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Abstract. The problemof poseestimationarisesin mary areasof compuer vi-
sion, including objectrecognition,objecttracking,site inspectionand updating,
and autonanous navigation using scenemodels.We presenta new algorithm,
called SoftPOSI T, for determiningthe poseof a 3D objectfrom a single2D im-
agein the casethat correspmdenceshetweenmodel points and image points
areunknown.ThealgorithmcombinesGold'siterative SoftAssignalgorithm[19,
20] for computingcorrespodencesandDeMerthon’s iterative POSITalgorithm
[13] for computingobjectposeunde a full-perspectve cameramodel.Our algo-
rithm, unlike mostpreviousalgorithmsfor this problem,does not have to hypoth-
esizesmall setsof matchesandthenverify the remainingimagepoints.Instead,
all possiblematchesaretreatedidentically throughaut the searchfor anoptimal
pose.The performanceof the algorithmis extensvely evaluatedin Monte Carlo
simulationson syntheticdataunde a variety of levels of clutter, occlusion and
imagenoise.Thesetestsshav thatthealgorithmperformswell in avarietyof dif-
ficult scenariosandempiricalevidencesuggestshatthealgorithmhasarun-time
compleity thatis betterthanprevious methodsby a factorequalto the numter
of imagepoints. The algorithmis being appliedto the practicalproblemof au-
tonomaus vehicle navigationin a city throughregistrationof a 3D architectural
modelsof buildingsto imagesobtainedfrom anon-bacard camera.
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1 Intr oduction

We presentan algorithm for solving the model-to-image registration problem, which
determires the position and orientation (the pose) of a 3D objectwith respectto a
cameracoordnate systemgiven a model of the objed with 3D refelencepoirts and
a single 2D imageof thesepoirts. We assumano additioral informationto corstrain
the poseof the objed or the correspndertes.This is alsoknown asthe simultaneous
pose and correspondence problem.

Automatic registratian of 3D mocklsto imagess importantfor mary applications,
including objectrecoqition andtracking siteinspectiorandupdating,andautonanous
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navigation usingscenemodels.The problemis difficult becaseit requiressolutionof
two couped problens, correspondence andpose, eacheasyto solve only if the other
hasbeensolvedfirst:

1. Solving the pose prodem consistsof finding the rotation and translationof the
objectwith respectto the cameracoordirate system.Given matchirg modeland
imagefeaturesone candeterminethe posethat bestalignsthosematchesFor 3
to 5 matchesthe posecanbe found in closed-fam by solving polynomial equa-
tions[17, 24,37]. For six or more matcheslinearandnonlinear apprximatemeth-
odsaregenerallyused[13,16,23,25,29].

2. Solvingthe correspondence problemrequres matchingimageandmodelfeatures.
If the objectposeis known, onecandetermire suchmatchesProjectirg themodel
with known poseinto the original image,one canmatchfeatureshat prgect suf-
ficiently closeto animagefeatue. This is the apprachtypically taken for pose
verification[22].

