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(V. = Number of classes, V. = Total number of samples,
N/ = Number of features)
Data NIN

Set c|t's Nf

1 171(70]| 6
11 (110] 10
26 |260| 25
36 |360| 35
47 1470} 46
56 |560( 55
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Template
Matching
0(0%)
2(1.82%)
11(4.23%)
13(3.61%)
24(5.11%)
34(6.07%)
48(7.06 %)
52(6.93 %)
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57(81.43%)
100(90.91 %)
250(96.15%)
40(11.11%)
27(5.74%)
33(5.89%)
36(5.29%)
39(5.2%)

PCA+LDA

0(0%)
2(1.82%)
4(1.54%)
3(0.83%)
132.77%)
25(4.46%)
32(4.71%)
35(4.67%)
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1 | 3@4.29% 0(0%) 2(5.71%) 0(0%)
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