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Abstract: To improve the accuracy and robustness of fault diagnosis for metro train bogies, a multi-sensor infor-
mation fusion diagnosis method combining convolutional neural network (CNN) and an improved graph convo-
lutional network (GCN) is proposed. First, vibration signals collected from multiple sensors are transformed into
time- frequency maps using continuous wavelet transform. Then, a five layers CNN is employed to extract fea-
tures from each channel’ s time-frequency map, where each sensor is treated as a node in a graph and the extract-
ed features serve as node attributes for the GCN. To overcome the limitation of traditional GCN with fixed adja-

cency matrices that fail to reflect dynamic relationships among nodes, a multilayer perceptron (MLP) is designed
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to adaptively update adjacency weights based on node features, enabling dynamic graph convolution. Finally,

fault classification is performed through two GCN layers followed by a classification head. Experiments demon-

strate that the proposed method achieves an average diagnostic accuracy of 99.46%, and the maximum accuracy

can reach 100% under some working conditions, significantly outperforming existing models such as single-
channel CNN, CNN-LSTM, CNN-Transformer, MSSCNN. The confusion matrix and #-SNE visualization re-

sults show clearly clustered fault features with a misclassification rate below 1%. The study shows that the pro-

posed method maintains excellent diagnostic accuracy and stability under multiple operating conditions and

fault modes, providing reliable technical support for the intelligent operation and maintenance of metro bogie

systems.
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Fig.1 Flowchart of the research methodology
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Tab.1 Hyperparameter settings of the improved GCN model
JE %S I 45 4544 LR e 14 3 T i R
Convl Conv+BN+ReLU+MaxPool 3%*3/2%2 32 32x32
Conv2 Conv+BN+ReLU+MaxPool 3%*3/2%2 64 16x16
Conv3 Conv+BN+ReLU+MaxPool 3%*3/2%2 128 8x8
Conv4 Conv+BN+ReLU+MaxPool 3%*3/2%2 128 4x4
Conv3 Conv+BN+ReLU+GAP 33/ [ 3 WAk 88 1x1
GCN-1 GCNConv+ReLU 128 —
GCN-2 GCNConv 256 —
FC1 Linear+ReLU Dropout(p=0.2) 128 —
FC2 Linear BTk —

