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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 investigated®™. 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

15

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.
3% 4 2y g2 | S92l | Sy
tlo| ¥ (949 270 - ﬁR%j,_ F | FF
AT&T 110304 (112x92) | 40 10 400
Yale 4830 (243x320) | 15 11 165
Indian | 19,200 (160x20) | 10 11 110
UMIST |46,000 (230x200)| 10 15 150
UL UMIST 8 o] g3ttt AT&TE 4000 928

4 24 1084 #43 o], Yale2 1599
CHZS?? Mz o 349 Fez & A}%f gAY &
dg dojgoltt. 3 Indiand 1080 oisl 3 Atg
g 11848 AAstE s, UMISTE 1099 tis) A=
08 48 345 BFo s ¢ A 7 15849 HA
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¥ PRTools o] T#5°] 9l nmelnearest mean
classifier), ldc(linear Bayes normal classifier), knnc
(k-nearest neighbor classifier) 59 2¥7]& o]-&3
o} g Ady] A3 dA A E PRToolse] Al 719
24 A7) - prode(product combining classifier),
medianc(median combining classifier), votec(voting
combining classifier)$} 5 719 & AE7]
(mean combining classifier), fisherc (Fisher’'s least
square linear classifier)& ©]-&3tc},
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Database
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E 2 7|E H0o|A Al#HTo] AlYHME
Table 2. Classification accuracies(%) of the conventional

base classifiers.

iR HfAL R Hjo] 2 A7)
dolg | 3wy nmc ldc knnc
ED 81.25 R 7H 96.50
AT&T RD 7150 98.25 9450
ED 56.97 76.36 63.03
Yale RD 56.36 67.27 63.03
HD 63.64 74.55 64.24
ED 7182 89.09 79.09
Indian RD 81.82 9727 83.18
HD 86.36 98.18 90.00
ED 99.33 98,67 99.33
UMIST RD 100 98.67 100
HD 100 99.33 100

i
L

3. 7IE ZBE Moo AeMEs
Table 3. Classification accuracies(%) of the conventional

combined classifiers.

O

g || =3 AW I 2]
HelH jg;:; prodc |medianc| votec | meanc | fisherc
ED | 9875 | 9825 | 9800 | 9875 | 99.00
AT&T| RD | 9825 | 9725 | 9600 | 9825 | 9825
HD | 950 | 9975 | 9.75 | 9950 | 9950

ED | 7515 | 6848 | 6645 | 7636 | 7455

Yale | RD | 6727 | 6303 | 6364 | 6727 | 6727
HD | 7212 | 7091 | 6727 | 7455 | .15

ED | 89.09 | 8455 | 8455 | 89.09 | 90.00

Indian|{ RD | 96.36 9%.45 9091 | 9727 97.27
HD | 9818 | 91.82 9273 | 9,18 98.18

UMIS ED | 9867 | 9933 | 9933 | 9867 | 9867
RD | 9867 100 100 | 9867 | 9867

T HD[ 933 10 | 10 | 9933 | %933

Ho]~ Ad7|(DBC)Y A¥AFe ® 29 2x, 1A
2% % 54% DBCY A¥AFL ¥ 33 Zuh

E 2914 wlol8 AT&TS HlfFAL% ED9 ¢, #
o]~ A47] nme, Idc, knnc?] 2¥EEL Zt7 81.25
W75, 9650(%)Q1 ¥, E 39 1H B g5 AH
prode, medianc, votec, meanc, fishercd] A8 &2 7tz
98.75, 9825, 98.00, 9875, N00(%)LE, 31 AYUE
0.00%)E 8t 2d7] fishercZ HEH At 22
WHeg AT&TS RDY 7%, 31 EdEe
9B25(%)o1H, wolx AWy Idest A7) prode,
meanc, fisherc® F-8 QAth T3 RD %9, Az
AHES 97B(%)0M, 5 14 ZAE7| medianc,
votecoll A Btk E3H UmA dE dlolE Yaledt
Indian®] 7%= Hi AEE] &S 74 2 &

CHEA REOIME 0|8 HIRALT 7% Algo| N3

(415)

dy2 o

AR71257H AATHUMISTY A4 EF &&
HES

ool ILEF whek Zol, ¥ 29 ¥ 39 AFAY
T DBCIAA 13 2 shg A7t wlola A7
AEYSE FINAYE AE Hole Rz o 4
9718 FRAAIE AEES U% SV F dde

