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Mid2Term Hectric Load Prediction Based on the Rdevant Vector Machine

Liu Zunxiongl, Zhang Deyunl , Sun Qi ndongl, Xu zheng2
(11chool of Hectronics and Irformetion Engineering, Xi' an Jieotong Universty , Xi' an 710049, China; 21School of Hectronics and
Hectric Engneering, Eagt China Jiaotong Universty , Nanchang 330013, China)

Absract : The mid2erm dectric load prediction is an exiging difficult problem whose predicted ol utionoften has a larg2
er error. An RVM (relevant vector machine) 2based mid2term pregdiction method is proposed for slving the problem. With
the practicd data provided by BUNITE2network , the relations of before2fter duration of daily maximum load , the relation
between daily maximum load and holidays, and exiging relation between the day s maximum load and the corregponding
weeks are invegigated and the nodd of the mid2erm dectric load prediction is condructed. In the modd , the n preced?
ing irformetion related to certain day is regarded as daily maximum load of that day , and the relation irformetion between
the daily maximum load and holidays, number of weeks (the day ) is represented as two hi2va ues. Before training the
node , the preceding 7 atribute values of input variables and the predictive goa value are rormdized. Udng different
tran sanple sts, the smulation experiment result denongrates that the RVM method has nore advantages than support
vector machine method. When the Gaussan kernel function width is 210 , RVM method possesses more perfect prediction
performance.
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