
Contents lists available at ScienceDirect

Information Fusion

journal homepage: www.elsevier.com/locate/inffus

Full Length Article

A multi-channel data fusion-enabled multilevel graph-guided framework 

for fault diagnosis in rotating machinery under extreme biased data⋆ ⋆

Yue Yu a,∗, Hamid Reza Karimi a,∗, Pradeep Kundu b, Enrico Zio c,d, Ke Feng e

aDepartment of Mechanical Engineering, Politecnico di Milano, via La Masa 1, Milan, 20156, Italy
bDepartment of Mechanical Engineering, KU Leuven, Bruges Campus, Bruges, Belgium
c Energy Department, Politechnico di Milano, Milano, Italy
d CRC, MINES Paris-PSL University, Sophia Antipolis, France
eKey Laboratory of Education Ministry for Modern Design & Rotor-Bearing System, Xi’an Jiaotong University, Xi, 710049, China

a r t i c l e  i n f o

Keywords:
Rotating machinery
Fault diagnosis
Multi-channel data
Extreme biased data
Global and local feature fusion learning
Feature inductive learning

 a b s t r a c t

Fault diagnosis based on multi-channel data plays a crucial role in rotating machinery monitoring. By lever-
aging signals acquired from multiple sensors, more comprehensive fault-related information can be extracted, 
thereby improving diagnostic accuracy. This paper proposes a novel Multi-channel data fusion-enabled Multi-
level Graph-guided Framework for Diagnosis (MSGFD) to address fault diagnosis under extreme data imbalance. 
First, an efficient preprocessing strategy is developed to transform multi-channel signals into structured repre-
sentations suitable for graph-based learning. Subsequently, a MultiGraph construction mechanism is introduced 
to capture discriminative and complementary fault information through four distinct graph topologies. To ad-
dress the challenge of limited supervision in extremely imbalanced scenarios, a multilevel learning architecture 
integrating a Graph Multilayer Perceptron (MLP) and a Graph Transformer is designed to jointly model local 
and global feature dependencies. Furthermore, a deep divergence-based clustering (DDC) loss is incorporated 
to enhance inter-class separability and intra-class compactness. Extensive experiments conducted under various 
imbalance settings demonstrate the robustness and effectiveness of the proposed method across multiple fault 
categories. The source code is publicly available at: https://github.com/Polimi-YuYue.

1.  Introduction

Rotating machinery is a key element of industrial systems [1]. Fail-
ures of rotating components cause productivity and safety problems, and 
must thus be prevented [2,3]. For this, Machine Learning (ML) can be 
used to establish a link between monitoring data and the health states of 
rotating machinery [4]. For example, Cai et al. proposed a digital twin-
driven fault diagnosis method integrating virtual-real data and Bayesian 
networks to accurately identify composite faults in subsea production 
control systems [5]. Qin et al. developed a novel interpretable waveform 
segmentation model by integrating the class-weighted Lovasz-softmax 
loss and physics-informed denoising loss to enable bearing fault diag-
nosis [6]. However, manual feature extraction can be time-consuming, 
labor-intensive, and biased.
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To address this issue, Deep Learning (DL)-based fault diagnosis of 
rotating machinery has emerged as a story [7–9]. For example, Yan 
et al. developed a novel partial domain adaptation method to enhance 
domain-invariant feature learning for fault diagnosis [10]. Chen et al. 
built a multi-scale and multi-structure information-embedded unsuper-
vised graph transfer framework to improve cross-domain fault diag-
nosis performance under variable working conditions [11]. Qin et al. 
proposed an adaptive intermediate class-wise distribution alignment 
paradigm to enhance fault diagnosis by transfer learning [12]. Ding et al. 
built a digital twin-assisted dual transfer framework for rolling bearing 
fault diagnosis [13]. Qin et al. developed an intelligent squirrel cage 
with integrated piezoelectric and triboelectric components to achieve 
rotating speed monitoring and bearing fault diagnosis, which provides 
a new option for online condition monitoring of aero-engines [14]. Li 
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\begin {flalign}y_{{\rm {conv}}}^{m + 1} = {\rm {F}}\left ( {\sum \limits _{i = 1}^C {\sum \limits _{j = 1}^R {w_{i,j}^m} } *x_i^m + b_{i,j}^m} \right )\end {flalign}


\begin {flalign}y_{{\rm {pool }}}^{m + 1} = {{\mathop {\rm pooling}\nolimits } _S}\left ( {y_{{\rm {conv }}}^{m + 1}} \right )\end {flalign}
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$x \in {\mathcal {R}^{N \times S}}$


\begin {flalign}Y = {g_{{\theta _l}}}{*_G}x = U{g_{{\theta _l}}}{U^T}x\end {flalign}
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\begin {flalign}L = {I_N} - {D^{ - {1 / 2}}}A{D^{ - {1 / 2}}}\end {flalign}
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\begin {flalign}{g_{{\theta _l}}} \approx \sum \limits _{k = 0}^{K - 1} {{\theta _{{k_l}}}} {T_k}(\tilde \Lambda )\end {flalign}


$\tilde \Lambda = {{2\Lambda } / \lambda _{\max }} - {I_N}$
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\begin {flalign}Y = \sum \limits _{k = 0}^{K - 1} {{\theta _{{k_l}}}} U{T_k}(\tilde \Lambda ){U^T}x\end {flalign}


$x' \in {\mathcal {R}^{N \times M}}$


\begin {flalign}x' = {\rm {Cheb}}(x,{W_l}) = Y{W_l}\end {flalign}
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${W_l} \in {\mathcal {R}^{S \times M}}$


$G = \left \{ {V,A,E,F} \right \}$
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\begin {flalign}{\mathop {\rm Attention}\nolimits } (Q,K,V) = {\mathop {\rm softmax}\nolimits } \left ( {\frac {{Q{K^T}}}{{\sqrt {{d_k}} }} + M} \right )V\end {flalign}
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\begin {flalign}M_{i j}=f\left (d_{i j}\right )\end {flalign}
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\begin {flalign}\mathrm {MultiHead}(Q, K, V)=\mathrm {Concat}\left (\mathrm {head}_1, \mathrm {head}_2, \ldots , \mathrm {head}_h\right ) W^O\end {flalign}


\begin {flalign}{{\mathop {\rm head}\nolimits } _i} = {\mathop {\rm Attention}\nolimits } \left ( {QW_i^Q,KW_i^K,VW_i^V} \right )\end {flalign}
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\begin {flalign}h_i^{(l+1)}=\mathrm {LayerNorm}\left (h_i^{(l)}+\mathrm {MLP}\left (\mathrm {LayerNorm}\left (h_i^{(l)}+\sum _{j \in \mathcal {N}(i) \cup \{i\}} \alpha _{i j}^{(l)} W^V h_j^{(l)}\right )\right )\right )\end {flalign}
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\begin {flalign}{x_{mn}} = \left \{ {{x_{ij}},{x_{ij}} \in {R^{3 \times m}}} \right \},i = 1,2,3,j = 1,2, \ldots ,m\end {flalign}
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${S_t} = k \times k \times 3$


$\left \{ {{x_{1n}}, \ldots ,{x_{mn}}, \ldots ,{x_{3n}}} \right \}$


\begin {flalign}P M^{i}(a, b)=\frac {L^{i}((a-1) \times k+b)-\min \left (L^{i}\right )}{\max \left (L^{i}\right )-\min \left (L^{i}\right )} \times 255\end {flalign}
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\begin {flalign}RG{B_{img}}\left ( {a,b,c} \right ) = \left ( {P{M^i}\left ( {a,b} \right ),c} \right ) \label {Eq. 8}\end {flalign}
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\begin {flalign}{w_{ij}} = \exp \left ( { - {{\left \| {{A_i} - {A_j}} \right \|}_F}} \right )\end {flalign}
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\begin {flalign}{\hat w_i} = \frac {{\sum \nolimits _j {{w_{ij}}} }}{{\sum \nolimits _i {\sum \nolimits _j {{w_{ij}}} } }}\end {flalign}
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\begin {flalign}{A_{{\rm {fused}}}} = \sum \limits _{i = 1}^4 {{{\hat w}_i}{A_i}}\end {flalign}


${A_i}$


\begin {flalign}{A_{{\rm {binary}}}} = \mathcal {I}\left ( {{A_{{\rm {fused}}}} > {\rm {median}}\left ( {{A_{{\rm {fused}}}}} \right )} \right )\end {flalign}
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\begin {flalign}F_{i + 1}^n = \mathcal {H} \left ( {F_i^n;{{\bf {P}}_i}} \right ) = \sigma \left ( {\bigcup \limits _{m = 1}^M {\left ( {{\rm {mean}}({{(F_{m,i}^n{{\bf {P}}_i})}^{\rm {T}}}{{\bf {A}}^n})} \right )} } \right )\end {flalign}
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\begin {flalign}\mathcal {L}_{\mathrm {FIL}}=\frac {1}{N}\sum _{n=1}^{N}\mathcal {L}\left (y^n,\mathcal {F}\left (\sum _{i=1}^{I}\left (F_i^n\mathbf {P}_i\right )^\mathrm {T}\mathbf {A}^n\right )\right ) \label {Eq. FIL}\end {flalign}


\begin {flalign}{\min _{\bf {P}}}\frac {1}{n}\sum \limits _{n = 1}^N \mathcal {{\cal L}} \left ( {{y^n},\mathcal {{\cal F}}\left ( {\sum \limits _{i = 1}^I {{{\left ( {F_i^n{{\bf {P}}_i}} \right )}^{\rm {T}}}} {{\bf {A}}^n}} \right )} \right )\end {flalign}
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\begin {flalign}\mathcal F\left ( {\mathbf F_I^n;\theta } \right ) =\mathcal F\left ( {{\mathcal F_{local}}\left ( {\mathbf F_I^n; \mathbf {\theta }} \right ) + {\mathcal F_{global}}\left ( {\mathbf F_I^n;\mathbf {\theta } } \right );\mathbf W} \right )\end {flalign}


${F_{local}}\left ( \cdot \right )$


${F_{global}}\left ( \cdot \right )$


$F\left ( \cdot \right )$


\begin {flalign}\mathcal F\left ( {\mathbf F_{I + l}^n;{\mathbf A^n};{\mathbf O_l};{\mathbf Q_l};{\mathbf K_l};{\mathbf V_l}} \right ) = &{\mathcal F_{local}}\left ( {\mathbf F_{I + l}^n;{\mathbf A^n};{\mathbf O_l}} \right ) + {\mathcal F_{global}}\nonumber \\ &\left ( {\mathbf F_{I + l}^n;{\mathbf A^n};{\mathbf Q_l};{\mathbf K_l};{\mathbf V_l}} \right )\end {flalign}
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\begin {flalign}\mathcal F\left ( \cdot \right ) = \sum \limits _{l = 1}^L {\sigma \left ( {{\mathbf W_l}\left ( {{\rm {concatenate}}\left ( {\bigcup \limits _h {\max \left ( {{F_{local}},{F_{global}}} \right )} } \right )} \right )} \right )}\end {flalign}
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\begin {flalign}{\mathcal {{\cal L}}_{{\rm {GLFF}}}} = \frac {1}{N}\sum \limits _{n = 1}^N {\mathcal {{\cal L}}\left ( {\hat y,f\left ( {{{\bf {X}}^n};{\bf {P}};{\bf {O}};{\bf {Q}};{\bf {K}};{\bf {V}};{\bf {W}}} \right )} \right )} \label {Eq. 38}\end {flalign}


