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Abstract: Reliable condition monitoring of railway wheelset bearings is essential for train safety, yet 1 

acoustic fault diagnosis in practical wayside environments remains challenging due to strong background 2 

noise. Although acoustic monitoring provides a flexible and non-contact solution, fault-related signatures can 3 

be easily masked under low signal-to-noise ratio (SNR) conditions. Moreover, purely data-driven models lack 4 

physical guidance, which limits their noise robustness in complex environments. To address these issues, this 5 

paper proposes a Physics-Informed Modulated Fusion ResNet (PIMF-ResNet) that combines auditory-6 

inspired acoustic representation with physics-informed learning. Acoustic feature maps are first constructed 7 

to capture fault-related information from noisy signals. Meanwhile, 15-dimensional envelope-spectrum peak-8 

amplitude features are extracted around characteristic frequencies predicted from bearing geometry and 9 

rotational speed and their first three harmonic orders. A physics attention mechanism adaptively weights these 10 

priors and maps them to channel-wise coefficients for ResNet34 feature modulation. A physics-consistency 11 

loss further encourages class-conditioned attention to the corresponding fault-frequency families. 12 

Experiments on laboratory railway wheelset bearing acoustic data collected at 250 r/min with added ESC-50 13 

environmental noise show that PIMF-ResNet achieves accuracies of 98.83% on the original recordings and 14 

79.24% at −15 dB under the reported validation protocol. At −15 dB, accuracy exceeds that of the auditory-15 

only baseline by 6.64 percentage points. Comparisons with representative CNN and Transformer models 16 

demonstrate improved diagnostic performance and noise robustness under the evaluated added-noise 17 

conditions. 18 

Keywords: Railway wheelset bearings; Acoustic fault diagnosis; Auditory-inspired acoustic 19 

representation; Physics-informed learning; Noise robustness 20 
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1. Introduction 1 

Railway wheelset bearings are critical components of the running gear, and their condition directly 2 

affects train safety and maintenance costs. Localized bearing defects generate periodic impacts and 3 

modulation features in vibration and acoustic signals, providing an important basis for fault diagnosis. 4 

Compared with vibration monitoring, acoustic monitoring is non-contact, flexible in sensor deployment, and 5 

well suited to wayside inspection [1,2]. Existing studies have explored several techniques for railway bearing 6 

acoustic diagnosis. He et al. enhanced weak fault information through resampling and stochastic resonance 7 

[3]. Zhang et al. addressed Doppler distortion and multi-source coupling using source separation and 8 

correction methods [4], and later extracted fault components from wayside acoustic signals through adaptive 9 

sparse decomposition [5]. Other studies employed enhanced spline-kernel Chirplet transform and parametric 10 

Doppler correction to improve feature extraction under moving-source conditions [6,7]. These methods 11 

demonstrate the potential of acoustic signals for railway bearing monitoring. However, strong background 12 

noise, propagation attenuation, harmonic interference, and moving-source distortion remain major challenges 13 

in practical environments. 14 

With the development of intelligent diagnosis, research has gradually shifted from handcrafted features 15 

to deep representation learning. Zhang et al. constructed graph representations of bearing acoustic signals and 16 

used a deep graph convolutional network for fault identification [8]. Hasan et al. combined acoustic spectral 17 

imaging with transfer learning to improve diagnosis under variable-speed conditions [9]. Auditory perception 18 

mechanisms have also been introduced to improve feature robustness. For example, Yang et al. fused the Mel 19 

spectrum with auditory neurotransmitter release rate to construct an auditory perception map, achieving 20 

improved recognition under low signal-to-noise ratio (SNR) conditions [10,11]. Zhao et al. systematically 21 

reviewed deep learning applications in machine health monitoring and pointed out that deep models can 22 

automatically learn fault features from large-scale monitoring data [12]. Guo et al. developed a hierarchical 23 

adaptive convolutional neural network for bearing fault diagnosis [13]. Zhang et al. proposed a deep 24 

convolutional network training strategy for noisy environments and varying load conditions, improving the 25 

robustness of end-to-end models [14]. These studies indicate that perceptual representations can help capture 26 

weak acoustic patterns in noisy environments. 27 

Nevertheless, perceptual features alone cannot fully address the problem. Bearing faults follow explicit 28 

kinematic mechanisms determined by bearing geometry, contact angle, and rotational speed. Defects in the 29 

inner race, outer race, rolling element, and cage produce characteristic fault frequencies and their harmonics. 30 

Without such physical constraints, deep models may focus on residual noise, harmonic interference, or 31 

unrelated operating components. This problem becomes more serious when the noise distribution changes. 32 

Purely data-driven models may then learn spurious patterns instead of fault-related information. Their 33 

decision basis is also difficult to relate to known bearing mechanisms, limiting interpretability in safety-34 

critical applications. 35 



Physical knowledge provides a possible solution to this limitation. Xie et al. combined fault-frequency 1 

priors with a self-learning branch to improve the interpretability of wind turbine bearing diagnosis [15]. Gao 2 

et al. developed MPINet with physics-informed blocks for few-shot fault diagnosis [16] Zeng et al. introduced 3 

a frequency-aware physics-informed convolutional network that directs convolution kernels toward 4 

characteristic fault frequencies [17]. From an acoustic perspective, Ma et al. used probabilistic sparse 5 

modeling to recover bearing impact features under low-SNR conditions [18]. These studies show that physical 6 

priors can reduce dependence on purely statistical correlations and provide more interpretable fault 7 

representations. 8 

Recent studies have further explored mechanism–data hybrid diagnosis. Herwig et al. embedded signal-9 

processing operations, including envelope analysis and order tracking, into neural networks [19]. You et al. 10 

introduced acoustic–vibration multi-physics constraints into a digital twin framework [20], while Qin et al. 11 

incorporated bearing dynamic models into an inverse physics-informed neural network [21]. Zhong et al. 12 

developed a multi-source physics-informed network based on improved SincNet [22]. Simulation-driven 13 

learning and domain adaptation have also been investigated for transferring physical knowledge to measured 14 

bearing data [23]. Despite this progress, physics-guided learning for railway wheelset bearing acoustic signals 15 

under strong noise remains insufficient. In particular, the connection among auditory features, fault-frequency 16 

priors, and deep acoustic representations has not been fully explored. 17 

This issue is especially important for acoustic diagnosis. Unlike vibration signals, acoustic signals are 18 

