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2.2.2 Unconstrained Handwritten Numeral Recognition Using Hausdorff Distance

and Multi-Layer Neural Network Classifier [4]
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2.2.3 Training Algorithms for Robust Face Recognition using a Template-matching
Approach [5]
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2.3 Simplified Fuzzy ARTMAP (SFAM)
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Modified Hausdorff ARTMAP for Binary Image Recognition
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1 2,368

2 12,14, 15,16
3 21,22,25,28
4 31,32, 34, 40
3 42,43, 46, 50
6 51,56, 57,59
7 61,63, 64,70
8 73,76, 79, 80
9 83, 87, 89, 90
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15
16
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18
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24
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26
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33
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37
38
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102, 104, 105, 110
113,116,117, 118
124, 126, 128, 130
131, 133, 139, 140
142, 144, 145, 148
157, 158, 159, 160
164, 165, 167, 170
172, 175, 176, 177
183, 184, 186, 188
191, 194, 198, 200
204, 205, 207, 210
212,214,216, 218
225, 227, 229, 230
231, 233, 237, 238
241,242, 248, 249
252,253, 254, 257
261, 262, 267, 270
272,274,276, 280
282, 285, 288, 289
293, 294, 295, 296
302, 307, 308, 310
311,314,317,318
321, 325, 326, 328
331, 334, 337,338
342, 343, 346, 349
352, 355, 357, 360
361, 366, 367, 370
376,377,378,379
382, 384, 385, 390
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m3af 42 wamInaaeamsdinmlumiisening reference pattern fugadoyanldluns

Souj
$1 M reference | $wanudoyaiildlu ANNUYNADY . i
S Ihunmnnouin
pattern NSISUUG (%)
152 160 100.00 -
m9ai 4.3 wamsnansemsdhinmlumihgudoya orL
yana | smounmitldly | Swounmd Swmnmiineufia | duyanaiinoy
NIINATDII ABUYN MR
1 6 4 2 16,30
2 6 6 - 5
3 6 4 2 38,40
4 6 5 1 17
5 6 6 - =
6 6 6 = -
7 6 6 - -
8 6 6 — -
9 6 6 - =
10 6 6 - -
11 6 6 - -
12 6 6 . -
13 6 6 - -
14 6 6 . -
1 6 6 - -
16 6 6 - -
17 6 6 - -
18 6 6 - -
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1Ana fwounmildlu | Swounmd | Suauniwiieovia ﬁﬁuuﬂﬂﬁﬁﬂau
MInNAvoY ApUYN MR
19 6 6 - -
20 6 6 - -
21 6 6 - -
22 6 6 - -
23 6 3 3 9,38,39
24 6 6 - .
25 6 6 - -
26 6 6 C -
27 6 6 - -
28 6 6 - =
29 6 6 . -
30 6 6 - :
3 6 6 - -
32 6 6 - -
33 6 6 - %
34 6 6 - =
35 6 6 S g
36 6 6 - -
37 6 6 - ”
38 6 6 - .
39 6 6 = =
40 6 6 - =
39U 240 232 8 -
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3 r § G o TLUTNIVD S
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. MWAADUHA L.
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g5, s
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Y
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A Nanuaiiunmszdudim e 320x243 finaa laouaaznmins Iduaaludmi
uANAAY uaziimsuaasdmiuenaany 1dun amiluautinnasinai (center-light)

' Y A ¥ v v
AMNAIMIUA (wiglasses) MWIUMNTIANUEY (happy) MWRLAAIIINMIAUTIY (left-
" Vv ' v 9 d Y pey
light) nlunthyana liaamuium (wio glasses) Mwluminlue1suailn@ (normal) nwi
v g : a r
HAUE MY (right-ligh) wlumihuaaao1sualas) (sad) MWHAUAT (sleepy) NN
Tumuaasnm)senanals  (surprised) tazamlumyiididsvtua  (wink) 1da9In
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nszummaas sudoyanmamuagriasunnnmszaudmuiunmennd  uazvnaves
s [ = - o d" 9y = 9 -
nmgnFuvunanity 100x100 Winisa 1u3seilgnmlunmsiGougauaz 6 nw uazldly
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MsnageUMISATIANNgNABIANAE 5 A s miFlumsSoudimua 90 nw uazly
¥ " .

Tumsnaaeusianua 75 nw TaogUi 4.2 uaasirednanmlumihyudeya Yale a13139 4.5
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- similar_vigilance = 0.5

- dissimilar_vigilance = 1.1

- x size=73

- ysize=73

- step=2

- x arca=2
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511 4.2 (a) uamanmAuntunmlumhymdeya vale (b) uananmitiunszuiuns

a ¥ y
RTgNvBYAIGT

(b)

a Y g 3 a ¥
M99 4.5 msnuaasdszanamluniinlylumsGoug

yanan

Hq Y o v
amilglunmsitous

1

2

center-light, happy, w/no glasses, sad, surprised, wink
center-light, left-light, w/no glasses, normal, surprised, wink
center-light, w/glasses, left-light, right-light, surprised, wink
happy, left-light, w/no glasses, normal, right-light, sleepy

wi/glasses, happy, left-light, w/no glasses, right-light, sleepy
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yanad amilFlunsSous

