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Abstract

We presentefficient methodsfor objectrecaynition, using
the constellationmodel. This modelrepresentsobjectsas
constellationofrigid features,with thevariability between
thembeingrepresentedy a joint probability densityfunc-
tion. Using simple exhaustivemethodsthe computational
requirementdor this approacd quickly becomeprohibitive
By usingA* seach methodsaccompaniedy someheuris-
tics, large performanceimprovementsare achievable in
recaynition, makingreal-timerecaynition on large images
possible usingcomplex objectmodels.

1. Intr oduction

Oneof the mostimportantfunctionsof vision is recogniz-
ing the objectsthat surroundus. A numberof differentap-
proache$ave beenproposedor recognizingndividual ob-
jectsand/orobjectcategories[1][2][3][4]. The mainthree
issueghat mustbe solvedin a recognitionsystemarerep-
resentationlearninganddetection.The challengeof repre-
sentatioris to developmodelsthatcanaccommodatetrin-
sic objectvariability within a class,andat the sametime be
invariantwith respecto rigid transformationgtranslation,
rotation), scaling and lighting conditions. The challenge
of learningis one of estimatingrepresentatioparameters
from possiblyclutteredand fragmentarytraining informa-
tion. Thechallengeof detectiorandrecognitionis matching
modelsof objects,and object categories,to imagesin the
presencef occlusionandspuriousclutter. While learning
maybeslow becausét typically happensff-line, detection
andrecognitionmustbefast,if possiblereal-time.

We examineherethe problemof efficient detectionof
objectsin imagescontaininglarge amountsof clutter and
possiblyocclusion. We explore the propertiesof the “con-
stellation”modelproposedy Burl etal.[5][6]. This model
presentsa numberof appealingpropertiesin thatit treats
deformationspcclusionandthe effectsof imageclutterin
aprincipledprobabilisticframework. Its mainshortcoming

is that detectionis intrinsically combinatorial:all possible
arrangementsf the detectedeatureshave to be explored.

Burl etal. have proposedan efficient methodfor searching
only the mostplausiblesuchconstellationsHowever, their

methodis basedon a heuristicwhosevalidity is difficult to

control. Additionally, it is notclearthatBurl etal’'s method
is asefficientasallowedby the structureof the problem.

Our approachconsistsin applying a classicalsearch
techniqueof artificial intelligence,A*., to the problemof
constellatiorsearching.

In section2 we review the constellatiormodel. Thenin
section3 we derive someefficient approacheso recogni-
tion. In section4 and5 we discussthe implementatiorof
our methodsandthendemonstrateheir results. Finally, in
section6, we presenbur conclusions.

2. The Constellation Model

We now cover the mainaspect®f the constellatiormodel.
For more details,see[7][8]. Objectsare modeledas col-

lectionsof rigid parts,eachof which is detectecby a cor

respondingdetectorduring recognition. The partdetection
stagethereforetransformsan entireimageinto a collection
of parts. Someof thosepartsmight correspondo anin-

stanceof thetargetobjectclass(theforeground), while oth-

ers stemfrom backgroundclutter or are simply falsede-
tections(the badkground). Throughouthis paper the only

informationassociatedavith anobjectpartis its positionin

theimageandits identity or parttype We assumehatthere
areT differenttypesof parts. The positionsof all partsex-

tractedfrom oneimagecanbe summarizedn a matrix-like

form,
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Thet*? row containghelocationsof detectionof parttype
t, whereevery entry, z;;, is a two-dimensionalector If



we now assumehatan objectis composedf F different
parts® we needto beableto indicatewhich partsin X cor
respondo the foreground(the objectof interest). For this
we usethe vectorh, a setof indices,with h; = j, j > 0,
indicatingthat point z;; is aforegroundpoint. If anobject
partis not containedn X', becausét is occludedor other
wise undetectedthe correspondingntryin h will be zero.
We call h a hypothesissincewe will useit to hypothesize
thatcertainpartsof X belongto theforegroundobject.

We can now define a generatie probabilistic model
throughthejoint probability densityp(X, h).