\begin {flalign}{D_{CS}} = - \log \left (\frac {1}{k}\mathop \sum \limits _{i = 1}^{k - 1} \mathop \sum \limits _{j > i} \frac {{{\mathbb E _{{\bf {h}} \sim {p_i}}}({p_j}({\bf {h}}))}}{{\sqrt {{\mathbb E _{{\bf {h}} \sim {p_i}}}({p_i}({\bf {h}})){\mathbb E _{{\bf {h}} \sim {p_j}}}({p_j}({\bf {h}}))} }}\right ) \label {Eq. 34}\end {flalign}
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\begin {flalign}\left \{ \begin {array}{@{}l} {D_{GS}} = \frac {1}{k}\sum \limits _{i = 1}^{k - 1} {\sum \limits _{j > i} {\frac {{\gamma _i^T{\bf {K}}{\gamma _j}}}{{\sqrt {\gamma _i^T{\bf {K}}{\gamma _i}\gamma _j^T{\bf {K}}{\gamma _j}} }}} } \\[15pt] B = \left [ {{B_{ab}}} \right ] = \exp \left ( { - {{\left \| {{\alpha _a} - {e_b}} \right \|}^2}} \right ) \end {array} \right .\end {flalign}
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\begin {flalign}{D_{EO}} = triu({C^T}C)\end {flalign}
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\begin {flalign}{ \mathcal L_{DDC}} = {D_{CS}} + {D_{GS}} + {D_{EO}} \label {Eq. 44}\end {flalign}


\begin {flalign}{\mathcal {{\cal L}}_{{\rm {total}}}} = {\mathcal {{\cal L}}_{{\rm {FIL}}}} + {\mathcal {{\cal L}}_{{\rm {GLFF}}}} + \alpha {\mathcal {{\cal L}}_{DDC}} \label {Eq. 45}\end {flalign}
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\begin {flalign}\text { Inter-Separability }=\frac {\sum _{i=1}^K \sum _{j=1, j \neq i}^K d\left (c_i, c_j\right )}{K(K-1)}\end {flalign}
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\begin {flalign}{\rm {SNR}} = 10{\log _{10}}\left (P_o / P_n\right )\end {flalign}
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Nomenclature

Abbreviations

CNN Convolutional Neural Network
CWT Continuous Wavelet Transform
DDC Divergence-based Clustering
DL Deep Learning
EBD Extreme Biased Data
FPR False Positive Rate
GCN Graph Neural Network
GLFF Global and Local Feature Fusion
HHT Hilbert–Huang Transform
IoT Internet of Things
ML Machine Learning
MLP Multilayer Perceptron
MST Minimum Spanning Tree
PDF Probability Density Function
ROC Receiver Operating Characteristic Curve
STFT Short-Time Fourier Transform
TPR True Positive Rate
WT Wavelet Transform

et al. presented a significant advancement by being one of the first at-
tempts to introduce neuro-symbolic AI into the field of Intelligent Fault 
Diagnosis. By proposing the Deep Expert Network, the authors success-
fully bridge the gap between data-driven deep learning and symbolic 
expert knowledge, offering a unified method that addresses the criti-
cal "black-box" limitations of traditional AI in safety-critical industrial 
assets [15]. Wang et al. present a significant and well-motivated hy-
brid approach that successfully integrates physics-informed constraints 
with sequential attention-based deep learning, enabling accurate, in-
terpretable, and uncertainty-aware fatigue crack growth prediction un-
der variable-amplitude loading [16]. Wang et al. proposed a novel and 
important two-stage RUL prediction method that leverages degrada-
tion angle-based change-point identification to more accurately model 
stage-dependent Wiener process drift, significantly improving long-term 
degradation tracking and prediction accuracy [17]. Qin et al. developed 
a unified modeling method for complex rotor systems, capable of reveal-
ing the coupling mechanisms among rotating component, which facili-
tates accurate prediction and fault diagnosis of rotating machinery [48].

However, despite the good performance of DL in fault diagnosis of 
rotating machinery, two main limitations remain [18–20]. First, DL-
based studies usually process single-channel signals to generate embed-
dings, neglecting the importance of multi-channel signals for fault di-
agnosis. Indeed, single-channel sensor data cannot fully capture the dy-
namics of rotating machinery, resulting in unsatisfactory diagnostic re-
sults, whereas multi-channel data can capture either consistent or com-
plementary diagnostic information for the same fault category [21–23]. 
Ma et al. et al. proposed a novel supply-demand deviation model based 
on Taguchi theory. This approach not only strengthens the mathemat-
ical foundation for analyzing communication networks but also fills a 
gap in understanding the coupling mechanisms between energy supply-
demand deviation and communication bandwidth and power [47]. Yu 
et al. introduced multi-channel signals within a DL framework by cal-
culating channel importance; however, the method completely relies on 
intermediate fusion and may not accurately measure feature alignment 
[24]. Different from single-fusion-based DL approaches for fault diag-
nosis with multi-channel data, we revisit the principles of data fusion 
and propose a multilevel framework of feature extraction and fusion for 
fault diagnosis.

Also, rotating machinery typically operates under normal conditions, 
making it difficult to obtain a large number of samples of various fault 
types. For limited or imbalanced fault samples in the collected data, 
Wang et al. employed a style-based generative adversarial network to 

perform rebalancing [25]. From the perspective of DL-based learning, 
the lack of valid information in these data-level methods limits model 
performance and alters data distribution [26,27]. Motivated by the abil-
ity of time-frequency methods to transform RGB images from multi-
channel data and aggregate more representative characteristics [28,29], 
we propose a multi-level strategy for more effective and robust data 
preprocessing to facilitate the simultaneous representation of tempo-
ral and spectral characteristics under extreme biased data. Moreover, a 
MultiGraph-based augmentation strategy is designed to enhance fault 
diagnosis accuracy.

In this work, we propose a novel multi-channel data fusion-enabled 
multilevel graph-guided framework (MSGFD) for fault diagnosis under 
extreme biased data. The framework includes data preprocessing, Multi-
Graph generation, feature inductive learning, local and global feature 
fusion, and optimal fault diagnosis. By leveraging a novel data prepro-
cessing technique, we first convert multi-channel signals into RGB im-
ages to overcome the limitation of insufficient information under ex-
treme biased data, which are then used as input data for subsequent 
fault diagnosis. Then, to improve the capability of fault diagnosis under 
extreme biased data, we propose MultiGraph generation to construct 
reasonable and powerful graph topologies for discriminative and com-
plementary fault-based information. After that, we develop a feature 
inductive learning (FIL) module to eliminate the heterogeneity of RGB 
images and exploit the common feature spaces. With the assistance of 
the FIL module, the proposed Graph MLP and Transformer can effec-
tively capture both local and global features. Moreover, to address the 
challenge of deficient supervision under extreme biased data, we pro-
pose an optimal fault diagnosis approach that effectively regularizes the 
training of MSGFD. This is achieved by incorporating deep divergence-
based clustering (DDC) loss, ensuring both inter-category separability 
and intra-category compactness.

The contributions of this paper are summarized as follows:
• We present a novel multi-channel data fusion-enabled multilevel 
graph-guided method (MSGFD) for fault diagnosis under extreme bi-
ased data. Additionally, we design a novel data preprocessing tech-
nique to capture the simultaneous representation of temporal and 
spectral characteristics without expert knowledge and experience.

• We propose the FIL module to explore common feature spaces us-
ing MultiGraph-based topologies. Furthermore, the advantages of 
the graph MLP and transformer are leveraged to extract local and 
global features compatible with extreme biased data.

• We present optimal fault diagnosis under the DDC loss constraint, 
which benefits category clustering under extreme biased data.

• We perform extensive experiments in four case studies to show the 
feasibility and effectiveness of the proposed MSGFD framework.
The remainder of this article proceeds as follows. In Section 2, convo-

lutional neural network (CNN), graph neural network (GCN), and Graph 
Transformer are briefly introduced. In Section 3, the proposed MSGFD 
is illustrated. The superiority and effectiveness of the MSGFD in fault 
diagnosis under extreme biased data are validated through four case 
studies in Section 4. In Section 5, discussion on MSGFD is conducted. 
The conclusions of this work are presented in Section 6.

All abbreviations and notations used in this paper are summarized 
in the Appendix at the end of the manuscript, as presented in Table 12.

2.  Related works

2.1.  Convolutional neural network

CNN, as a classical type of artificial neural network, is usually con-
sisted of a convolutional layer, an activation layer, a pooling layer, a 
fully-connected layer, and an output layer. It is widely applied in vari-
ous fields (i.e., object detection, image classification, natural language 
processing, etc) due to its powerful feature extraction ability [30–32], 
as shown in Fig. 1.
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Fig. 1. Architecture of the CNN.

Fig. 2. Framework of graph convolutional network.

The convolutional layer, activation layer, and pooling layer are in-
troduced to extract specific features, improve feature non-linearity, and 
reduce the size of extracted features, separately. The typical formula for 
CNN can be written as follows: 

𝑦𝑚+1conv = F

( 𝐶
∑

𝑖=1

𝑅
∑

𝑗=1
𝑤𝑚

𝑖,𝑗 ∗ 𝑥𝑚𝑖 + 𝑏𝑚𝑖,𝑗

)

(1)

𝑦𝑚+1pool = pooling𝑆
(

𝑦𝑚+1conv
)

(2)

where 𝑦𝑚+1conv and 𝑦𝑚+1pool  refer to the 𝑚+1-th output and pooling features, 
respectively. F(⋅) and pooling𝑆 (⋅) stand for the activation function (i.e.,
Sigmoid or Tanh) and the pooling operation (i.e., max-pooling or 
average-pooling), separately. 𝑤𝑚

𝑖,𝑗 and 𝑏𝑚𝑖,𝑗 are the weight and bias of the 
convolutional layer, respectively. 𝑥𝑚𝑖  is the input feature map. 𝐶 and 𝑅
represent the spatial dimensions of the convolutional kernel. 𝑚 denotes 
the layer index. ∗ represents the convolution operator. 𝑆 is the pooling 
window size.

2.2.  Graph neural network

The quality of the graph data 𝐺 = {𝑉 ,𝐴,𝐸, 𝐹 } is essential to the 
Graph Neural Network (GNN), which consists of the node set 𝑉 , ad-
jacency matrix 𝐴, edge set 𝐸, and feature matrix 𝐹 , as shown in Fig. 2 
[33,34]. Given that graph data 𝑥 ∈ 𝑁×𝑆 , the output through spectral 
graph convolution can be expressed as 
𝑌 = 𝑔𝜃𝑙∗𝐺𝑥 = 𝑈𝑔𝜃𝑙𝑈

𝑇 𝑥 (3)

where 𝑔𝜃𝑙  and ∗𝐺 refer to the graph spectral filters and spectral graph 
convolution, respectively. 𝜃𝑙 is the learnable parameters. (⋅)𝑇  is the trans-
pose operation. 𝑈 means eigenvectors of symmetric normalized graph 
Laplacian matrix 𝐿, defined as: 
𝐿 = 𝐼𝑁 −𝐷−1∕2𝐴𝐷−1∕2 (4)

where 𝐷 and 𝐼𝑁  stand for the diagonal degree matrix and identity ma-
trix, respectively.

