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Abstract

An algorithm is prop we d for facid fedure dete ction
from a facnd irge. The dgorithm  cosists o the
bdtomp  ad the topdown  iderpr etation  processes,
wech  wrk  with the fedw e michng m dle ad the
strudur e mtderg  m dde.  Frperivaid — resuts  show
that the prop ose d dgonthm  can dete & w less than  five
fedw es in 993 % o the frodd vies as wl las it can
wrk  even iof the face oriedaion  1s whom

1. Introduction

Facial feature detectioms very importart for hu-
nman recogni tion[l], [4] [ 2] aswel las faci akxpression
recogni tioand otherapplicationforrealizi nfriendly
hunan irterfaced 5] .¥riousstrategiehave been pro-
posed for the featuredetectionfor 25 years. Anong
them the ei gehenpl ate approach, proposed by Turk
and Pentland [3],has been extended to cover wide
varietiesf view basedfacerecognitionnthe frane-
wor kof probabi l i st i suall earning 6] [ 4] /This paper
shows an extensionof the ei getienpl ate approach for
the structureanal ysisof the face.

2. Facial feature detection system

2. 1.Systemovervi ew

The featuredetectiortaskisdefined as the estina-
ti1onof the positionof facialfeaturesfroma facial
image. Both a view basedmatching and a structure
matching are utilizedor the task. The view based
mat ¢ hi ngisacconplishedinan ei genspacewhi ch cov-
ersal lthe targetfeatures. The structurenatchingis

acconplishedw th a st andard3d faceno del and pose
estimatiorfromthe featurecorrespndences.

Figure 1 shows main dataflow inthe system The
detectiomystemconprisesthebottomup and thetop-
down imterpretatioprocesses.In the bottomup pro-
cess featurecandi datesareenunerated fromthe 1 nput
image by the featurenatching no dule. After prun-
ing inconsistdncombi nationsof featurecandi dates,
thestructuremtchi ngno dul eeval uatesand conpares
possibl eombi nationsusingthe backprojectionof the
standard3d faceno del inthe estinatedposes. Conse-
quentl ythe bottomup processcan obtainsone feasi-
bl e featurecombi nationsw th the estinatedpose and
featurepositions.

After the bottomup process,the top-dom process
selectghe optinal combi nationby detectingmssing
featuresof allthe featurecombi nations.The mssing
featuresmreiteratevysearhed i nthe nei gtbor hood of
backproj ectedositionsa ththerefinedposeof the op-
t1mal combi natiomnl essno new featuresre detected.

2. 2.Facefeaturesnd 3d f acenp del

Eigh faciafeaturesare used forthe featuredetec-
tion.The featuresonsistof theleftand righ pairsof
eyes,eyebrow and ears,as wellas the t1pof the nose
and the centerof the nouth, as shown inFkig. 2.

A standard3d no del ;as shown inFig. 3, isusedfor
the structurematching. The faceno del includes3d
positionsftheeigh faci afeatureof whi ch 1 nages are
shown 1nFig. 2. The 3d pose of the faceisspecified
by three pose paraneters, 1, # and ¢, which denote
rotationsaround x-,y- and z- axes respctiwly Three
scal eparaneters,s;, sy and s,, are used to cover the
variationd nscal esal ongthe threeaxes. We assune
that s, : s; 1sconstart 1nthispaper,becausewe don’t
use any depth informatiomt all.
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Figure 1. Overview of the feature detec-
tion.

2.3.Tw o nat chi ngno dul es

The feature matching no dule enurmmrates feature
candi dates from a given image by the tenplate natc h-
ing in an eigenspace. The elgenspace is constructed
fromlearm ng sets of eight face features inthe frontal,
leftand right face views. The detailsare shown in 3.

In the bottomup process, the structure matc hing
m dule enumerates feasible combinations of feature
candi dates and finds the 10 naost consistent combina-
tions out of themm 'Then the no dule estimates the face
pose and feature locations using a standard 3d no del
as wellas 2d covariances of feature locations. The de-
tailal gorithmisshown in 4.

