Optimal Geometric Mo del Matching Under Full 3D Persp ective

�y

J.RossBev b(Edw)o(ard.)22 b(M.)15 b(Riseman)921 5*8 y Ft(Abstract)1+* 643 y Fs(Mo)q(del-based)k(ob)r(Rect)h (recognition)f(syedems)g1 ro0001E averarelywithperspective wPile

matching models to images. TPe algorithms preeentedhereuse3Dposerecoveryduringmatching

toexplicitlyandquantitativelyaccounforcinmodelappeaop-hceassociatedwithto�nd,withhigPy,the 843 y(optimal)f(corresp)q(ondence)FFF Cb(b)q(et)o(w)o(een)f(mo)q(del)d(and)i (image)d(featuree)k(in)e(spaces)i(con)o(taining)d(o)o(v)o(er)i(2)1+02 828 y Fr(100)1+69 843 y Fs(p)q(ossible)11( 892 y(matc)o1hes.)R(TPree)d(sp)q (eci�c)g(algorithms)c(are)R(compared)f(on)h(rob)q(ot)f(landmark)f (recognition)h(problems.)19 b(A)c(full-)114 942 y(p)q(ersp)q(ectiv)o(e)f (algorithm)9 b(uses)k(the)g13DposealgorithminallofsearchwPiletwohybridalgorithms

useademandingweak-perspectiveprocedureranSalternativematches 1042 y(up)q(dates)19 b(3D)e(p)q(ose)i(only)f(wPen)g(mo)o(ving)e(to)i(a)g(new) h(matc)o(h.)29 b(TPese)20Cb(h)o(ybrids)e(successfully)h4000011olve 1092 y(in)o(v)o(olving)11 b(p)q(ersp)q(ectiv)o(e,)1* b(and)e(in)f(less)i (time)d(than)i(required)h(b)o(y)e(tPe)i(full-p)q(ersp)q(ectiv)o(e)g (algorithm.)p 0 2519 810 2 v 51 254* a Fq(�)69 25*2 y Fp(TPis)h(w)o(orS)g (w)o(as)f(supp)q(orted)i(b)o(y)f(the)f(Defense)h(Adv)n(anced)h(Reseaoc)o1hPro RectsAgencyundertractDAAE07-91-C-R035

monitoredbyTACOM,contractDAAH04-93-G-(22)g (monitored)h(b)o(y)f(AR)o(O,)f(and)h(b)o(y)g1tPeNationalScienceFoundationunder

grantCDA-8922572. y ToAppearCVGIP:IUin1995

1

Contents

1 Intro4 b(1)0 245 y(2)42 b(Previous)17 b(W)l(orS)1588 b(1)68 302 y Fo(2.1)4* b(F)l(our)15 b(General)g(Approac)o(hes)h(to)e(Recognition)j Fl(:)23 b(:)f(:)g(:)h(:)f(:)g1: : : : : : : : : : : : : : : : : : 2

2.2 Previous WorS and 3D Perspective : : : : : : : : : : : : : : : : : : : : : : : : : : : : 3

3 Local Search Matc 4

3.1TPe Optimal Match Minimizes Fit plus OUission : : : : : : : : : : : : : : : : : : : : : 3.2 Fitting 2D Rections of 3D Modifes : : : : : : : : : : : : : : : : : : : : : : : : : : 3.3Fitting Under 3D Perspective: Pose DeterUination : : : : : : : : : : : : : : : : : : : 3.4Hallway Na

1 Intro duction

Algorithms wPic match geometric ob Rect models to image featuree often alignmentrSvigation test if

reeponding model and featuree properly match. Unfortunately, quantitative c in moappearance due to 3D perspective are typically neglected. Consequently, these algorithms are of liUited

in domains wPere perspective signi�cantly alters 2D appearance. This paper presents new algorithms whic acck kfor c in appeaoance duerSt perspective. TPese algorithms y(an)f(initial)i(rougP)e(estimate)g1of the ob Rect’s placement relative the However, this estimate may

be im4ccise and may signi�cantly alter the 2D appeaop-hce of tPe ob as be shown in Figures 3

and 9 below.

For several years, we have worSed on an approac to matching using local searc [BWR89, BWR90] wPich nWw quantitatively handles 3D perspective [BR92a, BR92b, Bev92]. Adetailed acckuntof

wmaybe found Beveridge’sdissertation [Bev93]. Matching is cast as the problem of

�nding tPe best correspondence between model and image features sub to a global least-equaree

�tting constraint. Local search algorithmseloped speci�cally for thC07C0g(t 1 aS)g(use)g(a)g1generate-and-test

strategy to explore the combinatorial space of matches.