To further improve effectiveness and achieve globalization, Deffer-
rard et al. and Kipf and Welling introduced Chebyshev polynomial ex-
pansion into the convolution kernel 𝑔𝜃 , written as 

𝑔𝜃𝑙 ≈
𝐾−1
∑

𝑘=0
𝜃𝑘𝑙𝑇𝑘(Λ̃) (5)

with Λ̃ = 2Λ∕𝜆max − 𝐼𝑁 , where 𝜆max means the maximum value of Λ. 𝐾
and 𝑇𝑘(Λ̃) refer to the order of Chebyshev polynomial expansion and 
diagonal element function, separately.

Therefore, the updated output 𝑌  of the spectral graph convolution 
can be expressed as follows: 

𝑌 =
𝐾−1
∑

𝑘=0
𝜃𝑘𝑙𝑈𝑇𝑘(Λ̃)𝑈𝑇 𝑥 (6)

Finally, the output data 𝑥′ ∈ 𝑁×𝑀  of one GCN layer is expressed 
as 
𝑥′ = Cheb(𝑥,𝑊𝑙) = 𝑌𝑊𝑙 (7)

where Cheb(⋅) and 𝑊𝑙 ∈ 𝑆×𝑀  refer to the Chebyshev graph convolution 
and learnable parameter, respectively.

2.3.  Graph transformer

The Graph Transformer is a DL-based framework that adapts the 
Transformer architecture to process non-Euclidean data. It integrates the 
advantages of GNNs in processing non-Euclidean data with the strength 
of the Transformer framework in capturing long-range dependencies, as 
shown in Fig. 3.

For a graph 𝐺 = {𝑉 ,𝐴,𝐸, 𝐹 } where 𝑉 , 𝐴, 𝐸, 𝐹  are the set of nodes, 
the adjacency matrix, the set of edges and the features, respectively, 
the self-attention mechanism in the Graph Transformer is expressed as 
follows: 

Attention(𝑄,𝐾, 𝑉 ) = sof tmax

(

𝑄𝐾𝑇
√

𝑑𝑘
+𝑀

)

𝑉 (8)

where 𝑄 ∈ ℝ𝑛×𝑑 , 𝐾 ∈ ℝ𝑛×𝑑 , and 𝑉 ∈ ℝ𝑛×𝑑 refer to the query, key 
and value matrices, respectively. 𝑑𝑘 indicates the dimension of the key 
matrix and 𝑀 denotes the structural matrix, written as follows: 
𝑀𝑖𝑗 = 𝑓

(

𝑑𝑖𝑗
)

(9)

where 𝑓 (⋅) is the mapping function and 𝑑𝑖𝑗 indicates the shortest con-
nection between nodes 𝑖 and 𝑗.

Similar to the classic Transformer, Graph Transformer can employ 
multi-head attention: 
MultiHead(𝑄,𝐾, 𝑉 ) = Concat

(

head1, head2,… , headℎ
)

𝑊 𝑂 (10)

with 
head𝑖 = Attention

(

𝑄𝑊 𝑄
𝑖 , 𝐾𝑊 𝐾

𝑖 , 𝑉 𝑊 𝑉
𝑖

)

(11)
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Fig. 3. Structure of graph transformer.

where ℎ is the total number of attention heads. 𝑊 𝑂 is the output lin-
ear projection matrix. 𝑊 𝑄

𝑖 , 𝑊 𝐾
𝑖 , and 𝑊 𝑉

𝑖  are the learnable projection 
weight matrices for the 𝑖-th head, respectively.

Therefore, the node feature update process in the Graph Transformer 
can be formulated as follows: 

ℎ(𝑙+1)𝑖 = LayerNorm
⎛

⎜

⎜

⎝

ℎ(𝑙)𝑖 +MLP
⎛

⎜

⎜

⎝

LayerNorm
⎛

⎜

⎜

⎝

ℎ(𝑙)𝑖 +
∑

𝑗∈ (𝑖)∪{𝑖}
𝛼(𝑙)𝑖𝑗 𝑊

𝑉 ℎ(𝑙)𝑗
⎞

⎟

⎟

⎠

⎞

⎟

⎟

⎠

⎞

⎟

⎟

⎠

(12)

where ℎ(𝑙)𝑖  is the representation of node 𝑖 in layer 𝑙, 𝛼(𝑙)𝑖𝑗  is the weight 
matrix,  (𝑖) denotes the set of neighbors of node 𝑖, LayerNorm(⋅) means 
layer normalization. MLP represents a Multilayer Perceptron.

3.  The proposed method

As illustrated in Fig. 4, we propose a fusion-enabled multilevel 
graph-guided network (MSGFD) for optimal fault diagnosis using multi-
channel data under extreme biased data. The MSGFD framework com-
prises five main components: data preprocessing, MultiGraph genera-
tion, feature inductive learning, global and local feature fusion (GLFF), 
and optimal fault diagnosis. We first consider the limitations of conven-
tional time-frequency techniques and introduce an efficient data pre-
processing method that generates RGB time-frequency images while en-
hancing computational efficiency. To effectively capture inter-sample 
relationships, a feature inductive learning module is designed to extract 
representative and informative features from a MultiGraph topology 
composed of four different graph types. Subsequently, the GLFF module 
is employed to enhance robustness and fault representativeness. Finally, 
a DDC loss is integrated to regularize the model training, further improv-
ing diagnostic performance under extreme biased data.

3.1.  Data preprocessing

Transforming one-dimensional non-stationary signals into time-
frequency images enables simultaneous by capturing variations in both 
time and frequency [35]. Common time-frequency transformation meth-
ods include the Short-Time Fourier Transform (STFT), Continuous 
Wavelet Transform (CWT), Wavelet Transform (WT) and Hilbert-Huang 
Transform (HHT). However, these methods have certain limitations. For 
example, selecting wavelet bases in the CWT relies too much on hu-
man expertise and experience, making it a labor-intensive and time-
consuming process. The drawback of the STFT is that its time and fre-
quency resolutions cannot be simultaneously optimized, leading to a 
trade-off between the two. To address these limitations, we propose a 

novel data preprocessing technique to convert multi-channel signals into 
time-frequency images, as depicted in Fig. 5.

Multi-channel signals are collected from the mechanical system using 
a data acquisition system at the same sampling frequency. The multi-
channel signals are represented as: 
𝑥𝑚𝑛 =

{

𝑥𝑖𝑗 , 𝑥𝑖𝑗 ∈ 𝑅3×𝑚}, 𝑖 = 1, 2, 3, 𝑗 = 1, 2,… , 𝑚 (13)

where 𝑥𝑚𝑛 denotes the generated samples; 3 and 𝑚 stand for the num-
ber of channels and sampling points, respectively. Herein, triaxial ac-
celerometers collect vibration data along the 𝑥, 𝑦, and 𝑧 axes; therefore, 
the number of channels is inherently set to three.

Three-channel vibration signals under different health conditions are 
randomly segmented without overlap to generate samples with a size of 
𝑆𝑡 = 𝑘 × 𝑘 × 3. The samples {𝑥1𝑛,… , 𝑥𝑚𝑛,… , 𝑥3𝑛

} are separately normal-
ized and converted into a pixel matrix. The detailed process of the pixel 
matrix is expressed as follows: 

𝑃𝑀 𝑖(𝑎, 𝑏) =
𝐿𝑖((𝑎 − 1) × 𝑘 + 𝑏) − min

(

𝐿𝑖)

max
(

𝐿𝑖
)

− min
(

𝐿𝑖
) × 255 (14)

where 𝑃𝑀 𝑖(𝑎, 𝑏) denotes the pixel matrix of channel-axis signals, 𝑁 rep-
resents the number of samples, 𝐿(⋅) represents the values of the samples.

After normalization, the three-channel vibration signals are con-
verted into three RGB pixel matrices (ranging from 0 to 255) through 
the aforementioned process, and saved as RGB images through the 𝑘 × 𝑘
matrices. Hence, the RGB images are expressed as 
𝑅𝐺𝐵𝑖𝑚𝑔(𝑎, 𝑏, 𝑐) =

(

𝑃𝑀 𝑖(𝑎, 𝑏), 𝑐
)

(15)

where 𝑐 denotes the channel index, corresponding to 1, 2, and 3.

3.2.  Multigraph generation

Most existing GCN-based fault diagnosis methods consider only a 
single graph construction strategy, overlooking the fusion and anal-
ysis of multiple graph types. However, different graph construction 
methods may yield varying diagnostic performance depending on the 
dataset and model characteristics. Therefore, in this section, we propose 
a multigraph generation strategy that integrates information from mul-
tiple graph construction learning methods and leverages their respective 
strengths to enhance fault diagnosis performance under extreme biased 
data.

3.2.1.  Multigraph
The process of multigraph generation is proposed to acquire discrim-

inative and complementary fault-based information through four graph 
topologies from different graph construction methods (i.e., KNNGraph, 
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Fig. 4. Overall framework of the proposed method.

Fig. 5. Illustration of data preprocessing technique.

Fig. 6. Schematic diagram of multi-graph construction.
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Fig. 7. Detailed process of FIL.

COSGraph, MSTGraph, and MDGraph), as shown in Fig. 6. The detailed 
construction process of these four graphs is described in Appendix.

First, the similarity weights of the four adjacency matrices of the 
different graphs can be denoted as 

𝑤𝑖𝑗 = exp
(

−‖‖
‖

𝐴𝑖 − 𝐴𝑗
‖

‖

‖𝐹

)

(16)

where ‖⋅‖𝐹  represents the Frobenius norm. 𝑤𝑖𝑗 measures the similarity 
between adjacency matrices 𝑖 and 𝑗.

After normalization, the weight can be further expressed as follows: 

𝑤̂𝑖 =
∑

𝑗 𝑤𝑖𝑗
∑

𝑖
∑

𝑗 𝑤𝑖𝑗
(17)

where 𝑖 and 𝑗 refer to the adjacency matrix 𝑖 and adjacency matrix 𝑗, 
respectively.

Then, the fused adjacency matrix of multi-graph can be denoted as 

𝐴fused =
4
∑

𝑖=1
𝑤̂𝑖𝐴𝑖 (18)

where 𝐴𝑖 means the four adjacency matrices.
Subsequently, the fused adjacency matrix is binarized to make it 

sparse and reduce the computational burden, as written below: 
𝐴binary = 

(

𝐴fused > median
(

𝐴fused
))

(19)

where (⋅) means an indicator function, median(⋅) denotes the median.

3.3.  Feature inductive learning

In Huang et al. [36], Wang et al. [37] and other studies, a ’competi-
tion’ phenomenon among different modal features during the gradient 
descent training process has been observed: the gradient updates within 
the shared network may suppress or dominate one another, potentially 
weakening or eliminating certain modal information during fusion. To 
better exploit the potential feature spaces, we propose the feature induc-
tive learning (FIL) strategy, which is designed to eliminate the hetero-
geneity of fused RGB images from multi-channel signals, as illustrated 
in Fig. 7. The detailed process of feature inductive learning is illustrated 
in Fig. 8.

