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Tab.5 Comparison of early warning
results of tariff recovery risk
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200 1 1 1 1 1
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Application of Long Short-term Memory Network Algorithm in Tariff

Recovery Risk Early Warning for Large Power Customers
XIE Linfeng', QIAN Lijun®, JI Cong', JIANG Ming®, LYU Hui'

(1. Jiangsu Frontier Electric Technology Co.,Ltd., Nanjing 211102, Jiangsu Province, China;

2. State Grid Jiangsu Electric Power Company, Nanjing 210024, Jiangsu Province, China)

Abstract: For a long time, tariff recovery risk of large power customers is a hot spot for electric power company. But because of

the lack of external data support and efficient early warning model, tariff recovery risk early warning has become a difficult

problem. Based on electricity consumption and electricity charge data, combining with the relevant business, tax and court

information of the enterprise, the paper established a serial of tariff recovery risk indexes for large power customers. Secondly,

the entropy method( EM) is adopted to evaluate tariff recovery risk assessment of customers” electricity bills, and the customer

risk level is divided according to the distribution of risk score. Weak influence indexes were filtered by weight coefficients and

overlapping indexes were dropped by correlation analysis. Tariff recovery risk early warning model was carried out by Long

Short-Term Memory( LSTM) network. Numerical example results show that the proposed risk early warning model was accurate

and effective, and the result gained by LSTM is better than Logistic regression in accuracy, precision and recall. The tariff

recovery risk early warning results can accurately locate high risk customers and improve tariff recovery efficiency.

Key words: large power customer; tariff recovery risk; risk early warning; deep learning; long short-term memory ( LSTM)
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