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BAHALERAELE MR TR ERNER EF LW
FRFAT » MESARBRAEEO T ABREFRAFTHELETE -

AL NS B RN MY 44 (Extended Haar Texture Features,
EHTF) $i EHTF-Boosting 4 ¥ % 8% &9 AR4H R F % » BHTF & &
TOHFBMEMIFRFR  EANBELTHESNERM T

ik~ TR (o) BERE AFKERBRRR L2 ARELE
BB o ARREIE ARG DI A B4 £ M EHTF # » #1§ EHTE-
Boosting 4 8 % B 2k » EB M 538 (Weak Classifier) BA3t %
— 858 & (Strong Classifier) » H#4#HELF G- EnmiE
(Weight) REF X BITH AN EERBE G- B HABNERMN -

ol LFW-Bigfoto ¥4 7 4 2,000 5k B AR BREL LS ARG T
FREMELVRE  BHSHB B4 MIT-CMU BHEMERH

M) & R B R R X AL B 2 BHTF 43408 EHTF-Boosting 4 8 3 H. ok
MLk BERA T ARGMARE (Detection Rate) FLHE{R
% ¥ % (False Positive Rate) » 3354 4 A4 E D ~ alsE A S
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BARARREAET RS RTHLNFHAMGERE R - £HBHE
BREAY  AXAMBRHZHFETRAMMEET 2 EERASHN - HE
HEWEELL - ARRIEAFLSULETORE HESFEREERF
R RARM A oAt A R4S £ e 5 5 BB

RIS © 33277+ AMBAEN « AdaBoost » EHTF-Boosting »
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5

PiE 5 B B CRYZIRES  ERTEVEE T AARm 40 > BG4 smst - 8

AR FR A UETT RN R W RS R R i 2 - )
PEMFEHARE - GRS - GRSy BB  CRRSENE R - BB
B BRI A PSS T HEHE > IEmE gl - EthfE
CR R AR R G EF - R ECEIEEENRIRIER Y] 0 34
HECE A YRR - S 0ETE (BRIEEA - 2006) - FTRUBGE AV ERt e isss
VL AR BRI TP DS G G AR T = B R
HAFERANET » ME5HR) (2006) B GEREE R HRRLHT > FIAGE
PR RN SO IF1T RE P HUS YRR - e B 1 RRREF LR - AR
S (2007) HEHIEEEEHET ARSGDA > fERUSASSAr B B D IR
s AT BB RIARS » R A TR B R - E96H) (2010)
SR FREEIRELENE (Template Matching ) YETT ARRAETH) - HUS A BRERARAE (L E 1% -
DA TESREE e B By VIR - ZRARN S SRR T 5 > R4y b
AL - IBEW (2012) FIEE OREEN AR » AR ORI R B
B R BVARRE » 22T H I H T2 E - Saneiro ~ Santos + Salmeron-Majadas B
Boticario (2014) HI&EE AgRiGEIRREIFRVEL - (F RENE R BEH S
MrET(ERYIRE -

AU RIS R ARG R A S TR ST E R B S R E S s
% BHAEIRE T AVIETT - ARRENE STE GO EER e i rts
ABTFAEMALE « A/« IR AT AR AR > Edh
Viola $2 Jones (2004 ) FrigHiERHIEA 1 E (Haar-Like Features )  &£4F45T
g0 (Integral Image) -~ AdaBoost Z23HEEAHHEER S (Cascaded Classi-
fier) JREMYARROTRITE - BB 7RISR RO AREN RS F
BETE ¥ 18 ARG (EUHISHISR T 38 f BB - HEZR Viola 82 Jones Frig Ay RIS %
HYRKZD » {EFR 8 A AVEERS IR BB E A HABEME (robustness) F{# » B
FISME IR LR RNEE » MRS REHRAERE » H AdaBoost 2434
HEEIN SR RTESE - I B RTAHRR AU BN AdaBoost
BAMEE KRR L A A R R R e -

