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Analysis on the causes of low voltage in distribution network based
on multi-task assisted learning

Fan Liping'® Zhu Qing' Li Huangqiang" Du Fengyi” Huang Yu’ Liu Yunfei’ Wang Dongjuan'
(1. College of Computer and Information, China Three Gorges University, Yichang 443002, China;
2. State Grid Yichang Electric Power Supply Company, Yichang 443002, China)

Abstract: The current low voltage(LLV) in the distribution network is becoming more and more serious, which seriously
affects the daily life of residents, and the feedback of maintenance work orders is vague and unable to accurately locate
the cause. In order to solve this problem, a LV cause analysis model based on multi-task assisted learning is proposed in
the paper. Firstly, raw data such as current and voltage at 96 points of the LV users are obtained, and the pre-processing
of raw data is achieved. Secondly, the deep features of the data are mined by using bidirectional gated recurrent unit
(BiGRU) neural network, at the same time, the analysis of the main cause of LV is set as the main task, and the
analysis of sub-causes is set as the auxiliary tasks, and which are used to strengthen the learning of hidden features in the
data and provide additional supervisory information for the main task. Multi-task joint training is used to train the main
cause analysis model, assist the model to learn more robust feature representations and improve the accuracy of LV cause
analysis. The experimental results show that the LV causal analysis model based on multi-task assisted learning
proposed in this paper has better analysis and localization ability, and the final classification accuracy can reach 95. 58 %.
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Fig. 1 The basic structure of the GRU
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Fig. 2 The basic structure of a BIGRU neural network
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Fig.3 Schematic diagram of the hard sharing mechanism
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Fig. 4 The structure of the low-voltage genesis analysis model of distribution network based on multi-task assisted learning
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Table S The impact of the loss percentage on the performance of the model

MT T1 T2 T3 T4 T5 WEhR/ % KEE/ % HEE/% Fl-score/%
0. 90 0. 02 0. 02 0. 02 0.02 0. 02 95. 35 95.37 95. 35 95. 33
0. 90 0. 005 0.015 0.05 0.01 0.02 95. 58 95. 31 95.58 95. 41
0. 90 0.01 0.01 0. 06 0.01 0.01 95. 38 95. 27 95. 38 95. 31
0.95 0.01 0.01 0.01 0.01 0.01 95. 55 95. 17 95. 55 95. 31
0. 80 0. 04 0. 04 0. 04 0. 04 0. 04 94. 46 94. 31 94. 46 94. 35
0. 80 0.03 0.03 0.08 0.03 0.03 94. 23 94. 25 94. 23 94.23
0. 80 0. 02 0. 04 0. 07 0.03 0. 04 94. 48 94. 25 94. 48 94. 35
0. 85 0.03 0.03 0.03 0.03 0.03 95.17 94. 91 95. 17 95. 02
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Table 6 Comparison of classification results of

different models 73

| WERE KfE  HEE Fl-score
CNN 84. 17 82.77 84.17 82.15
BiLSTM 93.42 93. 20 93.42 93.29
GA-SVM 88.63 87.54 88.63 87.71
Transformer 90. 16 90. 09 90. 16 90. 12

BiLSTM-Attention 93.45  93.16  93.45  93.23
Bi-LSTMA-CNNA  91.49  90.81  91.49  91.21
EREES-WiLiIN 92.18  92.09  92.18  92.13
AL 95.58  95.31 95.58  95.41

11.41%.12.54% . 11. 41 % ,13. 26 % , & B A S0 4% AU A

B F 2 2 JEAE 30U TP 0 B R G R 5 T S BILSTM-At-
tention F YA Fb . AR SCARE Y () o B R RS A R L A B3R
Fl-score %3 % It BILSTM-Attention #& % & 2.13%.
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