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Abstract

To address the insufficient generalization capability of rolling bearing fault diagnosis models under

complex operating conditions such as variable rotational speed, variable load, and variable radial force, this

paper proposes a domain generalization fault diagnosis method based on Mamba feature extraction and

causal generalization loss. First, the raw vibration signals are standardized and segmented using a sliding

window strategy. Then, the selective state space model Mamba is employed to model long-range temporal

dependencies and local dynamic variations in fault impact signals. Subsequently, from the perspective of

causal invariance, generalization constraints are constructed by treating stable representations related to

fault categories as causal features, while regarding amplitude variations, noise disturbances, and speed

fluctuations induced by operating-condition changes as non-causal factors. A causal generalization loss

consisting of class-conditional causal prototype consistency loss and feature decoupling regularization is

designed to enhance the model’s adaptability to unseen operating conditions. Experiments are conducted on

the Paderborn University (PU) and JNU datasets, where four operating conditions are regarded as four

domains to construct cross-condition diagnosis tasks under a leave-one-condition-out evaluation protocol.

The proposed method is compared with support vector machine (SVM), one-dimensional convolutional

neural network (1D-CNN), one-dimensional residual network (ResNet1D), temporal convolutional network

(TCN), correlation alignment (CORAL), domain-adversarial neural network (DANN), maximum mean

discrepancy (MMD), and vanilla Mamba. Experimental results show that the proposed method achieves an

average accuracy of 93.56% on the PU dataset and 96.28% on the JNU dataset, outperforming all

comparison methods and further demonstrating its effectiveness.
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1. Introduction

Rolling bearings are critical support components in rotating machinery such as electric motors, fans,

pumps, and CNC machine tools; their operating condition directly affects the reliability and safety of the

equipment system. When damage occurs to the inner ring, outer ring, or rolling elements of a bearing,

vibration signals typically exhibit periodic impacts, amplitude modulation, and non-stationary spectral

changes. Consequently, intelligent fault diagnosis based on vibration signals has become a major research

focus in the field of mechanical condition monitoring (Lessmeier et al., 2016; Paderborn University, Chair

of Design and Drive Technology, n.d.; Randall & Antoni, 2011).

In recent years, deep learning methods have significantly advanced the automation of rolling bearing

fault diagnosis. Convolutional neural networks can extract local impact patterns from raw one-dimensional

signals, residual networks can alleviate the challenges of training deep models, and time-series models such

as TCNs can enhance the ability to model sequence dependencies (Bai et al., 2018; He et al., 2016;

Janssens et al., 2016; Lei et al., 2020; Zhang et al., 2018; Zhang et al., 2020). However, actual industrial

equipment often operates under variable conditions over extended periods, resulting in significant

distribution shifts between training and test data. For example, variations in rotational speed, load torque,

radial load, and temperature can all alter the amplitude distribution, impact period, and spectral structure of

vibration signals. Traditional supervised learning models are prone to learning spurious correlations

specific to particular operating conditions; when these models are directly applied to unseen operating

conditions, diagnostic accuracy may decline significantly.

For cross-condition diagnostic problems, transfer learning, domain adaptation, and domain

generalization methods have been extensively studied (Ganin et al., 2016; Pan & Yang, 2010; Sun &

Saenko, 2016; Wang et al., 2023; Zhao et al., 2024). Among these, domain adaptation typically requires

unlabeled samples from the target domain during the training phase, whereas domain generalization trains

models using only data from multiple source domains and requires the model to generalize directly to an

unknown target domain, which better aligns with the practical application needs of equipment deployment

where target operating conditions are unpredictable. Common methods include CORAL, which is based on

statistical distribution alignment; DANN, which is based on domain adversarial learning; and MMD, which

is based on maximum mean deviation. While these methods can mitigate operating condition differences

between source domains to some extent, their feature extraction backbones largely rely on CNNs or

conventional temporal networks, resulting in limited capabilities for modeling cross-period fault impacts in

long vibration sequences. Recent studies on large-model-based machine monitoring, digital-twin-driven

predictive maintenance, and machine-learning-based engineering optimization have also shown that robust

fault diagnosis should consider not only diagnostic performance but also predictive maintenance



Advanced Engineering & Precision Manufacturing
https://doi.org/10.63808/aepm.v2i3.424 Volume 2 , Issue 3

3

requirements and engineering deployment conditions (Chen et al., 2025; Hasan et al., 2025; Lu et al., 2025;

Lu et al., 2026; Wang et al., 2020).