Zhang ~ Chu ~ Xiang ~ Laio Bl Li (2007) # t Multi-Block Local Binary Pat-
terns (MB-LBP) AVRFEUEMN - DUSTIUUEAEMY 3 X3 SERENR R ficis - FUHHLE
FATA R S PR R AT AN B o EETRIEURTS » DUBEO L B LTIy
8 AFIM Gentle AdaBoost S48 FIANCE T HIGRIECE » HIE B RED
FRFEFEET 2R - Guo ~ Yan ~ Zhao B2 Yang (2008) AlFEH, TVATEAM AT & (Haar
Texture Feature, HTF) - JjAE—&2 GE—fir BAY RS R, L R E AT E s
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Y 3 TR HTF FHE0EE » W0 fPRE SR Befiny —obREdE (binary fea-
tre values) > 083 1+ DUIBHE 3 frynhIREs - I 3 Aty FISLE A 2° 5R HI7
SAVRIEERTS - $tEMEER S » BB A RS REIE ARG s
(Y fir BT [BIRF A A 3 91 [ERY HTF R el » CHUS 3 (i JTRIERIS) 1 -
TRt BT 2 {8 8-bin FYE J5[E (histogram ) » FIBIZRR 8 flA[H HTF §5
RS ARG B ARG BRI - 4807 el » sPE%ER
FAG AR E AN FRE BTN - He—rHEER OTF DURSERIBEELS
WA AR ARGV E 77 B S R RIS AR B B TR E M AR
AR ARRHETT 20 - HTF BT 58 R R Tl R bl Bl ] fHﬁﬁ%ﬁaE’J 31
HTF FRAFR R R et BKY - S ESUS AR B TIIR - e 1 BN -
It HTF fEEUREEERA T R RAR IS =R -

A3 DL HTF R EiE e R el » FRHRIE ZU05 40 8 75 8L (Extended Haar
Texture Features, EHTF) » %f HTF #E{7043% « B30 A K285 (horizontal lin-
ear) ~ HE H L (vertical linear) B1E: (1) B (spot) k6 MR BUEIN »
2 HTF RrEEERR A A TRAVITE M RUEmIRE o4 (2°) & 2
fi% 64-bin EHJ7[E] » A RF EHTE R RS B AAE ] » MiBBATRL 2
EHTF-Boosing S H% » ARERA 2 F A EE NV SN - FELL LFW-
Bigfoto ERHLETTHIG - W L MIT-CBCL FRH T HIEAT IR T » Rl R
BUNASCAR I 0778 » FEEREE - FEEETREARR IR L - B(F
It Guo FFTHEH 2 HTF J73% » Bl 76 BRI (AR E R f kA - A AT d e L
TG P B B Al R R B B ) o A AR e e A -

Al ~ SO

MAEETS ARCUIHBE UL - AR RS RES A B
AEsR 2 ERRBA SR AR FEA RGNV TR - S R A RRIURIZS - o e
Mosaic Image ( Yang & Huang, 1994) -~ Geometrical Face Model (Jeng, Liao, Liu
& Chern, 1996) -~ Neural Network (Rowley, Baluja & Kanade, 1996) -~ Template
Matching (Miao, Yin, Wang, Shen & Chen, 1999) - Bayesian Discriminating Fea-
tures (Liu, 2003) , AdaBoost { Viola & Jones, 2004) FI Support Vector Machines

( Waring & Liu, 2005) % - Hi g Viola B Jones B UG AdaBoost ATEE
NI EHES » 5T A VI-Detector » B AYES—fid vl i RN R R AV A e (8125
(R AR DRI AT — R AR - BESZR VI-Detector 313 T BIZAYRIY » {1
BRGNS R AR E N - B BSMER R SR RGeS TR
HRESRERE s SRR R GBI BN » BB AadBoost 22 BUA L G/l 61
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PIRFEREESE - L Guo R AT HTF-Detector BIFI A HTF R - &35 VI-
Detector fYHRELE(TIGE » M EAHEERIAR - AHiRF &1 ¥ VI-Detector 82 HTF
FHEGEI TSR A AT > AR IASL RIS -

— » V]-Detector

VI-Detector B T RGRR MM EIZE R AEESE - T RJEREREC
FA DU A RS OTARI T EERVE =M 0 (1) 28 TR R4 (Integral
Image) BYEFETIE M THREER S BIATERRER - (2) DL AdaBoost £
BRI R BRI T — A EmAREI SIS (3) RHEEA
sr¥6is (Cascaded Classifier) FYZERE » o3& B HRHUME 20 ol ARG AN SRS T
i - AREEEIR AR RAINE R o DUZRRIES (AR AR EK -