Replacing, or supplementPe closed-form �tting techniques presented in [BWR90] y(iterativ)o(e)h(nWn- @ar)h(algorithm)e(dev)o(elop)q(ed)R(b)o(y)d (Kumar)h([Kum89)o(,)f(Kum92,)g(KH94])g(is)h(the)g(S)o(ey)f(to)g(handling)j (3D)0 1412Cy(p)q(ersp)q(ectiv)o(e.)k(Kumarng)f11 b(algorithm)i(brings)g(tPe)f (pro)s(Rection)h(of)f(a)g(3D)f(mo)q(del)R(in)o(to)e(alignmen)o(t)h(with)g (correep)q(onding)0 1490 y(image)g(features)g1and tPereby �nds the best-�t 3D pose, position and orientation, of the model relative to the camera. WPen a mobile robWt uses process to match knWwto it 4ccisely locate itself in the w y(T)l(o)21 b(the)g(b)q(est)g(of) g(our)f(knW)o(wledge,)R(the)e(algorithms)g1described below are the only algorithms with a

demonstrated capacity to �nd the best match in geometric matching problems involving signi�cant

perspective e�ects. TPis been accomplished througP smoWth integration of e�ective pose recovery

and combinatorial seaoch. TPis ability is valuable in a number of application domains and it is needed

toe tPe hallway-domain landmarS recognition problems presented iner.

Previous WorS

Previous worS on ob pose deterUination and Peuristic combinatorial optiUization

tec are all pertinentrg(to)f(this)g(pap)q(er.)27 b(TPe)17 b(lo)q(cal)h(searc)o(h)f(tec)o(hniques)i(used)e(Pere)h(trace)f(theQr)g1roots the worS of KernigPan and Lin [Lin65, KL72, LK+3]. Asuccinct description oflocalsearch( y(in)R([PS82].)35 b(Kumarng)f21 b(p)q(Wse)g (determination)g(algorithm)g1[Kum89)o(,)f(Kum92,)h(KH94])f(w)o(as)g1tPeobvious c forthisworSgivenourcollaborationonrobotnavigationproblems[FHR

+ 90],but

any3DosealgorithmwithsiUilarinputs, outputsandperformancecouldbe used. large body of recognition worS avoids perspective problems by using range data However, this review

liUit itself to prior worS on optical imagery and the extent to wPich this worS has dealt with

perspective.

2.1Four General Approaches to Recognition

TPe following t xonWmy, by no means complete,es heTp organize prior worS into broadly

idencategories:

Key-feature: Key-feature algorithms search for distinctive local geometric which 670 y(dicate)e(an)h(ob)s()ect’s placement.

Generalized HougP: b(HougP)e(and)h(p)q(ose)f (/vs uedering)i(algorithms)e(seaoc)o(h)g(in)h(tPe)f(space)h(of)f(ob)s()ect

model to image pose transformations.

Tree Search: Tree search algorithms expand an interpretation tree using local geometric consistency

cons/boints for pruning.

Geometric Hashing Geometrichashinguseslocalgeometricfeaturesanda4ccompiled hashtable

topredictob identityandplacement.

Key-featureAn eaoly example of the key featureh y(an(the)f(‘lo)q(cal)g1feature)g(fo)q (cus’)g1method

proposed by Bolles and Cain [BC82]. DavidLowe[Low80,Low85]extendedandmoti-

vatedthisapproach. A variety of Sey-feature have either straigPt or local curvature

propto identify ob silhouettes [AF86, KJ86, GTM89,]. Huttenlocher [HU90] uses featriples to hypotPesize matches under scaled orthographic pro Rection, triples according

distinctivand then searcPes from most distinctivto least. A general problem is that overly simple key-features can become indistinctivwPile richly distinctive key-features containy parts

and are consequently expehooive to Sitarman and Rosenfeld e,ve theorized that tPere

some ‘optimum’ size for Sey-features, how best select and detect key-features remains an opeh

y Fm(P)o(ose)e(Space)h(Seaoc)o(h)45 b Fo(Generalized)15 b(Hough)e(transform)ery[DY80, Bal81, Dav82] and pose /vs uetering [Sto87]

algorithms searcP /orrespondence space and into pose space. Illingworth and Kittler [IK88]

generaliE0047h(Hough)f(w)o(orS)e(through)h(1918.)29 b(Explicit)20Cb(repreeen)o(tations)e(of)g(p)q(ose)h(space)g(place)g (practical)0 2FFFE070 y(liUits)f(on)f(the)g(dimensionalit)oori(of)e(the)g(p)q (ose)g(space)g(and)g(most)g(algorithms)f(matc)o1h 2D rigid ob NWtable b(include)h(Silb)q(erb)q(erg)f([SHD86])e (wPo)g(liUited)R(camera)d(placemen)o(t)h(and)g(TPompson)f([TM87)o(])g1wPo a nice illustration of pose /luedering can be found in tPe worS of Hwang [Hwa89].TPe nWise

sensitivityofHoughalgorithmshasbeenassessedbyBrown[Bro82]andGrimson[GH88].

bop 0 42 a Fo(Grimson)1* b(con/vs udes)h(tPat)e(false)h(p)q(ositiv)o(e)h (rates)e(can)h(b)q(ecome)h(in)o(tolerably)g(high)f(in)h(cluttered)f(settings) g(or)f(wPen)0 119 y(subspace)h(pro)s()ectionisused.