6 center-light, w/glasses, left-light, w/no glasses, surprised, wink
7 center-light, w/glasses, happy, left-light, right-light, sleepy

8 center-light, w/glasses, left-light, normal, right-light, sad

9 center-light, w/glasses, left-light, normal, right-light, sad

10 center-light, w/glasses, normal, right-light, sad, wink

11 center-light, left-light, w/no glasses, right-light, sleepy, wink
12 center-light, w/glasses, happy, left-light, right-light, surprised
13 center-light, w/glasses, w/no glasses, normal, sad, sleepy

14 w/glasses, happy, left-light, w/no glasses, sad, sleepy

15 center-light, left-light, w/no glasses, normal, right-light, surprised
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14 5 5 . .
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amlunthiiaouin  suisszermaiimldnnamlumhinouda  vaznmlundhlungu
ALY
NANSNAADIVDY Hausdorff ARTMAP [1] IA1n1mgnAvsnyszning 86.67-96.00 %
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similar vigilance = 0.9

- dissimilar_vigilance = 1.1
- X size=T73

- ysize=73

- step=3

- xarea=6
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1 1,3,4,5,6 7,8
2 1,2,3,4,5 6, 8
3 1,2,3,4,5,6 7,8
4 1,2,3,4,5 6,8
5 1,2,3,4,5,6 7,8
6 1,2,3,4,5,6 7,8
7 1,4,5,7 8
9 1,2,3,4 5§
10 1,2,3,4,5,6 7,8
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ynAa i lgumsGous amildlunsmaaey
I 1,2,3,4,5,6 7.8
12 1.2.3,4 6,8
13 1,2,3,4,5,6 7.8
14 1,2,3,4,6 7,8
15 2,3,4,5,6 7,8
16 1,2,3,4,5,6 7,8
17 1i2,3; 5 7,8
18 1,2,3,4,5,6 7,8
19 1,4,5,6 7,8
20 1,2,3,4 7,8
21 1,4,7 8
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3] (g% ]
1
i

5 2 - -
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7 1 1 = =
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13 2 2 . -
14 2 2 . s
5 2 2 - -
16 2 2 - -
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19 2 2 = 2
20 2 2 . -
21 1 1 s ”
37U 38 38 0 =
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NV Hausdorff ARTMAP [1]

HAN1INARDINNAIS1AT 4.11 Modified Hausdorff ARTMAP 1#m1anugndos 100 %
Taos i Tnuadignadialu Cluster Layer T8y 39 Tnua FWL1AY0Y reference
pattern TunouFuAUMIGouiTivinanidy 73x73 finisa u.whfl"am?%éunszmunm?uui’
YUIAVDA reference pattern HYUIAIMINY 83x83 Wniya $1U2U 31 THuA YUIA 78x78 WHLwD
$107u 3 Tnua uazvua 73x73 inwa 19U 5 Tnua

HAN13NAADIVDY Hausdorff ARTMAP [1] 1A nugndna 100 % 1wunu uaiuam
Tnualy Cluster Layer 55121180 57 Tuun 1auui1aves reference pattern gniimua13i

VU9 80x80 WNLFA
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44 MINABBY  LAZNAMINATRIMSINMUITUAIE  Modified  Hausdorff

ARTMAP

4.4.1 WHAN3INABBIM 331 1WFUA I Modified Hausdor(f ARTMAP

w e e o d ¥ o Vo aw vy d 4 o d
\5’11]')5][]‘5'”““1”15Lﬂ‘UﬁTUlWUﬂ')Uﬂ')Eﬂ‘Hi}ULﬂQ Tﬂuﬁlﬂawumumu U HUAI DY

o % 3 4 o o o o
nszay A4 du17 Tashmsifiuaoduiau 50 au auag 40 awdu mwnanuaiudg
=Y o - (") =Y
AOUR MBS Tavaunuies 1¥nuazidualunisaunuming 300 dpi tazidonyiamsauny
¥ " "
wuudud miudignszuiumamisudoya dsiinan1iluuni 3 wasmnnszuauns
= 9/ ° ) [ 1 = ] “ 9 = Vo
wivndeyamnmsmisfeyaseniluaesdin  danusniddudmnldlumsGouiinauauas
' - ' P o Hq 3 L b
10 n drunasuiluadunldlunmmaseuimiuauaz 15 o saunmnlglumsitou]
q‘: : 4 s 1 o
yanua 500 A uaz 1y lumsnaaeuianua 750 N Tawgd#n 4.4 uaasiot Iy
i o4 ' 1 -
MINN 412 uaasminymwawduveaaryananlFlumsisoul 413 ugawans
" @ ¥ - L ¥
NANBITENIN reference pattern NugAdoyanldlumsisou]
P & ¥ = o o a’
A13190 4.14 LAAINANIINAADI FIHANMINATDI 1FWIT1IADIT AN
- similar_vigilance = 0.0182
- dissimilar_vigilance = 0.5
- x_size= 103
-y size=63
- step=1
- x_area=2

