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RESEARCH ON FACE RECOGNITION ALGORITHMS

ABSTRACT

Face recognition is a hot field of artificial intelligence. It can be used in many fields, like:
military, security, finance, commerce and so on. However, face images are non-rigid, mutable but
similar to some extent, which made it one of the most difficult research subjects in this field. This
paper aims to study related algorithms of face recognition with complex backgrounds. We realize
and compare some of the most effective algorithms. We combine these original algorithms with
deep learning and obtain several models which can be used in practical applications.

As the base of face recognition algorithm, this paper first focuses on face localization
algorithm, including face detection algorithm, facial landmark detection algorithm, face
alignment algorithm. For face detection algorithm, we realize two cascade AdaBoost classifiers
with Haar-like feature and local binary pattern (LBP) respectively. Comparing their results based
on MUCT database, we analysis the differences between these two algorithms as well as their
applications. In order to normalize facial images further, we implement the facial landmark
detection based on deep learning and the face alignment algorithm based on affine transformation,
which shows a good result on large-scale unrestricted face databases.

And then, we do researches on face recognition algorithm. It contains two aspects: one-to-all
face identification algorithm and one-to-one face verification algorithm. For the face
identification with high granularity, this paper proposes a face model training method based on
transfer learning. Compared with traditional machine learning algorithm based on Eigenface with
support vector machine and original convolutional neural network, our model embodies apparent
advantages. Based on this model, we also design and realize the verification algorithm based on
convolutional neural network feature and the verification algorithm based on Siamese network.
Both methods show good results on LFW database.

After above studies, we introduce face recognition technology to facial attribution
recognition algorithm creatively. We focus on age, gender, and race attribution. \WWe propose a new
network structure with merge layer to reduce its computation complexity, which could be used on
resolve many kinds of facial attribution recognition problems. The results of many experiments
show that our method can be applied in databases from real environment, thus expand the
application of face recognition technology.

Key words: face localization, face recognition, facial attribution recognition, deep learning
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TEVHS LBP B 5 N, BT SRR AE (DR 4 WS 28— AN [ e () SR e b o SEERUERA, LBP
M AT T ) T RE RN HS E TR R I

(2) AN LBP #iiR 5

LBP fERFESr 2510 iR, i LBP R AEE pl e s s B 7 P, a8t b B PR O AR LU ok
RGENREER ., FIAHR, A AR K LBP SCHASRAE M ) B 7 B £ R 4 K
REEMSFRE R, Fik, B LBP s SRR aUE — N R X e, R 5%
AT A B — N2 RRHER R o X — AW AL H—, FETJRERHIE 4T 5
AT DO A SR IR AT B, S IR I E R, =, BT RERHE SR
EAIUEEELZIEE, MHEAGRIME,

N LBP #3845 H1 Ahonen 75 2016 442 114, N\ P15 4 % 5= 35 XS 34 ] LBP
LM IRBURE . BT RS X AR R A D O A B 2 R R 7, Wi 2-8 s

% 11 7 3k 52



AR EEMR

ARE& B & o 3R SRLBPE S H HIEESE

& 2-8 AJi§ LBP #RZMIRETRE

N LBP B 7 BT LIt A IS BT = AN A %K~ : LBP R AEEA S T FEA
MEZREL, RESETERES THEANXEGE, BEE RS THANMVERFE. &
B AR LBP SRR TR, &R EH AT EATIH—1k, AT R HENE
[FIRE R/ NBURSE, AR X S vr i 7 B &

(3) T LBP H#-E[¥) AdaBoost A il &y

7E AdaBoost H ik, BORLESEEAE IEAUFEAR S MR P/ MU IR ZE S5 70 548 . 18
F5T LBP FHIE () AdaBoost HiEH, Rl #sfEREAS 24*24 M DR R A . £ — Rk
AR, AT A R A LBP RREE, FFRIEUCACFERE 4 H— AT IE
AIACE N B NEE, BEZEMEITA 0 BB e e . Y — 555 28 A i 5 58
ZJG, KRS S AR REEE: KTRE, WHELXIE; mTRE, T
T2 t. HEERENEE. RERWE 2-9 Fix.

% 12 71 3k 5270
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AR EEMR

B

L

BWAE R
v v v v
BNTHRE| A BHRB B EARE | Bl BANE
| | | |
1548
v v v v
BNTARE| | B BHRB FnIAEARE | Bl BARE
| | | |
s

& 2-9 T LBP $#E 1 AdaBoost A S & ki 72 B

2. 1.4 SEif B 5 MEREXT L
DAL B f i 2 R ORI T AdaBoost 2SI 80, (H i T FrR I AHE AR, 42
RN GRS I P 28R AT P DX S0 o A T TR R R B 2 T VA T R 0, AR R i
MUCT A%t ZEM), Aol B 605y 3755 Tk A& A IS BB, BATRE A AR &
R PSR, JEE BA AR o B Wkl 2-10 Fros.

o5

& 2-10 MUCT $iiERE

% 13 T 3k 5210
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JE3E 14 opencv HRAL ) C 2 Il 21 i) haarcascade 5 Ibpcascade, FoAIT/53] 1 DL R 45 5.

= 2-1 AdaBoost A Bl sz 45 R

i AR bR Haar-like LBP
Hits 3635 3569
Misses 55 106
False Detects 63 77
Multi-hit 5 3
Time 4min2.060s 1minl2.511s
Accuracy 96.804% 95.047%

@I SEE AT LA ZLH], BARIE T LBP (1] AdaBoost £ 28 1) A K ks B B& AT Haar-like
FRIE, (H &3 7 51 Haar Cascade BRIT 3 £, *FFSeif RGERIFEE o EEM = L. W
FAR R SR FRAS B R A BN 7] R, R AE R A XS 4% =1 1 Haar Cascade .

2.2 BETREFIHANEXELEMNEE

NS Sl A T 1 2 A 23 W7 0 AN T /D B LR 43 o St A SR A B 6 A
KIRIFEAZ S5, BATFHER B IR G IR, JEE. WH. SR500E), b
St N B R ST R B AT VA — Ak o SR T B R I T R e T G SR I R, BT
Wi T 2 J5— BN SE 5

B8 1 N6 s A ) A S T MR PO R 7 1047481 R A AF () 31495051
A L SAENE, WA RS SRR I AN 52 A0S G B, BRI 45 45 T S ML AR
LA T AR SR . AR, AR A5 R 0 4 N S s AT T AR

2.2.1 NJGoe s

G0 T B S 2 — 50T 20 B M AT 55 o AN RO TH B A 25 TR K A X )
BhAh, B —ANAME, TRt S LB KN B ARSI AT A

N S R e SRS — ARV (4 2 BRSBTS F) S A e —
NGB (X, Y)4 KR T AT MR T P I B AR . o TR, SR
15 AN A, DARFEANRMI L RS : B AR, ZEHR IR A . 2 IR AMIE F
AR A AIRSMNE . ZJEER. ZEESR. HEEN. AEER. SR, E¥M.
AWM. FEFL. FEHRG. B 2-11 ke s R A & 1

0

20

40}

60

80

100

0 20 40 60 80 100

B 2-11 #A AR R A
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2.2.2 BRRAMA M4 )5

LA M 4% (Convolutional Neural Networks) & 324427 5 & 1 813 ) 22 2 TR g At
A1, 1968 4 Hubel F1 Wiesel 18 B A AL 52 B 2 R AL & — R B 20 A . ix 3
LT TR A - DO T R, IR e Ol i 44 2B (Receptive Field) B2, i
2 B i I HES ) 78 S5 A X ke X S LA Y TN S ) ) SR IR AR, T iE A PRI
R MG I 25 (] X S O

AR R, BG4 A0 2 2 AR 4 e A6 3 X3 s (A5 .. ] 2-12
Fis, 3 m EME T AKRIET 5 m-1 EMa e — 1458, XEMaoma 17
[i) 3% 252 A PR BT 45

Em+1E

EmE

Em-1E

B 2-12 BTG LE P& TS T 3

— BRI E N 8 AR AN [FECE AN R B 2 P2 . A OB A i 72
HHEIRZ R

(1) #FZ (Convolutional Layer)

LGIRZRGIRMAMNENZOHE S, EAEERMNITER. GRENSEN—H
AT HIERE A, RN (KerneDo S T—MN, BN T HiE 76,
A Rl 26T B R E 5 [E]) (Feature Map), 1E N T —ERIHIAN. GIREMNBESEE: BHRZ
HIR/N (Kernel Size)« ERUZ A% (Kernel Number). #5 & (Stride) FlI#h 2 (zero-padding) .
EATIGE T B )40 s 4L .