712 QPAA g s ol

|

Lt. MFS—DBC2 AlHd & (Averaged)

AA7iME AW SgdAldMe A ohzg)
54 FA(7IME AR B8) gAME FAT
A& Hgate ddA FAZIHMMFS) o2 JHES 7
Mg APARE A WA ¥ FH AP Yol
o sl Average® MFSZ 2 3lA17] o] )47
(MFS-DBO)®] A¥A % X 49 23, 24 2% 4
g AFAIZ AEV|(MFS-DBCO)9) AdAsS ¥ 5
2o o7]A HfAlE EA3HPEe ED, RD, HDE
ZA4% HRAIRE A (D9 Average FHFI
(g =, =1)08 A3 ASE Avgl, Avg?, Avg3,
Avgd= 77 (ED+RD)/2, (ED+HD)/2, (RD+HD)/2,
(ED+RD+HD)/3& 4Yebd Zolth. 18y, 14 % g
5 2%Vl 7€ BT Y3 A8 ol gk

E 29 & 49] wo|x Ay AWUES vas] 2Y
71& W] AHERD Average S H &3 ulo|A
Ad7)e] AEEo] AAHoE FAIASS & 5 A
ok WA, ¥ 244 AT&TS ED9] 7, dlo]A A4
7l nmc, ldc, knnc®] A¥EE 77 8125 9875,
%650(%)%] ¥, ® 494 FATEH Avgl(ED, RD
Bl tigk Al wo]x Adr|e AEEL 72+ 7650,
925, 975(%)°lth. &, MFSE |48 4% (nmcE
Ao g) wo| 2 279 gBo| FrI3HTh

T3 ® 2014 AT&TS] A H§ALS ED, RD, HD
of et AHES He wo|x Ay Hi AEE
2 8108, 9883, B.75(%)olx, o] Al AHES A H
T3 wlojx Ayl AAFF AHEL 92.22(%)0]
o Wi, £ 49 o] ¥ifAlE AW Avel, 2, 3, 490
e wolx Adrjel FF APEL 8156, 950,
BH0(%)0l L, MAFE AEES 9BI19%)°Ith F &
49] A¥AAE Avg FATHEG o] &3 wlojx A7)
9] AEE(9319(%))0] 7IE Wl AEE(92.22(%))
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Z2e& Wyog F 2904 Yale® ED, RD, HDel tf
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B 4 MFSAverage 8 vio|A AYT|o AlgME
Table 4. Classification  accuracies(%) of the base
classifiers in MFS(Average method).
24 H|fAME Ho] 2 A7)
voly | T nme lde lnne
Avgl 7650 K95 99.75
Avg?2 86.25 9.7 98.25
AT&T Avg3 33.00 99.50 9825
Avgd 30.50 99.50 9775
Avgl 5758 7158 6545
Yale Avg2 63.03 7576 64.85
Avg3 5758 7697 64.85
Avgd 57.58 7758 64.24
Avgl 79.09 99.09 79.09
. Avg2 92.73 %45 8818
Indian Avg3 9091 99.09 91.82
Avgd 88,18 91.27 87.27
Avgl 100 100 100
Avg?2 100 100 100
UMIST 403 100 100 100
Avgd 100 99.33 100

B 5 MFSWAverage H) Z8 Hd|o AYHMs
Table 5. Classification accuracies{%) of the combined
classifiers in MFS(Average method),

Q
wy | ma AW 4 2]

3r
Hel ;:‘3 prodc (medianc| votec | meanc | fisherc
Avgl] 9925 | 9825 | 97.00 | 95 | 95
AT&T Avg2| 975 | 987 | B | 997 | BB
Avg3| 9950 | 9875 | 9875 | 950 | B
Avgd| 950 | 9850 | 9825 | 9950 | 9950
Avgl| 7758 | 6009 | 6545 | 7758 | W7
Yale Avg2| 576 | 6909 | 6727 | BB | BI5
Avg3| 7455 | 6909 | 6667 | 7697 | 7455
Avgd| 7515 | 7030 | 6727 { TI58 | TI58
Avgl| 9809 | 8.09 | 87.27 | 9.09 | 909
Indian Avg2| B45 | 945 | 9182 | B4 | B
Avg3| 9909 | 945 | 9364 | 99.09 | 9809
Avgd| 9727 | 9364 | 9182 | 9727 | 9127
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 9933 | 9933

