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Abstract

Rotating machinery plays a critical role in transmission systems, while the scarcity of
fault samples and labeled data limits the performance of existing diagnostic methods
under few-shot conditions. This paper proposes a few-shot fault diagnosis method for
rotating machinery based on a time-frequency dual-stream Mamba architecture and joint
metric learning. Raw vibration signals and multi-scale short-time Fourier transform time-
frequency views are constructed to characterize transient impacts and frequency-band
energy distributions from complementary perspectives. A dual-stream feature extraction
network is developed, where the time-domain branch captures impulsive fault patterns,
and the time-frequency spatial Mamba and channel attention branches extract spatial
dependencies and fault-sensitive responses. Moreover, a hierarchical selective fusion
mechanism is introduced to adaptively integrate complementary features across different
domains. Finally, a covariance-based joint metric learning module is designed to model
class distributions using second-order statistics of support samples and classify query
samples through local similarity aggregation. Experimental results show that the proposed
method consistently outperforms comparison methods under different rotational speeds,
training sample scales, and 8-way 1-shot/5-shot tasks, validating its effectiveness and
robustness for few-shot rotating machinery fault diagnosis.

Keywords: rotating machinery; few-shot; joint metric learning; feature extraction;
time-frequency views

1. Introduction
Rotating machinery (RM) plays a crucial role in power transmission and actuation

in industrial production, transportation, and other engineering fields, and its operating
condition directly affects production efficiency, operational safety, and the stable operation
of industrial equipment [1,2]. During long-term operation, critical components such as
bearings and gears are continuously exposed to alternating loads, impact-induced vibration,
and varying operating conditions, making them susceptible to wear, cracking, spalling,
looseness, and compound damage. Once abnormalities occur in rotating components,
equipment efficiency may deteriorate, and unplanned shutdowns or even cascading dam-
age may follow [3,4]. Therefore, developing effective fault diagnosis (FD) methods for RM,
enabling timely health-state identification and accurate fault classification, is essential for
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reducing maintenance costs, preventing unexpected downtime, and ensuring the stable
operation of industrial equipment.

Traditional FD methods for RM generally follow a diagnostic pipeline consisting of
signal processing, feature extraction, and shallow classifiers. These methods typically ex-
tract time-domain, frequency-domain, time-frequency (TF), or nonlinear dynamic features
from monitoring signals such as vibration and current signals, and then employ classi-
fiers such as SVM and nearest-neighbor methods for condition identification [5–7]. Wang
et al. [8] proposed refined compound multiscale slope entropy to address the nonlinear and
nonstationary characteristics of rolling bearing vibration signals and combined it with an
SVM optimized by the grey wolf optimizer to identify bearing faults of different types and
severity levels. From the perspective of periodic component identification, Cheng et al. [9]
developed an adaptive periodic mode decomposition method that extracts fault-induced
periodic impulsive components through Ramanujan subspaces, thereby improving feature
extraction for rolling bearing faults. To address the difficulty of adaptively determining
the center frequency and penalty factor in variational mode extraction, Pang et al. [10]
proposed a recursive variational mode extraction method that progressively separates fault-
related band-limited components. These methods offer a certain degree of interpretability
and can achieve satisfactory diagnostic performance under specific operating conditions.
Nevertheless, their effectiveness depends heavily on handcrafted feature design, parameter
selection, and expert knowledge. Under complex operating environments, increased noise
interference, or varying operating conditions, the robustness and generalizability of man-
ually engineered features are often difficult to maintain, which may ultimately degrade
diagnostic performance.

With advances in sensing technologies, industrial big data, and artificial intelligence,
deep learning methods have been increasingly applied to intelligent FD of RM. Compared
with traditional approaches, deep models can automatically learn deep nonlinear represen-
tations from raw signals or TF maps, thereby reducing reliance on handcrafted features
and providing stronger representation capability for complex FD tasks [11–14]. Sinitsin
et al. [15] proposed an FD method that combines hybrid inputs with a CNN-MLP archi-
tecture, using information from different sensing locations and input forms to improve
fault detection and localization. Li et al. [16] integrated convolutional networks with Trans-
former architectures and introduced a joint learning strategy to enhance signal denoising
and FD simultaneously, thereby improving diagnostic robustness under complex noise
conditions. Hou et al. [17] developed a fault recognition framework that captured both
local and global characteristics by integrating frequency-domain information, a parallel
feature fusion encoder, and a cross-flipping decoding structure, thereby increasing the
accuracy of FD. Chen et al. [18] combined channel attention, spatial attention, residual
connections, and a soft-thresholding mechanism to improve feature selection under noisy
conditions. Overall, deep learning enables end-to-end feature learning and has substan-
tially advanced the level of automation in RM FD. However, most existing deep diagnostic
models are developed under the assumptions of sufficient training data and relatively
stable data distributions. In practical engineering applications, RM operates in healthy
states for most of its service life, resulting in a limited quantity of available fault samples. In
addition, manual annotation of collected fault data is time-consuming and labor-intensive.
When labeled samples are scarce, deep models are prone to overfitting, unstable decision
boundaries, and degraded generalization performance. These limitations are particularly
evident in the diagnosis of compound faults, incipient faults, and cross-condition scenarios,
where conventional supervised learning methods often fail to learn sufficiently stable
and discriminative fault representations. Therefore, improving the feature extraction and
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class discrimination capabilities of RM FD models under limited labeled data remains an
important challenge in intelligent operation and maintenance.

To alleviate the limitations caused by insufficient labeled data, recent studies have
explored the utilization of self-supervised learning (SSL) for FD. By designing pretext tasks,
SSL can learn general representations from unlabeled data and thereby reduce, to some
extent, the dependence on manually annotated samples [19–21]. Cui et al. [22] employed the
Signal Transformer as the backbone network, learning fault representations from unlabeled
data before fine-tuning the model with a limited number of labeled samples. To address
the difficulty of training Transformers with scarce labeled data, Cen et al. [23] proposed
MSFormer, a masked SSL framework in which the underlying structure of vibration signals
is learned by reconstructing or predicting masked segments. Xu et al. [24] developed a
self-supervised transfer learning framework for cross-machine FD by exploiting multi-scale
TF semantic consistency, and designed a semantic-guided soft contrastive loss to alleviate
false negative samples arising in traditional contrastive learning paradigms. These studies
demonstrate the potential of SSL for reducing reliance on labeled data. However, such
methods generally still require a substantial amount of unlabeled data for pretraining,
and discrepancies may exist between the pretext objective and the downstream few-shot
classification task. When only limited unlabeled data are available for the target machine, or
when considerable distribution discrepancies exist between the source and target domains,
the transfer performance of self-supervised pretrained models may remain limited.

Different from SSL, few-shot learning focuses on allowing models to generalize to un-
seen categories or tasks with limited labeled data, offering a promising solution for rotating
machinery FD under data scarcity conditions. Among existing approaches, meta-learning-
and metric-learning-based methods have become prominent directions in few-shot fault
diagnosis (FSFD) research [25–27]. Wang et al. [28] showed a metric-driven meta-learning
framework in the feature space, which integrates supervised representation learning with
episodic training strategies for metric optimization. The method jointly exploits single-
sample attribute information and group-wise similarity information to accommodate
bearing and gear FD under various limited-data conditions. Wen et al. [29] developed
a Siamese neural network framework that integrates few-shot learning with multi-state
training, using a multi-stage training strategy and a multi-source feature fusion network to
improve few-shot bearing fault recognition. Su et al. [30] proposed a data-reconstruction
hierarchical recurrent meta-learning method, in which noise is suppressed and informa-
tive components are extracted during the reconstruction stage, while a recurrent training
strategy is employed in the meta-learning stage to diagnose bearing faults. Luo et al. [31]
introduced an elastic prototypical network that incorporates squeeze-and-excitation atten-
tion into an enhanced feature encoder and designs a metric module with an elasticity factor,
thereby improving few-shot transfer diagnosis under nonstationary rotational speeds.
Lin et al. [32] proposed a generalized MAML framework for heterogeneous-signal-driven
cross-domain FD, where a channel-interaction feature encoder and a weight-guided factor
are used to enhance meta-knowledge extraction and generalization across diverse tasks.
Li et al. [33] developed a meta-learning method for FSFD under complex operating con-
ditions. The raw signals are transformed into TF maps and organized into meta-learning
tasks, allowing the model to learn suitable initialization parameters from tasks constructed
under known conditions and rapidly adapt to few-shot fault recognition under previously
unseen conditions. Despite the progress achieved by these few-shot and metric learning
methods in reducing dependence on labeled samples, several limitations remain. First,
some approaches rely primarily on a single time-domain, frequency-domain, or TF repre-
sentation, making it difficult to simultaneously preserve transient fault-induced impacts
and energy distribution patterns across different frequency bands. Second, existing feature
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extractors often emphasize local convolutional features, recurrent temporal dependencies,
or global dependency modeling with Transformers, while insufficiently exploiting the com-
plementarity among raw time-domain characteristics, multi-scale time-frequency (MSTF)
spatial structures, and channel responses. In addition, many metric learning methods use
class prototypes or Euclidean distance as the primary basis for classification and therefore
focus mainly on the mean representation of support features. This may overlook within-
class distribution structures and local feature correlations, limiting robustness in few-shot
diagnostic scenarios.

