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TOM TAT

Trong nhitng nam gan day, cac nghién ctru va (ng dung cla tri tué nhan tao (Artificial Intellegence) va
hoc may (Machine Learning) thu hat dwoc sw quan tam cua rat nhidu nha khoa hoc. Mét trong nhirng linh vic
lién quan t&i céng nghé tri thi'c ma hién nay dwoc ng dung rét nhidu vao trong cudc séng la nhan dang mau
(Pattern Recognition). Trong cac bai toan dwgc kha nhiéu ngudi quan tdm cho dén théi diém nay & nhan dang
khuén mét (Face Recognition). Bai bao da xay dwng thanh céng hé théng nhan dang khuén mat trén dac trung
cuc bd Local Binary Pattern (LBP) va subspace Principle Component Analysis (PCA). Hé théng da duoc kiém tra
trén bd co sé& dir liéu MBGC, bén canh dé bai bao con xay dwng dwgc mét bd co s& dir liéu cia nguwoi Viét phuc
vu cho viéc nhéan dang.

Tlr khéa: thuat toan LBP; thuat toan PCA; thuat toan eigenface; khéng gian con; nhan dang khuén mat

ABSTRACT

In recent years, the studies and applications of artificial intelligence (Artificial Intellegence) and machine
learning (Machine Learning) have drawn the interest of many scientists. One of the intellectual technology- related
fields whose applications are present in many aspects of life is Pattern Recognition. Face Recognition has, up to
this point, been among problems gaining the most significant attention. The report successfully completes the
facial recognition system in Local Binary Pattern (LBP) and subspace Principle Component Analysis (PCA). The
system has been tested on the MBGC database. In addition, the topic builds up a database for Viethamese
people’s faces in reality.

Key words: LBP’s algorithm; PCA’s algorithm; eigenface’s algorithm; subspace; face recognition

1. Pit vin dé déng vai tro quan trong trong qua trinh giao
’ tiép gitta ngudi véi nguoi va cling mang mot
lugng thong tin gidu co, chang han nhu c6 thé
xéc dinh gi6i tinh, tudi tac, ching toc hay trang
thdi cdm xuc,... Nhan dang khuén mat khong
phai 14 bai toAn m&i nhung né van 1a mot thach
thirc 16n vi mét bai toan nhén dang mat nguoi
chtra nhidu cac bai toan khic nhu: phat hién
mit nguoi (face detection), danh ddu (facial
landmarking), rat trich dac trung (feature
extraction), gan nhan, phan 16p (classification).
Ngoai ra, anh khuén mat trong thuc té chira
dung nhiéu vin dé nhu: d6 sang, do nhoe/mo,
dd nhiéu, do phan giai, goc anh,...[5].

Trong nhitng nim gan ddy, cic nghién
clru va mg dung cua tri tué nhan tao (Artificial
Intellegence) va hoc may (Machine Learning)
thu htt dugc sy quan tdm cia rat nhiéu nha khoa
hoc. Mot trong nhiing Ilinh vuc lién quan toi
cong nghé tri thitc ma hién nay dugc tng dung
rt nhiéu vao trong cudc séng 14 nhan dang mau
(Pattern Recognition). Cac hé théng nhan dang
phd bién hién nay nhu: nhan dang chir viét
(danh may hodc viét tay), nhan dang chit ky,
nhin dang vén tay, nhin dang trong mét (iris),
nhan dang mat nguoi,...[1][2].

Mot trong cac bai toan dugc kha nhiéu

ngudi quan tdm cho dén thoi diém nay 1a nhan 2. Giai quyét van dé
dang khuon mat (Face Recognition). Khuén
mat
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Phase 3: Nhin dang

Hinh 1. Huéng tiép cdn nhin dang

Buoc I Tao PCA subspace dua trén bai
toan eigen

Buée 2: Pau vao ciia bude nay 1a anh ¢
chtra mat nguoi can nhan dang. Pau ra cta budc
nay la dac trung dung trong qua trinh nhén dang.
Budc nay dugc thuc hién thong qua nhiéu giai
doan nhu sau: Tién xt 1y, phat hién khuon mat,
landmarking, cat vung khuén mdt, rat trich dac
trung.

