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Rail transit vehicles endure large loads, high speeds, and harsh environment, leading to component failure.
The first-layer interpretable paradigm (FLIP) embeds human prior knowledge into smart equipment, which
is one of intelligent paradigms guided by customized manufacturing and embodied intelligence. It consists
of first-layer interpretable modules, backbones, loss metrics. However, existing efforts rely on single-source
information, an absence of interpretable backbones, an inability to feature fusion, thereby struggling with
multi-excitation, coupled signals. To bridge this gap, a FLIP-based one-stage multi-view capsule fusion network
(PIFCapsule) is proposed. Firstly, a signal processing prior-empowered first-layer interpretable module is
devised to realize automatic parameter optimization and highlight the complementarity between multi-view
features from different signal processing algorithms. Secondly, an interpretable capsule network serves as the
backbone. To overcome the inefficiency and shortage of information fusion, an efficient attention fusion routing
(AFR) is proposed to reduce the parameters (about 5.72 times) and the complexity (about 2.93 times) in
contrast to the vanilla capsule-based networks. In response to the lack of physics-based constraints during
training, a noise threshold amplitude ratio (NTAR) is posed as a regularization, which enhances weak periodic
transient pulses by suppressing learned noises. The effectiveness and reliability are verified through three
real-world rail transit vehicle datasets: PIFCapsule outperforms the state-of-the-art by 6.77% in accuracy with
only ten samples. Given the lightweight nature, it holds substantial promise to be deployed in intelligent edge
devices. Code is available at https://github.com/liguge/PIFCapsule.

1. Introduction

The safety of railway transportation is closely intertwined with daily
routine and production activities. This study focuses on monitoring
and maintenance technologies for high-speed, heavy-haul freight, and
subway trains. The running gear of vehicles is a vital subsystem.
Bearings, key components of the running gear, directly impact safety
and reliability. However, they face challenges such as high loads, high
speeds, strong noises, and complex operating conditions, resulting in
failure modes like pitting, spalling, and fracture.

Embodied Intelligence (EI) serves as the guiding principle for re-
alizing intelligent operation and maintenance of rail transit vehicles.
EI integrates perception, cognition, and action into manufacturing sys-
tems, enabling a on-device “perception-cognition-execution-feedback”

closed loop [1]. Prognostics and Health Management (PHM) platforms
have also become standard equipment in current rail transit vehicle
maintenance. Within the PHM system, fault prediction and diagnosis of
critical components is a crucial link. Through early warning informa-
tion generated by fault prediction and diagnosis models, health status
assessment models automatically evaluate the condition and formulate
the scientific maintenance decisions, thereby effectively implementing
condition-based maintenance plans. Subsequently, the maintenance
level and effectiveness are assessed based on post-maintenance mon-
itoring data, forming a closed-loop process of “data collection - fault
prediction - health assessment - maintenance decision-making and
execution - effective feedback”, which ensures continuous health man-
agement throughout the entire lifecycle. Fault prediction and diag-
nosis constitutes a vital component of the intelligent operation and
maintenance system.
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Fig. 1. The first-layer interpretable paradigm.

In fault prediction and diagnosis algorithms, some algorithms suit-
able for common rotating machinery fail to achieve satisfactory per-
formance. Despite these challenges, intelligent fault diagnosis (IFD)
utilizes advanced signal processing and data-driven algorithms, and can
achieve precise fault identification and localization, thereby enhancing
the safety and reliability of railway transportation [2-5]. To date,
various algorithms have been developed for these specialized running
gears [6-12]. These approaches cover fault mechanisms, signal process-
ing, traditional machine learning, and deep learning. Deep learning,
with excellent generalization capabilities, has effectively addressed
the challenges of complex fault localization. However, existing algo-
rithms lack explicit interpretability and fail to incorporate human prior
knowledge. This poses significant challenges to realize Customized
Manufacturing and Embodied Intelligence (CMEI) [1], which plays an
irreplaceable role in the intelligent monitoring paradigm of rail transit
vehicles.

Interpretable IFD with human prior knowledge has garnered
widespread attention [13]. While computers can learn the statistical
patterns in data, it is uncontrollable and may fail to align with human
expectations. Intrinsic interpretability aims to design transparent and
understandable mappings grounded in domain-specific priors. There-
fore, human prior knowledge is embedded into a system, and the
optimization process is constrained by the interpretable theory and
physics laws [14]. In human—computer collaborative monitoring, hu-
mans are responsible for offering prior knowledge, while computers
are responsible for learning the data distribution pattern in accordance
with human needs. FLIP represents a typical intelligent paradigm of
smart equipment. It embeds signal processing prior knowledge into
deep models to address complex industrial problems.

As shown in Fig. 1, FLIP is a simple yet effective approach. FLIP
is defined as a framework that either modifies or replaces the first-
layer weights using prior knowledge, or incorporates a differentiable
signal processing layer at the front of backbones to simulate signal
processing operations. FLIP can also be called a signal processing-
empowered or physics-based paradigm. It primarily encompasses two
approaches. One approach constructs interpretable prior layers using
domain-specific knowledge, such as signal processing, to either replace
or connect the initial backbone, such as wavelet convolutional lay-
ers [15], differentiable short-time Fourier transform (STFT) layers [6],
and multiplicative convolutional layers [16]. Another approach entails
assigning prior knowledge-based initialization weights to the unal-
tered first-layer structure, such as wavelet weight initialization [7] and
cyclo-stationarity weight assignments [17].

FLIP abandons complex architectures and training strategies, and
simply relies on human prior knowledge to reduce the dependence on
data quality and quantity. However, according to the time—frequency
uncertainty principle (Gabor limit), the time-frequency resolution is
difficult to fully express the weak fault features. This is because these
algorithms rely solely on a single view, which reflects the local state of
signals and is susceptible to signal distortion and ambiguity. Inspired

by multi-view learning [18], the features of vibration signals can be
described from a variety of different signal processing techniques,
which constitute multiple views of raw signals. Apparently, the physics-
based multi-view fusion can capture the different features, and provide
a more reliable basis for subsequent fault decision-making [19,20].
It addresses the interpretability while mitigating the unreliability and
ambiguity inherent in any single view. To the best of our knowledge,
multi-view physics-based feature fusion remains little attention.

In addition, another problem with FLIP is that CNN and
Transformer-based backbones are often non-interpretable. Capsule net-
work (CapsNet) [21] provides interpretability for complex IFD. Cap-
sules contain multiple feature vectors, which can capture finer changes
in physics-based time-frequency representations, especially the precise
position, tilt, and size parameters of the energy bands, while preserving
spatial information. CapsNet is challenging to be directly applied as the
backbone because of the dynamic routing mechanism. It has a large
number of parameters, and it can obscure the intrinsic generalization
capability, leading to lower efficiency. Beyond the fault diagnosis field,
although attention-based routing [22,23] can achieve non-iterative
routing and reduce parameters, most solutions adopt the Softmax
attention mechanism, which faces huge computational complexity.
Moreover, when faced with physics-based multi-view information, non-
iterative Softmax attention routing [24] requires additional bottlenecks
to achieve feature fusion, increasing parameters and weakening the ef-
ficiency. Therefore, it is crucial to develop a high-performance, efficient
and low-complexity dynamic routing algorithm with physics-based
multi-view feature fusion capabilities.

Finally, some first-layer interpretable algorithms overlook the criti-
cal role of physics-based constraints. As a regularization term, it can
alleviate overfitting and enhance robustness. Therefore, it is essen-
tial to incorporate the physics-based loss into the paradigm. To our
knowledge, integrating physics-based loss is not a novel concept; its
effectiveness has been demonstrated in numerous studies [25,26]. How-
ever, loss functions should be tailored to specific tasks and target
systems rather than simply copying existing metrics. Conversely, inap-
propriate physics-based losses can degrade performance and reliability.
This necessitates considering not only the first-layer structure and back-
bone but also the target application when selecting an appropriate loss
function. In this work, the key components under consideration include
wavelet layer, STFT layer, blind convolution (BD) layer, CapsNet, and
bearings of rail transit vehicle running gears.