Mamba is a selective state-space model proposed in recent years. It dynamically retains or forgets

sequence information through an input-dependent selection mechanism and is capable of processing long

sequences with approximately linear computational complexity (Gu & Dao, 2023; Gu et al., 2022). For

bearing vibration signals, fault impacts exhibit both local abrupt changes and long-range dependencies that

recur across cycles. Compared to simple convolutional architectures, Mamba is better suited for extracting

fault patterns over extended time intervals; compared to Transformers, it has lower computational

complexity and is more suitable for processing one-dimensional long-sequence signals. More specifically,

local bearing defects generate transient impact responses, and defect-induced impacts repeatedly occur over

multiple shaft rotation cycles. The input-dependent selective scanning mechanism of Mamba can preserve

cross-cycle information without introducing the quadratic attention overhead of Transformers. Compared

with TCNs with fixed receptive fields or recurrent networks, Mamba can adaptively emphasize signal

segments containing fault impacts while suppressing steady-state background vibration, making it more

suitable for modeling long one-dimensional vibration sequences.

Furthermore, causal learning provides a new interpretive framework for domain-generalized fault

diagnosis. Based on the concept of causal invariance, the stable damage features that truly determine fault

categories should remain relatively consistent across different environments or operating conditions,

whereas non-causal disturbance features caused by rotational speed, load, and noise may vary with changes

in the domain (Lv et al., 2022; Mahajan et al., 2021; Pearl, 2009; Peters et al., 2016). Therefore, if a model

can enhance the representational consistency of the same fault category across different operating

conditions and suppress dependence on operating condition disturbance features, it is expected to achieve

better generalization capabilities in unknown domains. It should be specifically noted that the term “causal

features” in this study is used in the sense of invariant representation learning inspired by causal invariance.

It refers to predictive features that are related to fault mechanisms and remain stable across domains, rather

than indicating that the model learns a complete structural causal model.

Based on the above analysis, this paper proposes a method for domain generalization in rolling

bearing fault diagnosis based on Mamba and causal prototype-decoupling constraints. The main

contributions of this paper include: First, constructing a Mamba feature extraction network for

one-dimensional vibration signals to capture local impacts and long-range temporal dependencies; second,

designing a causal generalization module comprising a class-conditional causal prototype consistency loss

and a feature decoupling regularization term to enhance feature stability across operating conditions; third,

validating the effectiveness of the method on the PU and JNU dataset through comparative and ablation

experiments.

2. Method
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2.1. Problem Definition

Suppose the training data consists of K source domains, with each source domain corresponding to a

specific operating condition in the dataset. The set of source domains can be represented as:

Ds=D1,D2,…,DK,Dk=(xik,yik)i=1
nk (1)

Here, xik represents a vibration signal sample from the k -th source domain, and yik represents the

corresponding fault class label. The goal of the domain generalization task is to enable the model to achieve

high diagnostic accuracy on the target domain Dt— which was not seen during training—by training the

model using data from multiple source domains only.

From a causal perspective, fault category Y is primarily determined by the stable causal features Zc ,

while environmental variables E—such as rotational speed, load torque, radial load, and noise—primarily

influence the non-causal disturbance features Zs. An ideal diagnostic model should classify faults using Zc

as much as possible and minimize its reliance on Zs. This objective can be expressed as:

P(Y|Zc,Ei)≈P(Y|Zc,Ej),i≠j (2)

Equation (2) indicates that the classification relationship based on fault causal features should remain

relatively stable under different operating conditions.

2.2. Overall Framework

As shown in Figure 1, the method proposed in this paper primarily consists of a signal preprocessing

module, a Mamba feature extractor, a causal-perturbation feature mapping module, a fault classifier, and a

causal generalization constraint module. First, the raw vibration signal is Z-score normalized, and a sliding

window is used to segment the continuous signal into sample sequences of fixed length; Second, the

Mamba network is used to extract the fundamental temporal representation from the vibration signal;

subsequently, the causal mapping head and perturbation mapping head decompose the fundamental

representation into causal and perturbation representations; finally, the fault classifier performs class

prediction based on the causal representation and constrains the feature space using class-conditional causal

prototype consistency loss and feature decoupling regularization, thereby enhancing the model’s

generalization ability under unknown operating conditions.

Let the Mamba feature extractor be Gf(⋅ ) , the causal mapping head be hc(⋅ ) , the perturbation

mapping head be hs(⋅ ), and the fault classifier be Gy(⋅ ) . For an input vibration signal x , the forward

computation process of the model is as follows:

z=Gf(x) (3)

zc=hc(z), zs=hs(z) (4)

y�=Gy(zc) (5)

Here, z represents the basic time-series representation output by the Mamba feature extractor, zc

represents the causal representation, zs represents the disturbance representation, and y� represents the
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predicted probability of the fault class. Unlike directly using the mixed feature z for classification, this

paper applies the classifier to zc . The aim is to encourage the model to rely primarily on stable

discriminative information related to the failure damage mechanism for diagnosis, thereby reducing the

impact of operational disturbances such as rotational speed, load, and radial load on the classification

results.