To address the above limitations, this study presents an FSFD method for RM, termed
time–frequency dual-stream mamba with joint metric learning (TFDS-MJML). Taking vi-
bration signals as input, the proposed method jointly characterizes fault states from two
complementary perspectives: raw time-domain responses and MSTF distributions, thereby
overcoming the limitations of a single signal representation in describing complex fault
characteristics. A time-domain impulsive feature branch, an MSTF Mamba feature extrac-
tion branch, and a hierarchical selective fusion mechanism are developed to adaptively
integrate transient time-domain information, spatial dependencies in the TF plane, and
channel response characteristics according to the specific few-shot diagnostic task. In
addition, a joint metric learning strategy combining class-specific covariance distribution
modeling with local similarity aggregation is introduced to improve the representation of
class distributions from limited support samples and enhance the stability of query-to-class
matching. Through these designs, TFDS-MJML improves the discriminability of fault rep-
resentations and the stability of class boundaries under data-scarce conditions, providing
an effective framework for intelligent FSFD of RM.

The main contributions of this paper are as follows:

(1) A TF dual-stream Mamba feature extraction framework is proposed for FSFD of RM.
By jointly exploiting raw time-domain signals and multi-scale short-time Fourier
transform (STFT) based TF views, the framework extracts complementary fault infor-
mation from three perspectives: time-domain impulsive responses, spatial structures
in the TF plane, and channel-wise correlations. This design alleviates the limitations
of a single input representation in characterizing complex fault patterns.

(2) A hierarchical selective fusion mechanism is developed to dynamically integrate
MSTF spatial features, TF channel-attention features, and raw time-domain impulsive
features. Spatial and channel features are first fused within the TF domain, after
which the resulting TF representation is further integrated with the time-domain
representation. This hierarchical scheme allows the model to dynamically adjust the
contribution of each branch according to sample-specific fault characteristics, thereby
reducing information redundancy and the representational bias introduced by fixed
fusion strategies.

(3) A joint metric learning classification strategy based on covariance distribution model-
ing and local similarity aggregation is constructed. Second-order statistical informa-
tion derived from support samples is used to characterize within-class distribution
structures, while few-shot classification is performed by measuring the similarity
between query features and class-specific covariance matrices. This strategy improves
the stability of class discrimination when only limited labeled samples are available.

The remainder of this paper is organized as follows. Section 2 presents the proposed
FSFD framework, including signal representation, TF dual-stream feature extraction, hier-
archical selective fusion, and covariance-based metric classification. Section 3 describes the
bearing platform, dataset construction, preprocessing procedures, comparison methods,
and implementation details. Section 4 provides comprehensive experimental evaluations,
including comparative experiments, ablation studies, and detailed analysis of the diagnos-
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tic performance under different operating conditions. Finally, Section 5 summarizes the
main conclusions.

2. Methodology
2.1. Overall Framework of the Proposed TFDS-MJML

During the operation of RM, critical components remain in healthy conditions for most
of their service life. Consequently, fault samples are often costly to acquire, sparsely labeled,
and unevenly distributed across classes. To enable stable class discrimination with only a
limited quantity of labeled samples, this study formulates diagnostic tasks using an episodic
few-shot learning strategy. Unlike conventional supervised training, which directly learns
a fixed mapping from inputs to predefined classes, episodic learning simulates the N-way
K-shot setting encountered at test time during the training process. Within each episode, the
model learns the relationships between query and support samples, thereby improving its
generalization capability under data-scarce conditions. The episodic task can be formulated
as follows:

S = {(xs
i , ys

i )}
N×K
i=1 , Q =

{
(xq

j , yq
j )
}N×Q

j=1
(1)

Here, S and Q denote the support set and query set, respectively. N is the quantity
of fault classes included in each episode, K is the quantity of support samples per class,
and Q is the quantity of query samples per class. xs

i and xq
j represent support and query

samples, respectively, while ys
i and yq

j denote their corresponding class labels. Given the
support set, the objective of the model is to determine the fault class to which each query
sample belongs.

The overall workflow of TFDS-MJML is shown in Figure 1. The diagnostic process of
the proposed method mainly consists of the following steps:

Step 1: The raw vibration signals collected from the RM are first segmented using a
sliding window and subjected to amplitude normalization to obtain fixed-length sample
segments. Two input representations, corresponding to the time domain and frequency
domain, are then constructed for each sample. An episodic N-way K-shot training scheme
is adopted, in which the limited labeled samples are divided into a support set and a
query set. The support set provides a small quantity of reference samples for each fault
class, whereas the query set simulates the diagnosis of previously unseen samples. By
repeatedly constructing support-query episodes during training, the model learns inter-
class relationships under a task formulation consistent with that used at test time, thereby
improving its adaptability to few-shot bearing FD scenarios.

Step 2: During the feature extraction stage, a TF dual-stream Mamba feature extractor
is developed. For the MSTF views, a spatial Mamba branch and a channel attention branch
are constructed. The former captures local textures and long-range spatial dependencies in
the TF maps, whereas the latter models the relationships among responses associated with
different scales, frequency bands, and feature channels. For the raw time-domain view, a
time-domain impulsive feature branch is employed to preserve transient fault information
that may be attenuated during the TF transformation process.

Step 3: After obtaining the multi-source feature representations, a hierarchical selective
fusion mechanism is employed to adaptively integrate the features extracted by diverse
branches. Within the TF domain, the spatial Mamba features are first fused with the channel-
attention features to form an integrated TF representation. This representation is then fused
with the raw time-domain impulsive features at the second fusion stage to obtain the final
fault representation. Through this hierarchical process, the contribution of each branch can
be dynamically adjusted according to the fault characteristics of individual samples.
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Step 4: During the metric-based classification stage, the fused features of support
samples belonging to the same class are used to construct a class-specific covariance
matrix, which characterizes the distribution structure of each fault class in the feature space.
The second-order statistical similarity between the query features and each class-specific
covariance matrix is then computed. The resulting local similarity responses for all classes
are fed into a 1D convolutional classifier to produce the fault-class scores of the query
sample. In this way, TFDS-MJML can effectively identify RM fault states from only a
limited quantity of labeled samples.

 

Figure 1. The brief workflow of TFDS-MJML.

2.2. Signal Preprocessing and MSTF View Construction

RM vibration signals generally contain fault-induced impacts, background noise, and
nonstationary components caused by variations in rotational speed. When only a single
time-domain sequence is used, the model cannot explicitly characterize the distribution
of fault-related energy along the frequency axis. Conversely, reliance on a single TF
representation may attenuate local transient impact information. Therefore, as shown
in Figure 2, both raw time-domain inputs and MSTF inputs are constructed during the
preprocessing stage. The acquired continuous vibration signals are first segmented into
samples of length L using a sliding window. Amplitude normalization is then performed for
each sample along the channel dimension to reduce the effects of differences in acquisition
batches and sensor sensitivities. It should be noted that the raw time-domain signal and
the multi-scale STFT maps originate from the same sample and therefore do not require
additional labeled data. Their difference lies in the form in which fault information is
represented. The raw waveform preserves the exact temporal location and amplitude
variation of transient impacts, whereas the STFT maps explicitly reveal the temporal
evolution of spectral energy. Using several STFT resolutions further reduces dependence
on a single TF resolution. Thus, the dual-view construction enriches the fault representation
available from each limited labeled sample without increasing the annotation requirement.
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Figure 2. Original time-domain input and MSTF input display.

x̃i,c(n) = 2
xi,c(n)− min(xi,c)

max(xi,c)− min(xi,c) + ε
− 1 (2)

Here, xi,c(n) represents the n-th sampling point of the i-th sample on the c-th sensor
channel. x̃i,c(n) is the normalized signal value. max(xi,c)and min(xi,c) denote the maximum
and minimum values within that sample channel, respectively. And ε is a tiny constant
used to prevent division by zero. The normalized samples serve directly as input for the
time-domain branch and are also used to generate MSTF representations.