2.1 Model Details

In orderto provide adetailedparameterizationf themodel,
we introducetwo auxiliary variablesd andn. The binary
vectord encodesnformationaboutwhich partshave been
detectecandwhich have beenmissedor occluded.Hence,
dy = 1if hy > 0andd; = 0 otherwise. The variablen

is alsoa vector wheren; shalldenotethe numberof badk-

groundcandidatesncludedin the#*® row of X. Sinceboth
variablesarecompletelydeterminedy h andthesizeof X,

we have p(X,h) = p(X,h,n,d). Sincewe assumende-
pendencéetweenforegroundand background and, thus,
betweenp(n) and p(d), we decomposen the following

way

p(X,h,n,d) = p(X|h,n) p(hn, d) p(n) p(d).

The probability densityover the numberof background
detectionganbe modeledby a Poissordistribution,

T
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where M, is the averagenumberof backgroundietections
of typet perimage. This corveys the assumptiorof inde-
pendencéetweerparttypesin thebackgroundndtheidea
thatbackgrounddetectionscanariseat ary locationin the
imagewith equalprobability, independentlyof otherloca-
tions. Admitting a different M for every parttype allows
usto modelthedifferentdetectorstatistics.

Dependingonthe numberof parts,F', we canmodelthe
probabilityp(d) eitherasanexplicit table(of length2%’) of
joint probabilities,or, if F islarge,asF independenprob-
abilities, governingthe presencer absenceof anindivid-
ual modelpart. Sincethejoint treatmentgivesa powerful
model,we useusethis approach.

Thedensityp(h|n, d) is modeledby,

1 he#d,n)
p(hjn,d) = { TNy
0 otherh

1To simplify notation,we only considerthe casewhere F = T'. The
extensionto thegenerakase(F > T)) is straightforvard.

where#(d, n) denoteghe setof all hypothesesonsistent
with d andn, and N; denoteshe total numberof detec-
tions of the type of part f. This expresseshe factthatall
consistentiypothesesthe numberof which is Hf;l N}’f,
areequallylikely in the absencef informationon the part
locations.

Finally, we use

p(X[h,n) = peg(Xyg) Pog(Xbg),

wherewe definedas the coordinatesof all foreground
detections(obsened and missing) and x;, asthe coordi-
natesof all backgroundietectionsHerewe have madethe
importantassumptiorthatthe foregrounddetectionsarein-
dependenof thebackgroundIn our experimentspeg (x,)
is modeledasa joint Gaussiawith meany andcovariance
3.

Notethat,sofar, we have modelednly absolutepartpo-
sitionsin the image,makingthe modeltranslation-ariant.
It is possibleto make themodeltranslation-ivariant(Gaus-
siansremainGaussiansindertranslation) put the formula-
tion is intricate so will not be presentechere. For further
discussionsee[9].

The positionsof the backgroundietectionsaaremodeled
by a uniform density

K
pbg(ng) = H Ane’

t=1

whereA is thetotalimagearea.

2.2 Classification

Ouroverallobjectieis to classifyimagesnto eitherobject
presen{(;) or objectabsen{Oy). ThisdecisionR is made
by comparingthe Bayesiamposteriorprobabilities:

R= p(0:|X) _ p(X]01) p(Or)
p(Oo|X)  p(X[0o) p(Oo)
If we assumethe priors to be equal,the decisionrests

with thelikelihoods.If R > 1 anobjectis detectedif not,
thenno objectis detectedThelikelihoodcanbe expanded:

> p(X,h|O)

heH

Y »(X|h,n) p(hjn,d) p(n) p(d|0).
heH

p(X|0) =

In the casef Oy, only onehypothesiexists: hy = 0.
hy is denotedhenull hypothesisHence

R = p(X|(91) — Zhe’Hp(X7h|01) (1)
p(X[Oo) p(X,h|Oy)
Ehe’;{p(){'ha n) p(h|n7 d) p(n) p(d|01)

p(X|ho,n) p(ho|n,d) p(n) p(d|Oo)

(2)



2.3 Learning

Beforewe canclassifyary imageshowever, we musttrain
anobjectmodelon a setof trainingimages.We mustfirst
decideon which partswe will usein our model. Thenwe
mustlearnthe parametersf the variousprobability densi-
ties,introducedabove. Thefirst problemis tackledusinga
“greedy” approaclhof trying differentpartson a validation
setandchangingthe parts,always seekinga betterperfor
manceon thevalidationset. The secondproblemis tackled
usingexpectationrmaximizationEM) [10].