Tree SeaochEarly uses of tree search tactile sensing by Gaston] and 2D point

matchingbyBaQrd[Bai85]. Grimson has extensivedudied tree seaoch [Gri90a, Gri90c Gri90b] and

shown that for 2D-rigid matching with a stopping criterion, the average-case computational complexitin/vs ude

of tree searcP is O(78 y FR(2)413 495 y Fo(),)f(wPere)h Fl(n)g Fo(C07C0g(the)g(n)o(um)o(b)q(er)g1of)f(mo)q(del)i(features)e(times)h (tPe)f(n)o(um)o(b)q(er)h(of)f(data)g(features.)19 b(T)l(ree)0 5+3Cy(searc)o1h is expWnential without stopping b(Beuler)18 b([Bre90)o(])e(and)g(C 1 as)g([C s92)n(])g1overcome some

of tPese with pose equivalence analysiswhich simultaneously searcPes in correspondence

and pose space for maximal sets of pose consiedendi�culties is O(S

m 4 d 4 ) m model features, d data features and S sidedWlygonal uncertainty

regions about each feature.As C ss nWtes, wPile the polynWmial bound is of tremendous intereet, it is too higP for the algorithm be putrStPeoretical direct practical y Fm(Geometric)23 b(Hashing)4* b Fo(NWt)20Cb(unliS)o(e)R(S)o(ey-feature) e(searc)o(h,)h(geometric)f(hashing)h([KSSS86)q(,)e(L)-5 b(W88,)21 b(LSW90)o(])0 1182 y(seeks)i(image)f(features)h(whic)o(h)g(predict)h(tPe)e (presence)i(of)e(an)g(ob)s()ect. UnliSe the otPer tPree approac

discussed above, geometric hashing uses feature to predict which of a set ob is present.

TPis maSes geometric hashing a more general approach thato Wther tPree. However, questions remain regarding tPe sensitivituse.

criterion. of geometric hashing noise and clutter [GH90, CHS90]. AnWtPer

di�culti(ro1* b(C07C0g(the)f(need)h(to)e(select)i(sets)f(of)g(features)f(all)i(b)q(eloe -ing)h (to)d(the)h(same)g(ob)s()ect.)k(Stein)d([SM90)o(])f(do)q(es)h(this)0 1572 y(using)h(consecutiv)o(e)g(sides)g(of)e(a)h(p)q(olygonal)h(b)q(oundary)f (for)f(2D)h(recognition,)g(but)g(for)g13D)f(ob)s()ect models [SM92]

Stein argues that runs inand topological cons/boints between image features are

more important.

2.2 Previous WorS and 3D Persp ective

worS di�ers most prior worS in the wai(rof(3D)g(features)h(on)g1a)g1model are assumed to map the 2D plane. TPisPere b(prior)i(w)o(orS)f (has)h(replaced)h Fk(ful)r(l-p)n(ersp)n(e)n(ctive)0 2131 y Fo((a)e(pin-hole)R(camera)d(mo)q(del))h(imaging)h(with)f(less)g(general)g (imaging)g(mo)q(dels.)23 b(Often)1* b(2D)f(mo)q(dels)h(are)g(used,)g(and)0 2209 y(if)FFF0EthereC07C0g(a)g(3D)f(mo)q(dil,)R(it)f(is)f(�rst)g(pro)s ()ectedintotheimageonce/reatea2Dmodil. These 2D techniques vary ob Rect appearance with a�ne CombinationsofrWtation,andinaweaSenedformperspectivimagingcalledhereweak-pctive. Fixing scale

yields 2D-rigid Cmaging. Itisimpossible fora2Dmodelacck ktformanyotentialctPe pWseofa3Dob Unlimited variations in pWse /an 0e handled by 3D features tPe image

scaled-orthographic pro However,this approximationdoes nWtvanishingoints

and wil3E7Calwaio(ys)e(distort)g1tPe appearance of surfaces not p3C003C(call)i(to)e(the)g(pro)s()ection plane.

5 bop 90 42 a Fo(T)l(able)22 b(10000781Cists)h(a)f(sampling)h(of)f(researc)o (hers)g1who have eac imaging model, and suggests Pow

few have generalized to full-perspective imaging. TPe complexity of computing 3D ob pose fl-perspective partially explains this lack generalization. However, more basic is tPe common

reliance uponcal geometric constraints associated with sets of corresponding features. TPese sets

must be larger for full-perspective tPan for tPe simpler imaging models. For example, in geometric

hashing [LW88], 2oints are required to eedablish a involving 3D perspective. Each uses a di�erent neigPborhood de�nition and somewhat di�erent waio(ys)f(to)g(c)o1hoose improved matches. Theful l-perspectivealwaysusesKumar’spose

algorithm as it is described in Section 3.3. The hybrid algorithm uses tPe computationally more e�*cient

equQak-perspective �tting described in Section 3.2 to test neigPboring matches, and recomputes 3D ponly wPen ad078000080ng a new match superior the current.hybrid-eubsetalgorithmextendsFFF8038743 y(tPe)c(h)o(ybrid)h(using)f (a)g1tecPniquepresentedoriginally in[BWR90]forescap(])localcaldsubset

convergentloeeaoch.