In summary, the current research deficiencies on the first-layer
interpretable paradigm can be summarized as the following fourfold
problems:

+ As highlighted in Ref. [6], many so-called “physics-based” meth-
ods adopt a two-stage strategy-requiring preprocessing prior to
model input. However, it resorts to precisely handcrafted hyper-
parameters to capture discriminative features.
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« The single physics-based information is not only difficult to bal-
ance the time and frequency resolution because of Gabor limit,
but also can only reflect partial signal characteristics, and is
susceptible to various factors, leading to ambiguous and distorted
information.

In interpretable capsule network, vanilla or Softmax attention
routing is computationally intensive and parameter-heavy, which
impair internal knowledge transformation and lead to poor gen-
eralization. Moreover, routing mechanism is inherently incapable
of performing multi-view feature fusion.

For one thing, some first-layer interpretable methods overlook
the critical role of physics-based constraints. For another thing,
although some physics-informed metrics exist, their blind adop-
tion — without considering the model architecture, equipment
and application scenarios — can degrade the performance and
reliability.

Driven by the aforementioned motivations, a one-stage physics-
based multi-view feature fusion CapsNet is proposed. In bearing di-
agnosis, vibration signals are highly sensitive to faults and adequately
reflect fault features [27]. First, to address the limitations of single-view
information, we employ three complementary physics-informed views
to devise signal processing-empowered fusion model: wavelet, STFT,
and blind convolution. BD [28] is adept at extracting periodic transient
pulse components, whereas STFT and WT exhibit relatively limited
capability in this regard [29]. STFT, limited by the fixed window
function, lacks adaptive adjustment and has relatively low resolution.
In contrast, wavelet transform (WT), offers multi-scale analysis and
higher resolution but may introduce aliasing and potential signal dis-
tortion [30]. By processing the same signal input from three different
views, we obtain complementary multi-view features to design the
first-layer interpretable module.

Notably, the prior STFT layer uses complex structural simulations
[6,9] and could not integrate into standard convolution. Here, we treat
the channel as time and the last dimension as frequency resolution,
embedding into 1D-CNN to boost performance and reduce complexity.

Second, CapsNet faces issues like large dynamic routing param-
eters, weaker generalization, and inability of multi-view fusion. To
resolve these, we propose a highly parallel AFR that fuses the three
physics-based views. This algorithm enhances efficiency and reduces
parameters. As far as we know, attention mechanism for feature fusion
in fault diagnosis exists [31], but the self-attention mechanism has
not been fully explored. Unlike traditional attention, AFR is a high-
level variant of the self-attention mechanism and enables cross-view
interaction, and establishes global-local dependencies within modal-
ities. It adaptively adjusts attention weights according to tasks. In
addition, norm-activation operation and depthwise separable convolu-
tion is introduced to refine the self-attention mechanism, emphasizing
information-rich features and improving multi-view fusion.

The physics-based loss guides optimization and improves inter-
pretability. For collected signals of the rail transit vehicles, we propose
a novel loss function — the noise threshold amplitude ratio (NTAR)
— defined as the ratio of noise intensity to the root mean square.
By reducing learned noise, it amplifies discriminative fault-related
features. In NTAR, noise level is an important parameter, and it is
usually necessary to know the fault period, which is difficult to obtain
in advance. To avoid it, we employ deep learning to automatically learn
soft thresholding, treating features below thresholdings as noise.

This paper presents several significant contributions to the field:

1. Guided by human-computer collaboration, a one-stage physics-
based multi-view fusion capsule network (PIFCapsule) is pro-
posed, which covers three signal processing-empowered first-
layer designs, an attention fusion routing mechanism, physics-
based regularization terms. It has improved the interpretability
of fused features.

Journal of Industrial Information Integration 51 (2026) 101068

2. The attention routing fusion mechanism is introduced into Cap-
sNet. This mechanism significantly reduces the parameter count
of vanilla dynamic routing while improving generalization.
Through it, PIFCapsule fully considers the global dependen-
cies among the physics-based multi-view information, adap-
tively adjusts attention weights, captures long-range dependen-
cies, increases feature diversity, and ultimately enables efficient
cross-view information interaction.

3. We introduce the noise threshold amplitude ratio as a physics-
informed regularization term. This approach can suppress noise
using a differentiable soft thresholding module without rely-
ing on fault prior periods. By weakening noise, it enhances
signal impacts. As a regularization term, it constrains optimiza-
tion of model, enhances robustness, and extracts discriminative
features.

4. Comprehensive results from the running gear datasets of high-
speed trains, heavy-haul freight trains, and subway trains
demonstrate the superior performance. Extensive ablations val-
idate the effectiveness of each component and structure. This
method shows broad application prospects in the rail transit
vehicle bearing health monitoring.

Subsequent sections are organized into the following structure. We
defines the main problem, presents the motivation and review the prior
efforts. The various components of PIFCapsule are elaborately outlined
in Section 3. Section 4 incorporates multiple empirical trials and as-
sessments to emphasize the inherent advancements. Finally, Section 5
conducts a thorough interpretability analysis. It concludes in Section 6.

2. Related work
2.1. Definition of physics-based multi-view information

Multi-view feature fusion is a method to improve performance
by utilizing complementary information from multiple views or fea-
tures [18,32]. For the definition of physics-based multi-view informa-
tion, different researchers may have different opinions. These views can
be different features of the same dataset. In this paper, different signal
processing techniques are considered to be different views.

Although these three signal processing methods all target vibration
signals, they emphasize distinct physical characteristics: the wavelet
layer uses wavelet weights and time-view convolution to obtain the
time-frequency spectrum from a time-view perspective; the STFT layer
uses window weights and frequency-view multiplication to obtain the
frequency-view representation; and the BD layer does not require preset
filter parameters, but only uses optimized weights by NTRA to obtain
the time-view representation.

Although the adaptive filtering weights guided by prior knowledge
can achieve a relative balance between time and frequency resolution,
it still cannot solve the Gabor limit. To further alleviate this limitation,
different signal processing methods focus on different physical aspects,
and then achieve global and local feature fusion through capsule fusion
network. The fused features are three different physical views, beyond
what the raw vibration signal alone can provide.

2.2. The human—computer collaborative intelligent paradigm in fault diag-
nosis

In the field of industrial diagnosis, human-computer collabora-
tion is emerging and warrants re-examination within the overarching
framework of Circular Embodied Intelligence Manufacturing. Within
it, the intelligence paradigms of smart equipment — encompassing key
capabilities such as Prognostics and Health Management and human-
computer collaboration - serves as a core component of Customized
Manufacturing and Embodied Intelligence, providing systematic sup-
port for fault diagnosis. Refs. [33,34] mainly add human intervention
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in the decision-making process. If the fault confidence level given by
the algorithm is low, the human needs to make the final decision based
on other indicators and experience. Wen et al. [35] introduced the fault
causal knowledge graph and used a large language model to realize the
human-computer collaborative decision. Li et al. [36] also borrowed
this thinking and sent the suspicious results to human for secondary
judgment.

The above scheme only introduces human knowledge in the
decision-making stage to make the final decision [19], while ignoring
the guiding role of human knowledge for computer decision-making.
As Kim said [37], humans excel at developing prior knowledge from
experience while machines are good at calculating data. Therefore,
this paper interprets human—computer collaborative diagnosis from
different angles, classifies the interpretable first-layer paradigm em-
bedded with signal processing prior knowledge as one of the typical
human-computer collaborative paradigms, and solves the limitations
of FLIP.