(2) JtftjZ (Pooling Layer)

A JZ 8 TR RS G AR Z B, B 5 D R A2 a9 /D Ak =2 (8] 1) 48 B AT
WO S, BT E R, PG R HIL. ik A5 E AL (Mean
Pooling) Ml KA (Max Pooling) WA AY, ARURAEH L H 25 i RAETAL . el
ISR EL— AR XA () KA, TS — AN e R AR AT X, 523 1 R R AR 2 [ Y

(3) PG Z (Active Layer)

WOE Z 18 FA o TR, BN A S s R AEEO [R] A T b N AT R
OB B — s YE A A 2, b R AR I W HBOE RECE . Sigmoid R
TanH A%, RelLU PR%EE,

(4) 4i#%#)Z (Fully-connected Layer)

BEEENMHAETTS E—ZR A EOE TR AER . e 8E Fad R T DR R

% 15 7 3t 52
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—ANERETRIE 2 JE I — M &

(5) k%= (Loss Layer)

13 % oA S I B D 28 i S L SR A T 22 R R S ) R R R B, R AN X 2 134T
Ja e S g S, WK EREA: Softmax. Hingeloss. Infogain. Euclideanloss %5, 7
[l U= o) ey, 3@ H f# ) Euclidean #5125 B3, A AR

1 o .
ENZ.._J'x? - il (2-12)

2.2.3 BRI
I AW (G A, AT AR BRI S Rl h F R B B . £EHEAT A
S SRR I AR S5 h, K FE T LU AR AT R 2% 1 2 5 DR
(1) BA AR M %
RS H AN EASAR: AR, BE. R, Hb.
o HINENIIZGENIE R 5 IEFHIRS.
o RBEM NSRS MO EER, VRSN R T A
BEN AN 2 KB IRAE B, R 1 P R R ME R i N R 22 VA s
P WOEEXRA ReLU B3, BN

y = max(0, ) (2-13)
PR MG an P 2-13 Pt o HoAE FAE T 6HRAE [7) S 30 4T A 2R AR e, SOG4
Z TG,

rectifier

1 i . L
-4 =Z 0 2 4

A& 2-13 ReLU pA¥ B4
o HHE: WHEN—ANHEA 30 Mt EEREZE, TS 15 X ARG
B X,y AkFR

0 2% (R4 2K bR KR R L B A B AR 3, SR BEATURS FE N B SRE R 2 i 18] R T 1A
XSHHATBIE. SRR S5 2-14 .

% 16 U1 3t 52 11
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o
1

WAER Fa = i iy

B 2-14 BARR BRI EEH &

(2) BRHEMN 4

A RRLE 20 90 2% v (16 S5 PR A 750K B 2 ST A6 TSN SE AT A5 7 Bk k), B
BEAFETAERE, ST~ A S5, HER RSB YT
—ANEE, 2D SR AR SRR (G B FIR (R B A B AS R, I8 N4 45 31 58 = 2%
RIRFALE o

AR UR S5 BT FH B (1 W 2 546 0 = 2B R N . — A R S AR FUE
WG 2. WkE, F1—> Dropout 2. HI —=ZHIMIRE CAE E—/NTETAUA . Dropout Z 1)
S FE N T B 1k X2 ™ B A IS, BN SR A i e A 1

AR IR 2% FE Rt 2-15 TR -

MR ERE REE BRE RHE  BRE  RHERB ERE W

B 2-15 ZSRI0 4 £5 1 B
(3) LAY
LT NG A, TR 15 ASSREE AT A B 6 28, 43 K AN [R] B THI 3 88 o
W AN R L AR, w] DG R SR f e, R A REX I 2R3 117 78 20 1
FIF . AGE 16 D8 NUUR 6 28, LK 2-2.

R 2-2 RERHER

o il S
1 AL, AR
2 BR
3 E¥Ef. AYf. BB

% 17 T 3k 52



AR EEMR

ST P It
4 TIEHL
5 FHRANIR A EIRAMEM. AIRAIRMA. AERAMNE A
6 KEIESR. LJEJEN. AEER. AJEER

BT FARB RN G54 5 _E R AG RP22  48 GE AL AR A — 3, ME— I X 7E T iR
Ja TR A R i e 4 AR AR O S B e

2.2.4 LA E 5IEREN T

NS R I R0 ) Kaggle 1) Face Keypoints Detection bt 28 Fri At 5di g, V)l
SREEAUSTE 7049 SRR A, B R S 96%96. Hidr, R 2140 sk K bRt se &, 1A 15
X R i A, AR R Y A R  MUTE B R E AP N 28 5 B A 22 I 2% 1l Rt FE
HHAZENT 2140 5KbRVEERER B o MAEL FBARIA, &AM 2% 2 F B AR50 L OCHE mi bR i 58
TR B .

S UEAE R 1783 ThARiE e B B Lk,  BUE P 3 G IR RFF— 2. YIZRid %
W BN HE 2-3.

& 2-3 MAEISHEIIHRER

ZH) BB R PR Y 2% LA 2% L RIGR
AT BEALRE R T %
WIGh 2 2] 5 0.01

EESEN 0.00374897 0.00172055 0.00091650
BT R 22 2.940 1.979 1.453

2.3 ABEXSFEE

VFEWRTEE I, NX 5678 AR IR 3 ARG 5 EEAOME A . AR 5 1 se e T A
P % RN o 8 PR b g A S A L, SR A A B TR AR, HEAT
75 528 Hks N M S B T B S R R T 2 o

2.3.1 1) 4125

FEJUT b, A5 S AR el e SO AN AT DLORER s 2651 1 225 1) ¢ 2R ) 4 Y- 10 2 [R] 1)
A BT S AR — AR e, AT R X AT LR S 5 B A e 5 AT AR PR AT B
LRR, (BT B IE A 2 A B EE B WA AT Re R A e o 32484 vl F R A 5K
TR

(ot

HAEFERR N

% 18 T 3t 521
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-6 5 5b 215

IO, TSI ek, GO0 BMEE. HEUTKTIM LR,
W 2-17 s

RIR|R|R|R

] (] 3 3 (]
T8 ]st s HER E=07)]
3 [ ] [ ] 3

RI AP~ | R

B 2-17 {5 B AF TR

2.3.2 LA B 5P REXT TE

B TG AR AT, AT DU AR A — (LB o P00 28 3 s SAF R
71 1, Eidiingerr i Enbar 25 A7ZEC b F 1 35T AR S A0 U S Bt T AR A 5«
Zeid a3, NKELR R B BR[O, 1] 2-18 44t 7 34 TR AL B I 1% LL I

(a)

(e) (f)