(—) ~ HEEERE (Haar-Like Features)

EAERERE R B REERE /N (Haar Wavelet) Tt
£ - QI 1 AR S R R R R AR 2R R OB O B A P
B T R R AR A RE SRR RS RN A R E
G FAERT - FEICR B G REAY AR (L » SR B BRI A/ MR T
{H 2 H A EEAE AR A NREEE « FE ) BRI IKFERAE TP
(vr) BTG RE » Lo RIETREARRRUE - SEERTETA -

f;’raar = 2 ‘i(xay)~ Z i(x,y)

x,yewhite x,yeblack

B | FTRINY S TS B RN B R R R B L W 2 P
P A FIRERIBERR/ N A AT Re i B B T DOR T P BITER f
W+ RIBESEBRINA  FREEEAERTCRE - ATRAERER | ¥l s AstEtRn
AR ETA TRERY R B - FrA TR R R RO (feature pool ) - i
FolR IR G5 /) JE Rl BEHLf CRAE A R E Y -

TRIERIE
L ||

B 1S B AR
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B2 e AREEREARSEPRESER -

£ ERBARFHATHHELR

HI2 W
2. 2 (H=2h+D)(WW —w+D)
fr=1 w=1

HW/2
2 2 (H-mDF-2w+])
Fr=1p=1

Wi H
2 2 (W3Bwr)(H-h+])

w=1 A=l

W H/3
2 2 (W=t H-34+])
w=1 i=1

=0 =

WI2H]2
B 3OS 2w 1) H -2 ])
w=l A=l

T WL H SR RBAGERANWEREEER » w ¥ b (FIE R
HITEIE MRS - 5 DASTE Ry 2424 WU (B B » & 153 162,336 (RIS EE
BHENRER R TEAR - BEERAEERES » e Ry E e e
g 2 FioR

F 2 PHAT AN ANE L
18X18 2424 303<30 3636
51,705 162,336 394,725 816,264

FEALRER IR R LT » JER R RE R R B WS B An i
PR Viola 82 Jones $ieth) TR AR AIER 73 » NIRRT REHBUE TR S
(Ol -

() ~ 4088 (Integral Image )



FEFIRA B B s in ey A RR EURA > B - sl

W IRBERAR 1 (EGR(ny) RETED B ER |

ii(x, y) = 2 i(x,y)

XEX, PRy

AT 3 B TR RIE () REEEEIRAFTA SR EOR - LHE
TN THRR G 1 RS 1A R R B — I RE  HAAMR

1i(x, y) = ii(x =1, y) +$(x, )
s(x,y)=s(x,y - D+i(x,»)

;H\:KPS(-\',J’) =0ﬂf(0,y) =0

B3 R B D B (or) i S B

Helasy g MUK BERIE RN 2 B EAER > AIE 4 Fos
HEREAL—IER R ABDC YR EA - AIAFE A~ B~ C -~ D FIU{E#HE
BRGNS PR EHEA SRR » A FIIASET R 2RI S E
N R R HERAT -

s=(d+D)-(B+C)

ERENGE T8 AL R T TR EA S vk T

ssE— MR 1 KR H BRI  JORTHGRIEIG RR RO
R 1 RS TREERE - B GTRHE - wfDIPEORI
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AR T K B R R E AR ARG R -
(=) AdaBoost E3EEik:

BE B Y E—FIA LEBNEE > AN R FET S BEERED (su-
pervised learning ) BB E =23 (unsupervised learning ) FifH o BoRf L8810
GENIISEERAEBEAT » S - TREISEES - BiE S
AN ARSI GRS 2 S R T oME - BN E B iR o i
A (FRED gt (B HIEEHRARIZTESE © s Eas o 6
P RISRTRIR LA B EREEY H AR - AdaBoost (Adaptive Boosting) E—flEE
ERE (supervised learning ) AYBMOEE, » TEBSIEIEABMNGTOEE (weak
classifier) tft » BEEUE: BA YR BOVEIETI O IHEE » A — (4585 EEs

(strong classifier) o E.rp 54478088 5 3% A LRI/ 7 —WERY T RE 58 » JRED
SRR AT 50% -