The classicappoachto solvingthesecouged prodemsis the hypothesize-ad-testap-
proad [21] wherea smallsetof correspadenesarefirst hypothesizedandthe corre-
spondhg poseof the objectis compued. Using this pose,the mockl poirnts areback
projectal into theimage If theoriginal andback-pojectedmagesaresuficiently simi-
lar, theposeis acceptepelsea new hypothesids formed,andthe processepeatedThe
bestknown examge of this appoachis RANSAC [17] for the casethatnoinformation
is availableto constrainthe correspondenes.Whenthereare J imagepoints and K
modelpoirts, andthreecorrespadercesareusedto determinepose a high prababil-
ity of succesganbeachieved by the RANSAC algoithmin O(K J*) opeations[11].
The prablem we addressoccurswhentaking a modelbasedappro&h to object-
recoqnition. (The othermainapprachto objectrecoqition is appearace-based31],
wheremultiple objectviews are comparedto the image.However, since 3D models
arenot usedaccuratebjectposeis notrecovered) Many investigaors(e.g.,[8, 9,15,
26,28,33]) appoximatethe nonlinea perspectie projectio via linear affine appioxi-
mations.This is accuratevhenthe relative depthof objectfeatureds smallcompared
to the distanceof the objectfrom the camea. Amongthe pioneercontritutionswere
Baird’s tree-puning method[1], with exponentialtime comgexity for uneqal point
sets,andUliman’s alignmentmethod[35] with time compleity O(J*K?log K). Ge-
ometrichashingis employedin [28] to deternine an objects identity and poseusing
a hashingmetric compued from imagefeatues; becagethe metric mustbeinvaiant
to cameraviewpant, the methal canonly be appliedfor affine camea models[5]. In
[12] anapprachusinga binaly searchby bisectionof poseboxesin two 4D spaces
wasused extendng thework of [1, 6, 7] on affine transfams, however the methal was
compuationally intensie. The appoachof [27] is similar: An initial volumeof pose
spaceis guessedandall correspondecescompatible with this volume areaccouted
for. Thentheposevolume is recursiely rediceduntil it canbeviewedasasinglepose.
Few researchrshaveaddressethefull perspectieproblem Theobjed recogition
apprachof [2] extends the geometic hashingappr@chby usingnoninvarantimage
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featurespff-line training is perfamedto learn2D featue groupingsassociatedvith a
largenumberof views. An on-linerecanition stagethenusesnew featue groyingsto
index into adatabasef learnedmodé-to-image corresponéncehypothesesandthese
hypothesesreusedfor poseestimatiorandverification In [36], theabstracproblan is
formalizedin away similar to thepresehappoach,asthe optimization of anobjective
function combning correspadene andpose However, thecorrespnderteconstraints
arenotrepresentednalytically Insteadeachmodelfeatureis explicitly matchedo the
closestine of sightof theimagefeatues.TheclosesBD pointsonthelinesof sightare
found for eachmodelfeatue, andthenthe posethatbrings the mockl featuresclosest
tothese3D pointsis selectedthis allows aneasiel3D to 3D poseproblemto besolved
The processis repeateduntil a minimum is reachd. A randonized poseclustering
algorithm is preseted in [32] whosetime compleity is O(K.J3). In this appoach,
insteadof testingeachhypahesisasit is generatedasin the RANSAC apprach),all
hypotheseareclusteredn aposespacebefore backprojection andtesting.This stepis
perfamedonly on high protability poseghataredeterninedfrom thelargerclusters.

A methal relatedto oursis presentedh [3] thatusegandan-startlocal searchwith
ahybrid poseestimatioralgorithm emplg/ing bothfull andweakperspectie mocels. A
steepestlescensearchin the spaceof mocel-to-image line segmert correspondaces
is perfamed. A weak-gerspectre algorithmis usedin ranking neighhoring poirts in
this searchspace anda full-perspectre algorithmis usedto updatethe mocel's pose
for new corresponéncesets Theempiricaltime comgexity is O (K 2.J?).

Our apprach,termedthe SoftPOSIT algorithm integratesthe iterative posetech-
niquecalled POSIT (Posefrom Orthagraply and Scalingwith ITeratiors) dueto De-
Mentha andDavis [13], andtheiterative 2D to 2D or 3D to 3D corresponénceas-
signmem techniqie called SoftAssign dueto Gold and Rangaajan[19, 20]. A global
objective function is definedthat capturegshe natue of the problemin termsof both
poseand correspnderte, which are determired simultaneously by apgying a deter
ministic annaling schedie and by minimizing this global objective function at each
step.

In thefollowing sectionswe describesachstepof themethal, andprovide pseude
codefor the algoithm. We thenevaluatethe algoiithm usingMonte Carlosimulations
with variouslevelsof clutter, occluisionandimagenoise andfinally apgy thealgoritim
to someimageryof acity scene.

2 POSIT Algorithm

We summarizeghe origind POSIT algorithm[13] andthenpresenia variart thatper
forms closed-brm minimization of an objective function. This fundion is modfied
belaw to includethe simultaneos poseandcorrespondene problemin oneobjective.
Considera pinhde cameraof focal length f and an imagefeaturepoint p with
Euclideanand honogen®us coordnatesz, y and (wz, wy,w), respectiely; p is the
perspectie prgectionof 3D point P with homogeneascoordnates(X, Y, Z,1) in the
frame of an objectwith origin Py. Thete is an unknown transfamation betweenthe
objectandthecameracoodinatesyepreseted by arotationmatrix R = [R 1 Ra R3]?
andatranslatiorvectorT = (T, Ty, T.). RT, R, RY aretherow vectorsof R. They
aretheunit vectas of the cameracoordnatesystemexpressedn themodelsystem.T
is the vecta from the centerof prgection O of the camerao the origin Py expressed
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Fig. 1. Geometricinterpretationof the POSIT computation Image point p’, the scaledortho-
graphicprojectionof world point P, is compued by one side of the POSIT equatiors. Image
pointp” , thescaledorthographic projectionof point P, ontheline of sightof p, is compuedby
the otherside of the equation The equationsare satisfiedwhenthe two pointsare superpsed,
which requiresthatthe world point P be on the line of sightof imagepoint p. The planeof the
figureis chosa to containthe planeof the opticalaxisandtheline of sight L. Thepoints i, P,