& 2-18 AbEERTEXTEHLE

25019 U1 £ 52 1T



AL¥
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>y

) X &
HAI JL

',* i
Yo SHANG

—

AD

2.4 KREINE

AN NI e A E A T BN AT T S ST, B K AR, A
Ji: B ARSI B N SRRk, st SEER XA SVE T T SRS AR

TENIGAT I AR A, AR 528 T 3T Haar-like FRAEFIE T LBP SUHHRHIER)
AdaBoost 5%, PFREEBIME AR RS 0 55, HEAESCRFIHER 2 EARTIX Al . i@
HAE MUCT 0di4E Lt 475258, nf DO E2 R T Haar-like H#4iE ) AdaBoost 537 f AR H fE
g, (HVEMFRARIR A ER . BT ARSI S F S Bt ) N0 ) R, ]
B LR AL TR TG SEIGREAS , DR B 2K T Haar-like 4354iE ) AdaBoost B3 1E g A KA I 28

AN T4 e S Y BURFAE DT FCAS AL, AR F s A T = FhoAS [R] B o 22 I 2 S A I 2 N
WO AR, RN RIREMENGE ., B = ANEREMEMS ., LR, S
R, G ML AW SR S, EAESGURSE R I, R
REVECRIREE e . RN, ISR T R 2% S0 NG SR xR B R mT 474

A EE P NGRS 57 BE DL LRI S A e/ o s, Jdad DL BRSSP IR TR 2 145
BB REAR LS 2IRR v N IOAR Y b SREGAIERA, AR SR B T DU 2t N 54T IE
ik, AR T R EIE E AL AR ER AR

SA USSR R, AR AT R A A B AR AR an ] 2-19 FiTR:

(3

R R

Haar + AdaBoost

A

A SEIRE N Tty
{ha9EiR
AEAN i
WGREE - i

B 2-19 NEAr Sk B ks

&
S
b=
bad
R
b=l
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FZE BHSERPHARRANBEERR

NIRRT BASEF5 15 Bl T HNL BRSNS R s F AL 15 S HEAT 734, LAA
SRS R BRI K. ERFHAEHT2aRg ., I HaT DALY R
HAR (e F880RM). MRS MG . TJUFEKR, RZ R RGWH H IR ARIEN
EH TR, Qg nmAE .

3.1 ABIRBIE AL

NIRAE AR T 20 ted 60 FARTFUEIE, (HlFH AR — B 15 B ERET M B .
FLA 80, 90 AL, THEMHEARGHGE AR K BN N EARBR] 745 ER R, H
TER] DL TN S bt F 0 SR AN e B SR A o

ERIPN A1 =871 S 1Y S A I =

(1) FETF U AR EERY, @it 204 i S8 AR A T LT % R HriR
SN o IX PR A O T NGOGk sl B, B NI B . M, R
AR B

(20 FETHRAEA R R A58 S o P A 0 5 5 T 08 Sk B UL 0
ELE o TR) R B T A B AR H ). H FHRRE . LBP. SIFT. SURF. Gabor 4.

(3) TGt 2 m NG R 5 L0, e o3 TR A AR AR SIS . [ Bh %
TR RS ZER AR, ARG BILRR AR, HT RSN . % Wik
e SCREmENL DI ETBERY SRR R 45

(4) FETIREES ST N R B EESY, i B A 28 00 46 0 R BRSO 3472 5], @
i 5T R 25 A MR NG 1) S R, 45 B S 2 NGRS Y o VR 2 T 78 NI i )
SRR B SRR A B A W HERA 22 RIRFE P2 =y, 72 H T state of art [l 5%

N R SRR FAT 25 B AR AN [F] 1 4 9 P 2K

(1) FET ARS8 5092 (Face Identification): B 7754k 5 0K M N 1) — 7k
NG MG 5 G & 8 1 b i TE BUG AT ST B, e R ICECA T 55 o BERP BRI N — X %2
AT RMG L e

(2) FEFT ARG B B3N (Face Verification): SR TfiATE 4 & I 7k A K K]
%, @IS H e bE FE T AR PR AR ADURE FE T ) B Tk B R — N ARIE R . eFp %
X 5% — AT MG E R )

AT )5 BN TR 53 S0 SR RS [T 55 0 N R B E AT ER 5T

3.2 ET ARRANNENERE]

XT38 e A E BN ) JE, - a) DURE B AR B e i S B R A 5% .
EEHPRATEG A CEIEEE E R AEAEE N ASASE SN, 380 B AR 5 #dhs v
T NHIRHEARAYE, R30S s TR S kBl ZBEVET UL T8 241, WiER
G, [ 1EERGEZ LN RGH

AR 3 BRI FE T HRERG (Eigenfaces) ()5 15 A $R52%: 5 5L T35 AU 22 o 2%
(Convolutional Neural Network) (& &35 N 17— i mdEmER, FKE VGG

&
A
b=l
H
5
b=l
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FRAE PN A AR A E R P SRR R AT FE ORI 25, 49 31 58 I HL A i 1 1 X 8 A

3.2.1 FE TR 5 SCRE R EAL ) By A R

(1) FHER

FRAEIG T 1987 44 Sirovich A1 Kirby Fifiz 2% F Tt SN E 4R 4. 1901 4,
Matthew Fil Alex 5 KR T AR sy 83 SE3iF B o —Fa] TRME I . 45
FUE MG T e B N IS PG Bl 2L s 1) v 4 ) B 2 RO RS A AT (R P 7 ZE FE R T4 310 R A2
TRty Z T E B R T A s s i —H R (Base).

FRE(E SR EE TR

A X={xs x.n x53 3 NDYIZREEA TR TR EE 1] 2
a. I

‘l n
u:h—,zidxi- (3-1

b. THREIT ZEHERE S

‘l n
— — — T _
S=3 2., = 0= 1) (32)

c. THEAFMEME A, 1S AEHIE ) & v,

SL-":'=.;'.:'U:' E:=-l,2, R (3'3)

d. ZIRRHIE R R P HEPRFAE (A e 63 KN B K AR AR P X L PR ) A O 2
7o 195 KA Z )5, IIZRFEAKS AR 2K K AR

x=Wy+pu (3-4)

:/H\:EP’ W= (T—" » Vs, ...J'E-J’k}o

(2) SCFFmREML

YRR T 1995 4F H Cortes £ Vapnik $2H 84, by 3L 52 4 1 B 1 L AR B2 47 1 52
ORR, SCRFRIENUSCONILES F AU A 1 B Bl g — e — A g
() B8 IC 55 2 72 18] (14 68 ~F- 18 171 6% [ U= 85 2 28 i) b AT M B 2 2

AR VRS2 F 3 12 DAAZ 1A 3 26 % ( Radial Basis Function) S B8 B0i% e 2 e S7 B 241
T FEA AT AR LR W, AT LIRS 20 76 Ji 25 ) 26 P AN 1T 23 ) Tl e A S A BT 3 (4 1)
T, I TR ) A A RO .

XTI B RIREAR x 5 X, HAZ R EoE SON:

e

K(x, x') = e 27 (3-5)

AT LAER R, RBF &R S5 PR I Tk, HAESEON[0,1]. fEIZRid R, X
F A ENLE N A T IR A R BB FIRBEAR Z BREE S, MIRREA 2> 2R H .

