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Abstract

We present an algorithm for shape detection and apply it to frontal views of faces in still
grey level images with arbitrary backgrounds. Detection is done in two stages: (i) “focusing,”
during which a relatively small number of regions-of-interest are identified, minimizing com-
putation and false negatives at the (temporary) expense of false positives; and (ii) “intensive
classification,” during which a selected region-of-interest is labeled face or background based
on multiple decision trees and normalized data. In contrast to most detection algorithms, the
processing is then very highly concentrated in the regions near faces and near false positives.

Focusing is based on spatial arrangements of edge fragments. We first define an enormous
family of these, all invariant over a wide range of photometric and geometric transformations.
Then, using only examples of faces, we select particular arrangements which are more common in
faces than in general backgrounds. The second phase is texture-based; we recursively partition
a training set consisting of registered and standardized regions-of-interest of both faces and
non-faces.

The face training data consist of 30 individuals, 10 images per person, obtained from the
Ollivetti data base. The processing time (on a Ultra Sparc 2) is under a second for a test image
of size 100 x 100, and scales linearly with the size of the image. We achieve a false positive rate
of about .2 per 10000 pixels; we estimate a false negative rate of 10%.
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e present an algorithm for etecting instances of isolate o ects against general ac gro n s

ase on still grey level images. The algorithm is applie to etecting an locali ing faces from
frontal vie s hich is ¢ rrently an active research area. Complications arise from iverse lighting
comple ac gro n s facial e pressions an e tra facial feat res e.g. ear s an glasses. ne
of the main applications is face recognition in ee most recognition algorithms ass me the face is
alrea y etecte or that the ac gro n is very simple.

n most e isting algorithms every can i atefora o n ing o is irectly classi e as face
or ac gro n . The gray levels are preprocesse to acco nt for variations e to lighting an
image ac isition sing techni es s ch as histogram e ali ation an plane tting. The classi er
isin ce from training ata normali e in the same manner an consisting of oth face an

non face images e amples incl e 4 5 . ost of these a thors report lo false
positive rates an a false negative rate of less than

o ever applying these algorithms irectly to every can i ate s image is very costly. s a
res 1t the more intensive processing is sometimes prece e y a fast lter esigne to i entify
pla si le locations ith very fe false negatives i.e. misse faces t at the temporary e pense
of a consi era len m er of false positives. or e ample in t one ralnet or sare evelope
one for regions hich allo s the face to e isplace from the center an is only applie
every ten pi els an another more iscriminating one traine on s images an only
applie to the s images ltere y the rst one. The total r nning time is then  secon s on a
S n Ultra Sparc  for the 9 imagein g re . ther metho sare ase on rste tracting

interest points especially isting ishe facial feat res s ch as an elliptical o tline the eyes
an mo th 9 9 an local e trema . ey feat res are also prominent in 4
cient foc sing is o r primary o ective. o0 ever in contrast to the or cite a ove o r
approach to vis al selection oesnot tili e comple feat res hich might eas i c¢ It to etect as
the face itself. nstea e se shape information erive from local primitives asically e ge frag
ments  hich are invariant to linear gray level transformations. n a ition they are in epen ent
at istances on the or er of the scale of the o ect oth in the generic ac gron an o ect
image pop lations. Signi cant 1 erences in the ensity of these feat res in the t o pop lations
ren ers even more iscriminating an lea s to e cient foc sing. inal isam
ig ation et eeno ectan ac gro n at the agge locationsis ase on te t re information
fter registration an stan ar i ation the greyscale val es serveas eries for constr cting m Itiple
ecision trees. ther proposals for com ining e ge an te t re information appear in  an .
nother lin  ith some prior or nota ly 4 9 as ellasoro nprevio s or on
shape recognition an mo el registration is the emphasis on
among selecte points. n o r frame or it is not the points themselves hich are isting ishe
t rather the glo al arrangements among their locations. n ee the locali e feat res are generic
as in an too primitive an common to e informative a o t shape. 1l the iscriminating
po er erives from spatial arrangements.

n fact e initially consi er a virt ally in nite imensional family of arrangements s  ciently

rich that an appropriately chosen can separate nearly any generic shape class from general
ac gro n s. The selection of speci ¢ feat res for selective attention is ase on training ata.
similar proce re asinvestigate in an here shape feat res an tree classi ers ere ointly
in ce ring learning. The or here e ten s that program.