To characterize fault features across varying TF resolutions, a multi-scale STFT is
employed to construct a frequency-domain representation. Short windows are more sen-
sitive to local impulses and transient changes, whereas long windows are better suited
for capturing stable frequency components and fault modulation patterns. Consequently,
concatenating TF maps generated using multiple window lengths along the channel dimen-
sion provides a more comprehensive spectral representation for the subsequent network.
For a normalized signal x̃(n), the STFT at the m-th scale can be expressed as follows.

Xm(τ, ω) =
L−1

∑
n=0

x̃(n)wm(n − τ)e−jωn (3)

Here, Xm(τ, ω) represents the short-time spectrum at time position τ and angular
frequency ω for the m-th scale. wm(·) is the window function corresponding to the m-
th window length. L is the sample length. and j is the imaginary unit. In the actual
implementation, different nfft values correspond to different time and frequency resolutions,
and the transformed power spectrum is further mapped to a logarithmic spectrum and
resized to a uniform dimension.

T (x) = Concat(Φm1(x), Φm2(x), . . . , ΦmM (x)) (4)

In the equation, Φm(x) represents the 2D TF map obtained at the m-th STFT scale, M is
the number of scales, and Concat(·) denotes concatenation along the channel dimension.
For a single-channel vibration signal, using three STFT scales results in an MSTF input
represented as xtf ∈ R{3 × H0 × W0}. For multi-channel signals, the number of input
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channels is expanded accordingly to the product of the number of sensor channels and the
number of scales.

In the experiment, the STFT window lengths were set to {128, 256, 512}. The sampling
frequency was 20 kHz, and the FFT length was equal to the corresponding window length.
Thus, the three windows corresponded to time spans of 6.4, 12.8, and 25.6 milliseconds, with
nominal frequency intervals of 156.25, 78.13, and 39.06 Hz respectively. They occupied 1/16,
1/8, and 1/4 of each 2048-point sample segment, forming a two-fold multiplicative multi-
resolution sequence. The 128-point window emphasizes local transient energy changes,
the 256-point window achieves a balance between time and frequency resolution, and
the 512-point window can more precisely characterize stable frequency components and
modulation structures. At rotational speeds of 1500 and 2100 revolutions per minute, the
corresponding rotation periods were 40 and 28.57 milliseconds respectively. Therefore,
the selected scales can characterize the fracture responses within different sub-period time
ranges without over-averaging multiple rotation periods.

2.3. Time-Domain and MSTF Dual-Stream Mamba Feature Extractor

After obtaining the raw time-domain signals and MSTF maps, a TF dual-stream
Mamba feature extractor is constructed, as illustrated in Figure 3, to jointly exploit these
two complementary sources of information. The time-domain branch operates directly on
the normalized raw vibration sequences and is primarily intended to extract fault-induced
impulsive components and short-term fluctuations. The TF branch takes the multi-scale
STFT maps as input and learns TF representations from two perspectives, namely spatial
dependency modeling and channel-response characterization. To ensure consistency in
the subsequent fusion and metric-based classification stages, all branches are designed to
produce feature maps with the same quantity of channels and identical spatial dimensions.

 

Figure 3. The working process of the TF dual-stream Mamba feature extractor.

2.3.1. Raw Time-Domain Impulse Feature Branch

The raw time-domain branch is designed to compensate for the potential attenuation
of transient information during TF transformation. For localized damage in RM, fault
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signals often exhibit periodic impacts, localized spikes, and abrupt short-term amplitude
variations, which are more directly represented in the raw time-domain sequence. The
branch first employs a 1D convolutional stem to model local receptive fields in the input
sequence, followed by normalization and nonlinear activation to improve the stability of
feature representation. Three stacked ConvNeXt1D blocks are then used to extract deeper
temporal patterns. Within each block, depthwise convolution captures local temporal
structures, pointwise convolution performs channel mixing, and residual connections help
maintain training stability in the deep network.

To align the time-domain features with the 2D feature maps produced by the TF
branches, adaptive pooling is applied after 1D feature extraction to compress the sequence
length to H × W. The resulting features are then reshaped into a 2D feature map and passed
to the Time-Mamba module, which models long-range dependencies among local temporal
responses. This process can be formulated as follows:

Ft = Mt(R(P(Et(xraw)))) (5)

Here, xraw denotes the normalized raw time-domain signal. Et(·) represents the time-
domain encoding function composed of a 1D convolutional stem and ConvNeXt1D blocks.
P(·) is an adaptive pooling operation. R(·) denotes the reconstruction operation trans-
forming 1D features into a 2D feature map. Mt(·) is the Time-Mamba mapping. and Ft ∈
R{C×H×W} represents the final time-domain features.

2.3.2. MSTF Spatial Mamba Branch

The MSTF spatial branch is primarily designed to capture local textures and long-range
spatial dependencies in TF maps. First, the multi-scale STFT representation xtf is processed
by a convolutional mixing module (ConvMixM) for patch embedding, which maps the
input into a feature map with reduced spatial resolution. Compared with conventional
stacked convolutions, ConvMixM performs local mixing across neighboring TF regions
while retaining a compact structure, facilitating the extraction of spatial patterns around
fault-related frequency bands. The resulting feature map is then fed into a Global–Local
Mamba (GL-Mamba) module, where local spatial convolution and two-dimensional selec-
tive scanning are jointly employed to model both local interactions and global dependencies
across the TF plane.

Fs = Ms

(
Es(xt f )

)
(6)

In Equation (6), Es(·) denotes the ConvMixM spatial encoding function, Ms(·) denotes
the GL-Mamba spatial modeling function, and Fs ∈ R{C × H × W} represents the multi-
scale spatio-temporal-frequency features.

In GL-Mamba, 2D selective scanning converts feature maps into sequences along
multiple directions for state-space modeling, and subsequently aggregates the responses
from these different directions into a 2D output. This process can be expressed as:

Ẑ = SS2D(Z) =
4

∑
r=1

S6(Scanr(Z)) (7)

Here, Z denotes the input feature map, Scanr(·) represents the scanning operation in
the r-th direction with the four directions typically corresponding to horizontal, vertical,
and their respective reverse scans, S6(·) signifies the selective state-space mapping, and
Ẑ represents the aggregated features capturing spatial dependencies. This architecture
enables the establishment of a large receptive field at a low computational cost, making it
suitable for processing TF maps characterized by non-stationary energy distributions.
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2.3.3. MSTF Channel Attention Branch

Unlike the spatial branch, the MSTF channel attention branch focuses on differences in
the contributions of channel responses. Since multi-scale STFT representations organize in-
formation associated with different window lengths, sensors, or frequency bands along the
channel dimension, individual channels may contribute differently to fault identification.
As shown in Figure 4, the branch first employs a multi-scale large-kernel feature extraction
(MLKFE) module to extract TF texture features under different receptive fields. A global
and local channel attention (GALCA) module is then applied to model both local channel
dependencies and global inter-channel relationships. This process can be expressed as
follows:

Fc = Ac

(
Ec(xt f )

)
(8)

In the equation, Ec(·) denotes the channel-branch encoding function composed of con-
volution, pooling, and multi-scale large-kernel feature extraction modules. Ac(·) represents
the global-local channel attention map. and Fc ∈ R{C×H×W} is the channel-enhanced TF
feature. MLKFE enhances local texture responses through multi-scale convolutional attention,
while GALCA further recalibrates features based on inter-channel relationships, enabling the
model to highlight scales, frequency bands, and sensor responses relevant to faults.

 

Figure 4. ConvMixM workflow diagram.

The spatial Mamba branch and the channel attention branch are complementary: the
former focuses on the spatial correlations within TF spectrograms, while the latter empha-
sizes modeling the importance of different feature channels. Integrating both branches for
MSTF spectrograms enhances the model’s ability to represent the complex fault characteris-
tics of bearings.

Although the spatial Mamba branch and the channel-attention branch are designed
to extract complementary information from the same MSTF input, their responses are
not necessarily consistent for every sample. The spatial branch may strongly activate a
localized TF region because of its distinctive texture or long-range dependency, whereas
the channel branch may assign a relatively low importance to the corresponding response if
it is regarded as redundant or noise-sensitive. Conversely, a feature channel emphasized by
the channel branch may not exhibit a sufficiently stable spatial structure. Directly adding
or concatenating such inconsistent representations may cause feature-scale imbalance,
redundant activation, or interference between fault-related and noise-related responses.
These effects may increase intra-class feature variation and reduce the stability of few-shot
class discrimination. Therefore, the two parallel features are not directly used as the final
TF representation but are first coordinated through the first-stage selective fusion module.