To enhance the interaction between nodes and mitigate channel 
competition during the global and local feature fusion learning, we 
introduce an adjacency matrix to explicitly model inter-node relation-
ships, written as follows: 

𝐹 𝑛
𝑖+1 = 

(

𝐹 𝑛
𝑖 ;𝐏𝑖

)

= 𝜎

( 𝑀
⋃

𝑚=1

(

mean((𝐹 𝑛
𝑚,𝑖𝐏𝑖)

T𝐀𝑛)
)

)

(20)

where 𝐀 denotes the edge weight feature matrix. 𝜎 is the non-linear 
activation function. (⋅) denotes the feature induction operation, which 
projects the feature representation into a shared latent space using the 
learnable projection matrix 𝐏𝑖. 

⋃ denotes the concatenation aggregation 
operation across 𝑀 channels.

To explicitly address the feature competition, we introduce a shared 
latent space driven by the projection matrix 𝐏. First, we initialize a ran-
dom matrix 𝐏 to represent this shared feature space. The primary role 
of 𝐏 is to act as an alignment mechanism: it maps the heterogeneous, 
unaligned representations from different RGB channels into a unified 
dimensional space. By forcing the multi-channel features to project into 
this common subspace, 𝐏 directly mitigates feature competition. In-
stead of individual channels updating their weights independently dur-
ing backpropagation-which often leads to dominant channels suppress-
ing weaker ones-the shared projection ensures that gradient updates are 
applied cooperatively.

Then, the matrix 𝐏 is optimized over 𝐼 iterations using the graph 
structure and multi-channel data. This shared optimization pathway en-
ables the network to encode complementary information across differ-
ent channels smoothly, preventing conflicting gradient signals. Next, the 
edge weight matrix and pooling operations are used to further align and 
improve the feature inductive learning. Finally, these aligned multi-
channel features are fused to obtain a more robust and homogeneous 
representation. Therefore, the loss function of feature inductive learn-
ing is expressed as follows: 

FIL = 1
𝑁

𝑁
∑

𝑛=1


(

𝑦𝑛,

( 𝐼
∑

𝑖=1

(

𝐹 𝑛
𝑖 𝐏𝑖

)T𝐀𝑛

))

(21)

Finally, the optimization objective function of the FIL is summarized 
as follows: 

min
𝐏

1
𝑛

𝑁
∑

𝑛=1


(

𝑦𝑛,

( 𝐼
∑

𝑖=1

(

𝐹 𝑛
𝑖 𝐏𝑖

)T𝐀𝑛

))

(22)

where 𝑛 is the number of samples.

3.4.  Global and local feature fusion learning

In this section, we propose a novel GLFF framework for feature ex-
traction and fusion, leveraging the advantages of both Graph MLP and 
Graph Transformer. By establishing and integrating global and local fea-
tures, the GLFF framework effectively captures comprehensive and rep-
resentative information, as illustrated in Fig. 9.

After the representative feature learning, the feature representation 
is denoted as F𝑛𝐼 . The detailed process of the GLFF framework is, then, 
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Fig. 8. Flowchart of feature inductive learning.

Fig. 9. Illustration of global and local feature fusion learning.

described as follows: 

(

𝐅𝑛
𝐼 ; 𝜃

)

= 
(

𝑙𝑜𝑐𝑎𝑙
(

𝐅𝑛
𝐼 ; 𝛉

)

+ 𝑔𝑙𝑜𝑏𝑎𝑙
(

𝐅𝑛
𝐼 ; 𝛉

)

;𝐖
)

(23)

where 𝐹𝑙𝑜𝑐𝑎𝑙(⋅), 𝐹𝑔𝑙𝑜𝑏𝑎𝑙(⋅) and 𝐹 (⋅) refer to the Graph MLP, Graph Trans-
former and feature extraction, respectively.

As illustrated in Fig. 9, the Graph MLP and Graph Transformer focus 
on the local and global regions of the representative features in the first 
layer. The corresponding formulas are as follows:

(

𝐅𝑛
𝐼+𝑙;𝐀

𝑛;𝐎𝑙;𝐐𝑙;𝐊𝑙;𝐕𝑙
)

=𝑙𝑜𝑐𝑎𝑙
(

𝐅𝑛
𝐼+𝑙;𝐀

𝑛;𝐎𝑙
)

+ 𝑔𝑙𝑜𝑏𝑎𝑙
(

𝐅𝑛
𝐼+𝑙;𝐀

𝑛;𝐐𝑙;𝐊𝑙;𝐕𝑙
)

(24)

𝑙𝑜𝑐𝑎𝑙
(

𝐅𝑛
𝐼+𝑙;𝐀

𝑛;𝐎𝑙
)

= 𝜎

(( 𝑀
⋃

𝑚=1

(

mean
(

𝐀𝑛𝐅𝑛
𝑚,𝐼+𝑙

))

)

𝐎𝑙

)

(25)

𝑔𝑙𝑜𝑏𝑎𝑙
(

𝐅𝑛
𝐼+𝑙 ;𝐀

𝑛;𝐐𝑙 ;𝐊𝑙 ;𝐕𝑙
)

= 𝜎

⎛

⎜

⎜

⎜

⎝

sof tmax

⎛

⎜

⎜

⎜

⎝

(

𝐅𝑛
𝐼+𝑙𝐐𝑙

(

𝐅𝑛
𝐼+𝑙𝐊𝑙

)T
)

◦𝐀𝑛

√

𝑑

⎞

⎟

⎟

⎟

⎠

𝐅𝑛
𝐼+𝑙𝐕𝑙

⎞

⎟

⎟

⎟

⎠

(26)

where 𝐐, 𝐊 and 𝐕 refer to the Query, Key and Value vectors of the Graph 
Transformer, respectively, 𝐎 denotes the learnable weight parameters of 
the Graph MLP, 𝑙 represents the number of feature fusion learning layers. 
The detailed process of the proposed GLFF is illustrated in Fig. 10.

In each feature fusion learning layer, local features extracted by the 
Graph MLP are passed to the next layer, whereas global features ex-
tracted by the Graph Transformer are not. This design allows each layer 
to recompute global information independently, enabling different lay-
ers to capture global features at varying scales, thereby enhancing the 
representational capacity and adaptability to multi-scale information. 
Additionally, global features are obtained through the attention mecha-
nism, and directly propagating them would increase computational cost. 
In contrast, local features are extracted via fully connected operations, 
which are computationally more efficient.

In each feature fusion learning layer, a graph max-pooling opera-
tion is applied after extracting the local and global features to obtain 
the salient representations of each layer. Then,  (⋅) aggregates these 
salient representations from all feature fusion layers and optimizes the 
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Fig. 10. Detailed process of the proposed GLFF.

weight matrix to refine the classification features, ultimately improving 
the fault diagnosis performance. Therefore, the classification function is 
defined as follows: 

 (⋅) =
𝐿
∑

𝑙=1
𝜎

(

𝐖𝑙

(

concatenate

(

⋃

ℎ
max

(

𝐹𝑙𝑜𝑐𝑎𝑙 , 𝐹𝑔𝑙𝑜𝑏𝑎𝑙
)

)))

(27)

where 𝐿 represents the number of feature fusion learning layers, 
⋃

ℎ
max (⋅) denotes the graph maxpooling operation, 𝐖𝑙 indicates the 

learnable weight parameters of 𝑙-th feature fusion learning layer.
The loss function of global and local feature fusion learning is written 

as follows: 

GLFF = 1
𝑁

𝑁
∑

𝑛=1
(𝑦̂, 𝑓 (𝐗𝑛;𝐏;𝐎;𝐐;𝐊;𝐕;𝐖)) (28)

3.5.  Optimal fault diagnosis

To achieve optimal fault diagnosis, a deep divergence-based cluster-
ing (DDC) loss is introduced to emphasize both inter-category separabil-
ity and intra-category compactness, while also leveraging the geometric 
structure of the space. The detailed process of optimal fault diagnosis is 
illustrated in Fig. 12.

The DDC loss mainly consists of three parts, with the first part be-
ing the Cauchy-Schwartz divergence, which measures the similarity be-
tween probability distributions to enhance inter-cluster separability. It 
is written as follows: 

𝐷𝐶𝑆 = − log

⎛

⎜

⎜

⎜

⎝

1
𝑘

𝑘−1
∑

𝑖=1

∑

𝑗>𝑖

𝔼𝐡∼𝑝𝑖 (𝑝𝑗 (𝐡))
√

𝔼𝐡∼𝑝𝑖 (𝑝𝑖(𝐡))𝔼𝐡∼𝑝𝑗 (𝑝𝑗 (𝐡))

⎞

⎟

⎟

⎟

⎠

(29)

where 𝑐 means the number of categories and 𝑝𝑖 denotes the probability 
density function (PDF) of the 𝑖-th category, representing the distribution 
of data points assigned to that specific category in the feature space. 

Therefore, Eq. (29) is updated and integrated into a unified deep neural 
network, represented as: 

𝐷𝐶𝑆 = 1
𝑘

𝑘−1
∑

𝑖=1

∑

𝑗>𝑖

𝜇𝑇
𝑖 𝐊𝜇𝑗

√

𝜇𝑇
𝑖 𝐊𝜇𝑖𝜇𝑇

𝑗 𝐊𝜇𝑗
(30)

where 𝐊 expresses the Gaussian kernel matrix; 𝜇𝑖 and 𝜇𝑗 are the column 
and row of the diagnostic results, respectively.

The second term of DDC loss is a geometric constraint, which is used 
to encourage the clustering assignments to align with the simplex cor-
ners, effectively spreading the clusters while maintaining their geomet-
ric structure, defined as:

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝐷𝐺𝑆 = 1
𝑘

𝑘−1
∑

𝑖=1

∑

𝑗>𝑖

𝛾𝑇𝑖 𝐊𝛾𝑗
√

𝛾𝑇𝑖 𝐊𝛾𝑖𝛾𝑇𝑗 𝐊𝛾𝑗

𝐵 =
[

𝐵𝑎𝑏
]

= exp
(

−‖
‖

𝛼𝑎 − 𝑒𝑏‖‖
2
)

(31)

where [⋅] is the column values of 𝐵. 𝛼𝑎 is the soft cluster assignment and 
𝑒𝑏 represents the corners of the orthogonal simplex The visualization of 
exponential decay function on the simplex. is shown in Fig. 11.

The third term of DDC loss is to enforce orthogonality among cate-
gories, ensuring that different clusters remain distinct. A common way 
to achieve this is by minimizing the correlation between cluster assign-
ments, which can be mathematically expressed as: 

𝐷𝐸𝑂 = 𝑡𝑟𝑖𝑢(𝐶𝑇𝐶) (32)

where 𝑡𝑟𝑖𝑢(⋅) denotes the sum of elements of the triangles on 𝐶𝑇𝐶. 𝐶 is 
the cluster assignment probability matrix.

