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Abstract. Reliable operation of auxiliary equipment is critical for hydropower stations. However, 
data-driven diagnosis faces the “cold start” challenge due to fault sample scarcity in 
high-maintenance environments. We propose a few-shot diagnostic model, Siamese Cross-
Attention Network (Scan-Net), combined with a transfer learning strategy. To extract 
discriminative features from limited data, we utilize Multi-Scale Synchrosqueezed Wavelet 
Transform (MSWT) for physically consistent time-frequency representations. Unlike simple 
concatenation, we design a dual-stream Siamese network with a bidirectional Cross-Attention 
mechanism that enables explicit inter-sensor feature interaction. We introduce a Deep Mutual 
Learning (DML) strategy with symmetric KL divergence constraints to align prediction 
distributions between dual branches, serving as self-supervised regularization to prevent 
overfitting. We establish a transfer pathway from public datasets to field equipment. Experiments 
show that Scan-Net achieves 96.50 % accuracy on the CWRU dataset under the 10-shot setting, 
and 94.43 % average accuracy in cross-load transfer. Pilot deployment at a large-scale hydropower 
station provides preliminary validation, with the system contributing to a reduction in routine 
inspection workload 
Keywords: bearing fault diagnosis, few-shot learning, deep mutual learning, Siamese network, 
vibration signal analysis, transfer learning. 

1. Introduction 

Large-scale hydro-turbine generator units act as the “ballast” of power systems. Their stable 
operation is crucial for grid regulation and power quality [1]. For major hydropower facilities, 
unplanned shutdowns cause significant economic losses and security risks. While main turbine 
units possess comprehensive monitoring systems, auxiliary equipment (e.g., governor oil pumps) 
often remains unmonitored. These induction motor-driven machines are critical; bearing faults in 
hydropower rotating equipment can cause severe operational interruptions and substantial 
economic losses [2]. 

We propose a diagnostic framework to address these challenges (Fig. 1). Conventional 
approaches (Fig. 1(a)) typically rely on a single sensor, limiting robustness and generalization in 
few-shot scenarios. In contrast, our Siamese mutual learning framework (Fig. 1(b)) leverages 
dual-sensor data (Drive End and Fan End). By employing Deep Mutual Learning (DML), the 
model learns consistent high-level representations from heterogeneous views. This strategy forces 
dual branches to extract intrinsic fault features robust to noise and sensor placement, enhancing 
generalization in few-shot tasks. 

One core objective of building “intelligent hydropower stations” is to achieve predictive 
maintenance. In recent years, deep learning has made significant progress in bearing fault 
diagnosis. Singh et al. [3] proposed a graph-based rotating machinery fault diagnosis framework 
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that improves diagnostic accuracy through structured features. Chou et al. [4] combined 
Continuous Wavelet Transform with the YOLO model for efficient bearing fault detection. Liu et 
al. [5] explored multi-scale quaternion CNN with cross self-attention feature fusion methods. 

However, engineering deployment faces the paradox of “data scarcity caused by high 
reliability”. Target industrial facilities often implement strict preventive maintenance. Equipment 
rarely fails, resulting in abundant normal operation data but scarce labeled fault samples. 
Traditional deep learning models (e.g., CNN [6], LSTM) require abundant balanced samples, 
making them difficult to train in few-shot field environments [7]. Waiting to accumulate sufficient 
fault data involves unacceptable risks. 

 
a) Traditional single-sensor framework 

 
b) Proposed Siamese mutual learning framework 

Fig. 1. Comparison of diagnostic approaches: a) Traditional single-sensor framework  
with limited robustness in few-shot scenarios. (b) Proposed Siamese mutual learning framework  

using dual sensors (FE and DE) with Cross-Attention and KL divergence consistency  
constraints, combined with transfer learning for field deployment 

We adopt Transfer Learning to bridge the gap between laboratory research and industrial 
application. The method’s performance on the CWRU dataset validates the effectiveness of 
DML-learned features. By learning universal, mechanism-consistent fault features from the source 
domain, the model transfers effectively to the target domain (the specific hydropower station). 
This “Source → Target” pathway overcomes data scarcity, resolving the “cold start” problem. 

Nevertheless, direct transfer faces the challenge of “Domain Shift”. Hydropower station field 
environments are complex, with strong electromagnetic interference and flow-induced vibrations. 
Operating conditions fluctuate frequently with main servomotor actions. To improve model 
robustness under complex noise and varying operating conditions, this paper proposes a diagnostic 
framework based on Siamese Cross-Attention Networks (Scan-Net). 

The method integrates three key technologies: (1) Multi-Scale Synchrosqueezed Wavelet 
Transform (MSWT) extracts weak fault features submerged in noise; (2) Siamese Network 
Architecture reduces parameters through weight sharing and symmetric dual-branch design while 
enhancing unified representation capability for dual-sensor data; (3) Cross-Attention and 
Consistency Constraint mechanisms – the former exploits complementarity of dual-channel 
sensors to automatically suppress interfered channels, the latter uses KL divergence minimization 
to align prediction distributions between two branches, forming a mutual learning mechanism. 
This soft constraint extracts inherent consistency from dual-view data, improving generalization 
in few-shot scenarios. 

Despite these advances, most existing few-shot fault diagnosis methods rely on a single sensor, 
limiting their ability to capture complementary fault information. Multi-sensor approaches 
typically employ simple concatenation or late fusion, lacking explicit inter-sensor consistency 
regularization. Few studies simultaneously address low-label learning, cross-load transfer, and 
field deployment. These gaps motivate the present work. 
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The main contributions of this paper are as follows: 
1) Method: We design a dual-stream Siamese network where two branches interact through 

bidirectional cross-attention rather than post-hoc concatenation, and are jointly regularized by a 
symmetric KL divergence consistency loss. Ablation experiments confirm that this consistency 
loss alone contributes 4.4 % accuracy improvement under the 10-shot setting, the largest single-
component gain. 

2) Experiments: We validate Scan-Net across three complementary protocols – 10-shot 
learning (96.50 %), cross-load transfer (94.43 % average), and noise robustness (86.5 % at  
–4 dB) – providing a more comprehensive evaluation than standard-split accuracy alone. 

3) Application: We establish a “CWRU pre-training + field transfer” pathway and pilot-deploy 
the system at a large-scale hydropower station, demonstrating feasibility of intelligent monitoring 
for auxiliary equipment under fault-sample scarcity. 

2. Related work 

2.1. Few-shot fault diagnosis 

Few-Shot Learning (FSL) aims to enable models to learn and generalize from very few 
samples, which aligns more closely with human learning capabilities. In the field of industrial 
fault diagnosis, FSL has received widespread attention due to fault data scarcity. Mainstream 
methods can be divided into three categories: 

1) Metric learning-based methods: These methods focus on learning a metric space where 
samples of the same class are close and samples of different classes are far apart. Representative 
works include Siamese Networks [8], Prototypical Networks [9], and Relation Networks [10]. 
They perform classification by minimizing or maximizing distances between sample pairs, 
especially suitable for handling open-set recognition problems with variable numbers of 
categories. The Siamese network structure in this paper draws on metric learning ideas. 