2.3. The first-layer interpretable bottlenecks guided by customized manu-
facturing

The proposed first-layer interpretable paradigm belongs to the
broader class of signal processing-empowered technology. It modifies
and optimizes deep models using signal processing, thereby enhanc-
ing interpretability. Inspired by it, WaveletKernelNet [15] integrates
continuous wavelet transform into convolution. Since then, research
on the wavelet kernel has garnered significant attention [7,38,39].
SincNet [40] highlights the significance of the first-layer module for
extracting features. The physics-based convolutional neural network
(PCNN) [41] generates convolution kernels based on bearing speed
and fault feature frequency. However, PCNN can only identify sin-
gle fault. M-PINet [42] combines multiple PCNN branches for multi-
fault recognition but suffers from high computational complexity.
M-IPISincNet [43] utilizes band-pass filters and inverse Fourier trans-
form to design convolution to extract multi-scale information but relies
on only a single source of physics-based information. PICNN [44]
designs a physical feature weighting layer based on different feature
frequencies corresponding to different faults. It assigns higher weights
to the feature frequencies of a certain fault and reduces weights for
other frequencies to resist interference. Liu et al. [45] treats the finite
impulse response filter as a kernel, considering the center frequency
and bandwidth as polynomials of the frequency, developing a first-layer
interpretable model [46]. The Multiplication Convolutional Network
(MCN) [47] consists of a series of multiplicative filtering cores that
extract differential patterns from spectrum samples. The time-frequency
network [48] utilizes the STFT, Chirplet, and Morlet wavelets to
simulate time-frequency transform, acquiring abundant features [49].
Although the random convolution layer [50] does not emphasize in-
terpretability, it randomly changes the kernel sizes to generate new
data and keeps global information, while improving sample diversity
and model generalization. Envelope spectrum neural network [51]
guides the design of the first-layer module according to integrated
empirical mode decomposition, extracting physical features. Although
the aforementioned methods have achieved promising results, they
are inherently limited by the unreliable single information, which is
susceptible to uncertainties. This limitation results in an incomplete
analysis, which in turn diminishes the robustness of model.

2.4. Capsule network in fault diagnosis

CapsNet has extensive applications in IFD [52]. Some reports [53]
have employed spectrograms as the input, and depict the heatmaps
from post-hoc explanations. However, this method is high-
computational costs and high-parameter quantities. In contrast, one-
dimensional signals offer certain advantages. CapsNet also has the
capability to address diagnosis under small samples. For instance,
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CapsFormer [54] integrates CapsNet with self-attention mechanism.
CapsNet is used for feature extraction, while the self-attention mech-
anism focuses on the spatial and sequential aspects of spectrograms.
Wang et al. [55] initialize capsules via knowledge-informed convolu-
tion and propose a spectrum template method to establish a mapping
between capsules and fault types. Taken as a whole, most studies
still focus on the key role of CapsNet in feature extraction, such as
using the feature outputs by CapsNet for view adaptation to compute
similarity metrics between source and target domains [56-58], or
combining them with other neural networks [59-62]. However, the
high-parameter dynamic routing mechanism lacks multi-source feature
fusion capabilities. Moreover, ignoring physics-based information not
only reduces the interpretability but also increases dependence on
quality and quantity of data. Relying on a single data modality or view
often yields ambiguous or unreliable diagnostic decisions, ultimately
undermining generalization performance.

2.5. Physics-based loss function

The physics-based loss is a pivotal component in physics-based
machine learning [63-65]. pyDSN [9] introduces a balanced spectrum
quality metric to assess STFT spectrogram quality. Qin et al. [66]
employs boundary loss to constrain dynamic model parameters, thereby
minimizing frequency discrepancies between real-world and simulated
data. ClassBD [67] optimizes blind deconvolution filters by utilizing
kurtosis and /, /1, norm. PGNN [68] considers the imbalance amplitude
and phase angle of rotors as loss function. Jia et al. [69] extracts
state characteristic frequencies and signal spectral energy to derive
physical pseudo-labels and formulate physics-based loss. In conclusion,
physics-based metrics are typically tailored to specific signal processing
pipelines or equipment dynamics. So, the physics-based loss should be
customized for different systems and algorithms.

2.6. Physics-based feature fusion

Multi-source feature fusion has been extensively studied in IFD [31,
70]. However, multi-source physics-based feature fusion remains an
emerging field, which is investigated by noteworthy works. MPINet
[42] combines multiple physics-based blocks (PIBs) and achieves fu-
sion through multi-branch feature concatenation. However, this ap-
proach requires training multiple PIBs. Similarly, M-IPISincNet [43]
integrates current and vibration signals, designs physics-based convo-
lutional layers using inverse Fourier transforms and bandpass filters,
and extracts multi-scale features through multi-scale convolution. Nev-
ertheless, the fusion methods in MPINet and M-IPISincNet are relatively
simplistic, lacking full interaction between complementary informa-
tion views and only considering single physics-based information. Sun
et al. [71] introduce a physics-based multi-modal feature fusion net-
work (PMFN) that combines acoustic or vibration signals with infrared
images. PMFN integrates two attention mechanisms: frequency-view
attention, which emphasizes modulation relationships under specific
faults, and region attention, which highlights more significant fea-
tures in spectrograms, which are fused through self-attention. How-
ever, the two-dimensional encoding relies on signal processing, the
effectiveness of which heavily depends on manual parameter selec-
tion. Besides, the fusion process through two self-attention branches is
high-computational, and PMFN also overlooks physics-based loss. Ying
et al. [72] proposes a trustworthy fusion module based on the Dirich-
let distribution to ensure the reliability of dynamic fusion. However,
TMFEFN lacks physical information and requires a large amount of
training data. PFCG-Transformer [73] proposes a physical framework
that integrates acoustic and vibration signals, constructing consistency
and uncertainty quantification losses by comparing the data distribu-
tion of the physical model with actual operating signals. Nevertheless,
the acoustic-vibration fusion demands extensive manual experience
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and involves complex computations, and collecting acoustic signals is
challenging, and image signal processing is highly complex.

In practical bearing diagnosis, vibration signals are most sensi-
tive to faults and can adequately reflect fault features [27,74]. PIF-
Capsule treats the signal processing-empowered weights as trainable,
and finds them by data-driven algorithms, rather than relying on the
manual parameter. Additionally, PIFCapsule achieves physics-based
multi-view feature fusion through attention fusion routing mechanism,
focuses on the most informative features using a norm-activation op-
eration, and constrains the optimization direction using physics-based
regularization.

3. The proposed method: PIFCapsule
3.1. The overview of PIFCapsule

The prior first-layer interpretable paradigm has been limited to
single-view information, resulting in inefficient information interaction
and neglecting the benefits of physics-based regularization. Therefore,
this paper focuses on studying the physics-based multi-view feature fu-
sion based on CapsNet within the framework of first-layer interpretable
paradigm. As shown in Fig. 2, we propose an attention fusion routing
mechanism that enhances cross-view information interaction efficiency
and retains discriminative features. At the same time, we realize cap-
sule routing, and AFR promotes the efficient information flow from
the primary capsule to the digital capsule. Furthermore, a physics-
based regularization is incorporated into the optimization process to
enhance the physical fidelity of fused representations, yielding more
generalizable fault feature embeddings.

The specific framework is shown in Fig. 3. The diagnostic workflow
comprises the following steps:

1. Three types of rail transit vehicles damage datasets are col-
lected: high-speed train traction motor bearing dataset, heavy-
haul freight train wheelset bearing dataset, and railway train

bogie dataset. The collected datasets are divided into training,
validation, and test sets, with the training set size not exceeding
50 per class, consistent with the definition of a small-sample
problem.