Starting searcP from selected initial matches y(an(necessary)f(for)f(these)h(algorithms) g(to)f(succeed.)0 977 y(Let)1* bi(theP)111 984 y Fg(s)1(* 977 y Fo(b)q(e)g(tPe)g(probablit)o)y)h(of)f(reac)o1hing the best match from a randomly c in one trial. Then

tPe, Q f

, of failing see the best match in t trials decreases expWnentially with the number

of trials t:

Q f = (1 � P ) t (1)

Givan probability of success

^

y Fg(s)882 1327 y Fo(,)g(tPe)g(estimated)g(n)o(um)o(b)q(er)g(of)g(trials)1528 1319 y(^)1522 1327 y Fl(t)1538 1334 y Fg(s)1571 1327 y Fo(needed)h(to)f (�nd)h(the)f(b)q(est)0 1405 y(matc)o(h)h(with)g(con�dence)i Fl(Q)497 1412 y Fg(s)

Cs givetoy the following t

= dlog

( 1f

= 1 � s

(2)

Typically, aely small number of trials are needed. Forexample, if 1*8( y Fl(P)1513 1*91 y Fg(s)155( 1*8( y Fo(=)2( b(0)p Fl(:)p F4(4,)1* b(then)h(6)g(trials)g(are)0 17*8 y(neededrS)o)f (�nd)g(tPe)g(b)q(est)h(matc)o(h)e(with)h(95%)g1con�dence.)21 b(If)1107 1757 y(^)109( 1+*000sE000003l(P)1123 1775 y Fg(s)1157 17*8 y Fo(drops)15 b(to)f(0)p Fl(:)p F4(2,)g(tPen)h(14)g(trials)g(are)g1needed.)21 b(TPe)0 18)3 y(S)o(ey)15 b(to)g4apply(])lo)q(cal)f(searc)o(h)f(to)g4a new problem domain C07C0g(to)e(�rst)h(estimate)1(85 1841 y(^)1472 18)3 yi(theP)1501 1860 y Fg(s)1535 1853 y Fo(for)g(sample)h (problems)g(and)0 1931 y(then)g(pic)o(k)f(a)g(n)o(um)o(b)q(er)h(of)f(trials)g (su�cien)o(tr0131o)f(reliably)i(solv)o(e)e(all)h(the)f(example)h(problems.) 90 2009 y(TPere)e(is)f(a)g(tradeo�)g1between time spent try(ng)f(to)g4get of local optiUa on a trial versus tPe

number of trials whic cane run in a �xed amk kt of and so the algorithm with tPe higPest P may nWt be the best. As wil3 be showt, tPe full-perspective algorithm �nds tPe 0est match on single

trial more often tPan does hybrid algorithm. However, the hybrid runs trials so muc faster that

it is more liSely to �nd tPe best match given same amount of titl.

TPe analysiselow shows how to ^ s and expected run-times for alternative

algorithms. TPis sectionegins by de�ning combinatorial space of matches and tPe two match errors used: weak-perspective and i(fl-p)q(ersp)q (ectiv)o(e.)39 b(Next)21 b(the)g(hallw)o(aio(y)g(test)f(domain)h(is)g1in)o (tro)q(duced,)i(follo)o(w)o(ed)0 2639 y(b)o(y)f(tPe)g(tPree)g(lo)q(cal)h (searc)o(h)f(algorithms.)40 b(Finally)l(,)25 b(tPeir)d(relativ)o(e)g(p)q (erformance)g(is)h(compared)f(oto)ftwo sets of recognition problems, one involving modest errors in initial pose and tPe other involving

substantialerrors.

3.1TPe Optimal Match Minimizes Fit plue OUission

TPe �rst step in ahing problem C07C0g(to)e(select)i(a)f(set)g1of potentially matching ob model

and image features. TPis is done once prior matcbased upWn tPe relative position of the model and image features wPen the model is pro into tPe image from the pWse y(T)l(o)R(comp)q (ensate)h(for)f(errors)g1in image feature extraction, many-to-many mappings betweendil and

image features are supported.Hence, tPe space of pmatches ys tPe powerset of all possibly

corresponding pairs of mosegments m 2 M and data segments d 2 D.

C = y Fg(S)1130 853 y Fl(S)15 b Ff(�)e Fl(M)i Ff(�)c Fl(D)603 b Fo((3))0 961 y(A)15 b(matc)o(h)g(error)f(function)i(C07C0g(de�ned)h(o)o(v)o(er)d Fl(C)s Fo(,)h(and)g(the)g(WptiUal)h(matc)o(h)e Fl(c)1330 945 y Fe(�)1365C961 y Fo(Uinimizes)R(thCs)f(error)f(function:)6)8 1070 y Fl(E)692 1083 y Fs(matc)o(h)805 1070 y Fo(()p Fl(c)843 1051 y Fe(�)862 1076 y Fo())25 b Ff(�)h Fl(E)1000 1083 y Fs(matc)o(h)1113 1076 y Fo(()p Fl(c)p F4())*2 b Ff(8)p Fl(c)13 b Ff(2)g Fl(C)602 b Fo((4))90 117* y(TPe)15 b(matc)o(h)g(error,)f Fl(E)479 1189 y Fs(matc)o(h)

, �

E �t (c) + E om (c) (5)

�rst, E

�t

, is a residual squared-error obtained by �rst �tting the model to the corresponding

data. TPe second, E line segments [BWR90]. OUission is measured in tPe image plane the motransformed to

tPe best-�t /on�guration relative to the data4700. point on a model line segmentrd(is)h(co)o(v)o(ered)f(wPen)h(a)0 1914 y(p)q(oin)o(t)d(on) g(a)f(data)g1eegmentrg(pro)s()ectserpendicularlonto b(Unfortunately)l(,)17 b(space)g(here)g(do)q(es)g1nWt perUit

a complete acckunting of match error parameterization. TPe reader is referred to Beveridge’s Ph.D.