2) Optimization-based methods: These methods aim to adjust the model’s optimization process 
so it can quickly adapt to new tasks with few samples. Model-Agnostic Meta-Learning (MAML) 
[11] is a typical representative, which finds sensitive initial parameters through meta-learning, 
enabling the model to achieve good performance on new tasks with just a few gradient descent 
steps. 

3) Data augmentation-based methods: These methods expand datasets by generating additional 
training samples to alleviate data scarcity. For example, Generative Adversarial Networks (GANs) 
[12] are used to generate virtual samples with distributions similar to real fault signals. However, 
the diversity and fidelity of generated samples remain significant challenges. 

2.2. Multi-sensor fusion 

In fault diagnosis, fusing information from multiple sensors typically yields more reliable and 
comprehensive results than a single sensor. Based on the fusion stage, it can be divided into three 
categories: 

1) Data-level fusion: Directly concatenates raw signals or time-frequency maps at the input 
end. This approach is simple and direct but may lead to performance degradation due to 
registration errors and noise differences between sensors. 

2) Feature-level fusion: This is the most commonly used strategy. Features are extracted from 
each sensor’s data, then these feature vectors are concatenated, summed, or fused through more 
complex modules. Attention mechanisms [13] show great potential at this stage, adaptively 
learning importance weights for different sensors or feature channels. However, most existing 
work employs self-attention or channel attention, with insufficient exploration of inter-sensor 
interactive information. 

3) Decision-level fusion: Votes or weighted averages independent diagnostic results from each 
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sensor. This approach (also called late fusion) has good robustness but may lose fine-grained 
correlations at the feature level since information is already highly abstracted in early stages. 

The cross-attention mechanism proposed in this paper belongs to feature-level fusion but goes 
beyond simple feature concatenation or weighting, aiming to explore mutual dependencies 
between two sensor feature maps. Prior attention-based fusion methods mainly perform intra-
feature weighting; in contrast, our method targets explicit inter-sensor interaction through 
bidirectional cross-attention and agreement regularization via symmetric KL divergence. 

2.3. Deep mutual learning 

Knowledge Distillation [14] typically refers to transferring knowledge from a large “teacher” 
network to a small “student” network. Deep Mutual Learning (DML) [15] extends this concept by 
having a group (usually two) of networks with the same or similar structures learn from each other 
and supervise each other during training. 

In DML, each network plays a dual role: both learner and teacher. Training objectives include 
not only fitting true labels (supervised loss) but also minimizing differences between output 
probability distributions of the two networks, typically measured using KL divergence. The core 
idea is that different networks may learn different “knowledge” or “perspectives” from data; 
through mutual imitation, they can exchange this knowledge and collectively achieve better 
performance than training independently. DML has been proven to effectively improve model 
generalization in fields such as image recognition. 

This paper applies DML concepts to dual-sensor fault diagnosis, treating two Siamese 
branches processing different sensor data as a mutually learning entity. Through consistency loss 
(i.e., KL divergence), we force the two branches to reach consistent judgments on the same fault 
event, which is not only an effective regularization means but also promotes both branches to learn 
more essential fault features that are insensitive to sensor position, noise, and other variations. 

In summary, existing few-shot fault diagnosis methods predominantly rely on single-sensor 
input and employ concatenation or late fusion when multiple sensors are available, without 
explicit inter-sensor consistency regularization. The proposed Scan-Net differs in three respects: 
it fuses dual-sensor features through bidirectional cross-attention rather than concatenation, 
enforces predictive agreement via a symmetric KL consistency loss, and is evaluated under 
10-shot learning, cross-load transfer, and field-oriented deployment within a single framework. 

3. Methods 

3.1. Proposed method 

3.1.1. Overall framework 

The proposed Siamese Cross-Attention Network (Scan-Net) is designed to address the 
challenge of fault diagnosis for auxiliary equipment (e.g., governor oil pumps) under few-shot 
conditions. As illustrated in Fig. 2, the framework employs a dual-stream Siamese architecture 
that processes vibration signals from the Drive End (DE) and Fan End (FE) independently. Three 
design choices distinguish this method from prior work: (1) dual-sensor features interact through 
bidirectional cross-attention rather than post-hoc concatenation; (2) two branches are jointly 
regularized by a symmetric KL consistency loss rather than trained independently; (3) the method 
is validated across 10-shot learning, cross-load transfer, and a field pilot, rather than reporting 
accuracy on a standard split alone. The overall process consists of three key stages: 

1) Multi-scale time-frequency feature encoding: First, MSWT transforms one-dimensional 
vibration signals into two-dimensional RGB images containing rich time-frequency details. 
Subsequently, through a ResNet-18 backbone network integrated with Convolutional Block 
Attention Module (CBAM), deep feature representations with channel and spatial sensitivity are 
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extracted from DE and FE branches. 
2) Siamese cross-attention fusion: Unlike traditional feature concatenation, we design a 

cross-attention module that enables dual-branch features to interact in latent space. This module 
allows the DE branch to dynamically retrieve complementary information from the FE branch 
(and vice versa), generating enhanced feature vectors that fuse advantages from both sources. 

3) Mutual learning and consistency constraints: Beyond the main classification task, we 
introduce auxiliary classifiers for each branch and constrain consistency of prediction distributions 
between two branches through KL divergence. This mutual learning mechanism forces the model 
to extract inherent consistency between dual views in the absence of labels, significantly 
improving robustness in few-shot scenarios. 

 
Fig. 2. Overall framework of Scan-Net. The dual-branch Siamese backbone (ResNet-18+CBAM)  

extracts features from DE and FE sensors with shared weights. Cross-attention fusion enables  
bidirectional feature interaction (red dashed lines). KL divergence consistency loss  
(purple dashed lines) aligns branch predictions 𝑃஽ா and 𝑃ிா. Main classifier 𝐶ெ௔௜௡  

and auxiliary classifiers 𝐶஽ா, 𝐶ிா are jointly optimized via 𝐿்௢௧௔௟ 
3.1.2. Dual-branch feature extraction 

Input Representation: Multi-Scale Synchrosqueezed Wavelet Transform (MSWT). Raw 
vibration signals are often submerged in strong background noise, and fault features exhibit 
non-stationarity. To fully preserve transient impact components and suppress noise, we adopt 
Multi-Scale Synchrosqueezed Wavelet Transform (MSWT) [16] as a signal preprocessing 
method. MSWT significantly improves time-frequency resolution by redistributing energy in the 
time-frequency plane. 

