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Abstract: Rolling bearing fault diagnosis under practical compute constraints and long time series
remains challenging in industrial settings. This study presented a compact same-source multi-view
framework that combines a multi-scale gated Mamba sequence branch, a residual network with a con-
volutional block attention module (ResNet-CBAM) image branch, and lightweight low-rank cross-
view fusion. Continuous wavelet transform (CWT) images were used as the default image view in the
main experiments because they provide the most suitably maintained same-condition representation
among the evaluated image views. Under a unified three-seed protocol, the proposed model reached
99.20% on Case Western Reserve University (CWRU) and 99.61% on Southeast University (SEU) in
same-condition diagnosis, and attained the strongest cross-condition results within the internal com-
parison, with 27.39% on CWRU and 30.43% on SEU. The model used about 5.46×105 parameters and
5.64 × 108 multiply–accumulate operations (MACs). These results indicate a balanced trade-off be-
tween relative cross-condition generalization and computational cost, while also showing that broader
operating-condition diversity, industrial validation, and deployment-oriented central processing unit
(CPU) or edge profiling remain necessary.

Keywords: bearing fault diagnosis; multi-view fusion; state space model; Mamba gating; low-rank
cross-attention; deep learning

1. Introduction

Rolling element bearings are critical components in rotating machinery, and their health strongly
affects the safety and reliability of aircraft engines, wind turbines, rail systems, and other industrial
equipment [1, 2]. In practice, bearing fault diagnosis must cope with long vibration sequences, back-
ground noise, changing operating conditions, and limited computational budgets [3, 4]. These con-
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straints make it insufficient to pursue accuracy alone; practical methods also need compact models and
efficient feature fusion.

Recent bearing diagnosis studies can also be understood from the perspective of input representa-
tion. Time-domain methods operate directly on raw vibration sequences, whereas frequency-domain
and time–frequency methods rely on transformed views such as spectra, wavelet maps, or other image-
like encodings derived from the same underlying signal [5–7]. This distinction matters because differ-
ent representations highlight different fault cues. Raw sequences retain local temporal dynamics, while
two-dimensional encodings can reveal transition structure, correlation patterns, and scale-dependent
energy variations that are often easier to exploit with image backbones.

Beyond single-view learning, recent studies have explored richer relations among views, sensors,
and temporal segments. For example, a spatial–temporal hypergraph model has been used to cap-
ture higher-order relations in aero-engine bearing diagnosis [8], while adaptive multi-view hypergraph
learning has also been studied for cross-condition bearing diagnosis [9]. These studies suggest that
the diagnostic pipeline should be described not only by the learning architecture, but also by how the
signal is represented before learning.

At the model level, deep learning has substantially improved automatic feature extraction for bear-
ing diagnosis. Convolutional neural network (CNN)-based methods remain effective for image-like
representations, and multi-scale convolution designs improve the capture of local and global pat-
terns [10]. Transformer-based models strengthen long-range dependency modeling, but their quadratic
attention cost can become restrictive for long sequences or resource-constrained deployment [7, 11].
Structured state space models (SSMs), including S4 and Mamba, provide a more efficient alternative
for long-sequence processing [12–14]. Meanwhile, lightweight modules such as the convolutional
block attention module (CBAM) and low-rank parameterization remain attractive for controlling the
cost of image feature enhancement and cross-branch fusion [15, 16].

Despite this progress, three issues remain insufficiently clarified for compute-constrained bearing
diagnosis. First, studies that combine raw signals with image-like encodings derived from the same
vibration source are often discussed together with heterogeneous multimodal sensing, even though the
learning setting and fusion objective are different. Second, long-sequence modeling and cross-view
fusion are frequently studied separately, leaving the balance between long-range dependency capture
and lightweight interaction cost insufficiently examined. Third, low-rank attention ideas provide a
useful efficiency prior, but in same-source cross-view diagnosis their contribution is more appropriately
framed as a task-oriented parameterization than as a fundamentally new attention family.

Accordingly, this study investigates a compact fusion framework that combines two synchronized
views derived from the same vibration source: the raw time-series signal and a derived image rep-
resentation. This setting is therefore described as same-source multi-view rather than heterogeneous
multi-sensor multimodality, because both branches originate from one sensor stream. In the main
experiments, the image branch uses CWT-based time–scale images, while alternative Gramian angu-
lar field (GAF) and Markov transition field (MTF) encodings are evaluated separately in the image-
representation ablation. The objective is to clarify this problem setting and to improve the balance
between relative cross-condition generalization and computational cost under unified same-condition
and cross-condition protocols, while keeping the empirical claims aligned with the available evidence
and deployment scope.
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The main contributions of this study are as follows:

1) To address the difficulty of jointly capturing local fault transients and long-range dependencies in
long vibration sequences, a multi-scale gated Mamba branch is introduced to combine parallel local
convolutions with linear-time state-space modeling.

2) To reduce redundancy in cross-view interaction between same-source signal and image represen-
tations, existing low-rank attention ideas are adapted into a task-oriented fusion module, dynamic
low-rank multi-head cross-attention (DyLoMHCA), rather than being framed as a fundamentally
new attention family.

3) To provide a clearer and more compact formulation of same-source dual-representation learning for
bearing diagnosis, an integrated framework is established to couple raw vibration sequences with
CWT images and to examine the resulting accuracy–efficiency trade-off, especially under cross-
condition evaluation.

The remaining sections are organized as follows: Section 2 introduces the proposed multi-view
fault diagnosis model and its components. Section 3 describes the datasets, split protocols, and evalu-
ation settings. Section 4 presents the comparative results under the unified same-condition and cross-
condition settings. Section 5 reports the component-wise ablation and parameter sensitivity analyses.
Finally, Section 6 summarizes the main findings and limitations.

2. Methodology

2.1. Problem definition

In this study, each sample is represented by two synchronized views derived from the same vibration
source: a time–scale image and its corresponding time series signal. The learning problem is denoted
byDall = {x

j
img, x

j
tseq, z

j
target}, j = 1, 2, . . . , nt, where x j

img denotes the image representation, x j
tseq denotes

the time series sample, and z j
target denotes the fault label. The term multi-view or same-source dual-

representation learning is therefore used rather than heterogeneous independent-sensor multimodality.
In the main experiments, a continuous wavelet transform (CWT) is adopted as the default image rep-
resentation because the same-condition image-representation ablation identifies the CWT as the most
suitable default among the CWT/GAF/MTF choices across the CWRU and SEU datasets. Specifically,
each 1024-point signal segment is transformed with the Morlet wavelet using geometrically spaced
scales from 1 to 128, the coefficient magnitude is mapped through log(1 + | · |), and the resulting time–
scale map is resized to 224 × 224. This representation preserves localized energy patterns across time
and scale, while alternative GAF and MTF encodings are revisited in Section 5.

2.2. Framework

The proposed multi-view fusion model consists of three key components: 1) deep feature extraction
and attention enhancement for image features using ResNet-CBAM, 2) long-sequence data represen-
tation with multi-scale gated Mamba, and 3) fusion of global information from both branches through
a dynamic low-rank multi-head cross-attention mechanism. This framework balances scalability with
learning efficiency and representational capacity. The framework is shown in Figure 1.
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Figure 1. Overview of the proposed same-source multi-view fusion framework.

