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5% Man

B A B AR ARER - B RTRYZECER )T Ak % 7T BrEsREsitsh - &
AR F AT T T TR INE R, AT PR R AR R AV B B - B
BENE BT - 498% - DRSS [HEARE > CRERENERE - 2o
BEE - BETH AR RS A B R - R - Bl
R AR R A R IR R R BT - R EE B ERRIAIEE BY 0 4
HEEFUSHYES ~ BEECE (FIE > 2006) - FrLIBFE IAVHIESLEESH
SNEE - AR BN TF - NS E o G B SR i ry 7 =0 - R
BAERAEEE - WEHE) (2006) &4 G G R PRSEdlT - MAIE
B Rl s R AREAT BRSO AUS AR - HESm B2 AR A ARGV VR - R
7 (2007) HFRE CEAET AR - IS A el B AP HHUTIR
W5 B LR EARYIRRE » HR P ABUR SR B2 AR B OAR RERYAHR - 058 (2010)
RIFI IR EEES A (Template Matching ) 317 AR (R » HUS A B BtHRIE (i B 1% -
TOA T ERRME B G Ry eS| ZEBIRIES BRI T f - SR HIET AR
REEIFIY - BEW (2012) FI S CRHEUEI AR » 6 HE AR i 5 B B 0
B BEIAVARRE - 2R M EEE H WY HUFFEE - Saneiro ~ Santos ~ Salmeron-Majadas Eil
Boticario (2014) Rl45& AR IEEEASEI{ERVE(L - FREEZH T EEE
MTEAs ATt -

2 A BRI 72 3 B A B (00 5 B0 E SO & o A S R U Y B 20 B B T
% BGERE S THVET - AREHESE—SELEZET » e~
NBEFAERALE ~ K/ - TFK - AEF LRI AR AR 7 A s Rt » Hph
Viola B Jones (2004 ) g H 38 FFEMS B4 8 (Haar-Like Features) » 4557557
2% (Integral Image ) ~ AdaBoost E25 s E A S5 H2s (Cascaded Classi-
fier) ARV ARRANTTE - B T 55— {8 w2 BB 75 K B9 AR (0 2% » B
B8 E {E 18 AR e HIHI Y 8 R AL 0 - BEZR Viola B Jones FTHE (MY 7 A IE G813
BB - AR (E ARG B R B E RERX AR EME (robustness ) A » B 57
FIIMEA BB LR EZ R - AR EHZRAY KIS » H AdaBoost 2275
HELE SRR fC B SR - PRI H AT ERARY IR ST R 1 AdaBoost i
FOANERERCRESR L I B iR e 1 -

Zhang ~ Chu ~ Xiang ~ Laio B Li (2007 ) #$& 1} Multi-Block Local Binary Pat-
terns (MB-LBP) HYFRHERENR - DU UEREHY 3 X3 FEIDERRR R ik - FIALE
AR TP IR R G R TR A NER (% - T THRABERTS - DURESC IR B L PriE Ry
522 0 A Gentle AdaBoost 25 BUANE T allGRAVRCE - (HEH KAL)
TEFEEFF 24 © Guo ~ Yan ~ Zhao B Yang (2008 ) HIFZH! T Ha A E 2 (Haar
Texture Feature, HTF ) JMa|—s2 (& B — L BAY m S FE P &S _E SR & e 2%
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(Y 3 FEAN[E] HTF Rt » W00 BsRE SRR AT — Tt 2E (binary fea-
ture values) > 0 B2 1 > DAY 3 frochYfFsl > Bt 3 firocipesldt oA 2° fEAR R
HHVFFEERTS - St ER S - B—HIISETI ARG EIE G g
HINr B TIR G ERF 2 A 3 A [BIAY HTF Rkt - CHUS 3 ey 4Rt ey
fRft ST B PR 2 {1 8-bin Y E JlE (histogram) > FILAZR R 8 fEA[E HTF 7
R I A e g B IE Nse g ERVER IR Y - 68—l - stHEeR
G FEAR N T RE BT - ¥ —TREEM HTF ORISR B8RS -

DIAYN R BI YN O NEWa] s EZ A SR e € TN ES IR IV ZC SR VR UN
IR AR EE T J5 » HTF 8 v A R R B E RIS - ERrE Y 3 1
HTF FHEBER 7 A R SHEKE ~ 35 BB SRR EUE T - #liss AR -
it - HTF {EEHEEMERAVIR T B AR ARHICE 2R -