Buoc 3: Trong budc nay, dic trung cua
anh cAn nhan dang va dic trung cua dir liéu hoc
mau duoc chiéu 1én PCA subspace. Dya vao hé
s6 chiéu, ta s& co duoc két qua nhan dang [9].

2.1. Ddc trung LBP

2.1.1. LBP co ban

Thong tin LBP cua pixel tai trung tdm cia
mdi khéi anh s& duge tinh dya trén thong tin ctia
cac pixel lan can. Co thé tom tit cac bude tién
hanh nhu sau:[4]

Buoce 1: Xac dinh ban kinh lam viéc.

Buoc 2: Tinh gia tri LBP cho pixel &
trung tam (Xc, yc) khdi anh duya trén thong tin ctia
cac pixel lan can:

p
LBP; £ (%, Ye) = D 5(g, — 9,)2°
p=1

Trong do, (gp) 1a gia tri grayscale cia cac
pixel lan cén, (g¢) 1a gia tri grayscale cua cac
trung tam va (s) la ham nhi phan dugc xac dinh
nhu sau: s(z) = 1 néu gié tri z >0.

LBP code = 1*20 + 1*21 + 1%22 + 1*23 +
0*2* + 0*2° + 0*%2° + 0*27 = 15

47| su| oes| | 23| 9| ol o o
0 *

62| 70| 70 8| *| o0 1

80| 83| 78 0| 13 8 11

e

Hinh 2. Tinh gia tri LBP v&i mét ma trgn 3x3
2.1.2. Rut trich dac trung LBP

Qua trinh rat trich diac trung histogram
ciia LBP duoc tom tit nhu sau:[4][9]

Bude 1: Gia sir ta ¢6 1 birc anh s6 6 kich
thudc 1a 100x100, ta chia nhé buc anh ra lam
nhiéu khdi anh (blocks) khac nhau c6 kich thuéc
14 10x10.

Buéc 2: Ta tiép tuc chia khdi anh 10x10
thanh cac ma trdn nho hon 1a 3x3 chong lip
nhau (overlapping) va tién hanh thuc hién LBP
lén cac ma trén nay. Nhu vay ching ta c6 duogc
64 ma tran 3x3 tir khdi anh 10x10. Tuy nhién
thong thuong ta ding ky thuat ndi (padding) dé
6 thé c6 duoc s6 lugng khdi anh bang véi kich
thude anh. Chinh vi vdy, nhu ta di thdy trong
phan LBP co ban, dic trung LBP ¢6 kich thudc
cung véi kich thude cua anh goc. Gia sir trong
truong hop nay, ta dung histogram cua LBP
(LBP dong dang).

Buée 3: Tong hop histogram ciia LBP tir
cac khéi anh bang cach cong don.

Tinh LBP (vi du
LBP déng dang)

ww

Hinh 3. Vi du minh hoa cho rut trich dac trung
LBP trén khuon mat

2.2. Phwong phdp PCA
2.2.1. Giéi thi¢u vé PCA

Phuong phép phén tich thanh phan chinh
(PCA) 1a mot cong cu rat phd bién trong viéc
nhan dang, dugc biét dén nhu la Eigenfaces
trong Ung dung nhén dang mat nguoi st dung
PCA. Cum tur Eigenfaces dugc hinh thanh dua
trén Umg dung nhén dang mat nguoi va bai toan
PCA giai bai phuong phép phan tich tri riéng
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(eigenvalue). PCA dugc xem nhu la phuong
phap chuan dung dé danh gia mac d6 hiéu qua
cia cac phuong phap khac (baseline
benchmark).