P’ andp’ aregenerallyout of theplane.

in the cameracoordnatesystem.The coorinatesof the projection p arerelatedto the
world point P by

wz fRT [T,
Py P
w RT T,

wherePy P = (X,Y, Z)T is thevecta from P, to P. Thehomaeneos imagecoor
dinatesaredefinedup to amultiplicative constaty therefae the validity of the equality
is notaffectedif we multiply all element®of the projectionmatrixby 1/7 .. Introducirg
thescalingfactors = f/T., we obtain

wr | SRT sT, | | PoP
wy |~ |[sRY sT, | |1

In Eq. 1 for w, R3 - Py P representshe projectian of Py P ontothe optical axis.
Whenthe depthrangeof the model alongthe optical axis is small compaed to the

:|, w:R3-P0P/TZ+1. (1)



modeldistance R3 - Py P is small comparedto 7, andw ~ 1. Then perspectie
projectian is well appoximatedby scaled orthographic projectian (SOP)with scaling
factors:

| sRlT sT, | | PoP @)
y| ~ |sRT sT,| |1 )
Thegeneal perspectie equation(1) canberewrittenas
SR1 $R2 _
(XY Z1] [STw sTy] = [wz wy] . 3)

Assumethe homayeneos coodinatew for eachimagepointp hasbeencompued
ata previous step.We canthencalculatewz, wy, andEq. 3 relatesthe unknown pose
compaentssR, sRs, sT;, sTy, andtheknown imagecompmentswz, wy andknown
world coodinatesX, Y, Z. If weknow K world pointsPy, k = 1,..., K, theirimage
pointspy,, andtheirhomogneos compmentsw ,, we canwrite two linear systemsf
size K thatcanbesolvedfor the unkrown compaentsof sR 1, sRy andsT,, andsT,,
providedatleastfour of the pointsof themodelwith given imagepointsarenorcopla-
nar. After sRy andsR, areobtainal, we gets, Ry andR,, by imposingthatR; andR,
beunit vectos, andthatR 3 bethecross-prductof R; andRs:

s = (|sR1][sR2))Y2, Ry = (sR1)/s, Ry = (sR2)/s, Rs=R; x Ry,
Ty = (sTy)/s, Ty = (sTy)/s, T = f/s.

To computethewy, requredin theright-handsideof Eq. (3), weinitially setw; =1
for evely poirt p;, (coresponihg to a SOPmodel) Oncewe getthe posefor this first
step,we compute betterestimatedor the w,, usingthe expressionfor w in Eq. (1).
Thenwe caniteratively solve Egs.(3) againto obtainprogessvely refinedposesThis
iterationis stopp& whenthe procesdecoms stationary

3 Geometry and Objective Function

We conside a geometic interpretationof POSITto represenit asminimizationof an
objective function. Considerasin Fig. 1, a pinhole camerawith centerof projection at
O, opticalaxisalongOz, animageplanell atdistancef from O, andanimagecenter
at ¢. Consideran object,the origin of its coadinatesystemat Py, an objectpoint P,
corresndirg imagepoint p, andline of sight L through p. Theimagepointp’ is the
SOPof objectpoint P. Theimagepoint p” is the SOPof point P, obtainedby shifting
P totheline of sightof p in adirectionparallelto theimageplane.
Onecanshaw [14] thattheimageplanevectorfromc to p’, is

cp’ =s(Ry - PoP +T,;,Ry- PoP +T)).

In otherwords,theleft-hard sideof Eq.(3) representshevecta ¢p’ in theimageplane.
Onecanalsoshaw [14] thattheimageplanevectorfromctop” is ep” = (wz, wy) =
wep. In otherwords, the right-hand side of Eq. (3) representshe vectorep”’ in the
imageplane.Theimagepointp” canbeinterpretedasa correctionof theimagepointp
from a persgctive projectionto a SOPof a point Py, locatedon theline of sightatthe



samedistanceas P. P is ontheline of sight L of p if, andonly if, theimagepointsp’
andp' aresuperpsed.Thenep’ = ep”,i.e. Eq.(3) is satisfied.