Vi-Detector T2 (G R EUR BEUE MR RRUE - RN e
AURERIS B - ST — (S92 0508 - M5 2 BT DUGE B AN 2424 £y
BRI HEGEIEE 162,336 (R HM - JRR RS 162,336 (H3545i5H58 »
FiH AdaBoost SUBATHIGRE T > TI{EMLREAS RIS 88T BEE—
(R BA ST BRI - RSB - BESAWARR  BERS
BRI S R R R — sy s

Gl AR EERE X X = {xpxp.x,) o BEPE SRS ¥ (BE)
Y="{ppyppy» By = (01i=Lun}» 3, =0 BrBIEAG BRI R AR - B
X PR E - BRI S WOREREE (Y) s xe X o
RIS /Tl S90S h BT ¢

L pf(x)<pb
0 otherwise

lz(x,f,p,ﬁ) :{

Horh o R pef-L+t} AU SRR SR of (x)<pf 955 A -
h(x, f,p,0) = V4mt e x o BASPR B S5 EE I - R B 95 008
75 h BITOED SEERBAM > K2 TRHIA(x. £,p.0)=0 » BISERIEAL -
B BRI TR o EERECRTEE o MEHEAREA/ N - $E T
TRV  DUNER/N RS R EE WA e — R
1 6 BRI p o FIDUERGHIR £ 93530888 b « TEE— 0 S s
i BT AR X R B — o] SRR R S oy s —
{ES57 RS » BUK/ NS 24 X224 WG Rl » @il 162,336 (H390058 I
B HSEERR BKE TR (classification error) + JFEHI 4 HHSiE
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(S5 B F Rl o T U2 SR 0 2R - (RESLARIEE T 855503
2 N ¢ AR UBIEY o 1= 1,2,.,7 0 BrEENY ST RS R by 0 AFRIE &,
B XD SRR — SR - MRS b AR« DAKRE b,
R R IARE Oy TAVEE: - 88 rRBAE - BTEERS T EGS
IR E A TR — BRI BIRS Chy) » 528 AdaBoost HEAM TATIL -

AdaBoost Algorithm :

¢ Given example images (x;, ,),...,(x, ¥, )where
¥; =0,1 for negative and positive examples
respectively.

o Initialize weights w ZZL’EI? ¥, =0,1 respectively,
m

where m and / are the number of negatives and
positives respectively.
e Fori =1, ..., 7T :

W, .
. ' i
1. Normalize the weights, w, ; ¢~ ——

2
J=l “f,_f

2. Select the best weak classifier with respect to the
weighted error

& = minf!p’g Z W, Ih(.\‘,-,f, 2,0 -y
i

3. Define A, (x) = h(x, f,, p,,6,) wheref,,p,,and 6,
are the minimizers of &,

4. Update the weights:

. 1-¢
Wiori = Wy 0y

where e; = 0 if example v; is classified correctly, e; = 1
. &
otherwise, and f, = e
¢ The final strong classifier is:

T 1 T
1 oah(x)z2-)> «
C(x): Z F 2; ]

=1
0 otherwise

where ey :log’%
(]
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(PU) PEIE/03E2% (Cascaded Classifiers )

VI-Detector B R AT K - BB SR AUmE s T A e
B S R TR I R A BRIV TR D AR ORI - fR
[ RS A AR S 2R T ReslfIER (False Positive Rate, FPR) BLE i HISR
( Detection Rate, DR) = ZAFEs{CR IR . TRl Ry R ARRHIIER -
PR R B Al 2 TR - S SRR IE AR T REE R R
AFRIEERR » RN R Z ARy T % B0 B ARRIIELR - EAEEE
R » R - B2 EREERIERARAPR - Al
I & T -

PeE oy S i L N R SRR O G5 T BRI B RISt (PR AT
HIFRELURARMIAR 1518 e S ER B B i P S AR IR A K 2R
15 AdaBoost HEMEINERIFFRITRR « WIE 5 At » B0 S S3AZR Rl il
(B B RRE SRR i PSRRI RS AT ARSI R A R s - HEEHW
AU TR E A RS > RS — B e B R AR
— [l & BRI T ARG T RE o i EATHERE R n R AR e S
AR A - AEIAE B B S R R H A B IR EE S BT
HE - HimAEmSR R S - BRMERE s - RIFTE F2REIR
rRERE ARG RS R PRI BN o BRI AR E