strongly affected by spatial propagation, reflection, sensor position, and environmental noise. Therefore, the 19 

energy distribution of fault-related frequencies can vary considerably. Simply adding theoretical frequencies 20 

to the classifier does not guarantee that the network will focus on the corresponding acoustic features. Post-21 

hoc visualization methods such as Grad-CAM can reveal model attention but cannot control noise-related 22 

responses during training. Physical priors should therefore participate directly in feature learning and guide 23 

the network toward mechanism-related information. 24 

To this end, this paper proposes a Physics-Informed Modulated Fusion ResNet (PIMF-ResNet) for noise-25 

robust acoustic fault diagnosis. Acoustic feature maps generated by an auditory model are used as data-driven 26 

inputs. In parallel, a 15-dimensional physical feature vector is constructed from envelope-spectrum peak 27 

amplitudes around kinematically predicted characteristic frequencies and their 1X–3X harmonic orders. A 28 

physical attention layer adaptively weights FR, BPFO, BPFI, BSF, FTF, and their harmonic components. The 29 

weighted priors are then projected into channel attention weights to modulate the deep features of ResNet34. 30 

In addition, a physical consistency loss is introduced to reduce attention drift under strong noise. It encourages 31 

stronger responses to fault-related frequency families while suppressing irrelevant components. In this way, 32 

bearing kinematic knowledge directly participates in feature learning and network optimization. 33 

The main contributions of this paper are summarized as follows. 34 

(1) Bearing kinematic priors are incorporated into deep acoustic feature learning to construct a physics-35 

guided framework for wheelset-bearing diagnosis under strong noise. Rather than treating physical 36 



information as additional classifier inputs, the proposed framework uses it to guide the learning of fault-1 

related representations. 2 

(2) To establish a connection between physical priors and deep acoustic features, fault-frequency 3 

information is adaptively weighted and mapped to ResNet channels for feature modulation. A physical 4 

consistency constraint is further imposed to strengthen fault-related responses and reduce noise-induced 5 

attention drift. 6 

(3) The proposed PIMF-ResNet is evaluated on measured wheelset-bearing acoustic data with ESC-50 7 

environmental noise augmentation. Representative CNN and Transformer models are used for comparison 8 

across multiple SNR conditions to assess diagnostic accuracy and noise robustness. 9 

2. Methodology 10 

2.1. Overview of the Fault Diagnosis Framework 11 

Traditional CNN-based bearing diagnosis relies mainly on data-driven feature learning, which limits 12 

physical interpretability and can lead to performance degradation under strong noise. To address these issues, 13 

PIMF-ResNet integrates bearing kinematic priors with deep acoustic features through a dual-stream 14 

architecture, improving the physical relevance and noise robustness of fault representations. 15 

The overall framework consists of three stages, as shown in Figure 1. First, raw acoustic signals are 16 

preprocessed and transformed into two-dimensional feature maps. Meanwhile, a 15-dimensional physical 17 

prior vector is constructed from envelope-spectrum peak amplitudes around bearing characteristic frequencies 18 

and their 1X–3X harmonic orders. 19 

Second, the acoustic feature maps and physical priors are processed by the acoustic and physics-guided 20 

branches, respectively. ResNet-34 extracts deep acoustic features, while the physical priors are adaptively 21 

weighted and mapped to channel attention weights. These weights modulate the acoustic features to 22 

emphasize fault-related information. The model is jointly optimized using cross-entropy loss and physics 23 

consistency loss. 24 

Finally, the trained model is evaluated under eight bearing health conditions and different noise levels at 25 

a fixed rotational speed. Its diagnostic accuracy and added-noise robustness are compared with representative 26 

fault diagnosis methods. 27 



 1 

Figure 1. Flowchart of the PIMF-ResNet-based bearing fault diagnosis framework. 2 

In the following section, we describe the proposed fault diagnosis model and feature extractors, as well 3 

as the methods used to train each feature extractor and the overall model. 4 

2.2 Auditory-Inspired acoustic feature representation  5 

The acoustic feature maps used in this study are generated using the auditory-perception-based acoustic 6 

feature extraction method developed in our previous work [24–26]. Inspired by the cascaded processing 7 

mechanisms of the human auditory periphery and brainstem, this method converts one-dimensional acoustic 8 

segments into multi-feature auditory spectrograms across frequency channels by simulating middle-ear 9 

transmission, cochlear frequency selectivity, inner hair cell transduction, auditory nerve synaptic responses, 10 

and modulation-sensitive processing in the early auditory brainstem. Compared with conventional energy-11 

based time–frequency representations, this auditory representation not only characterizes variations in 12 

acoustic energy over time and frequency, but also incorporates key auditory processing properties, including 13 

cochlear nonlinear compression, frequency selectivity, temporal integration, synaptic adaptation, and 14 

modulation-sensitive responses. In our previous study, this auditory front-end was used to construct multi-15 

feature auditory spectrograms and was integrated with a neural network for acoustic fault identification of 16 



railway wheelset bearings, where its effectiveness was experimentally validated. The present study builds on 1 

this auditory front-end by introducing physics-guided channel modulation and class-conditioned consistency 2 

regularization.  3 

To match the frequency organization of the human auditory system and the spectral characteristics of 4 

railway wheelset bearing acoustic signals, the characteristic frequency (CF) channels are distributed using a 5 

logarithmic frequency mapping strategy [27,28]. Specifically, the center frequency of the i-th auditory channel 6 

is defined as: 7 

1
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cf
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where CFi represents the characteristic frequency of the i-th auditory channel, fL and fH denote the lower 8 

and upper frequency boundaries, respectively, and Ncf represents the total number of characteristic-frequency 9 

channels. This logarithmic allocation strategy provides denser frequency resolution in the low-frequency 10 

region while maintaining effective coverage of the high-frequency components associated with bearing fault-11 

related acoustic responses. 12 

After the auditory peripheral and brainstem processing stages, the input acoustic signal x(t) is 13 

transformed into a multi-channel auditory representation. The output auditory feature map can be expressed 14 

as [29–31]: 15 

1 2[ ( ), ( ),..., ( )] cf

cf

N T

NA t A t A t R
= A  (2) 

where Ai(t) denotes the auditory response corresponding to the i-th characteristic frequency channel and 16 