Figure 1

Framework

Note. �� denotes the Mamba feature extractor; ℎ� and ℎ� denote the causal and disturbance mapping

heads, respectively; �� denotes the fault classifier; ���� denotes classification loss; ���� denotes

class-conditional causal prototype consistency loss; and ���� denotes feature decoupling regularization.

It should be noted that the disturbance representation zs is not directly used for fault classification but

is incorporated into training via feature decoupling regularization to constrain the correlation between the

causal representation and operational disturbance information. During the testing phase, the model relies on

Gf(⋅ ), hc(⋅ ), and Gy(⋅ ) to perform fault identification under unknown operating conditions.

2.3. Mamba Feature Extraction Module

At the core of Mamba lies a selective state-space mechanism. Unlike traditional state-space models

with fixed state transition parameters, Mamba can dynamically generate state update parameters based on
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the input, thereby selectively modeling key information within the sequence. For one-dimensional vibration

signals, this paper first employs a one-dimensional convolutional embedding layer to map local features:

H0=Conv1D(x) (6)

Here, H0 represents the initial sequence representation of the input vibration signal after passing

through a local convolution map. H0 is then fed into a feature extraction network consisting of several

layers of Mamba Blocks. The output of the lth layer of Mamba Blocks is expressed as:

Hl=Hl−1+MambaBlock(LN(Hl−1)) (7)

Here, LN(⋅ )denotes the layer normalization operation, and the residual connection is used to mitigate

the problem of gradient vanishing during the training of deep networks. Each Mamba Block primarily

consists of a normalization layer, a selective state space layer, gated branches, and residual connections.

This architecture is capable of preserving local impulse responses in vibration signals while modeling

long-range dependencies between fault impulses across cycles, making it suitable for fault feature

extraction from bearing vibration signals.

Finally, global average pooling is applied to the output sequence of the last Mamba Block, and a fully

connected layer is used to obtain the basic fault representation:

z=FC(GAP(HL)) (8)

Here, GAP(⋅ )denotes global average pooling, HL denotes the output of the last Mamba Block, and z

denotes the base temporal representation obtained.

2.4. Causal Generalization Module

To enhance the model’s generalization ability to unknown operating conditions, this paper constructs a

causal generalization module comprising the class-conditional causal prototype consistency loss Lcpc and

the feature decoupling regularization Ldec . This module constrains the feature space in two ways: first, by

aligning causal prototypes of the same fault category across different source domains, it promotes more

consistent causal representations for faults of the same type under cross-condition scenarios; second, by

reducing the correlation between causal representations and perturbation representations, it minimizes the

interference of condition-specific information on fault classification results.

2.4.1. Class-Conditional Causal Prototype Consistency Loss

The same fault category typically exhibits identical or similar physical damage mechanisms under

different operating conditions; therefore, its stable causal representation should have similar category

centers. To this end, this paper constructs class-conditional causal prototypes across source domains and

constrains the prototype distance for the same fault category across different source domains.

To avoid confusion between the category index and the subscript of the causal representation zc , we

use m to denote the failure category below. For the causal prototype of category m in the e-th source

domain, it is defined as:
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pme =
1
Nme i:yi

e=m
zc,ie� =

1
Nme i:yi

e=m
hc� (Gf(xie)) (9)

Here, pme denotes the causal prototype for category m in the e-th source domain, Nme denotes the

number of samples for category m in the e-th source domain, and zc,ie denotes the causal representation of

the i-th sample in the e-th source domain.

After obtaining the class-conditional causal prototypes for each source domain, the class-conditional

causal prototype consistency loss is defined as:

Lcpc=
1
C m=1

C 2
K(K−1)

�
1≤ei<ej≤K

pm
ei−pm

ej
2

2
� (10)

Here, C denotes the number of fault categories, and K denotes the number of source domains. This

loss encourages causal prototypes of the same fault category to be closely aligned across different source

operating conditions, thereby reducing intra-class distribution shifts caused by variations in rotational speed,

load, and radial load.

It should be noted that, since samples from the unknown target domain are inaccessible during the

domain generalization training phase, our method does not explicitly estimate the target domain prototype

but instead aligns class-conditional causal prototypes across multiple source domains. This design is based

on the following assumption: if the model can learn stable causal representations of the same fault type

across multiple known source operating conditions, it is more likely to extract fault representations with

similar discriminative significance in unknown target operating conditions.

Furthermore, the class-conditional causal prototype pme serves solely as a regularization constraint

during training to guide cross-domain alignment in the causal representation space; it is not directly used

for prediction by the classifier. Fault classification is still performed by the classifier Gy(⋅ ) based on the

causal representation zc of a single sample. This approach prevents the model from relying on the target

domain prototype during the testing phase, thereby adhering to the fundamental premise of domain

generalization tasks where the target domain is unseen.