2.3. ResNet + CBAM for image feature extraction

In computer vision, convolutional neural networks (CNNs) have been widely adopted for image
feature extraction. As network depth increases, traditional CNN models often encounter issues such
as vanishing gradients and increased training difficulty. These problems lead to situations where the
model’s performance on the training and validation sets does not improve or even decreases as the
network depth increases. To mitigate these challenges, the residual network (ResNet) architecture has
been proposed and widely used in image recognition tasks. ResNet alleviates the vanishing gradient
problem by introducing identity skip connections, allowing the model to construct deeper network
structures. Additionally, to improve the model’s feature representation capability, the convolutional
block attention module (CBAM) [15] is introduced into the ResNet architecture. The CBAM dy-
namically adjusts the weight distribution of the feature map along the channel and spatial dimensions
through the sequential application of channel attention (CA) and spatial attention (SA).

From a theoretical perspective, a 2D convolution with kernel W ∈ RCout×Cin×kh×kw and bias b ∈ RCout

acts on an input feature map X ∈ RB×Cin×H×W as

Yb,c,i, j =

Cin∑
c′=1

kh∑
u=1

kw∑
v=1

Wc,c′,u,v Xb,c′, i+u−1, j+v−1 + bc. (2.1)

In ResNet, a residual block replaces a direct mapping with

h(ℓ+1) = h(ℓ) + F
(
h(ℓ);Θ(ℓ)), (2.2)

whereF (·) is a shallow transformation (e.g., two 3 × 3 convolutions with normalization and activation).
This formulation stabilizes gradients and preserves information flow during deep stacking.
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In this attention mechanism, the CA module generates channel-level attention weights through
global average pooling and global max pooling operations, thereby allowing the network to identify
and assign higher weights to feature channels. Meanwhile, the SA module obtains spatial-level atten-
tion weights by applying average and max pooling across the channel dimension, guiding the model to
focus on discriminative regions in the feature map. This dual attention mechanism refines the feature
map’s representation and can improve performance in image recognition tasks.

To mitigate the vanishing gradient problem while maintaining model depth, the image branch uses
ResNet as the backbone. For the input CWT image ximg ∈ R

B×3×H×W , after passing through convolu-
tional layers and batch normalization layers, the output feature map f0 ∈ R

B×C×H′×W′ is obtained. Then,
several residual blocks (Basic Block) are stacked:

fk+1 = BasicBlock(fk), k = 0, 1, . . . . (2.3)

Each residual block has an identity skip connection, which alleviates the training difficulty caused
by deep networks. After extracting multi-scale features with the residual network, this model further
incorporates the CBAM. In the CA module, each channel is weighted, while the SA module weights
the spatial locations of the feature map. The core formulas are as follows:

1) CA: For the input feature map X ∈ RB×C×H′×W′ , global average pooling and global max pooling
are first applied to obtain Xavg,Xmax ∈ R

B×C×1×1, respectively. Fully connected layers then map
each of them back to the original feature-map dimension, and sum them elementwise. Finally, the
CA matrix Mc(X) is derived via the sigmoid function:

Mc(X) = σ
(
f (Xavg) + f (Xmax)

)
, (2.4)

where σ represents the element-wise sigmoid function, and f (·) denotes the CA mapping.

2) SA: For the feature map X′ weighted by the CA, average pooling and max pooling are applied
across the channel dimension, and the results are then concatenated to form X′avg max ∈ R

B×2×H′×W′ .
The 7 × 7 convolution is applied, followed by a sigmoid activation to obtain the final SA:

Ms(X′) = σ
(
Conv2D

(
Concat

(
Avg(X′),Max(X′)

)))
. (2.5)

Taken together, residual shortcuts maintain stable gradient propagation in deeper stacks, CBAM
reweights features along channels and spatial locations to enhance saliency without heavy architectural
overhead, and global pooling followed by lightweight heads yields compact yet discriminative image
representations.

2.4. Multi-scale gated Mamba for time-series feature modeling

The evolution of sequence modeling has been driven by the need to efficiently capture both lo-
cal patterns and long-range dependencies in temporal data. The discussion therefore begins with the
continuous-time state-space model (SSM), which provides the theoretical framework for efficient se-
quence modeling. A continuous-time SSM is mathematically defined by the system of differential
equations:

ds(t)
dt
= A s(t) + B u(t), y(t) = C s(t) + D u(t), (2.6)
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where s(t) represents the latent state, u(t) denotes the input signal, and y(t) is the corresponding output.
For practical implementation in discrete-time systems, the continuous model is discretized using a
sampling step ∆, yielding:

sk+1 = A sk + B uk, yk = C sk + D uk, (2.7)

where the discrete matrices are given by A = eA∆ and B =
∫ ∆

0
eAτdτB. Modern SSM implementations,

such as S4 and Mamba, enhance stability by parameterizing the matrix A in log-space and employ
efficient convolutional or scanning algorithms to achieve linear-time complexity in sequence modeling.

Existing sequence modeling approaches encounter significant limitations in industrial fault diagno-
sis applications. Recurrent neural networks (RNNs, LSTMs, and GRUs) suffer from vanishing gra-
dient problems when processing long sequences, while Transformer architectures exhibit quadratic
computational complexity O(L2) that becomes computationally prohibitive for extended time-series
data. In contrast, structured state space models (SSMs) address some of these limitations by providing
linear-complexity sequence modeling, making them suitable for long-range dependency modeling in
industrial scenarios.

To address the specific challenges of same-source multi-view bearing fault diagnosis, the multi-
scale gated Mamba architecture systematically integrates local pattern recognition with global temporal
modeling. The design centers on three complementary mechanisms that capture fault signatures across
multiple temporal scales while maintaining computational efficiency.

The architecture operates through a structured information flow: for input sequence xseq ∈

RB×L×dmodel , the representation is decomposed into parallel processing pathways that capture local pat-
terns at different temporal resolutions. These multi-scale local features are then integrated with selec-
tive state-space updates to model long-range dependencies. An adaptive gating mechanism balances
the contributions of local and global features to produce stable fault representations.
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Concat  Sigmoid
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Conv5 × 5

SSM

Conv1 × 1

SiLU



...

𝐱𝑠𝐱𝑠𝑒𝑞

෤𝐱𝑘

𝐱merge 𝐠

SiLU

𝐱res

𝐲

SiLU SiLU

Figure 2. Overview of the multi-scale gated Mamba sequence branch.

The sequence branch contains three key design elements: 1) multi-scale depthwise convolution that
efficiently captures temporal patterns across different scales using parallel branches with kernel sizes
k ∈ {1, 3, 5}; 2) selective state-space modeling that employs input-dependent parameters for adaptive
long-range dependency modeling; and 3) gated residual fusion that combines local convolution features
with global state-space representations through learnable gating mechanisms.

This integrated design enables the proposed model to simultaneously capture high-frequency tran-
sient fault events and low-frequency operational trends, while maintaining linear computational com-
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plexity O(L) that scales favorably with sequence length. The following subsection presents the specific
implementation of these mechanisms.

Figure 2 gives a compact overview of the multi-scale gated sequence branch used in the proposed
model.

2.4.1. Multi-scale depthwise convolution and gating mechanism

Building upon the architectural overview, the specific implementation of the multi-scale gated
Mamba mechanism is detailed below. The processing pipeline consists of three interconnected stages:
multi-scale local feature extraction, selective state-space modeling, and gated fusion.