T represents the temporal dimension. Each channel contains the time-varying response extracted through the 17 

auditory processing cascade, enabling the representation to preserve both frequency-selective information and 18 

temporal modulation characteristics of bearing acoustic signals. Furthermore, nonlinear compression is 19 

introduced in the auditory processing pipeline to reduce the influence of large-amplitude interference and 20 

enhance weak fault-related responses. The compressed auditory representation can be described as [32–34]: 21 

( ) ( ( ), )i iY t x t CF=   (3) 

where ( )   denotes the auditory periphery–brainstem cascade including cochlear filtering, inner hair 22 

cell transduction, auditory nerve synaptic processing, and brainstem modulation. 23 

The obtained auditory feature maps are subsequently used as the input of the acoustic feature extraction 24 

branch in the proposed PIMF-ResNet framework. By combining the auditory-inspired representation with 25 

physics-guided feature modulation, the model is able to exploit both data-driven acoustic patterns and bearing 26 

mechanism-related prior information for robust fault diagnosis. 27 

A schematic illustration of the auditory-inspired acoustic feature construction process is shown in Figure 28 

2, and the resulting auditory spectrograms are presented in Figure 3. 29 



 1 

Figure 2. Schematic Illustration of the Auditory-Inspired Acoustic Feature Construction Process. 2 

 3 

Figure 3. Auditory spectrograms generated by the auditory model under different bearing health 4 

conditions: (a) healthy bearing; (b) moderate inner-race fault; (c) severe inner-race fault; (d) moderate outer-5 

race fault; (e) severe outer-race fault; (f) rolling-element fault; (g) slight inner-race fault; and (h) slight 6 

outer-race fault. 7 



2.3 Physics-Based Priors for Bearing Fault Diagnosis  1 

Bearing fault frequencies refer to specific vibration frequency components generated by bearing defects 2 

as a result of the bearing geometry and operating characteristics. These components manifest as characteristic 3 

patterns in the time-domain waveform or as distinct peaks in the frequency spectrum [35]. 4 

When a fault occurs, periodic impacts generated during bearing rotation induce vibrations, thereby 5 

producing characteristic fault-frequency components in the measured signal [36]. 6 

For a given bearing, the parameters associated with its fault frequencies, such as the contact angle, 7 

rolling-element diameter, and number of rolling elements, generally remain constant. Consequently, variations 8 

in the fault frequencies are governed primarily by the rotational speed. Under constant-speed operating 9 

conditions, these frequencies can therefore guide the extraction of diagnostic spectral-amplitude features. The 10 

characteristic fault frequencies of the bearing components are calculated as follows: 11 
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where B݂PFI , B݂PFO , and B݂SF denote the characteristic fault frequency of the inner raceway, the 12 

characteristic fault frequency of the outer raceway, and the rolling-element spin frequency, respectively. ݖis 13 

the number of rolling elements, ௥݂is the shaft rotational frequency, ߙis the contact angle, and ܦand ݀denote 14 

the pitch diameter and rolling-element diameter, respectively. 15 

The probability density distributions of the characteristic bearing fault frequencies are shown in Figure 16 

4. Different fault types exhibit distinct density peaks at specific frequencies, reflecting their respective 17 

physical characteristics. Owing to their strong discriminative capability, these characteristic frequencies can 18 

serve as reliable diagnostic indicators and facilitate the identification of different bearing fault modes.  19 



 1 

Figure 4. Probability density curves of characteristic bearing fault frequencies. 2 

During the operation of mechanical equipment, fault-induced vibration responses are often modulated, 3 

while localized bearing defects generate periodic impacts whose repetition rates lie predominantly in the low-4 

frequency range. Envelope-spectrum analysis demodulates these low-frequency fault-related components 5 

from the modulated response, thereby enhancing the detectability of characteristic fault signatures [37]. 6 

To explicitly incorporate the kinematic mechanisms of railway wheelset bearings into the network, a 7 

physics-informed feature purification operator based on resonance-sensitive locations in the envelope 8 

spectrum is developed, as illustrated in Figure 5. First, the amplitude envelope of the raw time-domain signal 9 

is obtained using the Hilbert transform, after which the envelope spectrum is calculated via the fast Fourier 10 

transform (FFT). This demodulation process reveals low-frequency components associated with periodic fault 11 

impacts, although the resulting spectrum remains susceptible to noise. Subsequently, to prevent the complete 12 

high-dimensional spectrum from introducing redundant information and noise interference, frequency 13 

tolerance bands are defined to selectively capture the local peak amplitudes around five theoretically derived 14 

characteristic frequencies—namely, the shaft rotational frequency (FR), outer-race fault frequency (BPFO), 15 

inner-race fault frequency (BPFI), rolling-element spin frequency (BSF), and cage rotational frequency 16 

(FTF)—together with their first three orders from 1X to 3X. 17 

Through this procedure, the high-dimensional continuous spectrum is condensed into a 15-dimensional 18 

feature vector with explicit and well-defined physical meaning, which is then used as the input to the physics-19 

guided branch of the network. This feature-purification mechanism not only preserves the fault-induced 20 

kinematic characteristics of the bearing but also substantially reduces the learning burden and noise sensitivity 21 

of the physics-guided branch. 22 



 1 

Figure 5. Schematic illustration of the physics-based feature extraction mechanism for bearing faults. 2 

2.4 Physics-Informed Modulated Fusion ResNet 3 

2.4.1 Overall Network Architecture 4 

To overcome the limited interpretability of conventional purely data-driven methods and their 5 

vulnerability to complex background noise in acoustic/vibration-based fault diagnosis, a physics-informed 6 

residual neural network, referred to as Physics-Informed Modulated Fusion ResNet (PIMF-ResNet), is 7 

proposed. Its overall architecture is illustrated in Figure 6. 8 

 9 



 1 

Figure 6. Architecture of the PIMF-ResNet Framework. 2 

The proposed architecture consists of an acoustic feature extraction branch and a physics-guided 3 

modulation branch. The acoustic feature map is first converted to three channels through a 4 1 × 1 convolutional adapter and then fed into ResNet34 to extract high-level acoustic representations. In 5 

parallel, the 15-dimensional physics prior features are adaptively weighted by the Phys-Attention Layer and 6 

subsequently mapped to 512-dimensional channel weights through two linear layers with batch normalization 7 

and nonlinear activations. These physics-guided weights modulate the ResNet34 feature map in a channel-8 

wise manner, enabling explicit incorporation of bearing fault priors into deep acoustic representations. The 9 

modulated features are finally processed by adaptive average pooling and a fully connected classification head 10 

with ReLU activation and dropout to produce logits for the eight bearing conditions. 11 