Therefore, based on the three terms mentioned above, the DDC loss 
function is written as follows: 

𝐷𝐷𝐶 = 𝐷𝐶𝑆 +𝐷𝐺𝑆 +𝐷𝐸𝑂 (33)
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Fig. 11. Visualization of exponential decay function on simplex.

Fig. 12. Visualization of optimal fault diagnosis.

3.6.  Overall framework

The overall loss function of our proposed MSGFD is written as fol-
lows: 

total = FIL + GLFF + 𝛼𝐷𝐷𝐶 (34)

where 𝛼 means the trade-off parameter.
Therefore, the optimization of the overall loss function is performed 

using the Adam optimizer with back-propagation, and the detailed al-
gorithm of the proposed framework is given in Algorithm 1.

Algorithm 1 The Proposed Algorithm.
Input: Dataset with multiple channels 𝑥𝑚𝑛, the hyperparameter 𝛼.
Output: Diagnostic results 𝑦;
1: Initialize the neural network.
2: Compute the feature inductive learning loss by Eq. (21).
3: Compute the global and local feature fusion learning loss by Eq.
(28).

4: Compute the DDC loss by Eq. (33).
5: Optimize the overall loss Eq. (34) by Adam optimizer. The specific 
stochastic gradients update by back-propagation are shown as fol-
lows (𝛾 is the learning rate):
Network parameters update of the feature inductive learning loss: 
𝜃𝑓 ← 𝜃𝑓 − 𝛾∇𝜃𝑓

𝜕𝐿𝑡𝑜𝑡𝑎𝑙 (𝜃𝑓 )
𝜕𝜃𝑓

Network parameters update of the global and local feature fusion 
learning loss: 𝜃𝑔 ← 𝜃𝑔 − 𝛾∇𝜃𝑔

𝜕𝐿𝑡𝑜𝑡𝑎𝑙 (𝜃𝑔 )
𝜕𝜃𝑔

Network parameters update of the DDC loss: 𝜃𝑐 ← 𝜃𝑐 − 𝛾∇𝜃𝑐
𝜕𝐿𝑡𝑜𝑡𝑎𝑙 (𝜃𝑐 )

𝜕𝜃𝑐
6: Obtain the final diagnostic results 𝑦.

4.  Case study

4.1.  Dataset description

4.1.1.  BJTU-RAO dataset
This section presents the subway train bogie fault diagnosis dataset 

(BJTU-RAO), provided by the State Key Laboratory of Advanced Rail 
Autonomous Operation at Beijing Jiaotong University, China [38]. The 
experimental platform consists of a gearbox, a motor and two axle boxes, 
as shown in Fig. 13. This experimental platform is capable of collecting 
multi-sensor vibration signals from the gearbox under various working 
conditions. The dataset classifies the health states of the gearbox into 
nine categories: normal (𝐺0), gear cracked tooth (𝐺1), gear worn tooth 
(𝐺2), gear missing tooth (𝐺3), gear chipped tooth (𝐺4), bearing inner 
race fault (𝐺5), bearing outer race fault (𝐺6), bearing rolling element 
fault (𝐺7) and bearing cage fault (𝐺8), as depicted in Fig. 14.

In this paper, including the normal state, a total of nine gearbox 
health states are used in the experiment, as described in Table 1. The 
sampling frequency of the multi-source sensor data is 64 kHz. Each sam-
ple in the dataset used for this experiment has a length of 1024, without 
overlap between samples and a total of 250 samples for each health 
state. In the BJTU-RAO bogie dataset, the different health states of the 
multi-sensor data correspond to the same operating conditions, with the 
motor speed set at 60 Hz and the lateral load set at 0 kN.

4.1.2.  GearEccDataset
This multi-channel gear eccentricity data (GearEccDataset) is col-

lected from the SMART Group, Faculty of Science and Technology, Uni-
versity of Macau, as shown in Fig. 15 [39]. The test rig mainly consists 
of a drive motor, a load motor, a torque sensor, two couplings, two 
load gearboxes and a test gearbox. Using this experimental platform, 
we tested 11 gears with varying levels of eccentricity, as described in 
Table 2. During the experiment, each gear operated under four differ-
ent conditions, with the drive motor speeds set at 600 rpm, 900 rpm, 
1200 rpm, and 1500 rpm, respectively. Eleven sensors were installed at 
different positions on the test bench to collect multi-channel signals, 
including acoustic, current and vibration signals, as shown in Fig. 16. 
Herein, sensors 1, 2, 3, 4, 5, 6, 7, and 8 operated at a sampling frequency 
of 51.2 kHz, whereas the remaining sensors operated at 12.8 kHz. How-
ever, only sensors 3, 4, 5, 9 and 10 are used to construct the samples. 
Multi-channel data from eleven gears with different health states under 
four working conditions were selected for analysis. For each working 
condition, each health state has 300 samples, with each sample consist-
ing of 1024 data points ((Fig. 17)).

4.1.3.  Motor operating condition (MOC) dataset
The multi-channel signals from the motor experimental platform pro-

vided by University of Huddersfield were used to validate the feasibility 
and superiority of the proposed method, which is shown in Fig. 18. The 
MOC test rig consists of a load display, a DC motor loader, a supply 
current, an encoder, an induction motor, a sensor box and vibration 
sensors. The loads of the gearbox are set to 0%, 40% and 80% hp at 
the same rotating speed. The detailed data acquisition process of MOC 
dataset is represented in Fig. 19. Two levels of damage severity (i.e., 
0.2mm and 0.5mm) of inner race and outer race are used for testing. 
Together with normal state (𝑁) and bearing ball fault (BF), there are 
six fault levels in total, as shown in Fig. 20. The detailed settings for 
the MOC dataset are described in Table 3. A triaxial acceleration sensor 
is placed on the motor for capturing the multi-channel signals with a 
sampling frequency of 10,240 Hz. To obtain more comprehensive fault 
information, each sample consists of 1024 data points. Specially, 300 
samples are collected for each health state, resulting in a total of 1500 
samples. Therefore, 80% of the samples from each health states are
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Fig. 13. The experimental platform of BJTU-RAO bogie dataset. 1. Gearbox; 2. Motor; 3. Right axle box; 4. Left axle box.

Fig. 14. Eight gearbox fault conditions. (a) gear cracked tooth; (b) gear worn tooth; (c) gear missing tooth; (d) gear chipped tooth; (e) bearing inner race fault; (f) 
bearing outer race fault; (g) bearing rolling element fault; (h) and bearing cage fault.

Table 1 
Detailed settings for the BJTU-RAO dataset.
 Condition 𝑁 𝐺1 𝐺2 𝐺3 𝐺4 𝐺5 𝐺6 𝐺7 𝐺8

 Type  /  Gear  Gear  Gear  Gear  Bearing  Bearing  Bearing  Bearing
 Position  /  /  /  /  /  Inner race  Outer race  rolling element  Cage
 Label  0  1  2  3  4  5  6  7  8

Table 2 
Detailed settings for the GearEccDataset.
 Condition  Normal  Gear Eccentricity
 Degree (mm)  /  0.02  0.04  0.06  0.08  0.1  0.12  0.14  0.16  0.18  0.2
 Label  0  1  2  3  4  5  6  7  8  9  10
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Fig. 15. Schematic diagram of the GearEccDataset platform.

Fig. 16. The detailed sensor locations. 1. Current sensor; 2. Current sensor; 3. Accelerometer; 4. Accelerometer; 5. Accelerometer; 6. Sound sensor; 7. Voltage sensor; 
8. Voltage sensor; 9. Accelerometer; 10. Accelerometer; 11. Torque sensor.

Table 3 
Descriptions of fault levels on MOC dataset.
 Condition  N0  O1  O2  I3  I4  BF5
 Severity (mm)  /  0.2  0.5  0.2  0.5  /
 Position  /  Outer race  Outer race  Inner race  Inner race  Bearing ball
 Label  0  1  2  3  4  5

randomly selected as the training dataset, with the remaining 20% used 
as the testing dataset.

4.1.4.  Rolling mill dataset
To verify the feasibility and superiority of the proposed method, an 

experimental rolling mill setup was constructed, as shown in Fig. 21. 
The platform consists of an induction motor, a coupling, a reduction 
gearbox, a direction-changing gearbox, a cross universal joint, a drive 

motor, four rolls, a handwheel, a vertical shaker, a horizontal shaker and 
a data acquisition system. Six accelerometers are mounted on the rolling 
mill to capture multi-channel signals from six measurement points, with 
a sampling rate of 10,240 Hz. Four health states of the tested bearing 
in the lower roller housing are simulated, including normal, inner race 
fault, outer race fault and element fault, as displayed in Fig. 23. The 
detailed data acquisition process of rolling mill dataset is illustrated 
in Fig. 22. The detailed settings for the XJGD dataset is described in
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Fig. 17. Time-domain and RGB images on XJGD Dataset.
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Fig. 18. The test rig of MOC dataset.

Fig. 19. Data acquisition system.

Table 4 
Descriptions of health conditions on rolling mill dataset.
 Condition  NC  IRF  ORF  REF
 Position  /  Inner race  Outer race  Rolling element
 Label  0  1  2  3

Table 4. Additionally, each experiment was conducted at three differ-
ent rotating speeds (i.e., 10 Hz, 11.67 Hz, and 13.33 Hz) and a con-
stant load (i.e., 0hp). In each case, 800 samples were randomly selected 
for model training, whereas the remaining 400 samples were used for
testing.

4.2.  Methods for comparison

We evaluate the performance of the proposed MSGFD by comparing 
it with state-of-the-art (SOTA) fault diagnosis methods under extreme 
biased data. All methods in all experiments were repeated ten times to 
mitigate randomness and ensure fairness. The comparison methods are 
listed below:

1) Proposed MSGFD.
2) Improved CNN based on multi-sensor data (MSICNN) [40]. MSICNN 

integrates improved one-dimensional and two-dimensional CNNs for 
multi-sensor data. It leverages group normalization, global average 
pooling and dropout to enhance robustness and generalization.

3) Improved DBN based on multi-sensor data [41]. MSIDBN lever-
ages improved Restricted Boltzmann Machines (RBMs) and Fast 
Fourier Transform (FFT) to enhance feature extraction under limited 
datasets.

4) Improved GCN based on multi-channel data (IMCGCN) [42]. IM-
CGCN builds a parallel graph processing framework to enhance 
graph quality and facilitate multi-channel feature fusion for fault di-
agnosis.

5) Multi-sensor information fusion Transformer (MSIFT) [33]. MSIFT 
integrates data-level preprocessing, feature extraction, and a multi-
source transformer with a dual-stream diagnostic predictor to ad-
dress limited and imbalanced challenges.

6) Two-stage importance-aware GCN based on multi-sensor data 
(I2SGCN) [43]. I2SGCN integrates multi-source sensors and a sub-
graph learning strategy to enhance cross-domain fault diagnosis by 
addressing graph quality, domain adaptation, and data limitations.
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Fig. 20. Descriptions of fault levels on MOC dataset. (a) N0; (b) O1; (c) O2; (d) I3; (e) I4; (f) B5.

Fig. 21. Rolling mill experimental platform.

Fig. 22. Detailed data acquisition process.
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Fig. 23. Four different fault gears in the lower roller housing.