Input decomposition and multi-scale convolution: For the input sequence xseq ∈ R
B×L×dmodel , a linear

transformation decomposes it into two complementary pathways: a convolution branch xconv for local
pattern extraction and a residual branch xres for information preservation. The convolution branch is
reshaped to RB×dinner×L to enable efficient convolution operations:

[xconv, xres] = Linear(xseq) ∈ RB×L×(2dinner), (2.8)

x̃k = DepthwiseConvk(xconv), k ∈ {1, 3, 5}. (2.9)

The multi-scale convolution design captures temporal patterns at different resolutions: kernel size 1
focuses on point-wise transformations, kernel size 3 extracts short-term local patterns characteristic of
bearing defects, and kernel size 5 identifies medium-range temporal correlations. These three parallel
outputs are concatenated and integrated through a 1 × 1 convolution to produce the unified multi-scale
feature xmerge ∈ R

B×dinner×L:
xmerge = Conv1×1

(
Concat

(
x̃1, x̃3, x̃5

))
. (2.10)

Selective state-space modeling: The unified multi-scale features are processed through an activation
function (SiLU) and input to the selective state-space model for global temporal dependency model-
ing. The state-space parameters are dynamically generated from the input features to enable selective
information processing:

[δ,B,C] = Linear(xmerge) ∈ RB×L×(dt rank+2d f f ), (2.11)

where δ is mapped toRB×L×dinner through a softplus function to control the state decay rate. The learnable
parameters A (obtained by exponentiating Alog) and D ensure numerical stability in logarithmic space
during selective scanning.

Gated residual fusion: To balance the contributions of local multi-scale features and global state-
space representations, an adaptive gating mechanism is employed. A gating vector g is computed from
the multi-scale features to regulate the influence of the state-space model output:

g = σ
(
Linear(xmerge)

)
. (2.12)

The final output integrates the gated state-space features with the residual pathway through element-
wise operations:

y f inal = (g ⊙ yssm) ⊙ SiLU(xres), (2.13)

where yssm represents the output from the selective state-space model, σ(·) denotes the sigmoid func-
tion, and the ⊙ operator represents element-wise multiplication. The result is then projected back to
the original dimension RB×L×dmodel .
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This integrated architecture achieves three objectives: 1) multi-scale depthwise convolutions cap-
ture diverse local temporal patterns with reduced computational overhead; 2) the log-parameterized
selective state-space model enables stable, linear-time modeling of long-range dependencies; and 3)
the adaptive gating mechanism balances local and global feature contributions to improve robustness
to noise and strengthen fault discrimination.

2.5. Dynamic low-rank multi-head cross-attention for feature fusion

In multi-view scenarios, traditional cross-attention mechanisms require large matrix multiplica-
tions in high-dimensional spaces, leading to high computational costs and noise susceptibility. These
limitations restrict model efficiency and robustness. To address these challenges, low-rank atten-
tion techniques are adapted to a cross-attention fusion module, termed dynamic low-rank multi-head
cross-attention (DyLoMHCA). Rather than introducing a fundamentally new attention mechanism,
DyLoMHCA builds on existing low-rank attention methods (e.g., low-rank adaptation, LoRA) and
tailors them to cross-view fusion with dynamic rank selection and gated integration, aiming to reduce
computational complexity while maintaining modeling flexibility.

The DyLoMHCA module employs multi-head attention to partition the hidden space into multiple
subspaces, where each subspace independently learns query, key, and value representations to capture
information from different feature domains. A dynamic low-rank projection mechanism [16] is in-
corporated into each attention head, introducing learnable dynamic rank selectors that enable adaptive
rank selection through differentiable weighting of the base matrix columns.

To enhance cross-view feature integration, a global temporal summary is obtained by averaging
the time-series features and is then injected into the image-space features. Finally, a gated fusion
mechanism [17] performs element-wise fusion between the original image features and the cross-
attention outputs. Through the learned gating vector γ, time-series information is incorporated into the
image features, improving fusion efficiency and attention to critical information.

Theoretical formulation: Let the base low-rank factors per head be U ∈ Rdin×rmax , V ∈ Rrmax×dout . A
differentiable weight vector w = softmax(α) induces a diagonal matrix W = diag(w), yielding dynamic
factors Udyn = UW, Vdyn =WV. The projected queries, keys, and values are then

Q = Xs UQ,dyn VQ,dyn, K = Xt UK,dyn VK,dyn, V = Xt UV,dyn VV,dyn. (2.14)

Standard scaled dot-product attention is applied per head, followed by concatenation and an output pro-
jection. Finally, a gating network combines the space feature, attention output, and a global temporal
summary to obtain the fused representation.

2.5.1. Traditional multi-head low-rank projection

Let there be M attention heads (here num heads = 4), and for each head, the input includes: image
space features xs ∈ R

ds and time-series features xt ∈ R
L×dt , where L is the number of time steps and

dt is the feature dimension per time step. For the h-th head, three pairs of learnable base matrices
Uh

Q,V
h
Q,U

h
K ,V

h
K ,U

h
V ,V

h
V are defined, whose dimensions are given by:

U(h)
Q ∈ R

ds×rmax , V(h)
Q ∈ R

rmax×dh , (2.15)
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U(h)
K ∈ R

dt×rmax , V(h)
K ∈ R

rmax×dh , (2.16)

U(h)
V ∈ R

dt×rmax , V(h)
V ∈ R

rmax×dh , (2.17)

where rmax is the maximum rank and dh =
dhidden

M is the dimension of each head’s hidden space. Taking
Q as an example, the traditional low-rank projection can be written as:

Qh = xsU(h)
Q V(h)

Q ∈ R
dh . (2.18)

In practice, the suitable rank can vary with the data distribution. If rmax is set too large, it may lead to
overfitting or redundancy, while setting it too small may restrict the captured information. Therefore,
dynamic rank selection is introduced in each head.

2.5.2. Dynamic rank selection and the multi-head attention mechanism

The implementation of the dynamic rank method follows these steps: for each head, the columns
U and V are weighted in a differentiable manner to obtain the dynamic low-rank matrices Udyn and
Vdyn. Let α ∈ Rrmax be a learnable parameter. The softmax function is applied to obtain w, and then
a diagonal matrix W is constructed, followed by weighted summation over the columns U and V, as
follows:

w = softmax(α) ∈ Rrmax , w ≥ 0, ∥w∥1 = 1, (2.19)

W = diag(w) ∈ Rrmax×rmax , (2.20)

Udyn = UW ∈ Rdin×rmax , Vdyn =WV ∈ Rrmax×dout . (2.21)

This allows for adaptive rank allocation during training, enabling soft rank selection, where the
contribution of each column can be increased or decreased. For the h-th head, the calculation of Qh,
Kh, and Vh is as follows:

U(h)
Q,dyn = U(h)

Q W(h)
Q , V(h)

Q,dyn =W(h)
Q V(h)

Q , (2.22)

Qh = xs U(h)
Q,dyn V(h)

Q,dyn, (2.23)

Kh = (xt)flatU(h)
K,dynV(h)

K,dyn, (2.24)

Vh = (xt)flatU(h)
V,dynV(h)

V,dyn, (2.25)

where (xt)flat ∈ R
(B×L)×dt represents the flattened batch and time dimensions, after which the result is

reshaped to [B, L, dh] for Kh and Vh. Once Qh, Kh, and Vh are obtained, the attention output for the
h-th head is computed using the standard dot-product attention formula:

Attnh(Qh,Kh,Vh) = softmax
(QhKT

h
√

dh

)
Vh, (2.26)
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and the output of all heads is concatenated as:

Omh = Concat(Attn1, . . . ,AttnM) ∈ RB×dhidden . (2.27)

Finally, a linear transformation is applied to map the output back to the image feature dimension ds,
as follows:

Wout ∈ R
dhidden×ds , (2.28)

oattn = Omh Wout ∈ R
B×ds , (2.29)

In the cross-view scenario, to further inject the global trend of the time-series, the mean mtime of the
time-series features is computed. Then, the original image features xs, attention outputs oattn, and mtime

are concatenated into a single vector z. Through a gating network (Gate FC), a gating vector γ ∈ Rds is
learned, as shown in the following equations:

mtime = MeanPool(xt) ∈ Rdt , (2.30)

z = Concat(xs,mtime, oattn) ∈ Rds+dt+ds , (2.31)

γ = σ (MLP(z)) , (2.32)

xfused = (1 − γ) ⊙ xs + γ ⊙ oattn. (2.33)

where σ(·) represents the element-wise sigmoid function, and ⊙ denotes element-wise multiplication.
This balances the original features and the injected cross-attention information. In summary, dynamic
low-rank projections adapt the effective rank per head to reduce redundancy, the multi-head design par-
titions representation subspaces to capture complementary cross-view cues, and gated fusion balances
original spatial features with cross-view injection to improve robustness. DyLoMHCA is therefore
intended as an application-oriented adaptation of low-rank attention for cross-view bearing fault diag-
nosis rather than a fundamentally new attention paradigm.

3. Case study

3.1. Dataset description

In this study, two benchmark bearing fault datasets, Case Western Reserve University (CWRU)
[18] and the Southeast University (SEU) drivetrain dataset used in prior transfer-learning diagnosis
work [19], are employed for model evaluation. The CWRU dataset consists of vibration signal data
with a sampling frequency of 12 kHz under 0 HP load from the drive end. The experimental setup
of the CWRU bearing test rig is shown in Figure 3. Unnecessary outer race fault and other loading
conditions are removed, leaving only the outer race fault at the 6 o’clock direction. The final dataset
includes fault data for three types of faults (inner race, rolling element, and outer race) at defect sizes of
0.007, 0.014, and 0.021, as well as normal data, totaling 10 categories, as shown in Figure 4. The SEU
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dataset is from Southeast University, where the speed system load is set to 20 Hz-0 V. The experimental
setup of the SEU bearing test rig is shown in Figure 5. The bearing fault conditions are cracks on the
rolling elements, cracks on the inner race, cracks on the outer race, and cracks on both the inner and
outer races, totaling four types of faults, and normal motor vibration data, resulting in 5 categories, as
shown in Figure 6.

Figure 3. Experimental setup of the CWRU bearing test rig.
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Figure 4. Representative CWRU vibration sequences for the considered fault categories (first
1024 points).
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All experiments use non-overlapping datasets rebuilt from the raw signals. Each sample is a 1024-
point vibration window. In the same-condition suite, each case is built from one operating condition
only: the raw signal is split in chronological order at the raw-signal level into 70% training, 10%
validation, and 20% test partitions, and only then segmented into windows. In the cross-condition
suite, train, validation, and test data come from disjoint operating conditions or source–target condition
pairs. For the grouped CWRU transfer cases and the SEU transfer cases, the source conditions are split
chronologically into 90% training and 10% validation partitions, while the unseen target condition is
reserved as the full test set. For the two CWRU single-transfer cases, one full operating condition is
used for training, one for validation, and one unseen condition for testing. All cases use per-source
train min–max normalization.

Figure 5. Experimental setup of the SEU bearing test rig.
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Figure 6. Representative SEU vibration sequences for the considered fault categories (first
1024 points).
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Figure 7. Representative CWT-based time–scale images from the CWRU bearing dataset.

Figure 8. Representative CWT-based time–scale images from the SEU bearing dataset.

The same-condition and cross-condition cases are summarized in Tables 1 and 2. The CWRU cases
contain 10 fault categories, including normal condition, inner-race faults at three defect sizes, rolling-
element faults at three defect sizes, and outer-race faults at three defect sizes. The SEU cases contain
5 categories, namely, normal, inner-race fault, outer-race fault, rolling-element fault, and compound
fault. All cases are class-balanced at the case level because each label is windowed and split with the
same deterministic protocol inside each source condition.

Table 1. Same-condition evaluation cases and split sizes.

Case Dataset Operating condition Split protocol Train Val Test
S1 cwru condition 0 CWRU Condition 0 ordered raw 70/10/20 810 110 230
S2 cwru condition 1 CWRU Condition 1 ordered raw 70/10/20 810 110 230
S3 cwru condition 2 CWRU Condition 2 ordered raw 70/10/20 810 110 230
S4 cwru condition 3 CWRU Condition 3 ordered raw 70/10/20 810 110 230
S5 seu 20 0 SEU 20 Hz–0 V ordered raw 70/10/20 3580 510 1020
S6 seu 30 2 SEU 30 Hz–2 V ordered raw 70/10/20 3580 510 1020

For the main experiments, the image branch uses CWT-based time–scale images. Each standard-
ized 1024-point vibration segment is transformed by a continuous wavelet transform with the Morlet
wavelet, using geometrically spaced scales from 1 to 128. The coefficient magnitude is converted by
log(1 + | · |), mapped to a color image, and resized to 224 × 224. All train, validation, and test signals
are processed identically, and representative CWT examples from the CWRU and SEU benchmarks
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are shown in Figures 7 and 8. Alternative GAF and MTF representations are evaluated separately in
the image-representation ablation.

Table 2. Cross-condition evaluation cases and split sizes.
Case Dataset Transfer setting Split protocol Train Val Test
g1 cwru grouped 01 to 3 CWRU conditions 0,1→ 3 source ordered raw 90/10, target full test 2100 220 1170
g2 cwru grouped 23 to 0 CWRU conditions 2,3→ 0 source ordered raw 90/10, target full test 2100 220 1170
g3 cwru single 0 1 3 CWRU train 0, val 1, test 3 disjoint full conditions 1170 1170 1170
g4 cwru single 3 2 0 CWRU train 3, val 2, test 0 disjoint full conditions 1170 1170 1170
g5 seu 20 0 to 30 2 SEU 20 Hz–0 V→ 30 Hz–2 V source ordered raw 90/10, target full test 4605 510 5115
g6 seu 30 2 to 20 0 SEU 30 Hz–2 V→ 20 Hz–0 V source ordered raw 90/10, target full test 4605 510 5115

3.2. Experimental settings

The experiments follow a unified multi-seed evaluation protocol. Unless otherwise stated, all main
comparison models are trained with AdamW, learning rate 5 × 10−4, weight decay 1 × 10−4, no sched-
uler, 100 training epochs, and early stopping patience 25. Three random seeds {7, 42, 2024} are used
for each case. To keep the optimization budget comparable while avoiding out-of-memory failures
across model families, the implementation uses model-aware safe per-device batch sizes together with
gradient accumulation when necessary. The same-condition suite evaluates the 6 cases listed in Ta-
ble 1, and the cross-condition suite evaluates the 6 transfer cases listed in Table 2. Table 3 summarizes
the unified preprocessing, optimization, and hardware settings used in the experiments. The image
branch of the main experiments uniformly uses 224 × 224 CWT images. The implementation is based
on PyTorch, torchvision, pyts, scikit-learn, pandas, NumPy, THOP, and PyWavelets.

Table 3. Unified data processing, optimization, and hardware settings used in the experi-
ments.