2.4.2 Physics Attention Generation Mechanism 12 

To inject bearing kinematic priors into deep feature learning, a physics attention mechanism is employed 13 

to adaptively reweight the characteristic fault-frequency components. The physics prior vector P ∈R15 14 

comprises FR, BPFO, BPFI, BSF, and FTF, together with their first three harmonics. The corresponding 15 

attention weights are computed as: 16 

( )1 1pW W P b= +  (7) 

where W1 ∈ R15×15 and b1 ∈ R15 are learnable parameters, and ߪ(⋅)denotes the Sigmoid function. 17 

The resulting Wp∈(0, 1)15characterizes the relative importance of the individual physics-based frequency 18 

components and provides the basis for subsequent physics-guided feature modulation. 19 

The physics attention weights Wp are applied to the original physics prior vector P through element-wise 20 

multiplication, yielding the attention-weighted physics representation: 21 



pP P W=   (8) 

To prevent the network from becoming overly dependent on the physics priors, a physics modality 1 

dropout strategy is introduced during training. Specifically, the attention-weighted physics vector is randomly 2 

masked as a zero vector with a probability of 0.15: 3 

, with probability 0.15

, with probability 0.85
attendedP

P


= 


0
  (9) 

The resulting 15-dimensional representation is then mapped to the 512-dimensional channel space of the 4 

ResNet34 feature map through a two-layer Physics-Guided Channel Attention Network, providing physics-5 

guided weights for subsequent channel-wise modulation. 6 

The attention-weighted physics representation is further projected into the channel space of the ResNet34 7 

backbone through a two-layer mapping network. The first layer expands the 15-dimensional physics vector 8 

to a 64-dimensional latent representation, followed by batch normalization (BN) and ReLU activation: 9 

2 2ReLU(BN( ))attendedH W P b= +  (10) 

where 64 15

2W R   and 64

2b R  are learnable parameters, and 64H R   denotes the intermediate 10 

representation. 11 

The second layer maps H to a 512-dimensional channel-weight vector, followed by a Sigmoid function: 12 

3 3( )vW W H b= +  (11) 

where 512 64

3W R   and 512

3b R  . The resulting Wv∈(0, 1)512 provides physics-guided channel 13 

weights that are dimensionally aligned with the deep acoustic feature map. These weights are subsequently 14 

applied through channel-wise modulation to relatively emphasize fault-relevant responses while suppressing 15 

physically irrelevant or noise-dominated channels. Since the Sigmoid coefficients lie between 0 and 1, this 16 

multiplication reweights or attenuates channels rather than amplifying their absolute magnitudes. 17 

 18 

Figure 7. Physics-Feature Gating and Modality Dropout. 19 

2.4.3 Physics-Guided Channel Modulation Fusion 20 

After mapping the 15-dimensional physical prior features into a 512-dimensional channel attention space, 21 



the PIMF-ResNet further employs a physics-guided channel modulation fusion mechanism to couple the 1 

bearing kinematic priors with the deep acoustic representations extracted by ResNet34. Unlike conventional 2 

feature-level fusion strategies that directly concatenate physical descriptors with deep features before 3 

classification, the proposed approach transforms the physical priors into channel-wise modulation coefficients. 4 

In this manner, the physical information does not merely serve as an additional input to the classifier but 5 

directly participates in the selection and recalibration of deep acoustic features. Specifically, let the deep 6 

acoustic feature map extracted by the ResNet34 backbone, with its classification layers removed, be denoted 7 

as
C H W

aF R   . Where C=512 denotes the number of feature channels, and ܪand ܹrepresent the spatial 8 

dimensions of the feature map. As described in Section 2.4.2, the physical attention branch converts the 15-9 

dimensional bearing physical prior into a channel attention vector c

CW R , whose elements characterize the 10 

relative importance of individual deep feature channels under the guidance of bearing fault-related physical 11 

information. 12 

To enable channel-wise modulation of the acoustic feature map, the attention vector is first reshaped by 13 

introducing two singleton spatial dimensions: 14 

1 1ˆ Unsqueeze( ) C

c cW W R  =   (12) 

The reshaped attention vector is then broadcast along the spatial dimensions and applied to the deep 15 

acoustic feature map through element-wise multiplication. The resulting physics-guided feature map is 16 

expressed as: 17 

ˆ( , , ) ( , , ) ( ,1,1)a cfF c h w F c h w W c=   (13) 

where {1,2, , }c C   denotes the channel index, while {1,2, , }h H  and {1,2, , }w W  denote the 18 

spatial coordinates of the feature map. 19 

As illustrated in Figure 8, the 15-dimensional physical prior is first adaptively reweighted by the physics 20 

attention layer and subsequently projected into a 512-dimensional channel attention vector aligned with the 21 

output channels of the ResNet34 backbone. The generated attention coefficients then modulate the deep 22 

acoustic representation on a channel-by-channel basis. Consequently, channels that are more consistent with 23 

bearing fault-related physical characteristics can be selectively emphasized, whereas responses dominated by 24 

noise or physically irrelevant information can be relatively suppressed. 25 

This modulation strategy differs fundamentally from direct feature concatenation. Instead of treating the 26 

physical prior and the acoustic representation as two independent feature sources, the proposed mechanism 27 

uses the physical prior to regulate the internal representation learned by the acoustic backbone. Therefore, the 28 

bearing kinematic knowledge is incorporated directly into the feature-selection process without altering the 29 

spatial structure of the ResNet34 feature map. Such a soft modulation mechanism preserves the data-driven 30 

representation capability of the backbone while introducing physically meaningful inductive guidance, 31 

thereby reducing the tendency of the network to rely on noise-induced spurious patterns under low-SNR 32 



conditions. 1 

 2 
Figure 8. Schematic illustration of the proposed physics-guided channel modulation fusion mechanism. 3 

The physics-guided feature map ܨ௙is subsequently compressed using adaptive global average pooling 4 

and fed into the classification head to obtain the final fault-category prediction. Through this procedure, the 5 

proposed PIMF-ResNet combines the adaptive representation capability of deep neural networks with the 6 

prior guidance provided by bearing fault-related physical information, thereby improving the stability and 7 

robustness of fault discrimination in complex acoustic environments. 8 

2.5 Physics-Consistency Regularization 9 

Although the physics-guided channel modulation mechanism introduces bearing kinematic priors into 10 

the deep feature learning process, the physics attention weights are still learned in a data-adaptive manner. 11 

