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Abstract

For high-dimensional classification tasks, such as face recognition, the number of samples is smaller than the
dimensionality of the samples. In such cases, a problem encountered in linear discriminant analysis—-based methods for
dimension reduction is what is known as the small sample size (SSS) problem. Recently, to solve the SSS problem, a way
of employing a dissimilarity-based classification(DBC) has been investigatedmm. In DBC, an object is represented based on
the dissimilarity measures among representatives extracted from training samples instead of the feature vector itself. In
this paper, we propose a new method of optimizing DBCs using multi-level fusion strategies(MFS), in which fusion
strategies are employed to represent features as well as to design classifiers. Our experimental results for benchmark face
databases demonstrate that the proposed scheme achieves further improved classification accuracies.

Keywords : Dissimilarity-Based Classification(DBC), Multilevel Fusion Strategy(MFS), Small Sample Size Problem
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Table 1. Characteristics of experimental data.
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7 %O Oli Ay Q) % = Qo
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ED & | ®H® | B0 A7) Ad7] S5 VH A ohjg)
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Table 4. Classification — accuracies(%) of the base
classifiers in MFS(Average method).
SR H A= Ho] 2 A7)

delg | FA nmc ldc knnc
Avgl 76.50 99.25 99.75

Avg?2 86.25 99.75 98.25

AT&T Avg3 83.00 99.50 98.25
Avgd 80.50 99.50 97.75

Avgl 57.58 7758 65.45

Vale Avg?2 63.03 75.76 64.85
Avg3 5758 76.97 64.85

Avgd 5758 7158 64.24

Avgl 79.09 99.09 79.09

Indian Avg?2 9R.73 95.45 88.18
Avg3 90.91 99.09 91.82

Avgd 88.18 97.27 87.21

Avgl 100 100 100

Avg?2 100 100 100

UMIST Avg3 100 100 100
Avgd 100 99.33 100

¥ 5 MFSWAverage ©) & AlET|o AlHMS
Table 5. Classification accuracies(%) of the combined

classifiers in MFS(Average method).
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2
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AT&T Avg2| 9975 9875 R | 9.7 99.75
Avg3| 9950 98.75 R75 | 9950 99.50
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Avgl| 7758 69.09 60.45 | 7758 76.97
Yal Avg2| 7576 69.09 67.27 | 1576 75.15
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Indi Avg2| 9545 94.55 91.82 95.45 95.45
NN A Vo3 9009 | 9455 | 9364 | 9909 | 99.09
Avgd| 97.27 93.64 91.82 97.27 97.27
Avgl| 100 100 100 100 100
UMIS |Avg2| 100 100 100 100 100
T |Avg3| 100 100 100 100 100
Avgd| 99.33 100 100 99.33 99.33
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Ct. MFS-DBCS| A4 & (MaxH)

o 7|M = WA gt el ik AEEe] W)
H azstr] §lsted, 91¢] MES-DBC A#elA] o
&3 Average® thalel F44+2 Min, Max, Product
s AFsth U F7F AF deldol o Max

[e)
X 63

MFS-DBC Hjo]2 AW 7]e] AdAso

=

E 6. MFS(Max) #lo|A Ald7|o| AlHMS
Table 6. Classification — accuracies(%) of the base
classifiers in MFS(Max method).
A% HI A Ho]2~ 214 7] (DBC)
delg | FAE nme 1dc knnc
Max1 90.50 99.50 99.25
Max?2 90.50 99.50 99.25
AT&T Max3 71.50 98.25 64.50
Max4 90.50 99.50 99.25
Max1 63.64 73.94 64.24
Vale Max?2 63.64 74.55 64.24
Max3 56.97 76.36 63.64
Max4 63.64 73.94 64.24
Max1 86.36 93.64 80.91
Indian Max?2 86.36 96.36 90.00
Max3 72.73 89.09 79.09
Max4 86.36 93.64 80.91
Max1 100 99.33 100
Max?2 100 967 100
UMIST Max3 99.33 .67 99.33
Max4 100 99.33 100
T 7. MFS(Maxd) 2% Aledo|ol AlHM S
Table 7. Classification accuracies(%) of the combined
classifiers in MFS(Max method).
il 14 A st A3
B | A=
tloly | 73 ) .
T+ prodc |medianc| votec | meanc | fisherc
Max1| 99.50 99.50 9.75 | 9950 99.50
AT&T Max2| 99.50 99.75 9.7 | 9950 99.50
Max3| 98.25 97.25 96.00 | 9825 98.25
Max4| 99.50 99.50 9.75 | 9950 99.50
Max1| 71.52 70.30 6727 | 7394 73.94
Yale Max2| 72.12 7091 67.27 | 7455 75.15
Max3| 76.36 67.88 66.06 | 76.36 75.76
Max4| 71.52 70.30 67.27 | 7394 73.94
Max1| 93.64 93.64 8127 | 9364 93.64
Indian Max2| 96.36 90.91 9091 | 96.36 96.36
Max3| 89.09 84.55 8455 | 89.09 90.00
Max4| 93.64 94.55 8127 | 9364 92.73
Max1| 99.33 100 100 99.33 99.33
UMIS |Max2| 98.67 100 100 98.67 98.67
T |Max3| 9867 99.33 99.33 | 9867 967
Max4| 99.33 100 100 99.33 99.33
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