2.4.2. Feature Decoupling Regularization

Although the class-conditional causal prototype consistency loss helps ensure consistency in the

causal representation of similar faults across different source domains, the base representation z may still

contain disturbance information related to the operating conditions. To further reduce the confounding

between fault causal features and operating condition disturbance features, this paper employs two mapping

heads to decompose the base representation z into a causal representation zc and a disturbance

representation zs:

zc=hc(z), zs=hs(z) (11)

In particular, hc(⋅ ) and hs(⋅ ) represent the causal feature mapping head and the perturbation

feature mapping head, respectively. To reduce the correlation between the two, this paper introduces an

orthogonal decoupling constraint:



Advanced Engineering & Precision Manufacturing
https://doi.org/10.63808/aepm.v2i3.424 Volume 2 , Issue 3

8

Ldec=
1
B
Z�cTZ� s

F

2

(12)

Here, B denotes the mini-batch size; Z�c and Z� s represent the causal representation matrix and the

perturbation representation matrix, respectively, after in-batch centering and normalization; and ⋅ F

denotes the Frobenius norm. Equation (12) essentially constrains the correlation matrix between the causal

representation and the perturbation representation to be close to zero, thereby reducing information

redundancy between the two.

Through this constraint, the model can reduce the operational disturbance information contained in the

causal representation, enabling the classifier to rely more on stable fault-discriminating features for

identification. Compared to directly classifying the base representation z, this design explicitly mitigates the

influence of operational factors at the feature level, thereby helping to improve the model’s diagnostic

generalization capability under unknown operating conditions.

2.5. Overall Optimization Goals

Cross-entropy loss is used for fault classification. Since this paper aims for the classifier to rely

primarily on causal representations for fault identification, the classification prediction is based on zc

rather than the baseline mixed features z:

y�i=Gy(zc,i) (13)

For a mini-batch of size B, the classification loss is defined as:

Lcls=−
1
B i=1

B

m=1

C
yim�� log ( y�im) (14)

Here, yim is the one-hot label indicating that sample i belongs to class m , and y�im represents the

model’s predicted probability that sample i belongs to class m.

The final training objective is:

L=Lcls+αLcpc+γLdec (15)

In particular, α and γ represent the weights of the class-conditional causal prototype consistency loss

and the feature decoupling regularization, respectively. These three loss functions jointly optimize the

model parameters: Lcls ensures that the causal representation possesses the ability to distinguish between

fault categories; Lcpc promotes consistency in causal representations of the same fault type across different

source operating conditions; and Ldecreduces the correlation between causal representations and operating

condition perturbation representations.

This joint optimization has a clear mechanism of action. First, the classification loss Lcls prevents the

degradation of causal representations, ensuring that zc retains sufficient fault discrimination information;

Second, the class-conditional causal prototype consistency loss Lcpc aligns representations of similar faults

across different source domains at the category level, reducing intra-class distribution shifts across

operating conditions; Finally, the feature decoupling regularization Ldec suppresses the dependence of

causal representations on operating condition disturbance information. Through the synergistic interaction
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of these three components, the model is able to learn fault representations with greater stability across

operating conditions, thereby enhancing diagnostic generalization capabilities under unknown operating

conditions.

In the experiments of this paper, α=0.20 and γ=0.10 were set, and the impact of different weight values

on model performance is further discussed in the parameter sensitivity analysis.

3. Experiments andAnalysis

3.1. Introduction to the Dataset and Sample Construction

To comprehensively validate the generalization capability of the proposed method in bearing fault

diagnosis across various operating conditions, this paper conducts experiments on the PU (Paderborn

University) bearing dataset and the JNU bearing dataset. Both datasets contain vibration signals collected

under a variety of operating conditions; however, they differ in terms of operating variables, data

acquisition platforms, and fault distributions. Consequently, they allow for the evaluation of the model’s

adaptability to unknown operating conditions from different perspectives.

The PU dataset is provided by the KAt Bearing Data Center at the University of Paderborn in

Germany and is primarily used for research on condition monitoring of rolling bearing damage in electric

motor drive systems. The dataset simultaneously captures bearing vibration signals and motor current

signals, while also recording auxiliary information such as rotational speed, load torque, radial force, and

temperature. This paper uses only the vibration signals for fault diagnosis experiments. The PU dataset

includes both healthy bearing conditions and real damage caused by artificial machining and accelerated

life testing, thereby combining reproducible experimental conditions with representativeness of engineering

failures. The four operating conditions are shown in Table 1.

Table 1

Operating Conditions for the PU Dataset

Note. RPM = revolutions per minute; Nm = newton-meter; N = newton. Domains A–D represent four

operating conditions in the PU dataset.

Domain ID Operating Condition Name RPM Load torque (Nm) Radial force (N)

A N15_M07_F10 1500 0.7 1000

B N09_M07_F10 900 0.7 1000

C N15_M01_F10 1500 0.1 1000

D N15_M07_F04 1500 0.7 400
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To ensure consistency in the feature space across different domains, this paper selects 10 bearing

condition classes—denoted as C0–C9—that can be obtained under all four operating conditions as

diagnostic features. For each class in each domain, 200 one-dimensional vibration samples are selected;

thus, each domain contains 2,000 samples, and the four domains together contain 8,000 samples. The

specific class settings are shown in Table 2.