2.3.4. Hierarchical Selective Fusion Module

After multi-branch feature extraction, direct fusion by concatenation or element-wise
addition may fail to account for the varying contributions of different branches across fault
samples. To address this issue, a hierarchical selective fusion strategy is adopted. The
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strategy consists of two Selective Branch modules. At the first stage, the spatial Mamba
features Fs and channel-attention features Fc are selectively fused within the TF domain to
produce an integrated TF representation Ftf. At the second stage, Ftf is further fused with
the raw time-domain feature Ft, yielding the final fault representation F.

For any two features F1 and F2 to be fused, they are first normalized and summed.
then, a channel descriptor vector is obtained via global average pooling, followed by the
generation of branch weights using a lightweight mapping function and Softmax.

[α1, α2] = Softmax(g(GAP(F1 + F2))) (9)

Ff use = α1 ⊙ F1 + α2 ⊙ F2 (10)

In the above equation, GAP(·) denotes global average pooling, g(·) represents a weight
generation function composed of pointwise convolution, batch normalization, and non-
linear activation, α1 and α2 denote the adaptive weights for the two branches respectively,
⊙ represents element-wise multiplication, and Ffuse represents the fused features. Since the
weights are dynamically generated based on the sample’s own features, this module can
adjust the source of information according to the feature characteristics of different fault
samples.

Ft f = SB1(Fs, Fc), F = SB2(Ft f , Ft) (11)

In the equation, SB1(·) denotes the first-stage selective fusion module, SB2(·) denotes
the second-stage selective fusion module, Ftf represents the integrated TF features, and
F ∈ R{C×H×W} is the fault representation ultimately used for classification. Through this
hierarchical design, the model first performs information filtering within the TF domain
before incorporating raw time-domain impulse information, thereby preventing mutual
interference between features of different modalities during early fusion.

2.4. Covariance Metric Classification Module

Following dual-stream feature extraction and selective fusion, the model obtains the
final feature representations for the query set and the support set. To address the issue of
limited sample sizes per class in few-shot scenarios, a covariance-based metric classification
strategy is adopted. As illustrated in Figure 5, this strategy does not rely on a fixed classifier
to memorize training classes. Instead, it constructs class distribution descriptors using
support set samples from the current episode and performs classification based on the
consistency between query samples and these class distributions.

Figure 5. Flowchart of the metric classification strategy based on covariance.
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2.4.1. Class-Specific Covariance Matrix Construction

Let C be the quantity of channels and H × W be the spatial dimensions of the final
feature map, and let d = H × W. For the i-th class, there are K samples in the support set,
and their fused features can be represented as Fs

i ∈ R{K × C × H × W}. By treating the
channel response at each spatial location as a local deep descriptor, one obtains Kd local
descriptors. Denoting the j-th local descriptor as zi, j ∈ RC, the mean vector and covariance
matrix for the i-th class are given by:

µi =
1

Kd

Kd

∑
j=1

zi,j (12)

Σi =
1

Kd − 1

Kd

∑
j=1

(zi,j − µi)(zi,j − µi)
T (13)

In Equations (12) and (13), µi denotes the mean vector of the local descriptors for
support samples of the i-th class, and Σi ∈ R{C×C} represents the covariance matrix for that
class. This matrix captures the second-order statistical relationships between features across
different channels within the class. Compared to metrics relying solely on class centers, the
covariance representation preserves a richer structure of the intra-class distribution.

2.4.2. Query-Support Similarity Measurement and Conv1D Classification

For the query sample, its final feature map is likewise flattened into Zq ∈ R{C×d},
where each column corresponds to a local descriptor at a spatial location. To evaluate the
consistency between the query sample and the distribution of the support set for class i, a
quadratic form is employed to compute the response of the query’s local descriptors with
respect to the class covariance matrix:

ri = diag
(

ZT
q ΣiZq

)
(14)

Here, ri ∈ Rd represents the local similarity vector of the query sample with respect
to the i-th class, and diag(·) denotes the operation of extracting the diagonal elements of
a matrix. This operation enables the calculation of the matching degree between query
features and the second-order statistical distribution of each class at every spatial location,
thereby yielding a fine-grained description of local similarity.

Subsequently, the local similarity vectors between the query sample and all N classes
are concatenated in the order of the classes, and a 1D convolution is applied to aggregate
the d local responses for each class, resulting in the final class scores:

R = Concat(r1, r2, . . . , rN) (15)

haty = Conv1D(R, kernel = d, stride = d) (16)

In the equation, R ∈ R{Nd} represents the concatenated similarity vector, and ŷ ∈ RN

in Equation (16) denotes the prediction scores for the query sample across the N fault
categories. Since both the convolutional kernel size and the stride are set to d, the 1D
convolution compresses the local similarity response corresponding to each category into
a single statistical score. This classification approach utilizes the distributional structure
of the support set to perform category discrimination. Compared to simple Euclidean
distance or cosine similarity, it is better suited for characterizing complex fault feature
relationships under few-shot conditions.
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2.5. Training Objective and Diagnostic Procedure

TFDS-MJML employs an end-to-end training approach. In each training episode, the
model first extracts fused features for each class based on the support set and constructs
covariance matrices, then calculates similarity scores between query samples and each class.
For a training batch containing B query samples, cross-entropy loss is used to supervise
and optimize the class prediction results:

Lce = − 1
B

B

∑
b=1

log
exp(ŷb,yb

)

N
∑

n=1
exp(ŷb,n)

(17)

Here, B denotes the quantity of query samples, N represents the quantity of fault
categories, ŷb,n is the predicted score indicating the likelihood that the b-th query sample
belongs to the n-th category, and yb is the true label of that query sample. By minimizing
Lce, the feature extractor, the selective fusion module, and the covariance classifier can be
jointly optimized under a unified objective.

The diagnostic procedure of the model can be summarized as follows. First, the
bearing vibration signals are segmented using a sliding window and normalized. Raw
time-domain inputs and MSTF inputs are then constructed for each sample. During training,
N-way K-shot tasks are randomly generated, and the shared feature extraction network
is used to extract representations from both the support and query sets. The resulting
multi-branch features are integrated through the hierarchical selective fusion mechanism
to obtain the final fault representation. Query samples are subsequently classified based
on the class-specific covariance matrices constructed from the support set. This procedure
allows the model to continuously simulate few-shot diagnostic scenarios during training
and rapidly identify previously unseen query samples at test time using only a limited
number of support samples.

3. Introduction to Datasets and Experiments
3.1. Data Sources and Processing
3.1.1. Bearing Fault Simulation Test Rig and Data Acquisition

To evaluate the reliability of the proposed TFDS-MJML method, data acquisition exper-
iments were conducted using a self-developed bearing fault simulation test rig. As shown
in Figure 6, the experimental platform mainly consists of a drive motor, test bearing, braking
device, dynamic torque sensor, vibration sensor, control system, cooling system, and signal
acquisition system. The drive motor provides a stable rotational speed for the bearing test
system, while the braking device is used to adjust the load condition. The dynamic torque
sensor monitors torque variations during power transmission, and the vibration sensor,
mounted near the test bearing, records vibration responses during bearing operation. The
signal acquisition system synchronously records the vibration data throughout the experi-
ments, providing the basis for subsequent fault sample construction and model training.
During the experiments, test bearings under different health conditions were installed on
the test rig in sequence, and the operating state of the rig was adjusted through the control
system. Vibration signals for each health condition were collected after the bearing speed
stabilized at 1500 r/min and 2100 r/min, respectively. The sampling frequency was set to
20 kHz, and data were continuously recorded for 60 s under each health condition. Data
collected at the two rotational speeds were used to further assess the diagnostic adaptability
and stability of the proposed model under different operating conditions.

The relationship between the present experimental procedure and relevant interna-
tional standards should be clarified. The ISO 13373 [34] series provides general guidance
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for machinery vibration data acquisition, processing, analysis, and vibration-based di-
agnosis, while ISO 5348 [35] describes the mechanical mounting of accelerometers and
the influence of mounting conditions on measurement fidelity. These standards provide
an engineering reference for vibration monitoring and data interpretation. However, the
present study focuses on algorithmic classification using vibration samples acquired from a
controlled laboratory test rig and does not establish ISO-based vibration severity thresholds
or alarm limits.

Figure 6. The experimental bench and its components.

To simulate typical localized damage that may occur in bearings during the long-
term operation of RM, wire-cut electrical discharge machining was used to introduce
localized cracks at various locations on the bearings. These locations included critical
components such as the outer race, inner race, and rolling elements. Additionally, composite
damage states involving multiple locations were created to more comprehensively capture
the variations in vibration characteristics under complex damage conditions. The faulty
bearings constructed for the experiment are shown in Figure 7. The dataset comprises
eight health states: normal condition, outer race fault, inner race fault, rolling element fault,
composite outer race and rolling element fault, composite inner race and rolling element
fault, composite inner and outer race fault, and composite inner race, outer race, and rolling
element fault. To facilitate model training and experimental analysis, these eight states
were assigned numerical labels ranging from 0 to 7.