% 22 T 3 5210
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D) = (Z a:i-) ZZ& a; v K (2. %5) (3-6)

i=1 j=1
i FL A2 -
Zﬁﬂ:}’:':ﬁ and 0=a; = C (3-7)
i=1
FEDRI , XTI X,
h(x) = sign( Z a;y: K(x.x) + b) (3-8)
X[ESTW

(3) FETHRAAER (1) AR B2
FEDIRUTR
a. 4T VI GRFE AR5 BRI (7] 2 I 2H 1 1) 2 1)
b. R IR AR A5 5 BRI (7] 5 28 1 1 25 1)
C. IBHSCRIMENGFEAR, 15245
d. EE A NAREAR AT IZ R, SRR %, FRER
3.2.2 H:THRE 45 1 5 AR AL
U AR BE A LA S RS AD , ORI 2 I A EHR H BRAE IR 28 o AR ZR LA 1385 B
T KR M H 22 5 I MG T B B B s N 258 e, L2 RBE AT . K&
BmA R T INGAR B E A G Rt . BN IE p B A, (HE0 0V e i3 m 1 15
SRR, SFE IR TRRIBRER . BRI, WsCRrmENL. R, &
P ) 2o M 5 7 VA IO SR R SR o TR A28 I 485 () H BRI A X — ) R 3L
TRIFEITT %
(1) Alexnet
£ 2012 4Eff) ImageNet Eb3Erh, Alex Krizhevsky 25 N E S E SN 4%— 252 R e
ZEOL, AT I 46 1 2R S H1 43 J 1000 254 120, 000,000 3K P& A 4k, B top-1 §H i %
N 37.5%, top-5 HERFR AR IRFN 17. 0%, A TER X 28 S5 K B R 9 Alexnet. 283 KB S5
F W, Alexnet X5 J5 10 A HARUF G PE,  DRIEAC U BIE SR Alexnet 1 R FE A X 4% 45
), FFRABINGRERI RN bR2EE H S — e iR .
Alexnet [FJEA SR a1 3-1 .

2048

1000

128

204¢ 2048

& 3-1 Alexnet [y AZE

% 23 T 3k 5271
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AR EEMR

N FRGEME TR, MEOHEENEREM=ANSEREZ, a1 SERENE T
&> 1000 4[] f:, softmax JZ 8252 [a] & AR HE 74 W 1000 2 label f) i M54 .
28 38 3 B KA TR A BIALL SR R K5 LE bR 2 1) 3 A AR AU 7 I Tl A B T S 5

BAINGISFREHA GPU G1E5ER. H, 2 2. 4. s MERES R 5FET GPU
a—EER. B 3INERESIASERENSHA GPU T LEMATGHIE, Xt
RIE TR GPU BERE 2> T, SR AR 7 W28 i .

(2) FTF Alexnet ) ErHEFIZR W48 45 )

HF Alexnet YIZRENE Jidk, MM%SHENZ, EGFEN B, N T2 &N AR
REFTR ) CASIA B4R, XHES Alexnet FE4T T LAF tiuidk:

o I AFEAR R/ 64*64 1) RGB B4

o [HMZEENN, HAGRZERBRZ 2 NE 7. 30 5. 3. 3.
o fHFIR GPU HEATUIZE, 2 1. 2 DNA&ERE5 Mo 2048

o HTHIRGERL S 925 25, ki e — N EiER: 2 H i 925

AR AR 3-2 R o

Conv-96
LRN
Maxpool
Conv-256
LRN
Maxpool
Conv-384
Conv-384
Conv-256
Maxpool
FC-2048
Dropout
FC-2048
Dropout
FC-925

B 3-2 FTF Alexnet BIEGHE 4% 4514

3.2.3 FET BRI A 25 1) B f B AR R I D —— Ak o)
eAr22>] (Transfer Learning) & 4 HTTR B4 AR X 28 B 0 Ak (0 F4 1 d. 7E SR AR
W, IR A IR 88 K. TR R IR IR G — a4, ik, 78
— AN E KBRS (Wl ImageNet) BT FUIZR, AR5 FARYE A S 1975 KR 3E4T finetune
BN TR N BRI 7. N 1 RN B R ISR EE, A RBER A Visual Geometry
Group YIIZ:H VGG_Face fERIAE A TN R | L H] VGG M 2% 45 1 3E4T finetune.
(1) VGG Face
Visual Geometry Group 5% | V& B 22 I 25 11 Ji &, B 7038 T KRB U1l 25— mT LA 3
NS AR SR 45 . LI ZRFE A dE 2622 A A1) 260, 000, 000 7K, #iEim K

TIA K AT N R .

Maxpool
Maxpool
Maxpool
Maxpool

Maxpool
FC-4096
Dropout

FC-4096
Dropout

& 3-3 VGG Face 1M L1
VGG Face HI M55 B R . BAR KRN 28 S5 /ISR B Alexnet, {H VGG Face
{58RAE HB MRS T o 150, BRUZMERUIZ KN N 3%3, BN RUZ AT LU IF )

&
R
b=l
H
5
b=l
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AR EEMR

MG HZEEEE . Kk, SNERRNERZEH S, DHBCEZ R Fit. M
S RJE— R SRR M SO 2622, f A4y Softmax JZREAT A A AW . Visual

Geometry Group At 7 ABATIIZRES (AT, AUREURE DASEAR RUAVE N TSR A, Dt A ik
(e S CULGLI

(2) HRIFALE S
BT RAAEHEAT VLR VGG Face B A IR IEAT 5 B IR HUIDRE , DR AR e fh
AR RET, BREA SRR SITNEEERZNE I, AN RE —RaEwzZeE
17 finetune. MIZZINZREEH S FIZROREE — 20, BRiR)a — RS 25 E SOy 925 Jfit
ITSHEAIEN, i A R AR T E I 995 AN B I bR A SR A . LAY SR T ] 3-4

Btz o

Bl 3-4 ARSI P AR R

Maxpool
Maxpool
Conv-256
Maxpool
Conv-512
Maxpool
Conv-256
Maxpool
Dropout
Dropout

EIGS RS, FJRRFEBKEFERNE S —.

3.2.4 S 545 R

Y TAE G2 )RR S5 28 W AR R R B DX A, ARS8 4 A 4 i3k 4T

(1) BT LFW B EnL gy > ik

Labeled Faces in the Wild (LFW) %54 5871 S Ak IR 1) 241t T B9 30 30 i) S iy 2 2
H . BRI 13000 5k WML FIREM AR A, RE 5749 MR, &k
B UANBAE RS, o, sReA s il 50 5k A3L 12 4~ AR SCRF IR AL
JARERER, NSRS RER HREH TiX 12 M2 P A, 3t 1560 sk F, H
1170 FKAE N IIZREE, 390 FkAFAIRIEEE .

it e ORI SR 150 ANRAIE A, AT BAELAY 12 SKRAFACAG . SA4 B {5 nf&l 3-5 i

181
ol |y

7No

& 3-5 EMHRHMLRE G

% 25 T 3t 5211
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WERES R, RIS EATIRE, 4RI TR IR:

31 RIEELER
Label precision recall F1-score support

Ariel Sharon 0.75 0.75 0.75 16
Colin Powell 0.79 0.80 0.80 66
Donald Rumsfeld 0.88 0.85 0.87 27
George W Bush 0.79 0.93 0.86 140
Gerhard Schroeder 0.78 0.58 0.67 24
Hugo Chavez 0.76 0.76 0.76 17
Jacques Chirac 0.75 0.30 0.43 10
Jean Chretien 0.68 0.93 0.79 14
John Ashcroft 1.00 0.69 0.81 16
Junichiro Koizumi 1.00 0.73 0.84 11

Serena Williams 0.88 0.78 0.82 9
Tony Blair 1.00 0.80 0.89 40
avg/total 0.83 0.82 0.81 390

B AT 83%. T SCRE M BN A RGIR, “IGFEAT 2R, KEA
INE BRI, MORUREUR B IMPEAS R . nT DLWEER, AL G A7 R ER 6 ik
5 TR B ORI BRI

(2) T CASIA E¥s G2 #0428 5 1%

CASIA WebFace ¥R 4082 — A0 445 494, 414 3k N\ BB IR EEUREE, Kb R4
H 10, 575 NMAEMIN, XFIZREFME M 28 A BRI B .