Whenwe try to matchthe points P;, of an objectto thelinesof sight L, of image
pointspy, it is unlikely thatall or evenary of the pointswill fall ontheircorrespondiry
linesof sight,or equivalertly thateps, = cpj, or p;.pj = 0. We canminimizeaglobal
objective fundion E equalto the sumof the squaeddistancesls =| p} p} |*> between
imagepoirts p;. andp),:

E=)"d{ =) |cp},— CPZ|2 =) (M-8 —wew)? + (N - Sy, — wyyx)?) (4)
k k k
where,to simplify the subsequemotation we introduce the vectass (with four homo
geneaiscoodinates)Sy = (Py Py, 1), and

M = (M17M27M37M4) = S(Rl,Tw), N = (N17N27N3,N4) = S(RQ,Ty).

We call M andN the pose vectors. In Fig. 1, noticethatp’p” = sP'P" = sPPy.
Thus this correspads to minimizing the scaledsum of square distancesof model
pointsalonglines of sight, whendistancesaretaken parallelto theimageplane.This
objective function is minimized iteratively. Initially, thew, areall setto one.Thenthe
following two operdionstake placeat eachstep:

1. ComputetheposevedorsM andN assumingw, areknown (Eq. (4)).
2. Computethe correction termswy, usingthe M andN just compued (Eq. (1) for
w)).
We now focus onthe posevectorsM andN. Theobjective functionis minimizedwhen
the partial derivativesof E with respecto the coordnatesof the posevectos vanish.
This conditionprovides4 x 4 linearsystemgor M andN with solutions

M=) SS) ' Q_wrmSk),  N=0Q_ SiSH) ' Q_wewSe). ()
P [ k B

ThematrixL = (3=, Si.S;) is a4 x 4 matrix thatcanbe preconputed.

4 PoseCalculation with Unknown Corr espondertes

Thepoint p” canbeviewedastheimagepointp “corrected’for SOPusingw compued
atthepreviousstep.Thenext stepfindstheposesuchthatthe SOPof eachpoint P is as
closeaspossibleo its correctedmagepoint. Now whencorrespondenesareunkrown,
eachimagepointp; canmatchary of themodel poirnts P;,, andmustbecorrectedusing
thew correspondig to Py:

wr = R3 -Popk/Tz+1. (6)

Therebre for eachimageandmodelpoirt p; and P, we generée a correctedimage
pointp’;, , alignedwith theimagecenterc andwith p;, anddefinedoy

Py, = WiCp;- (7)
Thescaledorthagraplic projectins pj, of thepointsP;, are

M-Sk]

cpl. = [N-Sk (8)



Thesquaredlistancedetweerthe correctedpointSp;.’,c andthe SOPsare

d%, = |p;p;;| = (M- Sy, —wiz;)? + (N - S — wry;)>. (9)

The simultaneas poseand correspondace problemcanthenbe formulatedas mini-
mizationof the global objective function

J K

J K
E="S"mud% =3 mj (M-S — wiz;)® + (N - S —wpy;)?)  (10)

j=1k=1 j=1k=1

wherethem ;;, areweights.equal to zeroor one for eachof thed?, , andJ andK arethe
numter of imageandmodel points,respectiely. Them ;;, arecorrespadene variables
that definethe assignmets betweenmageandmodé featurepoints.Note thatwhen
all theassignmentarewell-defired, this objective function becoms equialent to the
objective function definedin Eq. (4).
Thisfundion E is minimizediteratively, asfollows:
1. Computethe correspadencevarisblesassumingeverything elseis fixed (seebe-
low).
2. Computethe posevedorsM andN assumingverything elseis fixed (seebelaw).
3. Computethecorrectionswy, usingthecompuedM andN (descritedabore).

4.1 PoseProblem

We now focus on finding the optimal posesM andN, assuminghe correspondene
variables m ;;, areknown andfixed. As before, the minimizing posevectas of E ata
givensteparethosefor which the partialderivativesof E with respecto thesevectors
vanish.This conditionprovides4 x 4 linear systemdor the coordnatesof M andN

whosesolutiors are

J K

—1 K
[M,N]= (kaSkST) ZZ mjkwkl'jsk ,ZZ m]kwkygsk , (1))

j=1 k=1 j=1 k=1

with mj, = ijl mjx. ThetermsS, Sy are4 x 4 matrices.Compuing M and N
requiresinversionof a4 x 4 matrix,L = (Zle m}, S¢Sy ), whichis inexpensie.

