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Abstract

To improve the accuracy and stability of short-term load forecasting, a method of short-term load
forecasting based on different kernel support vector machine (SVM) variable weight synthesis is
proposed. In this method, firstly, the load history data is expanded, the feature is selected by cor-
relation analysis, and the historical data is mapped to the input-output relationship view to build
the forecasting space. Then, support vector machines of Gaussian kernel, Laplace kernel and Po-
lynomial kernel function are used to study in the forecasting space respectively, and the perfor-
mance of the model is tested by the 10 fold cross validation. Finally, the variable weight is con-
structed by using the accuracy and standard deviation of performance test, and the power load
forecasting is realized by variable weight synthesis of multiple model. Example analysis shows
that compared with methods such as Gaussian kernel support vector machine, partial least
squares, decision tree and Bagging, the new method improves accuracy by 0.382%, 3.079%,
3.188% and 2.6%, and stability by 0.383%, 2.452%, 1.781% and 1.43%, respectively.
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Figure 1. Correlation between load feature to be forecast and
historical load features
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Figure 2. Comparison of power load forecasting values
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Wi 2 Frow, KRG LR 53 e ) 26 5 B SE ZR i 22 7, C-SVM TN i) h 28 5 B S A
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Table 1. MAPE of forecast models

= 1. BEFNET 589 MAPE

C-SVM G-SVM PLS DT Bagging
T, 0.900 1.196 4.014 4.162 3.656
T, 0.877 1.239 3.800 4.991 4.489
Ts 1.376 1.623 4729 4625 3.830
T, 1.373 1.820 4.285 4743 4.124
Ts 0.988 1549 3.552 5556 4.641
Te 1.435 1.859 4.693 3.567 3.242
T 2471 2,505 5.602 3.793 3.340
Avg 1.303 1.685 4.382 4.491 3.903
g3 — 0.382 3.079 3.188 2.600
Max 2471 2,505 5.602 5556 4641
Bgii3 — 0.334 3431 3.385 2470

TE: RPN B

e 1 fzs, C-SVM fifs MAPE 53/ T & J7 % MAPE, MAPE I35 1.303%, HAMEN
2.171%. %f Lt G-SVM.PLS. DT L) & Bagging, C-SVM ¥4 T A £ 43 5l 4eidk T 0.382%- 3.079%. 3.188%-

2.6%; FF¥ii Kk MAPE {82 724t 1 0.334%. 3.431%. 3.385%LL K 2.47%.

X b DA BT 24~30 H fif 431 MRE H, &5 R4 2 Fios.
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Table 2. SRE of forecast models
< 2. WEFUNET 589 SRE

C-SVM G-SVM PLS DT Bagging
T, 0.791 1.127 3.497 2.665 2.223
T, 0.680 1.063 3.273 2.867 2.665
Ts 0.777 1.233 3.547 2,545 1.865
T, 0.921 1.261 3.896 2.096 1.924
Ts 0.742 1.234 2.155 3.667 3.375
Te 0.837 1.064 2.167 2.439 2.095
T 1.074 1520 4454 2.008 1.685
Avg 0.832 1215 3.284 2.612 2.261
B3 — 0.383 2.452 1.781 1.430

TE: RPN o

Wi 2 fizx, C-SVM K SRE {E A 43 /N 1%, RIHI C-SVM 7E T R % shlg FEAS K, S0 A
faE. 5 G-SVM. PLS. DT VLK Bagging [¥J SRE ¥MEAHLL, C-SVM ¥ Tl fa e P 73 7l et 7 0.383%-
2.452%. 1.781%LL }% 1.43%.
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