2. The collected training set data is input into PIFCapsule, and all
physics-based losses are calculated to guide model training. The
optimal model weights are saved after training.

3. In test stage, the optimal weights are loaded, and the perfor-
mance is evaluated.

3.2. Multiple physics-based interpretable layers with signal processing prior
knowledge

Single-source information suffers from poor reliability and ambigu-
ous decision-making, whereas multi-source feature fusion can capture
features with anti-interference capabilities and robustness. Therefore,
multi-source feature fusion is an excellent solution. However, multi-
source feature fusion remains constrained by poor interpretability.
Thus, we propose a physics-based multi-view feature fusion framework.
This scheme integrates STFT, WT, and BD information views: BD effec-
tively extracts transient pulses from bearing faults, while STFT and WT
are less capable. STFT has limited adaptability and resolution because
of fixed windows. WT offers higher resolution and enables multi-scale
analysis but may introduce aliasing and distortion.

3.2.1. Dual-damped Laplace wavelet weight initialization

Within the context of wavelet source information, the dual-damped
Laplace wavelet is employed, which has not been previously explored
in the realm of wavelet weight initialization. The fault pulse response
observed in real-world vibration signals frequently manifests as a bi-
laterally asymmetric attenuation waveform, and this characteristic is
precisely aligned with the inherent properties of the dual-damped
Laplace wavelet [75].
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The formula for the dual-damped Laplace wavelet is as follows:
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where w = 2xf, f is the sampling frequency, ¢ is time, A is the
coefficient of the dual-damped Laplace wavelet, 7 is the time constant,
and ¢, and ¢, is the damping ratio.

Therefore, the final wavelet-view layer can be expressed as:

Ywavelet = Wu,s(T) Ox

=w(ox @
= —u

=y(w,€,6, —)Ox

where s is scale factor, and u is translation factor. ® is represented as
convolution operation.

3.2.2. Window weight initialization

Prior research has demonstrated that weight initialization method-
ologies exhibit superior performance compared with the design of
signal-processing layers [7]. The signal-processing layer focuses on
transforming key parameters into differentiable form. However, this ap-
proach suffers from substantial computational overhead, as the sliding
window operation is not replaced by convolution. Inspired by weight
initialization, we treat the channels of weights as time-view axes and
the last dimension as the frequency-view axes. STFT kernels are used
as the initialization weights for CNN to effectively simulate STFT. The
window weight initialization is introduced:

Assuming the input signal is {x,}, with a sampling frequency of f,,
the number of output channels of the filter is N, and the length of the
filter is K. The defined bandwidth Af is Af = &KA. For each channel
i, a filter a; is set within the range [Af - i +0.01,4f - (i + 1) — 0.01], and
each filter A, is designed using a window function, such as the Blackman
window. By normalizing the cutoff frequency and considering the filter
length, the ideal impulse response hjgeq[n] is calculated, and the FIR
filter response can be expressed as the product of hjgeq[n] and the
window function w[n]. To ensure that the initial weights are more
closely aligned with random initialization, standardization is employed
to restrict the range of the filters.

h; = standardization(h;geq [1] - wln]) 3

The principle of this operation is that each filter captures the
frequency components of the raw signal, and treating the channels as
sliding windows along the time axis captures the temporal variations
of these frequency components to simulate the STFT:

Vs =h Ox (©)]

In STFT, a Fourier transform is performed on the windowed time
period. To simulate this process, we use the Fourier convolution rather
than the ordinary convolution:

Yo =F T {FIx) Fh)} 5)

3.2.3. Blind convolution module

In the realm of BD, the time-view component is executed through
the utilization of quadratic convolutional neural networks (QCNN),
whereas the frequency-view component is handled via FFT. This pro-
cess is further enhanced by integrating the kurtosis loss and the 7, /1,
norm. In contrast, we design Noise threshold amplitude ratio, which
serves to quantify the essential information within BD.

In contrast, QCNN engenders a considerable quantity of parameters
is difficult to optimize [67]. Consequently, we opt for standard CNN,
Analogously, we identify the resonance bands by diminishing the peri-
odic noise within the time view and eliminating superfluous frequency
components.

ygp = Conv(Conv(x)) 6)

In particular, the filters of Conv(x) are also learned under the
constraints of kurtosis loss and the /,//, norm metric.

3.3. Attention fusion routing mechanism

As illustrated in Fig. 4, the capsules in layer /+ 1 are predicted from
all capsules U; in layer /, which is achieved through a weight matrix
W and the routing coefficient Z.

Given that the three information sources possess distinct physi-
cal properties, employing a single weight matrix W is insufficient
for extracting highly complementary features. Therefore, three linear
layers are utilized to accomplish this transformation. In these three
information sources, the channels represent the time axis and the last
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Fig. 4. The attention fusion routing mechanism.

dimension represents the frequency axis, which are collectively mapped
to the new space:

u = FC(X]) = FC(ywaueIet)
uy, = FC(xy) = FC(yg ) )
u, = FC(x3) = FC(ygp)

where FC refers to the full connection layer.

Subsequently, feature fusion is realized through norm linear atten-
tion mechanism.

The self-attention mechanism, which often employs the Softmax
activation function and has a complexity of O(N?), is contrasted with
the linear self-attention mechanism O(N). The latter is considered an
effective approach to reduce computational complexity, approximating
the similarity function with a designed kernel function. In the process
of feature fusion, calculating similarity helps adjust the fusion weights.
Given such a kernel with the feature representation ¢(e):

sim(uy,up) = ¢(u1)¢(u2)T ®

where sim(s) indicates similarity function.
According to the definition of the linear attention mechanism, norm
linear attention can be expressed as follows:

B By pluy;)" .
=

Based on the properties of matrix associative property, the order of
computation can be changed from (u;u} )us to u;(ul uy), that is:

y ©

i

o - By )Ty pluy)) )
Bl )Ty bz

The Softmax attention mechanism provides a nonlinear weighting
mechanism, thus easily focusing on the most important features. How-
ever, the output of the linear attention mechanism is closer to the
average value and struggles to focus. Therefore, the norm activation
function is employed as the kernel function to mitigate this drawback,

(10)

namely:
[[IGELUG) ||

4= = e

|GELU(u)|” an
where ¢(u;) = f(|GELU(»;)|) and f(u;) = #%”Hu‘-”. @ (') is the cumulative
distribution function of the Gaussian normal distribution. ||-]| denotes
the norm, p is used to control the degree of focus, generally p = 2.

Compared to the ReLU, GELU offers smoothness, which aids in gra-
dient optimization, and maintains non-negativity for negative inputs,
thereby preventing neuron deactivation. However, to meet the require-
ment of the denominator, the output must be kept non-negative, neces-
sitating the use of absolute values. Finally, the direction of adjustment
is regulated through feature norm mapping.

In reality, O, acquires the global fused features of the three infor-
mation sources through the self-attention mechanism, but local fea-
tures are also required. To this end, depthwise separable convolution
is adopted, which can be understood as a convolutional attention
mechanism. It focuses on adjacent local information in the spatial
view, thereby obtaining different outputs from each local region and
enhancing feature diversity. As shown in Eq. (12):

O = d(u))p(uy)  uz + DW C(p(u))p(uy)" u3) 12)

Among them, DW C(-) represents the depthwise separable convolu-
tion operation.

The representation of the next capsules can be obtained through the
attention weights:

N N
Ut =3 U'01= Y [(x; + x; + x3)01 13)
j=1 j=1

AFR has two advantages. Firstly, it implements a routing mechanism
in CapsNet, achieving non-iterative, high-speed parallel routing oper-
ations, which reduces model parameters and improves the efficiency
of the algorithm. Secondly, unlike traditional attention, AFR supports
cross-view interaction and establishes local and global dependencies
(long-distance dependence) within the modality, and it has efficient
information adaptability. It dynamically assigns features according to
the task and focuses on key information, improving fusion efficiency.
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Algorithm 1 Attention fusion routing mechanism

Require: x;,x,,x3
Ensure: U't!
1: while epoch < max_epoch do

2: Calculate the feature mappings of different physics-based views
uy,u,,u3 by Eq. (7). o )

3: Calculate the kernel function feature expression up, y, and Uy
by Eq. (11).