The paper is organi e as follo s. n section e e ne the pro lem more precisely an give a
compact s mmary of the algorithm together ith some e perimental res lts. The vario s compo
nents are eshe o tin the ens ing sections. n section e intro ce the family of feat res an



pinpoint some ey ass mptions regar ing their oint istri tion in faces an ac gro n . Training
is e plaine in section 4. The foc sing proce re is etaile in section 5 an section is a rief
concl sion.

The pro lem of face etection can e vie e as a classi cation pro lem ach image location m st
e classi e asface or ac gro n . Since e ill e ealing ith appro imately frontal vie s e

ass me the location of the face isi enti e y a asis of three isting ishe points or

ta en to e the centers of thet oeyesan the mo th. t sho 1 e emphasi e that there is no

e plicit search for eyes an mo th in the algorithm this is merely a ay of e ning the location

of a face.

et enote a 4 4 the points an

serve as reference points for the lan mar s. et e a test image on a lattice
very triple of points represents a can i ate for the location of a face.
These points also etermine a ni e a ne map from into the image carrying to
. The reference gri ismappe 'y into a region hich is calle the

R of the asis
ach R e ivalently each asis ill eclassi e
or ase on the image ata

r goal is to etect faces at a range of 1stances of pi els et een thet oeyesan at
rotations of egrees. arger faces in the original image are etecte y o nsamplingto. 5

.5 an . 5 the original resol tion. Ta ing into acco nt these variations in scale an rotation at a
e resol tion an the varia ility of the relative locations of the lan mar s in the pop lation of

faces e calc late on the or er of possi le asesin a image. Since errors of pi els
in the location of the eyes or mo th can e ignore each face correspon s to appro imately 5
ases. Un er the ass mption of one face per image the prior pro a ility that a asis

correspon s to the lan mar s on a face is on the or er of

or any asis the on the reference gri is . The three
lan mar s are mar e on all training images of faces an each of these is registere to  th s the
three mar e lan mar s appear at .

The p rpose of training is to i entify a collection of local inary feat res an
correspon ing locations s ch that each  is present in a small neigh orhoo of
for appro imately one half the training images of faces. e pres me these properties generali e to
faceimagesonar itraryR s  provi e ofco rse that thelocations an their neigh orhoo s
have the same in . na ition the ensity ofthesefeat resinthe ac gro n
pop lation iss ciently lo that if a ran omly sample region of interest is registere to  the
li elihoo of n ing  near is consi era ly less than one half for each

S ch feat res are easy to i entify eca se they are e tracte from the pool of all local arrange
ments of e ge fragments hich is enormo s an  hich has certain invariance properties. oreover

e to very ea statistical epen ence among the feat res one can then i entify a collection
of of local feat res ith the property that each training image has at least one



triple present i.e. feat re isfon at for . The feat re triple is then
associate  ith the triangle in

The locations of all the local feat res in a test image are precomp te . or each
triangle a search is then carrie o t for triples of pi els s ch
that feat re is at an s ch that the t o triangles e ne y an
are similar to ithin scale changes of 5 rotations on the or er of egrees an other small
eviations in shape. There isa ni e a ne map ta ing the locations of into .
The triple is then a hypothesis for the location of a face in the image.
There are on the or er of 5 ases aro n the hypothesi e one hich o |l yiel locations
consistent ith each . The hypothesi e asis serves as a representative of this cl ster. This
amo nts to cl stering of the ases as oppose to cl stering tili ing some
coarser gri . s o serve in other algorithms if the ases are cl stere in or ertore ce

comp tation time then the n m er of false negatives increases sharply. The collection of triangles is
th s a mechanism for vis al attention foc sing yi entifying pla si le cl stersof ases. D eto
the sparsity of the local feat resin the ac gro n then m erof R si enti e y the collection
of triangles is on the or er of several h n re s as oppose to millions.