4.2 CorrespondenceProblem

We obtainthe corresponéncevariadles m ;, assumingthat the dfk are known and
fixed,andminimizing E. Ouraimis to find azero-meassignment matrix, M = {m jx },
that specifiesthe matching betweena setof J imagepointsanda setof K model
points,andthatminimizesE. This assignmeninatrix M hasonerow for eachof the J

imagepointsp; andonecolumnfor eachof the K model points P,. M mustsatisfythe
constraim thateachimagepointmatchat mostonemodelpoint, andvice versaA slack

row J + 1 andaslack column K + 1 areaddedor points with no correspaodenes.A

onein theslackcolurm K + 1 atrow j indicatesthattheimagepoirt p ; hasno match
amongthe mocel points.A onein the slackrow J + 1 at column % indicatesthatthe
featurepoint Py, is notseenin theimage.E will beaminimum if theassignmentnatrix
M matchesmageandmocel poirnts with the smallestdistancesj?k. This problemis



solved by the iterative SoftAssigntechnige [19,20]. We begin with a matrix Mg in
whichelementm$, is initializedto exp(—3(d, — a)), with 8 very small,andwith all
slackelementssetto a small constantThe paranetera determieshow far aparttwo
pointsmustbe befae beingconsiderd unmadchable(see[20]). The contiruousmatch
matrix My convergesto adiscretematrix M usingtwo concurentprocedires:

1. Eachrow andcolumnof the correspnderte matrix is normalizel, alternately by
the sumof its elementsThe resultingmatrix thenhaspositive elementswith all
rows and columns summing to one. (seeSinkhan [34])

2. Theterm j is increasedasthe iteration proceed. As 3 increasesand eachrow
or colum of M, is renomalized,the termSm‘;k correspading to the smallest
d3,, tendto corvergeto onewhile otherelementgendto corverge to zero. Thisis
a deterninistic annaling process[18] known as Softmax [4]. This is a desirable
behaior, sinceit leadsto anassignmenof corresponénceto matcheghatsatisfy
thematchingconstraims andwhosesumof distancess minimized.

ThispracedurewvascalledSoftAssignin [19,20]. TheresultingM is theassignment
thatminimizesE. This procedirealongwith thesubstepshatoptimize poseandcorrect
imagepoints by SOParecombiredinto theiterationloop of SoftPOSIT

4.3 Pseudocoddor SoftPOSIT

The SoftPOSITalgoithm canbe summarizedsfollows:
Inputs:

1. Alist of J imagefeatue pointsp; = (z;,y;).

2. Alist of K world pointsSy, = (X, Y, Zx, 1) = (PoPx, 1) in theobject.
Initialize slackelemets of assignmenmatrixM toy = 1/(max{J, K} + 1), 8 to B¢
(Bo =~ 4 x 10~ if the poseis uncorstrained/argerif agoodinitial guesss available).
Initialize posevectorsM andN with expectedooseor arancmpose.

Initialize w;, = 1.
Do A until 8> Bfinar (Bfina arond0.5)(Deterministic annealing loop)

- Computesquarecblistancesl?,9 = (M-S —wiz;)? + (N - Sg — wiy;)?
— Computem?, = yexp(—p(dj;, — @)
— DoB until AM small (Snkhorn’s method) Kt
* UpdatematrixM by normalizingacrossall rows:mJ, = mj, / 3, +1 m
e UpdatematrixM by nomalizingacrossall columns:m$, = m],c/ZJ+1
— End Do B
— Computet x 4 matrix L = (35, m},S;S}) with m}, = 377 myy,
— Computel~! ; .
— ComputeM = Lt (Z] 1 Ek 1 MWk .'L‘]Sk)
— ComputeN = L~ (Z 1 Zk 1 MWk Y;Sk)
— Computes = |(M1, Mz, M3)| R, = (Ml,Mz,M3)/S R, = (Nl,NQ,N3)/
R3 = R1 X R2
— Computewy, = Rs - Po P /T, + 1
- IB = /Bupdateﬂ (Bupdate around1-05)
End Do A
Outputs: RotationmatrixR = [Ry Rs Rs]T, translatiorvectorT = (T, T,,T%), and
assignmeniatrixM = {m ; } betweerimageandworld points.

