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Abstract: Aiming at the problems caused by the data increase in the early fault monitoring of modern
rolling bearings, a fault diagnosis model for deep bidirectional long and short memory neural network
(DBILSTM) based on variational mode decomposition (VMD) and TEO energy window was put forward.
Firstly, the instantaneous energy characteristics of bearing vibration signals were extracted by the VMD-
TEO window function that optimized by the improved fruit fly algorithm. Meanwhile, the characteristic
matrix with time characteristic was constructed. Secondly, DBIiLSTM network model was trained by us-
ing the training set to determine the model parameters. Finally, the trained model was applied in the test
set to generate fault recognition results. The test used Case Western Reserve University bearing fault da-
ta set, and the results show that this method can effectively identify vibration signals of rolling bearings
with various fault types and different damage levels when dealing with large amounts of data problems.
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Table 1 Steps of algorithm

Input: 7RIS

Output : Eﬂii‘i’g&?ﬂé[a, K];

1 SEWIRIL: maxgen = 50, sizepop = 50, p, = 10; a=0.9;

2 for g=1 to maxgen do
3 for i=1 to sizepop do
M=y X o

X, = X_axis + u X Random

Y, = Y_axis + u X Random
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2 1
Dist= X7+ Y75 B=vxDists S, =+ B @ = 15S(i, s K, =25(i, 2); Smell, = fitness(a;, K,)

D

end

5 [ bestsmell, bestindex | = min(SmeH,)

6 If Smellg < Smellg,I

ST Smell M AR, A i U 1] 1007 B 5

end

7 end
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Fig. 6 Optimization results of VMD parameters
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Fig. 12 Model parameter optimization results
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Table 4 Parameters of DBIiLSTM model
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4 densel cell=200 Activation=ReLLU
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Fig. 13 Data test results
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