Hai phuong phéap co ban dung dé giai
quyét bai toan PCA la: phan tich tri riéng
(eigenvalue) va Singular Value Decomposition
(SVD). Trong khi SVD giai quyét bai toan PCA
dua trén ma trin dir liéu (data matrix) thi
phuong phap phan tich tri riéng (eigenvalue)
lam viéc trén hiép phuong sai cua dir liéu. Trong
khudn khd bai bdo, bai toan PCA duoc giai
quyét dua trén phuong phap phan tich tri riéng
(eigenvalue).[6][9]

| | 4
Hinh 4. Vi du minh hoa cho PCA

2.2.2. Cac khai niém trong PCA

Tri trung binh (mean) cta 1 vector 1a mot
gia tri don (scalar) va dugc tinh theo cong thirc:

— 1 &
X :WIZ:];XI

Trong d6 Xi la thanh phan trong vector X.
Vidu x1a 1 vector vdi gia tri nhu sau: x = [5 10
20 50 70], trung binh ctia vector nay la 31.

Trong khuon khd cua bai toan PCA,
vector trung binh ¢t duoc st dung. Cach tinh
vector trung binh ¢6t hoac dong duoc miéu ta
trong vi du sau

Vector trung binh ¢t Vector trung binh dong
1 |2 |3 1og2 13
T s 4 s ilis
7 s 3o
7 8 9
__________ 10 11 112
2
10111 3.5 |65 |73

Hinh 5. Vi du minh hoa cho tri trung binh
theo cot va dong

Do léch chuan (standard deviation): cho
biét do khac biét hay do léch cia cac phan tir
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trong dir li€u so véi tri trung binh. Cho trude dir
liéu X va trj trung binh ciia X 12 z, d6 léch chuan
cta X duogc tinh nhu sau:

UZQ/E[X—;L]Z :

Ma tran hi¢p phuong sai (covariance
matrix): gia st cho truéc mot ma tran
X=[X; X, ..X.], trong d6 Xi la vector.
Ma tran hiép phuong sai, ky hiéu 1a2., duogc
dinh nghia nhu sau:

2 =cov(X;, X;) = E[(X; —#)(X; — ;)]

2.2.3. Bai toan Eigen
Trong ngit canh cua bai toan eigen, néu
ton tai vector X thda diéu kién song song voi AX
thi x duoc goi la vector riéng (eigenvectors) cia
ma tran A. Tinh song song dugc biéu dién nhu
Sau:
AX = AX

Trong d6 A 1a 1 tri don (scalar) va duoc
xem la tri riéng (eigenvalue) ciia ma tran A.

Céch tinh vector riéng (eigenvectors) va
tri riéng (eigenvalues) duoc tong quat nhu
sau:[10]

Tinh dinh thic (determinant) cia A—- Al .

Tim tri riéng (eigenvalues) bang cach giai
quyét

det(A— A1) =0, trong do A 1a nghiém.

Tuong Ung véi mdi gid tri tri riéng
(eigenvalue) 4,, ta tinh dugc vector riéng
(eigenvector) bang cach giai phuong trinh:

AX = AX.

2.2.4. Bt van dé va gidi phdp ciia PCA

Pt van de

Mot trong nhitng cau hoi co ban trong bai
toan PCA 1a: cho trudc 1 tap dir li€u, tim truc
chiéu ma c6 thé phan biét duoc dir liéu tdt nhat,
tirc 1a bién thé (variation) 16n nhét. Xem xét vi
du sau day: muc dich cua bai toan PCA 1a di tim
truc chiéu tot nhat & hinh vé& bén phai.
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Hinh 6. Vi du véphég chiéu tir khong gian
2D xuong 1D

Giai quyét van dé: goi o 1a tryc chiéu can
tim. Phép chiéu cua dit liéu x trén truc chiéu nay
14 ®"x. Muc dich ciia PCA 1a tim ® sao cho bién
thién cua ©'x 16n nhat. Bai toan dugc biéu dién

nhu sau: arg max{var(o'x)}.
(@)

Gi4 tri bién thién ctia phép chiéu dir liéu x
1én truc ® dugc thé hién nhu sau:

Var (o' X) = E(o" x - E(0" X))
=o' E(x-E(X))x(x—E(X)) @ (*).

Trong do6 E[x] 1a tri trung binh cua x.

piat X =E(x-E(X))x(x-E(x))" lama
tran hi¢p phuong sai (covariance matrix).

Cong thuc (**) tuong duwong

Var(o'x) =o' o ,voi
S=E(X-EX)x(X-E(X))" va 0'0w=1.