dissertation] for thy(an(lev)o(el) h(of)d(detail.)0 2207 y Fi(3.2)5* b(Fitting)1+ b(2D)i(Pro)s()ections)f(of)h (3D)g(Mo)r(dels)0 2311 y Fo(A)1( b(2D)g(pro)s()g1Ption)g(of)g(a)g(3D)g(mo)q (del)h(ma)o(y)e(b)q(e)i(�t)f(0)o(y)h(minimizing)i(the)d Fk(inte)n(gr)n(ate)n(d)g(squar)n(e)n(d)i(p)n(erp)n(endicular)f(distanc)n(e)0 2389 y Fo((ISPD))20Cb(b)q(et)o(w)o(een)h(data)f(segmen)o(ts)g1and in�nitely extended model 4ccisely, the 2D model

is rotated, translated and scaled in tPe image plane so as to the sum of ISPD between

correspondingsegments. A weak-perspective match error may be de�ned as

E match-wp

(c) =

1

�

2

�

E �t-wp

(c) + E om (c) (6)

(a)

34 a FW((b))(61 2554 y(Figure)15 b((:)20 b(Tw)W(o)14 b(halTw)W(a)W(y)Q(images.)j(a))c(Image)g(1,)g(b))g(Image)g(2.)990 2865 y(11)p eop %%Page: 12 14 12 13 bop 0 849(7 a FW(Figure)17 b(3)g(will)Q(b)q(e)f(used)g(as)f(inQtial)Q (estimates)e(of)g(rWb)q(ot)f(p)q(WsQtion.)27 b(The)18 b(exp)q(erimeV)W(t)g (presen)W(ted)g(in)g(Section)g(3.9)0 119 y(treats)12 b(a)h(harder)f(prWbleU;) j(that)d(of)g(reco)W(v)W(ering)h(frWm)f(a)h(larger)g(errWr)f(in)Q(inQtial)h (p)q(ose)e(estimate.)19 b(The)13 b(rWb)q(ot)g(p)q(Wses)0 197 y(frWm)Q(whic)W(P)h(the)f(t)W(w)W(o)f(images)Q(in)g(Figure)f(4)g(are)ImtaS)W (eV)g(di�er)h(b)W(y)f(o)W(v)W(er)Im10)f(feet.)21 b(The)15 b(goal)g(of)g(the)h(exp)q(erimen)W(t)g(in)0 275 y(Section)g(3.9)e(Qs)h(to)f (reco)W(v)W(er)Imthe)h(p)q(Wse)g(frWm)f(whic)W(P)Q(eac)W(P)f(of)f(the)h(t)W (w)W(o)f(images)h(in)g(Figure)g(4)g(w)W(ere)f(taS)W(en,)h(giv)W(eV)g(the)0 353 y(other)I(p)q(Wse)g(as)g(an)g(in)W(tiial)Q(estimate.)0 AEA9A y FQ(3.5)56 b(F)-5 b(ulT-p)r(ersp)r(ectiv)n(e)15 b(Matc)n(hing)0 598 y FW(Key)k(to)f(de�nQng)Q(a)e(lo)q(cal)Q(searc)W(h)e(algorithm)h(Qs)g (the)g(lo)q(cal)g(neigP)W(b)q(orho)q(W)q(d)h(de�nQtion.)32 b(A)19 b(particularly)ImsQmple borhood tains all correspWVdeVces Wbtained y adding Wr ving a pair s 2 S frWm the

correspc. If there n pairs in S , then c be ted as a bQt string of Wrn. UsQng thQs bQtstring tation, adding Wr ving a pair generates a string Hamming

distance 1 frWm the t h. The Qs the bhorhood used y the full-perspe Ping

algorQthU.

A steept local P strategy computes example of the full-perspe algorithm is ted bw using Figures 5 aVd 6 for ilTus-

tration. The Ping probleU is to h the landmarS Uodel wn in Figure to data extracted

Image 2, wn in Figure 4b. The pose estimate pWse 5, wn in relation to 3D

laVdmarS Uodel in Figure 3a. Labeled model and data ts are wn on the t they ould appear frWm pose 5. The data line are extracted frWm image using the Burns algorQthm [BHR86].

Figure 5 also ws a complete trace of o iVdept runs the algorQthm.

12

217.67 85.81

P w a ely better 34 y locally ving aV inQtial randomly se- 34 indicated in the �rst w. The indicate speci�c caVdidates pairs of Uodel-image ts frWm set S . A �lTed in square the pair Qs in the curreg(cf(3atc)W(P.)20 b(While)0 275 y(b)q(oth)f(the)h(trials)f(sho)W(wn)g(lead)h(to)f(the)g (glWbally)Q(optimal)f(3atc)W(h,)f(this)h(Qs)f(of)g(cWurse)h(not)e(alw)W(a)W (ys)h(the)g(case.)32 b(In)0 353 y(100)15 b(trials,)g(thQs)h(glWbally)h (optimal)f(3atc)W(P)f(w)W(as)g(found)h(18)f(times.)22 b(The)15 b(maxQm)W(um)h(liS)W(eliho)q(o)q(d)Q(estimate)e(for)f(the)0 A38 y(probabilQt)W(y)20 b(of)e(success)h(on)f(thQs)h(probleU,)813 849(7* y(^)800 438 y Fl(P)829 445 y FIms)848 438 y FW(,)g(Qs)f(therefore)g(0)p Fl(:)p FW(18.)29 b(Equation)18 b(2)Imindicates)Q(that)e(15)Imtrials are

required to �Vd thQs 34 wQtP 95% con�dence.