SOV B RRAE, Fom 2R aE R, RITEAIE LMDB i, K8 7 FTA A E 100 1)
o, SRR —MAEE 925 NMAFIFRZEN 146, 436 5K B fr, Horp 145,511 5K (80%)
YERIIZREE, 36,390 ik (20%) 1ENIAESE. IZE SIAEES M MREREA ELF A
3-5 Fi7rse

Iy =

5

B 3-5(a) VIGEEIREFALE

&
N
(o2}
b=l
H
5
b=l
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EIERERS

LS

& 3-5(b) BAFES R SFHEAHE

IR T R AN 3-6 P

B 3-6 YIZ&E Tt

LT Alexnet [ 28311 23 FE B 3-
7 fis. BRI HER % N 69.9258%.

100
7 H
Fea
5 +eo
#- 70
5 |
Feo
| £
w4 !
5 50 E
4 | =3
! L
R 40
L
24 |
s |
+ + + +|- 20
- |
10
0 T T T T T T T T T T T T
0 ] 10 15 20 25 30 35 40 45 50 55 50
Epoch

B 3-7 ASZIRFRELYI S5 i 2R

27 7 4E 521
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(3) #T CASIA b Hik

A ST B EREER (2) SEARFF—E. MEYIIELEREE — N EIEI 4 E
i VGG Face #24L[1) caffemodel, /5 —/MEFHENMMEA =W AR BENI M1 . BT E
HRZMNSEEE e, NERTY, MoANEEREZNIT 455, EEe ) aa6%
fE. BT W% EEBEATRAES], M5 EN 0.001, BRI —, AR 4845
P AT e BRI IR

VGG MZEHINI K, ZHELZ , WHFE TR AR [H] o AR SL587E GeForce GTX TITAN
X kA7, JERERS 18 /NEF 12 b, IR FE W 3-8 Fiam. e 925 4345 HE R Rk 2
83.1%, FARIL T BRI L LA

a0

- &0

- a0

- 50

Loss

e
i
Accuracy (%)

- 40

- 30

20

] 5 10 15 20 25 30
Epoch

& 3-8 ASLIGHEAY VI R h 2%

3.3 ETREZINGMHAEE

SN B RGN M BRI IR 2 — . B TR S A g R 1ok H
Fl—AN, BT BRI — X —UCAL . FH T B 0 Al A AR R R 0 X 4 36 5 0 20 i 2

S —H T 1A Bh 2 53 2K 10 AT I 2R 1 R 28 PN % B THT AR AAE ) B, SRSl 6o b
) B AT e W, IR PO VI8 TS o AR S (AR, O B 2R R

G EB S HEMACTEC/ARVCECRE A (R 22 167 V5 0] DU 38O e R
AP 53 )

A/ NTTRG A3 VR PR AR AT IR T, Hd i S b B HvERE

3.3.1 B TR SR AU Bt BN Bk

b GRS NSRBI L 2 N, B2 1 AT GR 9% CNIN RFAETE T2 1] 35
IS . 2014 4E Girshick 25 A2 H 7 R-CNN, A T ik B0 2 ST b 22 WX 28 1| 2 —
M EERHERRIGES, TG4 KR mENET 28 AT 5417 PASCAL VOC 2012 %4
£ FEUS T state of art (455, FIRHAER 7 CNN RERIA Rk, BHE T AT 2 2%0E.

MHAMAEGEARAE (. SIFT. SURF. HOG. LBP %%) #HEL, CNN HRAFExE DLEE AR
PIETR AT HR, (HEE B R L. CNN RHIEMIREUE T M TR, MRYE 7 2 5E
TR BIANE], AR 4 I 28 0 DU IS R 4 S 3 MR R BR 8, (S RUZ O & R RRAE

&
N
(o0}
b=
H
5
b=l
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PEOLER . [FIRS, RN RN 25 T DLEREX LU A% Gep i 58 i 200 ARFAIE s 7R R FEE K
HIFER .

S0 B\ S FH T 2 2 TR s IR 5 S N A 51 B 2 R R T
[ — A M. X BRI B 1 HIWTS B St 2B, BT SR, dit
WZR— AT DR EEE ANAFFAERI 2%, 5 AR B #E AT A AR SR, 2 A e B 4 1
NI R (RS SRR

BBNFHAMEFEAA CNN FHIEZ 5, 7 2R & R A0 AR R — B R R EE RS, JF
RN FAE AT I . A EE B A, WA E N FEACKRIE TANE RPN B, AN
HoRPET— N H RS sRECE LA =

(1) L1 V3—4k#EE (L1 Normalized Distance)

[ R AV S = ¥ T M9 M R LRl o1 == N INTE - P 9 = Bt 2 E S B I
ITH—A, B AR LRAE S THER N — e m S R . HEAX W F:

- i b
D (@)= ) (o~ o) R

(2) L2 1H—4kFEE (L2 Normalized Distance)
L2 H—AbBa it L2 YEHO6 P AN 7 Bt b ) 28 [a) ) kAT 3 —1k, ARG ZE R LB
SR E AN — R EZ S, FEA T

- i b
DL:'[av b} = ;l[”ﬂ”: - ||E?||:} (3-10)

(3) 49%8EE (Cosine Distance)
KL T E WA M B NS B R AR, JHIHA N0 I, RIZMEN
1, Hitr&EALN:

X, a;b;
cos(a b) = — =2
fem 2 [on 12
¥r,af (¥F, b3
WI i=1 L.\‘I i=1 &g

SRJEH LT A 20 R 5% FE B3 —3F[0, 1]:
similarity{a, ) = 0.5+ 0.5 * cos(a. b) (3-12)

3.3.2 FET X RAS TR A ZE X 25 1) 5 3 o\ v

XIFRINZE (Siamese Network) AT~ MEHE o 27 ST ARADAME R R, el a0 AR e i o 4
LS B — N er DUE S L1/L2 o 2 0 BE B 1 H bR s 18] 2158 240 Wr— X4 N IR0 B 25 SR
H e XPhP 2Rl T I8 hf— R E >, HERUESE 28 AIAE U 2R 8 v AL
KRB RO, RS S i R, P Zad T f /MU IX B35 25 ek %1 (Discriminative Loss
Function) AHAHNIEHE R, {8745 AH DT T IR A 2 [R]  BE BSYa R % /N, AUCHC IR AR 22 [H]
R B VGRS K . RPRRIN 2 (RF R 5 S S BN RIE TR SR, & — M TR R
FESVIP

NG B 4 B SR () DB E T S LR S R BUR AT R L, RoefE 4k 2 4252 1k
Bl%. AWM EFRE: ([28:52% (False Accepts Rate). fl4E44% (False Rejects Rate).
—ANFI R G Z% BE R e /MU IR AN S5 T8 AR 2 I 2508 U6 TR 1A% 2R s kAT
AR — AMIRLE TS H] o 5 ST A AL AR PR X FR A AR 284 P A 54 s A Al ] . e

(3-11D

% 29 T 3k 5270
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B B 2% 3555, 81t Contrastive Loss Function BE47 44k, .
(1) KHRRARFAH N 2%
BT PR TR A5 AR 22 X 2 S5 4 T ] 3-9 P o

A

1Gw (X1) — G (X

Gw(X1) Gw (X2)

Gy (X) Gw(X)

Convolutional Network Convolutional Network

Xi X5

A 3-9 MNHREHHMEMELEW
L X5 Xo NI —XT S, Y AT IohEE, 3 X5 X, REAFR—MNAR Y=0, 5
M Y=1.W NFtZESHaE, EI SR HE NS .S Gw (X)) 5 Gw (X)) N

H &b E.