Item Setting
Signal window length 1024 points
Window overlap 0%
Same-condition split ordered raw-signal split within one operating condition: 70% train / 10% val / 20% test
Cross-condition grouped transfer source condition(s) split in order: 90% train / 10% val; unseen target condition used as full test set
Cross-condition single transfer one full operating condition for train, one for val, and one unseen condition for test
Normalization per-source train min–max normalization
Default image representation CWT with Morlet wavelet, scales 1–128, and log-magnitude mapping
Image size 224 × 224 RGB
Optimizer AdamW
Learning rate 5 × 10−4

Weight decay 1 × 10−4

Scheduler none
Maximum epochs 100
Early stopping patience 25
Random seeds {7, 42, 2024}
Batch policy model-aware safe batch size with gradient accumulation when required
Precision fp16
Software stack PyTorch, torchvision, pyts, scikit-learn, pandas, NumPy, THOP, PyWavelets
Hardware Linux workstation with 6 NVIDIA Tesla V100 GPUs (1×32 GB and 5×16 GB)
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Architecture settings. The proposed model uses dmodel = 32, expand = 4, d f f = 4, branch kernels
{1, 3, 5}, fusion hidden dimension = 64, 4 attention heads, and rmax = 8. Unless otherwise stated, the
Mamba branch uses 4 stacked residual blocks and dropout 0.3. The same core configuration is used
across the same-condition, cross-condition, image-representation, and sensitivity experiments.

3.3. Evaluation metrics

To assess both predictive performance and computational efficiency, accuracy (Acc), precision
(Prec), recall (Rec), macro F1-score (F1), Matthews correlation coefficient (MCC), parameter count
(Params), multiply–accumulate operations (MACs), mean batch latency, and throughput/FPS are re-
ported. Params and MACs serve as the primary architecture-level efficiency indicators because they
are independent of runtime batching. Latency and throughput are reported as supplementary end-to-
end profiling results produced by a unified evaluation pipeline under the same hardware environment.
However, to avoid out-of-memory failures across heterogeneous model families, that pipeline uses
model-aware safe per-run evaluation batch sizes rather than one fixed batch size for every baseline.
Accordingly, latency/FPS should be interpreted as practical system-level measurements rather than
strict kernel-level microbenchmarks. In the comparison tables, parameter counts are written as CWRU
/ SEU when the classifier head differs between the 10-class CWRU label space and the 5-class SEU
label space. Peak GPU memory is not used as a primary cross-model comparison metric in the main
text because it is not consistently retained in all summary files. Let TP, FP, FN, and TN denote true
positives, false positives, false negatives, and true negatives, respectively. For multi-class classification,
macro-averaging over classes is employed. The evaluation metrics are defined as follows:

Acc =
TP + TN

TP + FP + FN + TN
, (3.1)

Prec =
TP

TP + FP
, (3.2)

Rec =
TP

TP + FN
, (3.3)

F1 = 2 ·
Prec · Rec
Prec + Rec

. (3.4)

Here, TP represents true positives (correctly predicted positive samples), TN represents true negatives
(correctly predicted negative samples), FP represents false positives (incorrectly predicted as positive),
and FN represents false negatives (incorrectly predicted as negative). For multi-class classification
problems, macro-averaging is used to compute these metrics across all fault classes. In addition, MCC
is used because it remains informative under class imbalance and low-accuracy cross-condition set-
tings. Params counts the total learnable parameters, MACs counts multiply–accumulate operations,
mean batch latency measures the average inference time per evaluation batch, and throughput/FPS
reports processed samples per second.

4. Comparative methods

This section compares the proposed model against five baseline models under the unified protocol.
The same-condition suite covers the 6 cases in Table 1, while the cross-condition suite covers the 6
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transfer cases in Table 2. Tables 4 and 5 report the aggregated same-condition and cross-condition
results, respectively. Each case is evaluated with three random seeds, and the reported values are ag-
gregated means and standard deviations. For bounded metrics such as accuracy, the standard-deviation
term summarizes variability across runs and should not be interpreted as a feasible accuracy interval.
Figures 9–12 summarize the same-condition, cross-condition, convergence, and efficiency compar-
isons.
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Figure 9. Accuracy comparison of the baseline models under same-condition and cross-
condition evaluation.

Table 4. Same-condition main comparison aggregated over all cases and seeds.
Diagnosis method CWRU Acc (%) SEU Acc (%) CWRU MCC SEU MCC Params MACs CWRU Lat. (ms) SEU Lat. (ms) CWRU FPS SEU FPS

1D-CNN 100.00 ± 0.00 92.99 ± 8.37 1.0000 0.9190 61,610 / 60,965 20,825,472 0.97 1.12 122,331.3 118,689.9
ResNet-CBAM 97.86 ± 2.68 99.97 ± 0.05 0.9768 0.9996 48,082 / 47,917 234,113,720 39.55 41.32 2,926.8 3,097.9
GRU-Concat 99.53 ± 0.60 98.79 ± 2.72 0.9948 0.9857 440,402 / 438,957 246,688,952 22.60 23.99 2,570.1 2,660.0
Single-Mamba 98.66 ± 1.37 99.92 ± 0.07 0.9853 0.9990 547,664 / 547,284 487,943,964 41.02 40.59 702.7 785.4
MS-Transformer 99.71 ± 0.43 99.97 ± 0.05 0.9968 0.9996 556,970 / 556,805 426,467,000 35.03 35.01 822.8 911.4
Proposed 99.20 ± 1.01 99.61 ± 0.45 0.9912 0.9951 545,962 / 545,797 563,961,528 65.17 30.87 919.7 1,032.7

Table 5. Cross-condition main comparison aggregated over all transfer cases and seeds.
Diagnosis method CWRU Acc (%) SEU Acc (%) CWRU MCC SEU MCC Params MACs CWRU Lat. (ms) SEU Lat. (ms) CWRU FPS SEU FPS

1D-CNN 20.08 ± 9.06 18.64 ± 2.90 0.1489 -0.0337 61,610 / 60,965 20,825,472 0.97 1.03 122,924.5 127,877.6
ResNet-CBAM 20.05 ± 2.25 25.20 ± 6.68 0.1387 0.1009 48,082 / 47,917 234,113,720 37.98 41.50 3,086.2 3,081.1
GRU-Concat 15.04 ± 5.01 22.52 ± 2.43 0.0898 0.0452 440,402 / 438,957 246,688,952 23.25 23.95 2,659.1 2,673.1
Single-Mamba 21.62 ± 4.35 24.13 ± 3.48 0.1571 0.0918 547,664 / 547,284 487,943,964 44.77 42.47 709.8 753.5
MS-Transformer 21.45 ± 3.92 25.48 ± 7.40 0.1517 0.0985 556,970 / 556,805 426,467,000 37.98 36.93 837.8 866.6
Proposed 27.39 ± 6.87 30.43 ± 7.32 0.2189 0.1730 545,962 / 545,797 563,961,528 61.07 33.28 1,008.9 961.5
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Table 6. Case-wise same-condition accuracy on the CWRU operating conditions.

Diagnosis method S1 (cond. 0) S2 (cond. 1) S3 (cond. 2) S4 (cond. 3)
1D-CNN 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00
ResNet-CBAM 97.25 ± 1.81 99.13 ± 0.87 96.38 ± 5.19 98.70 ± 1.15
GRU-Concat 99.57 ± 0.75 99.71 ± 0.25 100.00 ± 0.00 98.84 ± 0.50
Single-Mamba 96.81 ± 1.65 99.42 ± 0.66 99.28 ± 0.25 99.13 ± 0.43
MS-Transformer 99.71 ± 0.25 100.00 ± 0.00 99.71 ± 0.50 99.42 ± 0.66
Proposed 99.71 ± 0.25 99.86 ± 0.25 99.13 ± 0.87 98.12 ± 1.40
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Figure 10. Three-seed mean accuracy trajectories of the baseline models on represen-
tative same-condition and cross-condition cases. Solid lines denote the mean over seeds
{7,42,2024}, and shaded bands denote ±1 standard deviation.