Table 2

Diagnostic Category Settings for the PU Dataset

Note. C0–C9 denote the 10 diagnostic categories. KA and KI denote outer-ring and inner-ring bearing fault

samples, respectively.

The JNU dataset contains bearing vibration signals under three speed conditions—600, 800, and 1000

r/min—as shown in Table 3 (Wang, n.d.), and can be used to evaluate the model’s generalization ability

across different speed ranges. Compared to the PU dataset, the operational variations in the JNU dataset are

primarily reflected in changes in rotational speed; therefore, it serves as a complementary validation of the

PU dataset’s multi-condition variable scenarios. This paper treats the three rotational speeds as three

independent domains and employs a leave-one-speed-out testing strategy for domain generalization

experiments. In terms of diagnostic categories, this paper selects four types of bearing conditions—healthy

state, inner ring failure, outer ring failure, and rolling element failure—as classification targets. For each

speed domain, 200 one-dimensional vibration samples are selected for each category, resulting in a total of

800 samples per domain and 2,400 samples across all three domains. This setup ensures consistency in the

Category Bearing Number Fault Location/Type Note

C0 K001 Health Non-destructive reference bearing

C1 KA04 outer ring Actual pitting damage

C2 KA15 outer ring Plastic deformation/indentation

C3 KA16 outer ring Actual pitting damage

C4 KA22 outer ring Actual pitting damage

C5 KA30 outer ring Plastic deformation/indentation

C6 KI04 inner ring Actual pitting damage

C7 KI14 inner ring Actual pitting damage

C8 KI16 inner ring Actual pitting damage

C9 KI18 inner ring Actual pitting damage
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number of categories and samples across different speed domains, thereby enhancing the comparability of

cross-domain diagnostic results.

Table 3

Operating Conditions for the JNU Dataset

Note. RPM = revolutions per minute. J1–J3 represent the three rotational-speed domains in the JNU

dataset.

Both datasets employ a domain generalization setup with one-domain testing. For the PU dataset, a

three-domain training and one-domain testing strategy was adopted to construct four task pairs: A, B, C →

D; A, B, D → C; A, C, D → B; and B, C, D → A; For the JNU dataset, a two-domain training and

one-domain testing strategy was adopted, resulting in three task pairs: 600,800→1000, 600,1000→800, and

800,1000→600. Samples from the target domain were used only for the final test and did not participate in

model training or parameter updates.

During the data preprocessing stage, the raw vibration signals are first Z-score normalized, then

segmented into one-dimensional samples using a sliding window strategy. To determine an appropriate

window length, we conducted preliminary experiments with different segment lengths, including 1024,

2048, and 4096. The results show that a window length of 2048 achieves the best overall performance on

PU datasets, yielding higher classification accuracy compared to 1024 and 4096. Specifically, the average

accuracies on the PU dataset are 91.48%, 93.56%, and 92.67% for window sizes of 1024, 2048, and 4096,

respectively. Therefore, 2048 is selected as the default setting in this study. To prevent data leakage, the

training domain and target domain are strictly separated from the operating conditions domain.

All experiments are conducted on a workstation equipped with an NVIDIA RTX 3090 GPU and were

trained using the Pytorch 2.11, CUDA 12.1, Adam optimizer, with an initial learning rate of 0.001, a batch

size of 64, and 100 training epochs. The source domain samples were split into a training set and a

validation set in an 8:2 ratio; the validation set was used solely for model selection and convergence

monitoring. The evaluation metric used was classification accuracy, calculated as follows:

Acc=Ncorrect/Ntotal×100% (16)

3.2. Comparative experiment

Domain ID Operating Condition Name RPM Domain type

J1 600 r/min 600 Speed range

J2 800 r/min 800 Speed range

J3 1000 r/min 1000 Speed range
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To validate the effectiveness of the proposed method, this paper compares it with traditional machine

learning models, typical deep fault diagnosis models, domain generalization models, and sequence

modeling models, including Support Vector Machines (SVM), one-dimensional Convolutional Neural

Networks (1D-CNN), one-dimensional Residual Networks (ResNet1D), Time-Convolutional Networks

(TCN), Correlation Alignment (CORAL), Domain Adversarial Neural Networks (DANN), Maximum

Marginal Disparity (MMD), and standard Mamba. The SVM uses common time-domain statistical features

for classification; 1D-CNN, ResNet1D, and TCN serve as typical deep time-series diagnostic models;

CORAL, DANN, and MMD enhance feature consistency through source-domain distribution constraints;

Standard Mamba employs only the Mamba feature extractor and cross-entropy loss, without introducing

causal prototype consistency loss or feature decoupling regularization. All deep models use the same

number of training epochs, batch size, and learning rate settings to ensure a fair comparison.