Under severe background noise, these learned weights may be affected by noise-induced spurious correlations, 12 

causing the attention distribution to deviate from physically meaningful fault-related components. Such 13 

attention drift may weaken both the robustness and physical interpretability of the diagnostic model. 14 

To alleviate this problem, a physics-consistency regularization mechanism is introduced to explicitly 15 

constrain the 15-dimensional physics attention distribution during training. The basic principle is that, for a 16 

given bearing fault class, the attention weights associated with its corresponding characteristic-frequency 17 

family should be higher than those assigned to unrelated fault-frequency components. In this way, the physical 18 

prior is not only used to modulate the deep acoustic representation but also serves as an explicit regularizer 19 

for the internal decision process of the network. 20 

2.5.1 Physics-Consistency Loss 21 

According to rolling-bearing kinematics, a localized defect on a specific bearing component produces 22 

quasi-periodic impacts whose repetition rate is related to the bearing geometry and rotational speed. These 23 

impacts are expected to induce characteristic components around the corresponding defect frequencies and 24 

their harmonics in the measured acoustic response. Therefore, when the model identifies a particular fault 25 



type, the physics attention gate should preferentially emphasize the physical-prior components associated with 1 

the corresponding fault-frequency family. 2 

As described in Section 2.3, the physical-prior vector contains 15 envelope-spectrum peak-amplitude 3 

components associated with harmonic orders 1X–3X of the rotational frequency (FR), ball-pass frequency of 4 

the outer race (BPFO), ball-pass frequency of the inner race (BPFI), ball spin frequency (BSF), and cage 5 

rotational frequency (FTF). Let the physics attention vector of the ݅-th sample be denoted by  6 
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which is the output of the physics attention gate before the subsequent 15-to-512-dimensional channel 8 

projection. A class-to-physics mapping : yiiy →M I is defined for the eight fault classes, where ℐ௬೔denotes 9 

the index subset corresponding to the characteristic-frequency family associated with the ground-truth label 10 ݕ௜. Since FR primarily characterizes the rotational operating condition and is shared across different health 11 

states, its three components are excluded from the class-specific physics-consistency constraint. Accordingly, 12 
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 ,To 16 

encourage a clear separation between the target and non-target physical components, a margin-based hinge 17 

loss is introduced. Let  Dom( )ii y= ∣V M denote the set of valid fault samples in the current mini-batch 18 

and let Nvalid=∣V∣. The proposed physics-consistency loss is formulated as: 19 

( )( ) ( )

1

1
max 0, ( Domain( ))

B
i i

phys other target i

ivalid

L w w m y
N =

= − +   I M  (14) 

where ݉denotes the predefined margin and is set to 0.1in this study. 20 

The loss becomes zero when the mean attention assigned to the target fault-frequency family exceeds 21 

that of the non-target components by at least the prescribed margin. Otherwise, a penalty is introduced to 22 

increase the separation between them. Therefore, the loss acts as a soft physical regularizer rather than a hard 23 

deterministic constraint, allowing the network to retain sufficient data-driven flexibility while encouraging its 24 

internal attention distribution to remain consistent with bearing kinematics. 25 

The healthy class is not included in the physics-consistency loss because it does not correspond to a 26 

unique defect-frequency family. Likewise, the FR components are retained as physical inputs to the network 27 

but are excluded from the class-specific consistency loss because they mainly represent the common rotational 28 



condition. Although FTF components are retained in the physical prior vector to preserve complete bearing 1 

kinematic information, they are not assigned as target components in the physics-consistency loss because no 2 

cage fault category is considered in this study. The class-to-physics mapping used in the proposed method is 3 

summarized in Table 1.  4 

Table 1. Mapping between fault classes and target physical-prior components. 5 

Label Bearing condition Target physical-prior components 

0 Healthy Not included in the physics-

consistency loss 

1 Moderate inner-race fault BPFI, 2BPFI, 3BPFI 

2 Severe inner-race fault BPFI, 2BPFI, 3BPFI 

3 Moderate outer-race fault BPFO, 2BPFO, 3BPFO 

4 Severe outer-race fault BPFO, 2BPFO, 3BPFO 

5 Rolling-element fault BSF, 2BSF, 3BSF 

6 Slight inner-race fault BPFI, 2BPFI, 3BPFI 

7 Slight outer-race fault BPFO, 2BPFO, 3BPFO 

2.5.2 Joint Optimization Objective 6 

To jointly optimize fault classification performance and physical consistency, the standard cross-entropy 7 

loss ܮCE is combined with the proposed physics-consistency loss ܮphys . The overall training objective of 8 

PIMF-ResNet is defined as: 9 

total CE physics physL L L= +   (15) 

where ߙphyscontrols the contribution of the physics-consistency regularization and is set to 0.10 in this 10 

study. The cross-entropy term drives the network to learn discriminative acoustic representations, whereas 11 ܮphys encourages the physics attention distribution to remain consistent with the characteristic-frequency 12 

semantics of the corresponding bearing fault. Through joint optimization, the model retains the flexibility of 13 

data-driven feature learning while incorporating physically meaningful constraints into the internal 14 

representation process. 15 

3. Experimental verification 16 

3.1 Experimental setup 17 

To validate the effectiveness of the proposed PIMF-ResNet for acoustic-based railway wheelset bearing 18 

fault diagnosis, experiments were conducted using acoustic signals collected from a practical bearing test 19 

platform. The experimental specimens were railway wheelset bearings provided by Chongqing Changzheng 20 

Heavy Industry Co., Ltd., with the bearing model designated as 353130B. 21 

The geometric configuration of the tested bearing is represented as (d×D×C1×B1), where d, D, C1, 22 

and 1ܤdenote the inner diameter, outer diameter, outer-race width, and assembly height, respectively. The 23 

corresponding dimensions are 150×250×160×180.6mm. The rolling element diameter and effective axial 24 



length are 22.2 mm and 50.1 mm, respectively. The bearing rotational speed was maintained at 250 r/min 1 

during the experiments. These geometric parameters not only characterize the tested bearing structure but also 2 

provide essential information for calculating the theoretical characteristic frequencies and constructing the 3 

proposed physics-prior representations. 4 

The acoustic signals were acquired using a free-field measurement microphone (Type 4189-A-021, Brüel 5 

