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A network model for inter-shaft bearing fault diagnosis Res2APCNN
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Abstract: A multi-scale residual neural network ( Res2APCNN) model combining data fusion and adaptive attention mechanism is
proposed to monitor the health of aero-engine inter-shaft bearing under strong noise. Firstly, the bearing signals are converted into two-
dimensional grayscale images by using the Gram angular difference field ( GADF) , Gram angular sum field ( GASF) and Markov transfer
field (MTF) methods. These three images are mapped to the RGB channels respectively to construct composite color images, thus
enhancing the capture ability of time series information. Secondly, Res2Net module is introduced to extract multi-scale information
through parallel convolution operation, filter noise interference and optimize information flow. Thirdly, the adaptive parallel feature
fusion module is embedded to assign differentiated weights to feature dimensions, enabling the screening and amplification of key feature
signals. Finally, the fault types of inter-shaft bearings are identified through a feature extraction and classification module. The proposed
model is verified by using the bearing datasets of Polytechnic University of Turin in Italy and Harbin Institute of Technology, as well as
the self-built test bench dataset. The experimental results show that the proposed Res2APCNN model demonstrates excellent fault
diagnosis performance in a strong noise environment. Compared with advanced existing methods, the model achieves a 1. 52% increase

in accuracy over the IDRSN method on the Turin dataset, a 6. 65% increase over the MC-CNN method on the HIT dataset, and a 2. 35%
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increase over the Wen-CNN method on the self-built dataset. Furthermore, the diagnostic accuracy rate of this model exhibits the least

fluctuation, indicating superior stability. Even under strong noise conditions, the Res2APCNN model can still maintain a high

recognition accuracy and show good anti-interference ability.
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Table 1 Fault type classification of rolling bearing data

set of Politecnico di Turin
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Table 2 Res2APCNN model structure

Z4 EZ AP NAN FHIE)Z AT
Input - 224x224%3
Convl 7x7 224x224%16
Maxpooling 2%2 112x112x16
Res2NetBlock1 - 112x112%x32
Res2NetBlock2 - 112x112x64
APFF - 112x112x64
Conv2 3x3 56x56%128
Conv3 3x3 28x28x128
Conv4 3x3 14x14x256
GAP - 1x1x256
FC - I1x1x32
Softmax - 1X1Xnum_classes
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AL 7R BN ZE0 A HRE 320 L35 I EL T P X 4y, ik
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Fig. 6 Res2APCNN learning results
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WK-CNN ( wavelet kernel convolutional neural network ) .
WD-CNN  ( wide-dilation

convolutional neural network ) . DRSN ( deep residual

convolutional neural network
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Table 3 Experimental results of different models

(%)

LAY = FN{ITES TR/ MR 28 SRR R
Res2APCNN 100. 00 99.71 99. 89+0. 13
CNN 91.42 89. 14 90. 28+0. 81
AlexNet 97.42 96. 28 96.91+0. 38
CBAMCNN 98.57 95.42 97.02+1. 06
Bi-LSTM 99. 14 97.42 98. 74+0. 67
Wen-CNN 99.71 97.71 98.97+0. 69
WK-CNN 99. 42 97.43 98.51+0. 63
WD-CNN 94. 86 92.57 94. 00+0. 81
DRSN 99. 14 96. 86 98.29+0. 89
IDRSN 99.71 98. 85 99.28+0. 38
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Fig.7 Comparison of different models under different SNR
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Fig. 8 HIT aero engine test platform
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Table 4 Fault type classification of HIT bearing data set

RS YRR B/ mm FRas AR
EH# - 0 360
0.5 1 360
P P i
1.0 2 360
PNEN 0.5 3 360
2) BrMEvERE b
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a0 PR B B 25 S S AL P A b Rl R O A
5 CNN,LSTM , Bi-LSTM , £ L % BU 2 [ 4% MC-
CNN (multi-scale convolutional neural network ) 2RI 4E
IR B 2% > J7 5 MMEDL ( multi-model ensemble deep
learning) | ¥ J& 2 1l % 4 4 BRI 242 9 46 DEDCNN  ( deep
ensemble dense convolutional neural network ) 1454
250 4% 5 XU IH 1] 4E R B 96 CNN-BGRU ( convolutional
neural network with bidirectional gated recurrent unit) 7 >
BRI HEATHUMRPE XS e S5, 25 SR AN I&T 9 FNEk 5 Fa .

HRAEE 9, g i A5 AL (12 W AR FE BE 3 SNR 11
ORI, AEEME L -4 dB B, R ) SF- 3492 Wi
HERRAIRT] 97. 52% , B R A A IR/ IN | RS B 22 i v
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Fig. 9 Diagnostic accuracy of comparison models of
different SNRS on HIT datasets
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Table 5 HIT data sets vary in SNR accuracy

(dB)

TR -4 -2 0 2 4 6 8
Res2APCNN  97.52  99.15 99.08 99.78 99.95 99.98 100.00
CNN 55.78 78.67 80.69 81.46 84.16 89.42 91.15
LSTM  73.45 74.14 82.49 8475 85.47 95.60 95.99
Bi-LSTM  76.48 76.89 83.67 86.87 88.94 96.22 97.41
MC-CNN ~ 78.96 84.67 90.45 97.48 98.89 99.10 99.40
MMEDL  78.57 81.64 88.14 89.64 90.65 91.86 92.31
DEDCNN  52.68 71.69 81.45 88.45 95.67 96.78 96.98
CNN-BGRU 81.75 82.74 82.96 84.52 92.78 93.14 93.65
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Fig. 10  Double rotor inter-shaft bearing test bench
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Table 6 Classification of fault types in data set of
double-rotor inter-shaft bearing test bench
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Table 7 Results of different models of ablation

experiments (%)
F2 A iRTIES LS FEILES F1
(1) 95.31 95.31 95.41 95.30
(2) 94.53 94. 53 94. 58 94. 51
(3) 92. 66 92. 66 92.78 92. 68
(4) 96. 72 96. 78 96. 72 96. 72
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