ach hypothesi e R is then registere to an classi e asface or ac gro n ase on
grey level patterns i.e. te t re in here is a s gri
locate aro n the lan mar s t o eyes an center of mo th . The s image is

y s tracting the mean of the gray level val esan ivi ing y thestan ar eviation. This yiel s
a i.e. registere an stan ar i e image for each asis etecte y a triangle.
The vector is classi e sing a collection of ran omi e ecision trees in ce from a ata
set consisting of normali e training faces an a collection of false positives i enti e on generic
ac gro n images y the collection of triangles hich are also normali e . The splits in the trees
are ase on threshol s of the gray levels at in ivi al pi els. These trees are aggregate to yiel a
classi cation of a etecte  asis.

The training ata consist of  people images per person o taine from the llivetti ata ase.

n a ition a set of several h n re ac gro n images ith no faces as o nloa e from the

net. e achieve a false positive rate of a o t . per pi els. false negative rate of n er

is estimate  sing an e tra test images from the llivetti ata ase teste at a variety

of resol tions. The processing time on a Ultra Sparc  is a o t one secon for an image of si e

an scales linearly ith the si e of the image.

n g re esho theres It for oneimage in this caseonly one o is etecte y the algorithm.

lIso sho n is the correspon ing asis triangle hich represents an estimate on the locations of the

eyes an mo th. ig res an sho similar res lts for t o other images. ig re sho s the

etecte 0 eson an image alongsi e a gray scale ren ering of the of then m er of times

each pi el in the image is accesse for some form of calc lation. The correspon ing image for most

other approaches to face etection partic larly those ase on arti cial ne ralnet or s o1 e
virt ally at.



ig re  The etecte o0 n ing o an the etecte eyesan mo th.

r aim is to constr ct a very rich family of inary feat res. The constr ction is rec rsive asically
pro lem in epen ent an lea s to a hierarchy of shape escriptors ith certain invariance proper
ties. The selection of speci ¢ feat res for etecting faces is ase on training ata an the learning
process is escri e in the follo ing section.

et e a inary f nction enoting the presence or a sence of a image property in

the vicinity of . Th s is a f nction of the image ata in here is

the ra image ata an is small neigh orhoo of the origin. e see invariance to gray scale

transformations in ce y changes in lighting or other factors an to spatial eformations in

the range prescri e earlier i.e. scaling of 5 rotations of egrees an other small

eformations. n partic lar the local feat res sho 1 e largely invariant n er the registration
process itself.



ig re  Top The etecte o0 es. ottom gray scale ren ering on a log scale of then m er
of times a pi el is accesse .

1l the feat res se for vis al selection are ase on comparisonsof i erences of gray levels hich
e refer to as . The neigh orhoo is the imme iate neigh orhoo of the
origin.
here are
a acent pi els eitherin aro col mn or iagonal or forming a right angle ith  at the verte .
t is clear that these tests are strictly invariant to linear grey scale transformations an nearly
invariant n er the types of geometric eformations mentione a ove.

et e a collection of s regions of a R ith centers
s ch that . Typically 5 . et e the collection of all elementary tests at
all locations in the region . e ma e the follo ingt o ass mptions
The ran om vectors are in e
pen ent con itional on the class of the ata here face or ac gro n . n other or s given that
the image ata in the R is a face ith thet o eyes near an an the center of the mo th

near  the ran om vectors are statistically in epen ent similarly given ac gro n .



igre T oa itional etection e amples.

e onot elieve this property hol s for the act al gray level intensities
e to long range correlations in ce for e ample y lighting e ects.