- yarea=2



! s o o =)
51 4.4 (a) uamanIMAURTUMWALIBY (b) HAAIMWIFIUNTZUIUMTIAST oTBY AN

- a a4 4 = ¥
MI1NN 4.12 miNuﬁmﬂmom‘umwmuu'man‘l‘ﬁumiﬁuug LHagNITnaaoy

yAna mwilFlumsisoud mwihlFlumsnaaoy

1 2,3,5,6,7,8,9,10, 11, 12 13, 14, 15, 16, 18, 19, 20, 21, 22, 23, 24, 25, 26,27, 29
2 1,2,3,4,5,6,7,8,9, 10 11,12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23,24, 25
3 1,2,3,4,5,6,7,8,9, 10 11,12, 13, 14,15, 16,17, 18,19, 20,21, 22, 23,24, 25
4 1,2,3,4,5,6,7,8,9, 10 11,12,13, 14,15, 16, 17, 18, 19,20, 21, 22, 23, 24,25
5 1,6.8,9, 14, 16,22,27,28,29 2,3,4,5,7,10, 11,12, 13,15, 20, 21,23, 25,26

6 1,2,3,4,5,6,7,8,9, 10 11,12, 13, 14,15, 16,17, 18, 19,20, 21, 22, 23, 24,25
7 4,5,6,7,8,9,10,11,12, 13 16, 17, 18, 21, 24, 25, 26, 27, 28,29, 30, 32, 33,37, 39
8 1,2,3,4,5,6,7,8,9,10 11,12, 13,14, 15, 16,17, 18, 19, 20, 21, 22, 23, 24, 25




M1319N 4.12 (AD)

yAna ami1FlumsGous a1 lumsnadon
9 1,2,3,4,5,6,7,8,9, 10 11,12,13, 14,15, 16, 17, 18, 19,20, 21, 22,23, 24,25
10 1,2,3,4,5,6,7.8,9, 10 11,12, 13, 14,15, 16, 17, 18, 19,20, 21, 22, 23, 24, 25
¥ 1,2,3,4,5,6,7,8,9, 10 11,12, 13, 14,15, 16, 17, 18, 19,20, 21, 22, 23, 24, 25
12 1,2,3,4,5,6,7,8,9, 10 11,12, 13, 14,15, 16,17, 18,19, 20, 21,22, 23, 24, 25
13 1,2,3,4,5,6,7,8,9, 10 11,12, 13, 14,15, 16, 17, 18, 19, 20, 23, 24, 25,28, 29
14 1,2,3,4,5,6,7,8,9, 10 11,12, 13, 14,15, 16, 17, 18, 19,20, 21,22, 23,24, 25
15 1,2,3,4,5,6,7,8,9, 10 11,12, 13,14, 15, 16, 17, 18, 19, 20, 21, 22, 23,24, 25
16 6,11, 14,17, 18, 30, 38,43, 49, 53 1,5,7,8,12, 15,20, 21, 22, 23,27, 28, 29, 39, 50
17 | 12,19,20,22,23,24,25,26,27,28 1,2,3,4,5,6,7,8,9,10, 11,15, 16, 17, 18
18 1,4,6,9,13,15,21,22,23,27 5,7,8,12, 14, 16, 17, 18, 19, 20, 24, 25, 28, 29, 30
19 | 12,18,25,27,34, 35,36, 37, 39,40 2,3,4,7,8, 11, 15,21, 22,23, 26,29, 30, 31,32
20 1,3,4,6,10,11,29,31, 34,36 7,12, 13, 14,17, 18, 19, 22, 23, 24, 26, 27, 28, 35, 37
21 19, 29, 30, 31,32, 33, 34, 35, 36, 38 1,2,3,4,5,6,11, 12,13, 14,17,22,23,24, 26
22 2,9,17, 18,26, 27,31, 32, 36,40 1,3, 8,10, 11,13, 15,20, 21, 23,24, 30, 33,37, 39
23| 11,21,22,23,24,31,32,34, 38,40 1,2,3,4,5,9, 13, 14, 15, 16, 17, 19, 28,29, 36
24 3,4,13,14,21,22,23,25,33,36 2,5,7,11,12,17, 18, 19, 20, 24, 26, 28, 32, 34, 37
25 | 57,58,59,60,61,62, 63,64, 66,67 1,2,3,4,5,6,7,8, 10, 15, 16, 20, 21, 22,28
26 | 12,19.26,29,32,33,37,39,40,44 1,3,4,7,8,10, 11, 14, 15, 16, 17, 18, 20, 21, 22
27 7,10, 14, 16,23, 25, 28,33, 34, 37 2,4,8,9,11,12,15, 17, 18, 21,24, 26,29, 30, 31
28 9,13,20,21,26,28,29, 32,34, 38 3,4,5,6,7,8,11, 12, 14, 15,17, 18,22, 23,25
29 8, 11,12, 18,20,23,24,31,33,36 5,7,9,10, 14,15, 16,17, 19,21, 22, 26,29, 32, 38
30 | 26,28, 30,32, 34, 36,40, 43, 49, 50 1,2,3,6,8, 10, 12, 14,16, 17, 18, 19, 20, 21, 31
31 8, 18, 31, 32, 34,37, 38,40, 42, 43 1,2,4,6,7,11, 16, 17, 20,22, 23, 24, 26, 27, 28
32| 12,14,17,21,24,29, 32, 35, 36, 40 4,5,6,7,8,9,10, 11, 18, 26,27, 28, 30, 38, 39
33 1,2,5,6,8, 16,20, 23, 25,30 3,4,7,9,10,12,13, 14,15, 17, 18, 21, 22, 24,29
34 1,3,4,9,10,25,30,31, 36,37 6,7,11,12,13, 15, 19,21,24,27, 32, 33,34, 35, 38
35 | 20,23,24,25,26,27,28,29,30,37 1,2,3,4,7,8,9,10,12, 13, 15,16, 17, 18, 19
36 | 11,16,22,25,30,32, 34,39, 43,48 4,7,8,12,13,14, 15,17, 18, 19, 23, 26,27, 33, 35
37 2,7,11,15,19,22,25,32, 33,34 4,5, 14,16, 17, 18,20, 23, 24, 26, 27, 28, 35, 38, 40
38 3,7, 26, 27, 30, 32, 33, 36, 38, 39 1,2,4,5,6,10, 11,13, 14,15, 16, 17, 18, 20, 31
39 | 17,18,19,20,21,23,24,25,30,31 1,2,3,4,5,6,7,8,9,10, 11,12, 13, 14, 16
40 1,3,10, 11, 16, 18,23, 26, 28, 34 2,6,7,8,9, 12, 14, 15,21, 24,29, 33, 36, 38, 39
41 6,8, 12, 18,20, 23, 31, 35, 36, 40 4,11,13,14,15,16, 17, 19, 24, 25, 26, 28, 30, 32, 34
42 6,7,9, 24, 25,26, 27,33, 34,39 1,2,10, 11,12, 13, 14, 15, 16, 17, 18, 19,20, 21, 22