For signal 𝑥ሺ𝑡ሻ, its Continuous Wavelet Transform (CWT) [17] is defined as: 

𝑊௫ሺ𝑎, 𝑏ሻ ൌ 1ඥ|𝑎|න 𝑥ஶ
ିஶ ሺ𝑡ሻ𝜓∗ ൬𝑡 − 𝑏𝑎 ൰𝑑𝑡, (1)

where 𝜓ሺ𝑡ሻ is the mother wavelet, 𝑎 is the scale parameter, 𝑏 is the time shift. 
Synchrosqueezed Transform (SWT) sharpens time-frequency representation by reassigning 

wavelet coefficients to instantaneous frequency positions: 𝑇௫ሺ𝜔, 𝑏ሻ ൌ ෍ 𝑊௫௔ೖ:|ఠೖሺ௔ೖ,௕ሻିఠ|ஸ୼ఠଶ
ሺ𝑎௞, 𝑏ሻ𝑎௞ିଷ ଶൗ Δ𝑎௞, (2)

where 𝜔௞ሺ𝑎௞, 𝑏ሻ is the instantaneous frequency estimate. 
To capture multi-frequency-band fault features of auxiliary bearings under complex operating 
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conditions (such as high-frequency inner race impacts, mid-frequency outer race periodic 
components, low-frequency rolling element modulations), we perform transformations at three 
complementary frequency scales (𝑠ଵ = 0.5, 𝑠ଶ = 1.0, 𝑠ଷ = 2.0) and map the resulting time-
frequency coefficients to three channels of an RGB image: 

𝐼ெௌௐ் = ቎𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(|𝑇௫௦భ|)𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(|𝑇௫௦మ|)𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(|𝑇௫௦య|)቏. (3)

This multi-scale representation not only preserves high-frequency impacts of inner race faults 
but also captures mid-to-low-frequency modulation features of outer race and rolling element 
faults, providing physically meaningful input representation for deep networks. 

Backbone Network: CBAM-Enhanced ResNet-18. Given ResNet-18’s [18] excellent 
performance in feature extraction, we adopt it as the backbone architecture of the Siamese 
network. To further enhance the model’s sensitivity to key fault features, we embed the 
Convolutional Block Attention Module (CBAM) [19] after each residual block. CBAM includes 
two sub-modules: Channel Attention and Spatial Attention. 

Channel attention module is computed as:  𝑀௖(𝐹) = 𝜎 ቀMLP൫AvgPool(𝐹)൯ + MLP൫MaxPool(𝐹)൯ቁ. (4)

Spatial attention module is computed as: 𝑀௦(𝐹ᇱ) = 𝜎൫𝑓଻×଻(ሾAvgPool(𝐹ᇱ); MaxPool(𝐹ᇱ)ሿ)൯, (5)

where 𝐹 is the input feature, 𝐹ᇱ is the channel-refined feature, 𝜎 is the sigmoid activation function, 𝑓଻×଻ is the convolution operation. 
1) Channel attention: Adaptively recalibrates channel weights, emphasizing key frequency 

bands containing fault pulses while suppressing noise bands. 
2) Spatial attention: Focuses on fault impact regions in time-frequency maps, ignoring 

background regions. 
3) Advantages of Siamese Architecture: The two branches share network structure and weight 

parameters, i.e., 𝜃஽ா = 𝜃ிா. This design has three advantages: (1) Parameter efficiency: 
Compared to two independent networks, parameters are reduced by approximately 50 %, lowering 
overfitting risk; (2) Implicit regularization: Weight sharing forces the model to learn universal 
fault feature representations insensitive to sensor position, improving cross-sensor generalization; 
(3) Symmetry guarantee: Symmetric dual-branch design ensures fairness of subsequent mutual 
learning mechanisms, avoiding dominance by one branch. 

3.1.3. Siamese cross-attention fusion 

Traditional feature fusion methods, such as concatenation or weighted summation, often 
overlook the semantic correlations between features from different sensors. To address this 
limitation, we propose a deep fusion strategy based on Cross-Attention. This mechanism enables 
the model to dynamically “query” features from one sensor using the features from the other, 
achieving selective information aggregation that exploits the complementary nature of the data. 

Let 𝐟஽ா, 𝐟ிா ∈ ℝௗ be feature vectors extracted from DE and FE branches respectively. In 
practice, the attention is computed after reshaping features into multi-head subspaces; for clarity, 
we present the single-head formulation below. To capture complementary relationships between 
different sensor features, we design a bidirectional cross-attention mechanism. Query, Key, and 
Value vectors are generated through linear projection: 
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𝐐௜ = 𝐖ொ௜ 𝐟௜ , 𝐊௜ = 𝐖௄௜ 𝐟௜ , 𝐕௜ = 𝐖௏௜ 𝐟௜ ,     𝑖 ∈ ሼ𝐷𝐸,𝐹𝐸ሽ. (6)

Using Scaled Dot-Product Attention to compute bidirectional cross features. Taking the DE 
branch aggregating FE information as an example, the generated cross feature 𝐟஽ா←ிா is computed 
as: 

𝐟஽ா←ிா = softmaxቆ𝐐஽ா𝐊ிா்ඥ𝑑௞ ቇ𝐕ிா . (7)

Similarly, the FE branch aggregating DE information feature 𝐟ிா←஽ா is: 

𝐟ிா←஽ா = softmaxቆ𝐐ிா𝐊஽ா்ඥ𝑑௞ ቇ𝐕஽ா . (8)

To preserve original branch features and fuse cross information, we introduce Residual 
Connection and Layer Normalization, then concatenate the two enhanced feature vectors and 
generate the final fused feature 𝐟௙௨௦௘ௗ through a fully connected layer: 𝐟ᇱ஽ா = LayerNorm(𝐟஽ா + 𝐟஽ா←ிா), 𝐟ᇱிா = LayerNorm(𝐟ிா + 𝐟ிா←஽ா), 𝐟௙௨௦௘ௗ = 𝐖௢[𝐟ᇱ஽ா; 𝐟ᇱிா] + 𝐛௢. (9)

This bidirectional fusion mechanism ensures the model considers both sensor views when 
making decisions. For example, when the DE sensor is severely interfered by noise, the model can 
automatically assign higher attention to FE features. 

3.1.4. Mutual Learning and optimization objective 

To mitigate the impact of label scarcity in few-shot scenarios, we introduce a Mutual Learning 
mechanism. This mechanism serves as a powerful regularization technique. The core idea is to 
utilize the consistency of dual-branch predictions as a supervisory signal, so that the model can 
extract structural information from unlabeled data, thereby reducing the reliance on annotated 
samples. 

The overall loss function ℒ௧௢௧௔௟ consists of three parts: main task classification loss, branch 
auxiliary classification loss, and consistency constraint loss: ℒ௧௢௧௔௟ = ℒ௠௔௜௡ + 𝛾(ℒ஽ா + ℒிா) + 𝛽ℒ௖௢௡௦௜௦௧ , (10)

where 𝛾 and 𝛽 are hyperparameters balancing each loss weight. 
1) Classification Loss: We adopt standard Cross-Entropy Loss as the classification objective. 

For a given sample and its true label 𝑦, and model predicted probability distribution 𝑃, the loss is 
defined as: 

ℒ஼ா(𝑦,𝑃) = −෍𝑦௖஼
௖ୀଵ log(𝑃௖). (11)

Therefore, main task loss ℒ௠௔௜௡ = ℒ஼ா(𝑦,𝑃ெ௔௜௡), auxiliary branch losses ℒ஽ா = ℒ஼ா(𝑦,𝑃஽ா) 
and ℒிா = ℒ஼ா(𝑦,𝑃ிா). This forces each branch and fusion module to possess accurate 
discriminative capability. 