4:  The routing coefficient Z = u] Y u.

5: Achieve the norm linear self-attention fusion by Eq. (10).

6: Achieve global-local feature fusion by Eq. (12).

7: Implement the fused information transmission between primary

capsules and digital capsules by Eq. (13).

8: end while
=
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Fig. 5. Anti-noise soft-thresholding module.

3.4. Noise threshold amplitude ratio

Blind convolution serves to amplify repetitive impacts by searching
for filters through maximizing the statistical metrics of signals. Fang
et al. proposed the Periodic Noise Amplitude Ratio (PNAR), defined as
the ratio of the average amplitude of noise points to the root square.
As shown in Eq. (14):

V Mt pise - abs(y)
Nllyll,

where || - || denotes the Euclidean norm, M is the signal length, and N
is the noise length. 7,.;. can be interpreted as the distribution of noise
locations.

Clearly, t,ise iS @ pivotal parameter, and its value determines the
effectiveness of PNAR. In PNAR, the noise distribution . is con-
tinuous, and the noise length is determined by the noise ratio p and
the period T, such that N = pT. It is evident that the assumption
of continuous noise distribution is overly idealized. In reality, due
to environmental interference, noise may exist throughout the entire
period, with only intensity difference. Similarly, the predefined noise
length is also impractical.

To rectify this limitation, the Noise Threshold Amplitude Ratio
(NTAR) is proposed. We introduce a novel perspective, considering the
noise position as the weight occupied by the noise—-noise coefficient.
Since the noise is distributed throughout the entire period, the noise
length is the same as that of signals(M = N). Assuming that noise exists
throughout the entire period, our goal is to determine the proportion
of noise intensity to the total signal intensity. Thus, Eq. (14) can be
reformulated into:

Tnoise * abS(Y)

VM,

PNAR(y, Tnoise) = a4

NTAR(Y, thoise) = (15)
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NTAR mainly obtains noises through the noise coefficient, facili-
tating the gradual reduction of noise to approach zero in the process
of training. Inspired by wavelet coefficients, soft-thresholding [76] can
also be utilized to reduce noise coefficients, where the thresholding A is
crucial. As shown in Fig. 5, we employ the attention-based architecture
to automatically search for 4 and retain the noise coefficient S(y, 1), as
shown in Eq. (16):

S(y, 4) - abs(y)
VM,

S(y, ) = abs[sign(y) - min(|y| — 4,0)] an

NTAR(>y, A) = (16)

where sign(y) is the sign function, and 4 is the thresholding. Retain-
ing the noise coefficient means preserving all values less than the
thresholding.

The proportion of noises is reduced through NTRA to improve SNR,
so as to extract more robust fault features.

3.5. The loss function

The margin loss L, for class C is shown in Eq. (18). T, is an indicator
variable, where T, = 1 if class C exists, and T, = 0 otherwise. The lower
bound m~ = 0.1, the upper bound m* = 0.9, ||v,|| denotes the norm of
the output, and 4 is a down-weighting factor, typically set to 0.5. The
margin loss aims to output a true label distribution for each class while
suppressing the activation of nonexistent categories.

L, =T, max(0,m™ — v, |)* + A1 = T,) max(0, ||v || — m*)? (18)

Secondly, the vanilla CapsNet incorporates a reconstruction loss
to measure the similarity between the generated signals and the raw
signals. However, our objective is to enhance the signal-to-noise ratio
(SNR) rather than reconstructing the raw signals with low SNR. Con-
sequently, G — (/,/1,) norm is employed to assess the sparsity, which
facilitates the construction of high-SNR signals, effectively suppressing
noise and thereby bolstering robustness. This is represented in Eq. (19)
as follows:

P
L, = sign <10g (2)) < ”Xes”p) (19)
p lIxesllg

where p =2, g =4, and ||x,,|| = ||[FFT(x,)||.

In addition, both wavelet and STFT generate spectrograms. In our
previous work, the balanced spectrum quality (BSQ) [9] is proposed
to balance information from time-frequency views and enhance energy
concentration. As mentioned in Section 1, wavelet and STFT informa-
tion are complementary, with different sensitivities to different com-
ponents of signals, which yields more sensitive energy-concentrated
regions. Therefore, BSQ is used to measure the quality of spectrograms,
as shown in Eq. (20):

P (s
b_2 Q;7+Q;ﬂ

2Q5f o;
o (20)
0, +Q; >

where O, and Q, are the quality coefficients in the frequency and time
views, respectively.

Subsequently, the NTAR (L,) is employed to determine the optimal
parameters for the BD filter. This process aims to amplify repetitive
features while mitigating noise. Ultimately, the comprehensive loss
function is expressed in Eq. (21) as follows:

L=L.+AL,+ ALy + AL, 21)

Determining Ay, 4,, 43 are of paramount importance. To tackle this
challenge, we utilize uncertainty-aware weighted loss [67] to automat-
ically balance the importance of each loss component for the learning
problem and automatically search for the specific parameter configures.
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4. Application to bearings of rail transit vehicles
4.1. The description of datasets and tasks

4.1.1. Data description of the real-world scenario

This study encompasses three datasets from rail transit vehicles,
namely the high-speed train traction motor dataset, the heavy-haul
freight train wheelset bearing dataset, and the subway train bogie
gearbox dataset. A brief overview of these datasets (Table 1) is provided
as follows:

BJTU, [9]: A dataset is acquired from the NTN traction motor bear-
ing test bench, a specialized equipment with international advanced
standards for conducting experiments on high-speed train traction mo-
tor bearings, as illustrated in Fig. 6(a). The equipment covers data
and information collection and analysis of the dynamic train drive
system, experimental verification on the ground platform, and the full
life cycle. It serves as a specific experimental platform for realizing
Prognostics and Health Management of traction motor bearings in high-
speed trains. The test platform is composed of an electrical control
cabinet, accelerometers, multiple test bearings, and signal transmission
devices. Vibration signals of the bearings are collected through sensors
and the signal transmission system. To align with actual application
scenarios, the bearing model utilized for the experiment is the HRB
NU214 EM 32214H, which shares identical dimensions with the bear-
ings employed in real-world applications. The four mechanical states
are included: Inner Fault (IF), Outer Fault (OF), Ball Fault (BF), and
Normal (NC), with a sampling frequency of 100 kHz under 200, 250,
300, and 350 km/h.

BJTU, [77]: The dataset is sourced from the heavy-haul freight
train wheelset bearing platform developed by CRRC Qingdao Sifang,
as depicted in Fig. 6(b). This test bench is designed for fault simu-
lation, performance testing, and remaining useful life assessment of
various bearing models. It can simulate the load, speed, and corre-
sponding environmental conditions of vehicle bearings during actual
operation, thereby maximizing alignment with real-world railway sce-
narios. Specifically, the vertical load is used to simulate the axle load;
the lateral load is employed to mimic different track conditions, such
as lateral forces on the track during turning, passing through switches,
and traveling up or down slopes; and fans are utilized to simulate
crosswinds during operation, with the wind speed set between 8 m/s
and 10 m/s. The experimental samples are faulty bearings confirmed
through disassembly inspection after being removed from service—
these bearings are initially identified as abnormal either by alarms
from the online monitoring system of in-service railway freight cars or
through manual inspection. Specifically, standard bearings are installed
on one side of the wheelset, with experimental bearings mounted on the
opposite side. A vibration acceleration sensor is affixed to the exterior
of the axle box, operating at a sampling frequency of 16 kHz. The tested
bearing is 352226X2-2RZ. The dataset comprises seven fault types:
inner ring peeling (IRP), outer ring peeling (ORP), rolling element
peeling (REP), rolling element crack (REC), cage fracture (CF), cage
half crack (CHC), and compound faults (outer ring peeling + rolling
element peeling) (CFs). Additionally, data from healthy bearings (H) is
included. The bearing rotation speed is set within the range of 60 km/h
to 180 km/h.