]k



5 Random Start SoftPOSIT

The SoftPOSITalgorithm descriked above perfoms a deterninistic annealilg search
startingfrom an initial guessfor the objects pose.There is no guaanteeof finding
the global optimum. The probability of finding the globally optimal objectposeand
correspndermesstartingfrom aninitial guessdepend onanumbe of factorsincluding
thenumter of mocel poirts, thenunberof imagepoints, thenunberof occludel model
points,theamourt of clutterin theimage andtheimagemeasuremntnoise A comma
way of searchindgor a global optimum, andthe onetakenhere,is to run thealgorithm
startingfrom anunberof differentinitial guessesandkeepthefirst solutionthatmeets
aspecifiederminaion criteria.Ourinitial guessesange over[—m, 7] for thethreeEuler
anglesandovera 3D spaceof translatioms cortainingthetruetranslation

Sinceeachsearchfor correspondace andposeis relatively expersive, we would
like to have a mathenatical statementhatallows usto make the claim that,for a given
numter of startingpoints, our startingguessesamplethe paraneter spacein some
optimalmannerForturately, therearea setof deterministigoints thathave suchprop
erties.Thesearethe quasi-radom,or low discre@ng/ sequencef30]. Unlike points
obtainel from a standargseuderandbm generatg quasi-radompointsareoptimally
self-avoiding, and uniformly spacefilling. We usea standad quasi-endomgenea-
tor [10] to geneate quasi-radom 6-vectorsin a unit 6D hypercule. Thesepointsare
scaledo reflectthe expededrangesof translationrandrotation

5.1 Search Termination

Ideally, onewould like to repeatthe searchfrom a new startingpoint whenever the
numter of correspondacesdeteminedis notmaximd. However, oneusuallydoesnot
know whatthis maximalnumberis. Instead we repeatthe searchwhenthe numker of
modelpointsmatchingto imagepointsis lessthansomethreshdd ¢ ,,,. Dueto occlusim
andimperfectimagefeatureextraction notall modelpointswill bedetectedasfeatures
in animage.Let p; betheratio of the nunberof modé points detectecasimagefea-
turesto thetotal numter of modelpoints(p4 € [0, 1]). In the Monte Carlosimulations
describedelow, pg is known. With realimagey, however, p; mustbe estimatedased
onthescenecompl«ity andthereliability of thefeatue detectionalgorithm used.

We terminde the searchfor bettersolutiors whenthe currentsolutionis suchthat
the nuber of modelpoints matchingto imagepointsis greaterthanor equal to the
threshdd ¢,,, = ppa K wherep € [0, 1] determiresthe fraction of modé poirts to be
matchedand K is thetotal nunmberof modelpoints.p accountsfor measurememoise.
In the experimentsdiscussedelow, we take p = 0.8. This testis not perfect, asit is
possiblefor a poseto bevery accurateevenwhenthe nunberof matchel pointsis less
thanthis threstold; this occursmainly in casef high noise.Conversely, awrong pose
may be acceptedvhenthe ratio of clutter featuesto detectednodelpoints is high.
However, thesesituationsareuncanmon

5.2 Early Search Termination

The determiiistic anrealingloop of the SoftPOSITalgorithm iteratesover a rangeof
valuesfor theanneding paraneterfy. In theexperimentsepotedhere 3, is initialized
to 0.0004 andis updatedaccordng to 8x+1 = 1.05 x B, andtheiterationendswhen
Br > 0.5, or earlierif corvergenceis detectedThis meanghatthe annalingloop can



runfor upto 147iteratiors. It' susuallythecasethat,by viewing theoriginalimageand,
overlaid on top of this, the proectedmodelpoints producedby SoftPOSIT a persm
candeternine early on in the iteration (e.g.,arourd iteration 30) whetheror not the
algorithm is goingto corvergeto the correctpose.lt is desiredthatthealgorithmmake
this deterninationitself, sothatit canendthe current unfruitful searchandrestart.