AL LA HTF R0 i R B - $2 H B 8 =X 05 B A4 ' F5 8 (Extended Haar
Texture Features, EHTF ) - %} HTF #7143 » E#E 1A K43 (horizontal lin-
ear) -~ FEE 4R (vertical linear) Bd5E (M%) B (spot) ZEdk 6 FEIHRHEARE -
00 HTF FEER ARG IRE JT A PRAVRTRE - MR R AR IR 1y 64 (2°) & -
[k 64-bin HJTE - AR EHTF g i [ B alias ) - WA M i~
EHTF-Boosing S2EHFL » AR B E SR B MY AEREME - [FIFE DL LFW-
Bigfoto B 82 HETTHIISR » Il L MIT-CBCL BRI EEETTHIBAI BRI T - AHI45 2R
BURA R 2 U775 » TR ~ R E FOoRE AR (IR - BB
I Guo SEFfE 2 HTF 7372 » BRAl € BIFF (IR FE 78 5K A1 » I mT 1248 LA
SAG PR TR Bl Ry BRE 2 B B ) o i AR R E A -

Al ~ SRR

BECHHF L N EHMEREH RS FIRAENREER TR - #
Fotkes S EaEEDA DU ke, IR ARy o0 M0 Es - B0 A AR EDRIES - 40 ¢
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 ) #1 Support Vector Machines

( Waring & Liu, 2005 ) &5 - E.tfF Viola Bl Jones Frfg 57> AdaBoost FriEfE >
AR (RIS - 8 Ry VI-Detector » i Ky 55— (& AT i & BT 75 SKHY A g fEHI 2
(R {E A fEUHE AT — (R Y AR AR - 8fEFR VI-Detector 15 T B YK T) - (H
HArR RS R ERRE A E - B2 EYMER RN B E s 1T
BB REGFES BB EESEIN R > Z3 AadBoost 28 H EIET 3l 4R
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HEREAEIFEEE o NI Guo FEAfTfE Y HTF-Detector BIF A HTF i - $t% VI-
Detector HYHRAEEHETT N - WIS BIZHIRRAY - AHK$t £ VI-Detector B HTF
R TIARSEY /ed > 5 I HAERAES -

— ~ VJ-Detector

VI-Detector £/ T fifi EEAUAH AL A T @ MRE B E 2% » TR R BIE B R
FA DU AR AES  52 07 A T EERA =(E - (1) 21 TS5 (Integral
Image) HVETHEJ7E > TR T M EAETRHEERERRE > (2) DL AdaBoost 22
EHE A R 1R T A Em AR SRS 0 (3) REfEER
733525 (Cascaded Classifier) HYZEHE » 77 g H it B 5215 th IR AR e @ s T
B > MR IF I G ARER » DUEE S BRSPS RE K -

(—) ~ ZHI5R%5# (Haar-Like Features)

IR R R R RIS /N (Haar Wavelet) i3
% o J0E 1 PR BB RH B R EUERRE T U R GBI B CEIP AR K
PG TR O P EEISRE R R BN ERE - TREIE GER GRS R EER
GREMN > FEILRELGEMATKIEE(L - B &SRR A NMEEE R
{2 B SRR R SR HY R/ N ERE] » BE(nr) BGE Z IRFERE T it
(v) FERRREHVR R > Suw RIETIFEUE - FHEERTET A

Jraw =2, 1xp)= D i(x,y)

x,yewhite x,yeblack

FHE 1 FTREY 5 S R ERRARE G BV RG> QI8 2 Fors - 8
FITA AT RERTERRROR /N BT A AT RERI L B B2 — T it ORI P A AR 2L
B RBGERERIAN > FEBSEBERTAR > TLUEER | vz AR
B ATE ARV R EEER - TR A RERVRFEURHE BRIt (feature pool) - fi
FRy% SRS 55 ) S ey BE AR MR EE A -
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H2 W
> Y (H-2h+)(W—-w+l)
h=1 w=1