M13139N 4.12 (AD)

ynna pwi 14 Goud a1 lumsnamou
43 7,9, 24,25, 26,29, 30, 32, 33,37 12,10, 11,12, 13, 14,15, 16, 17, 18, 19, 20, 21, 22
44 3.9.26,29, 30, 31, 36, 37. 38, 40 2,10, 11,12, 13, 14, 15, 16, 17, 18, 19,20, 21,22, 24
45 6,8, 15, 20,23, 26, 27, 30, 35, 39 2,5,7, 10,12, 13, 14, 17, 19, 22, 24, 28,29, 31,40
46 4,5,10,19,22,27,31,32,33,39 6,7,8,9, 14, 15, 17, 18, 30, 34, 35, 36, 37, 38, 40
47 | 23,24,25,26,27,28,31,32,33, 34 1,2,10, 11,12, 13, 14,15, 16,17, 18, 19,20, 21, 22
48 111,12, 13,18,21,24,25,32,35 3,4,5,6,7,8,9, 23,30, 31, 36,37, 38, 39, 40
49 4,5,6,7,8,9,32,34,38,39 1,3,10, 12, 13, 14, 16, 18, 19, 20, 21, 23, 24, 28, 30
50 4,5,6,7,8,9,24,31,36,40 1,2,10, 11,12, 13, 14, 15, 16, 17, 18, 19,20, 21, 22
371 500 750

MmN 413 waminaaosmsiinmlumiisendng reference pattern Augadoyanldluns

= ¥
Fouj
° " Y = ' ¥
$10 reference | $Suamdoyainldly AANNYNADA ) 3 .
o IunwineuRa
pattern MITUUY (%)
452 500 99.60 2
M3 4.14 HANINARDINS FIININAIUIFY
Sounmwnldly | Swounmi | s . | @Puynnanaou
ynna PUIUNWNADUAA R
MInaaoy ADUQN He
l 15 15 -
2 15 14 1 38
3 15 9 6 7
4 15 14 1 1
5 15 11 4 25, 26, 36
6 15 15 - -
3 15 15 : -
8 15 14 1 7
9 15 15 : -
10 15 14 1 8
11 15 13 2 12,22
12 15 10 5 10, 13, 14,25, 30




15190 4.14 (AD)

a9

sounmnlely | Swounimi ; Mavyananal
o =] = u
ynna U wNaUAR )

MINATADY ADLYN fin

13 15 15 :

14 15 12 3 13

15 15 14 1 48

16 15 12 3 35,43

17 15 15 - ;

18 15 12 3 12, 35

19 15 13 2 10, 40

20 15 12 3 24, 39, 47

21 15 14 | 2

22 15 14 ] 13

23 15 13 2 6

24 15 1 4 9,19, 29,36

25 15 13 2 2.3

26 15 14 1 25

27 15 12 3 1

28 15 1 4 4,13,21

29 15 13 2 9,48

30 15 12 3 10, 13, 27

3] 15 12 3 18, 26

32 15 10 5 2.4,20,29,47

33 15 15 3 .