2.4. Computational Issues

Fromacomputationapointof view, theconstellatiormodel
doesnot scalewell with eitherthe numberof features,F,
or the averagenumberof detectionsa. The numberof hy-
pothesesvhich mustbe summedoveris O(a!’). Sincethe
evaluationof eachhypothesigakesunit time, the calcula-
tion of the p(X|0) is alsoO(aF).

The learningprocesss the mosttime consumingsince
we needto try mary differentcombinationof partsto find
thebestcombination.Eachsetof partsneeds100EM iter-
ationsto corverge. With currenthardware,we canevaluate
0(10%) hypothesis/secondin practicethis meanswe are
restrictedto ¢ and F' in theregion: a = 5, F' = 5. Both of
thesevaluesrepresenserioudimitations.

Consideringthe number of features,complex objects
may requiremary featurego learna representatie model.
The recognitionperformanceon simple objectswould be
improvedby usingmorefeatures.

The limitation on a is probablymore serioushowever,
sincea = 5 requiresvery reliable featuredetectorgo en-
suretherearenottoo mary falsealarms.Failure of thefea-
ture detectorss the major sourceof misclassificatiorerror,
so by beingableto copewith a > 5 the recognitionper
formancewill beimproved. In addition,with multi-mega-
pixel camerasmiow widely available thetotal sizeof images
thatwe may wish to recognizeis gettingvery large andto
constrainoursehesto only 5 detectionsover a 2000x1500
imageis unrealistic.

Increasingthe maximumpracticalvaluesof a and F' is
achieved by reducingthe numberof hypothesesve actu-
ally considerthereforeassuminghata portionof themare
irrelevantandthereforeneednot be considered.

Sincelearningthemodelis ahardproblem,we will only
considerdetection.In detectionwe only have to sumover
the hypothese®ncein orderto make a decisionasto the
presence/absencoé anobject. In the procesof doingthis,
we canalsolocalizeit within theimage.

Although we have a large number of hypotheses

(0(10%~9), thedynamicrangetheirlik elihoodsis verylarge
(0(10199)). Sotheremary ordersof magnitudebetween
the bestand worst hypotheses.A feel for their distribu-

tion canbe obtainedby looking at Fig.4. Sincewe will be
summingover them, it is clearthatonly the very few best
hypothesesvill contritutesignificantlyto the decisionR.
While it is true that mary weakhypothesesould com-
bineto make R > 1, it is our experiencethat whenthe
objectis present,R far exceedgshe threshold typically by
mary ordersof magnitude ThereforethedecisionR canbe
safelybe madeby only computingthe bestfew hypotheses.

3. Efficient search methods

To make the recognitionprocessquicker, we needto effi-
ciently searchthroughall the hypothesego find the best
ones.

The simplestway to find thesefew hypothesess to ex-
haustvely searchthroughall of themandretainthe best. It
is guaranteedb find the besthypothesishut saszesusnoth-
ing, sincewe still mustevaluateall hypothesesHowever,
thismethoddoesgive usabenchmarlagainstvhichwe can
comparemoreefficientmethods.

We will now considertwo efficient methods,both of
whichrely on visiting the hypotheseé a particularorder,
only calculatingtermsthat changebetweerthem. Expand-
ing the expressionfor the likelihood p(X, h|0;), we see
thatfor eachhypothesiswe have to calculate:

F F
p(X,h|01) = pg(X(h)) H Ppoiss(1£) H AT
f=1 f=1

F
T~ p(@|oy).
f=1

For the p(X, h|Og) the we only needto calculate(the
othertermscancel)

- DPpPoiss (Nf)

p(X,ho|Op) = LT

=1

By dividing p(X,h|O;) by p(X,ho|Og), we cansimplify
thingsconsiderably

def  p(X,h|O1)

X,h|O P, AV
PERION = ¥ holOo)
Fooa\ds
= Yoo 1 (57)
heH F=1
F
pPoiss(N)
Tffp(dwm
F=1
usingthefactthat%ﬁv_)l) =

We canalsofacto?fz;fg by conditioningpartpositionson
the positionsof partscorrespondindo a smallerindex, f.