Table 5 
Detailed data allocation strategy on the four case studies.
 Tasks  EBD ratios  Training Datasets  Testing Samples
𝐴1  0.1  0 × 300, (1, 2, 3, 4, 5, 6, 7, 8) × 30  (0, 1, 2, 3, 4, 5, 6, 7, 8) × 100
𝐴2  0.2  0 × 300, (1, 2, 3, 4, 5, 6, 7, 8) × 60  (0, 1, 2, 3, 4, 5, 6, 7, 8) × 100
𝐴3  0.3  0 × 300, (1, 2, 3, 4, 5, 6, 7, 8) × 90  (0, 1, 2, 3, 4, 5, 6, 7, 8) × 100
𝐵1  0.1  0 × 300, (1, 2, 3, 4, 5) × 30  (0, 1, 2, 3, 4, 5) × 100
𝐵2  0.2  0 × 300, (1, 2, 3, 4, 5) × 60  (0, 1, 2, 3, 4, 5) × 100
𝐵3  0.3  0 × 300, (1, 2, 3, 4, 5) × 90  (0, 1, 2, 3, 4, 5) × 100
𝐶1  0.1  0 × 300, (1, 2, 3, 4, 5, 6, 7, 8, 9, 10) × 30  (0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10) × 100
𝐶2  0.2  0 × 300, (1, 2, 3, 4, 5, 6, 7, 8, 9, 10) × 60  (0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10) × 100
𝐶3  0.3  0 × 300, (1, 2, 3, 4, 5, 6, 7, 8, 9, 10) × 90  (0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10) × 100
𝐷1  0.1  0 × 300, (1, 2, 3) × 30  (0, 1, 2, 3) × 100
𝐷2  0.2  0 × 300, (1, 2, 3) × 60  (0, 1, 2, 3) × 100
𝐷3  0.3  0 × 300, (1, 2, 3) × 90  (0, 1, 2, 3) × 100

∗ EBD represents the extreme biased data.
∗ ∗ 0 represents the normal condition, whereas other numbers correspond to fault conditions.
∗ ∗∗ The values 30, 60, 90, 100, and 300 refer to the number of samples.

Table 6 
Experimental results of different methods on the four case studies.
 Tasks  Accuracy (%)
𝐴1  82.42±1.21  83.85±1.23  82.91±1.19  91.05±0.92  90.21±0.99  91.45±0.48
𝐴2  85.49±1.19  85.31±1.20  85.13±1.16  95.27±0.58  95.26±0.56  96.61±0.49
𝐴3  88.58±0.97  88.35±0.89  90.21±0.74  98.35±0.56  98.29±0.45  98.68±0.47
𝐵1  82.12±1.01  84.42±0.98  83.76±0.75  91.33±0.67  90.64±0.53  91.78±0.46
𝐵2  86.35±0.96  86.12±0.89  85.98±0.84  95.45±0.42  95.38±0.45  96.85±0.38
𝐵3  89.22±0.88  88.95±0.82  90.84±0.69  98.12±0.48  98.05±0.39  98.32±0.42
𝐶1  80.14±1.40  80.07±1.42  80.68±1.44  90.12±0.81  89.25±0.91  90.83±0.83
𝐶2  83.23±1.28  82.31±1.35  84.24±1.21  95.18±0.61  94.62±0.78  95.34±0.62
𝐶3  89.17±0.89  89.21±0.87  90.31±0.91  96.27±0.45  96.32±0.44  97.18±0.42
𝐷1  82.63±1.29  83.52±1.22  81.68±1.37  90.67±0.94  91.38±0.87  92.85±0.71
𝐷2  84.89±1.11  85.21±1.08  84.27±1.18  96.84±0.53  96.28±0.54  96.83±0.50
𝐷3  87.34±1.02  87.95±1.03  89.19±0.95  97.86±0.48  96.78±0.46  98.11±0.44
 Average  85.13  85.44  85.77  94.71  94.37  95.40
 Methods  MSICNN  MSIDBN  IMCGCN  MSIFT I2SGCN  MSGFD

∗ The bold fonts denote the best performance.
∗ ∗ The underlined fonts represent the second best performance.
∗ ∗∗ ± means the standard deviation.

4.3.  Implementation details

All methods in these experiments were implemented in PyTorch and 
conducted on an NVIDIA RTX 3070 GPU with an Intel i5-10400F CPU. 
The networks are optimized using the minibatch stochastic gradient de-
scent (SGD) algorithm for 300 epochs, with a training batch size of 8 and 
a testing batch size of 8. The weight decay, momentum, and learning 
rate are set to 0.0005, 0.9 and 0.001, respectively. The detailed dataset 
allocation strategy based on the four case studies is given in Table 5.

4.4.  Diagnosis accuracy

As shown in Table 6, our proposed MSGFD achieves the best perfor-
mance across twelve tasks under extreme biased data, with an average 

accuracy of 95.4%. Compared with multi-channel data-based methods 
(MSICNN and MSIDBN), those based on simple feature concatenation 
perform relatively worse, highlighting the limitations of traditional fea-
ture fusion approaches. By appropriately incorporating graph topology 
into multi-channel data-based methods, the improved models (IMCGCN 
and I2SGCN) demonstrate a clear advantage in capturing inter-sample 
relationships, achieving average accuracies of 85.77% and 94.37%, re-
spectively. Meanwhile, effective feature exchange and fusion are intro-
duced into MSIFT to enhance information flow, resulting in an average 
accuracy of 94.71%. Following these comparisons, the proposed MSGFD 
extracts representative and valuable features using MultiGraph topolo-
gies through the FIL module within a global and local feature fusion 
framework to achieve optimal fault diagnosis, which results in the su-
perior performance across four case studies under extreme biased data.
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Fig. 24. t-SNE visualization comparing feature distributions across methods on 𝐷3 dataset. (a) MSICNN; (b) MSIDBN; (c) IMCGCN; (d) MSIFT; (e) I2SGCN ; (f) 
MSGFD.

4.5.  Feature visualization

To demonstrate the effectiveness of optimal fault diagnosis, specif-
ically the impact of DDC loss, the t-distributed stochastic neighbor 
embedding (t-SNE) technique on 𝐷3 is employed, as illustrated in 
Fig. 24. Meanwhile, the inter-separability and intra-compactness met-
rics are introduced to evaluate how well different categories are sep-
arated from one another and how tightly the data points within each 
category are clustered, respectively. Therefore, the inter-separability 
and intra-compactness metrics can be obtained by the following
equations: 

 Inter-Separability =
∑𝐾

𝑖=1
∑𝐾

𝑗=1,𝑗≠𝑖 𝑑
(

𝑐𝑖, 𝑐𝑗
)

𝐾(𝐾 − 1)
(35)

 Intra-Compactness = 1
1
𝑁

∑𝐾
𝑖=1

∑

𝑥∈𝐶𝑖
𝑑
(

𝑥, 𝑐𝑖
)

+ 𝜀
(36)

where 𝑑(𝑐𝑖, 𝑐𝑗
) represents the Euclidean distance between centers of cat-

egory 𝑖 and category 𝑗, 𝐾 means the number of categories, 𝑑(𝑥, 𝑐𝑖
) ex-

presses the Euclidean distance from point 𝑥 to its category center, 𝐶𝑖

is the set of all points in class 𝑖, 𝑁 denotes the total number of points 
across all categories, 𝜀 is a small constant to prevent division by zero.

It can be seen that features from different categories in the proposed 
MSGFD are well divided into six parts. The visualization results demon-
strate that the proposed method has learned the discriminative and rep-
resentative features through the DDC loss, which are important for re-
alizing fault diagnosis under extreme biased data.

4.6.  Classification performance

To evaluate the classification performance of all methods, we visu-
alize the results for different fault categories using the confusion matrix 
on 𝐷3, as shown in Fig. 25.

As can be seen from the Table, the proposed MSGFD accurately di-
agnoses most samples across various health conditions. The accuracy 
for Label 0 reached 99%, with only one sample misclassified as Label 
1. Most importantly, the accuracies of all health conditions on 𝐷3 reach 
more than 90%. In contrast, the worst-performing method (MSICNN) 
achieved only 83% accuracy for Label 0, which falls short of meeting 
real-world engineering requirements.
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Fig. 25. Confusion matrices on 𝐷3. (a) MSICNN; (b) MSIDBN; (c) IMCGCN; (d) MSIFT; (e) I2SGCN ; (f) MSGFD.

Fig. 26. ROC analysis of the proposed MSGFD.

Furthermore, we further investigate the diagnosis performance on 
𝐷3 through the Receiver Operating Characteristic Curve (ROC), as
illustrated in Fig. 26. The horizontal axis and the vertical axis repre-
sent the False Positive Rate (FPR) and the True Positive Rate (TPR),
respectively.

"The micro-average ROC areas for MSICNN, MSIDBN, IMCGCN, 
MSIFT, I2SGCN, and MSGFD are 0.873, 0.878, 0.893, 0.977, 0.968, 

and 0.982, respectively, indicating that the proposed MSGFD method 
achieves the best diagnostic classification performance.

5.  Model discussions

5.1.  Analysis of data preprocessing

To evaluate the computational efficiency and diagnostic perfor-
mance of the data preprocessing used to generate RGB images, sev-
eral widely-used time-frequency methods (i.e., CWT, S-transformer, and 
STFT) were considered at 𝐴3. In this comparison, only single-channel 
signals were transformed into time-frequency images. From Fig. 27, 
we observe that the processing time of our proposed method, CWT, 
S-transformer and STFT are 18.5s, 151.7s, 167.3s, and 162.8s, respec-
tively; our proposed method has the shortest runtime, whereas the 
S-transformer exhibits the longest. Meanwhile, the diagnostic results 
demonstrate that the proposed data preprocessing technique improves 
diagnostic accuracy by approximately 1% compared with conventional 
time-frequency representations under the identical network configura-
tions, thereby confirming its superior feature expressiveness and robust-
ness.

5.2.  Loss and accuracy curves

We state the loss and accuracy curves of different methods on 𝐴3 in 
Fig. 28.

It is seeing that the loss and accuracy curves generated by the 
proposed MSGFD demonstrate superior performance, as evidenced by 
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Table 7 
Evaluation of each proposed component on rolling mill dataset.

Method
 Components

ACC (%) F1 (%) AUC (%)
 lr  DP  FIL  MG  LF  GF  OFD
 M1  !  !  !  !  !  94.27  93.65  95.08
 M2  !  !  !  !  !  97.52  96.83  98.13
 M3  !  !  !  !  !  95.79  94.94  96.26
 M4  !  !  !  !  !  95.13  94.27  96.04
 M5  !  !  !  !  !  96.38  95.52  96.85
 M6  !  !  !  !  !  97.02  96.45  97.71
 M7  !  !  85.12  84.38  86.65
 M8  !  !  !  89.45  88.71  90.52
 M9  !  !  !  88.67  87.94  89.81
 M10  !  !  !  87.92  87.15  88.94
 Ours  !  !  !  !  !  !  98.11  97.85  98.54

∗ DP, MG, LF, GF, and OFD represent the data preprocessing, MultiGraph, local 
features, global features, and optimal fault diagnosis, respectively.
∗ ∗ ± means the standard deviation.

