this section further analyzes the influence of its key hyperparameters, including the total
soft positive weight β, the number of semantic neighbors K, and the semantic temperature
parameter τs. During the experiment, one parameter is changed at a time while the other
parameters are kept unchanged. The experiment is conducted under the 1500 rpm operating
condition of in-house platform 1.

The results are shown in Figure 13. Within the reasonable parameter range, the
diagnostic performance of MTFSC remains relatively stable. When β is too small, the
semantic-neighbor constraint becomes weak, and the loss tends to degenerate into conven-
tional hard-label contrastive learning. When β is too large, unreliable semantic neighbors
may be assigned excessive positive weights, which may weaken the inter-class separability
of the learned representations. Similarly, a small K provides insufficient semantic-neighbor
information, whereas an excessively large K may introduce weakly related samples and
reduce the reliability of soft-label construction. The semantic temperature parameter τs

controls the sharpness of the neighbor-weight distribution. A too-small value makes the
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distribution overly concentrated, while a too-large value makes the weights too uniform.
Based on the sensitivity analysis, β = 0.2, K = 3, and the selected temperature setting are
adopted in this paper, which provide a good balance between semantic compactness and
feature discriminability.

Figure 13. Bar chart of the results of the ablation experiment 4.

4.2. Comparative Test
4.2.1. Case 1: Verification of the Advancement of Pre-Trained Models

To verify the effectiveness of the feature representations learned by the proposed
MTFSC model during SS pre-training, a linear evaluation protocol is adopted to compare
the representation capability of different pre-trained models. Linear evaluation is a com-
monly used evaluation strategy for SS features. Its core idea is to freeze the parameters of
the feature extractor after pre-training, connect only a trainable linear classifier to the frozen
encoder, and train the classifier using different proportions of labeled samples [38]. Since
the parameters of the feature extractor are no longer updated during this process, the classi-
fication results can directly reflect the discriminative capability of the features extracted by
the pre-trained model. In this paper, all models are pre-trained on the PU source-domain
dataset, and 1%, 5%, 10%, 15%, and 20% of labeled samples are then selected to train the
linear classifier. The experimental results are shown in Figure 14. As the proportion of
labeled samples increases, the diagnostic accuracy of all models generally shows an upward
trend, indicating that more labeled samples can further improve the decision boundary of
the linear classifier. However, under extremely limited annotation ratios, the performance
differences among different models are more evident. When only 1% of labeled samples
are used, MTFSC achieves a diagnostic accuracy of 91.09%, which is significantly higher
than those of the comparison models. This demonstrates that the proposed model can
learn more discriminative fault representations in limited-label scenarios, and that the
features obtained during pre-training exhibit stronger transferability and separability for
downstream classification tasks. When the proportion of labeled samples increases from
5% to 20%, MTFSC still achieves accuracies ranging from 95.14% to 95.55%, consistently
maintaining the best performance. In contrast, although TFDDP and TFDDCF are also SS
learning methods, their accuracies remain lower than that of MTFSC. This indicates that,
when relying only on conventional strategies, these models still have certain limitations in
characterizing fault-sensitive structures and latent semantic relationships. DDTLN exhibits
relatively low accuracy under all labeled sample ratios, which may be because transfer
learning methods are more dependent on distribution alignment and label information
between the source and target domains. Therefore, under the pure linear evaluation setting,
they cannot fully demonstrate the advantages of unlabeled pre-trained representations.
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Figure 14. The diagnostic performance of each pre-trained model under different label proportions.

In summary, MTFSC achieves the best diagnostic results under different proportions
of labeled samples, and exhibits strong recognition capability, particularly under extremely
limited annotation conditions of 1% and 5%. This indicates that the proposed multi-scale
time–frequency semantic consistency pre-training strategy can effectively mine stable fault
representations from unlabeled vibration signals, enabling the features extracted by the
frozen encoder to exhibit good inter-class separability and downstream adaptability. These
results verify the superiority of the MTFSC pre-trained model and provide a reliable feature
foundation for subsequent few-shot transfer in cross-machine FD tasks.