If apartis missing,we replacethecorrespondingermwith
oneandomit furtherconditioningon this part. We obtain

F AN\
px,hjo) = ] (pfg(thlmhl"‘th—l)ﬁf>
f=1
F
Ppoiss (V.
proi N5 (ajoy).
f=1

If p(d|O) is assumedhdependent} canbefactoredaswell
andwe obtain

p(d[01) = p(dy =1)¥p(dy = 0)'~%
f=1
F d
p(dy = 1)) !
= H — P(df = 0)
e (p(df =0)
This givesus
= Ap(ds = 1)
X.hlO — . PGy =2
p(X,h|0) fl;[l (Pfg(whfl»’ﬂhl ﬂ'f'w—l)]\/[fp(df =0)
F
PPoiss (V.
Pofs&\({f f)p(df — 0)
f=1
L d
= H (pfg(:l:hf|a;'h1 .. .mhf_l)af) 4 K.
f=1
Where Kk %' Hf;l “’%I\ff]vf)p(df = 0) anday =
p(ds=1)

7 p(dr=0) areconstantecrosshypothesesf oneimage.
Sincewe assumejoint Gaussiaror pg;, we have asim-
ple dependencef the parameterin thefactorization:
de
=G(zslps(er...xp1),85) =

Prg(TplTr ... xp1)

Notethatdueto the natureof the Gaussiamensity only the
meanof pg (z¢) will dependon the candidatepoints with
lowerindex, not the covariancematrix.
Assumingthatthefirst ¢ entriesof a hypothesish have
assignectandidatepositionsor are missing,we can com-
puteanupperboundonp(X, h|O) thatholdsindependently

of which parts,if ary, arechoserfor hyy1 ... hr.
¢ F
pX.00) = [[(Grap” K- ] (Gran™
F=1 f=6+1

[

< [[Grap & ] max(Gy(wy)ay,1).

f=1 f=o+1

def

If we notethatmax,, G is simplyﬁm = Dy, we
X

)

' Gy(ay).

obtain

H max(Dyray,1).
f=¢+1
®3)

SinceD; doesnotdependon (z; ...zs_1), thelastfactor
alsoneedgo be computedonly onceperimage. Note that
we assumegb(d|O) to beindependentbut in factwe nor-

mally donotmake thisassumptionsop(d|O) is atableand
cannotbe separateéhto separatéerms.However, thesame
separatiofinto f < ¢ andf > ¢ is possibleandfollowsthe
sameprinciplesasabove, but is notationallychallenging so
is notattemptechere.

[
p(X,h|0) < H (Grap)¥ K -

3.1 Threshold-basedsearching

We assumehatwe generatehe hypothesisn a particular
order, usingh asa counterin sucha way that the highest
index, hp, is increasedat every step. Whenit reacheshe
maximumnumberof candidatesVy, for thecorresponding
part a“carry over” occursandh g will beresetto zero. At
‘the sametime the next lower index, hr_1 will beincreased
by one,andsoforth. It follows thatthefirst few indicesof
h areonly updatedveryrarely.

We cannow introducea thresholdwhich indicatesthe
minimum valuethatp(h, X'|O) musttake on, for the cor-
respondinchypothesido beincludedin the computatiorat
hand. By examining a certain“prefix” — a choicefor the
first ¢ candidates- we candecideif all hypothesestart-
ing with this prefix areto be rejected. The variable¢ can
be dynamical,in orderto rejector accepthypothesesvith
prefixesof ary length.

The rejection of negligible hypothesescan be imple-
mentedthrougha look-uptable,=, which storesall entities
which areconstanthroughoutonesignal. Thus,

F
E(d,¢) = K - Haf , max II (asDp)*
=1 $+1,..., F F=pt1

Here,the maximumis taken over all b with thefirst ¢ bits
fixedto thefirst ¢ bits of thetableindex.

If we now choosea threshold,T’, indicating the mini-
mumvalueof p(h, X|O) for a hypothesigo be worthy of
considerationyve can performthe necessargheckasfol-

lows .
T
Gy 2 =5
f ==

F=1 ‘—‘(da ¢)
If any partial hypothesiswith the first ¢ partscandidates
choserdoesnot fulfill the aborve inequality all hypotheses
with the same“prefix” canberejected. This enableausto
discardalargeportionof the hypothesessowe canquickly
find the bestones. For more detailsof this approachsee
[11].



