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Multi-attention residual spiking neural network-based
grounding grid fault diagnosis
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(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: In this paper, a multi-attention residual spiking neural network ( MAR-SNN) -based grounding grid fault diagnosis method is
proposed to deal with the existing single and unintelligent problems in the diagnosis of grounding grid. Firstly, creating the grounding
erid dataset for training, using the electrical impedance tomography ( EIT) after re-meshing to improve imaging speed and enhancing
image features between different fault levels by using the local adaptive contrast enhancement method; Secondly, the MAR-SNN model is
built by a new multi-attention spiking residual block is proposed to realize the intelligent fault diagnosis of grounding grid. The residual
block performs identity mapping after two spiking neurons, adopts PLIF spiking neurons and BN layer, and introduces multi-attention
mechanism to improve the accuracy of model recognition separately; Finally, using EIT and the trained MAR-SNN model to construct the
intelligent fault diagnosis model of grounding grid. The comparative analysis of the models shows that the performance of MAR-SNN is
superior to the existing advanced models, and in the test set the accuracy is 96. 31%. Among them, the accuracy of mild and medium
corrosion degree can reach 100% and 97.20% respectively. At the same time, the experimental results show that the proposed method
can realize the intelligent fault diagnosis of grounding grid including fault detection and level identification, so verify the effectiveness and
feasibility of the method.
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Fig. 1 The block diagram of MAR-SNN-based

grounding grid intelligent fault diagnosis
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Table 2 The best test results of
different SNN frameworks

FF 5 R £ 254 UEEd ik pRE
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3 Spiking-Resnet18 94.19 0. 025
4 SEW-Resnet18 94. 69 0.024
5 SEW-Resnet19 94.38 0. 025
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Table 3 The best test results before and

after dataset processing
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Table 5 The best test results of different BN layers

AL e Mt NGRMERR/ % BURPREL 5 B HH—RE IR % Bk R
1 SEW-Resnetl8 IF 95.25 0.021 1 SEW-Resnet18( PLIF) BN 95.81 0.018
2 SEW-Resnetl8  LIF 95.31 0. 020 2 SEW-Resnetl8(PLIF) TEBN 95.19 0.021
3 SEW-Resnetl8  PLIF 95. 81 0.018 3 SEW-ResnetI8(PLIF)  TDBN (0.7,0.5) 95.13 0.022
4 SEW-Resnetl§  DSR 95.44 0.021 4 SEW-Resnetl8(PLIF) TDBN (1,150.7,1)  95.75 0.020
5  SEW-Resnetl§  GLIF 95. 00 0.023
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Table 6 The best test results of different

attention mechanisms

¥ 2% 4544 WIZRHERF /% PR PR
1 TA-SNN 95.81 0.019
2 CA-SNN 95.5 0.019
3 SA-SNN 94.75 0.022
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5 TSA-SNN 94.94 0.022
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9 MAR-SNN 96. 31 0.017
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Table 7 Fault diagnosis results of MAR-SNN
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Table 8 Test accuracy of each fault level
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Fig. 17 Experimental platform of grounding grid model
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Table 9 Experimental fault diagnosis results
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