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Fault location method in distribution network based on GrapSAGE algorithm

Hong Cui  Wu Yiwei Gao Wei Guo Moufa

(College of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350108, China)

Abstract: A fault location method based on GraphSAGE ( graph sample and aggregate, GSA) algorithm is proposed in this paper. The
morphological black hat operation is performed on the power-side bus voltage of the distribution network as the fault detection criterion to
start the fault location algorithm. The GSA model is used to independently mine topology and zero sequence current features, and
function mapping is established according to node features and labels to evaluate the running state of the line to achieve fault location.
Based on the PSCAD/EMTDC simulation platform, an IEEE 33-node simulation model is constructed to acquire data resources and
validate the proposed method. Reliable fault location results are obtained by applying the proposed method. Furthermore, in distribution
networks with topological changes, the model can obtain reliable fault localization results without retraining, which verifies the robustness
and adaptability of the method to topological changes.
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Table 1 Optimal parameter combination of
CNN, MLP, GCN and GSA models
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Table 4 Comparison of the fault location models
based on GCN and GSA when it is noisy
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GCN 0. 005 80 64 0.6 X A

GSA 0. 005 80 64 0.6 X A
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Table 2 Comparison of the fault location models
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Table 5 Comparison of the fault location models based

on GCN and GSA when sampling is delay
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Table 6 Parameter settings of the Emanuel model

Z4Y B e 24 e
R,/Q 5~10 V,/kV 1.2~1.5
R,/Q 5~10 V,/kV 1.2~1.5
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Table 7 Comparison of the fault location models
based on GCN and GSA under arc faults

B LI R
GCN 91.03%
GSA 95.41%
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Table 8 Comparison of these fault location

models after topology changes (%)
LAY S AV AN 2 ALIE B D 3
CNN 94. 04 75.31 71.20
MLP 90. 82 67.62 69. 67
GCN 96. 56 83.92 80. 38
GSA 97. 60 94. 93 93. 30
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Fig. 10 Location accuracy of these fault location

models under different topology
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Table 9 Line parameters of the physical simulation system

2R R IR/ Q RHRE/mH X HIE A/ WF
Mz % (0.5 km) 0. 54 0.255 0.035
Bzs 2Bt (1 km) 1.08 0.510 0.070

x10 MEERESH

Table 10 Failure configuration information
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Table 11 Experimental location accuracy
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