6343(%)ol 3 AAHF] 66.06(%)Q whi, & 49 FA
FA Avg 1, 2, 3, 49 dig #o]2 AEr|e FF A4
E& 5894, 7697, 6485(%)0lx HAHT HEES
66.92(%)°lth. mWetd YaledlME Avg FHTEHE o]
L3t AAT S L GHWANN 6RAWE
ANZ £, Indiane] 35, AEEC] 8687(%)°4
0.68(%) 2 FAEAHAABAAS A g 23E& A
gieh).
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FH, ¥ 49 wolx H¥rlel ¥ 59 14 ¥ g
Ailv)el A¥Ee wu Y AdgeE g3 g
HA, F 5904 AT&TS Wl 7HA vifALs F4713
i3t 14 A7) prode, medianc, votec®] BT ¥ E
7 84 A7) meanc, fishercd] T APEL 47
9950, 9856, 98.19(%) ¢+ 99.50, WVH0(%)el 3, F AH7I
o] AAFT AEEL 47 875, PNl wet
N E 49 wolx Ayl AARWF AEE 93.19%)
7b & 5ME BT5(%)% NH0)E NAHNSE
Sli=3

e 9o Yaled A4, ¥ 59 1A 274
3t Agrlel AAHT AEES Z4Z 7060(%),
651(%)2, ¥ 49 Holx= AWy 6.R(%)E & F
o2 MAsgh B3, Indian®} S, F 2719 A
AP T 242 9394(%), 9773(%) % Holx 274
N68(%)F A 3G HUMIST dlolee] 3¢ &=
AgelM & AEES dA.
olAbe] A E 1FL MFS-DBCY 749 #loj2 24
7)o g vjstd 14 R G APV 4E
go] & Fo7 Z/HENLTS Helx, 53 134 2%
718 3y A9 A¥Eel o AAHUSE
2},

o, ¥ 4% ¥ 59 4¥ZANA vfAE F4
TRz AM45E a23E Ade 93 2o HA,
AT&TS HIFALE FATH Avglel g wojx 4
d7], o4 A7), g4 29719 AEEES Ydd
T AEEL 27 91.83 9817, 99.25(%)0] 1, o] &
B AMF TS B06(%)°l Bot 2L HPLE, vd
2 A BHALE FATFE Avg2, Avgl, Avgdel tig
A A7 ga AFEEL 4 W75 908 N5
9358, 99.00, 9950; 9258, 98.75, PV50(%)°lL, o1&
g AAYFE 22 9763, 97.09, 96.63(%)°Ich. wheh
A AT&TS 7%, Averages 45& 3 AHEER
%71g o, EDY HDE H#ste Avg2 FATH 0] 7}
A fgHolry, 23y Yaled A%, vl F4F3 Avgl,
Avg2, Avg3, Avgd o tig A Adriel gt HEE
L 77z 6687, 70.71, 7728, 6788, 70.71, 7545, 6647,
70.10, 75.76; 66.47, 7091, T758(%)°1 %, AHES] A
P& z+zt 7091, 7083, 70.15, 7091(%) 28, & o]
7} 9icHIndian® UMISTe) tig 22g Add). o
A HA HFAE FATHY AEd5E Holy A
9] E4o] me} AAHE Ao B Ak

oy

T
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Ch. MFS-DBCS| AgHE5(Maxt)

A7 E BfRALE FdtEd g AEEY ¥
£ o 1237 93t4, 919 MFS-DBC 244 o
£-3 Average® ulilel FH1+3 Min, Max, Product

& H¥sAn vl F 48 dolEd g Maxy
MFS-DBC #o]2 2719 Addse X 63 21,

I

=

HE 6 MFSMaxd) HiolA Aol MM s
Table 6. Classification  accuracies(%) of the base
classifiers in MFS{Max method).
:lels B AR o] 247} (DBC)

dloly | FiH e 1de knne
Max1 9050 99.50 99.25

Max2 9050 050 99.25

AT&T Max3 7150 98.25 64.50
Max4 90.50 99.50 99.25

Max1 63.64 73.94 64.24

Yale Max2 63.64 74.55 64.24
Max3 56.97 76.36 6364

Max4 63.64 73.94 64,24

Max1 86.36 93.64 80.91

Indian Max2 86.36 96.36 90.00
Max3 7213 89.09 79.09

Max4 8.36 93.64 8091

Max1 100 99.33 100

Max2 100 B67 100

UMBST Mo | % | %67 | 93
Max4 100 99.33 100

iz
ar

7. MFSMaxH) Z g Algo|of AleMds
Table 7. Classification accuracies(%} of the combined

classifiers in MFSWMax method).