A HY -

Further
Processing
Reject Sub-window

HSRRATHRBNEE

AT B RF L VEMRE KRR BAGHIRAHE - HE
SHEERH BN T » HRV RS S TR R R RBHR £ R/ MR ¢
SREEHR AR F,,. - BEE R AMREEAS P ELJE ARRR AL N 2] AdaBoost HE
TallER - ££ AdaBoost JIAIBIET » KRB f ~ d 8L F,,,., E ST R EHU IR
DU a0 BiE - Al EET—EOBER - MlsyrE—En
HHEMR A RS NV B B R AR (JEASH A AR WEASES
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TEREN R T — PRI S 2 I A SRR R S BT B SR R [
Fogn B1E » B+ BB AR ASEIL - IS R S SO
iR o

. FO =1.0; DO =10; I'I‘arge! = (,001
. i:O
. WhileFi > F arget

— i<+l

— =05 Fi=lp_

S§HIOLS F S x Fy
*H o+l
# Use P and N to train a classififer with »; features using Adaboost
* Evaluate cument cascaded classifier on validation set 1o determine F; and D;
* Decrease threshold for the ith classifier until the cwrrent
cascaded classificr has a detection rate of at least f x D;; (this also affects )
~N<J, (J means empty set.
~IfF; > Fyyrger then evaluate the current cascaded detector an the set of non-face

images and put any false detections into the set N

T ISEMERHE (Haar Texture Feature )

Guo FEHFTHR NS AT B2 (Haar Texture Feature, HTF) - $1%f vI-
Detector At (i FREVIHIS BIFFEEBIBIEA - 20{d AdaBoost SRR SRR Y
R RSN E - BE TS - HTF T 3 TR RN
S 6 B - A HTF w36 RS MR B — T8 » B — Rl s
MBS VI-Detector » HTF S AMNR [F2 8 » fERYEF—fr B H B A/ NS
FHEF - FINFER 3 RN » Yok B R R - (S B
HIERNBIERT TR » — R e R0 POy
FHRET REO ERROGERMAE  FIREBEERNRREH o
B AREATERE il (binary) » Fork 0 W 1 (VSRS - EGEERE
RIAF B ORI EET - M EER 1 SR 0 -
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a b c

1 IR RIS

B 6 UTF /e F & 3 SR st

HTF f# FH AT 3 TREFEEERR » 7T RS DU B2 (1 S b » R IR 2 7K
(Horizontal) ~ T (Vertical) S2%f g (Diagonal) HY KM H RS - RIFHAIE 6 FR
> as b o SHESEEEIEERANEG L » BRIt R ERIE TR ERE
8 (R [abe] » FIF ikH A RGUEHEN - Bans

E=4g+2b+c+1

sl R AT 1 E 8 1Y 10 MEAT4RHGIE - WiE 7 B -

RifdE - i 1 0

E=4a+2b+c+1

{

T=ax1+2x1+0+1

B 7 HTF s L7 Aan

HTF (YRR ELE A | 5 8 (IRFRURTSE - 2RI 8 BT [F kiR
AT EiL oY IIERIEE T AT ARG R TR I ARG - RS 3
TR R R AP SRR R » BTSSRt I &K, 2 (1 8-bin (Y EL 518l -
SRR AMRERIE A BRI G T HTF B REHA TR RIVIETS - diE 8 Arr -
FiE 8 WA HTF $5ESMGH ARRE R i D B ER A9 bin b - BUE 8(2)
o i o7 B 16 + HTE S5 gt FAEE 1 {8 bin B1ES 5 {8 bin » JRRERHE RS 1 8155 5
9 HTF 3580804 > Tidk AMRBAQRIE R T Is i - 3L AIE RS TARID R
BRI RS -
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Probability
Probabulity

1 2 3 i L] & i 8 t 2 3 4 5 ] 7 8

bin bin
(a) AmEBOHAFE (b) JEARRWHH B

B 8 HTF & Mat ARSI AR BIR B A A A5 E

HTF HAT 3 TS B B - ERUL(E R U & B HEEE VI-Detector it
EEFHAVEG RIRERUD - BLI8X 18 AVl (4 2] » (i IITF iR B YT AR
TREREEY 6,561 fid] » (B {8 T SEVA TR TV T SRS BB Ry 51,705 ) > W TERI
WRCHEBENERIT > HTF RIET 4 8 fEA9RF RSB0 - T LE AdaBoost 243
FEATHIGRGI I BRS AT ERIR » HIERS 8 7K, « 1 i faay R &
R BTDEER S S MEC ISR (LAY -