3.2 The Search Tree

A more principled approachto the problemof efficiently
findingthe besthypothesesxists. The simplificationin the
previoussectionallows usto employ anA* search[1], us-
ing a searchtree of hypotheses.The A* algorithmusesa
branchand boundapproachcoupledwith a upperbound
estimateto the goal to ensurethat the optimum s found.
Using(3) we obtainourupperboundestimateof p(X, h|O)
which forms the admissibleheuristic for the A* search.
p(X,h|0O) is alsocleanlypartitionedneatlyinto f < ¢ and
f > ¢ thereforeenablingus to considerthe eachfeature
independently

Thesearchree,asillustratedin Fig.1,worksasfollows:
Lettherootnodebeahypothesesherenoneof thefeatures
have yet beenselected(denotedby an “X” in Fig.1). At
the bottomof the tree, the leavesare completehypotheses
whereall featureshave beendeterminedi.e. areno “X™ s
in the hypothesisary longer). Zerosin a given hypothesis
indicatethe correspondindgeatureis missing. The inter
mediatdevelsarepartially completechypothesesyhereat
level ¢ weseth; ... hgy Whenopeninganodeatlevel ¢, we
have N1 + 1 possibleselectiondor the next feature(the
extraoneis for thefeaturebeingmissing),sothebranching
factorof thetreeis givenby N¢. In thefigure, we seethat
N; = 3, N, = 2, N3 = 3. This correspondso the number
of nodesthatareopenedup ateachlevel.

In orderto decidehow we shouldtraversethetree,each
nodehasanoverall score, T, whichis equalto A + B de-
finedbelow, (see(3)).

¢ ¢
A E g [] (Gran® = log (Grap)™
f=1 f=1
F
log K H max(Dyray,1)
F=g+1
F
= logK + Z logmax(Dyfay, 1)
f=¢+1

Intuitively, A is thescorethenodehasaccumulatedh mov-
ing from therootto it's currentpoint. B is the bestpossible
scorethata leaf (a hypothesispelongingto the subtreede-
rivedthe currentnodecouldget.

Sothealgorithmto find thebestH hypothesess:

1. Formanemptyarray P, of lengthH.

2. Formaqueue(, consistingof theroothypothesidi.e.
all featuresundefined).

3. Until Pisfull:

(@) Remwethenode,N* attheheadof ().

(b) If N* is aleaf node(valid hypothesis)jnsertit
into P, in thenext blankslot.

(c) If not:
i. ExpandN* to give all valid nodesderived
fromit.
ii. Foreachnew node:
1. CalculateT'.
2. Insertinto Q.

(d) Sort@, in descendingrderof T'.

4. Return P, which containsthe H besthypothesesn
order

This algorithm is demonstratedn the Fig.1. By each
node,therearetoy examplesfor the valuesof A,B andT,
illustratingits operation.

SdXIXIX] Ny np=2 Ng=3
T=24

(|)=0: No features chosen

=1 A=t A5 =2
B=15 B=15 B=15 B=15
=1

¢=1:Firstfeatureselected‘6‘X‘XH {‘X‘XHZ‘X‘XH:”X‘X‘

A= A=10 AT
B=9g B=9 B=9
T=15 T=19 T=16
¢:2:Firstandsecondselected ‘2 ‘ 0 ‘XHZ ‘ 1 ‘XHZ ‘ 2 ‘X‘
A=14 A=16 A=11 A=18
B=0 B=0 B=0 8=0
T=14 T=16 T=11 T=18
¢=3:Allfeatureschosen- ‘2 1‘0”2 1‘1”2‘1‘2”2‘1 3‘

complete hypotheses

Figurel: Findingthe besthypothesisn the searchireeus-
ing A*.

3.3 SpaceThresholding

In 3(c)ii of the A* searchtreealgorithm,we blindly putev-
eryvalid child nodeinto the queue However, if thebranch-
ing factor of the treeis very high, the queuewill become
large, very quickly. In additionto requiringa largeamount
of memory thequeuewill alsobesloverto accesandsort.

However, we canexploit the factthatif we have amiss-
ing featurein the searchtree, which can act as a lower-
boundfor the child nodes. If we areatlevel ¢ — 1 in the
treeandconsideringt’s child nodesat level ¢, we take our
worstcasescenariao beif all following featuresaremiss-
ing,i.e. hy =0for f = ¢... F. Letuscall this hypothesis
h,,. Now if, whenconsideringa particulardetection,say
Z4;, givesanupperboundthatis worsethantheworstcase
scenariothenwe canbesurethatwe wouldratherall subse-
guentdetectionde missingthanchoosealetectionj. Hence
we canprunethe sub-treeeminiatingfrom detectiony.



