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Table 1  Sag prediction results obtained by traditional
BP and PSO-BP model
Sl m BP PSO-BP
IR/ m  MXRZE/%  EE/m ADURZE/ %
3.12 3.0899 -0.964 743 590 3.102 1 -0.573 717 949
3.37 3.1755 -=5.771 513 353 3.4017 0. 940 652 819
4. 88 4.920 1 0.821 721 311 4.8533 —-0.547 131 148
4.36 4.4013 0.947 247 706 4.472 6 2.582 568 807
3.38 3.1114 -7.946 745 562 3.5107 3. 866 863 905
4.63 4.6023 -0.598 272 138 4.7115 1.760 259 179
4.43 4.233 1 -4.444 695 260 4.4159 —-0.318 284 424
3.27 3.3102 1.229 357 798 3.280 9 0.333 333 333
5.32 5.4109 1.708 646 617 5.3558 0. 672 932 331
5.21 5.2775 1.295 585413 5.2010 -0.172 744 722
6.75 6.823 1 1.082 962 963 6.796 3 0. 685 925 926
6.22 6.1002 -1.926 045016 6.2015  -0.297 427 653
5.90 6.0320  2.237288 136 5.9859 1. 455 932 203
5. 65 5.6172 -0.580530973 5.6308  —0.339 823 009
5.46 5.420 1 -0.730 769 231 5.493 6 0.615 384 615
5.03 5.207 4 3.526 838 966 5.000 2 —0.592 445 328
6.73 6.817 5 1.300 148 588 6.688 2 —-0. 621 099 554
6.15 6.1203 -0.482 926 829 6.166 7 0.271 544 715
6.45 6.495 3 0.702 325 581 6.470 1 0.311 627 907
6.75 6.8551 1.557 037 037 6.770 5 0.303 703 704
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Transmission line sag prediction based on PSO-BP
neural network with unbalanced data

LI Jiayu' LIAO Ruchao’ LI Yukai'

1 School of Automation,Guangdong University of Technology, Guangzhou 510006
2 Machine Patrol Management Center, Guangdong Power Grid Co., Ltd. , Guangzhou 510000

Abstract A BP (Back-Propagation) neural network model optimized by PSO ( Particle Swarm Optimization) and
based on data preprocessing is proposed for sag prediction of overhead transmission lines,in order to solve the sus-
ceptibility of sag computation to measured data of temperature ,wind speed,span and other parameters.For the miss-
ing data in collected database, the Synthetic Minority Oversampling Technique ( SMOTE) was used to synthesize
unbalanced samples. The proposed PSO-BP neural network was trained and tested by data obtained in different
working environments. Experiments were carried out to verify the effectiveness of the proposed approach.The results
showed that, compared with traditional BP neural network , the proposed model has a significant reduction in the rel-
ative error of sag prediction,and can accelerate the training speed as well as improve the sag prediction accuracy.

Key words PSO-BP neural network ; synthetic minority oversampling technique (SMOTE) ;sag