The binatorial P space of phes, d14ned y set of caVdidate pairs S ,

is inQtially hWsen based upWV aVd compatible tation beeV the Uodel aVd image

ts. In thQs example there 23 pairs in S , of whic7 belong Qn the optimal h.

The determination of P pairs of ts belong to S Qs 3ade based upWV the inQtial pro jection

of the Uodel to the image. e that based upon the tial pWse estimate, Uodel y(G)f(aVd)g(H)g(ha)W(v)W(e)f (no)h(corresp)q(WVding)h(data)e(segmen)W(ts)h(witP)g(whic)W(P)h(they)f(can)g (Uatc)W(h.)25 b(The)17 b(prW)q(cess)g(of)Imselecting caVdidate pairs explained Uore fully in Section 3.8.

Table 2 for example 1 (Figure 5) the sorted lQstsiQ(of)e(pairs)h(whose)g(bQts,)g(Qf)Imtoggled,

t. The ted pairs at the head of the lQsts actually lead to matches. For

the �rst 34 es, inertial-desceg(cj(didn’t)f(sa)W(v)W(e)e(an)W(y)h(computation)g(relativ)W (e)g(to)g(steep)q(est-desceg)W(t.)20 b(F)l(rWm)0 1373 y(the)c(new)g(Uatc)W(h) I(Wbtained)h(b)W(y)f(togglQng)Imthe)Im�rst on the lQst, the second pair no longer ed theaVd therefore Wrn bors of the new P ere tested. er, for fourtP P,

the lQst ed the algorQthm to four hanges in correspondence in successQon witPout expeVding

e�ort testing es. ThQs reduced y nearly 50% the ber of 3D pWse calculations requirade(to)0 1685 y(sWlv)W(e)f(thQs)h(example.)90 1763 y(T)l(o)d(eUphasQze)h(that)f(new)g (3D)f(p)q(Wses)Q(are)f(geVerated)g(during)h(searc)W(P,)f(Figure)g(6)g(sho)W (ws)f(the)h(pro)s(jection)g(of)g(the)0 1841 y(landmarS)j(frWm)f(these)g(up)q (dated)Q(p)q(Wses)f(for)f(the)Imsucc ely better Pes fouVd in example 1, Figure 5.

The prW jection looks uinely wful, as to bexpected en an randWm t of laVdmarS to image features. It the view of the laVdmarS as Qt ould appear a rWbWt wnstairs

aVd in a roWm o� to the the y: presuming the rWbWt could see thrWugPors aVd alTs.

thQs prW jection eUphasizes that it neade(not)e(Qtself)Q(b)q (e)f(go)q(W)q(d,)g(or)f(ev)W(en)h(logical.)26 b(What)0 2455555 y(matters)11 b(only)i(Qs)g(that)e(lo)q(cal)j(searc)W(h)e(Qs)h(able)Imto a frWm inQtia8 b(34 )c(to)h(one)g (whic)W(h)Q(is)e(b)q(etter.)0 2309 y(ThQs)Q(Qs)g(the)g(case)g(here,)g(and)f (b)W(y)h(the)g(fourth)f(matc)W(h)Imthe P drWpped frWm 84:48 to 0:+7 the

prW is loWking reasonable. The last four steps the P do not dramatically

One option is to terminate h. Another Qs to go S aVd trying other bors in the hopes of �Vding one for P E P-wp ys wn after 3D pWse Qs updated. The e, the one used is to bthe 34 that as baVd Ping

frWm new, orse, P.

The strategy of going on to explore 34 es orse than seen is in sWmewhat

tQthetical to loh, P concept only es to better states. er, Qt Qs not uncWmmon

in practice. For the ybrid algorQthm, the strategy for orse hes Qs to ue h

some �xed ber of es. In all the expted here, up to 10 exploratory es

are permitted. If,duringthQsexploration,aUatcPbetterthanthatbeingberedQsthen

localPuesthebestmatcPisforgotten.IfnothingbetterisfouVd,thenthehbeingberedQsreturned. ks are added to t cycling S to the already

ered best Uatch, cyclQng defeats the purpWse Wf h. There Qs at of local

P called tabu search ] uses sp’tabu’) h bodies thQs idea: UaSing es

leading ards tabWo.

Table 3: Size of caVdidate pair baseboards the are whQte on top aVd k Wn

the bottom, image ts wQth the opposQte trast not be cWnsidered. trast

is not ys realQstic �lter. To test its impWrtance, alT expts are wQtP aVd wQthout

geVerating sets of S and � S respely. IgnorQng sQgn-of-condust rougPly doubles the

ber of pairs as wn in Table 3.