34 15 1 4 4,13,27

35 15 14 I 21

36 15 14 | 21

37 15 10 5 16, 19, 27, 30, 34

38 15 1 4 1,4

39 15 14 1 1

40 15 15 - -

41 15 1 4 4




M13137 4.14 (AD)

60

Swaunwildly | Snounmi | L | ayanodinon
ynna Snounmnaouna R
MsNAADY AoUQN AR

42 15 14 1 3
43 15 13 2 27
44 15 11 4 36,40, 50
45 15 11 4 40, 50
46 15 12 3 20,43
47 15 13 2 10, 30
48 15 10 5 1,4,40,41
49 15 13 2 24,41
50 15 14 1 40
37U 750 639 111

nosiiua 85.20 14.80 -

4.4.2 WAMINARDINIFO1WITUAIY Modified Hausdorlf ARTMAP 1f3suinouiu

Hausdorff ARTMAP [1]

HANIINAADANAITNA 414 Modified Hausdorff ARTMAP I¥imianmgndes

o ‘d- o 1 s A
85.20 % lauiuInuangnasialy Cluster Layer B3 maumiiny 452 Tvua Faunaves

' \ v
S - oW -y 3 d4 a
reference  pattern  1UADUGUAUMSISoUdTVIAWIAY  63x103  Wnva  uAlemSvay

N5TUIUNSIE0US YUIAVBA reference pattern HYWIAMIAY 93x133 Wriwa §11u 452 Tnua

“ ] o4 o a o = )
M15197 4.15 naaaszoznaim ldnnnmaudunaouda uaznwaosu lunguiduanu

HAN13NAADIYDY Hausdorff ARTMAP [1] THmInmgndes 81.07 % wufiu $1uu

Tnualu Cluster Layer 5$1u2mu11iu 497 Tnua Tauwu1avea reference pattern gafimualin

- A (=] ! @
YUIA 100x 150 WALHD FILVUIALNINVIYUIAVD input pattern

ﬂ]ﬂéﬁ 4.15 (v“l'I‘i'lﬂltﬁﬂQi%ﬁUtTl'N‘UﬂQﬁTUl"?iUﬁﬂﬂilaﬂ

nAuYBIAITUT ‘ « b . o .| szozmevesmmiies
ﬂqu‘]ﬂ@ﬂ1ﬂi"ﬂuﬂﬂauﬂﬂ FLUENNUVDINTUNADUHA - S
Aoy ngalunguiduaiu
2 38 0.0302 0.0314
3 7 0.0136 0.0138
3 J 0.0129 0.0140




M50 4.15 (AD)

61

ntjwaamwﬁuﬁ _ Sl B m szormaveanminion
- NAUVDIAUFUNADUAA | TTUTNIIVDINTHAADUAA EEEN——
3 7 0.0116 0.0130
3 7 0.0131 0.0141
3 7 0.0124 0.0134
3 7 0.0122 0.0133
4 1 0.0230 0.0235
5 36 0.030 0.0301
5 14 0.0294 0.0297
5 26 0.0287 0.0308
5 26 0.0288 0.0301
8 7 0.0147 0.0149
10 8 0.0285 0.0292
11 22 0.0326 0.0327
11 16 0.0343 0.0344
12 10 0.0277 0.0304
12 13 0.0266 0.0292
12 25 0.0281 0.0287
12 30 0.0292 0.0300
12 14 0.0280 0.0288
14 13 0.0237 0.0244
14 13 0.0268 0.0269
14 13 0.0237 0.0242
15 48 0.0312 0.0323
16 43 0.0325 0.0328
16 43 0.0287 0.0313
16 35 0.0311 0.0314
18 16 0.0396 0.0398
18 35 0.0408 0.0410
18 35 0.0381 0.0391
19 40 0.0349 0.0355




M15197 4.15 (AD)

' -
NQHVDINUIFUN

nauvBIMUIFUTInBUAR

FTOZTN VDN MNABVHA

52OZNIIVBINIMTVIOY

nAToY fgalunquidvaiu
19 ) 0.0290 0.0295
20 39 0.0366 0.0368
20 47 0.0388 0.0409
20 24 0.0304 0.0304
21 2 0.0189 0.0192
22 16 0.0232 0.0238
23 6 0.0705 0.0707
23 6 0.0657 0.0667
24 9 0.0280 0.0287
24 29 0.0434 0.0435
24 36 0.0339 0.0356
24 19 0.0358 0.0358
25 2 0.0233 0.0246
25 3 0.0241 0.0251
26 28 0.0255 0.0288
27 1 0.0191 0.0197
27 1 0.0205 0.0207
27 1 0.0191 0.0192
28 13 0.0283 0.0284
28 4 0.0260 0.0265
28 B 0.0273 0.0278
28 21 0.0323 0.0324
29 48 0.0377 0.0379
29 9 0.0362 0.0365
30 10 0.0295 0.0295
30 13 0.0269 0.0275
30 27 0.0277 0.0282
31 18 0.0419 0.0445
31 26 0.0430 0.0452




M1319N 4.15 (D)

