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Abstract

In industrial equipment fault diagnosis, vibration and acoustic signals are highly comple-
mentary yet exhibit significant differences in frequency distribution and noise sensitivity.
Traditional multimodal methods generally rely on homogeneous feature extractors and
direct feature concatenation, which may fail to capture modality-specific characteristics
and introduce irrelevant information during fusion. To address this, we propose a novel
multimodal heterogeneous convolutional neural network framework. Specifically, separate
1D CNN branches are designed for vibration and acoustic signals. Their architectural differ-
ences are determined by the characteristics of each sensing modality. The vibration branch
focuses on extracting high-level discriminative fault features, including impulse responses
and modulated components from vibration signals, while the acoustic branch is designed
to preserve fragile high-frequency details of acoustic signals. Furthermore, an adaptive
cross-attention fusion module is introduced to dynamically model cross-modal dependen-
cies, assigning Softmax-based weights to enhance dominant features and suppress noise.
Experiments based on bearing fault experimental data demonstrate that the proposed
heterogeneous architecture significantly outperforms traditional homogeneous models.
The dynamic weighting mechanism effectively prevents inferior noisy modalities from
degrading overall performance, achieving high diagnostic accuracy. Although validated
on rolling bearing fault diagnosis, the proposed heterogeneous multimodal framework
is not restricted to bearings and can be readily extended to other intelligent condition
monitoring tasks involving heterogeneous sensor fusion, such as gearboxes, motors, and
other rotating machinery.

Keywords: bearing fault diagnosis; multimodal feature fusion; adaptive cross-attention;
heterogeneous CNN

1. Introduction

Rolling bearings are among the most critical components in rotating machinery. Their
health condition directly affects the reliability, operational safety, and maintenance cost of
machinery [1]. As industrial systems become increasingly high-speed, complex and contin-
uously operated, rolling bearing fault diagnosis has emerged as a central research focus for
condition monitoring and predictive maintenance [2]. In recent years, deep learning has
emerged as a key technological approach for intelligent fault diagnosis of rolling bearings,
owing to its end-to-end feature extraction capability [3]. Comprehensive systematic reviews
have confirmed that approaches including convolutional neural networks (CNNs) [4], au-
toencoders (AEs) [5], generative adversarial networks (GANs) [6] and transfer learning [7]
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exhibit promising application potential for rolling bearing fault identification [3]. Overall,
deep learning methods have provided a solid technical foundation for rolling bearing fault
diagnosis and have facilitated the gradual shift toward automation and intelligence in
this field.

In rolling bearing fault diagnosis, vibration signals effectively reflect the impact re-
sponses and changes in structural condition caused by localized damage. Therefore, they
remain one of the most widely used sources of diagnostic information [8]. With the ad-
vancement of deep learning methods, vibration-based intelligent diagnosis methods have
advanced substantially, and related research has gradually shifted from relying on manually
designed features to utilizing deep learning models to extract fault information from vibra-
tion responses. For example, Ding et al. proposed a time-frequency Transformer model
based on the self-attention mechanism to extract more discriminative fault features from
vibration signals [9]. Wang et al. developed an attention-guided joint learning CNN that
combines bearing fault diagnosis with vibration signal denoising to improve the model’s
diagnostic robustness in noisy environments [10]. Han et al. proposed a rolling bearing
fault diagnosis system that combines convolutional neural networks (CNNs) and support
vector machines (SVMs). The system takes time-domain vibration data as input, uses
CNNis for feature extraction, and employs SVMs to improve classification performance
and generalization capabilities under low-sample-size conditions [11]. However, in real-
world industrial settings, vibration measurements typically rely on contact sensors, and the
quality of the data collected is easily affected by factors such as sensor mounting methods,
measurement point locations, and structural transmission paths, thereby limiting the ability
of intelligent diagnostic models based on vibration data to characterize complex operating
conditions [12]. Furthermore, when the number of labeled samples is limited, deep neural
networks relying solely on vibration data are prone to overfitting, which can result in poor
model generalization [13].

In addition to vibration signals, acoustic signals, owing to their non-contact acquisition
capability, can reflect bearing operating conditions from the perspective of acoustic radia-
tion. Therefore, they are widely regarded as an effective source of diagnostic information
and serve as a complement to vibration signals [14]. There have been studies combining
vibration signals with acoustic signals for bearing fault diagnosis. For example, You et al.
proposed a deep learning method guided by constraints derived from the fusion of acoustic
and vibration data, incorporating multi-physics information from acoustic and vibration
into the diagnostic model. This approach not only improved the accuracy of bearing fault
detection but also enhanced the model’s interpretability [15]. Shi et al. proposed a two-stage
acoustic-vibration fusion method that enhances the detection of subtle faults in rolling
bearings by integrating acoustic and vibration data from multiple measurement points [16].
These studies indicate that incorporating acoustic information into the intelligent fault
diagnosis process enables models to obtain more comprehensive fault characterization than
vibration input alone, making combined acoustic-vibration diagnosis a promising research
direction in intelligent bearing fault diagnosis.

On the other hand, diagnosing bearing faults with limited labeled data is also a key
challenge in this field. Because it is costly and difficult to obtain and label fault samples
during the actual operation of industrial equipment, deep learning models are prone
to overfitting and poor generalization under few-shot conditions [17,18]. To improve
fault diagnosis performance under limited labeling conditions, researchers have begun
to incorporate self-supervised learning into intelligent bearing fault diagnosis [19]. For
example, Cui et al. proposed a vibration signal-based bearing fault diagnosis model
using self-attention contrastive learning, which employs unlabeled vibration data for self-
supervised feature pre-training and is fine-tuned using a small number of labeled samples,
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thereby improving the model’s fault recognition capability under conditions of limited
labeled data [20]. Furthermore, few-shot learning and meta-learning methods have also
been applied to the fault diagnosis of rotating machinery to enhance the models’ ability to
adapt quickly under conditions of extremely limited data [21]. Li et al. proposed a model-
agnostic meta-learning-based method for few-shot bearing fault diagnosis. By learning
transferable prior knowledge of faults from multi-task vibration data, the method enables
rapid identification of bearing faults under complex operating conditions [22]. However,
based on existing research, most of these methods still focus on single-modal vibration
signals, and it remains challenging to diagnose rolling bearing faults using multimodal
vibration and acoustic data when there are limited fault samples.

Opverall, while existing research on intelligent bearing diagnosis based on multimodal
data has achieved promising results, it still has two main limitations. First, most existing
studies use the same network architecture to extract fault features from vibration and
acoustic data. Nevertheless, data from different modalities exhibit significant differences in
physical properties, frequency band distribution, and information density. If a homoge-
neous network is used for feature extraction, it is often difficult to simultaneously address
the representation requirements of different modalities, resulting in insufficient feature ex-
traction for some modalities or excessive compression of detailed information [23]. Second,
most existing studies employ simple concatenation of features to achieve feature fusion
between acoustic and vibration. However, under few-shot conditions, without effective
modality quality assessment and dynamic weighting mechanisms, simple fusion methods
are prone to introducing interference from low-quality modalities, thereby weakening the
discriminative power of the fused features [24,25].

To address the above issues, this paper proposes a multimodal heterogeneous con-
volutional neural network with adaptive modality fusion, and validates its effectiveness
through the task of few-shot intelligent fault diagnosis of rolling bearings. Unlike traditional
homogeneous dual-branch architectures, this paper constructs separate one-dimensional
convolutional feature extraction branches with distinct structural configurations based on
the differences in information density, frequency band distribution, and temporal resolution
between vibration and acoustic signals, thereby enhancing the specificity of feature extrac-
tion for different modalities. During feature fusion, an adaptive cross-attention mechanism
is introduced to model interactions between the two modalities. It dynamically allocates
modality weights at the sample level, preserving complementary information while sup-
pressing interference from low-quality features. Although the proposed framework is
validated on rolling bearing fault diagnosis in this study, its heterogeneous feature extrac-
tion and adaptive cross-modal fusion strategy are designed according to the characteristics
of heterogeneous sensing modalities rather than the characteristics of rolling bearings
themselves. Therefore, the proposed framework also has the potential to be extended to
other intelligent condition monitoring tasks involving multimodal vibration and acoustic
information, such as gearbox fault diagnosis, motor condition monitoring, and health
assessment of other rotating machinery. This broader applicability further highlights the
practical engineering value of the proposed framework.