Reali ations of each in the ac gro n  represent a sta
tionary point process. That is the pro a ility of any partic lar val e of  is in epen ent of the
location of  in the R . This is o vio sly not tr e if the image is a face.

et enote a inary feat re hich epen s only on the elementary tests in an S pport
region . There are several conse ences of these t o0 ass mptions for any feat res
relative to the regions  a ove.
are con itionally in epen ent given face an given ac gro n .
eaningf | estimates of the li elihoo of the event given ac gro n an given
face can e o taine e to the local nat re of the feat res an the invariance to linear gray level
transformations. D e to translation invariance the statistics for ac gro n aree presse y
an estimate yco ntingthen m erofpi els inalargen m erof ac gro n images
for hich here is centere at . The estimates for faces are o taine y co nting the
n m er of training images for hich
ny family hich has i erent statistics on facean ac gro n i.e.



imme iately yiel s a classical 1i elihoo ratio test. Threshol s for re ection
of the ac gro n hypothesis at vario s levels of false positive an false negative pro a ilities can

e essentially calc late analytically. f the ere con itionally i entically istri te then
a s cient statistic for the li elihoo ratio test o 1 simply e the
ac gro n hypothesis is re ecte for
very feat re econsi erisa is nction Ring of con nctions of elementary tests. o

ever e o not entertain this entire family  t rather a s family still e tremely rich  hich is
constr cte in a rec rsive fashion. or e ample the elementary tests al ays appear in e local
patterns hich ecall tags. Theen res ltisanenormo sfamily of feat res. Then ring
training section4  esingle o t certain ones iths ita le iscriminating po eran comp tational
cost for etecting faces.

Tags are con nctions of elementary tests in small neigh orhoo s of at most 4 4. These are
essentially oriente e ge etectors.  iven a pair ofa acent pi els let an ethe9
egree rotation of . Denote an

n e geis present at if

ma ma

The orientation of the e ge is if an other ise. Th s si intensity i erence

comparisons are involve in e ning the e ge. er le o t any location here the magnit e of

is less than on a scale of to 55. There are eight tag types correspon ing to fo r

orientations matche  ith the sign of the center i erence. et enote these feat res

if an only if there is a tag of type at

e se e getags mainly e to the importance of e ges in image analysis an o r familiarity

ith feat resof this nat re.  rthermore s ch feat res provi easmalln m er of simple repeata le

str ct resfrom hich all higher level feat res can e compose . This has important implications for

storage an comp tation. inally since the tags involve con nctions of a acent elementary tests

they e hi it a high egree of invariance to spatial eformations in partic lar scaling. Still it may
ell e that there are other more e ective f nctionals of the elementary tests.

t isnot e cient to terminate the gro ping process ith the tags themselves eca se their ensity
in the ac gro n is high an their in ivi al iscriminating po erislo . oreover any single
e spatial arrangement of tags namely is clearly lac ing in

invariance an m ch too rare for all  t small val esof . veryfeat re econsi erisa
of s ch spatial arrangements hich e contin e to call a T  altho gh a more

appropriate escription might e e i le tag arrangement.
ore formally let e any s set of the imensional lattice ith the property that
for any here is a small neigh orhoo of the origin. et

e any se ence of tag types. The pair is calle a tag arrangement. or
let . De ne a inary feat re at y

ma min ma min



ig re4 n e ample of regions foran T .

Th s if an only if the arrangement appears for some

r family consists of all s ch inary feat res over choices of an . e

ill ass me that the arrangement is at the scale of the reference so that 4 for any
iven an image each occ rrence is referre to as an of