63

nfjwa:mm%ui'i , el & 3LUEMIVDINHTIVIDY
S NQUVDINFUNABUHA | TTUTNVDINMNADUHA ERE—
31 26 0.0436 0.0460
32 47 0.0449 0.0459
32 2 0.0461 0.0478
32 29 0.0410 0.0467
32 4 0.0429 0.0453
32 20 0.0442 0.0468
34 4 0.0275 0.0276
34 21 0.0274 0.0276
34 21 0.0246 0.0247
34 13 0.0253 0.0264
35 2] 0.0296 0.0327
36 21 0.0256 0.0280
37 30 0.0357 0.0367
37 34 0.0382 0.0395
37 27 0.0338 0.0373
37 16 0.0382 0.0407
37 19 0.0372 0.0377
38 -4 0.00268 0.0037
38 1 0.0257 0.0260
38 1 0.0234 0.0266
38 4 0.0241 0.0265
38 1 0.0254 0.0262
41 4 0.0232 0.0268
41 4 0.0242 0.0261
41 4 0.0277 0.0279
41 4 0.0229 0.0255
42 3 0.0190 0.0228
43 27 0.0246 0.0256
43 27 0.0229 0.0249
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nAuvOIMTU , o il B sTorMeveInIWinion
—— NQUYDIDWITUNADUNA FTUTNNHRYDININNADUHA ﬁqﬂ"[uﬂdmﬁmﬁu
44 40 0.0405 0.0415
44 50 0.0430 0.0435
44 50 0.0403 0.0404
44 36 0.0384 0.0387
45 40 0.0425 0.0430
45 50 0.0384 0.0421
45 50 0.0403 0.0411
45 40 0.0411 0.0442
46 20 0.0417 0.0446
46 43 0.0337 0.0358
46 43 0.0288 0.0325
47 10 0.0362 0.0367
47 30 0.0358 0.0359
48 | 0.0286 0.0290
48 40 0.0305 0.0321
48 28 0.0308 0.0309
48 4 0.0262 0.0272
48 41 0.0278 0.0283
49 41 0.0346 0.0375
49 24 0.0312 0.0367
50 40 0.0376 0.0381
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M35y weight Tﬂuﬂﬂﬁué’mznﬁﬂifu‘ﬁmiTcxmuu«hmﬂm?uui' U@ Modified
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AWSIVVDINN input pattern TuAmERTUlIMNA 9I0IUIINMSIA0N reference pattern NI
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mspdaiunztanniy vmldna lunszurumsvanuauiuiudi
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UANAITEHINN reference pattern H11 input pattern 1A Q HANIVUIWVUIAVOA reference
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pattern U1 IHINAMIAMMMTDUNANUAIVY HAZAAAIAY
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Abstract. This paper proposes a new nenral network approach specitically
for solving e b binary fmipe recognition pre 1s. The
proposed neural network 1s an extension of the Hausdorft AR IMAP introduced
ty thummano and Rungruang |1]. The ohjectives of this research are to
accuracy and correct the drawhacks of the original network, The
performance of this proposed model has been comparcd with that of the original
Hausdor!l ARTMAP. The experimental results on two benchmark databases,
the ORL and Yale face databases, show that the proposed network surpasses the

s dlausdn i AR

i Bl prsfinance wid pranessing lime

I Introduction

Person wdentification bas received increasing attention in recent years, In general,
there are three ways 1o identify an individuai: the person knows something (e.g., a
PIN, o password): the person possesses something (e.g.. an 1D card, a passport); or by
measuring something about the person’s body [2]. The later encompasses the
biometric identification. Among all of the biometric identification methods, face
recognition is the most natural, non-intrusive, and user-friendly biometric measure
because it requires no disturbance w the person being identified. While more intrusive
biometric recognition systems (e.g., palm, fingerprint) are presently more accurate,
face recogmtion sull has a critical role in certain domains since the person being
identificd may be at a distance from the sensor. the person docs not have 1o be
compliant. and recognition can be performed continuously

A variety of techniques have been applied w0 deal with the face recognition
problems. The reader should pay attention 1o Chellappa et al. [3] and the references
therein for 2 more complete survey of previous research works on face recognition. In
the early vears. many researchers used the structure parameters of faces as the
features in the facial image recognition. Kelly [4] used vorious kinds of facial
features. including width of the head and distances between eyes, top of head to eyes,
between eves and nose and the distance from eyes to mouth, During the past decade,
rescarchers have paid much attention w the statistical approaches -- such as
cigenfaces [5]. KL transform [6), and SVD [7] -- and the neural network appronches
[8. 9]. Neural network is very suitable for face recognition systems. 1t has the ability




to automatically learn the rules from the given collection of representative examples,
instead of following a set of human-designed rules [ 10]. Moreover, it is well-known
that the neural network is more robust to noise than other methods. Thammano and
Rungruang [1] proposed the 1ausdorfl ARTMAP neural network, which employs the
concept of the Hausdor!T distance 1o measure the likeness or similarity between the
incoming input pattern and the reference patterns of each subject. The results show
that the lHausdorfl ARTMAP is very efTective in dealing with the face recognition
problems. 1t outperforms many diflferemt techniques studied in the past. The rescarch
deacribed m this paper concerns a modification of the HausdorfT ARTMAP newral
network in order to further improve the accuracy and correct its drawbacks The ORI
and Yale face databases are used in this study 10 evaluate the performance of the
proposed neural network.

Following this introduction, section 2 briefly describes the concept of the
Hausdorff distance. The original Hausdorll ARTMAI is introduced in section 3
Section 4 presents the proposed model. In section 5, the experimental results are
demonstrated and discussed.

2 Hausdor(f Distance

The Hausdort¥ distance, when used as a measure of similarity between two two-
dimensional binary patterns, has shown o agree closely with human performance
{11} The Hausdori distance measures the extent to which cach poimt of an input
pattern hies near some pomt of a reference patiern. Given two linile sets A = iy, as.

