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Abstract

The authors proposed gradient boosting regression method based on wavelet transform consi-
dering the influence of weather factors and the characteristics of the load and meteorological data.
The load and meteorological data were decomposed into several subsequences in different band
by wavelet transform respectively. Forecasting the load subsequence by building different gra-
dient boosting regression model, lastly, the final forecasting result is attained via adding all
child-load-serials forecasting results. It has been showed by load data of a city in north China that
the method achieved good prediction accuracy.
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Figure 1. Short-term load forecasting model
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Table 1. List of input features for different series
7 1. BFFITNMEE AN E
Fr31) LSENZIPN THE

LC3(~1) ~ LC4(-11), LC3(0)—1~ LC4(0)—11, LC3(~1)-1~ LC4(-1)-9
’ TC3(-1) ~ TC3(-5), HC3(-1) ~ HC3(-5), PC3(-1) ~ PC3(-2), WC5(-1) ~ WC5(-2)
LD3(~1) ~ LD5(~11), LD4(0)—1 ~ LD3(0) —11, LD4(~1)-1~ LD5(~1) -9

LDs LD;(0)
TD3(-1) ~ TD3(-5), HD3(-1) ~ HD3(-5), PD3(-1) ~ PD3(-2), WD3(-1) ~ WD3(-2)

LC LC5(0)

o LD,(~1) ~ LDy(~11), LD»(0) -1~ LDy(0)—11, LD,(~1)-1~ LDy(-1)—9 TDy(~1) ~ TD,(-5), -
2 HD, (1) ~ HD5(-5), PD,(-1) ~ PD5(-2), WD,(-1) ~ WD(-2) 2()

o LDy(~1) ~ LDy (~11), LDy(0)—1~ LDy(0)~11 LDy(~1)-1~ LDy(~1)—9 L01(0)
! TDy(~1) ~ TDy(-5), HDy(~1) ~ HDy(-5), PDy(~1) ~ PDy(~2), WDy(~1) ~ WD (-2) '
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Table 2. Parameter values of WGBR and GBR models
5% 2. WGBR X GBR #&& & #ik1¥E

T 5 51 B BRI B W ) B R IR EE kS
LCq 600 4 0.009
LD, 200 4 0.1
LD, 200 4 0.1
LD, 500 2 0.05
GBR Tl 7 fiif 500 4 0.008
Table 3. Statistics of average relative error for a week
3. —AMEHAE MREST
HHAH/A) 16/8 17/8 18/8 19/8 20/8 21/8 22/8
B — = = g . N H
WGBR 1.59 1.59 141 1.37 151 1.75 1.55
Eyppe P
GBR 3.58 261 2.92 243 1.83 3.19 2.38
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Table 4. Load forecasting result on the Nineteenth day by the WGBR and the GBR methods
72 4. 19 H&E WGBR #1 GBR J53A%t fafar il A 25 &

WGBR GBR
i Zl S A7 A TR 47 g & e ol 7 g € pe
/h IMW IMW 1(%) IMW 1(%)
0 1121 1130.8 0.87 1093.4 2.46
1 1034.9 1048.1 1.28 1071.6 3.55
2 1022.6 1040.9 1.79 1017.3 0.52
3 1007.6 1005.5 0.21 1016.3 0.86
4 995.5 975.6 2.00 1007 1.16
5 1022.1 1019.5 0.25 1041.9 1.94
6 1134.2 1128.0 0.55 1108.1 2.30
7 1185.3 1195.9 0.89 1227 3.52
8 1299.9 1278.9 1.62 1291.6 0.64
9 1421.7 1399.2 1.58 1399.5 1.56
10 1442.8 1438.5 0.30 14425 0.02
11 1467.3 1471.8 0.31 1442.1 1.72
12 1335.4 1359.5 1.80 1359 1.77
13 1303 1286.1 1.29 1308 0.38
14 1316.9 1305.6 0.86 1355.3 2.92
15 1436.9 1410.6 1.83 1407 2.08
16 1502.4 1464.7 251 1442.9 3.96
17 1522.1 1511.7 0.68 1439.4 5.43
18 1516.5 1490.4 1.72 1427.2 5.89
19 1399.4 14354 2.57 1402.6 0.23
20 1596.7 1581.6 0.95 1459.2 8.61
21 1533.5 1532.1 0.09 1477.4 3.66
22 1383.2 1416.6 241 1368.5 1.06
23 1198.1 1254.2 4.68 1224 2.16
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Figure 2. Actual load and forecasting load curve of a week
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Figure 3. Comparison of forecasting load errors for a week
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Figure 4. Actual load and forecasted load curve of a Monday
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