X1 5 X, fERgE=m gt s, AR Ew (X, Xo) HHCEREEREL, HTrEHR
B, BN WR:
By (X0, X3) = |Gy, (X2 — Gope (Xl (3-13)

(2) XTHARZ K%k (Contrastive Loss Function)
X LG5 2K B B TR AR B A N 2 (1S4, HatE AR
N
1 ) .
Ezﬁﬁikﬂw+ﬂ—ﬂmﬂ@mmm—mm‘ (3-14)

n=1

ﬁ\:l:P’

d = ”a'n _bnllz (3‘15)

(3) MZRLEHy
N TR IRBE R B M gE S 18], JF BB 2R SIS B AN R, T R

&
(S
b=
H
R
b=l
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AR EEMR

PG 58 A A HZ B I W 2% o S I X b 8 IR 48 30 AT o B R U 2k, T DUCREAIG
PR PR S AR SRR ISR R b A AR 2 o5 2 22 T
ZRULRAIE T ASRAS A R RFALE o
FEPRURINZRIN, A3 FH TN ZR A AR R P AN IFAT BORP 22 I 28 BEAT B4R AL . X LE gtk R
A FEERNAMSE KRG R, DR E AR B, 45 HR&mnRaiR.
ARSI HET VGG Face fEAHEAT, HAKMZE5H 0K 3-10 Fios:

= ) © = © © © =
3 3 ] ( & o I 1A I o g 5 £3 5 3
O G o - - o ~ ~ ~ o g
H > 3 l . 3 XX L ! ! <3 = 2 S 2
2 2 3 2 2 X 2 2 = x T ) Y o -
g S|l 2| 8§ S S S S 15 S || L S L S Q
Ol | 2 S || o 2 S S S 2 w ] = a =
= ® ) = © © © =
3 3 S X X o 1A I n o 9 5 E3 5 S
: - R A - Lo I - - S = -
Sl B 2|2 2|5 - [E|[E|I2| 2|8 208 2 08
[ S = 5 s S s & S L 2 5 prd 5 2
o o = S S = S S S = [ (=) [ a o

& 3-10 AL HT F M4 451

3.3.3 LT H 54 Rt
(1) B TRAESZEU S iy i A 5925

WA FETTFTIR, VGG Face &5 T RKIBEIEIIZRM, LT T 58 MK AT 55 1)
%, [, TR —MRE T CNN RRESR IS, B AR R SES %A VGG Face AT AL
caffemodel 1ERHIESZHLES, BN LFW 4 SR AF 50 IE 5 «

B, LFW ST B a5 55 2 JE #ik N caffemodel, $REXN 4% (1 & f5 — 2 4%
B2, 32622 4k, MK EG T B LFW $dE 85 verification fARENIREEZS H, 3 3000 %f
IEFEAR, BSkETR—MARIEGN; 3000 6 apeA, Bk ARG 550005
HLL AR, L2 10—k . AR,

REVRXFEARZ MRS 5, 5 BRI A& A« AN IR SES6 I8 I 22 1] AUC 4k
KAKBIRE, THHEAERE.

B2 TAERE I 28 (Receiver Operating Characteristic Curve) 7] LU EF TN — 784>
K B HER %, BN EE R BRE. &AM MNALER 70 A EFETE# (False Positive Rate)
FIEFAYEZ (True Positive Rate), il £ 7x b6 B 1)L A BRI L. ROC
£k 5 y=0.x=1 1% 5% it & B Bl i 1) B T AR 43 5 D ROC i 28 1) T £ ( Area Under Curve),
B R DR UF I SN — A e 0 AR R

HRHE ROC iz, w] L@ LA A ORAGFHER %«

1+TPR —FPR
accuracy = ———5——— (3-16)

KIS A4 R AR 3-2 P

&
®
b=l
H
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& 32 AFIBEERBHHERE

IRV AUC Value Accuracy
L1 H—h R 0.9676 90.52%
L2 H— LR 0.9702 90.93%

RIZEEE 0.9702 90.93%

(2) FETRIFREA NG 28 () G B\ G002

SERAE A CASIA #di4e, HSZRIAFRZ, BT ARRTEMBIHE ML 588 70K
1155, MR CASIA a4 HR BEATZE LT 100,000 4Nk H [F— A ALk B AR AR E
Bt SRR RGEAHIA, &y 20,000 X .

S5 Bl VGG Face [ 2% 2544, H: caffemodel {F N TSRS R HILE AN TS F ML
W26 IS4 T RN 2 I 2 3 0 e 3 A — B AT 3 — 4k BT 8 J5 — 28 th v 1000
Yk, THNEAE R A] B oK BE Bl 31,622, WAL BN LR Ak pR B B oK T B 62, DURLHE]
RE A AN T FRL

W Zikr4: 30 epoch, 4% loss g 0.014763, {EIGHIFEE FHERIZE )y 97.15%.

3.4 KB

AEENE T ESE RIS F AR B ARG B 4 A
S B AR S S il

EEXT B B AR EE, RSO RME R T SR ESE I BT RIS A S R AL S
2005 FET AlexNet (IR L, FET VGG Face [IF51b2: 2] o (L8805 3] 7 i4E4E
T KRB AT 3], R A IR, B SEOURUASE (1 39 D0 RS B2 )3 Tt . B
WA AE IR BE 5 2] [ B AR, FE B s E AR AR ORI L. SEERERE, A2
TN ZRAT LU 9 2% B8 25 5y 2 51 B i 3 m RHAE, [ s R Rl . RA& &
Fine-tune 1] VGG Face M5 7E CASIA Fdis4E [ 1) 925 2553 M 25 K5 FE 1A 31 83.1%.

R0 B BN L, ASSCAE A TR IR TR FE 22 ST B A S, BT CNIN REAE B A
R, BT RRERA L M B SEIGIEN, 283 TIN5 1 A AR A 28 0 2% SR B 1) 4
B2 IRFIE AT DA B AT AR BE B L, AR RTS8 e . XTRRANE N 4%
ST I I A28 I 285 2 2] — X B IR e SRR AR TRV B B8 00 R 1 IR 28 B ] DUd ik o) b4 2% ek 4
BMUER R 2, REMNE S

% 32 T 3k 5211
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FOE #SERPHARBERANBIERR

N S AR SR S N AR N RO SRt I TR, e SN2 A R
s, ARREMANRBIER: Fie. MR,

NI R A 308 3o N B ) R~ R A I L RS lRe o AR M NI 1R
B BB, FERAAES AN ] # IR R A, W TR
R RS FleHEN T RMEIE RS SRRIMINERS . BURIZHE R S5,

NI T SR G A A2 A R A Oy B LA . [ S R AT AR - e
FHHRR UL B NESE 5. BEE TN ILSE R SE S AW i, 15
A ZHRERK T AT B A AN AT () — & 5

AFEFRNEEFE B EEANRRGER . BT AR RA R4 R AT E 2R
IR SERRN T e O T R ORIX I, i R I AR AT b N B SRE3EE i S P A
PRIGFRAE S, MR A 2 PE (8 AR SE (A

A TG B TR L 210 N MR Rt AT O 7, JFEAT SERR M S X LE . TR
AT TR AR R 2% 254, e SKIRE ], 28X T 5T @ PE TR R 4% A S
FEH HE RS IRCR -

4.1 NBEEHIRSIS R

ULEER, FRGRMFIR IR TN G2 0E, ARREE RS, HE
FIBAE RS AE — MO AERRAE. H5E, BN SRER N EEE, HAL
FRGE T 5 HIERMRT S, HEFEshAAEL# . K, NRERFENZNERR (A
D SRR (e TAEMEL B0 @RI M. &5, Fike i
BNAALIERE, AMSURF AR MEAE RN SRR A 2 [ I 3 EL B SR I il e AN T 1
Ko BRPEA SIAEAEATAT AR B ANAS € AT SE Ml AR, AR HERf R AW 32 i
INTRERE IR P 5 SR NI SRR SR HEAT W