otice that the
types of tags in a T are not necessarily istinct. n the contrary some of the most invariant an
iscriminating T s involve nat rally several tags of the same type hich line p in accor ance
ith their orientation to form small ¢ rveli e str ct res.
T ill e calle a T if in fact the spatial con g rations
arecon ne toa e neigh orhoo of the origin. n this ay the ass mptions
of section . are in force. The ofan T in the ac gro n is hich is
in epen ent of e to stationarity.
here are neigh orhoo s of the origin of
si e at most . nother or sthetags aro n areallo e to oat overasmalls region
etermine y the location of . n this case so that the ensity of s ch a T is
necessarily lo er than that of . The T s e se are of this form an therefore provi e a lter
on the tags at hich they are centere . or an e ample of the regions e ningan T see g red4.
The T s se ino rprevio s or ere also of similar form.
Consi er three T s ma e respectively from
tags. iven three regions the inary feat re correspon ingtothere irement
that for each for some is again a T  ith
an .
or the e nition of tags in terms of the elementary tests there asnonee for Ring eca se
the tests erea acentan in therangeofallo a lespatial eformations thisa acency is preserve .
This acco nts for the high egree of invariance e o serve in the tags themselves. n other han
the T s involve relations among more comple str ct res hich may not necessarily e a acent.
Spatial eformations may alter the istance et eens chstr ct resso that some egreeof e i ility
isnee e in the e nition to preserve invariance. The egree of invariance can e controlle y the
si e of the regions in the e nition. fco rse increasing the si e of the  increases the
ensity of the T s an hence the comp tational cost of the algorithm.
n a set of several h n re generic ac gro n images e have o serve a tag ensity of 4
per pi el for each type. or T s constr cte ith regions consisting of a o t ten pi els the
ensities correspon ing to 4 are respectively 4. The rather gra al ecrease
in ensityis e to the high egree of epen ence among near y e ge fragments. ig re 5 sho sall



ig re 5 Top nstances of tag type  on an image. ottom nstancesof an T centere at tag
type

the instances of tag  on the image processe in g re an all the instances of an T centere

at tag . There ctionin ensity is apparent. n the other han this T appeare on over 5

of the registere training images in a small region in the pper left han part of the face. See g re
elo

The feat res are selecte from the family of T s. The partic lar ones chosen are those ith
the highest iscriminating po er for a given classi cation pro lem an a given set of parameters
controlling error rates an total comp tation. The classi cation pro lem at han is separating
R s hich represent a face from all others. There are t o istinct training phases correspon ing
to foc sing hichis ase one geinformation an nal classi cation hichis ase on grey level
con g rations in normali e ata.



ig re eft The locations of one T aggregate over the training set the fre ency at a pi el
is proportional to ar ness. The three lan mar s are also sho n. Right nother T .

The training set consists of images of faces ase on in ivi als. r goal is

i entify T s hich are relatively more common in faces in thanin ar itrary
ac gro n images registere to . oc singisthen ase onT s hich are constr cte from the

selecte T s ythe proce reo tline in ample a ovean isc sse in more etail elo

ore speci cally esee T s hich appear in a small partic lar region

in at least a fraction of the faces an at most a fraction of ac gro n R s registere

to . e assess the prevalence in faces y the fraction of the registere training faces for
hich ma . The partic lar parameters chosen epen on target error rates

an comp tational loa this ill e isc sse elo . The false positive rate 1is estimate y
m ltiplying the ensity of the T y the n m er of pi els in thisisacr e pper on
since in e ect e are replacing the pro a ility of the nion of events y the s m of the pro a ilities.

ig re sho sthes m of inary images in each of hich all locations of one partic lar T is
mar e the ar spotsin icate high fre ency locations.

The search proce reis rec rsive an very similar to the one escri e in . The asici eais
toa the tagsone at atime ase on tryingto eep the faces together. or each location an
tag type loo for pairs s ch that the T correspon ing to ma imi es

here is the neigh orhoo of . the pro a ility is estimate from the

images . f more than of the faces stay together a  one more tag y ma imi ing

the inci ence in facesover T s ith an an e . fthe ma imi er still achieves
the threshol then a afo rth tag an so forth.

The hole proce reis easily a tomate an asetof T s ith regions
an  ith the esire an can ei enti e in min tes. This is possi le for virt ally any shape
class e to the se of non informative or inary e ge fragments an the res lting e traor inary
richness of the family of all local arrangements of these. n o r vie a proce re ase instea
on an points s ch as nctions o n ary sing larities concavities etc.
is not feasi le. Special points are too scarce an too har to i entify lea ing to a comparatively
limite family of nsta le arrangements

The three principal performance parameters are of co rse the false negative rate the false positive
rate an the total amo nt of comp tation. eeping the latter in chec necessitates sing repeata le
s str ct resan limitingthen m erof R s hich passthe threshol test or triangle search



i.e. n ing at least of the some here in esignate regions . t is only these R s
hich are consi ere forf rther processing incl ingnormali ation. The parameters an e ne
a ove are the correspon ing error rates for the in ivi al T s . Since any face R hich
is lost ring the triangle search is lost forever e see a very lo false negative rate ring

foc sing.