B2 dtmEZXREEELKRE™
Fig. 2 Beijing Jiaotong University bogie test bench™
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Tab.3 Data division
FELBTLZP 8/ 1) 7 28 YIFEALL WA AL
20 Hz/0 160 40
40 Hz/0 160 40
60 Hz/0 160 40
20 Hz/+10 kN 160 40
40 Hz/4+10 kN 160 40
60 Hz/+10 kN 160 40
20 Hz/-10 kN 160 40
40 Hz/-10 kN 160 40
60 Hz/-10 kN 160 40
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Fig. 4 Comparison of iterative curves of
different algorithms
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Fig. 5 Bar chart of accuracy rates of different methods
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Tab.4 Comparison of evaluation indexes under different working conditions of different models
LY VNS i CNN-LSTM CNN-Transformer MSSCNN" [ 5 R [
HERRR 98.32%+0.253 0%  88.60%+2.392 7%  88.58%+2.146 1%  84.36%+0.253 0%  94.12%+0.321 0%
t-test — 0.000 1 0.000 1 0.000 1 0.001 6
T8
Recall 0.983 3 0.864 5 0.885 6 0.8432 0.942 2
F1-Score 0.983 3 0.864 2 0.8854 0.843 1 0.941 7
HERfR 99.28%+0.178 5%  89.48%+0.409 1%  89.70%+0.316 2%  86.64%+0.317 6%  95.32%+0.125 0%
t-test — 0.001 2 0.0010 0.000 6 0.005 2
TH2
Recall 0.9929 0.894 7 0.896 6 0.866 3 0.953 1
F1-Score 0.9929 0.894 8 0.896 7 0.866 2 0.9522
HERRR 100.00%=0 92.86%+0.359 1%  93.64%+0.659 3%  84.12%+0.294 5%  94.44%=+0.327 0%
t-test — 0.001 5 0.001 7 0.000 4 0.002 7
T3
Recall 1 0.928 2 0.934 5 0.8412 0.944 0
F1-Score 1 0.926 2 09351 0.8412 0.943 8
HERR 99.20%=0 89.18%+0.560 9%  91.82%=+0.724 2%  86.60%=+0.626 1%  94.98%=+0.326 7%
t-test — 0.000 9 0.001 4 0.000 5 0.012 8
T4
Recall 0.9920 0.890 5 09181 0.8659 0.949 8
F1-Score 0.992 0 0.890 4 0.9179 0.8659 0.9499
HERR 100.00%=0 91.02%=+0.250 9%  82.88%=11.200 6%  83.60%=+0.485 3%  94.67%+0.459 9%
t-test — 0.000 5 0.000 1 0.000 2 0.000 2
THs
Recall 1 09102 0.818 7 0.836 0 0.946 8
F1-Score 1 09102 0.8189 0.8360 0.946 8
HERR R 100.00%=0 92.14%=+0.382 6%  91.82%=+1.491 6%  83.56%=+0.454 0%  95.88%=+0.066 1%
t-test — 0.000 2 0.000 1 0.000 1 0.000 1
TH6 0.8355
Recall 1 0.9209 0.918 0 : 0.958 9
F1-Score 1 0.921 4 0.9179 0.8357 0.959 0
HERR 98.40%=+0 88.00%+0.626 8%  88.34%+0.527 8%  81.86%+0.572 2%  92.10%+0.566 7%
t-test — 0.000 1 0.000 1 0.000 1 0.000 1
Lo7 0.808 9
Recall 0.984 0 0.8800 0.8823 ’ 09211
F1-Score 0.983 9 0.879 9 0.882 5 0.809 1 09211
HERR R 100.00%=0 90.80%=+0.583 1%  92.16%=+0.552 6%  83.74%=+0.551 4%  97.32%=+0.235 9%
t-test — 0.000 1 0.000 1 0.000 1 0.000 1
T8
Recall 1 0.906 9 0.921 6 0.8377 0.973 0
F1-Score 1 0.907 5 0.9220 0.8373 0.973 1
HEWR 100.00%=0 91.52%+0.234 8%  94.12%+0.625 7%  86.24%+0.295 1%  95.45%=0.789 1%
t-test — 0.000 1 0.000 2 0.000 1 0.001 7
TH9
Recall 1 09152 0.9412 0.862 2 0.954 4
F1-Score 1 0.9149 0.9410 0.862 4 0.954 3
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Fig. 6 Confusion matrix chart Fig. 7 Feature visualization graph
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Tab.5 Accuracy rates under different model structures
T AR CNN:4 GCN:2 CNN:6 GCN:2 CNN:5 GCN:1 CNN:6 GCN:3
T 98.32% 95.12% 98.14% 94.66% 97.88%
T2 99.28% 98.32% 99.23% 97.45% 98.68%
TH3 100.00% 98.56% 100.00% 98.12% 99.78%
TH4 99.20% 97.56% 98.99% 97.03% 99.06%
TS5 100.00% 98.22% 99.98% 97.82% 100.00%
T6 100.00% 99.56% 100.00% 98.60% 100.00%
T 7 98.40% 96.86% 98.36% 97.00% 98.00%
T8 100.00% 98.23% 99.17% 97.78% 99.88%
TH9 100.00% 97.99% 100.00% 97.34% 99.56%
x6 ARITIHES THERELNE
Tab.6 Accuracy values under different transfer tasks
1% TH1 T2 TH3 Thl4 Th5 TH6 TH7 TH8 TH9
TR o 79.40%+  82.80%%  80.40%*  70.60%t  73.60%+  80.80%%t  82.60%*  72.00%=*
0.231% 0.297% 0.266% 0.675% 0.986% 0.458% 0.782% 0.235%
T2 73.60%+ . 88.00%+  73.20%* 67.20%+  74.80%+  53.60%+  90.40%=  80.12%=*
0.457% 0.434% 0.246% 0.268% 0.521% 0.641% 0.201% 0.273%
T3 72.40%+  89.60%=* o 76.00%+  69.20%+ 71.20% =+  78.80%%+ 78.40%+  81.60%*
0.278% 0.365% 0.365% 0.331% 0.502% 0.081% 0.502% 0.372%
T 4 78.40%+  74.00%+  69.60% . 76.80%+  78.40%+  68.40%+  77.40%+  67.80%=*
0.412% 0.583% 0.264% 0.514% 0.243% 0.123% 0.301% 0.551%
T 65.60%+  77.20%+  79.60%  80.80%= 97.60%+  69.05%+  70.80%%  83.60%=*
oL 0.309% 0.117% 0.211% 0.192% B 0.183% 0.207% 0.197% 0.092%
TH6 71.20%+  70.40%+  76.40%+  74.40%+  97.60%=* o 87.60%+  77.20%+  73.60%=*
0.605% 0.152% 0.819% 0.182% 0.221% 0.153% 0.182% 0.288%
T 75.60%+  72.00%+  74.80%E=  65.05%t 62.70%%+  70.30%=* - 62.88%+  89.60%=*
0.510% 0.401% 0.229% 0.284% 0.802% 0.291% 0.129% 0.511%
T8 77.60%+  88.00%+  86.40%*  65.90%+  70.60%%  76.56%+ = 92.80%=* o 96.80%+
0.230% 0.277% 0.107% 0.206% 0.352% 0.812% 0.277% 0.173%
T 75.60%x  77.60%+  72.80%t  66.20%+ 63.70%%+  78.22%+  81.60%*  96.80%= o
0.560% 0.370% 0.487% 0.682% 0.812% 0.785% 0.591% 0.301%
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