& Kjær). During data acquisition, the microphone was rigidly mounted on a mechanical support and 6 

positioned near the tested bearing with its sensing direction aligned toward the bearing surface, ensuring stable 7 

signal collection and reliable acoustic measurements. The acquired signals were digitized using a MI-7008D 8 

dynamic signal analyzer with a sampling frequency of 51.2 kHz, and the microphone sensitivity was set to 50 9 

mV/Pa. The experimental platform configuration and microphone placement are illustrated in Figure 9. 10 

 11 

Figure 9. Experimental setup for acoustic signal acquisition. 12 

The raw acoustic signals collected under different health conditions were first labeled according to their 13 

corresponding fault categories. In this study, eight bearing operating conditions were considered, including 14 

the healthy state and various fault states with different fault types and severity levels. The detailed category 15 

names, label indices, original recording durations, and fault sizes are summarized in Table 2, while the 16 

photographs of the inner- and outer-race faults are provided in Figure 10. Here, “slight” denotes a smaller 17 

artificial defect relative to the other defects in this experiment, rather than a naturally occurring early-stage 18 

fault. 19 

To ensure consistency during sample construction, all raw acoustic recordings were segmented using a 20 

fixed-length window. The duration of each segment was set to 0.25 s, and no overlap was applied during the 21 

segmentation process. Given the sampling frequency of 51.2 kHz, each acoustic segment contains 12,800 22 

sampling points. 23 

The non-overlapping segmentation strategy reduces the information redundancy among adjacent 24 

samples and mitigates the risk of data leakage caused by highly correlated samples being simultaneously 25 

included in the training and validation sets. Consequently, the constructed dataset provides a more reliable 26 

evaluation of the generalization capability of the proposed model under different acoustic noise conditions. 27 

Table 2. Bearing fault categories, labels, and artificially introduced defect dimensions. 28 

Label Fault Type 

Defect Dimensions (Length × 

Width × Depth) 

Original Recording 

Duration 

0 Healthy / 301s 



1 Moderate Inner-Race Fault 50×5×1mm 296s 

2 Severe Inner-Race Fault 50×10×1mm 283s 

3 Moderate Outer-Race Fault 50×6×1mm 296s 

4 Severe Outer-Race Fault 50×12×1mm 311s 

5 Rolling-Element Fault 50×1×0.8mm 294s 

6 Slight Inner-Race Fault 6×2×1mm 598s 

7 Slight Outer-Race Fault 8×2×1mm 616s 

 1 

Figure 10. Schematic illustrations of bearing fault types. 2 

The proposed PIMF-ResNet adopts a dual-input architecture consisting of a two-dimensional acoustic 3 

feature map and its corresponding 15-dimensional physical-prior feature vector. For each sample, the acoustic 4 

representation and physical-prior vector are paired according to the file name and label index, ensuring a 5 

consistent correspondence between data-driven features and physics-based information. To satisfy the input 6 

size requirements of the network, all acoustic feature maps are uniformly cropped or zero-padded along the 7 

temporal dimension. 8 

The dataset was divided into training and validation sets with a ratio of 8:2. The training set was used 9 

for parameter optimization, while the validation set was employed for model performance evaluation. During 10 

the splitting process, the proportion of samples from each fault category was maintained to reduce the 11 

influence of class imbalance on performance comparison. The same preprocessing procedure was applied to 12 

all experiments to ensure fair evaluation among different models. 13 

The proposed PIMF-ResNet was implemented using the PyTorch framework. The acoustic feature 14 

extraction branch adopts ResNet34 as the backbone network. Since the input acoustic feature maps contain a 15 

single channel, they were expanded to three channels before being fed into the ResNet34 backbone. In parallel, 16 

the physical-prior branch employs a physics attention gate to generate 15-dimensional physical attention 17 

weights, which are subsequently projected into 512-dimensional channel modulation weights for guiding the 18 

learning of deep acoustic representations. The final classifier consists of a fully connected layer, ReLU 19 



activation function, and Dropout layer to perform eight-class bearing condition recognition. 1 

The training configurations are summarized in Table 3. The batch size was set to 8, and the model was 2 

trained for 60 epochs with an initial learning rate of 0.001. The AdamW optimizer was adopted with a weight 3 

decay coefficient of 1×10-4 . The overall optimization objective combines the classification loss and the 4 

proposed physics-consistency loss, where the weighting coefficient of the physics-consistency term was set 5 

to αphys=0.10 . Furthermore, a physics dropout strategy with a probability of 0.15 was introduced during 6 

training to randomly suppress weighted physical features. This strategy reduces the model's excessive 7 

dependence on individual physical priors and improves robustness against acoustic noise interference and 8 

physical-feature perturbations. 9 

Table 3. Training parameter settings of the PIMF-ResNet model. 10 

Parameter Value 

Batch size 8 

Epoch 60 

Learning rate 0.001 

Optimizer AdamW 

Weight decay 
4(1 10 )−  

Classification loss Cross-Entropy Loss 

Physics loss weight 0.10 

Physics-consistency loss margin 0.10 

Dropout 0.30 

Physics dropout probability 0.15 

3.2 Feature Ablation and Noise Robustness Evaluation 11 

Acoustic-based railway wheelset bearing fault diagnosis is often affected by complex operating 12 

environments, where the collected acoustic signals are inevitably contaminated by non-stationary 13 

environmental noise. To evaluate the robustness of the proposed model under noisy conditions, the ESC-50 14 

environmental sound dataset [38,39] was introduced as an external noise source. This dataset contains diverse 15 

real-world environmental sounds and provides a suitable basis for simulating complex acoustic interference 16 

encountered in railway wheelset bearing monitoring scenarios. 17 

The ESC-50 dataset consists of 2000 environmental audio recordings, each with a duration of 5 s. For 18 

noise generation, a 2-s segment was first randomly extracted from each recording, followed by random 19 

cropping of a 0.25-s noise segment to match the duration of the bearing acoustic samples. All noise signals 20 

were resampled to 51.2 kHz and subsequently mixed with the original bearing acoustic signals according to 21 

predefined signal-to-noise ratios (SNRs) to construct noisy evaluation samples. 22 