The main contributions of this paper are summarized as follows:

1. A multimodal heterogeneous convolutional neural network framework is proposed
for few-shot bearing fault diagnosis. The framework is specifically designed to extract
features tailored to the inherent differences between vibration and acoustic signals, thereby
avoiding representation imbalance and loss of fine-grained information that may arise in
homogeneous network architectures.

2. An adaptive cross-attention fusion mechanism is developed. Through bidirectional
cross-modal interaction and dynamic weight allocation, it enables sample-level adaptive
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adjustment of the contribution levels of different modalities, resulting in more effective
fusion of vibration and acoustic features.

3. Systematic experimental validation is conducted based on bearing fault experi-
mental data. The experiments validated the effectiveness of the proposed method under
few-shot conditions with 1-20 training samples per class, demonstrating that the method
exhibits significant advantages over comparative methods in terms of diagnostic accuracy,
stability, and engineering application potential.

The remainder of this paper is organized as follows: Section 2 presents the overall
framework of the proposed multimodal heterogeneous convolutional neural network.
Section 3 conducts experimental analysis of the proposed method based on bearing fault
datasets. Section 4 discusses its performance advantages, limitations, and future research
directions. Section 5 summarizes the main contributions and conclusions of this paper.

2. Materials and Methods
2.1. Overall Framework

In actual industrial operating environments, although vibration signals and acoustic
radiation signals share the same source, they differ significantly in terms of transmission
paths, frequency band distribution, and sensitivity to ambient noise [26,27]. Traditional
homogeneous network feature extraction often results in the loss of high-frequency details
in acoustic signals, while direct feature concatenation can easily lead to low-quality features
contaminating high signal-to-noise ratio vibration features [28]. To address the above issues,
this paper proposes a novel multimodal heterogeneous intelligent diagnosis framework.

As shown in Figure 1, the proposed method consists of three components: a multi-
modal heterogeneous feature extraction module, an adaptive cross-attention fusion module,
and a fault classification module. Given vibration and acoustic sequences of length L, de-
noted as x, and x, respectively, where x, € REXL and x, € REX! the model first uses
a heterogeneous two-branch 1D convolutional network to extract vibration and acoustic
modal features. It then establishes cross-modal dependencies through bidirectional cross-
attention and performs sample-level dynamic weighting using Softmax weights. Finally,
the fused features are fed into a fully connected classifier, which outputs the predicted fault
categories. The computational workflow of the entire model can be represented as follows:

Fy = fo(x0;6y) (1)
Fo = fa(%a;6a) )
Frusea = ¥ (Fo, Fa) 3)
g==C (Ffused> ()

where F, and F, denote the high-dimensional feature representations of the vibration and
acoustic modalities, respectively. f,(-) and f,(-) represent the feature extraction mappings
for the corresponding modalities, respectively. 8, and 6, are the trainable parameters
for the respective branches. ¥(-) denotes the adaptive cross-attention fusion function.
Ffuseq represents the final fused representation. C(-) denotes the fault classifier, and 7 is
the output class probability distribution.
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Figure 1. The overall architecture of the proposed multimodal heterogeneous CNN with adaptive
modality fusion.

2.2. Multimodal Heterogeneous Feature Extraction

Vibration signals and acoustic signals differ significantly in terms of their physical
generation mechanisms, frequency distributions, and sensitivity to noise [29,30]. Vibration
signals typically contain stronger structural impulse responses and modulated components,
requiring deeper networks to expand the receptive field and extract high-level discrimi-
native features. In contrast, acoustic signals often preserve more fragile high-frequency
details. Using excessively deep convolutional and pooling operations can easily lead to
a rapid decline in temporal resolution, resulting in the loss of critical information. There-
fore, this paper adopts a heterogeneous two-branch structure rather than a homogeneous
counterpart, and designs separate network architectures for the vibration branch and the
acoustic branch based on the signal characteristics of the input modalities.

Following the standard one-dimensional convolutional neural network architecture [4],
the basic operation of the /-th convolutional module can be expressed as

hD) = Pool (U(Conle(h(l*1)>)) (5)

where 1= and 1) represent the output feature maps of the (I — 1)-th and I-th layers,
respectively. ConvlD(-) denotes the one-dimensional convolution operation, o(-) denotes
the nonlinear activation function, and Pool(-) denotes the max-pooling operation.

In this study, LeakyReLU is employed as the nonlinear activation function [31], which

a(x):{x' x>0 ©)

ax, x<0

is formulated as

where « represents the negative slope coefficient and is set to 0.2 in this work. Compared
with the conventional ReLU function, LeakyReLU preserves a nonzero gradient in the
negative input region, thereby mitigating the dying ReLU problem and facilitating more
stable network training.

Based on the above formulations, the vibration and acoustic branches are both com-
posed of stacked one-dimensional convolutional modules, with their overall feature extrac-
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tion mappings defined in Equations (1) and (2), respectively. To accommodate the inherent
differences between vibration and acoustic signals, distinct architectural configurations
are employed for the two branches. The vibration branch is tailored to capture global
fault-related semantic patterns, while the acoustic branch is designed to retain fine-grained
high-frequency details during the hierarchical feature abstraction process. This heteroge-
neous architecture enables the extraction of modality-specific representations and provides
more complementary feature representations for subsequent cross-modal fusion.

2.3. Adaptive Cross-Attention Fusion Mechanism

After obtaining the vibration feature representation F, and the acoustic feature rep-
resentation F,, direct feature concatenation may introduce residual environmental noise
from the acoustic modality into the fused representation, thereby degrading the quality
of multimodal feature fusion. To alleviate this issue, an adaptive cross-attention fusion
mechanism is proposed. The proposed mechanism consists of two stages: cross-modal
interaction and dynamic feature weighting [32,33].

2.3.1. Cross-Modal Interaction

To model the correlation between the two modalities, a bidirectional cross-attention
mechanism is developed based on the scaled dot-product attention proposed in the Trans-
former architecture [34]. Specifically, the vibration features are used as the query, while the
acoustic features are used as the keys and values, thereby establishing a cross-attention
operation from vibration to acoustic:

Qv = vaé (7)
Ku - Fawj{é (8)
Va == FaW\a/ (9)

where Q,, K;, and V, denote the query matrix of the vibration modality, the key matrix of
the acoustic modality, and the value matrix of the acoustic modality, respectively. W3, Wg,
and Wy, are the corresponding trainable projection matrices.

Accordingly, the vibration-guided acoustic representation can be formulated as

Avp—a = Softmax < QoKs ) Va (10)
Vi

where A,_,; denotes the cross-modal enhanced representation obtained by querying
acoustic features with vibration features. dj is the dimensionality of the key vectors and
is introduced to scale the dot-product attention scores for improved numerical stability
during training [34]. This process enables the model to utilize the relatively stable structural
response information contained in the vibration modality to impose conditional constraints
on the acoustic modality, thereby highlighting fault-related acoustic components and
reducing noise interference.

Similarly, by using the acoustic features as the queries and the vibration features as
the keys and values, the vibration-enhanced features guided by the acoustic modality can
be obtained as

T
Agyp = Softmax(Q\;dE: )VU (11)

where A,_,, denotes the cross-modal enhanced representation obtained by querying the
vibration features with the acoustic features. Q,, Ky, and V,, denote the acoustic query
matrix, vibration key matrix, and vibration value matrix, respectively. Corresponding
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to Equation (10), this process enables the complementary information contained in the
acoustic modality to be reversely transferred to the vibration features, thereby further
enhancing the correlation modeling between the two modalities.

