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A topology identification method based on relational- graph convolutional
network for distribution substation area with high renewables
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Abstract: A proposed topology identification method based on a relational-graph convolutional network addresses
the challenges faced by traditional methods in adapting to the complex electrical coupling characteristics of low-volt—
age distribution substation areas with a high proportion of distributed photovoltaic ( PV) integration. This paper an—
alyzes the influence mechanism of distributed PV integration on the identification of line-user relationships in low—
voltage substation areas and presents an adaptive method for identifying line-user relationships in distribution sub—
station areas with high-penetration distributed PV integration. This method achieves line-user relationship identifi—
cation through voltage Pearson correlation coefficient matrix modeling and global adaptive clustering. Considering
the topology association characteristics of distribution substation areas with high renewables the paper classifies and
matches distribution network node associations into separated hierarchical parallel and PV node acceptance rela—
tionships. An adjacent matrix model of substation area topology is established which is specifically adapted to dis—
tributed PV integration. This paper proposes a distribution substation area topology generation algorithm based on a
relational-graph convolutional network. By extracting voltage measurement data to create node feature portraits for
the substation area and employing graph link prediction to uncover potential node association relationships the dis—
tribution substation area topology is progressively generated. A case simulation comparison validates the effective—
ness of the proposed topology identification method which improves identification accuracy by more than 4. 3%

when compared to traditional algorithms.
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Fig.5 Flow chart for generating substation area topology
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Tab.2 Typical parameters setting for case study of

distribution substation areas

/%

1 A 13 2 15 13.3 2
2 B 30 28 58 438.3 2
3 C 59 10 69 14.5 3
4 D 81 35 116 30.2 4
5 E 92 28 120 23.3 6
6 F 110 20 130 15.4 4
MATLAB /Simulink
Intel Core 1540300 CPU 2. 50 GHz 16
GB Windows10 TensorFlow
R-GCN 3.
R-GCN
4:1 o
3 R-GCN
Tab.3 Training parameters table of R-GCN
a, 0.01
n 1
in_feat 72
out_feat 12
h_dim 20
Epoch 300
Optimizer Adam
Self_dropout rate 0.2
Other_dropout rate 0.4
Train_num 70 758
Test_num 17 689
3
ACC :
TP + TN
A =
ce TP + TN + FP + FN (9)
TP
 FP , FN
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o Tab.4 Topology generation accuracy in different
characteristic dimensions %
12 24 36 48 60 72
A 86. 15 93.71 99.48 99.60 99.70 99.78
B 80.59 93.15 99.04 99.30 99.45 99.51
C 85.34 92.88 97.95 99.19 99.30 99.48
D 73.94 91.39 97.13 98.97 99.16 99.37
E 80. 69 89.99 95.78 98.92 99.04 99.21
F 78.05 89.58 94.20 98.80 99.03 99.17
o 12
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Tab.5 Accuracy of topology generation for
different algorithms "%
GA DNN SVM GCN  R-GCN
A 15 95.29 94.63 97.47 96.93 99.60
B 58 93.58 93.68 93.69 96.38 99.30
C 69 87.31 93.83 92.53 95.50 99.19
D 116 83.05 93.45 90.86 95.12 98.97
E 120 74.73  93.17 88.57 95.12 98.92
F 130 10.28 92.84 86.96 94.50 98.80
6
Tab.6 Precision of topology generation for
different algorithms "%
GA DNN SVM GCN  R-GCN
A 15 95.47 94.70  96.32 96.93  99.26
B 58 93.32  93.05 93.28 96.17 98.75
C 69 87.20 93.43 92.13 95.64 98.61
D 116 83.98 92.82 91.69 95.43 98.44
E 120 74.05 92.78 89.42 95.78 98.46
F 130 9.71 92.82 88.16 95.03 98.37




61 7
2024 7 15

Vol. 61 No.7

Electrical Measurement & Instrumentation Jul. 15 2024

7

Tab.7 Recall of topology generation for

different algorithms

. %

GA

DNN

SVM

GCN

R-GCN

15 95.12
58 93.85
69 86.42
116 84.12
120 76.42
130 10.50

o Rl @ R-- RS
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94.23
94.08
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