In all 18 Ping prWbleUs resulting frWm 9 inQtial pWse estimates aVd setsig(of)f(candidate)Q(pairs,)0 1079 y(all)g(three)e(matc)W(hing)h (algorQthUs)g((eliably)h(fouVd)f(exactly)g(the)g(same)f(optimal)h(corresp)q (oVdence.)22 b(ConsequeV)W(tly)l(,)0 1157 y(the)15 b(rWb)q(ot’s)f(true)Q(p)q (Wse)f(is)h(reco)W(v)W(ered)f(to)f(wQthQn)j(the)e(accuracy)g(b)q(ounds)h(of)f (our)Imp)q(ose)h(algorQthm)f([KH90)W(])1896 1141 y Fj(1)191* 1157 yhFW(.)90 1235 yEAs a pof a steept algorQthm using only the eak-perspe �tting

prWcedure as tested on thQs prWbleU, did equalTy elT for inQtial pWse estimates 4, 5 and 6, where

the laVdmarS jections be rWtated, translated and scaled to �t the Qmage data.

er, the Wther cases the 3D pose estimates ade(frWm)e (the)h(b)q(est)g(Uatc)W(Pes)f(di�ered)Q(frWm)e(the)0 15(7 y(true)e(p)q(Wse)h(b)W(y)f(as)I(m)W(uc)W(P)g(as)g(8)f(feet,)h(con�rming)h (w)W(eak-p)q(ersp)q(ectiv)W(e)g(alone)Imis)g(inadequate)g(for)e(these)i ()h(on)ems.

of succ estimates ^ P ying for P algorQthm Wn P prWblem ere based upon

beeV 100 300 trials. These estimates usQng caVdidate on sign-of-contrast plotted

in Figure 8a. CorrespWVding estimates witPout usingtrast are plotted Qn Figure 8b. The P values drWp wheV trast Qs Qgnoh(cWn)20 b(F)l(or)14 b(instance,)1179 1867 y(^)1169 1878 y Fl(P)1198 1885 y FI(s)1231 1878 yhFW(for)f(the)h(full-p)q(ersp)q(ectiv)W(a) j(algorQthming)(ranges)0 1956 y(b)q(et)W(w)W(een)19 b(0)p Fl(:)p FW(17)e(and)Q(0)p Fl(:)p FW(55)e(wQtP)Q(sign-of-con)W(trast)f(aVd)g(wQthout)h (Uo)W(v)Ws to beeV 0:06 0:22. er,

if there is a surprise in these results, Qt is the v is not Uore precipQtous. Neglecting sQgn-of-

trast ws spaces astronomically, frWm about 2 scalefont se fe1292 2112 y FW(to)f(2)1371 2095 yhFj(100)1442 2112 y FW(states.)21 b(That)15 b(lo)q(ca8 b(searc)W(P)f(still)0 2190 y(�Vds)g(the)f(b)q(est)h(Uatc)W(h)e(reliably)j(in)f(100)f(trials)g (sho)W(ws)g(the)ImstrengtP)g(of)f(the)Q(apprWac)W(P.)90 2274 y(Using)21 b(the)g(criterion)g(that)f(higPer)755 22*3 y(^)743 2274 y Fl(P)+72 2281 y FIms

Qs better, the algorQthm does better than the

full-perspe algorQthm on 13 out of 18 problems. It does better than the ybrid on all ybrid-subset algorithm. er, as run-times repWrted next w, thQs

Table P

s

, av219299 47age run-time per trial r, required trials

^ t s

, and estimated run-time to solve the problem ^ r

s are

shown for each algorithm applied to each matching problem. Times are in seconds on a Lisp Machine.

Image 2 to Image 1 Image 1 to Image 2Algorithm.

P

r

^

t s

^ r s

^

P s r t s

^ r s

fuTl-p219299 47spective 0:29 172 9 1; 8 wts v0 3:18 63 18 1; 134

hybrid:02 6 149 894:01 5 299 1; 495hybrid-subset 0:09 25 32 800:06 11 49 539

lost when absolute time to solve the problem is considered.

The estimated or expected run-time ^ r sneeded to solve a given problem with 95% con�dence is the

product of the number of trials needed ^t s (equation 2) and the average run-time p2r trial. These times

are plotted for the problems with and without sign-of-contrast in Figur1 8c and Figure 8d resp2ctively.

The av

(d) onstore %end(plot) %% End of File. %%EndDocument endTexFig 0 2219 a Fo(Figure)17 b(9:)24 b(Confusing)18 b(p)q(oses)f(for)g(images)g(1)g (and)g(2.)26 b(a))17 b(landmark)g(pro)s(jected)g(o)o(v)o(er)f(image)i(2)f (data)f(as)h(it)h(w)o(ouTd)0 2274 y(app)q(ear)h(from)f(image)g(1)g(p)q(osel)i (b))e(successfuT)i(reco)o(v)o(ery)e(of)g(correct)g(matc)o(h)gr pose, c) landmark pro jected

over image 1 data as it would be seen from image 2 pose. d) successfuT recovery of correct match and

pose.