2~ WIFETGIR

Vi-Detector JEH 1 i I BT 5608 - AdaBoost 5 BIA B
BRI AR AR N5 - R T ARG ECHIRY R » (E RS B
AR AR B T 2 50 AdaBoost JIISUBIZFEIELEE » VA BOERIZER © Guo
FEHIRUNMNY HTF BE35 T VI-Detector ffH L » {H ARSI F1ERT T » K -
I E S A AR T 2 S TR ME - B AR E e S B ke T
A EEEERES o ATRZETRE TR AR E S R BRI AR SRR
Wiz > FHORIEUA HTF 2 2 B2 - A DL AdaBoost &R H EHTFE-Boosting 527535

Tt ABMEBBURE TR AR SR ARSI -

— ~ FEAAIS M ERTE (Extended Haar Texture Feature, EHTF)

HTF T 3 R RS M R B oKoE -~ S B A A IR 22
B FER RN BIRE DR A GADE - AT T A HTF #) BHTF 45
Rk - IR IIKTE S - EEIBGEE (%) Y 3 A RUERR - Ta(b
Frtdtiaise Sy - et H AR ENIERSS - BHTF FrEny o Busrs ms e
Janel 9 FioR - %8 BEHTF PEseey 6 MU - Al bAE e T8 »
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FERIEIR K (a) ~FEHE (b) ~ Er (b) ~ 84 (d-e) HlsE (15) B (f)
ISR > RIEBE TR EAVEEES] -
a b c d e f

@ = |8 (][ |

[ 9 EHTF Fitk A &5 6 #3875 8 AU AR

iR - PE— R B/ R TR T (TREANG
Fo 6 AR5 o [EIRFZEF BHTE B 847 6 TR R » MR FHE BRI -
S B R T R ERR REDRE T T - S aEia Ao Eik > R
oSy THET - REOGRENERZRENER - FRAROERNEER
LRI > e (8 B A o b 0 Fon R 0 5R L AVRERE - SRR TR
BRI R B EA » AR AR 1 THIE O - (REFFHIE 9 R Za
brcd-e 8l 3 6 RSB E RN E —R T HE L - FrRkfez bR
AR AR E ) (KFR [ abedes ] FIFAZHHINRETRE - B

A
E=32q+16b+8c+4d+2e+ [ +1

R | ) 64 19 10 ERLAVRIE » 40FE] 10 BT -

Face(x) Non-Face(x)
1 |
f a b [ d e f‘l f a b [ d e f“
i 1 1 1 0 0 1 s} 1] 0 1 0
E=32a+ 16b+8c+4d+2e+f+1 E=3%a+ l6b+8c+dd+2e+f+1
61=32%L+ 16*1 +8*[ +4%1 +2*0+ 0+ 1 35=3241 + 160+ B0+ 40+ 24 +0+1
(QENTFE AR AR (VYEHTFE RIS

[ 10 EHTF #5aa R 5 4 A3

EHTF 5 RCR RS R A 1 8] 64 BURHBERESE - o Rl#mdt o4 A E0VE
HERATEN » BFTETIsE R ARG RS AR - [GER] ENTF FriEse
(Y 6 FERHERRUNPTA T BERIIL B » PTATRURISER &R 2 (F 64-bin HYE T
s Sy IR ARRERIE A i BITF R SR i i - a0l 1
Fors o EHEL 11 071 » EHTF BRE0N AR iz i VB MR bin b
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TSI ARERAAE R iR B g » &5 — ISR 8% - DAZEH EHTF Fr
=M 6 TR E SN ELRE - R ARG AP ERNETEE
P B ARG (LT 1 bin AHERME » (F Rl T Bl Sr R AR BRI RIS -

BL 18X 18 BRI B R Bl - 1 FH S0 B 155 BOAY R BB R B 51,705 i »
HTF All & 6,561 {# » i EHTF & 441 {# - SL5E0G R EOTALL - EHTF R0 T 49
100 fEAVFFEEE - TEd HTF BELRIBD 749 15 (SRS EE - NIt AR R
AdaBoost il[# 5573 F2 AT fRAVIFRE - BHTF FIHF ] T 6 Y5 R 2ot
IR b SRR MR E - BRIt 64 BRHEVR RS HE - HiEn
HTF REEFontl 8 R EEl S - RILE T AR RMMtRE ST -