 
Figure 7. Schematic diagrams of seven different faulty bearings.

ISO 15243 [36] provides standardized terminology and classification principles for
rolling-bearing damage and failure modes according to their characteristics and possible
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causes. In the present experiment, localized defects were artificially introduced at the
inner race, outer race, and rolling elements to construct controlled diagnostic categories.
These artificial defects represent predefined laboratory fault locations and should not be
regarded as complete reproductions of all in-service damage mechanisms defined in ISO
15243. Therefore, the outputs of TFDS-MJML indicate the predicted experimental health
states rather than ISO-certified bearing failure categories.

3.1.2. Data Standardization and Partitioning

After the experimental data acquisition, the raw vibration signals corresponding to
various health states are first normalized to the range of (−1, 1) to mitigate amplitude
scale discrepancies caused by differing operating conditions and data acquisition batches.
Subsequently, a sliding window approach is employed to segment the continuous vibration
signals. The window length is set to 2048 sampling points with a step size of 512 points,
thereby generating fixed-length bearing vibration samples. The continuous vibration signal
is segmented using a sliding window of 2048 points and a step size of 512 points. At
a sampling frequency of 20 kHz, each sampling point corresponds to a time interval of
102.4 milliseconds. Since the rotation periods at 1500 revolutions per minute and 2100 revo-
lutions per minute are 40 milliseconds and 28.57 milliseconds respectively, each segmented
sample contains approximately 2.56 and 3.58 axial rotations. The selected window length
can provide sufficient temporal context to retain the repetitive pulses and modulation
patterns caused by faults, and can effectively maintain this even under various operating
conditions. A step size of 512 points corresponds to 25.6 milliseconds, with 75% overlap
between adjacent sampling points. This overlap strategy can generate samples with differ-
ent initial phases, reduce the possibility of losing transient pulses near the segmentation
boundaries, and provide a sufficiently large candidate sample pool for constructing event-
based few-sample tasks. During dataset partitioning, a class-balanced strategy is adopted
to construct the training candidate set and the test set. The test set is reserved exclusively
for model performance evaluation and is excluded from the training process. The training
candidate set is utilized to formulate few-shot diagnostic tasks. Specifically, N-way K-shot
tasks-each comprising a support set and a query set-are dynamically constructed during
the training phase. The support set provides a small quantity of labeled samples for each
fault category, while the query set is used to compute classification loss and update model
parameters. Given that the bearing dataset encompasses eight health states, the experi-
ments are configured for two types of few-shot tasks: 8-way 1-shot and 8-way 5-shot. To
further analyze the model’s diagnostic performance across varying labeled sample sizes,
multiple subsets with limited training sample quantities are derived from the training
candidate set and evaluated against the same test set.

3.2. Experimental Setup and Implementation

First, the key structural parameters and details of the TFDS-MJML model are outlined
to enhance the transparency of the experimental process. Subsequently, ablation studies
are conducted on the primary modules of TFDS-MJML to verify the contribution of each
strategy to model performance. Finally, to further evaluate the effectiveness of TFDS-MJML,
five state-of-the-art FSFD algorithms are selected as benchmarks, and data collected from
a bearing test rig under various operating conditions are used to validate the diagnostic
advantages and stability of TFDS-MJML.

3.2.1. Model Implementation Details

In the TFDS-MJML model, the normalized bearing vibration samples are simultane-
ously represented as raw time-domain inputs and MSTF inputs. The TF map at each scale
is resized to 64 × 64. For a single-channel vibration signal, the resulting MSTF input has a
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dimension of 3 × 64 × 64. During feature extraction, the time-domain branch consists of
a two-layer 1D convolutional stem, three ConvNeXt1D blocks, adaptive average pooling,
and a Time-Mamba module. This branch is used to extract impulsive components and
short-term fluctuation patterns from the raw vibration signals, after which the output is
reshaped into a two-dimensional feature map of size 64 × 16 × 16. The MSTF stream
contains a spatial modeling branch and a channel enhancement branch. The former is
composed of ConvMixM and GL-Mamba modules, whereas the latter consists of MLKFE
and GALCA modules. Both branches produce feature representations of size 64 × 16 ×
16. The model subsequently employs a two-stage Selective Branch fusion mechanism. TF
spatial features are first fused with TF channel features, after which the integrated TF
representation is further fused with the raw time-domain features to obtain the final fault
representation. During classification, the covariance metric module constructs class-specific
covariance matrices from support samples of the same class and evaluates the similarity
between each query sample and the corresponding class distributions. A 1D convolutional
classifier is then used to aggregate the local similarity responses associated with each class,
with both the kernel size and stride set to 16 × 16 = 256. The experiments are conducted
under two few-shot task settings, namely 8-way 1-shot and 8-way 5-shot. Cross-entropy
loss is used for end-to-end optimization during training. Model parameters are updated
using the AdamW optimizer, with an initial learning rate of 1 × 10−3 and a weight decay
coefficient of 1 × 10−4. The learning rate is reduced every 10 epochs by a decay factor of
0.5, and the total quantity of training epochs is set to 100. To ensure a fair comparison, all
experiments are conducted using identical data partitions and parameter settings, and the
final reported results are obtained by averaging multiple independent runs.

3.2.2. Ablation Study Design Plan

To evaluate the contribution of the key components in TFDS-MJML to few-shot bear-
ing FD, two groups of ablation studies were designed. First, the effectiveness of the TF
dual-stream representation strategy was investigated by comparing different combinations
of input representations and feature extraction branches. The evaluated configurations
included the raw time-domain branch only, the single-scale TF branch only, the MSTF
branch only, the model without the raw time-domain impulsive feature branch, and the
complete TF dual-stream model. This group of experiments was designed to examine the
role of raw time-domain signals in preserving fault-induced impulsive information, the con-
tribution of multi-scale STFT representations to characterizing energy distributions across
different frequency bands, and the benefit of complementary fusion between time-domain
and TF features for few-shot diagnostic performance. Secondly, ablation experiments
were conducted on the hierarchical selective fusion mechanism and the covariance metric
classification module. In these experiments, the two-stage selective branch fusion module
was replaced with channel concatenation, adaptive gated fusion, and adaptive interactive
fusion. The spatial-channel selective fusion within the TF domain was removed, and the
second-stage selective fusion between the time domain and the TF domain was cancelled.
The covariance metric classification module was replaced with a prototype classifier based
on Euclidean distance. Comparisons with the complete model were used to assess the role
of selective fusion in dynamically adjusting the contributions of different branches and the
effectiveness of the covariance metric module in exploiting second-order statistical infor-
mation from the support set to improve few-shot class discrimination. All ablation studies
were conducted using the same data partitions, number of training samples, and few-shot
task settings. Subsequently, a sensitivity analysis was conducted on the configuration of the
STFT window length to quantitatively evaluate its impact on diagnostic performance using
a small sample size. Four combinations of three scale window lengths were compared:
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64/128/256, 128/256/512, 256/512/1024, and 64/256/1024. The number of STFT scales
was fixed at three to avoid interference between the window length and the quantity of
input scales. Finally, a controlled backbone network replacement experiment was con-
ducted to compare the feature modeling module based on Mamba with the mainstream
Transformer encoder. By combining Time-Mamba or 1D Transformer in the time-domain
branch, and GL-Mamba or 2D Transformer in the TF space branch, four configurations
were constructed. For the Transformer variants, the input and output feature dimensions
and the number of encoding blocks, as well as the downstream fusion and metric classi-
fication modules, were all consistent with the corresponding Mamba variants. To ensure
fair comparisons, each ablation model modified only the component under investigation,
while the remaining network architecture, training parameters, and testing procedure were
kept unchanged. The 8-way 5-shot task under the 1500 r/min operating condition was
selected as the primary experimental setting for analysis. By comparing the variations
in diagnostic accuracy across different ablation configurations, the effectiveness of the
proposed dual-domain feature representation, hierarchical selective fusion, and covariance
metric classification strategies can be systematically evaluated.

3.2.3. Introduction to Few-Shot Contrastive Models

To demonstrate the superiority of TFDS-MJML over existing few-shot models, this
paper selects five few-shot algorithms for comparison. All the comparative algorithms
utilize the same datasets as the TFDS-MJML model. The selected algorithms and brief
descriptions of them are presented in Table 1.

Table 1. Comparison models and their descriptions.

Methods Description

Cross Attention Net [37]
A few-shot classification framework that introduces cross-attention interactions between
support and query feature maps to enhance target-related discriminative regions and
improve metric-based recognition under limited labeled samples.

