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Mid-long term load forecasting in power system by genetic programming

XU Guang-hu
(Department of Hectricad Engineering, Shangha Jiaotong Universty , Shanghai 200030, China)

Abstract :  Genetic programming( GP) isintroduced to solve midlong term load forecasting. Forecasting modds are taken asthe i
dividudsof GP, which searches the gptimal forecasting mode by reproduction , mutation and crosover according to the rule of good
kept and bad diminated. It can create automaticaly load forecasting model induding the function form and the numerica coefficients.
To redlize the modd , Read linear code is used to codegenetic individualy. The treelike individuals are replaced by decima codes and
the genetic operation isimplemented by the operation of the linear code, which inprove the computing eficiency. The resultsof an
nual forecasting of dectric power for ome region and comparion with the conventid regresson modd show that GP modd can inr
prove forecasting precison obvioudy.
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