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Mechanical fault diagnosis method based on neural ordinary
differential equations
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Abstract: Based on the problems of poor interpretability, as well as parameter increase and memory consumption caused by blind
stacking layers in traditional fault diagnosis method based on deep learning, Neural ordinary differential equation (NODE) is intro-
duced into mechanical fault diagnosis, the network structure of NODE for machinery fault diagnosis is constructed. In the construct-
ed structure, the derivatives of the parameterized hidden states of the neural network are used to replace the discrete sequences of
the specified hidden layers. By constructing a nonlinear relationship between fault data and fault types, an ordinary differential equa-
tion solver (ODE solver) is used to complete the classification of different fault types, and an end-to-end fault diagnosis model is
formed. The proposed method is applied to mechanical fault diagnosis to build a specific NODE network model, and the classifica-
tion task of different fault categories is accomplished through the input of fault data. The constructed model is applied to the fault di-
agnosis of spindle bearing in the aircraft engine, and compared with the fault diagnosis method based on residual network model.
The experimental results show that the constructed model and residual network model have satisfactory accuracy. However, the
constructed model not only reduces the memory consumption, but also reduces the number of model parameters by almost five

times.
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Tab.1 Model architecture and output tensor per layer

of ResNet
o 2 )22 S22 i
Conv2D (64,64,1020,1)
ToREEZ ResBlock (64,64,510,1)
ResBlock (64,64,255,1)
B 2E = ResBlock X 6 (64,64,255,1)
GroupNorm (64,64,255,1)
RelLU (64,64,255,1)
i 2 Adaptive AvgPool2D (64,64,1,1)
Flatten (64,64)
Linear (64, 7)
F2 RERMMMK
Tab.2 Composition of ResBlock
JE A i
GroupNorm (64,64,255,1)
RelLU (64,64,255,1)
Conv2D (64,64,255,1)
GroupNorm (64,64,255,1)
Conv2D (64,64,255,1)
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Tab.3 Hyperparameters selection for ResNet model
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Epochs 160
Train_Batch_size 64

Test_Batch_size 128
Optimizer SGD _ momentum 0.9
Learning rate 0.1
Amount of ResBlock(n) 6
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Fig. 3 NODE model framework diagram
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Tab.4 Model architecture and output tensor per layer of NODE

) 45 )2 JZ5H iy
Conv2D (64, 64, 1020, 1)
GroupNorm (64, 64, 1020, 1)
RelLU (64, 64, 1020, 1)
TREEZ Conv2D (64, 64, 510, 1)
GroupNorm (64, 64, 510, 1)
RelLU (64, 64, 510, 1)
Conv2D (64, 64, 255, 1)
GroupNorm (64, 64, 255, 1)
RelLU (64, 64, 255, 1)
R Conv2D (64, 64, 255, 1)
V2= A =
HERBITRE GroupNorm (64, 64, 255, 1)
Conv2D (64, 64, 255, 1)
GroupNorm (64, 64, 255, 1)
GroupNorm (64, 64, 255, 1)
RelLU (64, 64, 255, 1)
i3t 2 Adaptive AvgPool2D (64,64,1,1)
Flatten (64,64)
Linear (64, 7)

R5 HMEENMSFTENZERBESHEE
Tab.5 Hyperparameters selection for NODE model
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Epochs 160
Train_Batch_size 64
Test_Batch_size 128
Optimizer_SGD _ momentum 0.9
Learning rate 0.1
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