2) Consistency Loss ℒ௖௢௡௦௜௦௧ (Core of Mutual Learning): We require prediction probability 
distributions 𝑃஽ா and 𝑃ிா of two branches on the same sample to be as close as possible. We adopt 
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symmetrized bidirectional KL divergence (Kullback-Leibler Divergence) as the metric: ℒ௖௢௡௦௜௦௧ = 12 [𝐷௄௅(𝑃஽ா||𝑃ிா) + 𝐷௄௅(𝑃ிா||𝑃஽ா)], (12)

where 𝐷௄௅(𝑃||𝑄) = ∑𝑃(𝑥)log ௉(௫)ொ(௫). 
Theoretical Advantages of KL Divergence Consistency Constraint: This mechanism draws on 

Deep Mutual Learning (DML) [15] ideas but adapts them for dual-sensor diagnosis scenarios. Its 
advantages are reflected in three levels: 

1) Self-supervised regularization: In few-shot scenarios, label signals are sparse and prone to 
overfitting. KL divergence constraints provide additional soft supervision signals – two branches 
must reach “consensus” on the same fault. This constraint does not rely on additional labeling but 
effectively narrows the hypothesis space, preventing the model from memorizing noise. 

2) Knowledge complementarity: DE and FE sensors are at different bearing positions, each 
potentially capturing complementary fault information (e.g., DE sensitive to inner race faults, FE 
sensitive to outer race faults). Through KL divergence minimization, two branches “teach” each 
other during training, with high-confidence predictions from one branch influencing the other, 
achieving knowledge transfer. 

3) Robustness improvement: When one sensor is interfered by noise, consistency constraints 
force the interfered branch’s predictions to align with the clean branch, suppressing noise 
propagation. Ablation experiments (Table 2) show that removing consistency loss reduces 10-shot 
accuracy by 4.4 %, indicating the importance of this mechanism in few-shot scenarios. 

The KL divergence consistency loss encourages predictive agreement between the two 
branches, acting as a regularizer that extracts shared structure from dual-view data and improves 
the model’s generalization boundary. 

3.2. Experimental setup 

3.2.1. Dataset 

This study adopts the internationally recognized Case Western Reserve University (CWRU) 
bearing dataset [20] for algorithm validation. The dataset includes vibration signals of Normal, 
Inner Race Fault, Outer Race Fault, and Rolling Element Fault (collectively called 4-class 
classification) collected under different loads (0-3 hp). We follow standard data processing 
procedures, segmenting raw signals into 2048-point samples and dividing them 70 %/15 %/15 % 
for training/validation/testing. All samples are converted to 224×224 RGB time-frequency images 
through the aforementioned MSWT method. 

To demonstrate the effectiveness of MSWT, Fig. 3 visualizes the signal processing results. As 
illustrated, the time-domain signals (Column a) for different fault types often show overlapping 
characteristics and are difficult to distinguish visually. In contrast, the MSWT time-frequency 
maps (Columns b and c) reveal distinct visual patterns: Normal samples exhibit low and uniform 
energy distribution; Inner Race faults show high-frequency periodic impulses; Outer Race faults 
display mid-frequency components; Ball faults present complex modulations. These 
discriminative signatures, consistent across both Drive End (DE) and Fan End (FE) sensors, enable 
effective classification. 

3.2.2. Few-shot learning setup 

To simulate the severe label-scarcity scenario encountered in industrial practice, we construct 
a strict 10-shot setting: for each fault category, only 10 labeled samples are randomly selected 
from the training split as the sole training data, with the remainder discarded. All few-shot results 
reported in this paper use this setting. Each experiment is repeated 10 times with different random 
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seeds, and the average accuracy is reported to ensure stability and reliability. 

3.2.3. Implementation details 

All models are implemented in PyTorch framework and trained using a single NVIDIA RTX 
3090 GPU. We adopt the Adam optimizer with an initial learning rate of 5×10-5 and use cosine 
annealing strategy for learning rate scheduling. Training batch size is 16, trained for 100 epochs, 
and early stopping strategy (patience = 20) is adopted to prevent overfitting. In the composite loss 
function, auxiliary loss weight 𝛾 is set to 0.15, consistency loss weight 𝛽 is set to 0.1 based on 
experimental tuning. 

 
a) Time-domain signal b) MSWT – drive end c) MSWT – fan end 

Fig. 3. Visualization of signal processing results for different health states. The rows correspond to Normal, 
Ball Fault, Inner Race Fault, and Outer Race Fault conditions. Columns display: a) Time-domain vibration 

signals; b) MSWT time-frequency maps from Drive End (DE) sensor; c) MSWT time-frequency maps 
from Fan End (FE) sensor. The MSWT maps reveal distinct texture patterns and frequency energy 

distributions for each fault type, whereas time-domain signals are less discriminative 

4. Results 

4.1. Comparison with state-of-the-art methods 

The primary focus of this comparison is not full-data saturation accuracy, where most modern 
methods already exceed 99 %, but rather low-label robustness and cross-condition generalization. 
To validate Scan-Net performance, we compare it with mainstream deep learning methods on the 
CWRU dataset, including WDCNN [21], TCNN (ResNet-50) [22], GAN-based semi-supervised 
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methods [3], as well as graph neural network-based method and multi-scale quaternion CNN [5]. 

Table 1. Diagnostic accuracy comparison on CWRU dataset (standard split and 10-shot  
few-shot setting). Bold indicates best performance. Baseline results are cited  

from original papers; Scan-Net results are averaged over 10 runs 
Method (Backbone) Input Modality Std. Acc. (%) 10-shot (%) 

WDCNN (Wide CNN) [21] 1D Raw Signal 99.60 78.50 
CatAAE (Auto-Encoder) [23] Frequency Features 98.36 85.10 

TCNN ResNet-50 [22] 2D Time-Freq Map 99.99 82.40 
MQCNN (Quaternion CNN) [5] Multi-scale Features 99.75 91.20 

Graph-Net (GNN) [3] Structured Graph 99.85 92.50 
Scan-Net (Ours) (ResNet-18) MSWT + Fusion 100.00 96.50 

As shown in Table 1, in data-sufficient “standard accuracy” testing, most deep learning 
methods (such as TCNN and WDCNN) can achieve accuracy above 99 %. Recent research such 
as Singh et al. [3] and Liu et al. [5] also report excellent performance exceeding 99.5 % under 
standard settings, indicating that the CWRU standard dataset is relatively easy for modern deep 
networks, showing “performance saturation” phenomenon. 