A simpletestis performedon each iterationto deternine if it shouldcontinwe or
restartAt iterationk of SoftPOSITthematchmatrix M * = {mf;} is usedto predict
thefinal correspondenesof modelto imagepoirts: upm con/ergencaNe expectimage
point i to correspad to modelpoirt j if mkj > mu , forallu # i andall v # j
(however, thisis notguaranteed) Thenumker of predmtettorresponéncesat|terat|on
k, ny, is thenumbe of pairs(i, j) thatsatisfythis relation We definethe matchratio
oniterationk asry, = ny/(paK) wherepq is definal above. This metricis comnonly
usedatthe endof alocal searchto determinaf thecurrentsolutionfor correspondene
andposeis goad enoudp to endthe searchfor the global optimum. We, however, use
this metric within the local searchitself. Let CP denotethe eventthatthe SoftPOSIT
algorithm evertually corvergesto the correctpose.Then,the algorithm restartsafter
the k™ iterationif P(CP | rt) < aP(CP) where0 < a < 1. Thatis, the searchis
restartedrom a new rancbm startingcondition whenever the posteriorprobability of
evertually finding a correctposegiven r, drops to lessthansomefractionof the prior
prokability of finding the correctpose.A separatgosterio probability is requiredfor
eachk becausehe ability to predct the outcane usingr;, improvesasthe iteration
progessesAlthough this testmayresultin terminatian of somesearchesvhichwould
evertually producea goodpose,it is expectedon averaye thatthe total time requirel
to find a good posewill be less.Our expaimentsshov thatthis is true; we obtaina
speeduppy afactorof atleasttwo.

Theposterioprobaility functionfor thekth iterationcanbecomptedfrom P(C P),
the prior prokability of finding a correctposeon onerancm local searchandfrom
P(r, | CP) andP(ry, | CP), theprobaliities of obsering a particularmatchratioon

thekth iterationgiventhatthe eventual poseis eithercorred or incorrect,respectiely:

P(CP)P(ry | CP)

PP [re) = P(CP)P(ry | CP) + P(CP)P(r | CP)

P(CP), P(CP), P(ry | CP), andP(ry, | CP) areestimatedn Monte Carlo simu-
lationsof thealgorithmin which thenumbe of mocel verticesandthe levels of image
clutter, occlusia, andnoiseareall varied To estimateP(r; | CP) andP(r; | CP),
the algaithm is repeatdly run on randan testdata.For eachtest, the valuesof the
matchratio r;, compued at eachiterationare recorced. Oncean iteration conpletes,
grownd truth information is usedto deternine whetheror not the correct posewas
found. If the poseis correct, thenthe recordd values of r; are usedto updde his-
tograns represeting P(r, | CP); otherwisehistograns for P(rj | CP) areupdated
Uponcompletirg thetraining the histogamsarenormalized.SeeFig. 2.

6 Experiments

We investigatetwo important questios relatedto the perfamanceof the SoftPOSIT
algorithm: (a) How oftendoesit find a“good’ pose?b) How long doesit take?
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Fig. 2. Probabilityfunctionsestimatedor (a) thefirst iteration,and (b) the 31stiteration,of the
SoftPOSITalgorithm.

6.1 SyntheticData

Thealgoiithm hasbeenextensiely evaluatedn Monte Carlosimulatiors. Thesimula-
tionsarecharaterizedby 5 parametes: n,;, K, pq, p., ando. The parameten,; is the
numter of trials perfomedfor eachcomhination of valuesfor theremairing 4 param
eters.K is the nunber of pointsin a 3D modé. p, is the probaility thatthe image
of ary particdar mockl pointwill bedetectedp.. is the probability thatary particuar
imagepointis clutter, i.e., is nottheimageof some3D model poirt. Finally, o is the
standardieviationof thenomally distributednoisein theimagecoodinatesof thenon
clutterfeaturepoints, measuredh pixelsfor a1000 x 1000 image,geneatedby asim-
ulatedcamea having a 37 degreefield of view (focal lengthof 1500pixels). The cur-
renttestswere performedwith n, = 100, K € {20, 30,40, 50}, pq € {0.4,0.6,0.8},
pe € {0.2,0.4,0.6}, ando € {0.5,1.0,2.5}. Therewere108® independentrials.

For eachtrial, a 3D mocel is createdn which the K mockl vetticesarerandmly
located,with uniform prabability, in a spherecenterd at the origin. Becausehe al-
gorithm works with points,only the mode vertices areimportant. However, to malke
humaninterpretatio of resultseasiereachmockl vertex is conrectecto thetwo closest
remainirg modelvertices.Themockl is placedwith randan rotationandtranslationin
the camea view. Eachprojectedmodelpoirt is detectedwith prabability p ;. We add
Gaussiamoise(N (0, o)) to bothz andy imagecoadinatesFinally, Kp4/(1—p,.) ran-
domlylocatedclutterfeatue pointsareaddedo thetruefeaturepoints, sothat100 x p .
% of thefeaturepointsareclutter. Fig. 3 shaws clutteredimagesof randan models.

