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Abstract

In this paper, we propose the biomedical spectral pattern classification techniques by the fusion scheme based on the
SpPCA and MLP in extended feature space. A conventional PCA technique for the dimension reduction has the
problem that it can’t find an optimal transformation matrix if the property of input data is nonlinear. To overcome
this drawback, we extract features by the SpPCA technique in extended space which use the local patterns rather
than whole patterns. In the classification step, individual classifier based on MLP calculates the similarity of each
class for local features. Finally, biomedical spectral patterns is classified by the fusion scheme to effectively combine
the individual information. As the simulation results to verify the effectiveness, the proposed method showed more
improved classification results than conventional methods.

Key Words : PCA, SpPCA, MLP, MRS pattern classification
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Table 1. Classification results obtained by PCA (29 @ %]
Classifier thr = 0.99 thr = 0.995 thr = 0.998
Distance k=1 k=3 k=1 k=3 k=1 k=3
NN Euclidean 79.7+3.5 77.7+4.2 79.4+3.8 77.3+4.4 79.3+4.0 77.4+4.0
Hamming 82.6+4.1 81.0+4.3 81.8+4.8 80.8+4.6 82.1+4.7 81.3+4.1
Mahananobis 75.1+4.4 72.5+4.4 75.3+4.9 71.8+4.4 75.1+4.8 72.2+4.8
MLP Training Test Training Test Training Test
97.0£1.7 741+49 96.7£2.0 75.5+3.1 96.3£1.2 75.31t5.8
¥ 2. SpPCA°l &3+ 1A},
Table 2. Classification results obtained by SpPCA [+ @ %]
k-NN MLP
Nll,l m‘t_)qr of Fusion Method
artition k=1 k=3 k=5 Training Test
Global Feature 83.7+2.8 83.0+3.6 79.8+3.9 97.1+1.5 75.1+2.5
3 Sum Rule 83.7+2.8 83.0£3.6 79.8+39 99.8+0.4 81434
(thr = 0.998) Best Vote 75.3+2.2 99.7+0.7 79.5%3.1
Majority Vote 79.9+2.3 100£0.0 81.9+2.8
Global Feature 84.3+3.3 81.8+£2.6 81.0£3.6 98.3£1.5 77.2%5.1
5 Sum Rule 84.3+3.3 81.8£2.6 81.0£3.6 99.5£0.5 81.4%3.6
(thr = 0.998) Best Vote 63.0+2.3 99.9+0.3 82.6+1.8
Majority Vote 80.1+2.4 99.9+0.3 84.2+2.6
Global Feature 83.6+3.3 81.6+3.1 80.7+3.2 97.7+1.8 76.7+4.8
7 Sum Rule 83.6+3.3 81.6+3.1 80.7+3.2 99.5+0.7 84.6+3.5
(thr = 0.998) Best Vote 67.1+4.2 10020.0 86.7+2.7
Majority Vote 80.2+2.4 100+0.0 88.2+2.0
3 3. &dE FIdA PCA ok 12447
Table 3. Classification results obtained by in the expanded space (29 @ %]
Classifier thr = 0.99 thr = 0.995 thr = 0.998
Distance k=1 k=3 k=1 k=3 k=1 k=3
NN Euclidean 81.5£3.6 79.3+3.8 81.4+3.7 79.9+3.7 81.7£3.7 79.7£3.7
Hamming 84.2+39 83.1+3.0 84.1+3.3 82.2+4.3 84.7+4.1 83.0+5.0
Mahananobis 77239 74.8+3.7 76.8+4.2 74.7+3.6 76.8£3.9 74.7+3.2
MLP Training Test Training Test Training Test
99.9£0.3 86.7£3.2 99.8+0.4 87.1+2.6 100+0.0 86.5£3.0
x4 &7 FgelA SpPCAC 9k 1443,
Table 4. Classification results obtained by SpPCA in the expanded space [e+4] @ %]
k-NN MLP
Nll,l m‘t_)qr of Fusion Method
artition k=1 k=3 k=5 Training Test
Global Feature 85.0£4.0 82.0+4.4 82.1+3.7 100+0.0 88.3+3.1
3 Sum Rule 85.0£4.0 82.0+4.4 82.1+3.7 100+0.0 89.8+3.8
(thr = 0.998) Best Vote 80.2+4.6 100+0.0 89.9+3.4
Majority Vote 83.1+£3.6 100£0.0 89.8+£3.2
Global Feature 83.4+4.3 81.4+3.7 80.2£3.5 99.8+0.6 87.8£35
6 Sum Rule 83.4+4.3 81.4+3.7 80.2+3.5 100+0.0 89.3+2.6
(thr = 0.998) Best Vote 70.3+3.8 100+0.0 89.2+2.5
Majority Vote 76.2£3.0 100+0.0 89.9+2.6
Global Feature 83.1+3.9 82.1+4.2 82.1+34 100+0.0 87.0+25
9 Sum Rule 83.1+3.9 82.1+4.2 82.1+3.4 100+0.0 89.2+29
(thr = 0.998) Best Vote 68.5+3.7 10020.0 89.9+2.9
Majority Vote 80.9+2.5 100+0.0 90.2+2.7
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