H wW/2
> Y (H=h+)(W-2w+l)
h=1w=1

w/3 H
> > (W=3w+)(H—-h+1)

w=1h=1

W H/3
> Y (W—-w+)(H-3h+])
w=l h=1

1INE_NEI BE™

WI2H/2
" > 2w )(H-2h+1)
w=l h=1

F 1 wHl H R BEEGINEERERE » w B h (ARIER RN
HIEE F =T o 45 DASATE Ko 24X 24 HI525 R » L& 1G 5572 162,336 {EFFEE -
EEETENRG RTERR  FEEEMETRE S - 2GRS ERELR
WR2 R -

2R FE e T R

1818 2424 3030 36436
51,705 162,336 394,725 816,264
FEAERERRVR EEE Z T - SR EE R SRR ] S AR & RS s

R Viola B Jones $2H! T &P B2 HYEE 5% » KIERE T SR BUEH S {E Fr B 5E
HHRERE] o

(=) ~ ®i5rs2f%8 (Integral Image )
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GE—IKIERG 1 1EE R (ny) BRI ER R -

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

x<x,y<y

W& 3 s - B BAE i) Bz ERNATE G RIS E - 5525
FB IR 1> RRE IR GRZ e — KRS HARAT

ii(x,y)=ii(x—1y)+s(x,y)
S(xay) =s(x,y—1)+i(x,y)

Hefrs(xy)=0Hi(0,)=0

sixv)
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Bl 3 8 B Bh () chfl A BL 1B

FEmBTEG > FURECRREREP SR N 2GR ESN - AE 4 s
HERFAE— P #iE ABDC NAYGEMN > HIAFER A~ B~ C » D 2P0 #i [
BRI G T HENGRERT > A T AET S EZIE D &S
WZ G ERR -

s=(A4+D)—(B+C)
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W 4917 454 B b R5 @) 8 BN 2 Gk @3 fe
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KNIEFR T KR E R BUE P T8 I -
(=) AdaBoost Z23HE L

RS2 EE-MATEERE - M TATEE 5 BEEREE (su-
pervised learning ) EfEEESELFCEES (unsupervised learning ) WifeE o BEE = EL 1
ERVH ISR E IR A E AT » B ek % - JRRIMHES o S e
AN ] ARSI SRS 2 o MH e A T 0 48 - B B U E AV ISR S v /R B F
A (FsE0 fogt (BEE) - BAEEFRH A MIErisE » missrE=NEE » 3l
SRR RO N EEEERY H AR - AdaBoost (Adaptive Boosting ) /& —fHEE =
238 (supervised learning) MYERAUEEE » TEIFMHEERENTI RS (weak
classifier) H » BEHUA H A 77 R FRAVEUE 550 185 - DIAH G R— (#5877 B 28

(strong classifier) o HH 55535 H88E 78 Fy LLFEHE 73 BHER F —RERY 0 525 » Bl
T FHIEREREE RS 50% -

VI-Detector % #5877 #/ 5 PR AR B R B2 Rl - REIR/NEAfLE
HIFEAYFG I - FO AT E — (B 5970 208 - 23R 2 A » DASETE RR/NEy 24 X24 1Y
FAG R B L ERE S 162,336 (&R - TRRIREREH 162,336 (@557 85125
F&H AdaBoost R AVIIIGREE T - R REABERN T o as T BEH—
Bl BA T EEENTI e - MBS BB RAVER » RS
BE AR 55 0 S e R R — (58 0 M e -

EEIISAZEEARE X X = {xpx,.x,) » BEHEZSHIER ¥ (HE)
Y= Aypym-pt > Hy, = 101i=1n} > » =0 FRFIE NN K2 RIR ARG - ¥
X ARG E I BEEA S EREE S WRERRES(x) > xe X >
HIMHE f Tt 2 55771088 h ERAT ¢