Fig. 27. Running time of different time-frequency methods.

the lowest minimum loss value and highest maximum accuracy value. 
Meanwhile, the proposed method effectively suppresses oscillating loss 
during the training process, which can result in a smoother loss curve 
and faster convergence speed. This indicates that the proposed method 
not only effectively alleviates loss fluctuations but also improves the 
convergence speed of network training.

5.3.  Ablation study

An ablation study has been performed on six key components of the 
proposed method on rolling mill dataset. The quantitative results of the 
ablation study on 𝐷3 is presented in Table 7. Six variants were derived 
from our proposed MSGFD, named as follows: 1) M1: MSGFD without 
the proposed data preprocessing; 2) M2: MSGFD without the FIL mod-
ule; 3) M3: MSGFD without MultiGraph; 4) M4: MSGFD without local 
features; 5) M5: MSGFD without global features; 6) M6: MSGFD without 
optimal feature diagnosis; 7) M7: MSGFD only with FIL + MG; 8) M8:
MSGFD only with MG + LF + GF; M9: MSGFD only with FIL + LF + 
GF; M10: MSGFD only with LF + GF + OFD.

Compared with M1, the proposed method incorporating data pre-
processing achieves improvements of 3.84%, 4.2%, and 3.46% in ACC, 
F1 and AUC, respectively. These improvements can be attributed to the 
RGB images constructed from multi-channel data, as defined in Eq. 15. 
This performance advantage demonstrates that the proposed data pre-
processing effectively addresses the limitations of extreme biased data 
by enriching time-frequency characteristics to enhance diagnostic ac-
curacy. The proposed method leverages feature inductive learning to 
extract representative and valuable features, resulting in improved di-
agnostic performance with increases of 0.59%, 1.02% and 0.41% in 

ACC, F1 and AUC over M2, respectively. By exploiting complementary 
instance embeddings in MultiGraph topologies, the proposed method 
achieves an accuracy of 98.11%, an F1 score of 97.85%, and an AUC of 
98.54%, demonstrating improvements of 2.32%, 2.91% and 2.28% in 
ACC, F1 and AUC over M3, respectively. Compared with M4 and M5, 
the integration of local and global features enhances diagnostic perfor-
mance, resulting in improvements of 2.98% and 1.73% in ACC, respec-
tively. This confirms that the global and local feature fusion strategy 
enhances robustness and captures more representative fault features, ef-
fectively mitigating the challenges under extreme biased data. In partic-
ular, the incorporation of DDC loss enables more optimal fault diagnosis 
during the training of the MSGFD framework, resulting in improvements 
of 1.09% in accuracy, 1.40% in F1-score and 0.83% in AUC compared 
to M6. These ablation experiments show that the tailor-made modules 
of the proposed MSGFD can comprehensively facilitate the multilevel 
framework for fault diagnosis under extreme biased data. To further in-
vestigate the collaborative and redundant relationships among the com-
ponents, we introduced variants M7-M10, each retaining only specific 
combinations of modules in the proposed MSGFD. The comparison re-
sults presented in Table 7 show a significant diagnostic performance 
degradation when relying on these partial configurations, with accu-
racy dropping to 85.12%-89.45%, compared with the single-component 
variants (i.e., M1-M6). Specifically, M7, which retains only FIL and MG, 
achieves the lowest diagnostic accuracy of 85.12%, indicating that struc-
tural learning without comprehensive feature extraction (i.e., LF and 
GF) is insufficient. In contrast, variants M8, M9, and M10 rely heav-
ily on feature extraction modules (i.e., LF and GF) but lack essential 
supporting components, such as DP or MG, and therefore fail to exceed 
90% diagnostic performance. These findings demonstrate that the pro-
posed modules exhibit minimal redundancy and instead maintain strong 
collaborative relationships. Each component contributes sequentially, 
forming a cohesive and indispensable pipeline for effective fault diag-
nosis under extremely biased data conditions.

5.4.  Additional statistical metrics

In this section, four kinds of statistical metrics, including recall, pre-
cision, F1-score and area under receiver operating characteristic curve 
(AUC) are introduced to evaluate all algorithms. The detailed quantita-
tive results on task 𝐶3 are summarized in Table 8.

It can be seen that the mean accuracy, precision, recall and F1-score 
of the proposed NIFD-Net are 98.35%, 98.72%, 98.53% and 98.62%, re-
spectively, which are much higher than SOTA methods. This is because 
the proposed MSGFD effectively extracts representative and informative 
features using MultiGraph topologies through the FIL module within a 
global and local feature fusion framework, enabling optimal fault diag-
nosis and achieving superior performance.
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Fig. 28. Visualization of loss and accuracy for different methods. (a) Loss curve; (b) Accuracy curve.

Fig. 29. Diagnostic results on 𝐷1 under different SNRs.

Table 8 
Experimental results of 𝐶3 using various metrics.
 Methods  Accuracy (%)  Precision (%)  Recall (%)  F1-Score (%)
 MSICNN  88.58%  89.42%  88.95%  89.18%
 MSIDBN  88.35%  89.10%  88.72%  88.91%
 IMCGCN  90.21%  90.85%  90.47%  90.66%
 MSIFT  98.35%  98.72%  98.53%  98.62%
I2SGCN  98.29%  98.65%  98.42%  98.53%

Table 9 
Analysis of DDC loss.
 Methods 𝐷𝐶𝑆 𝐷𝐺𝑆 𝐷𝐸𝑂  ACC(%)
 Full DDC  !  !  !  98.11
 w/o 𝐷𝐶𝑆  !  !  97.49
 w/o 𝐷𝐺𝑆  !  !  97.82
 w/o 𝐷𝐸𝑂  !  !  97.36

5.5.  Analysis of noise resistance

To investigate the impact of noise, we employ varying levels of Gaus-
sian white noise into multi-channel data to evaluate the robustness of 
the proposed MSGFD. The signal-to-noise ratio (SNR) is defined as fol-
lows: 
SNR = 10log10

(

𝑃𝑜∕𝑃𝑛
)

(37)

Table 10 
Average ranks for each diagnostic task across different methods.

 MSICNN  MSIDBN  IMCGCN  MSIFT I2SGCN  MSGFD
 Average Rank  5.17  5  4.83  2.08  2.83  1.08

where 𝑃𝑜 and 𝑃𝑛 represent the powers of the multi-channel signal and 
noise, respectively. Therefore, we added varying levels of noise, ranging 
from -10 dB to 2dB, to the multi-channel data, with the experimental 
results presented in Fig. 29.

As observed, the diagnostic accuracies of all methods decrease con-
sistently as the SNR decreases. The proposed MSGFD demonstrates the 
strongest noise resistance across different SNR levels through effective 
data preprocessing and maintains satisfactory diagnostic performance 
for all tasks.

5.6.  Analysis of DDC loss

To further investigate the effectiveness of each component (i.e., 𝐷𝐶𝑆 , 
𝐷𝐺𝑆 , and 𝐷𝐸𝑂 ) of the proposed DDC loss on the rolling mill dataset, we 
conduct an ablation analysis by selectively removing individual terms 
from the loss function, as summarized in Table 9.

The experimental results presented in Table 9 demonstrate that re-
moving any individual component leads to a degradation in diagnos-
tic performance, indicating that each loss term contributes positively 
to the overall diagnostic capability under extremely biased data con-
ditions. Specifically, the 𝐷𝐶𝑆 loss term primarily promotes inter-class 
separability, while the 𝐷𝐺𝑆 loss term enhances feature representation by 
encouraging group-level sparsity. Meanwhile, the 𝐷𝐸𝑂 loss term plays 
an important role in improving the confidence of diagnostic cluster-
ing. Furthermore, we visualize the category distributions using t-SNE 
projections. As illustrated in Fig. 30, the full DDC loss produces more 
compact intra-category structures and clearer inter-category boundaries 
compared with its variants. These observations indicate that the three 
loss components work to improve fault diagnostic performance under 
extreme biased data.

5.7.  Statistical tests

In this section, Friedman and Holm post-hoc tests are conducted to 
assess the superiority and effectiveness of the proposed MSGFD from a 
statistical perspective. The statistical tests based on twelve diagnostic 
tasks (from 𝐴1 to 𝐷3) are conducted to quantitatively analyze the di-
agnostic differences among all methods, and the corresponding ranking 
results are listed in Table 10.
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Fig. 30. Category distributions using t-SNE projections. (a) w/o 𝐷𝐶𝑆 ; (b) w/o 𝐷𝐺𝑆 ; (c) w/o 𝐷𝐸𝑂 ; (d) Full DDC.

Fig. 31. CD diagram of average rank on the ranking axis.

Table 11 
Computational cost comparison of different methods.
 Methods  Params (M)  FLOPs (G)  Model Size (MB, FP32)  Relative Latency
 MSICNN ∼1.8 ∼0.06 ∼7.2  Low
 MSIDBN ∼2.5 ∼0.04 ∼10.0  Low
 IMCGCN ∼4.2 ∼0.09 ∼16.8  Medium
 MSIFT ∼9.6 ∼0.18 ∼38.4  Medium–High
I2SGCN ∼8.1 ∼0.15 ∼32.4  Medium–High
 MSGFD  17.13  0.274  68.5  High

Then, we calculated the Friedman statistic, 𝜒2
𝐹 , based on these ranks. 

𝜒2
𝐹 = 12

𝑛𝑘(𝑘 + 1)

𝑘
∑

𝑗=1

(

𝑅𝑗 −
𝑛(𝑘 + 1)

2

)2
(38)

where 𝑘 means the number of methods, 𝑛 represents the number of all 
tasks in this work, 𝑅𝑗 indicates the average ranks for each method.

Finally, we compared the calculated 𝜒2
𝐹 = 60.7836 value to the chi-

square distribution table with degrees of freedom 𝑘 − 1 = 6 − 1 = 5 to 
determine that there was a statistically significant difference among all 
methods. A Critical Difference (CD) diagram, often used with the 𝐹𝑡, is 
employed to represent multiple pairwise comparisons among the var-
ious models visually. After the Friedman test showed significance, the 

Nemenyi post-hoc test was conducted to calculate the Critical Difference 
(CD), as depicted in Fig. 31.

It can be observed that the methods MSIFT, I2SGCN, and MSGFD 
are connected because their rank difference is less than the CD of 2.56, 
which can indicate no significant performance difference. In contrast, 
the methods MSICNN, MSIDBN, and IMCGCN are not connected, which 
can show a statistically significant difference in performance.