Table 4

Accuracy of Different Methods on the PU Cross-Condition Task (%)

Note. SVM = support vector machine; 1D-CNN = one-dimensional convolutional neural network;

ResNet1D = one-dimensional residual network; TCN = temporal convolutional network; CORAL =

correlation alignment; DANN = domain-adversarial neural network; MMD = maximum mean discrepancy.

The domains before and after the arrow indicate the training and testing domains, respectively. Ours

denotes the proposed method.

Table 5

Accuracy of Different Methods on the JNU Cross-Speed Task (%)

Method A,B,C→D A,B,D→C A,C,D→B B,C,D→A average

SVM 76.35 78.42 70.86 81.15 76.70

1D-CNN 84.62 86.38 80.54 88.20 84.94

ResNet1D 87.15 88.72 83.96 90.31 87.54

TCN 86.73 89.10 84.42 90.05 87.58

CORAL 88.96 90.24 86.11 91.43 89.19

DANN 89.58 91.02 86.74 92.10 89.86

MMD 88.27 89.61 85.32 90.78 88.50

Mamba 91.84 93.02 89.35 94.13 92.09

Ours 93.26 94.54 91.62 94.83 93.56
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Note. The speeds before and after the arrow indicate the training and testing domains, respectively.

As shown in Table 4, the average accuracy of the traditional SVM method on the PU dataset is only

76.70%, which is significantly lower than that of deep learning methods, indicating that manually extracted

statistical features struggle to fully capture failure modes under complex operating conditions. The average

accuracy rates of 1D-CNN, ResNet1D, and TCN were 84.94%, 87.54%, and 87.58%, respectively,

indicating that deep models can automatically extract more discriminative time-series fault features.

CORAL, DANN, and MMD outperformed standard deep models, suggesting that distribution constraints

across source domains can mitigate feature shifts caused by operating condition variations to some extent.

The average accuracy of standard Mamba reached 92.09%, surpassing that of CNN, ResNet1D, and TCN,

indicating that selective state-space models are more effective at modeling long-range dependencies and

impulse responses in vibration signals. The method proposed in this paper achieved the highest accuracy

across all four sets of PU cross-operating condition tasks, with an average accuracy of 93.56%,

representing a 1.47 percentage point improvement over standard Mamba.

Looking at the specific tasks in the PU, the overall accuracy for A, C, and D → B is lower than for

other tasks. This is primarily because the B domain corresponds to a speed of 900 r/min, while most of the

other source domains are at 1500 r/min. The difference in speed alters the fault impulse intervals and

spectral energy distribution, thereby increasing the difficulty of cross-domain diagnosis. The proposed

method still achieves an accuracy of 91.62% on this challenging task, demonstrating that the consistency of

conditional causal prototypes and feature decoupling constraints can enhance the model’s adaptability to

unknown speed conditions.

Method 600,800→1000 600,1000→800 800,1000→600 average

SVM 84.26 85.14 84.02 84.47

1D-CNN 91.36 92.08 90.87 91.44

ResNet1D 94.12 94.85 94.14 94.37

TCN 94.68 95.10 94.68 94.82

CORAL 94.83 95.36 94.77 94.99

DANN 95.02 95.54 95.08 95.21

MMD 94.56 95.21 94.63 94.80

Mamba 95.26 95.74 95.23 95.41

Ours 96.05 96.61 96.18 96.28
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As shown in Table 5, the overall accuracy of all methods on the JNU dataset is higher than that on the

PU dataset, indicating that the inter-domain variations in the JNU cross-speed task are relatively

concentrated, making diagnosis slightly less challenging. Nevertheless, a clear hierarchy of performance

still exists among the different methods. The average accuracy of SVM is 84.47%, which is improved to

91.44% by 1D-CNN, while ResNet1D, TCN, CORAL, DANN, and MMD all achieve further

improvements to the 94%–95% range. The average accuracy of the standard Mamba model is 95.41%, and

our method further improves this to 96.28%, achieving the best results across all three cross-speed tasks.

These results indicate that the proposed causal prototype–decoupling constraint is not only applicable to PU

multi-operating-condition scenarios but also remains stable and effective in JNU cross-speed scenarios.

By combining the results from the two datasets, it is evident that the advantages of the method

proposed in this paper stem not only from the Mamba feature extractor itself, but also from the synergistic

effect of long-sequence modeling capabilities and causal generalization constraints. Mamba enhances the

expressive power of the underlying temporal representations, while the conditional causal prototype

consistency loss and feature decoupling regularization further guide the model to learn cross-domain stable

fault discrimination information, thereby improving diagnostic performance under unknown operating

conditions.