We consider poseto begood whenit allows 80% (p = 0.8 in section5.1)or more
of the detectedmodel pointsto be matchedto imagepoints. The numker of randon
startsfor eachtrial waslimited to 10*. If agoodposeis notfound after 10* starts,the
algorithm declaesfailure.Fig. 4 shavs two exampes of the posefound.

Fig. 5 shawvs the successate asa function of the numbe of mockel pointsfor the
caseof ¢ = 2.5 andfor all combirationsof the parametes p; andp.. (Dueto space
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Fig. 3. Typicalimagesof randomlygenerateanodels Thenumker of modelpointsin themodels
are20—(a), 30— (b), 40— (c) and(d), and50— (e) and(f). In all casemy = 1.0 andp. = 0.6.

limitations, we only describeresultsfor the caseof o = 2.5; the algoithm perfams
betterfor smallers’s.) For morethan86% of the differentcombirationsof simulation
paraméers,a goad poseis found in 95% or more of the associatedrials. For the re-
maining14%of thetests agoodposeis foundin 85%or moreof thetrials. (The overall

successateis 94%.)As expected,the highertheocclusionrate(lower p ;) andthe clut-
terrate(higherp,.), thelower the successate.For the high-clutterandhigh-ccclusion
tests,the successateincresesasthe numbe of modé points decreasesthis is be-
causea smallernumter of modelpointsaremore easilymatchedo clutterthanalarger
numler of mocel poirts. Fig. 6 shavs the averagenumter of randbm startsrequirel to

find a goodpose.Thesenumlersgenerallyincreasewith increasig imageclutterand
occlusion

The run-time comgexity of SoftPOSIT (for a single start) is easily seento be
O(JK) whereJ is the nunberof imagepointsand K is the numter of modelpoints.
Ourresultsshav thatthemeanumter of rancbm startsrequredto find agoad poseto
ensureaprobability of successf atleast0.95in all butthehighestlutterandocclusio
levels, is bourd by a function thatis linearin the size of theinput. Thatis, the mean
numter of randan startsis O(J), assuminghatK < J, asis nomally thecase Then
the runtime comgexity of SoftPOSITwith randan startsis O(K J2). This is better
thanary known algorithm that solvessimultaneas poseandcorrespondece prodem
unde full perspetive.
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Fig. 4. Two clutteredimageswith projectedmodelsoverlayedfor which we found a goodpose.
The black dotsarethe original imagepoints; white dotsare projectionsof modelpointsfor the
computedpose,andthegraylinesaretheinitial guesshatleadto thetrue posebeingfound.

6.2 Experimentswith Images

We appliedthe SoftPOSITalgorittm to imagerygeneatedfrom a mocel of a district
of Los Angelesby a commecial virtual reality (VR) system.Fig. 7 shavs animage
geneatedand a world model projected into that imageusing the posecompued by
SoftPOSIT Image featurepoints are autonatically locatedin the imageby detectiy
cornes alongthe bourdary of bright sky regions. Becausethe 3D world mockel has
over 100,M0 datapoints,we usearough poseestimatgasmaybegenertedby a GPS
system}o cull themajority of modelpointsthatarefarfrom theestimatedield of view.
Theworld pointsthatdofall into this estimated/iew arefurther culledby keepirg only
thosethat prgect nearthe detectedskyline. So far, the resultshave beenvery good
andcould be usedfor autoromots navigation. Although this is not realimagey, the
VR systenusedis advarced,andshouldgive a goad indicaion of how the systemwiill
perfam onrealimagery

7 Conclusions

We have developedandtestedhe SoftPOSITalgaithm for determiring the correspon-
denceandposeof objectsin animage.This algaithm will be usedasa compmpnentin
anobjectrecogiition systemOur evaluation indicateshatthealgoithm perfamswell
unde avarietyof levelsof occlusiongclutter, andnoise We arecurrenily collectingim-
ageryand3D modelsof city environmentsfor the purposeof evaluatirg the algorithm
onrealdata.

Thecomgexity of SoftPOSIThasbeenempiricdly determiredto beO(K .J 2). This
is betterthanary known algorittm that solvesthe simultaneas poseand correspon-
denceproblam for afull perspectie cameramockl. Rigorous validationof this claimis
anitem of futurework.
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