Lm} y la trong nglt canh cua bai toan, @
dugc chuan héa vé vector don vi (unit norm), co
nghiala o'w=1.

Muc tiéu cua bai toan PCA la di tim 1 truc
chiéu @ sao cho gia tri bién thién cua phép
chifu ©'x 1én nhit (thc la di tim
max(Var (o' X)) . Nhu vay ta c6 thé phat biéu
bai todn nhu sau:

argmax{var(o'x)}, st. o' w=1(**)
()

Giai phap don gian nhat dé giai quyét
(***) 1a st dung phurong phap tdi wu Lagrangian
(Lagrangian optimization).

Ta (***) ta dua vé dang ham sb
T T
Lagrangian: L(#, 2) =0 20 - A(0 0-1)

Trong d6 4 1a h¢ s6 Lagrangian. Lay dao
ham theow, dit né co gia tri bang khong (0), ta
c6 cong thirc sau:

OL(w,4) _

0
ow
2> w-2Aw=0
SYo-Alo=0

SYo=Aw

bay chinh 1a bai toan eigen, trong d6 A
I tri riéng (eigenvalues), PCA subspace o la
vector riéng (eigenvector) cua ma trdn hiép

phuong sai ¥ = E(x—E(X))x(x—E(X))".
2.2.5. Ding PCA dé xdy dung subspace

ta cd N birc anh

Hinh 7. Minh hoa ma trdn mxn
‘ Cho truée tap hudn luyén (training data)
gdm N anh (X1, X2,... Xn) mdi anh duge biéu dién
duéi dang vector cot c6 M chiéu (x, e RV).
Sap xép cac anh lai ta dugc 1 ma tran X. PCA
subspace duoc xay dung qua cac budc nhu sau:

Bude 1: Chudn hoa dir ligu: X = %EN;‘ X,
va
X=(X-X)=[x-X x-X. . x-X]
Buoc 2: Tinh ma tran hi€p phuong sai
ciaX: T=X"X.
Buodc 3: Tim nghiém ctia phuong trinh
20=A0 i dugc giai bing phuong phap

eigen. Ma tran hiép phuong sai 2 kich thude
NxN nén s€ c6 N nghiém khi tim 161 gidi cho
bai todn eigen. Tép hop cua cac vector
riéng (eigenvector) s& hinh thanh 1 PCA
subspace.

2.2.6. Ung dung PCA trong bai todn nhdn dang
mdt nguoi

Buoce I: Thuc hién xay dung khong gian
con PCA (PCA subspace):
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0= 00,.0, €¢R™™ tir tip anh huin
luyén X.

Buoc 2: Thye hién nhan dang.

Pau vao: Dit liéu huan luyén Y (khac voi
dir liéu huan luyén X duoc sir dung trong xay
dung subspace). Gia sir dir liéu nay gém co6 K
16p (class), mdi 16p dai dién cho 01 dbi twong va
mdi ddi tuong duoc thé hién b::ing nhiéu anh
khéc nhau. Gia su 16p thir k (goi 1a Ck) chtra nk
anh dai dién cho nguoi K nay. Mai anh duoc thé
hién 1a 1 vector cot c6 M chiéu (x, e R™). Dix

RM x(My+ny.. 4Nk )

lidu hudn luyén Y € dugc thé

hién nhu sau:

X X X0 O O # #
X X X0 0 O # #
M X X xo0 oo ##
X X X0 0 O # #
X X X100 o | # #)
1 Y 1
ny n, Nk

Nyt N+ ..+ N
Dé tién sir dung, ta dat S=nl +n2 +n3 +
...+ 1K, khido Y eR™®
Xay dung khong gian con PCA (PCA

Mxm
subspace) (@} e R™™ 45 vac dinh trude d6. Pua

anh can nhén dang vé vector cot co M chiéu (
yeRY ).

Pau ra: Xac dinh y thude vé& 16p nao
trong nhiing 16p {C1, C2, ... CK}

Tién hanh: Chiéu tap huan luyén Y lén
PCA subspace o, fa s& c6 S hé sb oy, 0z,... as,
trong do

_ T T _T
a=0Y,0,=0Y,,.a, =0Y,
Va S 1a tong sb cac miu co trong tip huén

luyén Y. Chiéu dit liéu dugc kiém tra y 1én PCA
subspace @: @, = o' y.