The comparison leads to a nuanced conclusion. Under same-condition evaluation, the proposed
model is high-performing but not uniformly best. In Table 4, it reaches 99.20% mean accuracy on
CWRU with a standard deviation of 1.01%, below the higher same-condition averages of 1D-CNN
and MS-Transformer; on SEU, it reaches 99.61% mean accuracy with a standard deviation of 0.45%,
remaining competitive but slightly below the leading image-centric and transformer baselines. These
results indicate that the model should be interpreted as competitive rather than as a uniformly leading
same-condition classifier.

The cross-condition results provide more direct but still limited evidence for the proposed design.
As reported in Table 5, the proposed model ranks first on all 6 transfer cases and also achieves the
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highest dataset-level averages on both CWRU and SEU. Its cross-condition accuracy reaches 27.39%±
6.87% on CWRU and 30.43%±7.32% on SEU, exceeding the second-highest baselines by 0.86–10.26
percentage points depending on the transfer case. Although these absolute cross-condition accuracies
remain modest for all compared baselines, the proposed model improves the relative transfer results
under condition shift more consistently than the comparison baselines. In other words, although the
model is not the most accurate same-condition classifier in every setting, it shows more stable cross-
condition behavior within the matched comparison when the operating condition shifts. Robust cross-
condition bearing diagnosis nevertheless remains unresolved.
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Figure 11. Latency and throughput of the proposed model under same-condition and cross-
condition evaluation.

Table 7. Case-wise same-condition accuracy on the SEU operating conditions.

Diagnosis Method S5 (20 Hz–0 V) S6 (30 Hz–2 V)
1D-CNN 86.08 ± 5.63 99.90 ± 0.10
ResNet-CBAM 99.97 ± 0.06 99.97 ± 0.06
GRU-Concat 97.68 ± 3.85 99.90 ± 0.17
Single-Mamba 99.90 ± 0.10 99.93 ± 0.06
MS-Transformer 100.00 ± 0.00 99.93 ± 0.06
Proposed 99.61 ± 0.39 99.61 ± 0.60

Table 8. Case-wise cross-condition accuracy on the CWRU transfer cases.

Diagnosis Method g1 (01→3) g2 (23→0) g3 (0/1/3) g4 (3/2/0)
1D-CNN 13.39 ± 5.72 19.97 ± 9.92 20.00 ± 0.00 26.95 ± 13.52
ResNet-CBAM 17.75 ± 2.31 22.79 ± 1.59 19.60 ± 0.73 20.06 ± 0.20
GRU-Concat 19.77 ± 2.49 10.34 ± 3.45 13.45 ± 5.45 16.58 ± 4.04
Single-Mamba 20.85 ± 7.57 22.17 ± 4.58 23.13 ± 1.81 20.34 ± 3.90
MS-Transformer 22.02 ± 7.22 19.34 ± 0.44 21.54 ± 2.92 22.91 ± 3.64
Proposed 32.28 ± 6.00 23.65 ± 4.03 25.30 ± 9.78 28.35 ± 6.86

To avoid ambiguity about where these aggregated values come from, Tables 6–9 report the case-
wise accuracies for all same-condition and cross-condition settings. This finer-grained view shows that
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the proposed model remains near the ceiling on S1 and S2, but its CWRU same-condition average is
pulled down by a modest drop on S4 and the remaining variance across CWRU conditions, although all
four CWRU same-condition cases stay above 98%. On SEU, the two same-condition cases are much
more stable for the proposed model, while the large variance of simpler baselines is concentrated in S5
rather than S6. Under cross-condition evaluation, the proposed model is the only compared baseline
that stays in first place on all four CWRU transfer cases and both SEU transfer cases, which is the main
empirical reason for emphasizing its transfer behavior rather than claiming same-condition dominance.

Same acc.

Cross acc.

Cross MCC

FPS

Low latency

Low MACs

0.4 0.6 0.8 1.0

1D-CNN
ResNet-CBAM

GRU-Concat
Single-Mamba
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Figure 12. Normalized radar-chart summary of the baseline models over same-condition
accuracy, cross-condition accuracy, cross-condition MCC, FPS, low-latency preference, and
low-MAC preference. Higher values indicate better normalized performance on each axis.

The training-curve overview in Figure 10 provides complementary evidence about optimization
behavior under the three-seed protocol. In same-condition diagnosis, most baselines converge rapidly
to high validation accuracy, especially on SEU, which is consistent with the weak separation among
the leading models in Table 4. In contrast, the cross-condition panels show a much larger gap between
source-domain fitting and target-domain test accuracy, confirming that transfer robustness rather than
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raw optimization difficulty is the main challenge. Within the displayed representative transfer cases,
the proposed model tends to preserve relatively high mean target-domain trajectories and stable late-
epoch accuracy bands among the baseline models, which is consistent with its higher aggregated cross-
condition accuracy.

Table 9. Case-wise cross-condition accuracy on the SEU transfer cases.

Diagnosis method g5 (20 Hz–0 V→30 Hz–2 V) g6 (30 Hz–2 V→20 Hz–0 V)
1D-CNN 17.32 ± 3.98 19.96 ± 0.07
ResNet-CBAM 19.84 ± 1.31 30.56 ± 4.86
GRU-Concat 21.18 ± 2.24 23.86 ± 2.10
Single-Mamba 21.64 ± 0.77 26.62 ± 3.34
MS-Transformer 24.20 ± 7.88 26.76 ± 8.35
Proposed 28.01 ± 10.28 32.85 ± 3.29

Table 10. Aggregated noise-robustness summary across the same-condition and cross-
condition suites.

Scenario Method Clean (%) 20 dB (%) 16 dB (%) 12 dB (%) 10 dB (%) Noisy mean (%)
CWRU same Proposed 99.20 27.21 19.20 14.93 13.22 18.64
CWRU same MS-Transformer 99.71 28.51 21.01 16.74 14.96 20.31
CWRU same GRU-Concat 99.53 46.78 33.15 27.72 25.69 33.33
CWRU same 1D-CNN 100.00 63.26 42.90 29.93 23.91 40.00
SEU same Proposed 99.61 48.07 41.44 31.26 26.21 36.74
SEU same MS-Transformer 99.97 54.08 42.06 32.12 28.07 39.08
SEU same GRU-Concat 98.79 62.39 60.85 52.66 42.99 54.72
SEU same Image-Only 99.97 53.07 47.08 38.92 31.70 42.69
CWRU cross Proposed 27.39 25.75 24.05 22.18 20.95 23.23
CWRU cross MS-Transformer 21.45 19.91 18.45 17.83 17.68 18.47
CWRU cross 1D-CNN 20.08 19.92 19.58 18.28 18.04 18.96
CWRU cross Image-Only 20.05 19.72 18.48 17.04 16.37 17.90
SEU cross Proposed 30.43 20.63 19.99 21.81 21.11 20.88
SEU cross Image-Only 25.20 21.25 21.28 20.41 20.19 20.78
SEU cross GRU-Concat 22.52 21.20 20.40 20.22 19.79 20.40
SEU cross MS-Transformer 25.48 20.86 18.68 19.62 19.89 19.76

From the efficiency perspective, the proposed model is neither the smallest nor the fastest baseline
under the evaluation settings used here. Its batch-size-independent footprint is about 5.46×105 param-
eters and 5.64 × 108 MACs, which are larger than those of the lightweight 1D-CNN and image-only
baselines. The latency and FPS numbers in Tables 4 and 5, together with Figure 11, should be read
as supplementary end-to-end profiling results produced by the same evaluator on the same hardware
but with model-aware safe evaluation batch sizes, rather than as strict fixed-batch microbenchmarks.
Under this practical profiling view, the extra cost of the proposed model is accompanied by improved
cross-condition accuracy. Figure 12 summarizes this point visually: once the baseline models are
normalized across accuracy, generalization, and efficiency dimensions, the proposed method does not
dominate every axis, but it occupies a balanced overall profile. Therefore, the main comparison is best
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interpreted as an accuracy–efficiency–generalization trade-off rather than a broad superiority claim.