The SNR is defined as: 23 



 10SNR 10log s

n

P

P

 
=  

 
 (16) 

where ௦ܲand ௡ܲdenote the power of the original bearing acoustic signal and the added environmental 1 

noise, respectively. In this study, the SNR levels were selected from 5 dB to −15 dB to evaluate the diagnostic 2 

performance under different noise intensities. 3 

To avoid reusing the same ESC-50 files across training and validation, disjoint noise-file subsets were 4 

employed. Specifically, the 2000 environmental recordings were divided into 1400 training noise samples 5 

and 600 validation noise samples. During training, random noise augmentation was applied, where noise 6 

segments and target SNR values were randomly selected for each sample. During validation, fixed noise 7 

samples were generated under clean, 5, 0, −5, −10, and −15 dB SNR conditions, ensuring a fair comparison 8 

among different models. 9 

All experiments were conducted using the same data partition strategy and preprocessing procedure, with 10 

80% of the samples used for training and the remaining 20% used for validation. The time-domain waveforms 11 

of the noise-augmented samples are presented in Figure 11. To investigate the contribution of different 12 

information sources to diagnostic performance, comparisons were performed among three feature 13 

configurations: physical-prior features alone, acoustic deep features alone, and the proposed fusion 14 

representation combining both. The model performance was evaluated using four metrics, including Accuracy, 15 

Precision, Recall, and F1-score, as summarized in Table 4. 16 

 17 
Figure 11. Time-domain waveforms of noise-augmented samples. 18 

Table 4. Comparison of different feature configurations under various SNR conditions. 19 

Feature configuration SNR Accuracy Precision Recall F1-score 

Physics-guided fusion 
clean 0.9883 0.9884 0.9883 0.9883 

5dB 0.9704 0.9708 0.9704 0.9704 



0dB 0.9498 0.9500 0.9498 0.9498 

-5dB 0.9202 0.9217 0.9202 0.9205 

-10dB 0.8711 0.8718 0.8711 0.8709 

-15dB 0.7924 0.8010 0.7924 0.7919 

Auditory acoustic 

features only 

clean 0.9727 0.9732 0.9727 0.9728 

5dB 0.9414 0.9434 0.9414 0.9412 

0dB 0.9191 0.9200 0.9191 0.9185 

-5dB 0.8867 0.8910 0.8867 0.8864 

-10dB 0.8354 0.8420 0.8356 0.8360 

-15dB 0.7260 0.7414 0.7260 0.7275 

Feature configuration 

Physics-prior features 

only 
 

clean 0.8097 0.8248 0.8097 0.8139 

5dB 0.6390 0.7163 0.6390 0.6456 

0dB 0.3376 0.4205 0.3376 0.3255 

-5dB 0.1987 0.2800 0.1987 0.1681 

-10dB 0.1635 0.2216 0.1635 0.1121 

-15dB 0.1535 0.2485 0.1535 0.0912 

As summarized in Table 4, different feature configurations exhibit distinct performance variations under 1 

different noise conditions. The proposed fusion strategy achieves the best performance among all evaluated 2 

configurations across the entire range of evaluation conditions. Specifically, the proposed method obtains 3 

accuracies of 0.9883, 0.9704, 0.9498, 0.9202, 0.8711, and 0.7924 under clean, 5 dB, 0 dB, −5 dB, −10 dB, 4 

and −15 dB conditions, respectively. Compared with the model using acoustic deep features alone, the fusion 5 

model consistently improves the diagnostic performance under all SNR levels. Particularly, under the 6 

extremely noisy condition of −15 dB, the Accuracy increases from 0.7260 to 0.7924, corresponding to an 7 

improvement of 6.64 percentage points. This result demonstrates that incorporating physical-prior 8 

information can effectively enhance fault discrimination capability under low-SNR environments. 9 

The physics-prior features alone achieve limited diagnostic performance, especially under noisy 10 

conditions. These features contain measured envelope-spectrum peak amplitudes around theoretical fault-11 

frequency locations, rather than only the frequency locations themselves. Their reduced accuracy under added 12 

noise suggests that these compact spectral descriptors alone are insufficient for reliable fault recognition in 13 

the evaluated conditions. 14 

The model using acoustic deep features alone shows better robustness under different noise levels, 15 

suggesting that deep acoustic representations can effectively capture discriminative patterns from complex 16 

acoustic environments and preserve fault-related information. Nevertheless, without explicit physical 17 

constraints, its performance still deteriorates under extremely low-SNR conditions. 18 

Overall, the physical-prior features and acoustic deep representations exhibit strong complementarity. 19 

The physical priors provide mechanism-related constraints associated with bearing fault characteristics, while 20 



the acoustic deep features enhance the adaptability of the model to complex noise environments. By 1 

integrating both information sources, the proposed method maintains high diagnostic accuracy under clean 2 

conditions and achieves robust performance under severe noise interference, demonstrating its effectiveness 3 

for railway wheelset bearing fault diagnosis in complex acoustic scenarios. 4 

3.3 Comparison of Diagnostic Performance and Noise Robustness among Multi-Architecture Baseline 5 

Models 6 

Based on the aforementioned noise robustness experiments, further comparative experiments were 7 

conducted to evaluate the diagnostic performance of the proposed PIMF-ResNet and the effectiveness of its 8 

architectural design. Several representative deep neural network architectures were selected as comparison 9 

models for comprehensive evaluation. 10 

The compared models include two Transformer-based vision models, Vision Transformer (ViT) and 11 

Swin Transformer, which represent current self-attention-based feature modeling approaches. In addition, 12 

three convolutional neural network architectures, namely ConvNeXt, EfficientNetV2, and DenseNet, were 13 

selected to represent modern convolutional networks, efficient lightweight CNNs, densely connected 14 

networks, and mobile-oriented lightweight architectures, respectively. 15 

All baseline models were trained and evaluated using the same data partition strategy and experimental 16 

configurations. The diagnostic performance and noise robustness of different architectures were assessed 17 

under six testing conditions, including clean data, 5 dB, 0 dB, −5 dB, −10 dB, and −15 dB SNR environments. 18 

he classification results of different models under various noise conditions are summarized in Figure 12 and 19 

Table 5. In addition, the average F1-score across different SNR conditions is further calculated to provide a 20 

comprehensive evaluation of classification stability, as shown in Figure 13. 21 

 22 

Figure 12. Comparison of diagnostic accuracy among different models under various signal-to-noise 23 

ratio conditions. 24 



 1 

Figure. 13. Comparison of average Macro F1-score among different models under various SNR 2 

conditions. 3 

Table 5. Recognition accuracy results of different models under various noise scenarios. 4 