1 pf(x)<pb

0 otherwise

h(x’fapag):{

Hep o mME pel{-L+1} FLUIE R A ER pf(x)<pd 1975 -
h(x, f,p,0)=1F7REH¥ x » DLfFTREH 2 FHEE S - FIFFTERE LR3I
s h HELT O P EER R NI > L2 > JRBA(x. £, p.0)=0 > AR IE N -
B x B fRITDREH o EEERAREUE - WA ERRA/ N - b
—EPEFFRIVEFEE - DURE S/ N B Ry HAR  m] DU IR — i AT
16 0 BEAFEXITE p - ALEMIHER fHV5957 888 h - FEE—HIEHl s
TR > ERFTA FTRERVRHERR X o (R RS — (8 m] SERYRF RN B T i —
E5957 8085 > DAA/INGy 24X 24 BB R Bl » SLErdiiit 162,336 {E5357 855 - ¥
T A5 BEERR BT ERE (classification error) - T BERUSTHHERE
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B fEHY 557 A 1 R Bl & th AT BB UL B (5 73 HiEs  (BUE SERREEAN T (B 957055
25 VR ¢ B BAEET 0 1= 1,2, T BTSRRI ERS R b, o YREE b,
B X R (E R AR REER(E > WORE h AIREE(E o DI E D,
BRRINGR TGS Coo) PRYEENE: - 488 T OBMIR - RS TE557
FABSEH G IR — {58 HEs Cx) > 5E%E AdaBoost JEEAYT MATAL -

AdaBoost Algorithm :
¢ Given example images (x;, ;),...,(x, v, )where
v; =0,1 for negative and positive examples

respectively.

e Initialize weights w, ; =L,i v; =0,1 respectively,

T 2m 2]

where m and / are the number of negatives and
positives respectively.

e Fort =1,..., T :

w, .
. . 3
1. Normalize the weights, w, ; <= ———
j=1 Wi

2. Select the best weak classifier with respect to the

weighted error
g =min, , ZW,- |h(x,-,f, p.0)- y,-|

3. Define h,(x) = h(x, f,, p,,0,) wheref,, p,,and 6,
are the minimizers of &,

4. Update the weights:

_ 1-¢;
Wi = Wz,zﬂt

where ¢; = 0 if example x; is classified correctly, ¢; =1

. g
otherwise, and f; = ﬁ

o The final strong classifier is:

T 1 T
C(x)zl Zatht(x)zigat

t=l1

0 otherwise

where oy =log"%
t
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(PY) B0 2H%% (Cascaded Classifiers )

VI-Detector 7] & BIBF YR K » F& g =007 M2 Y 28 R840 8 T RASRA A 1 -
75 8 g g TR R R AT R ARG A IR A e ORIV RS - TEEREARE
[ = SRR R 2 F AR e Fo A FoaR % (False Positive Rate, FPR) DL Scfsls
(Detection Rate, DR) « g T HIF G 2 TR B oG H] Ry NRRAUHES
MR R IRE MG 2 TR - S 2 sRHIRFREIE AR TR G
ABGHIEES » ARORIZ A By AR 1R Eg s B HHA Ry ABBRVEESS - BT
S HROIIRE - SRAR g TS 0 L 0 A SRRV ER A - Al
MR N -

P& = e i T A R R OSSR I b - A R 2P 2R
FIZR DL ARIES » 275 308 2 [ A B B B 4% EE B PTHE e B RS RR IR0V B > 2K fif
15 AdaBoost A& BIRFAYEE K « 4@ 5 Fir - B0 Es AL RE ik e
ﬂﬁ%ﬁ*ﬁ%ﬁ%&é\ﬁﬁﬁ BRI SR FTRe S 2 IR I R s - HEEEHW
e R BRI AR - (F e E— g e A E AR B L AT
— Bl &R ET AT R PRIV B RS - T EFTREREZ AR AR E e i S
AR AR JREIA S AR o B S A B R AE A BN B IR Sy SRR T
e > HimEEm s Rt gsT - BRE R %853 88 - AIFTEE TR
G ARG B AN - R RGE 5 PR BB AN - 2T AR (HE

HIETE Y -

Further
Processing

PRt 5 TETE S D IRSTE » FRUEH U RIACIE P
SYERRLARULAIT » M el & FTRER AR BRI £+ BRI d
BB F,,,,, - PEE R ABRBEASE P IR A IRBEASE N 25 AdaBoost it
i - 1E AdaBoost HISBIZTT » JEKIE S ~ d BLF,,, FETIS HBEIBE
DIEEHEH! 3052 - BUSRSR) IRE B < HAI T2 5B 5
RIS V10 AR EARRSREE AR YRR SES
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TE Rl T~ — P& M Es 2 IR AR AR SR > BRI SRR/ NN
Frage Ro1E > I PRSI - SIS0 RAO T
B o

* £y =1.0; Dy =1.0; Ftarget =0.001
e =0
° WhlleF; >Ftarget

-1« +1

- =03 F=F; |

—while F; > f x F;_;