4.2.2. Case 2: Cross-Machine Performance Comparison Verification of Each Model

Cross-machine FD is more challenging than same-platform diagnosis because differ-
ences in bearing structures, fault fabrication methods, and operating conditions often exist
among different test rigs, leading to significant distribution shifts between source- and
target-domain signals. To verify the transfer diagnostic capability of the proposed MTFSC
model in cross-machine scenarios, the PU dataset is used as the source-domain pre-training
dataset, while in-house experimental platform 1 and in-house experimental platform 2 are
used as downstream target-domain datasets. Fault identification experiments are conducted
under two rotational speed conditions, namely 1500 rpm and 2100 rpm. The experimental
results are presented in Table 5. As shown in Table 5, MTFSC achieves the highest recogni-
tion accuracy in all four cross-machine diagnostic tasks, reaching 96.25%, 97.38%, 98.50%,
and 97.88%, respectively, with an average accuracy of 97.50%. In comparison, TFDDP
performs well in most tasks, with an average accuracy of 91.19%; however, its accuracy
decreases to 87.88% under the 2100 rpm condition of in-house experimental platform 1,
indicating that its cross-platform adaptability still exhibits certain fluctuations. TFDDCF,
SSMN, and ISSML also obtain relatively stable results under some operating conditions,
but their overall performance remains lower than that of MTFSC. As a transfer learning
model, DDTLN achieves relatively low accuracy in the cross-machine tasks, suggesting
that when a large distribution discrepancy exists between the source and target domains,
relying solely on domain alignment and discriminative transfer strategies is still insufficient
to obtain stable fault representations. Further analysis of the results on different target
datasets shows that, on in-house experimental platform 1, MTFSC improves the accuracy by
4.75% and 9.50% over the second-best model under the 1500 rpm and 2100 rpm conditions,
respectively. On in-house experimental platform 2, MTFSC improves the accuracy by 5.37%
and 5.63% over the second-best model under the two rotational speeds, respectively. These
results indicate that the proposed model not only exhibits favorable transfer performance
on a single target platform, but also maintains strong diagnostic stability across different
experimental platforms and rotational speed conditions. In particular, on in-house experi-
mental platform 2, although this platform differs from experimental platform 1 in terms
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of load simulation strategy and signal acquisition environment, MTFSC still maintains a
recognition accuracy close to 98%, demonstrating that the fault representations learned
during pre-training possess good cross-machine generalization capability.

Table 5. Accuracy rate of cross-machine FD for each model.

Method
Self-Built Experimental Platform 1 Self-Built Experimental Platform 2

1500 rpm 2100 rpm 1500 rpm 2100 rpm

MTFSC 96.25% 97.38% 98.50% 97.88%
TFDDP 91.50% 87.88% 93.13% 92.25%

TFDDCF 85.63% 87.25% 86.75% 83.63%
DDTLN 61.88% 63.00% 73.25% 75.13%
SSMN 74.50% 69.88% 78.38% 81.75%
ISSML 84.25% 86.63% 82.75% 83.38%

To further examine the recognition performance of the model for different fault cat-
egories, the target-domain test task under the 1500 rpm condition of in-house platform
1 is selected to plot the confusion matrix, as shown in Figure 15. It can be observed that
MTFSC achieves favorable classification performance across all eight health states. Most
test samples are concentrated along the main diagonal, indicating that the model can
accurately distinguish the healthy state, single faults, and multi-component compound
faults. For various compound fault categories, MTFSC still maintains high recognition
accuracy, with only a small number of samples misclassified into adjacent or related fault
categories. In contrast, although the comparison models also exhibit relatively clear di-
agonal distributions, certain confusion still exists among compound fault categories. The
misclassification phenomenon of DDTLN is more evident, especially between compound
faults and single faults. These results further demonstrate that the fault representations
learned by MTFSC possess stronger category discrimination capability and can effectively
improve the recognition stability of complex bearing faults under cross-machine conditions.

Figure 15. Confusion matrix of the diagnostic accuracy of each model under the 1500 rpm operating
condition in the self-built platform 1.

The above results further reveal the relationship between the proposed method and
the research gap discussed in the introduction. Compared with traditional transfer learn-
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ing methods, MTFSC does not rely on the class labels of the source-domain to learn a
fixed supervised classifier. Instead, it first learns transferable fault representations from
unlabeled source domain signals through self-supervised pre-training. This design is par-
ticularly suitable for cross-machine diagnosis, where the source machine and the target
machine may differ in mechanical structure, signal transmission path, fault generation
mechanism, and operating conditions. The relatively low performance of DDTLN indi-
cates that directly aligning the feature distributions of the source domain and the target
domain may not be sufficient when the domain differences between different machines are
large. Although TFDDP and TFDDCF also utilize self-supervised time–frequency infor-
mation, their performance is still lower than MTFSC, which suggests that relying solely
on traditional time–frequency consistency or fusion methods may not fully address the
problem of misclassifying as negative and the potential semantic relationships between
fault samples. In contrast, MTFSC uses multi-scale frequency-domain structural similarity
to explore potential semantic proximity relationships and introduces soft positive weights
in contrastive learning. This helps prevent semantic similar fault segments from being
overly separated in the feature space, thereby improving the transferability and inter-class
separability of the learned representation. Furthermore, although the category spaces of
the source-domain dataset and the target-domain dataset are different, MTFSC has learned
fault-related representations that are independent of the categories. In the downstream
stage, the classification layer is reinitialized based on the eight target-domain health states
and fine-tuned using the limited labeled target samples. Therefore, the experimental results
show that even with category mismatch, the learned representations can effectively adapt
to the diagnostic tasks of the target domain.