Through Equations (10) and (11), the proposed model is able to establish bidirectional
cross-modal dependency relationships before feature fusion, thereby enhancing the sharing
of fault-related information and suppressing noise components unrelated to faults to a
certain extent.

2.3.2. Dynamic Feature Weighting

Since the signal quality of the two modalities varies across different samples, relying
solely on cross-modal interaction is insufficient to achieve optimal fusion. To address this,
this paper further introduces a Softmax-based dynamic weighting mechanism to allocate
modal contributions sample-wise.

First, the bidirectionally enhanced cross-modal features are concatenated to obtain the
globally fused feature vector:

z=Apsa D Asso (12)

where z denotes the globally fused representation obtained by concatenating the bidirection-
ally enhanced cross-modal features, and @ represents the feature concatenation operation.

Subsequently, the adaptive weights for the two modalities are generated through a
fully connected layer followed by a Softmax function:

[wv/ wa] = Softmax(Watmz + battn) (13)

where Wy, and by denote the parameters of the weight generation layer, and w, and
w, represent the importance weights of the vibration and acoustic modalities, respectively.
Through this weight generation process, the model can adaptively adjust the relative
contributions of the two modalities to the final diagnostic outcome based on the quality of
the features of each modality in the current sample.

The weights of the two modalities satisfy the normalization constraint:

wWo +w, =1 (14)

Equation (14) indicates that the weights of the two modalities are normalized through
the Softmax function such that their sum equals 1, thereby ensuring relative contribution
allocation at the sample level.

Finally, the fused feature representation is formulated as

Ffused = WyAysa DWaAsp (15)

Equation (15) shows that the proposed method does not employ fixed equal-weight
fusion. Instead, it dynamically adjusts the contributions of the two modalities according
to the actual information quality of each modality in a given sample. When the acoustic
modality is severely contaminated by noise, its weight is automatically reduced; when it
provides effective complementary information, its weight is correspondingly increased.
This mechanism allows the model to preserve the complementarity between modalities
while avoiding low-quality modalities dominating the fusion space, thereby improving the
robustness of multimodal fusion under few-shot conditions [35].

2.4. Fault Classification and Objective Function

After obtaining the fused feature representation Fy,s.4, the model flattens it and feeds
it into a fully connected classification layer. The Softmax classifier [34] is then employed to
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generate the probability distribution of each fault class. Suppose there are C fault classes,
the classification output can be expressed as

7= Softmax(Wchused + bc> (16)

where W, and b, denote the weight matrix and bias term of the classification layer, and
9= 1[71,92,--.,9c] represents the predicted probability of the sample belonging to each
fault class.

During training, the cross-entropy loss function, commonly used in multi-class classi-
fication tasks, is employed as the optimization objective. Let the training set consist of N
samples, C denote the total number of fault classes, y; . represent the ground-truth label
of the i-th sample for class ¢, and 7; . denote the predicted probability of the i-th sample
belonging to class c. The loss function is then defined as

1 N C A
L=—23 ) Viclog(¥ic) (17)
Ni:l c=1

By minimizing Equation (17), the model jointly optimizes all parameters in the hetero-
geneous feature extraction branches, the adaptive cross-attention fusion module, and the
classification layer, enabling the predicted results to gradually approximate the ground-
truth label distribution.

In summary, the proposed method constructs a complete diagnostic pipeline, in-
cluding heterogeneous feature extraction, bidirectional cross-modal interaction, dynamic
modality weighting, and fault classification. This framework fully exploits the comple-
mentary advantages of vibration and acoustic modalities in fault diagnosis and effectively
suppresses the interference of noisy modalities on decision boundaries. As a result, it
provides a clear methodological foundation for multimodal, vibration- and acoustic-driven
intelligent diagnosis of rolling bearing faults.

3. Validity Analysis Based on Rolling Bearing Fault Experimental Data
3.1. Experimental Setup and Data Description

In this study, to validate the effectiveness of the proposed method, the rolling bearing
fault dataset released by the University of Ottawa was employed [36]. The dataset was
collected from a bearing test rig operating under constant rotational speed and constant
load conditions. The data acquisition system mainly consisted of a driving motor, the tested
rolling bearing, an accelerometer, a microphone, a load sensor, a Hall-effect speed sensor,
a signal conditioner, and a data acquisition device, which were used to synchronously
acquire vibration and acoustic signals during bearing operation.

For these two types of signals, tests were conducted on the inner race, outer race,
rolling elements, and cage of 20 bearings under constant nominal rotational speed and load
conditions. A total of 60 datasets were collected, covering three health conditions: healthy,
developing fault, and fault. Based on the original dataset, seven diagnostic conditions
were further selected and organized in this study, including normal condition (NC-0),
developing inner-race fault (IF-1), inner-race fault (IF-2), outer-race fault (OF-1), ball fault
(BF-1), developing cage fault (CF-1), and cage fault (CF-2), which were used to construct a
seven-class fault diagnosis task.

As illustrated in Figure 2, the representative fault types correspond to defects located
on different bearing components, including the inner race, outer race, and rolling element.
The defect locations are indicated by red circles to provide a clear visualization of the
physical characteristics of the investigated bearing conditions.
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Normal condition

Ball fault

Red circle: Fault location

Figure 2. Representative photographs of different bearing conditions.

To ensure synchronized acquisition of multimodal information, the experimental

platform was equipped with dedicated sensors for vibration, acoustic emission, rotational

speed, load, and temperature measurements. All sensing devices were connected to

a unified data acquisition system through a signal conditioner, enabling simultaneous

recording of multiple sensor outputs. Detailed information regarding the instrumentation

is summarized in Table 1.

Table 1. Instrumentation used for data acquisition.

Instrument Manufacturer Model Function
Accelerometer I])D(;Eelz:f?\?:{l: %I;CAS’ 623C01 Vibration acquisition
Microphone I;igeaeﬁg%‘;‘z 130F20 Acoustic acquisition
Load Cell OII:I/IC;EI'SV?HE?(%}E %‘ggg’ LCM302 Load measurement
Hall-effect Sensor e OMDC-MPU-A Rotational speed
Thermocouple OlliT/[(iGwiHE,ng}l{,l ?jgi;:g, KTSS-HH Temperature monitoring
Signal Conditioner II))(ej:EeI;ffT\(I);c{l: %1;(: 482C Signal conditioning
Data Acquisition System Na;ig;a;llllrrgz%nsleAnts, USB-6212 Synac?éﬁi?;f)jata

The vibration and acoustic signals were synchronously acquired using the same data

acquisition system at an identical sampling frequency of 42 kHz. Each recording lasted

10 s, resulting in 420,000 sampling points for each signal channel. Since both sensing

https://doi.org/10.3390 /machines14080875


https://doi.org/10.3390/machines14080875

Machines 2026, 14, 875

10 of 28

£
NC-0
g
2
€
@
IF-1 %
S
£
g
IF2 %
¥
N
£
2
€
8
OF1 £
g
g
E
2
£
8
BF-1 2
g
3
£
s
)
E
g
CF-1 £
5
E
®
E
s
£
CF-2 i,g
E
2

1.0

0.5

0.0

-1.0

1.0

0.5

0.0

-1.0

1.0

0.5

0.0

-1.0

1.0

0.5

0.0

-1.0

1.0

0.5

0.0

1.0

0.5

0.0

-0.5

-1.0

1.0
0.5

-0.5
-1.0

modalities shared the same acquisition hardware and sampling frequency, no additional

temporal synchronization or resampling was required before subsequent signal processing

and multimodal fusion.

To further illustrate the differences in vibration and acoustic responses under different

bearing conditions, representative signal segments corresponding to the seven diagnostic

conditions are presented in Figure 3.

