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Abstract: To address the problems of insufficient multi-scale feature extraction, weak spatio-
temporal dependency, and inadequate cross-domain feature fusion in rolling bearing fault signals under com-
plex operating conditions, a multi branch graph attention fusion network (MBGA-FuseNet) was proposed
for bearing fault diagnosis. First, a dual-branch graph neural network architecture was constructed: a
graph-level Transformer with improved positional encoding was combined with an adaptive multi-scale
Chebyshev graph convolutional layer to enhance node topology and achieve cross-scale adaptive fusion of in-
formation from different neighborhoods. Furthermore, an inter-block global self-attention encoder was in-
corporated to enhance the deep representation and hierarchical correlation of feature representation. Sec-
ond, a nonlinear canonical correlation analysis (NL-CCA) node-level cross-channel feature fusion module
was designed to realize adaptive correlation and dynamic weighted fusion across branches at the node level.
Third, a improved channel fusion attention module (CFAM) was proposed by introducing a faster convolu-
tional gated linear unit(Faster-CGLU) mechanism, which refines the granularity of channel gating signals.
Finally. for temporal feature modeling. a bidirectional gated recurrent unit (BiGRU) was employed to cap-
ture temporal dependencies. Moreover, a hierarchical inter-domain frequency-temporal feature synthesis
(HIFTFS) was developed to deeply cross-fuse features from the temporal, frequency and spatial domains.
Experimental results on multiple publicly available bearing datasets demonstrate that the proposed method
consistently outperforms other comparative models under various operating conditions and signal-to-noise
ratios.
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Tab.3 Results of the ablation experiments

s WGT | MFCN | NL-CCA | CFAM | BiGRU HIFTFS K/ % AR/ % F14341
AHEAE) v N 88.68 88.50 0.8859
B v N 94.12 93.20 0.9367

C N ~ ~ 94.36 93.45 0.9390

D N ~ ~ ~ 95.12 94.87 0.9491

E v ~ N ~ 94.52 94.00 0.9426

F N N ~ 91.16 90.96 0.9106

G ~ N ~ 89.09 89.02 0.8899

H N ~ N 86.72 86.74 0.8673

I N N N N N 97.32 97.29 0.9731
ATy ik ~ N ~ N N v 99.28 99.46 0.9937
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Fig.9 Confusion matrices of different ablation models
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Tab.4 Results of the comparative experiments

MR %/ o | B/ | S/ | e aE 5

L % FLAH % 10° | Wk /107
CNN-BiGRU"™| 97.50 | 0.9775 | 98.00 | 0.780 1.23
BILSTM™® | 87.60 | 0.8815 | 88.65 | 0.672 1.08
Informer 89.63 | 0.8998 | 90.34 | 8.96 18.6
SGCNH 94.99 | 0.9524 | 95.50 | 1.09 2.64
Traiif:l;rm 91.54 | 0.9216 | 92.79 | 1.46 2.14
SpGAT 79.60 | 0.8005 | 80.45 | 0.830 2.91
A3y ik 99.52 | 0.9942 | 99.46 | 3.83 7.36
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) {5 M b R A X LG S50 . an 2 5 TR L B 76 A
7] 1 97 % R B8 R L i 2 v X M 7 TR e B
R 1 1 74 B
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Tab.5 Experimental results with different loads and signal-to-noise ratios %
- A O N 2237.1 W(3 HP)
R=2dB | R=4dB | R=6dB | R=8dB |[R=10dB| R=2dB | R=4dB | R=6dB | R=8dB |R=10dB
CNN-BIGRU 85.23 88.30 92.52 94.70 96.43 82.26 86.27 91.13 93.50 96.13
BILSTM 69.83 75.10 79.88 83.50 85.59 67.96 74.10 78.47 82.68 84.80
Informer 76.83 82.25 85.47 87.14 88.21 74.71 80.94 84.24 86.83 87.94
SGCN 83.17 86.21 89.98 91.72 93.20 81.08 84.68 88.71 91.08 92.76
Graph-Transformer 78.52 84.40 87.97 89.50 90.27 78.04 84.27 86.94 89.32 90.32
SpGAT 67.43 72.07 75.56 77.17 78.64 65.83 70.80 74.34 76.67 78.40
EN' @RS 93.41 94.09 95.58 96.95 98.71 91.32 93.82 95.34 96.81 98.58
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Fig.11 The t-SNE visualization comparison results
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Fig.12 Comparison of results under different signal-to-
noise ratios
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Tab.6 Comparison results under different signal-to-noise ratios %
H 28 (G134 ‘

2dB 4dB 6dB 8dB 10dB AR 7
CNN-BIGRU 84.53+£0.42 86.38+£0.78 88.55£0.50 88.74+0.41 91.1040.32 93.32+0.35
BILSTM 68.76+£0.12 72.26£0.58 77.984+1.08 79.9340.62 81.850.25 82.630.26
Informer 54.884-0.61 57.0040.72 59.0240.74 62.900.41 69.8411.89 75.6610.82
SGCN 74.80£0.71 76.61+£0.37 80.27x£0.51 82.11£0.61 82.63£0.33 89.760.68
Graph-Transformer 68.62+E1.12 70.93£0.28 72.91£0.62 75.0710.59 79.6110.84 80.39£0.45
SpGAT 51.34+£1.38 56.23+£2.34 61.5540.76 64.3140.45 66.6710.38 69.701.08
ARSI 07 v 92.79£0.19 94.67+0.15 96.77+0.03 97.56£0.06 97.930.02 98.59+0.02
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m Informer 87.63 86.87 87.96 87.25 86.56 86.16 87.07
mSGCN 94.19 94.07 95.12 94.87 93.79 94.03 94.35
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Fig.13 Comparison of results under different loads in a

noisy environment
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