Once the bottoraup process finds the feasiblecom
binations, the top-down process selectsthe best one by
bac kprojection, and refines it as well as feature loca-
tions using the both no dules, as described in 5.

3. Feature matching

3. 1.Constructi orof common ei genspace

A cormon  eigenspace isused inthe feature matc h
ing o dule. The eigenspace isconstructed fromlearn
ing sets of the eight features in the fromtal, l1eft and
right face views. The common terpl ate size, wth 32
pixelsinheight and 64 pixelsinwdth, 1sused wth all
the features so as to construct the cormon el genspace.
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Figure 3. Standard 3d face model.
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3. 2.Learni ngi nt he ei genspace

Let I}“d denote the k-th training image of the f-th
featurein the d-th directionand k& = 1,2,..., K. For
the f-thfeature inthe d-th direction, the man vector
Vid = %25:1 y’;d where y’;d = @%i’}d, and the co-
variance matrix Xj;q are registered in the dictionary.
The maxim um DFES values are also recorded for the
effective feature detection:

DFFS;; = ax %54 = ®myfall
3. 3.Feat uredet ecti on

Giwen a face image, all the feature candidates are
detected for all the feature-and-direction pair. The
candi date detection isacconplished wth the distance-

in-feature-space (IIFS)  [4], whic h iscal cul ated by the
follsing Mahal anohis distance inthe eigenspace:

DIFS;q. = decTEJTdIdec.

For the efficient candi date detection, 1nages are de-
coded in a pyramdal structure. Corresponding to the
image structure, feature dictionaries are also mapp ed
in each layer of the pyramdal structure. (Darse-to-
fine search can be effectively done on the hierarchical
structures.

For all the detected candidate y;q.(c = 1,...,10),
distance-fromfeature-space (TFFS)  [4] is cal cul ated
by

DFFStac = |1Xx = ®myyacll-

If the TFFS distance islessthan the threshold (1.2
DFFS;d), the image positionuypg. = (Upae, vra.) and
the dissimlariy Dyg. isrecorded. Otherwse, the can
didate isreno ved fromthe candidate list.The pruning
by the TFES isvery effective to decrease the cal cul a-
tion cost. In our experimants, only a few candi dates
can rermain after the IFFS check for each fd-pair.

4. Structure matching

4. 1.Enunerati onof f eat ur combi nati ons

In the structure matc hing no dule, all the feasible
combinations are enumerated from the feature candi-
date set.

Tet C; = {fd&} denote the i-thfeasiblecombina-
tion, vhere all the face directiond is coman in the
combination and all the feature f’s are different from
each other in the combination. Thus all the feasible
combinations consist of up to 8 feature candidates in

the sare directiond. The thirdsuffk ¢ shows the can
didate number but 1t wll be omtted fromnow on for
the simple description. Th us, let C; = {fd} denote the
1-thfeasi bl ecombi nation.

In the enumaration process, geomtric consistencies
are checked as wellas the symbolicenuneration of com
binations. 'That 1s,inconsistent combinations are not
listedup ifthe sorted order of the eleman ts inw and
v-coordinates are inconpatible wth that of the dictio-
nary. For exanple, ifthe wcoordinates of leftand right
eyes are in the opp osite order, the combination 1snot
considered so far. A lot of combinations can be easily
pruned by this check, and only feasiblecombinations
are enumerated for the follsing process.

4. 2.Rough poseestinmation

(om bining the standard 3d mo del and each feasi-
ble combination of feature candi dates, we can mak e a
rough pose estimation. ‘Three pose parameters, 6, ¢,
and 1 are estimated fromfeature positions. When 4 or
more feature points are detected, the pose estination
isformlized as follwes:

Pose estimation problem is reduced to an estina-
tion of ug, vg and ¢;; from a set of (x4, yra, zpa) and
(upq,vpq) under orthographic projection.