NGRS I AT BLIY A2 BAERAG AR 70 A0 F AR AE RS U 7, 5 ASRAS
FUSSARU Y H AR AR B A 17 L

(1 VLSRR 73409 H AR ISR U0 17 R — AN SRR 22 70 SR, SR Yt Ry
BN AN FR AL Fr 4R B — AL AL, SR B R R AT A . TS
W RFAIE FT BENIZ AR W 2L M A AR AR BT 0 G, AT REN— SR R BARAE (U480, %
T RE I AE A A AR RRESEE b 32 SRS 70 SRARAERIN , 11070 SR U i A ST 6 3% 14 e 56
WPTHRE o

(2) VARSI SLARE O H AR AR A 17 R — IMESEIK [T ), g5 % 1 1 S
BAR—MESAREL EETRRECEATI A, R RZI RN . 2T B EE
WU e X 2 i B D 2RI RN, EAZAE 55 S BBkl e, B BOMA B R

N RS IR AT 9 T

% 33 T 3t 5211
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AR EEMR

4.2 ETHEAFEIRAIHE N LE
4.2.1 B g5

Gil Levi A1 Tal Hassner 7& 2015 4E$g H 1 —/NM&EH T 58 BAFE RS 70 21 5 1 9 43 SR S AR A
2o s B O SRt ] 4-1 T

Conv-96

Maxpool
LRN
Conv-256

FC-8

Maxpool
LRN

Conv-384
Maxpool

FC-512
Dropout
FC-512
Dropout

B 4-1 Gil Levi % AR H BRI 4E 451

WX 28 BEARHE L = NERE R =A S E A . 1M SE 54501 Alexnet. VGG
LA SR D, SRR, AR LF AL AT DL AR I 28 DL LA s, 5 B
B BUNIHRE IR G R

WX 285 N o =l IE 1) RGB MG, £t AbEE FI Il 2R 58 1 S R A 22 256%256, SR )5
TSN WX 2% J5 i B AL BY Ol 227%227 [IRE A IE NN . = AN B RUZ BRI KNS BN T
5. 3, BNEHERWE LRSS ZATHCREE SHFEES . BAUZ R BINRFHIE R &
KRG WA e FE N 512 i AR, R IE R 4L 8 (M3 =AM ERZ,
R R EIR SR S efa] R <% W

Ba — N ERUZ P BN R AR R, Bi% N Softmax 455k bR 3231717 0k
BB . T RIS 5 R % bR B RR B T e, [l ARt AT 4 S 5B IE .

4.2.2 Softmax 1 2% ik £k

Softmax 451 2k B BRI E I 2% I 25 22 43 9 1) A B FH AR Ok ek 8. Softmax 47 2%
PRIEUE TS NI Softmax ef 1 2 I8 R R H, &S5 [FF—A> Softmax Al —A~ 2 i\ =]
VR R B BUZ BN, (E2 S BEFE AL T A A B A e

—EA KA R Softmax 1) ek Z0E TR R A :

piy® = 1x%.8) EEII:?
41 1 ! E-*T w
hﬂ.(x':”j] — p{-_}r(l-l = zlxcl-' :ﬂ} = W £ * (4‘1)
- i1 = !
p{'_}r':i.- = ,Il:|x':‘-':|9} =1 g BExt®
P REf#) Softmax 457125 BRECA «
1 m k EE}x:‘:'
- _ - 8 — _— -
j8) = —— ;;1{} Yog g (42

FESERRIGINZRLRE T, ABTIEZ RO ZIR, & EAESURRBUR I I, ik
PRAAE N :

m K iy K n
1 . g x A
_ _ - i) — _ _ 2 -
j©=-—[>> 1ty = jlog Eegx:o]JrzZZHff (4-3)
i=1 j=1 =1 i=1 j=0
Hph Py it A N

&
g
b=l
H
5
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1%, L o
Vs, JO) =—— ) Oafp® = J-pr® = jlx0: 0] +26;, (44
i=1

4.2.3 LI 5 2 Rt

I SEI6 R FHBUE 5 Adience A6 B#E & . Adience B e T S2 R AE RS SR I 226
R, 2 AL A B R B AL E Flickr IR F, X LEeHE H 3G 40k N\ T g, 155
Ft, TREZENECR, BT B S N B 2 A 5 2 e .

4= Adience AL AL G R B 2284 &4 1) 26, 000 sk A5 . AR5 2H3% 8
H, HFRZA %M. 0-2, 4-6, 8-13. 15-20, 25-32, 38-43, 48-53. 60+. B hHeft 745t
NIRTFFHIRRA, T R m M e ZE, ARl 200k N 55 i 42 . d sk
AR A IR 4-1 Foi.

£ 4-1 Adience BIEEER T

0-2 4-6 8-13 15-20 25-32 38-43 48-53 60- Total

Male 745 928 934 734 2308 1294 392 442 8192
Female 682 1234 1360 919 2589 1056 433 427 9411
Both 1427 2162 2294 1653 4897 2350 825 869 19487

GRS, BABERER D AR, HAiIlgrgedt 15500 sk f, JRiESEdt
3897 ik . RS T EE LA 4-2.

& 4-2 Adience ¥EE I

W& (A AL S04 L AdaGrad 530, FLEARRIA :

Weye)s = (W); — @~ D)
Jz:,ﬂfw-(wcr )?

WK ZRL R U] 4-3 P, B2 1 W 45 HETf <33 € 7E 80%

(4-5)

=
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100

Leo

+[- 80

i|-80

+s0

Accuracy (%)

40

30

a0

T T T T
0 50 100 150 200 250
Epoch
M loss (train) M accuracy (val) M loss (val)

Bl 4-3 AR Srth 2

4.3 BT EVARFRE IR HZE WL

4.3.1 FE T3 AR 1 O R AR 28 X 2%

(1) KERILEH

BV i e 80 P O 8 R0 B /N R0 1 402K e ) BT M T . TR

SOt PR SR A s ARAE AR TR PR v 2 ) R I PR A o DL O KR, B R 5 i 3 300,
BEJ5 R 28 AR 411 4-4 FT7R

Conv-32
Maxpool
Conv-64
Maxpool
Conv-128
Maxpool
Merge
Dropout
Dropout

B 4-4 AR L5

BRI LA KIR B =D EIRE S =D EEREANR, BRI T &2 (Merge
Layer) DAB R . RERE IR — 4 ReLU =, — ML= BB
ARG 227%227 () =iliE RGB EIE . FEAFEIEN P26 2 HirRENIEE 2 70 3l 25T
IIRSSI SR

BIFER MR BATERAEN)Z, € B Tl M2 S BB R 2 11
SRR ATCLRE R =S ERUR M 4RO, BRI M ER [T AT 90% &
TR — N EERE R L. SIFREDE BRI AT IR, S5 Hadd Ay

% 36 T 4k 52
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THEAT 5 I MR o E 4 BE PN JFOR I — 2, AT R BRI R R . B IR AERAE
KK 4-5 Fs.