SNR/dB 

Accuracy 

ViT SwinT ConvNeXt DenseNet EfficientNetV2 Proposed 

Clean 0.8248 0.9481 0.9665 0.9754 0.9805 0.9883 

5 0.7651 0.9057 0.9336 0.9386 0.9481 0.9704 

0 0.7411 0.8711 0.9102 0.9146 0.9180 0.9498 

-5 0.6897 0.8298 0.8627 0.8867 0.8845 0.9202 

-10 0.6166 0.7768 0.8058 0.8410 0.8164 0.8711 

-15 0.4821 0.6390 0.6992 0.7288 0.7249 0.7924 

As shown in Table 5, all models exhibit certain fault identification capability under clean conditions, 5 

while noticeable performance differences exist among different architectures. ViT achieves an accuracy of 6 

only 82.48%, which is lower than those of the other models, under the present training configuration; this 7 

comparison alone does not isolate the effect of global self-attention from data size, pretraining, or optimization 8 

settings. In contrast, Swin Transformer, ConvNeXt, DenseNet, and EfficientNetV2 achieve accuracies of 9 

94.81%, 96.65%, 97.54%, and 98.05%, respectively, showing higher accuracy under the same evaluation 10 

protocol. 11 

The proposed PIMF-ResNet achieves the highest accuracy of 98.83% under clean conditions, indicating 12 

that the introduced physics-informed modulation mechanism not only preserves the feature learning capability 13 

of deep networks but also enhances the representation of fault-related information. 14 

As the signal-to-noise ratio decreases, the performance of all models deteriorates, but with different 15 

degradation rates. Under the extreme noise condition of −15 dB, ViT and Swin Transformer decrease to 48.21% 16 

and 63.90%, respectively, whereas ConvNeXt, DenseNet, and EfficientNetV2 maintain accuracies of 69.92%, 17 

72.88%, and 72.49%, showing greater robustness in this comparison. 18 



In comparison, PIMF-ResNet achieves the best performance across all evaluation conditions. The 1 

accuracies under Clean Data, 5 dB, 0 dB, −5 dB, −10 dB, and −15 dB conditions reach 98.83%, 97.04%, 2 

94.98%, 92.02%, 87.11%, and 79.24%, respectively. Particularly, under the −15 dB condition, PIMF-ResNet 3 

improves the accuracy by 6.36, 6.75, 9.32, 15.34, and 31.03 percentage points compared with DenseNet, 4 

EfficientNetV2, ConvNeXt, Swin Transformer, and ViT, respectively. 5 

Furthermore, PIMF-ResNet achieves an average accuracy of 91.54% across six noise conditions, 6 

outperforming DenseNet (88.09%), EfficientNetV2 (87.87%), ConvNeXt (86.30%), Swin Transformer 7 

(82.84%), and ViT (68.66%). Meanwhile, the accuracy degradation from Clean Data to −15 dB is only 19.59 8 

percentage points, which is significantly lower than that of other models, demonstrating its superior robustness 9 

under severe noise environments. 10 

The observed improvement is consistent with a benefit from physics-guided fusion, although the 11 

individual contributions of channel modulation, consistency loss, and modality dropout have not been isolated. 12 

By incorporating bearing fault mechanism priors into the channel attention generation process, PIMF-ResNet 13 

enhances fault-related feature responses while suppressing noise-induced interference, thereby improving the 14 

reliability of acoustic fault diagnosis under complex noise conditions. 15 

Besides accuracy, the average Macro F1-score under six SNR conditions was further calculated to 16 

evaluate the classification stability of different models. As shown in Fig. 13, PIMF-ResNet achieves the 17 

highest average Macro F1-score of 91.53%, outperforming all comparison methods. This result indicates that 18 

the proposed physics-informed modulation mechanism improves not only overall recognition accuracy but 19 

also the consistency of multi-class fault identification under noisy environments. 20 

4. Conclusion 21 

This paper addresses the acoustic fault diagnosis problem of train wheelset bearings under strong 22 

background noise and proposes a Physics-Informed Modulated Fusion ResNet (PIMF-ResNet). The proposed 23 

method utilizes acoustic deep features as the data-driven representation and incorporates fault-frequency 24 

physical priors derived from bearing geometric parameters and rotational speed information. Through 25 

physics-informed attention modulation and channel feature reconstruction, the proposed framework integrates 26 

bearing fault mechanisms into deep feature learning, thereby improving diagnostic performance and 27 

robustness under complex noise environments: 28 

The main conclusions are summarized as follows: 29 

(1) The proposed PIMF-ResNet effectively integrates acoustic deep features with bearing fault-frequency 30 

priors. By guiding the network to focus on fault-related sensitive feature regions through physical information 31 

modulation, the proposed method enhances the representation capability of characteristic patterns associated 32 

with inner-race, outer-race, and rolling-element faults. 33 

(2) Extensive experiments under multiple noise conditions demonstrate that PIMF-ResNet consistently 34 

outperforms comparative models under different signal-to-noise ratio levels. From clean conditions to the 35 



extremely noisy condition of −15 dB, the recognition accuracies reach 98.83%, 97.04%, 94.98%, 92.02%, 1 

87.11%, and 79.24%, respectively, indicating superior noise robustness. 2 

(3) Across six noise scenarios, PIMF-ResNet achieves an average accuracy of 91.54% and exhibits a 3 

relatively smaller performance degradation from clean data to −15 dB conditions, validating the effectiveness 4 

of physics-informed guidance in improving the robustness of acoustic fault diagnosis. 5 

Although the proposed method achieves promising diagnostic performance, the current experiments are 6 

mainly conducted on laboratory datasets with relatively limited fault categories and operating conditions. 7 

Future work will extend the investigation to wheelset bearing data under variable rotational speeds, varying 8 

loads, and real railway operating environments to evaluate the generalization capability of the proposed 9 

physics-informed framework. Moreover, considering that the characteristic fault frequencies may vary under 10 

complex operating conditions, adaptive physics-prior modeling and dynamic mechanism-guided feature 11 

modulation will be further investigated. Furthermore, composite fault identification, fault severity estimation, 12 

and multi-source vibration-acoustic information fusion will be explored to enhance the applicability of the 13 

proposed method for practical online condition monitoring. 14 
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