] <o o o[ ] o[ m] o

Vfd C21 Ca2 Cao3 Zrd Vg
vhere

11 = rp(cosfcos ¢ —sinfsingsing)
c12 = ryp(cosfsing 4 sinfsiny cos ¢)
c13 = —ry(sindcos ¢)
co1 = —ry(costsing)
ey = ry(cosipcos @)
ez = ry(simp)

This problem can be deconp osed into the follsing
two (overly constrained) 1inearsimultaneous equations.
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The scale parameter r,, r, and threepose parane-
tersareestimated fromthem When the estinateof ¢
isfarfromthe directioul, the featurecombinatiornis
pruned because of the wrong estinate. Note that the
s1 gnof ¢ cannot be determnedunder the orthographi ¢
projection.The signof # can be determnedifonl yone
of the two earsisincl udedi nthe feat ur ecombi nations.
The signisnot inportart forour discussionlThe sign
of ¢ issettobe positievforthe follwmng step. If the
signof # 1sunknown, itissetto be conpatiblew th
the direction. Thus the transfornati omatrix can
be estimatedwhen 4 or nore featuresareincludedin
a featurecombi nation.

Wen thenumber of detectedfeatures sl essthan 4,
def aul tval uesare setto sone of the pose paraneters
and the other parameters are estinatedinthe sim-
lar way. Ifthe number of featuresis3, ¢» and ¢ are
assuned tobe 0. If the numberis2, ¢ and ¢ are as-
suned tobe 0 and # 1ssettobe equal tothe direction

d.
4. 3.Lear ni ngcovari ancematri ces

In the learningphase, a set of featurepositions
{u’;d} can be detectedinthe training nage I}“d(k =
1,2,... K), asmen tionedin 3. 1. Locationalcovari ance
matrixIyg iscal cul ated[rom{ul}d} by

K
1 - -
e = TK Zzulﬁ/g,d(ulﬁ/g, C»T
gZ£f k=1

K

1
~k k k h h
where @}, o= ufy —ugy — o= (ufy —ugy).
h=1

4. 4. Eval uati orof f eat urecombi nati on

A structuraldi ssiml ary ti s defined for the feature
combi nationC; = {fd} as fol lws:

DUC:) = Y (upa—uty) Ty, (upa—ufy)+A(8=|Ci)

fdec;

where u}id isan estimatedpositiomf the featureby
usingthe poseestimatedin 4.2,1l;9 iscal cul atedy
the itermlationfrom{Il;4}, |C;| is the number of
featureanC; and A isa constart penalty formssing
features.

The first termof D1(C;) shows a sum of nornal -
1zeddissimlaritmes hthe nem berfeaturesyhilethe
secondtermisa penal ty forthe non-nember features.
Because the first termisnornalizedw th a variation

of Mahal anobi sdi stance the penal ty constart A 1sset
tobe 9.

On the other hand, a totalfeaturedissimlarytis
defined forC; = {fd} as fol lws:

D2ACH) = > DIFSja= Y yrd"S74vsa.
fdec; fdec;

We use a sum of structureand featuredissimlari-
ties D(C;) = D1(C;) + D2(Cy), as an eval uati orf unc-
tionforthe featurecombi nation.Thus the 10 optinal
combi nations{C}} are detectedby conparing D(C;).

5. Top-down feature detection

Inthe firststageof the top-dom process the mss-
ingfeaturesaresearded i nthe nei glbor hood of back-
projectedositionsfthefeaturedoreach combi nation
C7. This searh updatesthe (7, 1tsposeparanetersas
wel las the val ue of eval uationfunctionD(Cy). After
the firststage,onl yone candi dateC™ 1ssel ectedut of
{C?}, and the othersare pruned.

(hce the optimal featurecombinationC* is de-
tected,the mssingfeaturesareiteratielvysearded in
the nei glborhood of backprojectedpositionsmth the
refined pose unl essno new featuresare detected.