MWPN [38]
A multiscale wavelet prototypical network that combines wavelet convolution and
prototype-based metric learning to extract scale-sensitive vibration features and improve
FSFD across operating conditions and components.

MDTFS [39]
A TF dual-branch few-shot diagnostic network that integrates time-domain and TF feature
extraction with ensemble metric learning to jointly exploit local temporal variations and
spectral-temporal fault patterns.

FS-TFD-MEN [40] A multi-source multi-view task-guided FSFD method that constructs complementary views
and adaptively fuses branch features according to task-level discriminative information.

DCA-BiGRU [41]
A dual-channel attention-enhanced BiGRU network that combines feature attention with
bidirectional temporal modeling to capture fault-sensitive sequential dependencies
for FSFD.

4. Ablation Experiment and Comparative Test Analysis
4.1. Ablation Experiment
4.1.1. Experiment 1: The Impact of TF Dual-Stream Feature Characterization Strategy

To demonstrate the impact of the proposed TF dual-stream feature representation
strategy on few-shot bearing FD performance, an ablation study with different input
configurations and feature extraction branch combinations was conducted. In these ex-
periments, only the input views and their corresponding feature extraction branches were
modified, while other settings, including network training parameters, data partition strat-
egy, episodic task construction scheme, and covariance metric classification module, were
kept unchanged. Specifically, A1 retains only the raw time-domain branch to evaluate

https://doi.org/10.3390/a19080611

https://doi.org/10.3390/a19080611


Algorithms 2026, 19, 611 18 of 28

the diagnostic contribution of impulse responses and short-term fluctuations contained
in raw vibration signals. A2 employs only a single-scale STFT-based TF branch to verify
the fault representation capability under a single TF resolution. A3 adopts a multi-scale
STFT-based TF branch to analyze the enhancement effect of different TF resolutions on
fault feature representation. A4 introduces a single-scale TF branch in addition to the raw
time-domain branch to investigate the complementary effect between time-domain features
and single-scale TF features. A5 represents the complete model, which simultaneously
utilizes the raw time-domain branch and the MSTF branch, and obtains the final fault
representation through the hierarchical selective fusion mechanism.

As shown in Table 2, the A5 configuration achieves the best diagnostic performance
with an accuracy of 98.75%. In contrast, the A1 model using only the raw time-domain
branch obtains a relatively lower accuracy of 82.25%. This indicates that although raw
vibration signals preserve fault-induced impulses and local transient responses, relying
solely on time-domain information is insufficient to fully characterize the differences among
complex fault states under few-shot conditions. Compared with A1, A2 achieves improved
performance, demonstrating that STFT-based TF representations can provide additional
fault-related information, including frequency-band energy distributions and time-varying
spectral patterns. However, the diagnostic capability of A2 remains limited because a
single STFT scale cannot simultaneously capture transient impulse characteristics and
stable frequency components. After introducing multi-scale STFT representations, A3
further improves the diagnostic accuracy to 89.38%, indicating that TF views generated
with different window lengths can provide complementary fault information from multiple
TF resolutions and enhance the discriminative capability for different fault categories.
Furthermore, by comparing A3 and A5, it can be observed that incorporating the raw
time-domain impulse feature branch in addition to the multi-scale TF branch enables
the complete model to achieve the best diagnostic performance under different training
sample scales. This demonstrates that raw time-domain information and multi-scale
TF information exhibit strong complementarity. Their combination allows the model to
simultaneously preserve fault-induced impulse responses and frequency-domain energy
distribution characteristics, thereby improving the performance of few-shot bearing FD.

Table 2. The experimental results of the ablation experiment 1.

Original
Time-

Domain
Branch

Single-
Scale STFT

Multiscale
STFT

Time-
Frequency

Spatial
Branches

Time-
Frequency
Channel
Branch

Time-
Frequency

Fusion

Accuracy
(%)

A1
√

82.50
A2

√ √ √
85.63

A3
√ √ √

89.38
A4

√ √ √ √ √
92.25

A5
√ √ √ √ √

98.75

4.1.2. Experiment 2: The Impact of Hierarchical Fusion and Covariance
Measurement Module

To further verify the contribution of the hierarchical selective fusion mechanism and
covariance metric classification module to the diagnostic performance of TFDS-MJML,
several structural variants were constructed and compared with the complete model while
keeping the input configuration, feature extraction backbone, data partition strategy, and
training parameters unchanged. Specifically, B1 replaces the two-stage selective branch
fusion modules with channel concatenation to evaluate the effectiveness of the adaptive
fusion strategy compared with fixed fusion approaches. B2 employs Sigmoid-gated fusion,
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generating learnable gated mappings from the two input features to dynamically control
their relative contributions. B3, on the other hand, adopts cross-attention fusion, explicitly
modeling the interaction between the two feature branches through the query-key-value
attention mechanism. B4 removes the spatial-channel selective fusion within the TF domain
and only performs direct integration of spatial Mamba features and channel attention
features. B5 eliminates the second-stage selective fusion between the TF domains to
analyze the importance of dynamically integrating raw time-domain impulse features
and multi-scale TF features. B6 replaces the covariance metric classification module with
a Euclidean distance-based prototypical classifier to investigate the role of second-order
statistical distribution modeling in few-shot classification. B7 represents the complete
TFDS-MJML model.

Figure 8 presents the experimental results of different ablation configurations. It can
be observed that when the selective fusion mechanism is replaced by other fusion strate-
gies, the accuracy rates of B1-B3 all decrease, significantly lower than that of the complete
model. This indicates that the concatenation method of B1-B3 cannot dynamically adjust
the contribution of different feature branches based on the features of individual fault
samples, resulting in information redundancy and a poor feature fusion effect. Compared
with the complete model, both B4 and B5 exhibit performance degradation, achieving
accuracies of only 91.25% and 90.50%, respectively. These results demonstrate that both the
spatial-channel complementary relationship within the TF domain and the cross-domain
complementarity between time-domain and frequency-domain representations play impor-
tant roles in fault feature learning. Among them, B5 shows a more significant performance
decline after removing the second-stage selective fusion, indicating that raw time-domain
impulse features and MSTF features cannot be fully exploited through simple combination.
Instead, an adaptive fusion strategy is required to effectively coordinate the complementary
information between different modalities. Furthermore, B6 exhibits the most significant
performance degradation after replacing the covariance metric module with the Euclidean
distance-based prototype classifier. This result suggests that under few-shot conditions,
relying only on first-order class mean representations is insufficient to characterize the
intra-class distribution variations of support samples. In contrast, the covariance met-
ric module can exploit second-order statistical relationships among support-set features,
thereby improving the matching capability between query samples and class distributions.
Overall, the complete TFDS-MJML model consistently achieves the best performance under
different training sample scales, validating the rationality and effectiveness of the proposed
hierarchical selective fusion mechanism and covariance metric classification module.

Figure 8. Bar chart of the results of the ablation experiment 2.

https://doi.org/10.3390/a19080611

https://doi.org/10.3390/a19080611


Algorithms 2026, 19, 611 20 of 28

4.1.3. Sensitivity Analysis of STFT Window-Length Combinations

To quantitatively evaluate the impact of STFT window length on the diagnostic perfor-
mance with a small sample size, four tri-scale configurations were compared: 64/128/256,
128/256/512, 256/512/1024, and 64/256/1024. To avoid interference between the window
length and the number of scales, the number of scales in the STFT was fixed at three.
Except for the window length configuration, all other settings remained unchanged. As
shown in Table 3, different combinations of STFT window lengths can lead to measurable
changes in the diagnostic accuracy of a small sample. The 64/128/256 configuration per-
forms better in terms of time positioning, but has relatively weaker frequency resolution.
Compared with the selected configuration, the accuracy decreased by 8.37% percentage
points. The 256/512/1024 configuration increases the frequency component density, but
reduces the retention ability for local transient changes, resulting in an accuracy decrease
of 6.62% percentage points. The 64/256/1024 configuration covers a wider resolution
range, but the intervals between adjacent scales are too large, weakening the continuity
of the multi-scale representation. Among the various candidate schemes evaluated, the
128/256/512 configuration shows the highest overall performance. These results indicate
that the selected window lengths achieve an appropriate balance between time positioning,
frequency resolution, and multi-scale complementarity.

Table 3. The experimental results of the ablation experiment 3.

Window Lengths 64 128 256 512 1024 Accuracy (%)

C1
√ √ √

90.38
C2

√ √ √
98.75

C3
√ √ √

92.13
C4

√ √ √
88.50

4.1.4. Comparison Between Mamba and Transformer Backbones

In order to investigate whether the performance improvement of TFDS-MJML is
related to the feature modeling strategy based on Mamba, we conducted a controlled
backbone network replacement experiment. The complete model was compared with
three variants, which respectively replaced Time-Mamba and/or GL-Mamba with standard
Transformer encoders.