L) nd 13- thy b b,i, the Hausdortt distance between sets A and B s
detined ay

AL B ) = miax {h{AL 1) A )} )

where the function h(:A. 13) is called the dirccted Hausdortt distance from set A to sct
13, which can be computed as follows:

BB = may ilwll(!n-hll}, (2)

where (a- b is the Luclidean distance between point a and point b. The Hausdorft
distance exhibits many desirable properties for pattern recognition. However, some
madifications of the dirccted Hausdorft distance are made in this study in order to
nerease the noise immunity of the measurement.

S h(a.B)
MAB) =2 (3)
&

/!

where |A is the number of points in set A. h(a, B) is the poimwise Hausdor(T distance
for point a. The pointwise Hausdor!t distance is computed as follows:
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hiu.ll):min(lu-hl!) : 4
b

3 Hausdorff ARTMAP

The architecture of the Hausdorft ARTMARP is a three-layer neural network as shown
in Figure 1. The first layer is the input layer, which consists of Xx Y nodes. Each node
represents a pixel in the input partern. The second layer is the cluster layer. The nodes
in this second layer are constructed during the training phase, The third layer is the
output laver. Each node in the output layer represents a class that the lHausdorft
ARTMAP has to learn to recognize. During the supervised learning, the binary input
pattern 1" is presented 10 the model, 1onether with i1s respective target output vector.
The input pattern is denoted by

e 7 8 U 1l 50 o e, o 3 e S, (5)

where m is the m™ input pattern. X and Y are the dimensions of the input pattern.

Target Qutput Vector

}
(7S GaYees (o) Output layer (k
[oleEX I

Cluster layer (j)

‘\}y Input laver (i)

\’I Input pattern (1")

X

Fig. 1. Archiccture of the Hausdortl AR TMAP
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Each node in the cluster Laver is fully connected to the nodes in the input laver via
the connections w'. The weight w', which has the same dimension as the input pattern,
represents the reference pattern of the §* node in the cluster layer. Onee the mput
patiern s transmitted 10 the cluster layer. the choice function of each j™ node in the
cluster laver is evaluated as follows:

TA™)=1", W'y . (6)

where 111", w') is the Hausdortl distance between the input pattern 1™ and the
relerence pattern of the ) node (w') The system then makes a cluster choice by
selecting the winning node J with minimum chaice function value, among all the
nodes j in the cluster layer The cluster choice is indexed by 1, where

T =min [Ty} =120 N, m

where N s the number of nodes in the cluster layer. In case of a tie, the node with the
siallest index is chosen. Next, the vigilance eriterion is evaluated 10 check whether
the degree of mismateh between the input pattern and the reference pattern of the
chosen cluster i< within an acceptable level

T(™ < p. (4)

where p s the vigilance parameter, which has the value between 0 and the length of
the diagonal line. Resonance will oceur i the chosen cluster meets the above
crirerion However, if the condition i (8) is not satishicd, a new cluster node | is
recrinted 1o code the mput pattern. The weight of this new nade is initialized 1o be
equal to the input partern and this new node will automatically satisfy (X)

w'=" []]

Neat, the system associates the winning node J in the cluster layer with the target
output veetor, 11 the winning node ) does not belong to the correct class defined by the
target output vector, a new cluster node J i1s recruited and its weight is initialized
using equation (9). Then the connection between a new cluster node and the target
output is created. However, if the winning node represents the class o which 7
belongs. the weight vector w’ is then updated according to

’ s
Bl 3

s
b 3 e (1)

v 8

w!' . oire! o0
; i )

W :'\I
] 1.
. otherwise




where § 1s a positive integer value: it tells the model how many pixels surrounding the
current v, v position should be considered during the weight adjustiment.

During testing, cach test pattern is applied in turn and s class is predicted. The
class whose cluster node returns the minimum output value is the result of the
prediction.

Results of the experiment conducted by Thammano and Rungruang [1] show tha
the HausdorlT ARTMAP is very effective in dealing with the face recognition
problems, It outperforms many different techniques studied in the past. 1owever, the

Hausdorff ARTMAP suflers from the following problems. First, the performance of

the Hausdorf ARTMAP depends directly on the order in which the training images
are examined. Second, the time used for recognizing the subject is long due to its
large reference pattern size. The above drawbacks motivate the development of the
proposcd model presented in the next section.

4 Modified Hausdorflf ARTMAP

The architecture of the modificd HausdorfT ARTMAP is cxactly the same as the

Hausdorft ARTMAP. The modifications are done 1o the training algorithm. The

details of the training algorithm are presented as follows

1. The closest similarity between the input pattern m and other input patterns within
the same output class K is located.

r

d, = min
™ v ek, nenl

. a
min[H(l".w’" )}! (e

8

where 17 represents the input pattern n which belongs 1o the same class as the
input pattern m. w™ is the small arca on the input pattern m: it is used to represent
the whole I" image. ¢ is the number of locations on the input pattern n, which w™
is compared 1o
Next, d,, is compared w the similarity threshold (puie) Pumis 18 3

predetermined value between 0 and the length of the diagonal line. IF d,, is less
than or equal 10 Py, the process will continue to the next step. However, il'd,
exceeds P, W size will be increased by predefined pixels and this step will
be repeated

2 After w" is identitied, its similarities with other input patterns outside the output
class K are determined. The minimum of the above similarities is compared to
the dissimilarity threshold {(pyaumia) bused on equation 14,

T

do_ = min lmin[ll(l".w'“)]} (13)

4oy, > Pyt - (4
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where I represents the input pattern p which does not belong to the same class as
the input pattern m. Py, ueie i a predetermined value between 0 and the length of
the diagonal line. However. it must be greater than or equal 0 pya.. I the
condition in (14) is satisfied. the process will continue to the next step. 1f not. w™
size will be increased by predefined pixels and then go back 10 step 1.