Representative vibration and acoustic signals under seven bearing states

Vibration signal
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T T T T T T
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T
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Time (s)

Figure 3. Time-domain waveforms of vibration and acoustic signals under seven bearing health conditions.

The Adamax optimizer with a learning rate of 0.001 was employed in this study, and

the model was trained for 100 epochs. The data processing and model training were con-
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ducted on a computer running the 64-bit Windows 11 operating system, equipped with a
13th Gen Intel® Core™ {9-13900HX CPU @ 2.20 GHz and an NVIDIA GeForce RTX 4060 Lap-
top GPU. Python 3.8 was used as the programming language, and TensorFlow 2.4 was
adopted as the machine learning framework.

In this study, a heterogeneous dual-branch convolutional network was employed to
process vibration signals and acoustic signals separately, with different network config-
urations adopted for the two branches. The corresponding design principles have been
described in the previous section. Here, the network parameter settings consistently used
in the subsequent experiments are presented. The detailed configuration is listed in Table 2.

Table 2. Specific structural parameters of the multimodal heterogeneous CNN.

Network Convolutional Output Kernel Size Activation Function
Branch Layers Channels /Stride /Pooling
Conv1-Conv2 32
Vibration Conv3-Convd o4 LeakyReLU (x = 0.2)
B h Conv5-Conv6é 128 MaxPoolin
ranc Conv7-Conv8 256 First Laver: &
Conv9—Conv10 512 st Layer:
16/1
Conv1-Conv2 32
Conv3-Conv4 64 Other Layers:
Acoustic 4/1 LeakyReLU (ox = 0.2)
B h Conv5-Conv6 128 MaxPoolin
ranc Conv7-Conv8 256 &
Conv9 512
Feature Fusion Bidirectional Cross-Attention / Weighted Fusion +
&Classification +Dynamic Weighting Dense Classification Output

To ensure the reproducibility of the experimental results, a consistent data prepro-
cessing and partitioning strategy was adopted under different training sample sizes. The
originally synchronized vibration and acoustic signals were first segmented into non-
overlapping windows with a fixed length of 2048 sampling points. Vibration segments
and acoustic segments corresponding to the same temporal position were then paired
to form bimodal samples, thereby preserving the temporal correspondence between the
two modalities. Each bimodal sample consists of one vibration segment and one acous-
tic segment corresponding to the same temporal position, with each segment containing
2048 consecutive sampling points. This window-based sample construction strategy has
also been widely adopted in previous few-shot fault diagnosis studies [17].

Subsequently, 1-20 bimodal samples from each fault category were randomly selected
as the training set, while the remaining bimodal samples were used as the test set. Both the
training and test sets were constructed from bimodal samples generated by segmenting
the signals collected from the same bearing. The training and testing sets were mutually
exclusive, and each bimodal sample was assigned exclusively to either the training set
or the testing set without any overlap. To reduce the randomness introduced by data
partitioning, the experiments were repeated 10 times using different random seeds, and the
average values of all evaluation metrics were reported.

Except for the number of training samples per class, the input length, optimizer, learn-
ing rate, number of training epochs, and experimental environment were kept consistent
throughout all experiments.

3.2. Comparison Methods

This study selected three relevant baseline methods and two advanced multimodal
diagnostic algorithms published in recent years as comparison benchmarks to verify the
superiority of the proposed method. Specific details are as follows:
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1. Relevant Baseline Diagnostic Methods

DCNN-V: A unimodal 1D convolutional neural network utilizing only vibration
signal input. This network employs a 10-layer structure identical to the vibration
branch in the proposed method, testing the diagnostic capability of vibration data when
operating independently.

DCNN-A: A unimodal 1D convolutional neural network utilizing only acous-
tic signal input. This network employs a 9-layer structure identical to the acoustic
branch in the proposed method, testing the diagnostic capability of acoustic data when
operating independently.

DCNN-Concat: A baseline multimodal feature concatenation network. This method
adopts the same dual-input architecture as the proposed method. However, the attention
mechanism is removed after feature extraction. The extracted features from the two
modalities are directly concatenated end-to-end into a single feature vector. This vector is
subsequently fed into a fully connected layer for fault classification.

2. Advanced Multimodal Diagnostic Algorithms

Two representative advanced fusion algorithms published in recent years in the field
of machinery fault diagnosis were selected to demonstrate the superiority of the proposed
method over existing state-of-the-art techniques:

Multimodal Residual Convolutional Fusion Network (MRCEN) [37]: This model
introduces a residual network architecture and employs skip connections to construct
a deep multisensor feature extractor. Combined with a multimodal fusion strategy, it
enhances bearing fault diagnosis performance under noisy and few-shot conditions.

Multimodal Self-supervised Learning Network (MSLN) [38]: This method constructs
a multimodal self-supervised learning framework using vibration and acoustic data. A
homogeneous dual-encoder structure and a contrastive learning mechanism are employed
for pretraining to enhance feature representation capability. The learned representations
are subsequently utilized for few-shot rolling bearing fault identification.

To ensure a fair comparison among different methods, all models were evaluated
under the same experimental settings, including identical data partitioning strategies, input
signal lengths, training epochs, optimizer parameters, and evaluation criteria. For the
baseline models, including DCNN-V, DCNN-A, and DCNN-Concat, the network training
framework was implemented in a manner consistent with that of the proposed method. For
the two advanced multimodal approaches, namely Multimodal Residual Convolutional
Fusion Network (MRCFN) and Multimodal Self-supervised Learning Network (MSLN), the
implementations were reproduced according to the publicly available network architectures
described in the original papers. Only the input dimensions and output layer sizes were
modified to match the seven-class classification task, while the core network architectures
and fusion mechanisms remained unchanged. Training hyperparameters were adjusted
when necessary to ensure compatibility with the Ottawa bearing dataset, without altering
the original model structures. This ensured that all methods could be consistently applied
to the few-shot seven-class fault diagnosis task.

3.3. Evaluation Criteria

A multidimensional evaluation metric system was employed in this study to com-
prehensively and objectively assess the performance of the proposed heterogeneous mul-
timodal CNN model in the rolling bearing fault diagnosis task. In addition to the most
intuitive metric, accuracy, precision and F1-score were also adopted to evaluate the model’s
recognition capability across different fault classes. Moreover, the receiver operating char-
acteristic (ROC) curve was introduced to assess the overall performance of the model under
varying classification thresholds. Confusion matrices and t-SNE feature visualization tech-
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niques were further employed to provide an intuitive analysis of the model’s classification
details and feature learning effectiveness.

1. Accuracy

Accuracy is the most commonly used metric to evaluate the overall performance of a
model, representing the proportion of correctly classified samples to the total number of
test samples. It is calculated as follows [39]:

Accuracy = Neorreet x 100% (18)
Niotal

where Neorreet denotes the number of correctly predicted samples, and Ny, denotes the
total number of test samples.

2. Precision and Recall

In industrial fault diagnosis, it is not sufficient to evaluate only the classification
accuracy; the sensitivity of the model to specific fault types must also be considered.
Precision reflects the proportion of samples predicted as a certain fault that actually belong
to that fault class. The higher the precision, the lower the model’s false positive rate. Recall
reflects the proportion of all actual samples of a certain fault that are correctly identified by
the model. The higher the recall, the lower the model’s false negative rate.

3. Fl-score

The F1-score is the harmonic mean of precision and recall and is used to comprehen-
sively evaluate model performance. In industrial applications, the occurrence frequency
of certain severe faults is often much lower than that of normal operating conditions,
resulting in an imbalanced distribution of data samples. In such cases, if only accuracy
or precision is considered, the model may achieve a high score by favoring the majority
class, namely normal samples. In contrast, the F1-score simultaneously considers both false
positives and false negatives, thereby providing a more objective evaluation. It is calculated

as follows [39]:

Precision x Recall
F1 — =2 1
Score % Precision + Recall (19)

4. ROC Curve and AUC

The receiver operating characteristic (ROC) curve is a visualization tool for compre-
hensively evaluating the performance of classification models. For the seven-class fault
diagnosis task considered in this study, the macro-averaging strategy was adopted to calcu-
late the false positive rates and true positive rates of all fault classes, thereby generating a
global ROC curve. The area under the ROC curve (AUC) represents the area enclosed by
the ROC curve and is typically within the range of 0.5 to 1. A higher AUC value indicates
better discrimination capability of the model for different fault characteristics.