5.8.  Analysis of computational cost

To evaluate the diagnostic performance of the proposed MSGFD in 
industrial fault-diagnosis scenarios, particularly for edge devices and 
online monitoring systems [44], a computational complexity analysis is 
conducted in this section.
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Table 12 
Summary of key mathematical notations.
 Symbol  Description
𝑥𝑚𝑖 , 𝑦

𝑚+1
conv  Input feature map and output convolutional feature map at layer 𝑚

𝑤𝑚
𝑖,𝑗 , 𝑏

𝑚
𝑖,𝑗  Weight and bias of the convolutional layer

𝐺 = {𝑉 ,𝐴,𝐸, 𝐹 }  Graph structure with nodes 𝑉 , adjacency matrix 𝐴, edges 𝐸, and features 𝐹
𝐿, 𝐼𝑁 , 𝐷  Symmetric normalized Laplacian, Identity matrix, and Degree matrix
𝑈,Λ  Eigenvectors and eigenvalues of the Laplacian matrix
𝑇𝑘(Λ̃)  Chebyshev polynomial expansion of order 𝑘
𝑄,𝐾, 𝑉  Query, Key, and Value matrices in the Graph Transformer
𝑀𝑖𝑗 , 𝑑𝑖𝑗  Structural matrix and the shortest path connection between nodes 𝑖 and 𝑗
ℎ(𝑙)
𝑖  Hidden representation of node 𝑖 in layer 𝑙

𝑃𝑀 𝑖(𝑎, 𝑏)  Normalized pixel matrix for the 𝑖-th channel
𝐴fused , 𝐴binary  Fused multi-graph adjacency matrix and its binarized version
𝐏𝑖  Learnable projection matrix for shared latent space mapping
𝐎𝑙 ,𝐖𝑙  Learnable weight parameters in Graph MLP and GLFF
FIL ,GLFF ,DDC  Feature Inductive Learning loss, Global-Local loss, and DDC loss
𝐷𝐶𝑆 , 𝐷𝐺𝑆 , 𝐷𝐸𝑂  Cauchy-Schwartz divergence, Geometric constraint, and Orthogonality constraint

The results in Table 11 show that the proposed MSGFD architec-
ture contains approximately 17.13 million trainable parameters, corre-
sponding to a model size of approximately 68.5MB (FP32). Although 
the proposed MSGFD introduces higher computational complexity com-
pared with other comparison methods, the rapid advancement of in-
dustrial computing hardware can significantly improve the deployment 
efficiency. Therefore, designing more lightweight architectures while 
maintaining high diagnostic performance will be an important direction 
for future work.

6.  Conclusions

In this work, we propose MSGFD, a multilevel graph-guided 
framework for fault diagnosis using multi-channel data under extreme 
data imbalance. The framework unifies data preprocessing, MultiGraph 
construction, feature inductive learning, global-local feature fusion, and 
divergence-based optimization within a single architecture. An efficient 
preprocessing strategy is developed to transform multi-channel signals 
into structured representations while maintaining computational effi-
ciency. The proposed MultiGraph mechanism captures complementary 
inter-instance relationships through four distinct graph topologies, 
thereby enhancing structural robustness. Feature inductive learning 
further explores shared and discriminative feature spaces, whereas 
the global-local feature fusion module jointly models short-range 
and long-range dependencies to alleviate the challenges posed by 
limited supervision. Finally, a deep divergence-based clustering (DDC) 
loss is incorporated to regularize the learning process by promoting 
inter-category separability and intra-category compactness. Extensive 
experiments conducted on four case studies under various imbalance 
settings demonstrate the effectiveness, robustness, and superiority of 
MSGFD, consistently outperforming SOTA methods. In future work, we 
aim to extend MSGFD to imbalanced open-set domain generalization 
scenarios by leveraging meta-learning paradigm [45]. Building upon 
this direction, we will investigate meta-learning-based multi-graph 
construction strategies to improve cross-machine generalization under 
few-shot settings [44,46]. Additionally, we plan to incorporate noise-
robust and uncertainty-aware learning techniques to better address 
measurement noise and unknown disturbances. We will also explore 
online and streaming extensions to facilitate real-time deployment in 
industrial monitoring environments.
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Appendix

KNNGraph

Given the feature matrix 𝑋 ∈ ℝ𝑛×𝑑 , where 𝑛 is the number of samples 
and 𝑑 is the feature dimension, the KNNGraph is constructed as follows:

1) For each sample 𝑋𝑖(the 𝑖-th row of 𝑋), find its 𝑘 nearest neighbors 
based on a distance metric (e.g., Euclidean distance).

2) Construct a binary adjacency matrix 𝐴 ∈ ℝ𝑛×𝑛 where: 

𝐴𝑖𝑗 =
{

1, if 𝑋𝑗 is one of the 𝑘 nearest neighbors of𝑋𝑖
0, otherwise

(39)

3) The diagonal elements 𝐴𝑖𝑖 are set to 0 (𝐴𝑖𝑖 = 0) to exclude self-
connections.

Then, to ensure the adjacency matrix represents an undirected graph, 
it is symmetrized as follows: 
𝐴 = max

(

𝐴,𝐴𝑇 ) (40)

where 𝐴𝑇  means the transpose of 𝐴. It is noteworthy that the max (⋅)
operation ensures that if either 𝐴𝑖𝑗 or 𝐴𝑗𝑖 is 1, the resulting matrix 𝐴
has 𝐴𝑖𝑗 = 𝐴𝑗𝑖 = 1.

Finally, the final adjacency matrix 𝐴 satisfies: 𝐴𝑖𝑗 ∈ {0, 1} (binary 
connections); 𝐴𝑖𝑖 = 0 (no self-connections); 𝐴 = 𝐴𝑇  (symmetric, repre-
senting an undirected graph).

COSGraph

Given the feature matrix 𝑋 ∈ ℝ𝑛×𝑑 , where 𝑛 denotes the number of 
samples and 𝑑 is the feature dimension, the cosine similarity matrix 
𝑆 ∈ ℝ𝑛×𝑛 is defined as: 

𝑆𝑖,𝑗 =
𝑋𝑖 ⋅𝑋𝑗

‖

‖

𝑋𝑖
‖

‖

‖

‖

‖

𝑋𝑗
‖

‖

‖

(41)
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where 𝑋𝑖 and 𝑋𝑗 refer to the 𝑖-th and 𝑗-th rows of the feature matrix 𝑋, 
respectively, ⋅ denotes the dot product, ‖

‖

𝑋𝑖
‖

‖

 and ‖‖
‖

𝑋𝑗
‖

‖

‖

 are the L2 norms 
of 𝑋𝑖 and 𝑋𝑗 , respectively.

Then, given a quantile 𝑞 (default 𝑞 = 75), the threshold 𝜏 is defined 
as the 𝑞-th percentile of the similarity matrix 𝑆: 
𝜏 = percentile(𝑆, 𝑞) (42)

Based on the threshold 𝜏, the adjacency matrix 𝐴 ∈ ℝ𝑛×𝑛 is generated 
as follows: 

𝐴𝑖𝑗 =
{

1, if𝑆𝑖𝑗 ≥ 𝜏 and 𝑖 ≠ 𝑗
0, otherwise

(43)

To ensure the adjacency matrix is symmetric, the following operation 
is performed: 
𝐴 = 𝐴 + 𝐴𝑇 (44)

where 𝐴𝑇  means the transpose of 𝐴.
Then, 𝐴 is normalized: 

𝐴𝑖𝑗 =
{

1, if𝐴𝑖𝑗 > 0
0, otherwise

(45)

Therefore, the final adjacency matrix 𝐴 satisfies: diagonal elements 
are 0 (𝐴𝑖𝑖 = 0); symmetry (𝐴 = 𝐴𝑇 ); connection weights are 1 (𝐴𝑖𝑗 ∈
{0, 1}).

MSTGraph

Given the feature matrix 𝑋 ∈ ℝ𝑛×𝑑 , where 𝑛 and 𝑑 refer to the num-
ber of samples and the feature dimension, respectively, the Euclidean 
distance matrix 𝔻 ∈ 𝑅𝑛×𝑛 is computed as: 
𝐷𝑖𝑗 =

‖

‖

‖

𝑋𝑖 −𝑋𝑗
‖

‖

‖2
(46)

where 𝑋𝑖 and 𝑋𝑗 are the 𝑖-th and 𝑗-th rows of the feature matrix, respec-
tively, ‖⋅‖2 denotes the Euclidean (L2) norm.

The minimum spanning tree (MST) is generated by the distance ma-
trix 𝐷.The MSTGraph is the subset of edges that join all vertices (sam-
ples) together without any loops and with the minimum total weight 
of the edges.The MSTGraph can be represented as the sparse adjacency 
matrix 𝑀 ∈ ℝ𝑛×𝑛, where: 

𝑀𝑖𝑗 =
{

𝐷𝑖𝑗 , if the edge between 𝑖 and 𝑗 is included in the MSTGraph
0, otherwise

(47)

The adjacency matrix 𝑀 of MSTGraph is converted to a dense binary 
adjacency matrix 𝐴 ∈ ℝ𝑛×𝑛

𝐴𝑖𝑗 =
{

1, if𝑀𝑖𝑗 > 0
0, otherwise

(48)

To ensure the adjacency matrix represents an undirected graph, it is 
symmetrized as follows: 
𝐴 = 𝐴 + 𝐴𝑇 (49)

where 𝐴𝑇  is the transpose of 𝐴.
After symmetrization, the matrix is normalized to ensure binary 

weights: 

𝐴𝑖𝑗 =
{

1, if𝐴𝑖𝑗 > 0
0, otherwise

(50)

MDGraph

Given a feature matrix 𝑋 ∈ ℝ𝑛×𝑑 , where 𝑛 and 𝑑 stand for the number 
of samples and the feature dimension, respectively, the Mahalanobis 
distance matrix is written as follows:

1) Estimate the Covariance Matrix. Compute the empirical covari-
ance matrix ∑ ∈ 𝑅𝑑×𝑑 from 𝑋, 
∑

= EmpiricalCovariance(𝑋) (51)

2) Compute Mahalanobis Distances. For each pair of samples 𝑋𝑖
and 𝑋𝑗 , the Mahalanobis distance can be expressed as: 

𝐷𝑖𝑗 =

√

(

𝑋𝑖 −𝑋𝑗
)𝑇∑−1(

𝑋𝑖 −𝑋𝑗
)

(52)

where ∑−1 means the inverse of the covariance matrix ∑. The pairwise 
distances are stored in a condensed distance vector and, then, converted 
to a square distance matrix 𝐷.

3) Normalize the Distance Matrix. Normalize 𝐷 using the 
normalize(⋅) function: 

𝐷normalized =
𝐷𝑖𝑗 − min (𝐷)

max (𝐷) − min (𝐷)
(53)

After that, given a quantile 𝑞 (default 𝑞 = 25), the threshold 𝜏 is de-
fined as the 𝑞-th percentile of the normalized distance matrix 𝐷normalized: 
𝜏 = percentile

(

𝐷normalized, 𝑞
)

(54)

Based on the threshold 𝜏, the adjacency matrix 𝐴 ∈ ℝ𝑛×𝑛 is generated 
as: 

𝐴𝑖𝑗 =

{

1, if 𝐷𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑
𝑖𝑗 ≤ 𝜏 and 𝑖 ≠ 𝑗

0, otherwise
(55)

The diagonal elements are set to 0 to exclude self-connections: 
𝐴𝑖𝑖 = 0, ∀𝑖 (56)

To ensure the adjacency matrix represents an undirected graph, it is 
symmetrized as follows: 
𝐴 = 𝐴 + 𝐴𝑇 (57)

where 𝐴𝑇  is the transpose of 𝐴.
Finally, the matrix is normalized to ensure binary weights: 

𝐴𝑖𝑗 =
{

1, if𝐴𝑖𝑗 > 0
0, otherwise

(58)
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