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A short-term load forecasting approach based on imposing sparseness
upon LSSVM integrated SMO algorithms

LIU Yao-nian, SHEN Yi-qun, JJANG Cheng-yuan, CHEN Ling-gen
(Northeast Dianli University, Jilin 132012,China)

Abstract: Least squares support vector machines (LSSVM) losses the sparseness of solution, because LSSVM only considers
equation constraint. It influences second learning efficiency. In order to solve the problem, LSSVM integrates with sequential
minimal optimization (SMO) algorithm and a modified pruning algorithm imposes sparseness upon the solution of LSSVM integrated
SMO algorithms. Compared with LSSVM, the integrative algorithms reduce calculation complexity and improve computing accuracy.
The integrative algorithms are applied in power systerm short-term load forecasting. Through comparison and analysis of load
forecasting results between the integrative algorithms, SVM and LSSVM, the results show the integrative algorithms have high
accuracy and high efficiency, so the accuracy of load prediction is furtherly improved.
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Tab.1 Comparison of forecasting results error of three

algorithms
Hq: ®E | A A A A A A A
% — = = v fi 7S H
emap | 246 | 270 | 275 | 170 | 1.29 | 327 | 3.43
B K [319 448 | 454 | 511 [ 419 ] 7.12 | 6.21
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M
emare | 170 | 131 1.86 | 254 | 1.24 | 233 | 2.14
B K| 356354308 (533|244 ] 669 | 586
A xf
LSSVM | &2
#gE|o0 0 0 2 0 2 3
>5%
M
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Tab.2 Load forecasting results on August 3, 2006

R % SEBMEMW TIEMW SR ZEA%) B Z EEREMW TEEMW  HXRE(%)
1:00 27.55 27.99 1.61 13:00 33.40 32.64 221
2:00 29.00 28.60 1.36 14:00 35.24 35.10 0.39
3:00 28.21 28.58 1.32 15:00 35.78 3513 1.80
4:00 27.82 28.43 2.19 16:00 34.68 34.96 0.79
5:00 30.72 31.36 2.09 17:00 36.16 36.45 0.81
6:00 3347 32.56 2.79 18:00 39.60 39.39 0.53
7:00 35.13 34.47 1.88 19:00 32,65 33.63 2.99
8:00 33.48 33.69 0.63 20:00 37.28 38.04 2.04
9:00 34.02 34.93 2.67 21:00 35.02 3592 2.58
10:00 34.82 36.21 3.99 22:00 32.65 31.90 2.30
11:00 37.34 37.70 0.96 23:00 30.68 30.50 0.59
12:00 31.59 32.71 3.53 0:00 26.72 25.92 2.99
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Tab.3 Comparison of training time

SVM LSSVM | K#ithh) | Fgithi

Hi Hix L-S Hi% L-S ®Hi%
XFREN 4 38 38 6
Y58t 1] /ms 3600 1700 1220.39 1747.8
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