5. Confusion Matrix

To further analyze the performance of the model on each specific fault category,
confusion matrices were employed for visualization. In a confusion matrix, each column
represents the ground-truth labels of the samples, while each row represents the labels
predicted by the model.

6. t-SNE Feature Visualization

To verify the effectiveness of feature extraction by the heterogeneous CNN, the
t-distributed stochastic neighbor embedding (t-SNE) algorithm was employed to reduce the
dimensionality of high-dimensional features. By projecting the extracted high-dimensional
features onto a two-dimensional plane and observing the distribution of data points with
different colors (i.e., the clustering patterns of different fault conditions), the discriminative
capability of the learned fault features can be intuitively evaluated.
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3.4. Analysis of Diagnostic Results Under Few-Shot Conditions

In practical industrial environments, equipment typically operates under normal con-
ditions for extended periods, making fault samples extremely difficult to obtain. In addition,
manual annotation is often costly and labor-intensive. Therefore, the feature learning ca-
pability and generalization performance of intelligent diagnostic models under limited
training samples are important criteria for evaluating their practical engineering value.

To verify the robustness of the proposed heterogeneous multimodal CNN model with
adaptive modality fusion under few-shot conditions, variable-sample-size experiments
were designed in this study. The number of training samples for each fault category was set
to 1,5, 10, 15, and 20, respectively, while the remaining samples were used as the test set.

1. Classification Performance Analysis under Different Training Sample Sizes

The average performance of the proposed model in terms of Accuracy, Precision, and
Fl-score under different training sample sizes is presented in Table 3.

Table 3. Performance of the proposed model under different training sample sizes.

Number of

Traini Accuracy (%) Precision (%) F1-Score (%)
raining Samples
1 56.20 +7.13 62.09 £ 8.75 52.84 £+ 8.35
5 86.67 +4.11 88.70 &+ 3.99 86.35 +4.33
10 95.82 +1.25 96.26 +1.10 95.69 £+ 1.30
15 96.49 £ 2.31 96.94 £+ 1.82 96.48 £ 2.38
20 97.83 £2.52 97.96 £2.33 97.81 £ 2.60

As can be observed from Table 3, when the number of training samples is reduced
to an extreme level (i.e., only one sample per class), the model is unable to effectively
learn fault decision boundaries due to insufficient data representation. Consequently, all
evaluation metrics remain at relatively low levels and exhibit considerable fluctuations.
When the number of training samples increases to five per class, the diagnostic performance
improves significantly, benefiting from the complementary feature-learning capability of
the multimodal network. As the number of training samples further increases to 10 or
more per class, the feature learning capability of the model is effectively exploited, and
both Accuracy and Fl-score rapidly increase to above 95% and become relatively stable.

2. ROC Curve Analysis under Different Training Sample Sizes

To further evaluate the classification sensitivity and specificity of the proposed model
under few-shot conditions, Figure 4 presents the macro-average ROC curves obtained
under five different training sample sizes.

As shown in Figure 4, the diagnostic performance of the model exhibits a clear step-
wise improvement as the amount of training data increases. When only one training sample
is available for each class, the model is unable to establish reliable classification boundaries,
resulting in a relatively low ROC curve and an AUC value of 0.7347. When the number
of training samples increases to five per class, the ROC curve shifts substantially toward
the upper-left corner, and the AUC value increases significantly to 0.9801, benefiting from
the effective multimodal feature fusion mechanism. When the number of training samples
reaches 10 per class, the AUC value further increases to 0.9998, indicating excellent classifi-
cation performance. Thereafter, under the settings of 15 and 20 training samples per class,
the model maintains stable performance and approaches the ideal classification condition.

3. Confusion Matrix Analysis

To provide a more detailed class-wise evaluation and facilitate comparison among dif-
ferent methods, Figure 5 presents the confusion matrices of the proposed method together
with three representative comparison methods under the 10-shot setting. The diagonal
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elements denote correctly classified samples, whereas the off-diagonal elements indicate
the corresponding misclassification probabilities. The confusion matrices provide an intu-
itive visualization of the classification performance for each fault category and reveal the
detailed inter-class confusion patterns.

Macro-average ROC Curves under Different Sample Sizes
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Figure 4. Macro-average ROC curves for multi-class classification under different training sample
sizes (note: the dashed diagonal line represents the performance of a random classifier).
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Figure 5. Confusion matrices of the proposed method and representative comparison methods under
the 10-shot setting.

As shown in Figure 5, compared with the representative comparison methods, the
proposed method exhibits a noticeably more concentrated diagonal distribution and sub-
stantially fewer off-diagonal misclassifications, indicating superior class discrimination
under limited training samples. The proposed method achieves perfect recognition for
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NC-0, OF-1, BF-1, and IF-2, while maintaining recognition accuracies above 90% for the
remaining fault categories.

Although a small number of misclassification cases remain, they are primarily ob-
served between fault categories with similar physical characteristics. Specifically, approxi-
mately 9% of the incipient inner-race fault samples are misclassified as advanced inner-race
faults, while about 4% of the advanced cage fault samples are classified as incipient cage
faults. Since these fault pairs occur at the same component and mainly differ in dam-
age severity, their feature distributions remain highly similar under few-shot conditions,
making them more difficult to distinguish.

In contrast, the comparison methods exhibit considerably more severe confusion
between similar fault categories, particularly for the two cage fault conditions. For example,
DCNN-Concat and MRCEFN show substantial mutual confusion between CF-1 and CF-2,
whereas MSLN frequently misclassifies CF-2 as BF-1. These results demonstrate that the
proposed heterogeneous feature extraction and adaptive fusion strategy produce more
discriminative fault representations under few-shot conditions.

4. t-SNE Visualization Analysis of Multimodal Features

To further investigate the feature representation capability of the proposed method,
the high-dimensional features extracted from the testing samples were projected into a
two-dimensional space using the t-SNE algorithm. The model was trained under the
10-shot setting, while the feature visualization was generated using the testing samples.
Figure 6 illustrates the distributions of vibration features (circles), acoustic features (inverted
triangles), and fused features (stars).
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Figure 6. t-SNE visualization of feature distributions of testing samples for (a) vibration features
(circles), (b) acoustic features (inverted triangles), and (c) fused multimodal features (stars).

As shown in Figure 6a, the vibration features (circles), serving as the dominant modal-
ity, exhibit good discriminative capability and generally form independent clusters. How-
ever, a certain degree of overlap still exists at the boundaries between some similar fault
categories. This indicates that vibration signals contain richer fault-related information
than acoustic signals and provide a more reliable basis for fault discrimination.

As shown in Figure 6b, the acoustic features (inverted triangles) exhibit a highly
overlapping and scattered distribution in the feature space, which is consistent with the
physical characteristic that acoustic signals are susceptible to environmental noise con-
tamination. This indicates that acoustic signals alone are insufficient to achieve reliable
fault classification.

Figure 6c¢ illustrates the distribution of the final fused features (stars). Compared with
the single-modality feature distributions shown in Figure 6a,b, the fused features exhibit
noticeably more compact intra-class distributions and clearer inter-class separations. This
improvement indicates that the proposed multimodal fusion strategy effectively exploits
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the complementary fault information contained in vibration and acoustic signals while effec-
tively integrating the complementary information provided by the acoustic modality. These
results demonstrate that the proposed multimodal fusion strategy effectively enhances
feature discrimination by improving intra-class compactness and inter-class separability.