As shown in Table 4, replacing either Time-Mamba or GL-Mamba with the corre-
sponding Transformer encoder leads to measurable changes in diagnostic performance
and computational cost. The comparison between D2 and D1 reflects the contribution
of Time-Mamba, while the comparison between D3 and D1 demonstrates the effect of
GL-Mamba. The complete D4 configuration achieves the best overall trade-off between
few-shot accuracy and computational efficiency. These results suggest that the performance
gain does not merely originate from the dual-stream structure but is also associated with the
selective state-space modeling mechanisms used in the temporal and TF spatial branches.

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

Configuration Time Branch TF Spatial Branch Training Time per Epoch (s) Accuracy (%)

D1 1D Transformer 2D Transformer 16.12 85.25
D2 Time-Mamba 2D Transformer 14.89 89.88
D3 1D Transformer GL-Mamba 13.68 92.38
D4 Time-Mamba GL-Mamba 10.25 98.75
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4.2. Comparative Test

To further validate the effectiveness of the proposed TFDS-MJML model for few-
shot RM FD, five representative FSFD models were selected as comparison methods, and
comparative experiments were conducted using the bearing fault simulation test rig dataset.
To fully exploit the collected data, experiments were carried out under two rotational
speed conditions, where Experiment A represents the dataset collected at 1500 r/min and
Experiment B represents the dataset collected at 2100 r/min. Meanwhile, experiments were
performed under both 8-way 1-shot and 8-way 5-shot scenarios, with three different training
sample scales of 48, 240, and 8000 samples, respectively, to investigate the diagnostic
performance of different models under varying numbers of labeled samples. To ensure
the fairness of the comparative experiments, all models were evaluated using the same
data partition strategy, training sample scales, and few-shot task configurations. Each
experiment was repeated five times, and the average accuracy, recall, and F1-score were
adopted as the final evaluation metrics.

As shown in Tables 5 and 6, the proposed method consistently achieves superior
diagnostic performance compared with the comparison models under different rotational
speed conditions and few-shot task settings. This demonstrates that the proposed TF dual-
stream feature extraction architecture and covariance metric-based classification strategy
can effectively improve the fault recognition capability under limited labeled samples.
From the perspective of training sample variations, the accuracy, recall, and F1-score of all
models exhibit different degrees of improvement as the total number of training samples
increases from 48 to 240 and 8000, indicating that additional labeled samples can enhance
the learning of fault category boundaries. Specifically, under the 1500 r/min condition, the
accuracy of TFDS-MJML increases from 93.88% to 96.75% and 99.23% in the 8-way 1-shot
scenario, while that in the 8-way 5-shot scenario improves from 96.75% to 98.38% and
99.58%. Under the 2100 r/min condition, the accuracy increases from 92.63% to 95.88% and
98.88% in the 1-shot scenario, and from 95.88% to 97.75% and 99.38% in the 5-shot scenario.
These results indicate that the proposed method not only maintains high diagnostic accu-
racy under extremely limited sample conditions but also benefits from additional training
samples for further performance improvement. Furthermore, the overall performance of
all models under the 5-shot scenario is higher than that under the 1-shot scenario. This is
mainly because more support samples per class provide more reliable class representations
and improve the estimation accuracy of class distributions. However, as the number of
training samples increases, the performance gap between the 1-shot and 5-shot scenarios
gradually decreases. This phenomenon suggests that TFDS-MJML can effectively exploit
additional support samples to enhance category distribution estimation under extremely
limited data conditions, while the learned fault representations become increasingly stable
when sufficient training samples are available. A comparison between the two rotational
speed conditions shows that the diagnostic performance of all models under 2100 r/min is
slightly lower than that under 1500 r/min. This is mainly attributed to the fact that higher
rotational speeds introduce more complex dynamic responses in bearing vibration signals,
increasing the coupling among fault impulses, background vibrations, and frequency-band
energy distributions, thereby making fault identification more challenging. Nevertheless,
TFDS-MJML still maintains competitive diagnostic performance under the 2100 r/min
condition, demonstrating its strong adaptability and robustness to different operating
speeds. Among the comparison methods, FS-TFD-MEN and Cross-AttentionNet achieve
relatively better performance in most experimental settings. Specifically, FS-TFD-MEN im-
proves few-shot feature representation capability through multi-view feature construction
and task-related feature fusion, achieving an accuracy of 92.13% under the 8-way 5-shot
scenario with 48 training samples at 1500 r/min. Cross-AttentionNet enhances target-
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related feature representation by exploiting cross-attention interactions between support
and query samples, showing relatively stable performance under different sample scales.
However, compared with TFDS-MJML, these methods still exhibit noticeable performance
degradation under extremely limited sample conditions. This further demonstrates that
TFDS-MJML possesses stronger fault feature extraction and category matching capabilities
when only a small number of labeled samples are available.

The results in Tables 5 and 6 demonstrate that the proposed method maintains signif-
icant diagnostic advantages under different training sample scales, shot configurations,
and rotational speed conditions. This superiority can be mainly attributed to the following
aspects. First, the raw time-domain branch preserves the impulse responses and short-term
fluctuation information contained in bearing fault signals. Second, the multi-scale STFT
branch characterizes fault-related frequency-band energy distributions from multiple TF
resolutions. Furthermore, the hierarchical selective fusion mechanism dynamically adjusts
the contributions of time-domain information, TF spatial features, and channel responses ac-
cording to sample characteristics, thereby enhancing the complementarity among different
feature sources. Finally, the covariance metric module exploits the second-order statistical
distribution information of support-set features to characterize class structures. Compared
with prototype-based metric approaches that rely only on class mean representations, the
proposed module can more comprehensively capture intra-class variations under few-shot
conditions. Therefore, the proposed method is capable of constructing a more stable and
discriminative fault feature space with limited labeled samples, thereby improving the
diagnostic accuracy and generalization capability of few-shot bearing FD.

Table 5. The accuracy rate, recall rate and F1 index of each model under a rotational speed of 1500 rpm
in different task scenarios.

(A) 48 TRAINING SAMPLES

METHOD
Accuracy Recall F1

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
CROSS ATTENTION NET 87.38 90.75 86.94 90.31 87.12 90.46

MWPN 84.63 88.25 84.11 87.80 84.32 88.01
MDTFS 86.50 89.63 85.96 89.18 86.21 89.37

FS-TFD-MEN 89.25 92.13 88.87 91.75 89.03 91.94
DCA-BIGRU 82.75 86.38 82.16 85.91 82.43 86.13
PROPOSED 93.88 96.75 93.52 96.41 93.69 96.58

(B) 240 TRAINING SAMPLES

METHOD
Accuracy Recall F1

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
CROSS ATTENTION NET 91.50 94.13 91.06 93.72 91.27 93.91

MWPN 89.38 92.00 88.84 91.57 89.12 91.76
MDTFS 90.75 93.25 90.32 92.88 90.51 93.03

FS-TFD-MEN 93.25 95.63 92.91 95.24 93.07 95.42
DCA-BIGRU 87.25 90.38 86.71 89.92 86.95 90.14
PROPOSED 96.75 98.38 96.43 98.07 96.58 98.22

(C) 8000 TRAINING SAMPLES

METHOD
Accuracy Recall F1

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
CROSS ATTENTION NET 96.63 97.88 96.32 97.61 96.46 97.73

MWPN 95.25 96.75 94.88 96.44 95.05 96.58
MDTFS 96.00 97.25 95.67 96.93 95.82 97.08

FS-TFD-MEN 97.38 98.50 97.12 98.23 97.25 98.36
DCA-BIGRU 93.88 95.63 93.41 95.20 93.63 95.39
PROPOSED 99.23 99.58 99.05 99.43 99.14 99.50
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Table 6. The accuracy rate, recall rate and F1 index of each model under a rotational speed of 2100 rpm
in different task scenarios.

