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Abstract: In order to effectively extract the fault signal characteristics of gears and rolling bearings in
gearboxes, overcome the limitation of deep learning model hyperparameter selection relying on
human experience, and improve the accuracy and stability of fault diagnosis, a two-channel neural
network fault diagnosis model based on Mayfly algorithm (MA) optimization was proposed. The
model uses a one-dimensional timing input gated recurrent unit (GRU) and a two-dimensional
image input convolutional neural network (CNN) to construct a dual-channel parallel architecture, and
introduces an adaptive batch normalization (AdaBN) algorithm. By using the global optimization
ability of MA, the hyperparameters of the model are adaptively adjusted with the diagnostic
accuracy of CNN-GRU as the optimization objective. At the same time, MA optimization effort is
compared with particle swarm optimization and genetic algorithm to evaluate its effectiveness in

model parameter optimization. The experimental results based on the gearbox data set of Southeast
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University and the bearing data set of Case Western Reserve University show that the model can

effectively extract the characteristics of vibration signals, and its fault recognition accuracy and

stability are better than typical deep learning models, and it shows strong robustness. Under

steady-state conditions, the recognition accuracy of the optimized CNN-GRU model on each data
set is significantly improved. Under noise conditions, the MA-optimized CNN-GRU (MA-CNN-
GRU) model exhibits excellent noise immunity. Under variable load conditions, the MA-CNN-

GRU model combined with the AdaBN algorithm achieves the highest average recognition accuracy. In

summary, the proposed model can detect gearbox faults efficiently and accurately, and it can

provide an important reference for the maintenance and stable operation of mechanical equipment.

Keywords: fault diagnosis; gearbox; gated recurrent unit; convolutional neural network; mayfly algorithm
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Table 1 Structural parameters of different network layer models

BRI 34
T R 25
2D(CNN) 1D(GRU)
CX1+GX1 12 :Ks=(3,3),K.=32 12K, =128,K,=0.5
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CX34+GX3 22 Ks=(3,3),K. =64 %2R K, =64,K,=0.5
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Fig. 2 Laboratory self-testing vibration platform
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Table 3 Superparameters optimized by three algorithms (2D)

HR R A EETAv e
R RS EFHF
ERZ 1 BRUZ 2 HBRUZ 3 ERZ 1 ERZ 2 EHZ 3
PR RFN 41X 4 3X3 3X3 32 64 64 0.600 0
AR EN RS 5X5 4X4 3X3 32 64 64 0.367 2
U Wi 5k 3X3 5X5 5X5 32 64 64 0.506 0
k4 3AFEEFHAHAEALAD) (5 FRBEBEAKMAITIRANAE E A

Table 4 Superparameters optimized by three algorithms(1D)

GRU # £t 44 EFRR
R
. GRU GRU N .
GRS 1R 22 32
JZ 1 22
iR RS 29 24 0.2690 0.2000 0.2000
kTREEE 29 21 0.4921 0.6000 0.6000
e e B 118 47 0.6000 0.5853 0.5308

Table 5 Influence of different hyperparameter combinations

on recognition accuracy

. ) N .
BEEE 0.0039  Adam 89 99. 67
BFBEETE 0.0043  Adam 40 98. 67
I YE 0.0018  Adam 29 100. 00
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Table 6 Diagnostic results under variable load conditions
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