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Research on the Forecast of Electric Power Load Based

on Optimal Combination Prediction Model

WANG Meng,ZHANG Guo-you, TTIAN Li,

ZHOU Ming-long, WANG Jing
(School of Electric Engineering, Anhui Polytechnic University , Anhui Wuhu 241000, China)

Abstract: Electric power load forecast is the basis for the planning and safe operation of electric power, and
the improvement of forecast accuracy is the important point for the research on electric power load forecast. Because
of the changeable characteristics and uncertainty of load forecast, single forecast model is difficult to satisfy all
forecast conditions and combined forecast is a kind of forecast method by using prediction results from each
prediction to choose appropriate weight and coefficient for weighted average. Grey and time-series are used in single
prediction model ,then combined prediction model is set up by optimal combination for short-term load prediction of
electric power system and simulation experiment shows that optimal combination prediction model has higher
prediction accuracy than single prediction model and has certain advantage.

Key words:load prediction ;combined prediction ; weighted average
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Research on Logistic Demand Forecast Based

on Support Vector Machines and Neural Network

TIAN Li, CAO An-zhao, WANG Meng,ZHOU Ming-long, WANG Jing

(School of Electric Engineering, Anhui Polytechnic University , Anhui Wuhu 241000, China)

Abstract: The quantitative data of logistic demand are the important basis for regional logistic development
policy and planning, there are many factors influencing logistic demand, so traditional forecast method can not
overall consider all kinds of factors and has lower forecast accuracy. In order to improve the forecast accuracy of
logistic demand , combined forecast method is used to set up the combined forecast model based on support vector
machines and neural network, firstly support vector machines are used to forecast and forecast basic data are
obtained ,then residual modification is conducted by BP neural network ,and numerical example simulation analysis
indicates that the combined forecast model has higher accuracy,is a kind of effective forecast model and provides a
new idea for logistic demand forecast.

Key words :logistic demand ;support vector machines ; neural network
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