There are several n isance parameters in the training algorithm the main ones eing the

epth ofthe T san then m eroftriples say . e shall ass me certain other parameters
are e thro gho t s ch as the si e of the regions set at aro n ten pi els an the threshol
in the li elihoo ratio test set at since this is the minim m n m er necessary to etermine
a asis . Changing an has a irect earingon performance. or e ample increasing lea s
to rarer events an smaller ensities  t then m st e increase in or er to cover the faces
an the net e ect on total comp tation is not o vio s. e have not systematically e plore the
tra eo s. The choices given elo ereo taine mostly ytrialan error. This aspossi le itho t

e cessive e perimentation e to certain calc lations hich e ploit the t o ass mptions of
con itional in epen ence an ac gro n stationarity. or e ample the error rates of a triangle
can e comp te irectly from the in ivi al an y e ploiting

con itional in epen ence an these ratesint rn can e appro imate at least in the ac gro n
sing the ensities of

e ma e 9 T s of epth 4. Using 5 5 regions this yiel e 4 an
5 4 for each . Ro ghly spea ing then each T covers at least one half the
faces an occ rs in at most one tenth the registere ac gro n R s.  simple calc lation sing
the inomial istri tion yiel s glo al error rates of n er false positives an n er false

negatives for the threshol test. D e to vario s appro imations e plaine in section 5 the act al
n m er of false negatives appearsto elo er. Then m er of triangles e act ally seissome hat

less than 4 since e re ect those ith small angles i.e. not s ciently sprea o t inor er
to o tain sta le a ne mappings see section 5 .

The ten percent false positive rate sho 1 e interprete as follo s. There are can i ate

ases. e pre ict that s rvive the threshol test an are not classi e as ac gro n . t

these ases are very highly correlate . n ee e no that for each asis hich passes this test
appro imately 5 others in its vicinity ill pass as ell an all of these ases o1 ag the
same face if it ere present. ence there are only on the or er of cl sters of ases hichs rvive
this test. n section 5 ee plain ho one can locate these cl sters itho t act ally looping thro gh
all the ases.

Consi er the s set of R s hich are etecte y the triangles. These s images form a more
homogeneo s pop lation than ran omly chosen R s. Thisis e simply to the presence of certain
local feat res at certainlocations. achs ch R has an associate asis . sampleofs chR s
is 0 taine from a large collection of ac gro n images. ach of these is then registere an

stan ar i e toyiel a normali e image see section .4. .

or the face training ata the lan mar s are provi e man ally an the correspon ing normal
i e image is then etermine . nor er to enrich the training set of faces eran omly pert r
the locations of the three lan mar s. e regar the normali e R  of a face as aro st so rce
of information a o t characteristic grey level patterns in faces i.e. a o t typical face te t res. or
e ample the area aro n the mo this s ally ar er than the area aro n the chee s. Clearly the
only relia le information of this nat re resi esin rightness val es for ata  hich
provi es the sti cation for the normali ation process.



ach normali e image is regar e as a4 imensional feat re vector of real n m ers typically
lying et een an . The stan ar C RT algorithm 5 is applie to gro a classi cation
tree from this training sample. There are t o classes an an the splits estions are
elementary tests hich compare a normali e grey level to a threshol . ach terminal no e of this
tree can also e assigne an estimate of the posterior istri tion on faces an ac gro n . ote
that this posterior is also con itional on the R having een etecte y one of the triangles.