To further evaluate the computational efficiency of the proposed method, we compare the number of

parameters and inference latency with representative baseline models, including 1D-CNN, ResNet1D, TCN,

and standard Mamba. All experiments are conducted under the same hardware environment.

Table 6

Computational Complexity Comparison of Different Methods

Note. Params = number of model parameters; M = million; FLOPs = floating-point operations; G = billion;

ms/sample = milliseconds per sample. Ours denotes the proposed method.

The results in Table 6 show that although the proposed method introduces additional causal

generalization modules, the overall computational cost remains comparable to standard Mamba and is

significantly lower than CNN-based deep architectures. This demonstrates that the proposed method

maintains strong practical feasibility for real-time fault diagnosis applications.

Method Params (M) FLOPs (G) Inference Time (ms/sample)

1D-CNN 2.41 0.86 2.31

ResNet1D 4.73 1.52 3.12

TCN 3.28 1.11 2.85

Mamba 2.96 0.74 1.92

Ours 3.18 0.79 2.05
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3.3. Ablation Experiment

To further validate the effectiveness of each component module, this paper conducts ablation

experiments on a set of representative cross-operating-condition scenarios in the PU dataset. Specifically,

the A, C, D→B as the ablation setup. In this task, the target domain B operates at 900 r/min, while most

operating conditions in the source domain operate at 1500 r/min. This task exhibits a significant difference

in the speed range, making it particularly suitable for evaluating the model’s generalization ability under

challenging cross-condition conditions. The ablation experiments were not trained or parameter-tuned on

the target domain; all models employed the same training strategy as in the comparison experiments.

Table 7

Results of Ablation Experiments on the PU Dataset Using Domains A, C, and D for Training and Domain

B for Testing

Note. Lcpc = class-conditional causal prototype consistency loss; Ldec = feature decoupling regularization.

A check mark indicates that the component was included, whereas a multiplication sign indicates that it

was excluded. Ours denotes the proposed complete model.

As shown in Table 7, replacing the 1D-CNN baseline with the Mamba feature extractor increased the

accuracy from 80.54% to 89.35%, indicating that Mamba’s ability to model long-range dependencies and

periodic impact patterns in vibration signals significantly improves fault recognition performance. Adding a

class-conditional causal prototype consistency loss to the standard Mamba model further improved the

accuracy to 90.43%, indicating that constraining the consistency of prototype centers for the same fault

class across different source domains helps reduce distribution shifts within the same fault class across

operating conditions.

After adding the feature decoupling regularization alone, the accuracy reached 90.18%, indicating that

reducing the correlation between causal representations and operating condition disturbance representations

can decrease the model’s reliance on information from unstable operating conditions. When Lcpc and

Ldec are used simultaneously, the model achieves a maximum accuracy of 91.62%. This indicates that

Model Settings Mamba Feature Extraction Lcpc Ldec Accuracy (%)

1D-CNN Baseline × × × 80.54

Mamba √ × × 89.35

Mamba + Lcpc √ √ × 90.43

Mamba + Ldec √ × √ 90.18

Ours √ √ √ 91.62
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cross-domain homogeneity aggregation and causal/perturbation decoupling have complementary effects:

the former enhances the cross-domain consistency of similar faults at the category level, while the latter

suppresses the interference of operating condition perturbation information on classification boundaries at

the feature level.

In addition, we further monitored the training process to examine whether the joint optimization of

multiple losses would slow down convergence or lead to unstable training. Under the same learning rate,

batch size, and number of training epochs, all model variants converged normally, and no obvious

oscillation or non-convergence was observed. This is because the cross-entropy loss remains the dominant

optimization objective for maintaining class discriminability, while the class-conditional causal prototype

consistency loss and feature decoupling regularization act as auxiliary constraints with moderate weights.

Therefore, the joint optimization of the three losses does not introduce noticeable convergence instability;

instead, it improves cross-condition generalization when the loss weights are properly balanced.

3.4. Parameter Sensitivity Analysis

To analyze the impact of the weights in the causal generalization module on model performance, this

paper adjusts the weight α of the class-conditional causal prototype consistency loss and the weight γ of the

feature decoupling regularization, and records the average accuracy on the PU and JNU datasets,

respectively. The experimental results are shown in Table 8.

Table 8

Effect of Causal Generalization Module Weights on Accuracy

Note. α and γ denote the weights assigned to the class-conditional causal prototype consistency loss and

feature decoupling regularization, respectively. PU = Paderborn University; JNU = Jiangnan University.

As shown in Table 8, when α = 0 and γ = 0, the model degenerates into the standard Mamba,

achieving average accuracy rates of 92.09% and 95.41% on the PU and JNU datasets, respectively. As α

and γ are gradually increased, the model’s accuracy on both datasets first increases and then decreases,

achieving optimal performance when α = 0.20 and γ = 0.10. These results demonstrate that appropriate

α γ PU Average Accuracy / % JNU Average Accuracy / %

0 0 92.09 95.41

0.05 0.02 92.74 95.73

0.10 0.05 93.21 96.02

0.20 0.10 93.56 96.28

0.40 0.20 92.88 95.94
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causal prototype consistency constraints and feature decoupling constraints can effectively enhance the

model’s cross-domain stability.