4.1.2. Public data description of the subway train scenario

BJTU; [78]: As depicted in Fig. 6(c), the experimental platform is
designed based on the bogie of the subway train, with a scale ratio of
1:2 compared to the real-world bogie. Also, the sensor deployment on
the experimental bench highly reproduces the real measuring points.
The collected signal comprises 21 channels, sampled at a frequency
of 64 kHz, considered six working conditions, with rotational speeds
set at 20 Hz, 40 Hz, and 60 Hz, and lateral loads of 0 kN and 10
kN. Different speeds are employed to simulate various train speeds,
while distinct Lateral loads were used to replicate straight-line driving
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Table 1
Data description of the rail transit vehicle.

Dataset Data Speed Sampling Health status
name source frequency
150 km/h
200 km/h
H BJTU, 250 km/h 100 kHz N,IR,OR BF
300 km/h
350 km/h
60 km/h
100 km/h IRP, ORP, REP,
F BJTU, 120 km/h 16 kHz REC, CF, CHC,
140 km/h CF:
S
180 km/h
20 Hz/0 kN
o acr,
Z
GMT, GCPT,
G BJTU; 20 Hz/10 kN 64 kHz BIR, BOR, BC,
40 Hz/10 kN BFE
60 Hz/10 kN
Table 2
The parameter configures.
Parameter batch_size Optimizer max_epoch Ir weight_decay
Value 256 Adam 300 0.001 0.00001

and turning conditions. The gearbox of train transmission system is
evaluated under nine different health states: Normal, gear cracked
tooth(GCT), gear worn tooth(GWT), gear missing tooth(GMT), gear
chipped tooth(GCPT), bearing inner race fault(BIR), bearing outer race
fault(BOR), bearing cage fault(BC), bearing rolling element fault(BFE).

4.1.3. Task description

Rotating mechanical equipment in rail transit vehicles encounters
several challenges, including heavy load, high speed, strong noise,
and complex operating conditions, compounded by small samples.
This scarcity often hinders the training of a sufficiently generalized
model. To address it, a multi-source physics-based feature fusion Cap-
sNet is utilized, particularly under limited samples. This study, on the
one hand, covers three distinct types of rail transit vehicles; on the
other hand, it addresses various fault types and equipment, including
single-point faults, compound faults, as well as gearboxes and axle
boxes.

The signal is segmented into samples of 2048 using a sliding win-
dow. There is no overlap between sliding windows to ensure that no
data leakage occurs. Based on previous definitions, if there are fewer
than 50 samples per category, the problem is classified as a small-
sample problem [6,79]. With small samples, the proposed method is
sufficient to train a generalized model, enabling effective fault identifi-
cation on the test set. In comparison, other mainstream methods exhibit
relatively weaker performance in this regard. The training sample sizes
are 5, 10, 20, 30, 40, and 50. The settings of training samples vary
across different datasets and experiments, but all of them conform to
the definition of small sample. The test set is uniformly set to 1000
samples per fault.

The experimental procedures are executed on PyTorch 2.5, leverag-
ing two GTX 4090 24 GB GPUs. Each experiment is repeated five times
to obtain the mean and standard deviation. The parameter configure is
detailed in Table 2.

4.2. Case analysis

4.2.1. PIFCapsule performance with different data sets under different
working conditions

As illustrated in Fig. 7, the robustness of the PIFCapsule model
is evaluated across various datasets and operating conditions. Specif-
ically, the sample size per class is set to 5 for Data H, and 10 for
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Fig. 7. Performance ability under different working conditions with small samples.

Data F and G. For the vehicles, the slower the rotational speed, the
lower the accuracy. Compared to other conditions, under low-speed and
high-load scenarios, the signal-to-noise ratio is lower, and noise inter-
ference has more significant impacts under small samples. (Subsequent
evaluations are benchmarked against this most challenging condition.)
Even under such a condition, with the assistance of modules such
as physics-based information and attention fusion routing mechanism,
PIFCapsule achieves an accuracy exceeding 90%, demonstrating robust
performance.

4.2.2. Performance evaluation of PIFCapsule under different sample sizes
Consequently, we evaluated the capability of PIFCapsule in address-
ing small sample challenges. As illustrated in Fig. 8, the performance
improves steadily with an increase in the sample size. Specifically, for
the dataset pertaining to traction motors of high-speed trains, when
the sample size reaches 10, PIFCapsule achieves 100%. This excep-
tional performance may be attributed to the high SNR. In contrast, for
freight train wheelset or subway bogie, the SNRs are relatively low,
resulting in poor-quality signals. Since the performance is contingent
upon the quality and quantity of the data, it is imperative to devise
methods for enhancing data/feature quality under small samples. To
achieve it, PIFCapsule extracts fault feature frequencies from multiple

10

views, thereby further reducing noise in the raw signals and identi-
fying the primary bands. The single information view may not fully
capture the characteristic frequencies. Therefore, the wavelet view,
blind deconvolution view, and STFT view complement and reinforce
each other, separately extracting multi-scale high-resolution features,
periodic pulse components, and features that are less prone to aliasing
and of high fidelity. Subsequently, these features are fully integrated
through attention routing feature fusion and physics-based loss func-
tions, enabling the model to learn more discriminative and high-quality
features. As a result, even with 10 samples, PIFCapsule attains 91.54%
and 95.62%, respectively.

4.2.3. Performance with different routing mechanisms

PIFCapsule is a capsule-based architecture, whose performance is
compared with vanilla CapsNet and EfficientCapsule. EfficientCapsule
employs the self-attention mechanism to replace the vanilla dynamic
routing for vision. As shown in Table 3 and Fig. 9, PIFCapsule improves
27.35% and 24.21%. Notably, for Dataset F, the two models are below
50%. However, by leveraging physics-based multi-source information
and attention fusion routing mechanism, PIFCapsule effectively mit-
igates noises and extracts valuable information, performing at over
90%. Additionally, PIFCapsule significantly reduces parameter number
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Table 3
Comparison of performance, parameters and computational complexity of
three models.

Models Parameters (MB) FLOPs (M) Accuracy
PIFCapsule 0.4824 22.73 95.72%
EffientCapsule [23] 2.7626 68.80 68.37%
Vanilla CapsNet 2.7624 68.80 71.51%
110
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Fig. 9. The performance of three models.

and computational complexity. It reduces the parameters by 82% and
the FLOPs by 66%, achieving a parameter size of 0.4824 MB and a
computational cost of 22.73 MFLOPs, respectively.

The attention fusion routing is employed to compute routing co-
efficients, thus reducing repeated parameter updates during iterative
processes. Additionally, a norm activation function is utilized to op-
timize attention weights, mitigating the high-parameter count and
complexity associated with Softmax. Multi-view global feature fusion is
directly implemented within the attention fusion routing module, elim-
inating the necessity for complex multi-branch convolutional fusion
structures. Depthwise separable convolution is implemented within
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the attention fusion routing framework to achieve local feature fu-
sion, reducing the computational complexity inherent in traditional
convolutional operations.