However, when training samples are reduced to only 10 per class (10-shot), traditional 
methods’ performance shows significant degradation (dropping to around 80 %). In contrast, 
Scan-Net maintains high accuracy of 96.50 % under 10-shot setting, significantly outperforming 
the second-best method (Graph-Net, 92.50 %) by 4.0 percentage points. This improvement is 
achieved through three key technologies: (1) Efficient feature expression of MSWT captures 
multi-scale physical characteristics of faults; (2) Parameter sharing of Siamese network provides 
implicit regularization, preventing overfitting on few samples; (3) KL divergence consistency 
constraint provides additional self-supervised signals, extracting inherent structure in dual-view 
data. These results indicate the effectiveness of the mutual learning mechanism in label-scarce 
scenarios. 

To further illustrate the discriminative power of learned representations, Fig. 4 presents t-SNE 
visualizations of the feature embeddings extracted under the 10-shot setting. As shown in 
Fig. 4(a), raw MSWT features exhibit significant overlap, indicating that low-level features alone 
are insufficient for separation. The features learned by a single-sensor model (Fig. 4(b)) show 
improved clustering but still suffer from confusion between similar fault types. In contrast, the 
features learned by Scan-Net (Fig. 4(c)) exhibit clear class separation with compact intra-class 
clustering. This visualization provides intuitive evidence that the proposed mutual learning 
mechanism enables the model to extract more discriminative and robust feature representations. 

 
a) RAW MSWT features 

 
b) Single sensor (DE) 

 
c) Scan-Net (Ours) 

Fig. 4. t-SNE visualization of feature distributions under the 10-shot setting: a) raw MSWT features 
without learning exhibit significant overlap, b) features learned by a single-sensor (DE) model show 

improved but imperfect separation, c) features learned by the proposed Scan-Net  
(dual-sensor mutual learning) achieve distinct inter-class separation and  

compact intra-class clustering, demonstrating superior discriminative power 
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4.2. Cross-load transfer learning validation 

Hydro-turbine units in actual operation frequently need to adjust between different loads 
(30 %-100 % of rated load), which causes significant statistical drift (Domain Shift) in vibration 
signal characteristics. Therefore, models must possess cross-condition transfer capability. To 
validate the robustness of this method, we conduct comprehensive bidirectional transfer learning 
experiments between four different loads (0HP, 1HP, 2HP, 3HP) of the CWRU dataset. We adopt 
a “source domain training - target domain testing” protocol, training models on source conditions 
and directly testing on target conditions without fine-tuning, simulating realistic deployment 
scenarios. 

Table 2 compares Scan-Net with VGG16, ResNet18, MQCNN [5], and Graph-Net [3] on 12 
cross-load transfer tasks. For reference, Chou et al. [4] reported an average accuracy of 
approximately 88.5 % on a related transfer setting. 

Table 2. Cross-load transfer learning accuracy comparison (%). Literature baselines  
are reported values from the original papers; direct comparison should be interpreted  

with caution due to potential differences in experimental protocols 
Transfer Task 
(Year) 

VGG16 [24] 
(2014) 

ResNet18 [18] 
(2016) 

Liu et al. [5] 
(2024) 

Singh et al. [3] 
(2025) 

Scan-Net 
(Ours) (2025) 

0→1 HP 72.92 81.20 85.10 86.20 89.17 
0→2 HP 80.73 88.50 92.50 93.80 90.02 
0→3 HP 71.35 83.40 87.20 88.50 90.38 
1→0 HP 83.85 92.10 96.80 97.10 96.88 
1→2 HP 92.71 97.50 99.50 99.80 100.00 
1→3 HP 73.96 91.00 98.10 98.50 98.96 
2→0 HP 68.23 85.60 90.50 91.20 94.79 
2→1 HP 91.67 92.50 93.80 94.50 95.31 
2→3 HP 100.00 100.00 100.00 100.00 100.00 
3→0 HP 77.60 75.80 72.40 75.20 83.33 
3→1 HP 90.10 88.20 85.50 88.20 94.27 
3→2 HP 82.81 93.50 98.10 98.50 100.00 
Average 
Accuracy 82.16 89.11 91.62 92.62 94.43 

Experimental results demonstrate that Scan-Net achieves an average accuracy of 94.43 % 
across all 12 transfer tasks, outperforming Graph-Net (92.62 %, +1.81 %) and MQCNN (91.62 %, 
+2.81 %), and substantially surpassing traditional ResNet18 (89.11 %, +5.32 %) and VGG16 
(82.16 %, +12.27 %). 

To provide a more intuitive comparison of transfer performance patterns, Fig. 5 presents the 
accuracy matrices of Scan-Net and ResNet-18 as heatmaps. Several important observations 
emerge from this visualization: (1) The diagonal elements (same-domain testing) achieve 
near-perfect accuracy for both methods, confirming the models’ capability under standard 
settings; (2) Off-diagonal elements reveal the true transfer difficulty, where Scan-Net consistently 
shows warmer colors (higher accuracy) across all transfer directions; (3) The “3→0” and “3→1” 
tasks (high-load to low-load transfer) exhibit the largest performance gap between methods, with 
Scan-Net demonstrating superior robustness to domain shift; (4) The overall color uniformity of 
Scan-Net’s heatmap indicates more stable cross-domain generalization compared to the patchy 
pattern of ResNet-18. 

In the most challenging “high-load to low-load transfer” task (e.g., 3→1 HP), Scan-Net 
maintains 94.27 % accuracy, while traditional ResNet18 achieves 88.20 %, an improvement of 
6.07 percentage points. This advantage stems from three mechanisms: (1) MSWT multi-scale 
features possess strong operating condition invariance, extracting essential fault features that 
remain stable across different loads; (2) Symmetric design of Siamese network learns universal 
representations insensitive to sensor position through weight sharing; (3) KL divergence 
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consistency constraint forces two branches to reach consensus, further suppressing noise 
introduced by condition changes. These results demonstrate the effectiveness of the mutual 
learning architecture in cross-domain transfer scenarios. 

 
a) 

 
b) 

Fig. 5. Heatmap of cross-load transfer accuracy: a) Scan-Net; b) ResNet-18 baseline. Each cell shows 
accuracy when training on the source load (row) and testing on the target load (column). Scan-Net shows 

more uniform and higher transfer performance, especially in challenging high-to-low load scenarios 

4.3. Ablation study and parameter analysis 

To investigate the specific contributions of each key component in Scan-Net (multi-sensor 
fusion, MSWT, CBAM, consistency loss), we conduct a series of ablation experiments under the 
most challenging 10-shot setting to rigorously test the model’s robustness. 

4.3.1. Contribution analysis of key components 

Table 3 shows model performance after progressively removing each module. 
1) Importance of MSWT (a vs b): Compared to directly using one-dimensional raw signals 

(Baseline), introducing MSWT time-frequency maps improves accuracy from 76.20 % to 89.50 % 
(+13.3 %). This result indicates that under extremely few samples, two-dimensional 
time-frequency textures provided by MSWT contain more distinguishable physical features than 
raw waveforms, reducing the learning difficulty for deep networks. 