*n < n + 1

* Use P and N to train a classififer with n; features using Adaboost

* Evaluate current cascaded classifier on validation set to determine F; and D;

* Decrease threshold for the ith classifier until the current

cascaded classifier has a detection rate of at least d x D;_ (this also affects F;)

—N«, & means empty set.
—IfF; > Fyarges then evaluate the current cascaded detector on the set of non-face

images and put any false detections into the set N

=~ IS E RS (Haar Texture Feature )

Guo FEHFIE H AV BB El (Haar Texture Feature, HTF ) - $f¥%} VIJ-
Detector Ffr{if F AV B R B RER » ZU{E AdaBoost %5 73 Fiass/l| SRFENFHY
M - EBE BN EEE - BE 7S - HTF (/] T 3 SIS MR8
WIE 6 Frow » BRI HTF 567 BRns A — (BT84 - 8E—kRallskises
FHEL® VI-Detector » HTF 7z KEYAR[E Z iR » £ [E— N & HEHE RN &
THRET - FRER 3 ERHEERR - ORI BV EUE - &— (8RR AT
HIBRREUERE TR — R GER a2 - R GHIES
FHRES  KEOEERGRENE - FREECEREGREN > TKaE
PR EMRAYZESRE b (binary) » FoRf 0 50 1 AVRHEE - EO G ERE
FEHARP R EERGERN - AREER 1 SR 0 -
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a b c

| |™- "

Bl 6 HTF #74% * 13 fasped f 45 et i

HTF {5 Ay 3 TR OBk hl > T A AR a2 Tl o - MR 3 2 7K
(Horizontal) ~ T F. (Vertical) B (Diagonal) HYIFEEZE - {RFFRIAIE 6 Fr
Za~ b~ c =fEFFEREREM E’\ Z M ﬁﬁ?f%Z“fd EARFEUE AT R (R
A& > {RFFF [ab,c] » MR EEHES] > BN -

E=4a+2b+c+1

EEUREEE 1 2 8 £y 10 BELRISE - 4068 7 B -

a c
|
I!IIIII IIIIIIH Iliilll
E=4a+2b+c+1

J

T=4x1+2x1+0+1

B 7 HTF $#Hcie S 8 = S 3p

HTF fFHECREAE R & 1 21 8 HURF BRI (E - /3l FoR 8 A FAVEF

et - Wit > SHEEISRE T ATE AR g LU TEIE ARG - [FRE 3
TR RN TR TRERVALE - TR R RIS E R G R 2 (i 8-bin HYE T -
I AIFREY AR IE A s e th HTF Rl e tsR o fify s - «lE 8 o -
FHlE 8 AT > HTF H{E03 s ARes Bede T DR (AR EHY bin | - DUE 8(a)
TR By > HTF S5 A5 1 {E bin B155 5 {H bin > JREI4REEFEE 1 B155 S
Y HTF RS - IR AR BRI R P 0 - 380 - v R AR
EEEIIN: - 2 LR
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04 o1
008
008
07
008
005
004

0m

Probability
Probability

00
005 001

1 2 3 4 5 6 2 [ 1 2 3 4 5 6 2 [

bin bin
(a) * %R ez * F (b) 24 %E = R

B 8 HTF £ * & A s 222 X g2l i #9722 ehE = )

HTF JH T 3 TAVANG RN - (NEE R I #A%L VI-Detector Ft
[E RS D © DL18X I8 HYFllskz & R Bl - (EA HTF Aok S Y e REFF
BRI 6,561 {lil - B PN R AR (200 AT RERF B By 51,705 fli - WS ETERH L
HETH BE YRR > HTF K 149 8 VR EEEE - rI A %KL AdaBoost £27
;‘ﬁ%ﬁziq]%ﬂliﬁé%ﬁ* Tes AT CE R > EHERS & T/KF « EEES AKX E
ZE S FLE B2 8IME IR LR & -

2 ~ W5tk

VI-Detector 2t} {5 FHAEMG B R L > 45 51802 ~ AdaBoost J8 BABLE
[ SRR AR B 5% - e T RIEHERIRY R K - (B RSG B R BT
2B RE RV & T E 20 AdaBoost 5l SR B2 FERF L 5E - 5 SUERY 22/ » Guo
LEFRTIHY HTF 8243 1 VI-Detector HYfRS - {H X BE¥ZG TR E T - 7K
e B A YIS 2 S TR o SR ARt B & S E iﬁiﬁ?ﬁ%ﬂ
NEEAVERES o AGHITRTIR B T i =G B A B R R I IR € AR
i > f5sJE A HTF A& 2 B& » iDL AdaBoost fyRifEfE H EHTF-Boosting 2755

