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In this paper, we design the learning algorithm of LVQ which is used Forward Counter
Propagation Networks to improve classification performance of LVQ networks. The weights
of Forward Counter Propagation Networks which is between input layer and cluster layer
can be learned to determine initial reference vectors by using SOM algorithm and to learn
reference vectors by using LVQ algorithm. Finally, pattern vectors is classified into
subclasses by neurons which is being in the cluster layer, and the weights of Forward
Counter Propagation Networks which is between cluster layer and output layer is learned
to classify the classified subclass, which is enclosed a class. Also, if the number of classes
is determined, the number of neurons which is being in the input layer. cluster layer and
output layer can be determined. To prove the performance of the proposed learning
algorithm, the simulation is performed by using training vectors and test vectors that are
Fisher's Iris data, and classification performance of the proposed learning method is
compared with ones of the conventional LVQ, and it was a confirmation that the proposed
learning method is more successful classification than the conventional classification.
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n m n m n m n m
2 2 7 3 12 4 17 5
3 2 8 3 13 4
4 2 g 4 14 4 31 5
5 3 10 4 15 4
6 3 11 4 16 4 33 6
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Table. 2 Classification performance of training datas

HaZo

the number of | 554 | 2000 | 5000 | 10000 | =72
iterations (%)
LVQ(Random) 139 | 139 | 140 | 140 | 930

I 5, &3 diojeje] ERol2 (a(0) = 0.1)
Table. 5 Classification performance of training datas

H2O
the number of | 4504 | 2000 | 5000 | 10000 | =72
iterations (%)
LVQ(Random) 139 | 140 | 140 | 140 | 932

LVQ(Learning vector) | 126 | 126 | 127 | 128 | 845
the proposed method | 147 | 147 | 147 | 147 | 98.0
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Table. 6 Number and Ratio of classification performance

the number of | 4005 | 2000 | 5000 | 10000 | B
Iterations
ga=
o | 1385 (138.75{139.75 | 140.0 | 139.5
tva I&5T
(Random) | 2eMzE
“[j’] 923 | 932 | 932 | 933 | 93.0
0,
28
Lva amq | 1355 [135.75] 136.0 | 137.25/136.13
(Learning ey
vector) |21 903 | 905 | 90.7 | 915 |90.75
(%)
the Aﬁi 146.25| 146.5 | 146.5 | 146.5 |146.44
proposed —=
|I=1=3 1'-!0
method “‘[;“]" 975 | 97.7 | 97.7 | 97.7 | 97.63
()

LVQ(Learning vector) | 143 | 143 | 143 | 143 95.3
the proposed method | 146 | 147 147 147 97.8
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Table. 3 Classification performance of training datas

Heo

the number of

ETE
iterations 1000 { 2000 { 5000 | 10000 %)
LVQ{Random) 138 | 138 | 139 | 139 92.3

LVQ(Learning vector) | 139 | 140 | 140 | 141 93.3
the proposed method| 146 146 146 | 146 97.3
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Table. 4 Classification performance of training datas

= =X=1

the number of - 501 2000 | 5000 | 10000| E7E
iterations (%)
LVQ(Random) 138 | 138 | 140 | 141 | 928

LVQ(Learning vector) | 134 | 134 134 137 89.8

the proposed method| 146 146 146 146 97.3
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