.:.QWQ, 5 G

s } :
-
‘\51:13> 13x13x64

13x13x128
B 4-5 EHEREE

(2) Euclidean 3525 B %%

I IR 2 P R A% N Euclidean i 2% bR U 3T 40 2R BR B TF 5. Euclidean 45155 iR
HZ A RN N 28 1E 58 R /N7 22 NEATE 45 I B LR R BREUZ o BTSN N )
B SE  EEE HF)s, THEARL T

1
= 5= |12 4-6
E 2‘,,,_rII:Jr.l Vull3 (4-6)

TEBNA W S, 5 B E 4545 25 (Mean Absolute Error) 4 s e 75 2 B 7 B brvi

Hat B A N:
'l T 'l T
I»L%.E=£Z|ﬁ—y:-|=EZ|ei| (4-7)
i=1 i=1

b, fiRTBUIME, yiRHEIE. FEEEME, TFRILRHRZER EEAELG — RER
Kl b o DIAE 3 AT 75 Z0R A\ BT R A — 1K

4.3.2 T2 RUEZRIFE R Z M 2%
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RESEARCH ON FACE RECOGNITION ALGORITHMS

Face recognition is a hot filed of artificial intelligence. With the help of computer technology,
we can analyze static images or dynamic videos to recognize one’s identity. Face recognition
system has a very important application in security fields. Combining with other biometric
identification technology, it can be applied to complete monitoring tasks and identifying tasks of
certain persons. Meanwhile, face recognition technology can be widely used in finance and
commerce. To sum up, it is an advanced scientific field of the big data era.

However, face images are non-rigid, mutable but similar to some extent, which made it one
of the most difficult research subject in this field. This paper aims to study related algorithms of
face recognition with complex backgrounds. We realize and compare some of the most effective
algorithms. We combine these original algorithms with deep learning and obtain several models
which can be used in practical applications. They show good results on many challenging
large-scale unrestricted face databases.

The algorithms studied in this paper are divided into three parts: face localization algorithm,
face recognition algorithm, and facial attribution detection algorithm.

(1) Face localization algorithm

Face localization algorithm is to locate precisely frontal face from the given image and
normalize it to a mean face image. It is the foundation of all kinds of face recognition tasks. A
strong face localization algorithm could give a higher performance to furthering algorithms.

In this part, we analysis face detection algorithm, facial landmark detection algorithm and face
alignment algorithm. First of all, we realize two cascade AdaBoost classifiers with Haar-like
feature and local binary pattern (LBP) respectively. Comparing their results based on MUCT
database, we analysis the differences between these two algorithms as well as their applications.
To be precise, the classifier based on Haar-like feature has a little higher accuracy than that based
on LBP feature, but its speed is a bit lower. This experiment focuses on static images, so we
choose the one based on Haar-like feature.

After getting the bounding box of facial images, we use a convolutional neural network to
detect facial landmarks. In order to have a higher accuracy, six expert models are applied to
identify different facial region. Each model contains three convolutional layers and three fully
connected layers. According to the key-point information, affine transformation will be used to
normalize the resize of facial images and standardize their positions.

(2) Face Recognition Algorithm

In this part, the paper does researches from two aspects: one-to-all face identification
algorithm and one-to-one face verification algorithm.

Face identification is a traditional classification problem. It aims to recognize a person who
is already included in our database. First of all, we implement the algorithm based on Eigenface
and support vector machine (SVM), which is the baseline of the following experiments. To
increase our model capacity and to get an applicable algorithm, we adopt a convolutional neural
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network whose model construction is proposed by AlexNet. Comparing with traditional methods,
it shows a great advantage. After using pre-trained VGG FACE model and fine-tuning on CASIA
WebFace Database, we obtain an accuracy of 83.1% in the case of 995-class classification
problem. Our experiment proves the pre-trained model makes the network learn higher qualified
feature easily.

Face verification is a binary classification problem. It aims to judge whether two input
images are from same person. To realize face verification algorithm, the paper implement two
methods: the verification algorithm based on convolutional neural network feature and the
verification algorithm based on Siamese network. The former method extracts image feature from
a pre-trained convolutional neural network. The pre-trained model we used is a VGG FACE
model fine-tuned on CASIA WebFace Database. The feature we used is from last fully connected
layer. The features are used to calculate distances and compared to a threshold to decide the
binary classification result. We try three functions to calculate distances: L1 normalized function,
L2 normalized function and Cosine function. Both the second and the third give a good result. The
latter method uses the contrastive loss function to train a convolutional neural network. The
Siamese network consists two parallel convolutional neural networks with same weights. To learn
how to judge the binary classification result, we use pre-trained VGG FACE model to initialize
parameters. During the process of fine-tuning, the parameters of convolutional layers are fixed.
The final layer — contrastive loss function — is to minimize the distance error and to adjust the
whole network. Both methods give an accuracy over 95% on LFW database, which is really
competitive to other algorithms.

(3) Facial attribution algorithm

Facial attribution task is established on face recognition task. It is widely used in many
applications. In this part, we focus on three attributions: age, gender and race.

The target of age recognition is to estimate one’s real age according to its biological
characteristics shown on his/her facial image. Age recognition task includes regression task and
classification task. This paper proposes a new network construction, which has a merge layer to
reduce its computation complexity. It is used in both age classification model and age regression
model. Then we introduce a multi-scale convolutional neural network. There are 4 scales to
generate 23 local patches of facial regions. 23 subnet accept different inputs and are joint by a
concat layer. Our final model achieves a mean absolute error of 3.11 on MORPH Album 2
Database, which is the state-of-the-art result on this database.

Gender recognition is very important in social networks. It is useful for intelligent user
interface displays, for video surveillance, for people counting, and so on. Facial images from
different races usually include different information. The instability caused by race variation
always affects our models’ performance in practical applications.

The construction of the convolutional neural network used for gender and race classification
is similar to the one for age classification. In order to deal with the imbalance of gender and race
dataset, we introduce Hinge loss function. It is encouraged by the theory of support vector
machine. Our gender model achieves an accuracy of 95% on MORPH Album 2 database. Our
race model achieves an accuracy of 99% on our private database.

This paper focuses on all aspects of face recognition problem, which includes face
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localization, face recognition, and facial attribution recognition. The main contribution of this
paper is the following:

(1) We do many experiments of face recognition tasks and go into more detail on different
algorithms. Through these results, we give an exhaustive analysis and a detailed comparison
among all algorithms. We make it clear to applicative scenarios of diverse methods.

(2) We apply deep learning based on convolutional neural network to many kinds of face
recognition algorithms. After testing them on many challenging large-scale unrestricted face
databases, we get models which could be used in real-world scenarios.

(3) We introduce many skills to improve the performances of traditional neural networks,
such as expert models, transformative learning, and multi-scale learning.  Aiming at various
tasks and situations, we use various loss functions to optimize our models, which give a great
extent of improvement to final accuracies.

(4) We propose a new compact convolutional neural network construction with a merge layer.
It can be applied to train an efficient classification and regression model. It can also be completed
easily with the help of open source code - Caffe. These models give an excellent performance on
relating databases.

This paper studies algorithms of face recognition with complex background and unrestricted
environment. Combining deep learning based on convolutional neural network, we get solutions
which could be used to practical applications. But there are still some further points to resolve.

First of all, our paper focus on face localization algorithms on frontal faces. Our realized
facial landmark detection algorithm is not very helpful to un-frontal faces, which will lead to the
failure of following face alignment algorithm. To solve this problem, we need to train two models,
one based on frontal face and the other based on un-frontal face. Then we could predict face
positions before detecting facial landmark. According to the result, we can choose to use the
model built for frontal faces or the model built for un-frontal faces.

Then, most of existing public databases are collected from western social network. Their
images are usually taken by western people. Our models are trained on these databases. So when
they are used to predict results of eastern people, the accuracy will go down. If we could collected
more data of eastern people, our model will be more practical in China.

Finally, since the study time is a little short, we failed to contribute an end-to-end system to
combine all facial algorithms. This is also an improving direction after this research. We hope that
we can apply our algorithms into one system which has a role to play in our daily life.



