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1
Tab.1 Load forecading resuts of ’ FWN
a certain power network
—BPWN _ANN
[ MW | % [ MW | % ’ ) ’ ’
1 1077  1095.89 1.7  1040.53 -3.4 ,
2 102 1022.77 -0.9  1062.22 2.9 )
3 1005 980. 32 -2.5 1051. 65 4.6
4 1011 994.52 -1.6  998.66 -1.2 ’
5 1003  1021.95 1.9 996. 79 -0.6 , )
6 1035 1058.51 2.3 1002.54 -3.1
7 1152 1126. 48 -2.2 1193.36 3.6
8 1189  1198.73 0.8 1221.89 2.8
9 1460 1411.23 -3.3  13%4.89 - 4.5
10 1523  1501.07 -1.4 1488.21 -2.3
1 1579  1606.82 1.8  1543.77 -2.2 [1] , , (NIU Dong-xiao ,XINGMian &t d) .
12 1509  1542.59 2.2 1555.19 3.1 (Wavdlet
13 1424 1389.64 -24  1470.92 3.3 Neural Network Model for Srort-term Load Forecading) [J].
WSS 14725 1.5 1464.59 0.7 (Rower Syserm Techrology) ,1999,23 (4) :21 -
15 1478 1487.30 0.6 1522.33 3.0
16 1502  1545.45 2.9 1476.39 - 1.7 24
17 1540  1526.19 -0.9  1500.00 -2.6 [2] Mukerjee S,Nayar S K. Autometic Generation of RBF Net
18 1560 1589. 76 1.9 1516.88 - 2.8 works Usng Wavelet[J]. Patern Recognition 1996 ,29(8) :
19 1586  1542.87 -2.7  1526.64 -3.7 1369 - 1383.
20 1570  1538.60 -2.0  1609.72 2.5 [3] , (XU Changfa Li Kuarrguo) .
21 1524 1546.29 1.5 1557.74 2.2 (Practicd Wavelet Method) [M].
2 1A 14255 i\ M 3.6 (Wuhan : Huazhong Universty of Science and Techrolor
23 1293 1268.43 -1.9 1257.36 -2.8
24 1106 1080.55 -2.3  143.3%4 3.4 g Fresy ,2001.
5 [4] , , . (TAI Nengling ,HOU Zhi-jian,
. LI Teo et d).
Tab. 2  Forecading data o
(New Principle Based on Wavelet Trandorm for Rower
PN MAPL % ANN WAPET %% Syg¢em Sort-term Load Forecadt) [J].
7.21 3.673 5.214
8.4 2 g5 4,500 (Proceedings of the CSEE) ,2003 ,23(1) :45 - 50.
8.19 3.387 5.746 [5] Peapadakis S E, TheocharisJ B ,et d. A Novd Approach to
6.7 1.841 2.775 Sortterm Load Forecaging Usng Fuzzy Neura Networks
1MAPE:'ZJZ Zi TER) I % [J]. IEEE Transactionson Power System ,1998 ,13(2) :480 -
1= Yi 492.
2003-06-23; . 2003-08-10
, (1978-), , ,
(1963-), ,

(1%45-), ,
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A method of power sysem short-term load forecasting based on fuzzy waveet neural networks

WANG Xirrxiu, WU Yaowu, XIONG Xirryin, HUANG A-giang
(Huazhong Universty of Science and Technology , Wuhan 430074 , China)

Abdract : A rove short-term load forecading model based on fuzzy wavelet neura networks( PWN) ispresented in thispgper. Because PN

combines the time-frequency locdization ahility of wavelet , fuzzy irferring and the education character of ANN together ,its ability to reach the
dobd bed resutsis greatly improved. The PN includes a set of fuzzy rues and saverd sub- VWNNs. Every sub- WNN , corregponding to a
certain fuzzy rue, condgs o waveetswith a ecified dlation . By adjuging the trandation parameters o the wavelets and the shepe of mem

bership functions, the accuracy and generdization capahility of FWN can be remarkably inproved. The cdculation result shows that the pre

sented nodd s dfective.
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