Inthe top-dom process,onl ythe featuretenpl ates
in the nearest directiomre used fromthose of the
threedirections.The top-dom detectiomnsalsoac-
conplishedwi ththe DIFSinthe ei genspace.

6. Experi memial resul ts
6. 1.1 nput i mages and di ctionaries

Inta specificationssummarized inTablel. Facial
images were taken froma fixed canera in the |abo-
ratoryunder the naturallighingcondition.The 200
persons,l ®kingforvards, weresittingn the rotation
chairinthe fixed distancefromthe canera. The chair
was rotatedto get the three(fronal,leftand righ)
1mages foreach person. Fi gure 4 shows samnpl e 1 nages
of fourpersonsinthe threedi recti onsWe cal It he 200
images inthe sane directionfhe fromal set the left
set and therigh set respctiwely

The follw ng two dictionarieare nade up forthe
experinental conparisons.

Dictl 20 facesareusedineach directionnthelearn-
ingphase

Dict 250 facesareusedineach directionnthel earn-
ingphase

Note that allthe dictionary nages are excluded
fromthe testimages forHctland Oct2.



Table 1. Data specification
7t of persons 200
male : fenale 134 : 66
with/wi thout gl asses 48 : 152
directions(0: frah) | 0, 30(1eft }30(righ)
1nage size 512 x 480 pixels

Figure4. Exampl es of faceinages

6. 2.De nitionof correctdetecti on

Correctfeaturepositionare providedinal ltheim
ages by a human operatorforthe quantitatieveval ua-
tionof the detectionSone features nthe inages are
not provi dedby the human operator becausethey are
occl udedby sonethi ng. These featuresare noted and
not countedinthestatistics.

Aftertheexperinents,the detectiomatel snade up
by discrimnatinghe correct]l Wletectedfeaturesand
the others. If a featureisdetectedw thina distance
threshol dD,, 4 fromthe correctpositionthe feature
issaldtobe correctl detected.Otherw se the feature
issal dtobe msdetected.

The detectiomatesare checked at the threepoiits
inthe processof featuredetectioms wellas the final
resul t.
[Poit 1
[Toit2
[Toirt3
[Toirt4

Just afterthe bottom up structuremt c hi ng.

Pk i s Y

Finalresult.
6.3.Experinmen 1: Frontalset

For the fronal set,Fig. 5 shows average and 1ndi-
vidual detectiomatesat Poirt 1-4. The resul tsmth
Dictlareshown inFig. 5 (a)(b)and thosewithDict2
areshown inFig.5 (¢)(d). The figure shows that Tict2

Just afterthe bottomup featuredetection.

Just afterthe firsttop- dom featuredetection.

%] [

~ Reyebrow
-+ Leyebrow
= Reye
~ Leye
=~ Nose
- Mouth
- Rear
- Lear

Correct Detection

Correct Detection

2 N 3 3 B 2 N 3
Point Point

(a)Average (D ctl) (b)Ead feature(Tictl)

(6] (%]

\/// N
i
w

- Reyebrow
-+ Leyebrow
< Reye
-« Leye
- Nose
== Mouth
- Rear
- Lear

Correct Detection
Correct Detection
e

Point Point

(¢)Average (D ct2) (d)Each feature(Tl ct2)

Fi gur 6. Resul fsort hef romalset .

Tabl 2. Number ofdetectefdcaturdeor

thef romalset.
thenumber | <2 | <3 | <4 | <5 | <6

rate(%) || 99.3]99.3|99.3] 99.3| 97.3

coul dcorrectl detectmuch nore featureghan Dct1.
The detectiomatew thTlct2is96. 0% inaverage. The
i ndi vi dualratesare 97- 100 % wi th sixfeat uressxcept
ears.The ratesare 85 % and 90 % withrigh and left
ears respctiely

Table 2 shows a distributioof the number of de-
tectedfeatures ntheresul tsm th I ct2. Fi ve or nore
featuresverecorrectlgetected n149 of 150 1 nagesin
the fromalset,and sixor nore featuresweredetected
11146 1 nages.