Table 3. Impact of different components on 10-shot fault diagnosis performance 
Model variant Dual Sen. MSWT CBAM Mut. Learn. Acc. (%) Δ (%) 

(a) Baseline (ResNet18-1D) × × × × 76.20 –20.30 
(b) w/ MSWT (Single Sensor) ×   × 89.50 –7.00 
(c) w/ Dual Sensors (Concat)    × 93.40 –3.10 
(d) w/o CBAM   ×  94.80 –1.70 
(e) w/o Consistency Loss    × 92.10 –4.40 
(f) Scan-Net (Full)     96.50 – 

2) Gain from dual-sensor fusion (b vs c): Expanding from single sensor (DE end) to dual 
sensors (DE+FE) with simple feature concatenation (Concat) further improves accuracy by 3.9 %. 
This validates that information complementarity from different measurement points can 
effectively eliminate diagnostic blind spots inherent to single perspectives. 

3) Critical role of cross-attention and mutual learning mechanisms (c/e vs f): 
– Cross-attention mechanism (comparing c and f) brings an improvement (+3.1 %). This 

indicates that simple concatenation cannot fully exploit semantic correlations between sensors. 
Cross-Attention achieves deep feature interaction through Query-Key-Value mechanisms, 
allowing one branch to dynamically retrieve complementary information from the other. 

– KL divergence consistency loss (comparing e and f) contributes 4.4 % performance 
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improvement, the largest single contribution among all improvements. This finding confirms the 
effectiveness of the mutual learning mechanism. When lacking abundant label supervision, the 
constraint forces dual-branch prediction distribution alignment (i.e., 𝑃஽ா ൎ 𝑃ிா), providing 
powerful regularization that extracts inherent consistency structure in dual-view data and prevents 
the model from overfitting to noise. 

– Fine-grained focus of CBAM (d vs f): Removing CBAM results in a slight performance 
decrease of 1.7 %. This indicates that channel and spatial attention mechanisms help locate key 
fault impact frequency bands in complex time-frequency maps. However, their contribution is 
relatively smaller than that of the mutual learning mechanism. 

4.3.2. Visualization of learned representations 

To provide deeper insights into the model’s internal workings, we visualize the learned 
attention patterns and feature evolution process. 

Cross-Attention Weight Analysis. Fig. 6 visualizes the learned attention weights between DE 
and FE sensor features across different fault types. The heatmaps reveal several important patterns: 
(1) For Normal samples, attention weights are relatively balanced between sensors, indicating that 
both views contribute equally to the healthy state representation; (2) For Inner Race faults, higher 
attention is allocated to the DE sensor, which is physically closer to the inner race and thus 
captures stronger fault signatures; (3) For Outer Race faults, the attention distribution shifts toward 
the FE sensor, reflecting the different propagation paths of outer race vibrations; (4) For Rolling 
Element faults, the attention pattern shows dynamic interaction between both sensors, consistent 
with the complex nature of rolling element dynamics. These adaptive attention patterns 
demonstrate that our cross-attention mechanism successfully learns to exploit sensor 
complementarity in a fault-type-specific manner. 

 
Fig. 6. Cross-attention weight visualization between DE and FE features for four fault types. Warmer 

colors indicate higher attention. The mechanism adaptively adjusts inter-sensor information flow based on 
fault characteristics, e.g., Inner Race faults trigger stronger DE-to-FE attention due to proximity effects 

Feature Evolution Through Network Layers. To further demonstrate the effectiveness of the 
proposed method, Fig. 7 illustrates how feature representations evolve through the network 
processing stages using t-SNE visualization. Starting from raw signal inputs, features 
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progressively become more discriminative as they pass through MSWT transformation, CBAM 
attention modules, and cross-attention fusion. The visualization shows that: (1) Raw signal 
features exhibit significant overlap between fault categories; (2) MSWT time-frequency 
transformation provides initial separation by capturing frequency-domain characteristics; 
(3) CBAM attention further refines the features by emphasizing discriminative regions; (4) The 
final cross-attention fusion produces highly discriminative representations with clear inter-class 
boundaries and compact intra-class clustering. This progressive refinement validates the design 
rationale of our hierarchical feature extraction pipeline. 

 
a) 

 
b) 

 
c) 

 
d) 

Fig. 7. Feature evolution through Scan-Net visualized by t-SNE: a) raw signal features  
with significant class overlap; b) after MSWT with improved separation; c) after CBAM refinement;  
d) after cross-attention fusion with distinct inter-class separation and compact intra-class clustering 

4.3.3. Robustness analysis under different signal-to-noise ratios 

To further evaluate model performance under harsh operating conditions, we add additive 
white Gaussian noise of different intensities (SNR from –4 dB to 8 dB) to the test set. As shown 
in Fig. 8, Scan-Net significantly outperforms single-sensor models (Single-DE) and simple fusion 
models (Late-Fusion) at all noise levels. 

 
Fig. 8. Model robustness comparison under different Signal-to-Noise Ratio (SNR) environments.  

Scan-Net shows significant performance advantages under strong noise (–4 dB) 

Anti-noise advantages of Siamese mutual learning mechanism: Especially in –4 dB strong 
noise environments, Scan-Net maintains 86.5 % accuracy while single-sensor models have 
dropped to 58.2 % (performance improvement of 28.3 %). This significant advantage stems from 
three synergistic mechanisms: (1) Dynamic channel suppression of cross-attention: When one 
sensor is polluted by noise, Cross-Attention automatically lowers its attention weight, relying 
instead on the cleaner signal from the other path; (2) Noise filtering of KL divergence consistency 
constraint: This constraint forces predictions of two branches to reach consensus, with the noise-
interfered branch aligning toward the clean branch, suppressing noise propagation; (3) Weight 
sharing of Siamese network: Through joint training on dual-sensor data, the model learns robust 
feature representations insensitive to noise. These results support the practical applicability of the 
mutual learning architecture in complex noise environments. 

Model robustness comparison under different Signal-to-Noise Ratio (SNR) environments. 
Scan-Net shows significant performance advantages under strong noise (–4 dB). 
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4.4. Sensor fault tolerance analysis 

In actual industrial applications, sensors themselves may also fail (such as loosening, 
disconnection). We simulate sensor failure scenarios during testing: setting all data from one 
channel to zero, testing model accuracy retention. Results are shown in Table 4. 

Table 4. Performance retention under sensor failure scenarios 
Model Both Sensors Normal DE Sensor Failure FE Sensor Failure 

Concat-Fusion 93.40 % 42.10 % (Crash) 55.30 % (Severe Drop) 
Late-Fusion 94.10 % 82.50 % 88.20 % 

Scan-Net (Ours) 96.50 % 91.20 % 93.50 % 

Experiments show that traditional feature concatenation (Concat-Fusion) experiences 
catastrophic performance collapse when any sensor fails (dropping from 93.40 % to 42.10 %, a 
decrease of 51.3 %). However, Scan-Net maintains 90 %+ performance when a single sensor fails 
thanks to three protection mechanisms: 

(1) Dynamic fault tolerance of cross-attention: When detecting missing information from one 
channel (feature values approaching zero), Cross-Attention can adaptively concentrate almost all 
attention weight on the normal sensor branch, achieving “soft degradation”. 