Thuc hién so sanh hé sb (coefficients)
gita o, va a,..q .
3. Két qua thue hién
3.1. Két qud trén di¥ liéu chudn

Tap trainning: gdm c6 860 birc anh cua 43
dbi twong trong co s& dit liéu chuan MBGC
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Tap testing: chay random ddi v&i 213 birc
anh ctia 43 d6i tuong.

Hién tai thi véi co s& dit liéu chuin
MBGC (Multiple Biometric Grand Challenge
Database) thi két qua nhan dang dat dugc trén
90% ( >90%) d6 chinh xac.

DU LIEU MBGC
Random 97.6%
FULL 953 %
DU LIEU MBGC

98

96
95
94

RANDOM mFULL

Hinh 8. Két qua nhdn dang dit liéu MBGC
3.2. Két qua trén dik ligu thuee té

Tap training: gdm c6 121 burc anh caa 11
ddi tuong cu thé.

Tap testing: dugc chay random 53 buc
anh cta 11 doi tuong.

Cac két qua di liéu thuc té duoc hoc vién
thu thap trong diéu kién ngoai canh khac nhau,
anh hudng cua anh sang, goc chup, cac biéu
hién trén khudén mit va chét luong cuia camera
cling nhu chat lugng birc anh khong dong déu
nén két qua dat dugc tam tir 70% - 80%.

DU LIEU USER
Random 84.9 %
FULL 80.3 %

DU LIEU USER
86
B4
82
B0
78

RANDOM FULL
Hinh 9. Két qua nhén dang dir liéu USER

3.3. So sanh danh gia
Nhu di phéan tich va trinh bay ngay tir
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dau bai bao, PCA 1a that toan tdt, chay 6n dinh
trén moi kiéu dir lidu, chinh 14 vi PCA duoc
chon lam baseline.[3][7][8]

Bing 1. Bang so sanh cac phwong phap vé dé chinh

xac, thoi gian hoc mau va thir nghiém duwa trén bo
co so dir liéu

ICA 0.1 0.1
SVM 19.39 10

4. Két luin
Muc dich cua bai béo 1a tim hiéu va danh
gia mot so thuét toan vé xu ly anh, nhan dang dé

D6 chinh xéc (%) Thoi gian hoc mau tir do xay dung mot hé théng nhan dang khudn
mat hoan chinh nham phuc vu cho Ung dung
trong thuc té. Noi dung bai bao di thyc hién day

II| IL| ﬁ I m el da vige tim hiéu va nghién clru mot s6 thuat toan
== Ml == tiéu biéu tai timg giai doan xir Iy cia qua trinh

nhan dang khuén mat. Trong tdm nghién ciru la

AT&T | IFD AT&T | IFD cac thuat toan c6 kha nang thyc hién mét cach

PCA | 913 | 742 PCA | 03 0.1 chinh x4c nhét cho qué trinh nhan dang. Cu thé

LDA | 944 | 863 LDA | 024 05 la t’im hiéu va trinh bay hai thuat ‘toém quan trong
nhat 1a nhi phan cyc bd LBP nham rt trich dac

ICA | 913 |77 ICA 95 S trung cho khudén mat va by phéan l6p PCA cho

SVM 95.6 | 854 SVM 0.6 0.8 qua trinh nhan dang.

Thoi gian nhan dang V& thuc té thi bai béo da xay dung dugc
mot cong cu nhan dang khudén mét hoan chinh,
rrrrr ¢6 thé dem ung dung truc tiép vao thuc té. Hé
\ théng nhan dang di hoat dong kha chinh xac,
o o cho két qua dat dugc 1a hon 90% vdi b thu vién
chuan MBGC va dat yéu cau dé ra la tir 70-80%
AT&T IFD cho b dit liéu ma hoc vién tw minh thu thap
PCA 0.3 0.1 duoc.
LDA 0.2 0.1
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