6.4.Experinment 2: Left/righsets

For theleftand righ sets F g. 6 shows averageand
indi vi dualletectiomatesmthct2at Poit 1-4. Fi g-
ure 6(a)shows that the average detectiomateis92
% and a littlworse than that with the fromal set.
The individuakatesarealittlworsethan thosew th
the fromal set. The rateswithearsareonly84 % for
the Right set and 71 % forthe Leftset.The irterne-
diateratewith left /righeye at Poirt 1 ismuch less
than that of the other eye inthe R ght /Teftset. But
the final ratew th the eye isal nost equal to that of
the othereye. This i nprovenent shows an effectof the
top-dom process.
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Figure 7. Results for the whol e i mages.
6.5.Experinmen 3: M xed set

Finall y the experimets were acconplishedwth
Dict2for the whole images. The average detection
ratesareshown inFig. 7(a)and individualratesare
shown inFig. 7(b). The final detectiomateis92.7
% inaverageover threedirectionsThe final ratesare
95. 8% over the Frontal set,93. 2% over the Righ set,
and 90.9% over the Leftset. They are al nost equal
totheresultankxperinents 1 and 2. The indi vidual
ratesare 97 % withnose, 92 % wi thnouth, 92 % wi th
eyes,and 96 % wi theyebrows, and 82 % wi thearsover
the whol e i mages. The resul texanpl es are showmn in

Fig 8.
7. Conclusions

A featuredetectioml gorithm sproposed by i1te-
gratingfeatureamtc hi ngand structuramtching. The
al gorithneonsistof the bottomup and the top- don
itterpretatioprocesses which work wmth the feature
matc hi ngno dul e and the structuramtc hi ngno dul e.
Exp erinent alresul tshow that t he proposedal gorithm
can detectno lessthan five featuresin99.3% of the
fromal views as wellas it can work even ifthe face
oriemation sunknown. The al gorithnseens tobe ef-
fectievforthe facei dertificationferifications wel las
the faciakxpressiomrecogni tion.

Figure 8. Result exanples.

Ac knowl edgnent

Thi s work was partl ysupportedby Research forthe
Future Program the Japan Socie¥y forthe Promotion
of Science(Project I JSPS- RETFO6P00501) .

References

[1] Kanade, T, “Picture Processingby Conputer
Conpl ex and Recogni t1onof Human Faces, ”PhD
Thesis, Ky oto Uni wersiy, 1973.

[2] Ak amatsu, S. ,Sasaki T, Fukanac hi ;H | and Sue-
naga Y., “Autonatic extractiomf targeti nages
forfaceidertificati omsingthe sub-spacecl assi-
ficationnetho d,” TEICE Trans.Inf.& Syst. vol.
E76-D no. 10, pp. 1190- 1198,1993.

[ 3] Turk, M. and Pentl and, A | “H genfaced orRecog-
ni t1on, Journal of Cogni tie NeuroscienceVol .3,

No. 1, pp. 71-86,1991.

[4] Mghaddam  B. and Pentland, A, “Probabilistic
Vi sual Learni ngf orObj ectRepresent ati on” ] FEE
Trans.PatternAnal ysisand Mic hinelntell1gence,
vol .19, no. 7, pp. 696-710,1997.

[5] Lanitis A , Taylor,C J. and (botes, T F., “Au-
tomatic Interpretationnd coding of facei nages
usingflexi bl ew del s, TEFEE Trans.PatternAnal -
ysisand Mic hine Intelligenceol .19, no. 7, pp.
743-756,1997.

[6] Kirby, M and Sirwid, L., “Applicationof the
Karhunen- Loeve Procedure for the characteriza-
t1onof human faces” JEFE Trans.PatternAnal -
ysisand Mic hinelntelligencapl .12, no. 1, 1990.