Furthermore, by the confusion matrix and T-SNE as shown in Fig.
10, we analyze the performance differences among the three models.
EfficientCapsule achieves only 68% for broken teeth, with confusion
with bearing cage faults. The vanilla CapsNet fails to fully identify
both normal and abnormal, with the accuracy below 62% for tooth
surface wear and bearing cage faults. Instead, PIFCapsule integrates
physics-based multi-view information and successfully fuses these fea-
tures through AFR. To precisely extract robust physical features, a
physics-based loss is employed to constrain the optimization direction.

4.2.4. Comparison with other state-of-the-art (SOTA) models

As presented in Table 4, we conducted a comprehensive evalua-
tion of the performance comparison with SOTAs. The models encom-
pass three categories. ® The fundamental models: ResNet, WDCNN,
RCL, and MSResNet. @ The first-layer interpretable paradigm models:
EWSNet, WaveletKernelNet, SincNet, FCC, MCNWFK, TFN, ClassBD,
DFAWNet [81], GTFENet[82], wave_convNext[83], and RaVEL[84].®
The well-performing models under small samples: MCSwinT [85], Con-
vformer NSE[86], CLFormer[87], Liconvformer[88].

ResNet, WDCNN, RCL, and MSResNet are data-driven. They are
significantly influenced by the sample size. Under small samples, it is
impossible to obtain a sufficiently generalized model. Consequently,
their average is all below 82%. Although ResNet exhibits relatively
better performance, it has approximately 3.8 million parameters and
high computational complexity. On the other hand, RCL performs ran-
dom convolutional data augmentation on the input raw data. Compared
with WDCNN, although it increases the computational complexity, it
improves 7.62%. Overall, these models are constrained by the limited
samples and fail to extract discriminative features, resulting in poor
accuracies.

Furthermore, the first-layer interpretable models are based on
signal-processing empowered algorithms such as wavelet, STFT, BD,
and time-frequency transform to reduce the dependence on data quality
and quantity. Compared with data-driven models, these algorithms
have achieved improvements. Among them, EWSNet and RaVEL per-
form the best, with 86.51% and 86.79%, respectively. However, com-
pared with PIFCapsule, their performances lag by 7.05% and 6.77%,
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Table 4
Performance comparison with other methods (%).
BJTU,(H) BJTU,(F) BJTU;(G) Average Parameters FLOPs (M)

ResNet 77.24 + 0.06 78.31 + 0.66 89.20 + 0.41 81.58 3,853,321 351.38
WDCNN 47.08 + 0.39 45.47 + 0.59 91.43 + 0.26 61.33 53,868 1.49
RCL [50] 82.87 + 0.47 41.86 + 0.51 82.11 + 0.04 68.95 53,969 5.75
MSResNet [80] 72.57 + 0.98 84.30 + 0.78 90.35 + 0.82 82.41 2,112,964 177.73
EWSNet [7] 88.63 + 0.66 80.35 + 0.25 90.56 + 0.36 86.51 66,044 31.11
WaveletKernelNet [15]  80.95 + 0.74 59.78 + 0.11 84.35 + 0.45 75.03 39,401 13.35
SincNet [40] 81.20 + 0.82 82.66 + 0.32 86.08 + 0.20 83.31 39,592 13.45
FCC [46] 96.10 + 0.12 56.88 + 0.86 88.55 + 0.24 80.51 237,259 97.44
MCNWFK [47] 91.89 + 0.17 72.20 + 0.16 71.38 + 0.32 78.49 51,748 3.45
TFN [48] - - - - 185,128 86.70
ClassBD [67] 78.07 + 0.74 80.17 + 0.03 89.52 + 0.38 82.59 8,094,014 711.42
DFAWNet [81] 84.91 + 0.41 83.50 + 0.10 87.29 + 0.70 85.23 39,529 13.45
GTFENet [82] 82.32 + 0.89 82.71 + 0.02 90.96 + 0.87 85.33 670,408 250.13
wave_convNext [83] 83.84 + 0.11 47.33 + 0.82 80.68 + 0.86 70.62 35,481 3.38
RaVEL [84] 89.88 + 0.63 84.69 + 0.59 85.79 + 0.33 86.79 47,064 0.70
MCSwinT [85] 93.73 + 0.28 67.50 + 0.01 89.16 + 0.91 83.46 1,937,034 452.99
Convformer NSE [86] 62.63 + 6.65 64.60 + 0.93 81.80 + 0.64 69.68 245,005 12.39
CLFormer [87] 46.55 + 0.36 38.56 + 0.17 59.04 + 0.12 48.05 4991 0.13
Liconvformer [88] 61.02 + 0.67 72.31 + 0.17 89.06 + 0.47 74.13 322,263 28.79
PIFCapsule 98.02 + 0.07 90.82 + 0.15 91.85 + 0.88  93.56 482,407 22.73

respectively. EWSNet mainly adopts the wavelets but overlooks the
other physics-based information, and it employs a multi-scale structure,
which extracts multi-scale wavelet features. RaVEL can be regarded
as injecting wavelets into RCL. It improves the SNR during the data
preprocessing stage, enhancing the quality of the dataset. As a result,
RaVEL has a lower requirement for data, and is the extremely low com-
putational complexity 0.70 MB. Compared with the aforementioned
two models, PIFCapsule incorporates three physics-based information
and successfully fuses them using AFR, achieving 93.56%.

Several lightweight Transformer-based models for small sample di-
agnosis are tested. Although MCSwinT achieves the highest accuracy
of 83.46%, its parameter quantity and computational complexity are
4 times and 17 times those of PIFCapsule, respectively. CLFormer is
sufficiently lightweight, but the average accuracy is less than 50%.
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PIFCapsule shows an improvement of 10.1% compared with MCSwinT.
It indicates that even when facing the most popular Transformer-based
architecture, the proposed CapsNet-based model is competitive.

4.2.5. Comparison with other state-of-the-art multi-source fusion methods
As illustrated in Table 5, we conducted a comparative analysis
of several SOTA multi-source feature fusion models to evaluate the
advantages of AFR. CSST Net and MSIFT share similarities with PIF-
Capsule, as they all employ self-attention structures. CSST Net pri-
marily achieves data fusion by concatenation, while MSIFT utilizes a
cross-attention mechanism to realize the feature fusion.

In this paper, CSST_Net performs data fusion by concatenating three
features from the wavelet, STFT, and BD views. MSIFT is input the
wavelet and BD views. As demonstrated by the ablation experiments
in Table 6, these two views have the most significant impacts.
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Table 5
A comparison with advanced multi-source feature fusion algorithms under ten samples.
Model Fusion algorithm G F Parameters FLOPs (M)
CSST_Net [89] Concatenation 86.79 + 0.27 53.13 + 0.33 657,192 169.61
MSIFT [90] Cross-attention 94.64 + 0.12 83.95 + 0.52 1,185,144 1025.38
HSE _ResNet [91] TAP+CDPF 53.45 + 0.81 77.82 + 0.11 3,891,944 716.67
PIFCapsule AFR 95.62 + 0.21 91.53 + 0.15 482,407 22.73
Table 6
Function comparison of each module in PIFCapsule under dataset G. 5158 1
STFT-based BD-based Wavelet-based NTRA BSQ Accuracy (%) 161 '
v v v v v 91.53 + 0.15 14k
v v v v 90.25 + 0.91
v v v v 48.50 + 0.27
v v 61.35 + 0.13 121
v v v v 85.28 + 0.26 o
v v v v 89.59 + 0.16 S 10+
v v v v 87.85 + 0.15 %
2
£ 8f
(=2}
©
= 6 no-wavelet
The results indicate that PIFCapsule achieves improvements of wavelet
0.98% and 7.58% on different datasets. Although MSIFT exhibits 4
competitiveness, its parameter count is 2.46 times that of PIFCapsule,
and computational complexity is 45.11 times that of PIFCapsule. Con- 5
sequently, the efficiency is far inferior to that of PIFCapsule. Besides, 917.97 Hie
both CSST_ Net and MSIFT utilize the relatively complex Transformer 0 T T T T T n T — —1
architecture without lightweight. 0 100 200 300 400 500 600 700 800 900 1000
Frequency (Hz)
4.2.6. Ablation experiment . .
Fig. 11. The frequency response of the wavelet weights.