This third step determines the capability of w™ in representing the input patterns
within the same output class.

I, if“lum 5 Mrinnlae 3
R = 1Ll. otherwise : (15)
d,, = 1x:i=1[llil".\\ "')], (16)

wherem — 1,2,3, ,eandn - 1,23, . e eisthe number of input patterns in
class K. means that w™ is capable of representing the input pattern n.
tnth R, 0 means that w™ is incapable of representing the inpin

patiem n

4 In this step, the nodes in the cluster Iayer are created and a select group of w™ is
wsed o be their reference weights. w'” which is capable of representing the
wianinin number of input patierns in the class is the first 1o be chosen. The next
maost capahle w” are subsequently picked until all input patterns in the class are
represented. i case of o te, the averages of the similarities between cach: w™ in
question and the rest of the inpul pattens in the same class are calculated, the one
with the smallest average is selected.

5 Experimental Results

I test the pertormanes of the moditicd Hausdorff AR TMAP for face recognition, the
experiments have been conducted on 2 databases: the ORL face database [12](13] and
the Yale face database [14][15], The results of the experiments are then compared 1o
thuse ol the original HausdorT ARTMAP. In order to be comparable, the
preprocessing step of this study replicates that of Thammano and Rungruang’s study.
First, the gray-level edge im Lix, ¥) is obtuined by applying morphologi
operations [16] on the original fuce image f{x, v). Then, the gray-level edge image is
converted to a binary edge image using the adaptive threshold method,

F(x.v)

. ] (7
Hx.y¥)

nix,y)=

Ihe values of the function n(x, ¥) are then sorted in descending order, and the
threshold is set so that 30% of the points with the largest magnitudes in n(x, v) are
selected




77

For the ORI, database, there are 10 different images of cach of 40 distnct subjects;
therefore, the total of 400 different face images are used in this experiment. The
images of cach subject were taken at different times with different lighting. facial
expressions (open/closed eyes, smiling/non-smiling), and tacial dewils (glasses/no-
glasses) as shown in Figure 2(a). Four images of each subject are randomly chosen for
training and the remaining six images are used for testing. Previously, Lin et al. [17]
carried oul a comparison study of many different techniques - the principal
component analysis (PCA), the conventional Hausdorfl distance (HD), the doubly
modified HausdorfT distance (M211D), the spatially weighted HausdorfT distance
(SWHID), the spatially weighted doubly HausdortY distance (SW2I1D), the spatially
cigen-weighted  Hausdorfl distance (SEWHD), and the spatially eigen-weighted
doubly HausdorfT distance (SEW2HD)  on this ORL face database. The reported
recognition rates varied from 46 — 91%. The best recognition rate (91%%) was achieved
from the SEW2HD. Table 1 shows the recognition results of both the HausdorfT
ARTMAP and the modified HausdortT ARTMAP on the ORL database. The best
performance of the Hausdorlf ARTMAP is obtained when the vigilance parameter (p)
is set at 0.8 and S is 2. Iowever, the performance of the model might be lower if the
sequence of the training images is changed. For the moditied Hausdortl AR TMAP,
the best recognition rate of 93.83% is achieved when Py 4nd pymas tre 0.35 and
0.9 respectivels
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Fig, 2, Examples of the oniginal face images and the binary edge images of the OR1. (1) and

Yale (b) Gace diabases

Ihe Yale database (Fi
subjects. There are 11
configuration: center-l

2(b)) contains 163 different face images of 15 distinet
es per subject, one per different facial expression or
uht. wiglasses, happy, lefi-light, w/no glasses, normal, right-
light, sud, sleepy. surprised, and wink. In this experiment, randomly picked 90 images
(6 images per subject) are included in the training set. The remaining 75 images (5
unages per subject) are included in the testing set. The recognition results of the
HausdorfT ARTMAP vary from 89.33 - 96.00% depending on the order in which the
traming images are examined. On the other hand, the recognition results of the
modificd Hausdortt ARTMAP are always 96.00%, whatever the order of the training
images is




Table L. Experimental results on ORL database

“Number of Size of %% Correct
Cluster Nodes Reference
o Patterns " B
HausdorT ARTMAP 152-153 100x100 | 94.58-95.42 |
Modified Hausdor T ARTMAP 159 BSxRS, 59x59 95.83 _]
Fable 2. Experimental results on Yale database
B o [ Number of Size of wo Correel |
Cluster Nodes Reference |
o Patterns B |
[ Hausdorft ARTMAP 8388 100100 89.33-96
| Moditicd HausdorfT ARTMAP (&) 93:03, 6161 1 96
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