Recall that enotes a test image on  an there is a region of interest
correspon ing to each asis here the family of ases is limite y the allo e
range of scalings rotations etc. This yiel s on the or er of R s eachto eclassi e as
or ase on the image ata .
et enote the th T in the th triangle an let e its correspon ing
region in the reference gri .  f co rse each isone of the T s an similarly for the
Recall that enotes the ata in registere to .  act implementation of the entire

etection algorithm means performing the follo ing fo r steps

or each register the ata in to
. Chec  hether at least one of the triangles is present in i.e. calc late
ma min here r ns over triangles.
f i.e. no triangle is present classify as an stop.
4. f normali e the ata in as escri e in Section an sen the normali e
grey levels o n each classi cation tree. the res lting istri tions an classify as
or accor ing to the higher mass or accor ing to some other classi cation r le.

The algorithm e have implemente is a m ch faster variation ase on animage i e search for
triangles in the original coor inates. irst notice that hereas the regions are speci e in the
reference frame the T s themselves are e ne in glo al coor inates in a asis in epen ent
manner. ence e to the near invariance to the registration process as isc sse in section

e can search for in ivi al T s in rather than in the image . Speci cally
e ne here again is the a ne map ta ing the registere lan mar locations
to . Then ith high li elihoo min relative to the

registere  ata if an only if min relative to the ra  ata on
o ever the algorithm still re ires a loop over ases even tho gh the registration process
nee no longer e applie toevery R . e can eliminate this loop y e ning a tag arrangement

for each in terms of an a small asis epen ent region

s ch that ma ma n other or s is more conservative lter.
et e the set of all ases for hich . Then clearly here

t follo s irectly that e can replace the original algorithm y

00p over

oop over
calc late

a f goto ne t



f normali e the ata in for each an sen the normali e grey

levels o n each classi cation tree. the res lting istri tions an classify for
each as or accor ing to the higher mass or accor ing to some other
classi cation r le.

otone t

. Classify all remaining R s as

This asis is easily i enti e y a coor inate transformation ase on the locations of
three image locations in the etecte triangle
e concl e this section y escri ing the T s an the res lting search process in the f 1l
image plane. The s are e ne in or er to accommo ate a range of scales of 5 small
rotations an other eformations. et enote the centers of the 5 5 regions

oop over the entire image an n the locations of each of the tag types.

oop thro gh the locations of the tag types an n those hich are at the center of any of
the T s . The locations of all nine T s are theni enti e .

or each triangle

a or each location  of search for in the 9 9 region aro n
f an instance is fo n  say at calc late the pre icte location of y mapping
accor ing to the translation scale an rotation hich ta es to an to
¢ Search for inad bregionaro n . fitisfo n sayat  amatch

isi enti e for the triangle

4. or eachs ch triple i entify the map as a ove an the correspon ing asis
. This asis is a representative of the cl ster of ases mentione a ove
each R in the cl ster has the in icate triple of T s.

This loop is many times faster than aloop thro gh all ases. Thisimage i e search also provi es

an cl stering of the ases of the image. nly representative ases are then processe
y the C RT trees an ltimately classi e asfaceor ac gro n . r attempts to accelerate the
loop thro gh the ases y cl stering them in an ay say sing a coarser gri res lte in

signi cant increases in false negatives.

e have escri e a etection algorithm ith t o stages foc sing an intense classi cation. o
¢ sing involves etecting at least one mem er of a family of glo al arrangements of local image
feat res. This step is comp tationally very e cient an all t a relatively small n m er of po
tential regions of interest are iscar e . ntensive classi cation involves normali ing the remaining
regions of interest an implementing a tree ase classi er for o ect vers s ac gro n .

The training algorithm has t o correspon ing steps i entifying iscriminating an invariant
local feat res ase on e amples of faces an ma ing classi cation trees y rec rsively partitioning
a training set consisting of oth positive an negative e amples the latter eing registere an
stan ar i e falsepositive R s etecte 7y thefeat re arrangementsin sample ac gro n images.



Itho gh escri e in the speci ¢ conte t of face etection the algorithm is easily porte to other
pro lems as ill e ill strate in a forthcoming paper in hich e also investigate connections to
selective attention in nat ral vis al systems.
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