It is worth noting that in this experiment, the vibration sensor was installed on the
test bearing seat to more clearly monitor the bearing fault signals. In an actual motor
monitoring system, the sensor might be installed on the motor housing. In this case, the
measured signals may be affected by a longer transmission path, structural attenuation,
and background vibration. This change can be regarded as an additional domain difference.
Since MTFSC aims to learn transferable fault feature representations, as long as the signals
at the motor end still contain information related to the fault, it can remain applicable,
especially after fine-tuning with a small number of labeled samples. However, since no
sensors installed on the motor housing were used for direct verification in this study, this
issue will be further investigated in future work.

5. Conclusions
To address the problems of insufficient labeled samples in the target domain and

degraded diagnostic accuracy caused by significant distribution discrepancies between the
source and target domains in cross-machine FD of rotating machinery, this paper proposes
MTFSC, a cross-machine FD method for rotating machinery based on SS transferable
representation learning. In the proposed method, unlabeled vibration signals from the
source-domain dataset are used as pre-training data to construct augmented waveform
views and multi-scale frequency-domain views. A time-domain impulse-aware feature
extractor and a frequency-domain time–frequency decoupled feature extractor are then
employed to extract complementary features from the two branches. Furthermore, dual
projection heads and a semantic-aware soft contrastive loss are adopted to learn fault
representations with cross-machine transferability. Subsequently, the pre-trained time-
domain feature extractor is transferred to the target-domain dataset, and downstream fault
identification is completed using a small number of labeled samples. The main conclusions
are summarized as follows:
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(1) A multi-scale time–frequency semantic consistency SS learning framework is proposed
for cross-machine FD. The framework can extract transferable fault representations
from unlabeled vibration signals, thereby reducing the dependence of the model on
large amounts of labeled samples in the target domain.

(2) A time-domain impulse-aware feature extractor and a frequency-domain time–
frequency decoupled feature extractor are designed. These modules can enhance local
impulsive and periodic impulse characteristics in vibration waveforms, while focusing
on key time frames and fault-sensitive frequency bands in multi-scale spectrograms.

(3) A semantic-aware soft contrastive loss function is constructed. Compared with con-
ventional hard-label-based cross-view consistency constraints, the proposed loss
further exploits frequency-domain structural similarity to characterize latent semantic
relationships among samples, alleviating the problem that similar fault samples may
be incorrectly treated as negative samples. As a result, the semantic organization
capability and class separability of the SS pre-trained feature space are improved.

(4) Ablation studies, linear evaluation, and cross-machine diagnostic comparison ex-
periments are conducted based on the PU source-domain dataset and two in-house
target-domain bearing fault datasets. The experimental results show that MTFSC
outperforms the selected comparison models under different experimental scenarios.
The average accuracy of the four cross-machine diagnostic tasks reaches 97.50%,
verifying the effectiveness and robustness of the proposed method under cross-
machine conditions.

The experimental results on the PU source-domain dataset and two in-house target-
domain platforms demonstrate that MTFSC achieves promising cross-machine transfer-
ability under the tested experimental settings. Nevertheless, the current validation is still
limited by the number and type of target platforms. Future work will further take into
account unseen fault types, more complex operating conditions (such as strong noise in-
terference, variable load operation, and different sensor installation positions, especially
the sensing scenarios where the motor housing is installed), on-site industrial data, and
unbalanced fault distribution, in order to further enhance the applicability of the proposed
method in actual industrial monitoring systems.
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Abbreviations
The following abbreviations are used in this manuscript:

FD Fault Diagnosis
SS Self-Supervised
SSPKT Self-supervised pre-training knowledge transfer
MFTSC Multi-scale Time–Frequency Semantic Consistency
TIPFE Time-domain Impulse Perception Feature Extractor
FTDFE Frequency-domain Time–frequency Decoupling Feature Extractor
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