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Power short-term load forecasting based on
big data and optimization neural network

JIN Xin', LI Long-wei', JI Jia-nan’, LI Zhi-qi*, HU Yu®, ZHAO Yong-bin*
(1. School of Information, Central University of Finance and Economics, Beijing 100081, China;
2. Personnel Testing Center, Ministry of Human Resources and Social Security, Beijing 100011, China;
3. Beijing State Power Communication Network Technology Company, Beijing 100070, China;
4. Liaoning Power Supply Company ICT Branch of State Grid Corporation, Shenyang110006, China)

Abstract: With the reduction of the cost of power data acquisition and the interconnection of large scale power systems,
the types of data available in the power network are becoming more and more abundant. In the past, the centralized fore-
casting method was limited to the analysis of the massive power data. Therefore, a short-term power load forecasting
based on large data and particle swarm optimization BP neural network was proposed, and short-term power load fore-
casting model was established. The actual load data of the national grid, using the method of prediction, compared with
the actual load data and centralized load forecasting results prove that this method is accurate enough, reduce the load
forecasting time with feasibility in practical application.

Key words: electric power data, particle swarm algorithm, parallel PSO to optimize the neural network, power load fore-

casting, power load factor
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Begin
PRI THE */
for Index=1:dimsize
postion=x(Index)+x(dimsizetIndex),
if postion>particle dimension_maxValue
postion= particle_dimension_maxValue;
else if postion<particle dimension_minValue
postion= particle_dimension_minValue;
end

x(Index)=postion,
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end
for iter=1:iter Max
for particleIndex=1:particleIndexSize;

let Result=
Partfit<objFun(pBest)&&cyclnd<Maxind,
while(Result is Ture)
/* 1 PSO BB A 22 [ 45 BUAE*/
let(vo.y1,**yu-1)=updating(xo,x1,*
let Result=Particle_fitness(yo,y1, "

Xn-1);
Y1)
continue;

end
end
PRI ZE P28 */
let Model=get model(Resulf);
let train_set=training set(t,,t2,"**.t,);
let Result= cycle Index>cycle Index max;
while (Result is False)

let (#,',%,',** .t/ )=compute(Model, t,t,,*** t,);
if (Result is Ture)

return (Model, Performace_Evaluation_results);
else

return 0;

end
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1:00 0.224 25 0.2121 -0.012 15 =5.41%
2:00 0.133 88 0.1315 —0.002 38 =1.77%
3:00 0.141 14 0.1121 —-0.029 04 -20.57%
4:00 0.218 80 0.228 7 0.009 9 4.52%
5:00 0.578 75 0.616 2 0.037 42 6.47%
6:00 0.624 15 0.632 1 0.007 95 1.27%
7:00 0.655 24 0.6552 0.000 24 0.06%
8:00 0.714 50 0.725 4 0.0109 1.52%
9:00 0.715 47 0.726 1 0.010 63 1.48%
10:00 0.784 56 0.788 0 0.003 44 0.43%
11:00 0.835 42 0.843 1 0.007 68 0.91%
12:00 0.845 56 0.856 4 0.010 84 0.12%
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