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Factorization Machine Model for Power Outage Classification Prediction

RAN Yi', WANG Runnian', PAN Hongwei', YU Haimeng’, YUAN Peisen’
(1.Marketing Service Center, State Grid Xinjiang Electric Power Co.,Ltd., Urumgi 830000, China;
2.NARI-TECH Nanjing Control Systems Cos, Ltd.,Nanjing 211106, China;
3.College of Artificial Intelligence ,Nanjing Agricultural' University , Nanjing 210095, China)

[ Abstract] Reliable power supply is important for industrial production and residential daily life. By analyzing and
mining the outage data in power data platforms, we can better-understand the potential law of network outage
distributions. Classification prediction is a common technology in data mining and analysis. Outage classification
prediction can provide a decision-making reference for outage planning as well as the arrangement of enterprises and
institutions.Concerning blackout classification and prediction, a blackout data classification and prediction model based
on the Factorization Machine (FM) model is proposed. The Gini coefficients of different features in outage data are
calculated using a decision-tree algorithm.to obtain the importance score, and the non-sparse features demonstrating a
high correlation with outage prediction are selected. According to the geographical location relationship of different
regions, the spatial location matrix between different regions is constructed, and the spatial geographic location
correlating features of different regions are constructed using matrix decomposition. To prevent overfitting in the FM
model, L2-norm regularization is added to the model. On this basis, the FM model is trained using random gradient
descent, and the outage data.are classified and predicted by the trained FM model. The experimental results on the real
outage dataset show that the F1-score and accuracy of the model on the training and test datasets are as high as 0.90 and
0.89, respectively, which is better than other models, such as DNN,SVM, and XGBoost.

[ Key words] power outage classification prediction; decision tree; matrix decomposition ; Factorization Machine(FM ) ;
Stochastic Gradient Descent(SGD) method
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Fig.1 Importance score of non-sparse features

N T A0 U A £ B 0 P DL R AR Bl e 3
R SR 1 1 IBURRALE A 280, 7 S0 30l M) P L 3 3o BB )
iR DA b 4 9 00 A A i e TR AT SR, LA 2 B i 0
T EIFLE ERER LIS T ], SRR A R AR 2 iR .
M2 AT LA Y AR SCRRAE S O 15 RE S AT 254 T+ FM
BRI PERE , 75 F1AIERS AR 2 B4R A7 3271 A
A TR B R A DI A 2 8 B[] DT AR 4 SR Fg A
TIYI R a] , 32 18 W 28 2 R ik 4 U - HEA TR R T 2%
RERS 1Y 29I ZRirta] 15 45 CPU B

R2 HERBETEHXEER
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Fig.2 The accuracy and F1 value curve of the model
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Table 3 Evaluation index results of different models

in the training set
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Table 4 Evaluation index results of different models
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