4.1. Noise robustness under matched evaluation

To further examine performance degradation under signal corruption, the trained checkpoints were
additionally evaluated on clean data and four additive Gaussian-noise levels (20, 16, 12, and 10 dB).
This noise benchmark does not retrain the models. Instead, it reuses the same trained checkpoints from
the same-condition and cross-condition suites, applies a shared noise seed, and evaluates all variants
with the same evaluation pipeline. Figure 13 and Table 10 summarize the aggregated accuracy trends.
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Figure 13. Three-seed mean noise-robustness trends of the baseline models under clean, 20,
16, 12, and 10 dB evaluation.

The noise results show that robustness depends strongly on the evaluation regime. Under same-
condition diagnosis, the proposed model preserves the near-ceiling clean accuracy already observed in
the main tables, but it is not the most noise-tolerant baseline after substantial corruption. On CWRU
same-condition cases, the lightweight 1D-CNN yields the highest noisy mean accuracy, while on SEU
same-condition cases, the GRU-Concat baseline yields the highest noisy mean. This indicates that the
proposed same-source multi-view model should not be treated as the default anti-noise reference for
easier within-condition recognition.

The cross-condition noise results are more consistent with the main interpretation of this study. On
CWRU cross-condition transfers, the proposed model remains first in both clean and noisy averages
and preserves a visible margin over the comparison baselines across the evaluated signal-to-noise ratio
(SNR) range. On SEU cross-condition transfers, the margin is narrower, but the proposed model still
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reaches the highest clean average and a comparable noisy mean. When operating-condition shift and
additive noise are considered together, the proposed model continues to exhibit a balanced relation be-
tween cross-domain generalization and noise resilience among the baseline models. This is consistent
with the broader view that the main value of the proposed framework lies in stable cross-condition
behavior rather than in saturating easier same-condition settings.

4.2. Comparison with published methods

Cross-paper comparison should be interpreted cautiously. Different studies often adopt different
split strategies, preprocessing pipelines, image representations, and reporting conventions, and several
published methods do not provide directly comparable complexity or runtime details. For this reason,
no ranked claim is made against heterogeneous literature baselines here. Instead, the proposed method
is positioned as a compact same-source multi-view model whose main evidence lies in the internally
matched cross-condition comparison.

5. Ablation and parameter sensitivity study

To systematically evaluate the contribution of each component and the robustness of the adopted
structural settings, a series of ablation experiments and supplementary parameter sensitivity studies
are conducted. The ablations assess the individual roles of the multi-scale gating Mamba module,
the DyLoMHCA module, and the same-source multi-view framework in bearing fault diagnosis. The
sensitivity study further examines how the performance changes when key structural parameters in the
sequence branch and fusion module are perturbed around a fixed anchor configuration.

5.1. Ablation results on different datasets

The image-representation ablation is reflected not only in the final accuracy averages but also in the
three-seed mean training trajectories. Table 11 and Figures 14 and 15 show that the CWT retains the
strongest overall validation behavior among the CWT/GAF/MTF choices. The separation is especially
clear on CWRU, where the CWT maintains a visible margin over GAF and MTF, while on SEU, all
three encodings remain near the ceiling and the CWT still gives the highest dataset-level average.
Taken together, these observations motivate the use of the CWT as the default image view in the main
experiments.

Table 11. Image-representation ablation of the proposed model under same-condition evalu-
ation.

Image type CWRU Acc (%) SEU Acc (%) CWRU MCC SEU MCC CWRU Thr. SEU Thr.
CWT 98.51 ± 1.68 99.92 ± 0.16 0.9837 0.9990 858.0 838.8
GAF 88.41 ± 7.09 99.56 ± 0.30 0.8726 0.9945 812.0 696.4
MTF 87.39 ± 4.94 99.74 ± 0.27 0.8615 0.9967 893.5 776.2
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Figure 14. Same-condition accuracy summary of the CWT, GAF, and MTF image represen-
tations.
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Figure 15. Three-seed mean validation-accuracy trajectories of the proposed model under
the CWT, GAF, and MTF image-representation ablation settings. Solid lines denote the mean
over seeds {7,42,2024}, and shaded bands denote ±1 standard deviation.

5.1.1. Effect and role of multi-scale gating Mamba

Table 12. Representative structural ablation summary aggregated over all same-condition
cases and seeds.

Group Variant CWRU Acc (%) SEU Acc (%) Params MACs CWRU Lat. SEU Lat. Main Observation
Framework Signal-only Mamba 82.75 ± 6.56 97.17 ± 1.92 218 k 56 M 32.63 27.64 lower sequence-only baseline
Framework Signal-only MSGM 90.33 ± 4.21 98.27 ± 1.24 488 k 330 M 43.75 36.02 improved sequence branch summary
Framework Image-only ResNet-CBAM 94.31 ± 9.89 99.98 ± 0.04 48 k 234 M 37.42 44.21 high SEU image-only accuracy
Framework Fusion + Concat 98.91 ± 1.09 99.89 ± 0.28 536 k 564 M 69.61 83.40 fusion remains above single branches
Fusion Concat 98.99 ± 0.97 99.84 ± 0.26 536 k 564 M 51.37 89.94 simple lower-cost fusion
Fusion DyLoMHCA 99.35 ± 0.73 99.97 ± 0.05 546 k 564 M 83.89 122.52 highest CWRU fusion average
Fusion FullRank MHCA 99.28 ± 0.99 99.98 ± 0.04 547 k 568 M 98.16 99.25 similar accuracy with slightly higher cost
MSGM Single-scale 97.25 ± 2.23 99.97 ± 0.05 279 k 292 M 51.95 56.40 lower CWRU average than multi-scale
MSGM Multi-scale 99.46 ± 0.38 99.97 ± 0.05 546 k 564 M 66.18 92.36 highest MSGM average in this summary
MSGM Kernels {1,3} 98.80 ± 1.16 99.92 ± 0.11 477 k 494 M 80.68 96.29 reduced scale diversity lowers CWRU average
MSGM Kernels {3,5} 99.38 ± 0.60 99.80 ± 0.28 479 k 496 M 74.77 103.76 competitive subset variant

The structural ablation summary in Table 12 shows that the multi-scale sequence branch contributes
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differently across datasets. When the basic signal-only Mamba is replaced by the multi-scale gated ver-
sion, the average CWRU accuracy rises from 82.75% to 90.33%, while the SEU signal-only accuracy
rises from 97.17% to 98.27%. This pattern suggests that multi-scale local modeling is especially rel-
evant on the more difficult CWRU same-condition cases, where local transients and longer temporal
dependencies both matter.