(2) Independent diagnostic capability of Siamese branches: Since each branch is equipped with 
an auxiliary classifier and forced to have independent diagnostic capability during training, when 
one sensor fails, the other branch can take over decision-making. 

(3) Robust representation of KL divergence constraint: The mutual learning mechanism forces 
two branches to learn consistent fault semantic representations; even if one branch fails, the other 
branch’s representation still contains shared knowledge from dual views. 

This “graceful degradation” capability is crucial for industrial applications, ensuring that even 
under abnormal conditions such as sensor failures, the system maintains usability rather than 
complete failure. 

5. Engineering application at a large-scale hydropower station 

5.1. Background and deployment environment 

The proposed method has been applied at a large-scale hydropower station located on the 
Jinsha River in Southwest China. The actual operating environment presents significant 
challenges for fault diagnosis: 

1) High reliability requirements: Large hydro-turbine generator units demand extremely high 
stability and safety from their supporting monitoring algorithms, as any failure in auxiliary 
equipment may trigger cascading effects on the main units. 

2) Extreme scarcity of fault samples: Due to strict preventive maintenance practices, critical 
auxiliary equipment (such as governor oil pumps) maintains long-term healthy status, making real 
bearing fault data nearly unavailable for model training. 

3) Upgrade of existing inspection mode: The power plant has implemented an “intelligent 
inspection” system for standardized spot checks. This study further integrates intelligent 
diagnostic algorithms by deploying IoT sensors on critical auxiliary equipment, achieving a 
transition from periodic manual inspection to real-time condition monitoring. 

For these requirements, we deployed the Scan-Net-based intelligent monitoring system on a 
representative generating unit and integrated its data flow into the existing inspection terminal, 
enabling a human-machine collaborative operation and maintenance workflow. The on-site sensor 
deployment and inspection terminal integration are shown in Fig. 9. The digital twin diagnostic 
platform interface is presented in Fig. 10. 
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a) 

 
b) 

 
c) 

 
d) 

Fig. 9. On-site deployment materials collected at Xiangjiaba Hydropower Plant, Yibin, Sichuan, China:  
a) governor oil pump room; b) author-prepared schematic of DE and FE sensor placement; c) inspection 

terminal; (d) handheld field inspection. Panels a), c), and d) are original photographs captured by Ting He 
during the 2025 pilot deployment; the face in panel d) was intentionally blurred for de-identification 

 
Fig. 10. Digital twin diagnostic platform interface for the governor oil pump motor. Screenshot captured  

by Ting He from the in-house monitoring platform during the 2025 pilot deployment at Xiangjiaba 
Hydropower Plant, Yibin, Sichuan, China. Left: real-time operating parameters. Center: motor 3D  

digital twin with health status. Right: Scan-Net fault probability inference and system logs 

5.2. System integration and visual interaction 

The system adopts embedded edge diagnostic mode complying with industrial control area 
security specifications and deeply integrates with the plant’s existing digital twin platform. 

5.2.1. Hardware deployment and signal acquisition 

The monitoring object is the drive motor of a governor oil pump, which serves as the core 
power source of the governor hydraulic control system. The governor system typically consists of 
multiple oil pumps controlled by a redundant PLC system. This study focuses on the drive motor 
of one main oil pump, as it bears the main oil pressure establishment task with frequent start-stop 
operations and load fluctuations. 

We deployed industrial-grade piezoelectric acceleration sensors (sensitivity 100 mV/g, 
frequency response 0.5-10 kHz) at the motor’s drive end (DE) and fan end (FE), mounted on 
motor bearing housing surfaces using magnetic bases. 

Data acquisition process fully utilizes the plant’s existing data infrastructure: 
1) Signal acquisition: Sensor signals are acquired by independently deployed vibration 
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acquisition units at 12.8 kHz sampling rate, maintaining consistency with CWRU dataset sampling 
parameters. 

2) Data fusion: To obtain operating condition context, the monitoring system communicates 
with the local control unit (LCU) via industrial Ethernet, acquiring oil pump start-stop status, oil 
pressure values, and guide vane opening data, time-synchronized with vibration data. 

3) Algorithm inference: The Scan-Net model is encapsulated in an independent intelligent 
analysis module. This module is physically isolated from the unit’s control system, ensuring 
monitoring system failures do not affect unit closed-loop control safety. 

5.3. Application validation: transfer from laboratory to field 

To validate whether models trained on CWRU data can effectively monitor field equipment, 
we implemented “physical consistency verification” and “noise robustness testing”. 

5.3.1. Cross-condition feature consistency analysis 

Although the CWRU test rig (small motor, SKF 6205 bearing) and field equipment (large 
industrial motor, SKF 6317 bearing) differ vastly in physical dimensions, rolling bearing fault 
mechanisms are similar. 

We collected vibration data from field motors under stable operating conditions, extracted 
time-frequency domain features, and compared them with “Normal” class samples from the 
CWRU dataset. t-SNE visualization results show that after MSWT feature extraction, feature 
distribution overlap reaches over 92 %. Table 5 shows that after normalization, key statistical 
indicators (such as kurtosis, impulse factor) differ by less than 8 %. This proves learned “healthy 
state” features have good transferability across different equipment. 

Table 5. Statistical feature comparison of normal samples  
between CWRU dataset and field data (after normalization) 

Statistical feature CWRU (Source) Field data (target) Difference rate Consistency 
RMS 0.124 0.131 +5.6 % Consistent 

Kurtosis 2.85 2.94 +3.1 % Consistent 
Impulse factor 3.42 3.58 +4.6 % Consistent 

RMS frequency 1.89 kHz 2.01 kHz +6.3 % Consistent 
Envelope correlation – – 0.89 Highly Correlated 

5.3.2. Noise resistance performance in field environment 

Hydropower station field environments are noisy, with background noise far exceeding 
laboratory environments. To test model performance in field environments, we recorded actual 
background noise in machine pit (including water flow sound, electromagnetic noise), 
superimposed it on CWRU fault samples at different signal-to-noise ratios, constructing “semi-
physical simulation” test sets. 

Test results show that even under –4 dB strong-noise conditions, the proposed model maintains 
86.5 % accuracy. This result supports the effectiveness of the MSWT representation and the 
attention-guided dual-sensor fusion strategy in complex industrial environments. 

5.4. Engineering benefits 

System deployment demonstrates the operational transformation from manual experience 
dependence to data-driven decision making: 

1) Real-time condition monitoring: The inspection terminal is no longer just a discrete data 
recording tool but becomes a link connecting field observations and digital twin analysis. 
Inspection personnel can view real-time diagnostic conclusions, enabling comparison between 
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manual sensory inspection and intelligent algorithm analysis. 
2) Proactive early warning and condition-based maintenance: The transfer learning-based 

diagnostic model can issue warnings at fault early stages (weak feature stages), providing more 
forward-looking alerts than traditional threshold alarms. Preliminary operation data suggest the 
system contributed to reducing routine inspection frequency, primarily through reliable normal 
state recognition that allows maintenance personnel to reduce redundant spot checks. 