3.5. Performance Comparison Between the Proposed Method and Comparison Methods
3.5.1. Comparison with Existing Methods

Based on the analysis in Section 3.4, ten training samples per class are sufficient to form
relatively stable classification boundaries while maintaining strict few-shot constraints.
Therefore, ten samples per class were selected as the unified few-shot benchmark condition.
Under the same data partitioning, input length, number of training epochs, optimizer
settings, and evaluation metrics, the proposed method was compared horizontally with
the various baseline models listed in Section 3.2. Each method was independently repeated
10 times, and the results were averaged to reduce the influence of random factors.

Table 4 presents the overall diagnostic performance of different methods under the
condition of ten training samples per class. It can be observed that the proposed method
achieves the best results on the three core metrics, with Accuracy, Precision, and F1-score
reaching 95.82%, 96.26%, and 95.69%, respectively. This indicates that the proposed hetero-
geneous feature extraction and adaptive modality fusion strategy can effectively construct
a highly discriminative multimodal fault feature space even under extremely limited
sample support.

Table 4. Performance comparison of different methods with 10 training samples per class.

Model Accuracy (%) Precision (%) F1-Score (%)
DCNN-V 89.48 + 3.52 89.83 £ 3.42 89.22 + 3.65
DCNN-A 62.63 £ 5.58 64.03 £ 5.96 62.50 £ 5.64

DCNN-Concat 89.65 £ 2.55 90.40 £ 2.77 89.40 £ 2.62
MRCEN 83.60 £ 3.09 86.65 £2.70 82.69 £ 3.64
MSLN 77.22 £ 820 81.05 £ 7.70 75.96 + 8.86
Proposed Method 95.82 £1.25 96.26 £ 1.10 95.69 £+ 1.30

Compared with the single-modal vibration model DCNN-V, the Accuracy of the pro-
posed method improves from 89.48% to 95.82%, and the F1-score increases from 89.22% to
95.69%. This demonstrates that, on the basis of the vibration modality already providing
strong fault representation, the appropriate introduction of acoustic auxiliary information
with effective fusion can further enhance the model’s ability to recognize complex fault
conditions. In contrast, the single-modal acoustic model DCNN-A can only partially re-
flect equipment anomalies, achieving an Accuracy of 62.63%, which is significantly lower
than the other methods. This suggests that acoustic signals are more susceptible to envi-
ronmental noise under few-shot conditions and are insufficient alone to support stable
fault diagnosis.

Compared with the basic multimodal concatenation model DCNN-Concat, the pro-
posed method improves Accuracy by 6.17% and Fl-score by 6.29%. This indicates that
simple feature concatenation, although able to utilize information from both modalities,
cannot effectively model the dependencies between modalities and tends to directly in-
troduce noise from the acoustic modality into the fusion space, thus limiting the final
diagnostic performance. The heterogeneous extraction and adaptive fusion mechanisms
proposed in this study, while preserving complementary information, effectively suppress
negative transfer effects.
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Furthermore, compared with the two advanced multimodal diagnostic methods MR-
CEN and MSLN, the proposed method demonstrates a clear performance advantage under
a unified experimental framework. MRCFN achieves an average Accuracy of 83.60% and
F1-score of 82.69%, while MSLN achieves an average Accuracy of 77.22% and F1-score of
75.96%, both lower than the proposed method (Accuracy 95.82%, F1-score 95.69%). This
indicates that, compared with these two state-of-the-art diagnostic models, the proposed
method is more effective in fusing and extracting features from vibration and acoustic data.

3.5.2. Robustness Evaluation Under Sensor Noise

In practical industrial applications, vibration and acoustic sensors are inevitably
affected by environmental interference, resulting in the degradation of signal quality. To
evaluate the robustness of the proposed multimodal diagnosis framework under such
conditions, Gaussian sensor noise was independently introduced into either the vibration
branch or the acoustic branch during the testing stage, while the other sensing modality
remained clean. This experimental setting simulates the practical scenario in which only
one sensor is contaminated while the remaining sensing channel continues to provide
reliable information. Three signal-to-noise ratio (SNR) levels (20 dB, 10 dB, and 0 dB) were
considered to represent different degrees of sensor contamination. All experiments were
independently repeated ten times under identical experimental settings, and all reported
numerical results correspond to the average performance over these repeated runs.

As reported in Table 5, diagnostic performance declines gradually with decreasing
signal-to-noise ratio, regardless of whether noise is injected into the acoustic or vibration
branch. Severe sensor interference inevitably deteriorates the quality of the acquired signals,
resulting in the distortion of fault-related characteristics. Consequently, the discriminative
capability of the extracted features is weakened, leading to a gradual decrease in diagnostic
performance. Nevertheless, the proposed method maintains high diagnostic performance
across all tested noise levels, demonstrating strong robustness against sensor contamination.

Table 5. Robustness evaluation of the proposed method under different sensor noise conditions.

Noise Type SNR (dB) Accuracy (%) Precision (%) F1-Score (%)
Clean / 95.82 +1.25 96.26 + 1.10 95.72 +1.26
Acoustic 20 94.72 +1.35 95.13 +1.28 9434 +1.52
Acoustic 10 93.22 £1.94 93.75 £ 2.01 93.11+2.03
Acoustic 0 91.03 £ 2.67 90.87 £ 2.55 90.98 + 2.58
Vibration 20 94.41 4+ 1.68 94.66 + 1.66 94.13 +1.73
Vibration 10 93.17 £2.23 94.37 +2.76 93.33 £2.72
Vibration 0 90.88 £+ 2.51 90.79 +2.43 91.02 4+ 2.81

To further investigate the adaptive behavior of the proposed fusion mechanism, the
average modal weights generated by the adaptive cross-attention module were analyzed
under different acoustic noise levels. To isolate the effect of acoustic interference, Gaussian
noise was added only to the acoustic modality, while the vibration modality remained un-
changed. As illustrated in Figure 7, the weight assigned to the acoustic modality gradually
decreases as the acoustic noise level increases, whereas the vibration modality receives a
correspondingly higher weight. This trend indicates that the proposed fusion mechanism
automatically relies more on the modality with better signal quality when one modality
becomes unreliable. Consequently, the influence of the corrupted acoustic signal on the
final diagnostic decision is reduced, which explains the stable performance observed under
different noise conditions in Table 5.
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Figure 7. Average adaptive modality weights under different acoustic noise levels.

Vibration and acoustic signals provide different yet complementary fault information,
so the degradation of one sensing modality does not necessarily lead to the loss of all
discriminative features. During feature fusion, the adaptive cross-attention mechanism
automatically assigns different weights to the two modalities according to the extracted fea-
ture responses. Consequently, the contribution of the corrupted modality is automatically
reduced, while the cleaner modality contributes more to the final diagnostic decision.

A comparison between the two noise conditions further shows that vibration sensor
corruption has a greater influence on the diagnostic results than acoustic sensor corruption.
This difference is consistent with the characteristics of rolling bearing diagnosis, where
vibration signals usually carry more direct fault impulses and therefore contribute more
significantly to the final decision. Even so, the decrease in diagnostic performance remains
moderate, indicating that the acoustic modality still provides effective supplementary
information when the vibration signal quality deteriorates.

Overall, the results show that the proposed framework remains stable under different
levels of sensor noise. The robustness evaluation confirms that the multimodal heteroge-
neous fusion strategy can effectively mitigate the influence of sensor interference and is
therefore suitable for practical bearing fault diagnosis under realistic operating conditions.

3.6. Analysis of the Training Process

Although the aforementioned evaluation metrics demonstrate the final diagnostic
performance of the model, they are insufficient to reveal the internal weight adjustment
process of the network. Therefore, under the few-shot condition of ten training samples per
class, this section investigates the evolution of the evaluation metrics and internal weights
throughout 100 training epochs, and compares the results with those of the baseline feature
concatenation method.