5.1.2. Effect and role of the DyLoMHCA module

The fusion ablation shows that DyLoMHCA does not produce the same gain over every alternative,
but it provides a practical balance between accuracy and complexity. On the same-condition suite,
DyLoMHCA reaches 99.35% ± 0.73% on CWRU and 99.97% ± 0.05% on SEU. It improves over
simple concatenation in this summary, yields the highest average CWRU fusion accuracy, and remains
essentially tied with the slightly heavier full-rank MHCA on SEU. At the same time, DyLoMHCA
avoids the MAC increase of the full-rank variant, while its latency behavior remains case-dependent
rather than universal. Overall, this behavior is consistent with describing DyLoMHCA as a task-
oriented low-rank fusion choice rather than a fundamentally new attention mechanism.

5.1.3. Effect and role of the multi-view framework
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Figure 16. Three-seed mean validation-accuracy overview of the main structural ablation
groups on representative CWRU cases. Solid lines denote the mean over seeds {7,42,2024},
and shaded bands denote ±1 standard deviation.

The proposed framework fuses two synchronized representations derived from the same sensor data:
the time-domain signal and its CWT image. The ablation shows that the fused framework improves
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over the individual signal-only branches and remains competitive with the image-only branch. On
CWRU, the fusion models rise well above both signal-only Mamba and image-only ResNet-CBAM.
On SEU, the image branch is already very strong, but the fused framework remains competitive while
also linking more naturally to the cross-condition evidence in Section 4. These observations are con-
sistent with the usefulness of same-source dual-representation fusion, especially when the objective
extends beyond easier same-condition classification.
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Figure 17. Sensitivity of same-condition accuracy to representative hyperparameter changes
in the proposed model.

The structural-ablation overview in Figure 16 adds an optimization-level view to the summary tables
while avoiding a proliferation of separate figures. The framework panel shows that the fused model
maintains higher validation trajectories than the signal-only branches on the more difficult CWRU
cases. The fusion panel indicates that DyLoMHCA and full-rank MHCA reach similar final operating
regions, but DyLoMHCA preserves comparable convergence without the additional full-rank cost. The
MSGM panel further shows that removing scale diversity mainly affects CWRU convergence stability
rather than only lowering the terminal average, which is consistent with the adopted multi-scale design.
Figure 17 likewise shows that the adopted setting lies in a stable neighborhood rather than at a fragile
isolated optimum.

5.2. Parameter sensitivity analysis

To further examine the robustness of the adopted structural settings, one-at-a-time sensitivity exper-
iments were conducted on the same-condition suite using the same default CWT image input and the
same training budget as the structural-ablation experiments. The reference configuration is dmodel = 32,
expand = 4, d f f = 4, fusion hidden dimension = 64, 4 attention heads, rmax = 8, branch kernels
{1, 3, 5}, AdamW, no scheduler, and the default safe batch setting used in the experiments. Unlike a
single-seed sensitivity summary, the summary below is aggregated over all completed same-condition
cases and seeds.

Table 13 suggests that the main configuration lies in a broad high-performing region rather than at
an isolated optimum. On CWRU, increasing dmodel from 32 to 48 gives the highest pooled average,
whereas reducing expand to 2 or shrinking the fusion hidden dimension to 32 leads to lower perfor-
mance. On SEU, most variants remain close to ceiling performance, but more aggressive changes such
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as d f f = 8 or fusion hidden dimension 128 are accompanied by weaker stability. The rank and head
settings also remain fairly stable near the default choice: rmax = 8, rmax = 12, and 2–8 heads all re-
main competitive, whereas smaller hidden width and some width changes are more harmful. Taken
together, these results are consistent with the adopted dmodel = 32, expand = 4, d f f = 4, fusion hidden
dimension 64, 4 heads, and rmax = 8 settings as a reasonable practical compromise.

Table 13. Parameter sensitivity of the proposed model under the same-condition sensitivity
suite.

Category Variant setting CWRU accuracy (%) SEU accuracy (%)
Reference setting dmodel = 32, expand = 4, d f f = 4, heads = 4, rmax = 8, kernels = {1, 3, 5} 99.13 ± 0.87 99.93 ± 0.11
Width dmodel = 16 98.99 ± 1.52 100.00 ± 0.00
Width dmodel = 48 99.93 ± 0.18 99.97 ± 0.06
Width dmodel = 64 99.39 ± 0.95 99.74 ± 0.25
Width expand = 2 97.68 ± 3.65 99.97 ± 0.05
Width expand = 6 99.71 ± 0.50 99.15 ± 0.64
Width d f f = 2 99.57 ± 0.43 99.95 ± 0.08
Width d f f = 8 99.57 ± 0.75 93.14 ± 9.63
Fusion hidden = 32 96.52 ± 5.65 99.87 ± 0.24
Fusion hidden = 96 100.00 ± 0.00 99.97 ± 0.05
Fusion hidden = 128 98.99 ± 0.25 97.52 ± 4.30
Fusion heads = 2 99.86 ± 0.22 99.97 ± 0.06
Fusion heads = 8 99.57 ± 0.67 99.93 ± 0.11
Fusion rmax = 4 98.26 ± 2.91 100.00 ± 0.00
Fusion rmax = 12 99.64 ± 0.51 99.80 ± 0.00
Fusion rmax = 16 99.35 ± 0.98 99.90 ± 0.17

The sensitivity behavior is shown directly in Figure 17. The higher-performing sensitivity variants
tend to converge within similar epoch ranges, while the weaker settings mainly differ by producing
noisier validation trajectories or a lower late-epoch accuracy band. This behavior is consistent with
interpreting the adopted parameter setting not as a fragile point estimate, but as a stable operating
choice inside a broader acceptable region.

6. Conclusions

This study presents a compute-conscious same-source multi-view bearing fault diagnosis model
based on a multi-scale gated Mamba branch and DyLoMHCA fusion. Under the unified CWT-based
protocol, the model remains highly competitive in same-condition diagnosis and reaches the highest
cross-condition averages in the internal comparison on both CWRU and SEU. The comparison is there-
fore best read as a balanced trade-off between relative cross-condition generalization and computational
cost among the internally matched baselines, rather than as evidence of uniform same-condition su-
periority or absolute low complexity. The ablation and sensitivity analyses are likewise consistent
with positive contributions from the multi-scale sequence branch, the low-rank fusion design, and the
dual-representation framework.

At the same time, the claims of this study should be interpreted with appropriate caution. First, al-
though cross-condition evaluation strengthens the empirical basis, the present validation is still limited
to benchmark datasets rather than real industrial deployment data. Second, the two branches are derived
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from the same vibration source, so the framework is more accurately described as same-source multi-
view fusion than as heterogeneous multi-sensor multimodality. Third, absolute cross-condition accu-
racies remain modest for all compared models, so robust cross-condition bearing diagnosis remains
unresolved. Fourth, the model is not the smallest or the fastest baseline, so the compute-conscious
framing of this study is better understood as a practical trade-off than as an absolute minimum-cost
solution.

Future work should therefore extend the evaluation to real industrial deployment data, broader
operating-condition diversity, stricter split strategies, and cross-dataset transfer, together with fuller
deployment-oriented efficiency measurements such as CPU/edge-device latency and memory foot-
print. It will also be valuable to analyze the CWT configuration choices more explicitly, to further test
low-rank fusion under harsher domain shifts, and to expand the current benchmark evidence toward
harsher and noisier industrial conditions.
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