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Deep reinforcement learning fault diagnosis method under
noisy interference environment

Liu Xiaofeng Xu Quangui Jin Yan Bo Lin

(State Key Laboratory of Mechanical Transmission for Advanced Equipment, Chongging University, Chongqing 400044, China)

Abstract: Aiming at the poor robustness of deep reinforcement learning for fault diagnosis in strong noise interference environments, a
reinforcement learning fault diagnosis method with noise interference environment adaptation is proposed. The efficient channel attention
mechanism based deep residual shrinkage network ( ECA-DRSN) is taken as the basic framework of Q-network to avoid the phenomenon
of gradient vanishing caused by the complex structure of Q-network. In the ECA-DRSN, the efficient channel attention mechanism is used
to adaptively adjust the softening threshold, and the dilated convolution is introduced in the convolution layer of the residual shrinkage
unit to obtain the fault characteristics in different scales under the noise environment. Meanwhile, the exponential linear unit is used as
the activation function to further enhance the noise robustness. A quantized reward function based on signal-to-noise ratio is designed to
stimulate self-directed exploratory leamning of Agent. Combining the dueling ) network learning mechanism with the prioritized
experience replay mechanism, the optimal diagnostic strategy of agent is generated and applied to identify the equipment fault states
under noise interference environments. Example analysis results show that the recognition accuracy of bearing and gearbox faults using
the method of this paper can reach 98.13% and 93.45%, respectively, and has better robustness to different intensity noise and
adaptability to the environment.
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training on the UConn dataset
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comparison test results
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Table 3 Self-measured rotor bearing data troubleshooting

comparison test results specific values

PONE RN 1 2 3 4 5 6
proposed 91.83 92.53 93.1 95.25 98.64 99.47
D3QN 89.22  90.81 92.69 94.41 98.06 99.13

DRSN18 89.91 92.04 91.18 93.13 97.49 98.84
RESNET50 89.65 90.76 91.75 91.21 96.91 98.22
WDCNN 76. 4 81.35 84.42 87.96 94.21 96.35
IDCNN 68.28 74.27 80.66 85.93 91.99 93.75
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