6. Discussion 

The experimental results on benchmark datasets and engineering application at the 
hydropower station collectively demonstrate the effectiveness of the proposed Scan-Net 
framework. This section provides an in-depth analysis of key findings and their implications for 
fault diagnosis in industrial rotating machinery. 

6.1. Analysis of key technical contributions 

Significance of Mutual Learning Mechanism: The KL divergence consistency constraint 
contributes the largest performance improvement (4.4 %) among all components in the ablation 
study (Table 3). This finding validates the theoretical foundation of Deep Mutual Learning in 
multi-sensor fault diagnosis. Unlike traditional knowledge distillation that requires a pre-trained 
teacher model, our mutual learning mechanism enables two peer networks to learn from each other 
simultaneously. This is particularly valuable for few-shot scenarios where labeled data is 
extremely scarce and pre-training a high-quality teacher is infeasible. The mechanism effectively 
extracts inherent consistency from dual-view data, acting as an implicit regularizer that prevents 
overfitting to limited training samples. 

Robustness Under Adverse Conditions: The model demonstrates remarkable robustness under 
two challenging scenarios: strong noise interference and sensor failures. Under –4 dB SNR 
conditions (Fig. 8), Scan-Net maintains 86.5 % accuracy while single-sensor models degrade to 
58.2 %, representing a 28.3 % improvement. In sensor failure scenarios (Table 4), our method 
achieves graceful degradation with 90 %+ performance retention, whereas traditional 
concatenation-based fusion methods suffer catastrophic failure (dropping to 42.10 %). These 
results confirm that the cross-attention mechanism successfully learns to dynamically weight 
sensor contributions based on signal quality, a critical capability for industrial deployment where 
sensor reliability cannot be guaranteed. 

Transfer Learning Feasibility: The successful transfer from CWRU laboratory data to field 
equipment validates that MSWT-based features capture universal fault characteristics that 
generalize across different equipment scales. The 92 % feature distribution overlap and less than 
8 % difference in key statistical indicators (Table 4) provide quantitative evidence for this 
cross-domain generalization. This finding has significant practical implications: it suggests that 
models trained on well-curated public datasets can serve as effective starting points for industrial 
applications, addressing the “cold start” problem that has hindered adoption of deep learning in 
predictive maintenance. 

6.2. Comparison with related work 

Compared to recent few-shot fault diagnosis methods, Scan-Net offers several distinct 
advantages. While Graph-Net [3] achieves 92.50 % accuracy in 10-shot settings through 
structured feature integration, our method outperforms it by 4.0 percentage points. The key 
difference lies in our dual-branch mutual learning architecture, which explicitly exploits sensor 
complementarity rather than treating multi-sensor data as a unified graph structure. Similarly, 
while MQCNN [5] employs multi-scale features through quaternion representations, our 
MSWT-based approach provides more physically interpretable time-frequency representations 
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that align with established signal processing theory in vibration analysis. 
The cross-attention mechanism in Scan-Net differs fundamentally from the self-attention used 

in [5]. Self-attention computes relationships within a single feature representation, while our 
cross-attention explicitly models inter-sensor dependencies, enabling dynamic information 
exchange between DE and FE branches. The visualization in Fig. 6 confirms that this mechanism 
learns fault-type-specific attention patterns that correspond to physical sensor placement effects. 

6.3. Limitations and future directions 

Despite the promising results, several limitations should be acknowledged. First, the current 
field validation is based on transfer learning from CWRU combined with field noise superposition 
testing, as real bearing faults have not occurred during the deployment period due to strict 
preventive maintenance. This represents a practical compromise under fault data scarcity, and 
future validation with actual fault cases would strengthen the conclusions. Second, the Siamese 
architecture requires dual-sensor inputs; for single-sensor equipment, one can either zero-pad the 
missing channel during inference (Table 4 shows 90 %+ accuracy retention) or deploy a 
single-branch variant with reduced few-shot performance (Table 3, row b). Third, extension to 
other fault types and enhancement of lifelong learning capability remain important directions for 
future work. 

For industrial deployment, real-time inference efficiency could be further optimized. The 
current ResNet-18 backbone achieves approximately 15ms inference time on embedded GPU 
platforms, which is sufficient for most monitoring applications but may require optimization for 
high-frequency continuous monitoring scenarios. Model compression techniques such as 
knowledge distillation and quantization present promising directions for edge deployment. 

7. Conclusions 

In this work, we address the critical industry challenge of fault diagnosis for auxiliary 
equipment at large hydropower stations. Due to the extreme scarcity of fault samples, traditional 
data-driven methods are often difficult to implement. We propose an intelligent diagnosis solution 
based on Transfer Learning and Siamese Cross-Attention Networks (Scan-Net). By pre-training 
on the CWRU public dataset and exploiting deep multi-scale time-frequency features, we 
construct a pilot intelligent monitoring system with “cold start” capability. 

The main conclusions are summarized as follows: 
1) Theoretical contribution: We introduce Deep Mutual Learning (DML) into multi-sensor 

fault diagnosis and propose a mutual learning mechanism based on KL divergence consistency 
constraints. Experimental results show that this mechanism serves as an effective self-supervised 
regularization tool, extracting inherent consistency structure in dual-view data without requiring 
additional labeling and improving generalization. Ablation experiments confirm that KL 
divergence constraints alone contribute 4.4 % performance improvement, the largest contribution 
among all technical components. 

2) Method effectiveness: Through the synergistic design of Siamese network architecture, 
cross-attention fusion, and consistency constraints, Scan-Net achieves 96.50 % diagnostic 
accuracy under the 10-shot setting, outperforming Graph-Net (92.50 %) by 4.0 percentage points. 
It achieves 94.43 % average accuracy in cross-load transfer experiments. In the challenging 
“high-load to low-load transfer” task (3→1 HP), accuracy reaches 94.27 %, while traditional 
ResNet18 achieves 88.20 %, an improvement of 6.07 percentage points. These results validate the 
effectiveness of the mutual learning mechanism in cross-domain scenarios. 

3) Engineering applicability: Through the introduction of MSWT time-frequency analysis and 
anti-noise training, the model maintains 86.5 % accuracy in simulated hydropower field strong 
noise (–4 dB) environments, a 28.3 % improvement over single-sensor models (58.2 %). Sensor 
fault tolerance experiments show Scan-Net maintains 90 %+ performance when a single sensor 
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fails, demonstrating graceful degradation capability. These results support the practical 
applicability of this method in complex industrial environments. 

4) Application value: The designed intelligent monitoring system has been pilot deployed at a 
large-scale hydropower station. The system addresses the gap in intelligent monitoring of auxiliary 
equipment and helps reduce manual operation and maintenance costs. It provides a replicable 
paradigm for the transition from planned maintenance to condition-based maintenance. The 
Scan-Net framework shows promise for other rotating machinery monitoring scenarios. 

Future work will focus on the model’s “lifelong learning” capability during long-term 
operation, i.e., how to use sparsely accumulated abnormal samples from the field to online update 
the model, further improving its diagnostic accuracy for special rare faults. 
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