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The Development of Dynamic Forecasting Model for
Short Term Power Demand using Radial Basis Function Network

Joon Young Min' - Hyung Ki Cho'!

ABSTRACT

This paper suggests the development of dynamic forecasting model for short-term power demand based on
Radial Basis Function Network and Pal’s GLVQ algorithm. Radial Basis Function methods are often compared
with the backpropagation training, feed-forward network, which is the most widely used neural network paradigm.
The Radial Basis Function Network is a single hidden layer feed-forward neural network. Each node of the hidden
layer has a parameter vector called center. This center is determined by clustering algorithm. Theatments of class-

¥o] =L 19963% %A AGe) FRAgA Ay
98 ATEUL.
T3 38 VYA SRPLATRY AAA N 225
it 4 38 %!W}%‘;ﬂl}ﬂi AREU%H FAAY S8, AP
2 Z}A
EEH4 1974 249 179, HAMEE 19973 59 26Y



1750 SRHSHRISS =S T H4R W 7567.7)

ical approaches to clustering methods include theories by Hartigan(K-means algorithm), Kohonen(Self Organized
Featurc Maps : SOFM and Learning Vector Quantization : LVQ model), Carpenter and Grossberg(ART-2 model).
In this model, the first approach organizes the load pattern into two clusters by Pal's GLVQ clustering algor-

ithm. The reason of using GLVQ algorithm in this model is that GLVQ algorithm can classify the patterns bet-

ter than other algorithms. And the second approach forecasts hourly load patterns by radial basis function net-

work which has been constructed two hidden nodes. These nodes are determined from the cluster centers of the
GLVQ in first step. This model was applied to forecast the hourly loads on Mar. 4", Jun. 4", Jul. 4", Sep. 4",
Nov. 4% 1995, after having trained the data for the days from Mar. 1" to 3", from Jun. 1" to 3*, from Jul. 1"

to 3% from Sep. 1™ to 3", and from Nov. 1™ to 3™, 1995, respectively. In the experiments, the average absolute

errors of one-hour ahead forecasts on utility actual data are shown to be 1.3795%.
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(Fig. 5) Hourly load forecasting and actual load on Jun.
4™ (24-hour load forecast)
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(Fig. 6) Hourly load forecasting and actual load on Jul. 4"
(24-hour load forecast)
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(Fig. 7) Hourly load forecasting and actual load on Sep.

4" (24-hour load forecast)
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(Fig. 8) Hourly load forecasting and actual load on Nov.
4™ (24-hour load forecast)
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{Table 3) The result of goodness-fit test

Lower Limit  Upper Limit  Observed Freq.  Expected Freq. y4
atorbelow  -.61429 9 6.1 1.3630
-61429 -.50000 0 5.0 5.0339
-5.0000 -38571 3 76 27736
-.38571 -27143 7 10.4 1.1003
-27143 -15714 17 12.9 1.3125
-15714 -04286 2 145 3.8500
-.04286 07143 14 14.9 0.0491
07143 18571 20 13.8 2.7982
.18571 103000 9 116 0.5896
.03000 41429 7 8.9 0.3994
41429 .52857 3 6.2 1.6253
above .52857 9 8.2 0.0850

21=20.98 with 9 d.f. sig. Level=0.0129397
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(Fig. 9) Normal Probability plot
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