The besthypothesiswill still be the sameasbefore,but
subsequeniiypothesesre not guaranteedo be the same,
sincethey might have beenpruned. However, if we have
reliabledetectorsmissingfeatureswill resultin avery low
likelihood,sothe prunedhypothesesvill notberelevantto
calculatingR.

¢—1
p(X,hy|0) = [] (Grap)™ K
f=1

Now for z4; to notbediscardedye require:

$—1
1 Gran™ - Golass)as - K -
f=1
F
H maX(DfOéf,l) Sp(XahUJ'O)
f=+1
So 1
Gy(zg;) < )

a Hf:qﬂ_l max(Dyay, 1)
Oncewe have calculatedthe parameter®f Gy, p and X,
we simply compareG, to the fixedthresholdgivenby the
right-handsideof (4). This canbe doneefficiently by only
computingthe exponentof G4 sincethe determinanterm
is fixed.

4. Experimental Method

We now have threedifferenttechniquedor finding the best
hypotheses:

1. Exhaustve search
2. Threshold-basedearch
3. A* searchwith thresholding

Thesewereevaluatedon 100faceimageqthe samedata
setasusedin [8]) where5 modelswere hand-trainedbn
themwith 5,6,7,8,9and 10 featurescorrespondingly The
modelswere hand-trained since learning them automati-
cally, asin [8], is not practicalfor morethan 6 features.
The averagenumberof detectiongperimagewasalsocon-
trolled, but therewassomedegreeof variancein thenumber
of detectionssincesomeimageshadmorebackgroundie-
tectionsthanothers.Thetime perimagewascalculatedby
averagingover the 100 images,to take into accountthese
variations. The experimentswererun on 750MhzPentium
[l machinegunningLinux.

Somediscussions requiredaboutthe2ndand3rd meth-
ods,sincethey have parameterthatwill influencetheirper
formance In implementinghem,variousoptimizationscan
bemade.Thevastmajority of variablesareonly dependent

ond. Now, evenif we choosad notto befeature-wiseénde-
pendentit still meanghereareonly 2F possiblevaluesfor
them. They canbe pre-computedeforehandso we only
needto evaluatethe Gaussiarioregroundtermsin themain
iteration.

4.1 Threshold-basedsearch

Theobviousdranbackto thismethodis thatthevalueof the
thresholdis someavhat arbitrary and must be chosenwith
careto avoid eitherincluding all hypothese®r excluding
all. Thevalueof thethresholdwill dependon the rangeof
thelikelihoods,which canspanmary ordersof magnitude
andis very muchdependenbn the numberof featuresand
other factors. The settingwas doneby runningon a few
setsof the imagesand choosinga conserative value that
would definitelywork for all images.The sensitvity of the
thresholdvalueis alsoinvestigated.In fact, aswe change
the otherparametergnumberof featuresaveragenumber
of detections)therelative valueof thethresholdchangesso
makingit very difficult to compardts performancdairly.

4.2 A* search

Herethe numberof hypothesesve wantto extractfrom the
treeis important. The morewe wish to extract, the more
nodeswe mustopenandthereforethe higherthe cost. We
chosehenumberto extract, H to beequalto F', sincethere
would be aroundF' + 1 good hypotheses hopefully one
actualfacedetectionand F' with one of the featuresmiss-
ing. The numberextractedonly becomedmportantwhen
the vast majority of the tree needsto be explored, asin
learningfor example.

The varianceof the modelusedfor recognitionis also
important,sincewith alargevariancethe A* searchheuris-
tic will belessuseful. This meansmoreof the searchtree
will be expandedmakingit lessefficient. The varianceof
thehand-traineanodelwasatrtificially alteredto investigate
this.

The queueis implementedas a binary heapwhich has
lgn efficiencgy for extract-maxandinsertoperationsSome
kind of quad-treeapproachesveretriedto provide efficient
implementatiorof the spacethresholding.However, given
that we only usean imageonce,the overheadof creating
suchspatial data-structuresmadeit redundant. In cases
wherethe imageswould be reused,in learningfor exam-
ple, this approactwould prove advantageous.

5. Results

The10featuresusedtherecognitionmodelwere: Left Eye;
Righteye; Left Mouth; RightMouth; CentreHairline; Right
Hairline; Left Hairline; Nose;Left Chin; Right Chin. The
modelis shavnin Fig.2,alongwith thed; for eachfeature.