(A) 48 TRAINING SAMPLES

METHOD
Accuracy Recall F1

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
CROSS ATTENTION NET 85.75 89.38 85.22 88.91 85.48 89.12

MWPN 83.25 86.88 82.70 86.43 82.96 86.64
MDTFS 84.63 88.25 84.13 87.76 84.36 88.00

FS-TFD-MEN 87.50 91.00 87.08 90.62 87.26 90.80
DCA-BIGRU 80.88 84.75 80.31 84.23 80.56 84.47
PROPOSED 92.63 95.88 92.25 95.55 92.43 95.70

(B) 240 TRAINING SAMPLES

METHOD
Accuracy Recall F1

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
CROSS ATTENTION NET 90.13 93.25 89.67 92.84 89.88 93.03

MWPN 87.88 91.13 87.32 90.68 87.59 90.88
MDTFS 89.25 92.38 88.80 91.95 89.01 92.16

FS-TFD-MEN 91.88 94.75 91.43 94.38 91.64 94.56
DCA-BIGRU 85.75 89.25 85.14 88.72 85.42 88.96
PROPOSED 95.88 97.75 95.50 97.42 95.68 97.58

(C) 8000 TRAINING SAMPLES

METHOD
Accuracy Recall F1

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
CROSS ATTENTION NET 95.38 97.13 95.02 96.86 95.19 96.99

MWPN 94.00 95.88 93.57 95.52 93.78 95.69
MDTFS 94.88 96.50 94.46 96.16 94.66 96.31

FS-TFD-MEN 96.25 97.88 95.91 97.57 96.08 97.72
DCA-BIGRU 92.38 94.50 91.86 94.05 92.10 94.26
PROPOSED 98.88 99.38 98.70 99.21 98.79 99.29

To provide a more intuitive comparison of the diagnostic performance of different mod-
els under various training sample scales, Figures 9 and 10 present the three-dimensional bar
charts of the best diagnostic accuracies achieved by each model under the 8-way 1-shot and
8-way 5-shot scenarios at 1500 r/min and 2100 r/min, respectively. As shown in the figures,
the diagnostic accuracies of all comparison models exhibit an overall increasing trend as
the total number of training samples increases from 48 to 240 and 8000. This indicates that
increasing the number of training samples can enhance the models’ ability to learn bearing
fault characteristics and improve the stability of class decision boundaries. Meanwhile, the
accuracies of most models under the 5-shot scenario are higher than those under the 1-shot
scenario, demonstrating that increasing the number of support samples per class enables
more reliable class representations and improves the matching accuracy of query samples.

Under the 1500 r/min operating condition, TFDS-MJML achieves the highest diagnos-
tic accuracy across all training sample scales. When the total number of training samples
is only 48, TFDS-MJML achieves accuracies of 95.13% and 97.38% under the 1-shot and
5-shot scenarios, respectively, which are significantly higher than those of other comparison
models. In contrast, although the comparison models gradually improve with increasing
training sample size, their overall performance remains inferior to TFDS-MJML. Under
the 2100 r/min operating condition, all models maintain relatively competitive diagnostic
performance, while TFDS-MJML still achieves the best recognition results. These results
demonstrate that the proposed model not only possesses strong fault feature extraction
capability under extremely limited sample conditions but also maintains favorable general-
ization performance under different rotational speed conditions.
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Figure 9. The optimal diagnostic accuracy rates of each model under 1500 rpm for different numbers
of training samples.

Figure 10. The optimal diagnostic accuracy rates of each model under 2100 rpm for different numbers
of training samples.

To further investigate the differences in recognition performance among various mod-
els across different bearing health states, Figure 11 presents the radar charts of classification
accuracies achieved by each model under the 8-way 1-shot and 8-way 5-shot scenarios at
1500 r/min. The vertices of the radar charts correspond to the eight health states, namely
Normal, OF, IF, RF, RF&OF, IF&RF, IF&OF, and IF&RF&OF. A radar curve closer to the
outer boundary indicates higher recognition accuracy for the corresponding health state.
As illustrated in Figure 11, the radar curves of TFDS-MJML consistently remain closer to
the outer boundary under both 1-shot and 5-shot tasks, while maintaining a relatively bal-
anced distribution across different fault categories. In contrast, other comparison methods
exhibit varying degrees of contraction in certain categories, indicating that their recognition
capability for complex fault conditions remains limited. These results further demonstrate
that TFDS-MJML not only improves the overall diagnostic accuracy but also enhances the
balance of recognition performance among different bearing health states.

In summary, the advantages of TFDS-MJML are reflected not only in the overall aver-
age diagnostic accuracy but also in its more balanced recognition capability across different
health states. This can be attributed to the fact that TFDS-MJML simultaneously exploits
the raw time-domain branch to preserve fault-induced impulse responses, utilizes the
MSTF branch to extract frequency-band energy distribution characteristics, and enhances
the complementarity among different feature sources through the hierarchical selective
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fusion mechanism. Meanwhile, the covariance metric module leverages the second-order
statistical distribution information of support-set samples to characterize class structures,
thereby improving the matching accuracy between query samples and different fault cate-
gories. Consequently, the proposed method exhibits strong discriminative capability and
diagnostic stability for both single-component faults and compound fault categories.

Figure 11. The diagnostic accuracy rates of each model for different health conditions of the bearings
at 1500 rpm.

5. Conclusions
To address the challenges of limited fault sample acquisition, insufficient feature repre-

sentation of single-domain signals, and the limited capability of conventional metric-based
classifiers in characterizing class distributions for few-shot RM FD, this paper proposes a
FSFD method for RM based on a TF dual-stream Mamba network and joint metric learning.
Taking vibration signals of RM as inputs, the proposed method jointly exploits raw time-
domain signals and MSTF views to characterize fault states. By integrating time-domain
impulse feature extraction, MSTF Mamba modeling, hierarchical selective fusion, and joint
metric-based classification, the proposed method achieves multi-class fault identification
under limited labeled sample conditions. The main contributions and conclusions of this
study are summarized as follows:

(1) A TF dual-stream representation method is proposed for RM FD. While preserving
transient impulses and periodic fluctuation information contained in the raw vibration
signals, as well as frequency-band energy distribution characteristics embedded in
MSTF representations, the proposed method provides complementary descriptions of
different fault states from both temporal responses and TF structures. This strategy ef-
fectively alleviates the limitation of single-domain representations in comprehensively
characterizing complex fault features.

(2) A feature extraction architecture consisting of a time-domain impulse feature branch,
an MSTF spatial Mamba branch, and a TF channel attention branch is constructed.
Specifically, the time-domain branch enhances the representation capability of fault-
related impulses and local fluctuations; the TF spatial Mamba branch captures local
structural patterns and long-range dependencies within TF representations; and the
channel attention branch emphasizes fault-sensitive frequency bands and critical
response channels. This architecture improves the feature representation capability of
the proposed model under FSFD scenarios.
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(3) A hierarchical selective fusion mechanism and a joint metric learning-based classi-
fication strategy are developed. The hierarchical selective fusion mechanism first
adaptively integrates spatial and channel features in the TF domain, and subsequently
combines time-domain features with comprehensive TF features, enabling the model
to dynamically adjust the contributions of different feature branches according to
specific few-shot diagnostic tasks. The proposed joint metric learning strategy intro-
duces class-specific covariance distributions from the support set and local similarity
aggregation, which not only considers class-center information but also exploits
second-order statistical structures within limited support samples to characterize class
distributions. Consequently, the stability of matching between query samples and
support-set categories is improved.

(4) Extensive experiments, including ablation studies, comparative evaluations, and
few-shot diagnosis experiments under different operating conditions, are conducted
on a self-built RM bearing fault test platform. Experimental results demonstrate
that the proposed method achieves competitive diagnostic performance under both
8-way 1-shot and 8-way 5-shot scenarios, and consistently outperforms the selected
comparison methods under different training sample sizes and rotational speed con-
ditions. As the number of training samples increases, the diagnostic accuracy of all
models gradually improves, while the proposed method maintains superior recog-
nition performance. Under the 8-way 5-shot setting, the proposed model achieves a
maximum diagnostic accuracy of 99.75%, demonstrating its effectiveness, stability,
and generalization capability for few-shot RM FD.

In summary, the proposed method combines the original time-domain signal to re-
tain the transient effects caused by faults, and utilizes multi-scale STFT representation to
characterize the energy distribution, modulation patterns, and frequency bands sensitive
to faults over time. Through hierarchical selective fusion and covariance-based joint metric
learning, these complementary features are adaptively integrated and matched under
limited support samples, enabling accurate identification of the health status of various
rotating machinery under a small number of samples. Future work will further investigate
challenging engineering conditions, including strong noise, load variations, cross-condition
generalization, and the impact of multi-sensor configurations, and enhance lightweight
deployment and online diagnostic capabilities to improve its applicability in actual rotating
machinery systems.
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The following abbreviations are used in this manuscript:

RM Rotating machinery
FD fault diagnosis
TF time-frequency
FSFD few-shot fault diagnosis
SSL Self-supervised learning
TFDS-MJML Time-Frequency Dual-Stream Mamba with Joint Metric Learning
MSTF multi-scale time-frequency
STFT short-time Fourier transform
ConvMixM Convolutional mixing module
GL-Mamba Global-local Mamba
MLKFE Multi-scale large kernel feature extraction
GALCA Global and local channel attention
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