To assess the impact of different modules, as illustrated in Table
6, the improvements attributed to the STFT view, wavelet view, and
BD view are 1.28%, 43.03%, and 6.25%, respectively. It is evident that
the wavelet view exerts the most significant influence, indicating that
multi-scale and high-resolution time-frequency features can capture
the vast majority of fault features, thereby substantially enhancing the
performance. The STFT view and BD view play supplementary roles,
with the BD view particularly extracting periodic characteristics.

Furthermore, we investigated the influence of different metrics. The
primary objective of BSQ is to enhance the energy concentration of
the time-frequency representation, while NTRA is primarily employed
to reduce noise and extract periodic impulse features. When BSQ is
adopted, the performance improves by 1.94%. BSQ enhances the en-
ergy concentration of the extracted time-frequency representation, and
accentuates the feature bands. The performance is boosted by 3.68%
utilizing NTRA. NTRA primarily learns the noise in the periodic signals
through the differentiable soft-thresholding module, thereby amplifying
the periodic impulses and highlighting the fault feature frequencies. In
summary, the two primary loss functions in this study complement each
other, improving the quality of raw signals.

5. The interpretability analysis of PIFCapsule
5.1. The interpretability of the multi-view first-layer bottleneck

To verify the interpretability of the first-layer bottleneck, we con-
sider the freight wheelset bearing as a case, where the fault frequency
is predominantly below 1000 Hz. Based on the ablation experiment
presented in Table 6, the wavelet view information is the most critical
factor. Consequently, it will be on analyzing the wavelet weight view.

Initially, the amplitude frequency response h(f) of the wavelet
weights is computed [48]:

1 m
h(f) =~ Z | freqz(w))| (22)
where w; denotes the weight of each channel, and m represents the
channel number.
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As illustrated in Fig. 11, the amplitude frequency response of the
wavelet weights exhibits the highest peak at 351.56 Hz, that of the
vanilla convolution approximates a straight line, which cannot reflect
the physical characteristics of signals. Additionally, we conducted an
analysis of raw signals using Fast Fourier Transform (FFT) across eight
distinct states, as depicted in Fig. 12. Corresponding to the wavelet
weights, the distribution of various states around 300 Hz is relatively
dense. This observation indicates that the wavelet weights can discern
differences between different states near 300 Hz and effectively extract
the fault frequency features.

Furthermore, as demonstrated in Fig. 13, an analysis of the en-
velope spectrum amplitudes of the filtered signals by the BD layer
corroborates this finding. It is evident that the amplitude attains its
maximum around 300 Hz, thereby further substantiating that the mean
frequency response of the wavelet kernel is primarily concentrated
around 300 Hz. Concurrently, an interesting phenomenon was ob-
served: as shown in panels (a), (e), (d), (h), the maximum or second am-
plitude points are located at the same frequency 304.96 Hz (289.06 Hz)
and 664.06 Hz, which can lead to confusion and misclassification.
Hence, additional view information — such as the wavelet or STFT views
— is imperative to further distinguish fault types.

Finally, as depicted in Fig. 14, we analyze the frequency distribu-
tion from window weights across various channels. The frequencies
in the initial-index channels are predominantly distributed around
300 Hz post-training, whereas these channels exhibit around 0 Hz
before training, with no significant changes observed in other channels.
This reveals three key phenomena: @ The window weights corroborate
that the frequency distribution is concentrated near 300 Hz, and the
discriminative features can be extracted. ® The window weight initial-
ization approximates the optimal window weights, obviating the need
for extensive adjustments. ® In the initial-index channels, the filter is
centered around 300 Hz, and different channels extract the primary
features of raw signals at distinct frequencies, predominantly within
the low-frequency range.
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5.2. The interpretability of the routing coefficient Z

With case study using Dataset F, in PIFCapsule, the low-level cap-
sules are constructed from features extracted across three information
views: wavelet, STFT, and BD. 16 groups of low-level capsules are
utilized, which are subsequently aggregated into high-level capsules
through an AFR mechanism, yielding 8 groups. To quantify the con-
tributions of low-level capsules to high-level capsules, the following
analysis is conducted.

As depicted in Fig. 4, the representation of low-level capsules can
be expressed as m:

16

m=2x1~KV
k=1

(23)
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For any given low-level capsule i, the raw contribution can be
represented as:

ri = |lmyll, (24)
while the actual contribution can be expressed as:
a; = llm; - Z,1l, 25

where Z; denotes the routing coefficient or attention weight associ-

ated with capsule i. PIFCapsule eschews pooling operations. Z is piv-

otal in facilitating the routing communication between low-level and

high-level capsules, thereby enabling the fusion of three physics-based

low-level capsules. Z offers insight into the advantages of PIFCapsule.
Consequently, the final heatmap is calculated as:

Aigy:
heatmap, ; = —. 8+j (26)

Fige; +e€
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Fig. 14. The frequency distribution of window weights across various channels.

Fig. 15. Heatmap:

where ¢ is a small constant.

As illustrated in Fig. 15, the heatmap visually represents the contri-
bution degrees of low-level capsules to high-level capsules. Although
the contributions vary across different low-level capsules, they are
positive, indicating that the low-level capsules, which integrate three
physics-based information sources, make a positive contribution to fault
localization.

6. Conclusion

Rail transit vehicle diagnosis is challenged by high rotational
speeds, high loads, and limited samples. FLIP — an intelligent frame-
work rooted in customized manufacturing and embodied intelligence
— that systematically embeds human prior knowledge into smart di-
agnostic equipment. Building upon this paradigm, a multi-view signal
processing priors embedded PIFCapsule is proposed. Firstly, a physics-
inspired multi-view method, with wavelet transform, short-time Fourier
transform, and blind deconvolution, is put forward to extract distinct
physical properties and maximize the exploitation of complementary
information across time, frequency and time-frequency. Secondly, a
new non-iterative and computationally efficient attention fusion rout-
ing mechanism is proposed. AFR cannot only cope with a reduced

15

(h)

mapping from lower-level capsules to higher-level capsules.

number of capsules, improve intrinsic transformation capability of
knowledge, and enhance generalization. Crucially, during the routing,
AFR fully integrates the variations in complementary information,
widen information space dimension and successfully captures implicit
inter-view associations. Finally, a noise threshold amplitude ratio met-
ric is proposed as a physics-informed regularization, which amplifies
impact-related fault characteristics by weakening the learned noise.
However, several directions merit further investigation. Firstly,
compared to some single-source physics-based information models,
the parameter count and complexity of PIFCapsule are still relatively
high. Further research is needed to achieve a more lightweight model
while maintaining performance. Secondly, the features of PIFCapsule
possess more physical interpretability and generalization, which hold
potential for transfer learning across different machines. Thirdly, the
first-layer paradigm can cover more types of signal processing and
develop more signal processing-enabled convolution- or Transformer-
based feature fusion modules. Finally, enhancing the performance of
existing algorithms through Large language models (LLMs) [92] is
an intriguing research direction. By leveraging LLM agents or as-
sistants, researchers aim to further optimize the lightweight nature
and performance of established algorithms. In the future, exploration
can be conducted to deeply integrate the perception-action loop of
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embodied intelligence with the reasoning capabilities of LLMs, so as
to construct intelligent agents capable of active interaction, continuous
learning, and autonomous decision-making. This will enable dynamic
understanding, causal explanation, and adaptive diagnosis of faults in
complex industrial systems.
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