Figure2: A faceimage,with a 10 featuremodelsuperim-
posed

An importanttestis how mary featurescanbe handled
in areasonablgéime. In Fig.3(a)with the averagenumber
of detectionsga, equalto 5, we seethatbeyond 7 features,
the exhaustve becomegoo slow to be practical. The A* is
still quick enoughat 10 featuresfor real-timerecognition.
Extrapolating,A* would take a secondper imagefor 13
features.

Figure (a) Figure (b)
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Time per image (secs)
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Figure3: A comparisorbetweerthedifferentsearchmeth-
ods

The thresholdapproachgivessomeratherconfusingre-
sults,but the curve seeris dueto theupwardrelative move-
ment of the threshold,as mentionedearlier Relatively
fewerhypothesesrebeingevaluatedasF' increasesWith-
out settingthe thresholdat every value of F, it is not pos-
sible to remove this effect. Thereforewe will no longer
comparehethresholdapproactto the othertwo.

Fig.3(b) gives an idea of the exponentialexplosion of

hypothesesWith 10 featureswith a = 5, we have around
100 million hypothese®n averageperimage. This figure
alsoillustrates,whencomparedo Fig. 3(c) thatthe time
perhypothesi®f thedifferenttechniquess fairly constant,
roughlywithin afactorof 2 of eachother

Fig.3(c) shavs how a effects the evaluationtime, for
F = 5. We would expectfrom O(af'), alteringa is less
detrimentalthanaltering F'. A practicaldemonstratiorof
thisis givenin Fig. 5. It shovs a 5 featuremodellocating
afacein two compositémageswhich have alargenumber
of detectionga =35), which resultedin 5 x 107 hypothe-
sesper collage. For eachone,usingthe exhaustie search
it took around110 secondgo find the besthypothesisput
with A* it took 0.015seconds.The spacehresholdingap-
proachmeansperformancescaleswell asa increasesso
giving theflat curve.

Fig.3(d) demonstrateshat the A* algorithmis not af-
fectedmuchby alteringthevarianceof themodel. Sincethe
detectiondatawasrescaledo bein therange[0:2.4,0:1.5],
o = 0.5 would cover mostof theimage.

Fig. 4 shovs how, in thethresholdapproachthenumber
of hypothesess reducedasthe thresholdincreases.Since
this curve will be shiftedto the left or right considerably
dependingn F' anda, the taskof choosinganappropriate
thresholds a difficult oneto doin advance.
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Figure4: The effect of the thresholdon the numberof hy-
pothesegonsidered.



Figure5: Two collagesof backgroundmagesandoneface
image.ThecrossesrefeaturedetectionsThebesthypoth-
esisis indicatedby thecircles.

6. Conclusions

We have presentedwo efficient methodsto searchfor the
besthypothesesHowever, of thetwo, A* is the better

Firstly, it hasnotuningparameterascomparedvith the
thresholdmethod. As seen the thresholdmustbe chosen
with careto avoid the methodfailing. A* is alsoprovably
correctin its basicform. The additionof the spacethresh-
olding, while a heuristic,doesnot causethe methodto fail
in practicalsituations.

The ordersof magnitudespeedmprovementof A* over
the exhaustie searchallow usto do real-timedetectionon
largeimages.Detectionat 60Hz is possiblewith F' = 10,
a =5 orwith F' = 5 anda = 35.

The spatialthresholdingmeansA* scaleswell with a:
with ¢ = 100 and F' = 5, it still took only 1 secondto
find the besthypothesis.This meanswe candealwith the
multi-mega-pixelimagesof moderndigital cameras.

The increasedangein F' is lesspronouncedput it is
worth rememberinghata 10 featuremodelwould require
avery large numberO(103~*) of imagesto train properly
(to prevent over-fitting), making themimpracticalto train.
Therefore F' = 10 is asensiblepracticalmaximumfor F'.

While it hasnot beendiscussedere,the A* andspace
thresholdingmethodscanbe appliedto therelatedproblem
of automatiamodellearning.Learningis a harderproblem,
sinceat the beginning, we know nothingaboutary of the
hypothesessowe cannotignoreary of them. In the latter
stagest shouldbe possibleto discardmostof the hypothe-
sesbut aprincipledapproachs required.
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