1. Evolution of Training Loss and Testing Accuracy

Figure 8 illustrates the dual-axis curves of training loss and testing accuracy through-
out the entire training process of the proposed method.
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Training Process of the Proposed Method
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Figure 8. Evolution of training loss and testing accuracy for the proposed method.

As shown in Figure 8, during the initial stage of training, the model’s loss rapidly
decreases, while the corresponding testing accuracy exhibits several pronounced oscil-
lations. This phenomenon is reasonable because the proposed method incorporates an
adaptive fusion mechanism, and in the early stages, the network not only needs to learn the
classification rules but also continuously explores and adjusts the fusion weights between
the two modalities. After approximately 20 training epochs, the testing accuracy enters a
high-level region around 96% and remains relatively stable. This indicates that the model
converges quickly under the few-shot condition and maintains highly stable performance
in the later stages.

2. Comparative Analysis of the Three Evaluation Metrics

To demonstrate the superiority of the fusion mechanism proposed in this paper from
multiple perspectives, Figure 9 compares the training processes of our method and the
DCNN-Concat baseline across three metrics: accuracy, precision, and Fl-score.

Observing these three subplots, a common pattern can be identified: the baseline
method DCNN-Concat, which uses simple direct concatenation without additional opti-
mization of feature weights, shows a relatively fast increase in the early training stages.
However, as training progresses, its Accuracy and Fl-score quickly plateau around 90%,
indicating that its feature space is easily affected by noise.

In contrast, the proposed method, although experiencing brief fluctuations in the early
stage, exhibits a clear improvement in performance during later epochs. After approxi-
mately 10 training epochs, the red curve quickly surpasses the blue baseline and maintains
a significant advantage across all three metrics. This observation directly demonstrates
that the adaptive feature weighting mechanism designed in this work effectively filters out
irrelevant information, thereby endowing the model with a higher performance ceiling and
stronger resistance to interference.
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3. Analysis of Adaptive Modality Fusion Weights

To investigate which modality—acoustic or vibration—is more important in joint
diagnosis, this study extracts the numerical changes in the adaptive weight layer in the
model during the training process, as shown in Figure 10.

Adaptive Modality Fusion Weights Evolution
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Figure 10. Evolution of adaptive modal weights over training iterations.

As shown in Figure 10, the model gradually forms a relatively stable allocation of
modality contributions during the training process. The training trajectory exhibits a
clear optimization trend. In the early training stage, the weight of the vibration modality
increases rapidly, while the weight of the acoustic modality correspondingly decreases.
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Subsequently, both curves maintain a highly stable trend throughout the entire training
period. Eventually, the adaptive weights of two modalities gradually converge to a stable
allocation. The weight of the vibration modality stabilizes at approximately 0.64, while the
acoustic modality weight remains around 0.36.

This clearly delineated distribution of weights indicates an objective pattern in me-
chanical fault diagnosis: the acoustic modality, with a weight as high as 0.36, is not entirely
ignored by the network but serves as important supplementary information in the joint
decision-making process. This evolution process directly demonstrates that the proposed
adaptive fusion mechanism can dynamically assign weights to the strong vibration signals
and weak acoustic signals according to their physical quality in the data, thereby improving
the effectiveness of multimodal information fusion.

3.7. Analysis of Computational Efficiency

In practical industrial online monitoring scenarios, fault diagnosis models are required
not only to achieve high diagnostic accuracy but also to complete training and inference
efficiently under limited computational resources. Therefore, in addition to classification
performance, training time and inference time per sample are also important indicators for
evaluating the engineering applicability of a diagnostic model. Accordingly, this section
comprehensively compares the proposed method and the benchmark methods in terms of
average training time, inference time per sample, and diagnostic accuracy. The detailed
comparison results are presented in Table 6.

Table 6. Comparison of training time, inference time, and diagnostic accuracy of different methods
(10 samples per class).

Inference Time

Model Training Time (s) (ms/Sample) Accuracy (%)
DCNN-V 28.58 1.5658 89.48
DCNN-A 18.99 1.1387 62.63

DCNN-Concat 27.23 1.4190 89.65
MRCEN 124.15 5.6438 83.60
MSLN 116.08 2.9473 7722
Proposed Method 30.87 1.5231 95.82

From the perspective of training time, the proposed method requires an average of
30.87 s to complete a single full training session. This value is slightly higher than that of
DCNN-V, DCNN-A, and DCNN-Concat, but is clearly lower than MSLN and MRCFN. This
indicates that, although the proposed method incorporates a cross-attention mechanism
and dynamic modality weight allocation, the overall network structure still maintains good
computational efficiency, capable of meeting the demands for rapid iteration and retraining
in engineering scenarios.

Regarding online inference efficiency, the proposed method processes an individual
fault sample with an average inference time of 1.5231 ms. Although this value is slightly
higher than that of DCNN-V, DCNN-A, and DCNN-Concat, it is significantly lower than
MRCEFN and MSLN. This demonstrates that the adaptive cross-attention fusion mechanism
introduced in this work effectively improves diagnostic performance without introducing
unacceptable extra latency, still ensuring a good real-time response. For high-frequency
online monitoring tasks, this millisecond-level inference speed is sufficient to meet practical
application requirements.

Overall, the proposed method achieves a good balance among diagnostic accuracy,
training efficiency, and inference speed. Compared with complex multimodal models, the
proposed approach achieves higher diagnostic performance while maintaining relatively
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low computational costs; compared with baseline methods, although training and inference
times slightly increase, this is traded for significantly improved accuracy. Therefore, the
proposed method is more suitable for deployment in industrial online monitoring scenarios
with limited computational resources but high real-time performance requirements.

3.8. Analysis of Ablation Experiments

To thoroughly validate the necessity and effectiveness of the key design elements
in the proposed heterogeneous CNN model with adaptive modality fusion, this section
conducts seven groups of ablation experiments. To ensure absolute fairness in comparison,
all variant models are independently executed 10 times under the strict few-shot condition
of 10 samples per class to obtain averaged metrics.

Experiments 1 and 2 construct unimodal networks with only vibration signals and only
acoustic signals as inputs, respectively, serving as performance baselines for single-source
signals. Experiment 3 removes all intelligent fusion mechanisms proposed in this work,
retaining only the 10-layer vibration branch and the 9-layer acoustic branch, and directly
concatenates the extracted bimodal features. Experiments 4 and 5 build upon the basic
concatenation, individually introducing the cross-attention mechanism and independent
feature weighting module to verify the individual contributions of each modality module.
Experiments 6 and 7 investigate the effect of network asymmetry by constructing a deep
10 + 10 layer symmetric dual-branch network and a shallow 9 + 9 layer symmetric dual-
branch network, respectively, and performing their fusion.

The proposed method integrates heterogeneous feature extraction, bidirectional cross-
attention, and adaptive dynamic weighting. The comparative results of the three core
evaluation metrics (Accuracy, Precision, F1-score) of each ablation model on the test set are
summarized in Table 7.

Table 7. Comprehensive diagnostic performance of each ablation model under 10 samples per class.