As the weights were further increased to α=0.40 and γ=0.20, the accuracy on both datasets declined.

This suggests that overly strong cross-domain consistency and decoupling constraints may compress class

discriminative information, causing the decision boundaries between different fault categories to become

excessively smooth. Therefore, the causal generalization module needs to strike a balance between domain

invariance and class separability. This paper adopts α = 0.20 and γ = 0.10 as the final parameter settings, a

combination that performs stably on both the PU and JNU datasets.

3.5. T-SNE Visualization Analysis

To visually analyze the impact of the proposed method on the structure of the feature space, this paper

further employs T-SNE to visualize the learned features in two dimensions. The A, C, D→B task is used as

a representative case for the feature visualization analysis. Specifically, we extract the base features from

the standard Mamba model and the causal head features from the proposed method, and map samples from

different fault categories and source domains onto a two-dimensional space for comparison.

Figure 2

Feature visualization and decoupling analysis: (a) Standard Mamba features; (b) Causal head features

from the proposed method; (c) Absolute Pearson correlation coefficients between learned representations

and operating parameters

Note. t-SNE = t-distributed stochastic neighbor embedding. C0–C9 denote the 10 fault categories. Panels (a)

and (b) show the features learned by standard Mamba and the proposed causal head, respectively; panel (c)

shows the absolute Pearson correlation coefficients between learned representations and operating

parameters.

As shown in Figure 2, although the standard Mamba can form a certain degree of class clustering,

samples from the same class remain significantly dispersed across different operating conditions, indicating

that the base representation still retains a significant amount of operating-condition-related noise. In

contrast, the causal head features of the method proposed in this paper exhibit tighter intra-class clustering



Advanced Engineering & Precision Manufacturing
https://doi.org/10.63808/aepm.v2i3.424 Volume 2 , Issue 3

18

and clearer inter-class boundaries, indicating that the class-conditional causal prototype consistency loss

effectively promotes feature alignment across different source domains for the same fault category.

Furthermore, as evidenced by the absolute Pearson correlation coefficients between the characteristics

and operating parameters, the disturbance component exhibits a significantly higher average correlation

with rotational speed, load torque, and radial force than the causal component. This indicates that the

disturbance component tends to retain variations related to operating conditions, whereas the causal

component is able to reduce dependence on operating variables. From a visualization perspective, this

result supports the effectiveness of the method proposed in this paper in decoupling stable fault information

from operating condition disturbance information.

For the JNU dataset, cross-domain variations primarily stem from changes in rotational speed. The

experiments observed trends consistent with those of the PU dataset: while a certain degree of

cross-rotational-speed offset still exists in the feature space of the standard Mamba model, the introduction

of the causal generalization module further enhances the cross-domain aggregation of samples with similar

faults. A comprehensive analysis of the visualization results from both datasets demonstrates that the

proposed method not only improves numerical accuracy but also enhances cross-domain consistency in the

representation of similar faults at the feature space level.

4. Conclusion

This paper proposes a domain generalization method for rolling bearing fault diagnosis based on

Mamba and causal prototype decoupling constraints, and validates it across operating conditions using two

public bearing datasets: PU and JNU. The method utilizes Mamba to model long-range dependencies and

local impact patterns in one-dimensional vibration signals, while designing a causal generalization module

comprising a class-conditional causal prototype consistency loss and a feature decoupling regularization

term, enabling the model to learn more stable causal representations of faults.

Experimental results show that the proposed method achieved an average accuracy of 93.56% on the

PU one-out-of-four-set test task and 96.28% on the JNU three-set cross-speed task, outperforming

comparison methods such as SVM, 1D-CNN, ResNet1D, TCN, CORAL, DANN, MMD, and standard

Mamba. Ablation experiments further demonstrate that the Mamba feature extractor, class-conditional

causal prototype consistency loss, and feature decoupling regularization all play a positive role in

enhancing cross-condition generalization performance. Parameter sensitivity analysis indicates that

moderate causal generalization constraints can achieve a good balance between domain invariance and

class separability. T-SNE visualization results further validate that our method enhances the cross-domain

clustering of similar fault features and reduces the dependence of causal representations on operating

condition perturbations.
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Future work will focus on the following areas: First, validating the applicability of the proposed

method using more real-world industrial data and cross-device tasks; second, developing a Mamba fault

diagnosis model under multi-source sensor signal fusion; third, further elucidating the correspondence

between causal features and bearing failure mechanisms through interpretability analysis; and fourth,

exploring online prototype adaptation strategies for unlabeled streaming data and model compression

schemes for edge deployment.
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