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Research on diagnosis method of tower grounding grid
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Abstract: In the process of using electromagnetic induction method to diagnose the breakpoint of the grounding grid of the tower, aiming
at the error caused by manual diagnosis, this paper proposes a diagnosis model based on one dimensional-convolutional neural network
(ID-CNN) , the diagnosis model takes the one-dimensional magnetic field data directly above the grounding grid as input, and outputs
the number and location of breakpoint faults through a deep neural network. This paper firstly verified the effectiveness of electromagnetic
induction method in the diagnosis of tower grounding grid breakpoints through experiment, then a magnetic field breakpoint fault dataset
was established and a 1D-CNN diagnosis model was trained. In the diagnostic accuracy verification experiment, the diagnostic model
reached 97. 50% diagnostic accuracy on 40 faulty magnetic field samples, showing good generalization. The comparison experiment of the
diagnosis effect shows that the AUC value of the 1D-CNN diagnosis model reaches 0. 951, the average recognition rate of various faults in
three random trainings reaches 92. 08% , and the average test set accuracy in 15 trainings reaches 94. 30%. and the average training time
per generation is 0. 875 0 s, which has obvious advantages over DNN and RNN in various indicators.
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Fig. 1 Structure of pole tower grounding grid model
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Fig.3 Schematic diagram of experimental platform
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Fig. 4  Different fault magnetic field experiment curves
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Table 2 Structure of diagnostic model
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2 ConvlD_1 (50,4) (46,512) Kernel =5x1
3 MaxPoolingl D  (46,512) (23,512) MaxPooling =2
4 ConvlD_2 (23,512) (21,128) Kernel =3x 1
5 Activation_1 (21,128) (21,128) Activation =ReLL.U
6 Flatten (21,128) 1024 None
7 Dropout 1024 1024 Dropout=0. 4
8 Dense_1 1024 1024 Activation=ReL.U
9

Activation=ReL.U
Activation = ReLU

Activation = Softmax

Dense_2 1024 1024
10 Dense_3 1024 6
11 Activation_2 6 6
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Table 3 Diagnosis model verification test results
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Table 4 Comparison of test set accuracy of three models

SLEFS  DNN/%  RNN/% 5T 1D-CNN Wi/ %
1 0.7270  0.565 6 0.969 8
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3 0.8597 0.5189 0.974 6
4 0.8281  0.464 6 0.903 7
5 0.6667  0.4615 0.911 2
6 0.8401 0.5279 0.9429
7 0.7903  0.6124 0.973 1
8 0.7858  0.6139 0.9339
9 0.7270  0.567 1 0.974 6
10 0.7783  0.4751 0.970 1
11 0.7240  0.5419 0.961 0
12 0.8024  0.59538 0.944 4
13 0.7557  0.5053 0.891 6
14 0.7270  0.476 8 0.956 5
15 0.7376  0.2202 0.926 1
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