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(a) Delaunay triangulation

(b) induced Delaunay
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Fig.4 Two ways of defining closeness among a set

of points. (a) The Delaunay triangulation
(thick lines) connects points having neighbor-
ing Volonoi polygons (thin lines). (b) The
induced Delaunay triangulation (thick lines)
is obtained by masking the original Delaunay
triangulation with a data distribution P(&)
(shaded). [15]
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Fig.5 Two Gaussian distribution data sets, without
overlap (2 classes).
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Fig.8 Two Gaussian distributions, two concentric
rings, and a sinusoid curve, without overlap
(5 classes).
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Fig.11 Two Gaussian distribution with overlap,
two concentric rings, and sinusoid curve (5

classes).
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Fig.12 Adjusted SOINN results of Fig. 11.
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Fig. 14 Two Gaussian distribution with overlap, two

concentric rings, and sinusoid curve; with
10% noise (5 classes).
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Table 1 Recognition performances of ASC classifier,

k-means classifier, and one-nearest-neighbor
classifier (1-NN).

ASC k-means k-means | 1-NN

1) (2)
00 1] 999+0.1 |99.84+0.0|99.8+0.1| 100
0.15 £ 0.00 1.33 0.15 100

00 2]100.0+0.0|98.9+0.5]{99.0£0.4| 100
0.70 £ 0.00 1.24 0.70 100

00 3] 979+0.3 |95.54+£0.8]96.5£0.5| 97.3

0.78 £ 0.28 1.28 0.78 100

00 4] 96.0+£23 |87.0+£1.3|85.6£2.0]| 94.1

0.83 £0.12 1.38 0.83 100
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Table 2 Number of samples in the Optdigits
database.

Class | No. of Training samples | No. of Test samples
0 376 178
1 389 182
2 380 177
3 389 183
4 387 181
5 376 182
6 377 181
7 387 179
8 380 174
9 382 180

Total 3823 1797
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Table 3 The number of prototypes for different

classes of Optdigits with different parame-
ter sets (aq, A), displayed with the average
obtained by 10-times training and standard

deviation.
No. of nodes for different
Class sets of (agq, \)
(50, 50) | (25, 25) | (10, 10)
0 324+ 4 20+3 | 11 +£3
1 40 + 4 31 +4 11+1
2 38 £3 27+ 2 | 1245
3 41+ 5 24 +3 | 12+ 3
4 35+ 3 25 £ 2 9+ 3
5 39 £ 5 28+5 | 10+ 3
6 34 £ 3 25 +£2 | 11 +3
7 33 + 3 24 +2 | 124+ 2
8 39 £ 5 25+4 | 12+ 3
9 45 + 5 30£3 | 1242
Total | 377 £ 12| 258 £ 7| 112 £ 7

04 00000000 (ag, \)OODOOOO AsCcOO
goooo0bo0O0OooooOoOoooooo
Table 4 Recognition performance of ASC classifier
for Optdigits with different parameter sets
(aq, M), displayed with an average of 10-

times training and standard deviation.

Parameter set of {aq, A}
(50, 50) | (25, 25) | (10, 10)
recognition | 97.74+ 0.2 |97.44+0.2|97.0£ 0.2
ratio (%)
No. of 377+ 12 258 £ 7 112 £ 7
prototype
Compression | 9.94+0.3 | 6.84+0.2 | 2.94+0.2
ratio (%)
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Table 6 Comparison of results from ASC and other classifiers.

(a) Recognition ratio in percentages, displayed with average of 10-times ten-fold

cross-validation and standard deviation. The bold-typeface recognition ratio

is the best or near-best classifier.

Liver disorders 62.6 £ 0.83 62.9 + 2.3
Pima Indians 72.0 £ 0.63 68.6 £ 1.6
Wine 82.6 + 1.55 75.3 + 1.7

Dataset ASC (a4, A\, k) [ NSC (02,,.) | KMC (M) ] NNC (k) | LVQ (M)
Iris 99.3 + 1.86 96.3+£0.4 | 96.24+0.8| 96.7+£0.6 | 96.1+0.6
Breast cancer 99.2 4+ 0.98 97.2+0.2 95.94+0.3 | 97.0+ 0.2 | 96.3 £ 0.4
Tonosphere 90.4+0.64 | 91.9+0.8 | 87.440.6 | 86.1+£0.7 | 86.4 4 0.8
Glass 73.5+1.6 70.24+1.5 | 68.841.1| 72.3+£1.2 |68.342.0

59.3+£23|67.3£1.6 |66.3£1.9
68.7+0.9 | 74.7+0.7 | 73.5£0.9
71.9+£19 | 73.9+1.9 | 723£1.5

Average 82.8+1.16 80.4+1.2

78.3+1.1|81.1+0.99|79.9+1.2

(b) Compression ratios in percentages, the bo

ld-typeface compression ratio shows the

best or near best classifier. The optimal parameter value tuned by cross-validation

is shown in ().

Dataset | ASC (a’, A", k*) | NSC (02,,.7) | KMC (M*) | NNC (k*) | LVQ (M*)
Tris 2.0 (6,6,3) 7.3 (0.25) 80 (4 | 100 (14) | 15 (22)
Breast cancer 1.3 (8,8,3) 1.8 (35.0) 0.29 (1) 100 (5) 5.9 (40)
Ionosphere | 3.4 (15,15, 0) 31 (1.25) 4.0 (7) 100 (2) | 6.8 (24)
Glass 13.7 (15,15,0) | 97 (0.005) 17 (6) 100 (1) | 45 (97)
Liver disorders 4.6 (6,6,0) 4.9 (600) 11 (19) 100 (14) 8.4 (29)
Pima Indians | 0.6 (6,6,0) 1.7 (2600) 1.0 (4) | 100 (17) | 3.4 (26)
Wine 3.2 (6,6,0) 96 (4.0) 29 (17) 100 (1) | 32 (57)

Average 4.4 34.2 10.0 100 16.6

05 0O000O0OO0ODOODOOOOODO
Table 5 Datasets used for comparison.

Dataset objects | features | classes
Iris 150 2 2
Breast cancer 683 9 2
Ionosphere 351 34 2
Glass 214 9 6
Liver disorders 345 6 2
Pima Indians 768 8 2
Wine 178 13 3
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