Modal/Method Accuracy (%) Precision (%) F1-Score (%) Inference Time (ms)
Vibration-only 89.48 + 3.52 89.83 + 3.42 89.22 + 3.65 1.5658
Acoustic-only 62.63 £+ 5.58 64.03 £ 5.96 62.50 + 5.64 1.1387
Heterogeneous 89.65 + 2.55 90.40 +2.77 89.40 + 2.62 1.4190
Basm Concatenatlon
Heterogeneous Concatenation 91.87 +2.73 92.35 + 2.60 91.74 + 2.80 1.8149
+Cross-Attention
Heterogeneous Concatenation
+ Independent Feature Weighting 90.38 + 2.92 91.25 + 2.80 90.11 + 3.01 1.3824
Homogeneous 90.96 + 2.78 91.66 + 2.57 90.79 =+ 2.80 1.5054
Deep Concatenation
Homogeneous 88.79 + 3.93 89.30 + 4.28 88.40 + 4.14 1.4196
Shallow Concatenation
Adaptive Modality 95.82 + 1.25 96.26 + 1.10 95.69 + 1.30 1.5231

Fusion Heterogeneous

As shown in Table 7, the proposed ablation study progressively introduces the het-
erogeneous feature extraction branches, cross-attention module, and dynamic weighting
strategy to evaluate the contribution of each component. Compared with the baseline
model, introducing the heterogeneous branches significantly improves the diagnostic
performance, demonstrating that extracting complementary features from vibration and
acoustic signals effectively enhances the representation capability of the network. Based on
this architecture, incorporating the cross-attention module further improves the diagnostic
accuracy, indicating that cross-modal interaction enables the model to capture more discrim-
inative features by strengthening the information exchange between the two modalities.
Furthermore, after introducing the dynamic weighting strategy, the diagnostic performance
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is further enhanced, suggesting that adaptively assigning modality weights allows the
network to emphasize the more informative modality under different fault conditions and
thus improves feature fusion. These results demonstrate that each proposed component
contributes positively to the overall performance, and their combination achieves the best
diagnostic results.

To more intuitively demonstrate the stepwise improvement in overall classification
accuracy resulting from different network architecture designs, Figure 11 presents bar plots
of the average accuracy for each ablation variant, with error bars showing the standard
deviation over 10 runs.

Ablation Study: Performance Comparison of Different Architectures

62.63%

Exp(2)
Aco-Only
L)

Optimal
Fusion

89.65% 90.04%

Exp(7) Exp(3) Exp(1) Exp(5) Exp(6) Exp(4) Proposed
Homo-CNN Concat Vib-Only Weighting Homo-CNN Attention
(9L+9L) (10L+9L) (10L) (No Cross) (10L+10L) (No Weight)

Figure 11. Comprehensive diagnostic performance of different ablation networks under 10 samples
per class (note: bars are sorted in ascending order of testing accuracy).

It can be observed that, in the few-shot acoustic—vibration fusion diagnostic task
constructed in this study, the proposed method, based on cross-modal perceptual adaptive
fusion, can more effectively leverage complementary information from the two modalities,
significantly enhancing both the classification performance and stability of the model.

4. Discussion

The proposed multimodal heterogeneous convolutional neural network demonstrates
superior diagnostic performance under few-shot conditions and complex noisy environments.

First, the model exhibits strong feature extraction capability in few-shot scenarios.
Under the stringent condition of only 10 training samples per fault category, the pro-
posed method still achieved a fault diagnosis accuracy of 95.82%. From a signal analysis
perspective, this performance can be primarily attributed to the heterogeneous network
architecture. By reducing excessive deep pooling operations in the acoustic branch, the net-
work effectively preserves high-frequency fault-impact information that would otherwise
be lost during feature compression. Consequently, the model is able to learn discrimi-
native fault representations and achieve rapid convergence even with extremely limited
training data.
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Second, the introduced adaptive cross-attention mechanism significantly enhances the
noise robustness of the model, which carries significant practical implications. As indicated
by the modality-weight evolution results, the network automatically adjusts modality
contributions during training. In the later training stage, the vibration modality weight
stabilizes at approximately 0.64, whereas the acoustic modality weight converges to approx-
imately 0.36. This distribution is consistent with practical industrial observations. Owing
to its higher signal-to-noise ratio, vibration data serve as the primary source of diagnostic
information, whereas acoustic data are more susceptible to environmental noise and mainly
provide complementary evidence. Through this dynamic weighting strategy, the proposed
model reduces the adverse impact of noisy modalities and alleviates the performance
degradation commonly observed in conventional feature concatenation methods.

Finally, the proposed method achieves high computational efficiency suitable for real-
time online monitoring. The average inference time is only 1.52 ms per sample, which not
only enables efficient deployment but also makes the model highly suitable for industrial
edge-computing devices with limited computational resources.

In real industrial environments, both acoustic and vibration measurements are sus-
ceptible to environmental interference. Background acoustic noise can obscure faint fault-
induced acoustic emissions, making incipient faults more difficult to detect and increasing
the probability of false-negative predictions. Such interference degrades signal quality,
impairs the discriminative capability of the extracted features, reduces the sensitivity of
the proposed framework to weak fault signatures, and consequently decreases the overall
diagnostic accuracy. As demonstrated by the robustness evaluation in Section 3.5.2, the
diagnostic performance gradually decreases with decreasing signal-to-noise ratio. Nev-
ertheless, the proposed multimodal framework alleviates this performance degradation
by exploiting the complementary information provided by vibration and acoustic signals.
When one sensing modality is contaminated, the adaptive fusion strategy dynamically
assigns greater importance to the relatively more reliable modality. Consequently, the pro-
posed framework remains robust under different sensor noise conditions, demonstrating
its robustness and practical applicability in real industrial fault diagnosis.

Although the proposed method demonstrates excellent overall diagnostic perfor-
mance, several limitations remain regarding fine-grained fault classification and validation
scenarios. As revealed by the confusion matrices, although the proposed method substan-
tially reduces inter-class confusion compared with the representative methods, a small
number of misclassifications still occur between fault categories with similar damage char-
acteristics, especially those sharing the same fault location but different damage severities.
This observation indicates that, under few-shot conditions, the current heterogeneous fea-
ture extraction and adaptive fusion strategy still has limited sensitivity to subtle differences
in fault severity. Further improving the discrimination of similar fault categories remains
an important direction for future research.

In addition, the experimental validation in this study is mainly conducted using the
bearing dataset collected by the University of Ottawa under constant rotational speed
and constant load conditions. Although these controlled operating conditions facilitate
objective performance evaluation and fair comparison among different diagnostic methods,
they cannot fully represent practical industrial environments, where rotating machinery
frequently operates under variable-speed and variable-load conditions. Such operating-
condition variations may result in nonstationary vibration and acoustic signals, leading to
frequency shifts and feature distribution discrepancies between training and testing data,
which may reduce the generalization capability of the proposed model.

To address these limitations, future research will focus on two directions. On the
one hand, multi-scale convolutional kernels will be incorporated into the current hetero-
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geneous feature-extraction network to improve the discrimination of faults with similar
damage sizes. On the other hand, operating-condition-invariant feature learning will be
integrated into the proposed framework, together with domain adaptation techniques, to
reduce feature distribution discrepancies caused by variations in rotational speed and load.
Furthermore, multimodal datasets collected under diverse operating conditions will be
introduced to further validate and improve the robustness and generalization capability of
the proposed framework in real industrial environments.

5. Conclusions

This paper proposes a multimodal intelligent fault diagnosis method for rolling bear-
ings based on vibration and acoustic signals. By employing a heterogeneous convolu-
tional neural network, effective feature extraction and optimal fusion of multimodal data
are achieved. The experimental results indicate that constructing heterogeneous one-
dimensional convolutional feature extraction networks for vibration and acoustic signals is
more consistent with the physical characteristics of multimodal signals than conventional
homogeneous architectures. The proposed structure effectively alleviates the loss of high-
frequency acoustic details caused by deep pooling operations and significantly enhances
feature extraction capability.

Furthermore, an adaptive cross-attention mechanism is introduced to dynamically
allocate modality weights according to data quality. While incorporating complementary
acoustic information, this mechanism effectively suppresses the influence of environmental
noise. Experimental results show that the proposed model achieves a diagnostic accuracy
of 95.82% under a strict few-shot setting with only 10 training samples per class.

Overall, the proposed method demonstrates strong fault feature extraction capability
and effective multimodal fusion performance under few-shot conditions. In addition, it
achieves a favorable balance between diagnostic accuracy and computational efficiency,
indicating promising potential for practical engineering applications. Future research will
focus on improving the model’s sensitivity to fine-grained fault discrimination and further
validating its performance under variable operating conditions.
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