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Table 1 Comparison of experimental MAPE
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Table 2 Comparison of speedup rate for
dataset magnified 1000 times
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Distributed short-term load forecasting algorithm

based on Spark and IPPSO_LSSVM
WANG Baoyi, WANG Dongyang,ZHANG Shaomin
(School of Control and Computer Engineering,North China Electric Power University,Baoding 071003, China)

Abstract: Aiming at the insufficient resource of single computer,a short-term load forecasting model based
on LSSVM (Least Squares Support Vector Machine) optimized by IPPSO (Improved Parallel Particle Swarm
Optimization) algorithm is proposed to improve the accuracy of load forecasting. A Spark-on-YARN
memory computing platform is introduced and the IPPSO is operated there to optimize the uncertain
parameters of LSSVM,which are then applied in the load forecasting. The parallel and distributed
computation is adopted to improve the accuracy of forecasting algorithm and the capability of massive
high-dimensional data processing. Experiment and analysis are carried out with the actual load data
provided by EUNITE on an 8-bus cloud computing platform and results show that,the proposed algorithm
has belter accuracy than the generalized traditional neural network algorithm and better efficiency than the
MR-OSELM-WA (MapReduce-Online Sequential Extreme Learning Machine-Weighted Averaged) algorithm.

Key words: IPPSO; LSSVM;

machines; parallel processing; optimization

Spark; electric load forecasting; short-term forecasting; support vector
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Optimal reconfiguration of distribution network with DG and STATCOM
WU Zhongqgiang,ZHAO Liru,JIA Wenjing, WU Changhan
(Key Lab of Industrial Computer Control Engineering of Hebei Province,College of Electrical Engineering,
Yanshan University, Qinhuangdao 066004, China)

Abstract: An improved GA (Genetic Algorithm) is applied to realize the DNR (Distribution Network Recon-
figuration) ,which introduces DG (Distributed Generation) and STATCOM into the distribution network model
to include its recent development. The influences of DG and STATCOM on DNR and power quality
improvement are discussed. The hybrid binary and decimal coding method and the special crossover and
mutation operation are adopted to avoid the infeasible solutions of GA. The cloud algorithm is applied to
improve the crossover rate and mutation rate for enhancing the convergency of GA. The simulative results
for IEEE 33-bus distribution network prove that the proposed method realizes the DNR effectively and the
application of DG and STATCOM enhances the power quality and reliability successfully.
Key words: network reconfiguration; distribution network; genetic algorithms; cloud model; distributed

power generation; STATCOM
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