Rk HLEE T ERIL TR FIRE S R ARgyas s JHeEs -

— ~ PR A E R (Extended Haar Texture Feature, EHTF )

HTF (£ 7 3 R AU 8 T & oK« E RS mAY RIS EZE

ﬁ%?ﬂyﬁ A BLIE BIRE ST AN FERYBREL - ATFERE L T2 HTF /Y EHTF £
HX%TE?E EEWIDKPFES - EEBGSE () BhAY 3 R - 581t
R A RE ﬁﬁﬁhmﬁ]\ﬂﬂ{éxﬁJEﬁ%é“? » EHTF FrR FHY 6 TS f R 2ok
WSCAIE O Ffrors - 2548 BHTEF ﬁﬁiﬁaﬂ’] 6 FERF RN - AT A e T
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RIS 2 K (a) ~#FEH (b) ~ ¥/ (b) ~ 8% (d-e) Bl5E (K) B (f)
HUIKPEE AR - KigEEA TR R0V isE
a b c d e f

| |= | || |- ||

B 9 EHTF #74% * 6 f4frs f 45 Hct ix

LE—RIISE S RE—UEBEER NI G TRET (FREXNE
By 6 1If5%) - FEIRFEM EHTF FrE 2507 6 TERHEEERR - WK B H B eV EUE -
F— (BRI IR T R RHBUE R T 0 - ek Bz - N
B aiE s FHRET  KEQOERNGZEENR  FREECERNGRE
GEFD > W H AR AR ERE T TRk 05 1 (VREE > BERaE
e ERIA B EERGEER > AIFFEE R 1 B 0 - {RFE0E 9 Frr> a
b~c~d-eflfik6 ERERERERNE —#GTHRE L > FrkisZ o bR
B —(AESEEE  REE[ abedef] > FIF G S 4mMEHE] > B

AR
E=32a+16b+8c+4d +2e¢+ f+1

TR EEE 1 21 64 By 10 HEAIAYRIS(E - 206 10 Fos -

Face(x) Non-Face(x)

CEEEEE bl
=8 =3 =8l =

E=32a+ 16b+ 8c+4d +2e+ £+ 1 E=32a+ 16b+8c+4d+2e+ [+ ]
61=32%1+ 161 +8*1 +4%1 +2%0+0+ | 35=32%1 + 16%0+ 8*0 +4*0 + 251 + 0+ |
(QEHTFER T Aagr 8 (DEHTFEMF IR ABEE &

B 10 BHTF #fci@ 5 & 2mp

EHTF AYRHECKREER By 1 2] 64 AVRHEERIS(E - 70 RIFondt 64 FEAEHYEF
BAEER - HArAIISE T AR U I e B - [FIRFER EHTF FriEs
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64 64
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EHTF-Boost Algorithm :

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

e Initialize weights w;; :—,L ,

T 2m 2]

where m and / are the number of negatives and
positives respectively.

e Fort =1,..., T :

w, .
1. Normalize the weights, w, ; - ——"

W,
j=1 0]
2. Select the best weak classifier with respect to the
min weighted error
64 64

argmin Z= Y Wiexp(-h(x))+ Y W exp(h(x,))

i:xierﬂyi:H i:x,«EX(/«ﬁy[:—l

wr
3. Define 4, (x,)=0.5% ln[—’_]
J
4. Update the weights:
W1 = Wt,iﬂtliei
where ¢; = 0 if example x; is classified correctly,

: z
otherwisee; =1, and §; = ;=

o The final strong classifier is:

T 1 T
C(x)zl za’ht(x)zggat

t=1
-1 otherwise

where oy :logﬂi
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 paper, we proposed a novel face detection approach
based on the Extended Haar Texture Features (EHTF) and the EHTF-Boosting learning al-
gorithm. 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-

PHET AL R AR



70 YERREEE 311 (20151)

ages from LFW-Bigtoto dataset as the training 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 results 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 different instructional environments as the
data acquiring method, for example online learning, attendance 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
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