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The Efficient Feature Extraction of Handwritten Numerals
in GLVQ Clustering Network

Jeon Jong Won' Min Joon Young* "

ABSTRACT

The structure of a typical pattern recognition consists a pre-processing, a fealure exiraction(al-
gorithm) and classification or recognition. In classification, when widely varying patierns exist in
same category, we need the clustering which organize the similar palterns. Clustering algorithm is
two approaches. First, siatistical approaches which are k-means, ISODATA algorithm. Second,
neural nelwork approach which is T. Kohonen's LVQ(Learning Vector Quantization). Nikhil R, Pal
el al proposed the GLVQ(Generalized LVQ, 1993). This paper suggest the efficient feature extrac-
tion methods of handwritten numerals in GLVQ clustering network. We use the handwrilten -
meral data from 20%s authors(ie, 200 palterns) and compare the proportion of misclassified pat-
terns for each feature extraction methods. As results, when we use the projection combination
method, the classification ratio is 98.5%.
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{Table 4) Learmed results

input file : INPUT6.dat
Qutput file : jm10.0uL
Tolerant Errer : 0.000100
Initial Alpha 0.400000
Number of Cluster : 10
Maximum iteration : 10000
Number of Patterns : 200
Number of Attributes : 10

Final Centers of Each Cluster

Cluster : 0

4.33957 4.33959 4.33961 7.33938 13.33795
4.77856 4.50778 8.49426 4.33964 4.77906

Cluster : 1

3.76295 3.76297 3.76300 7.04647 7.47839

3.76291 3.90622 7.32738 6.43600 11.76019
Cluster : 2

11.95099 4.95431 4.95433 7.95418 8.68603
4.95426 7.35980 4.95472 8.95399 4.95435

Cluster : 3

4.20947 4.20949 4.84485 8.62775 7.36933

4.42145 4.20963 13.20760 4.20953 4.42043
Cluster : 4

3.52430 3.52433 3.90889 6.52405 7.66182

4.48577 12.37901 3.66514 6.56380 3.52437
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4.24998 11.24772 4.23001 7.24978 6.50065
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Tirul Patterns of each Cluster
Cluster 2 0

114 24 3: 44 54 614 74 84 94
ju1 114 144 154 164 174 184 184
Uluster -]

o 14 29 3¢ 49 59 62 79 89 99 109 119
126 131 139 149 139 186 179 188 199
Cluster @ 2

010 20 30 10 50 80 70 80 90 100
110 120 130 140 150 160 170 180 190
C.uster 2 3

T 17 27 37 47 37 67 ¥7 87 107 117
127 137 147 157 167 177 187 187
Cluster & 4

£ 16 26 36 46 56 66 76 86 96 106 116
1924 126 136 146 136 166 176 186 196
Claster © 2

3 15 25 35 45 55 65
115 125 135 145 155 1
Cluster . 6

A 18 28 38 48 58 68 78 88 98 108
178 128 138 148 158 168 178 188 198
Cluster - 7

2 12 22 32 42 52 62 72 82 92 102
112 122 132 142 132 162 172 182 192
Cluster 1 8

3 13 23 33 43 53 63 73 83 93 97
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Cluster 1 9

111 21 31 41 51 61 71 81 91
101 111 121 131 141 131 161 171 181 181

5 85 95 105
175 185 195
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