0z asss
013 a4
0% 0@s
14
b E\ a3
fy et 012 Pyt i
E o1 % [y
@ = 002
=] [ al
8 ™ E 0615
Q-( a4 n“ Ll b
o v
A1 N . | 4
3 [ S R R R R S R U 3 & ®m @ 7w
bin bin
(a) ARBENETHE (b) FARSETE

B 11, BHTF & A3 AR ARSISEA AN EFE

.~ EHTF-Boosting £ &k

AIHSEA TR EHEY EHTF-Boosting SHENAR DVBEAAIT . » FMEHAllEuass
it EARBETA AR A GRS A TS (weight) AYIEHE{E (normal-
ized) » FFTAIIMEEAE - ERHFE RAERY EHTF F80 8- HEF T
A BS54RS « BUAUINE 18 X018 oVl i A5l » PP I AERY EHTE F5EA
441 {1 » HLHE[FEEE 441 {H 5557835 - EHTF-Boosting LA/ NIfESE = (minimize
weighted error) £ HHREER » FEARZD 990 M5 P BEHY— (B0w e m NI RE S LY 59
SYIRES Rk Ml R RSS20 IeS » W DARMERUY S s Sl S AT IR » 1K
T flinyas ARG —EARNREE - OB RO - BUET
—[Cl &SR IR AR B R R R R o Eese e s (E
FRPAFEREZ 9 BB B2M: - 408 TIE &SR - G EIh TI8s5a g5
FRAYSRITIRES - MR A RE I -
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SE¥: EHTF-Boosting J#EEMT T AR ¢

BHTF-Boost Algorithm

¢ Given example images (x;, y;),....(x, ¥, ywhere
¥ =—L1 for negative and positive examples
respectively.

¢ Initialize weights 1w, =L,L ,

o 2m 2!

where m and 7 are the nwmber of negatives and
positives respectively.

e Forty =1,...,T:

1. Normalize the weights, w, ; ¢~ ——

Ty

2. Select the best weak classifier with respect to the

min weighted error
4

agmin Z= ) Wexp (—h, (x; )) +

ixeXryy=+1
(wr
3. Define f (x,)=0.5*In| -
F J
4. Update the weights:
1-&
Woats = Wity ;
where g, = 0 if cxample x; is classified correctly,
. z
otherwisee; = I, and f; ==

o The final strong classifier is:

T 1 T
1 h{vz—
C(x)= rzzl:ar 5 () QZI:C(:

-1 otherwise

where af:log%
t
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Abstract

Attention is closely related to learning. How to measure students’  attention levels is a
very important topic. Among a lot of measuring approaches, face detection is more objective
and has less effect on students. In this papet, we proposed a novel face detection approach
based on the Extended Haar Texture Featurcs (EHTF) and the EHTF-Boosting learning al-
gorithim. EHTF uses 6 differential rectangular feature templates to describe characteristics of
edge, linearity, orientation, and spot in the images’ local area. EHTF has benefits to evalu-
ation faster and illumination invariant. Applying EHTF on the training face/non-face images,
EHTF-Boosting is used to train several weak classifiers to form a strong classifier. The pro-
posed EHTF-Boosting learning algorithm can correctly show the importance, i.e. the weight

value, of each weak classifier. By using 2,000 frontal face images and 2,000 background im-
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ages from LFW-Bigfoto dataset as the fraining set, we implemented a face detector based on
the proposed methods and applied it on the MIT-CMU testing dataset. Comparing EHTF with
other methods, the experimental resuits show that our approach can improve detection rate and
reduce the false positive rate obviously. It has several advantages: using fewer features, less
training time and higher detection rate. The proposed method can also satisfy the requirements
for real-time applications and can be applied on difterent instructional environments as the
data acquiring method, for example online learning, altendance analysis, learning difficulty
analysis, and keeping order in course. Analysis data acquiring for related researches can be
more convenient and objective,

Key words: Attention, Face Detection, AdaBoost, EHTF-Boosting