S i I k2 % A7)
HlelH %rj‘:{ prodc |medianc| votec | meanc | fisherc
Maxl] 950 | 950 | 97 | 9850 | 950
AT&T Max2| 950 | 9975 | BB | 90 | 9
Max3| 9825 | 9725 | 96.00 [ 9825 | 9825
Max4| 9950 | 9950 | 975 | 9950 | 950
Maxl| 7152 | 7030 | 6727 | 7394 | 7394

Vale Max2| 7212 | 7091 | 6727 | 745 | .15
Max3| 7636 | 6788 | 6606 | 7636 | .76
Max4] 7152 | 7030 | 6727 | 7394 | T3%4
Max1] 9364 | 9364 | 8727 | 9364 | 9364
Indian Max2{ 9636 | 9091 | 9091 | 9636 | 96.36
Max3| 89.09 | 8455 | 8455 | 8909 | 9000
Max4] 9364 | 9455 | 87.27 | 9364 | 9273
Max1| 99.33 100 100 9933 | 99.33
UMIS [Max2! 9867 100 100 9867 | 9867
T [Max3| 9867 | 9933 | 9933 [ 9867 | 9867
Max4| 99.33 100 100 9933 | 9933

FHEIIYS 0|BT BIRAT J|4 Awolol X3t
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273 R g 2879 s % 79 Y. 97
A HfARE FAFE L ED, RD, HDZ £3% vlHA}
g 4 (129 Max 7873 (a; =, =1)22 2Y
3 A 02 Maxl, Max2, Max3, Max4+ 712} max{ED,
HD}, max{RD, HD}, max{ED, RD}, max{ED, RD,
HD}E yehdth &, Maxl, Max2, Max3& 5 719 H]
FAEE oA Hd @& HE Aola, MaxdE A H]
FARE FollA Hdl ghg HE Aolvh 1Ejn A
71& T FUd AEVIE o8t
X 6% F 79 43FAE elA 1EET E 49 B
59 A¥4det wf FAME EA4E Holn gtk F,
E 63 E 74 AT&TO] tigh slo|& 247
A7), g5 2§79 AEES U /A ¥RALE F
AqE Max], 2, 3, 49 disty HA& Faid 47
&.75, 919, 056 (FH¥: 91.83)(%)¢+ 99.19, 99.00,
9881 (H¥: 9.000(%) 2 99.19, 9.19 (H#: 99.19)(%)
g olyd Az ol Adr)e] AdWE
91.83(%)& Max®& ©]&3td 99.000%)t 99.19%) =2
F7HE F &S 2Unh
olde] nARHREY, Maxf-g °l€% MFS-DBCH
7é-°r°ﬂE HlojA 2 zle] A g sty n4 AH
4 s A3rle AdEe] FAHAUL, 1A 7&%
Hrie gy AE7|Y AdEo] o MAHNEE ¢
2}&} FEE 957] Y8t Yaed 3¢ ‘ﬂr% A
g dojgd] i A nF e AFIY =8, Min
Y 2 Producti$ ©]8% MFS-DBCS 4343
e A AR BAR 2 1EE A
ojddlA 1#3 DBC AddsS A¥d 4%4&
gt ohg3 2

mlm

1@ “3

o(l.!

“rzg

l"

o]

3

(D #lolx A¥rlE A¥fusion)std AL &
ANA 4 e 7€ A7AHV DBCY Afelx
o Aedries AL AEE Bt gl

() BIFARE AE dAcA e AT ol v
Ae BEDANA HZE 2 54 ufAlE BEE
A7l MFS-DBC Wiez ddse o M4a
g T Ud5S Uit

(3) MFS-DBCYllA A AZrincs &5 A3V
o] Aol o $4EE st

@) dl 7FA ¥HAE F31718(Average, Min, Max,
Product)5 A Averagedlo] 7V 53 AdAd5 &
ey Bglon,
W

4

(5) Average T v FAIRY A9 FFl
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Mg F ASE FAstd. =g MFS-DBCY i
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