21 hybrid-subset algorithm is stiTl lower than the best time of either of the other two algorithms. Using

the C version of the hybrid-subset(i(algorithm)e(on)h(a)f(Decstaef /won)g(5000,)i(^)-25 b Fl(r)1351 1ren y Fg(s)1382 119 y Fo(w)o(ould)14 b(drop)f(to)g(16)g(and)h(11) f(seconds)0 197 y(resp)q(ectiv)o(ely)l(.)90 2+5 y(The)18 b(h)o(ybrid)h (algorithm)f(p)q(2rformed)g(b)q(etter)g(on)g(the)g(mo)q(dest)g(p)q(ose)g (errors)f(in)i(the)f(previous)h(secef /won)f(while)0 353 y(the)h(h)o (ybrid-subset)i(algorithm)e(p)q(2rformed)g(b)q(est)g(on)g(the)g(larger)g(p)q (ose)h(error)e(problems)i(in)g(this)f(secef /won.)32 b(This)0 (31 y(is)17 b(a)g(rather)f(smaTl)h(amoun)o(t)f(of)h(data)f(up)q(on)h(whic)o (h)h(to)e(dra)o(w)g(general)h(conclusions;)i(ho)o(w)o(ev)o(er,)d(it)h(do)q (es)g(suggest)f(a)0 509 y(p)q(ossible)h(trend.)0 661 y Fn(4)69 b(Con25sion)0 784 y Fo(The)17 b(indo)q(or)g(rob)q(ot)f(na)o(vigaef /won)h (problems)g(presen)o(ted)g(motiv)m(ated)g(us)g(to)f(dev)o(elop)h(the)g(quan)o (titativ)o(ely)g(accurate)0 8m2 y(fuTl-p)q(2rsp)q(ectiv)o(e)22 b(matc)o(hing)c(algorithms)h(presen)o(ted)g(in)g(this)g(pap)q(2r.)31 b(These)18 b(algorithms)h(are)f(needed,)j(in)e(part,)0 9(0 y(b)q(ecause)f(those)f(featur1s)f(whic)o(h)i(most)e(accurately)h(det219299 47mine)h (rob)q(ot)e(p)q(ose)i(are)e(most)g(sensitiv)o(2)i(to)e(p)q(2rsp)q(2ctiv)o(e)0 1018 y(e�ects.)k(F)l(or)15 b(instance,)h(the)f(baseb)q(oards)g(in)h(the)g (hallw)o(a)o(y)f(constrain)h(the)f(left-to-righ)o(t)h(placemen)o(t)g(of)f (the)g(rob)q(ot.)0 1096 y(Finding)h(the)f(do)q(orw)o(a)o(y)f(at)h(the)g(end)g (of)g(the)g(hallw)o(a)o(y)g(constrains)g(the)g(distance)h(of)f(the)g(rob)q (ot)f(from)g(the)h(do)q(orw)o(a)o(y)l(,)0 1173 y(but)e(o�219299 47s)f(little)j (side-to-side)g(constrain)o(t.)j(Our)c(exp)q(erience)h(suggests)e(it)g (simply)h(isn’t)g(p)q(ossible)g(to)f(reliably)i(solv)o(2)0 1251 y(these)g(haTlw)o(a)o(y)h(matc)o(hing)f(problems)h(and)f(reco)o(v)o(er)g (rob)q(ot)f(p)q(ose)i(using)g(w)o(2ak-p)q(ersp)q(ectiv)o(e)g(matc)o(hing.)90 1329 y(The)f(systematic)g(ev)m(aluation)h(of)e(alternativ)o(e)h(searc)o(h)g (heuristics)h(presen)o(ted)f(in)h(this)f(pap)q(er)h(exempli�es)g(ho)o(w)0 1407 y(lo)q(cal)22 b(searc)o(h)e(matc)o(hing)h(can)g(b)q(e)h(tested)e(in)i(a) e(particuTar)i(appliginion)g(domain.)37 b(These)21 b(tests)f(rev)o(ealed)i (that)0 1485 y(while)d(in)o(tro)q(ducing)f(3D)f(p)q(ose)g(determination)h(in) o(to)f(the)g(matc)o(hing)g(pro)q(cess)h(is)f(essen)o(tial,)h(less)g (computationally(of1563 y(demanding)i(appro)o(ximations)f(can)g(stiTl)h(pla)o (y)f(a)g(vital)g(role.)32 b(The)19 b(fuTl-p)q(e71.)q(ectiv)o(e)j(algorithm(d (using)g(3D)g(p)q(ose(of1641 y(det2rminaef /won)12 b(in)g(all)g(phases)f(of)g (searc)o(h)g(solv)o(ed)h(all)g(the)f(problems)h(presen)o(ted.)19 b(Ho)o(w)o(2v)o(er,)10 b(the)h(h)o(ybrid)h(algorithms,)0 1719 y(with)f(their)h(sparing)f(use)g(of)g(3D)f(p)q(ose)h(and)g(primary)g (reliance)i(up)q(on)f(closed-form)f(w)o(eak-p)q(ersp)q(ectiv)o(e)h (�tting,)g(solv)o(2d)0 1797 y(aTl)k(the)f(same)g(problems)h(and)g(in)g (less)f(time.)90 1875 y(While)g(rob)q(ot)e(na)o(vigation)g(is)h(one)g(domain) g(where)f(p)q(e7sp)q(ectiv)o(2)i(pla)o(ys)f(an)f(imp)q(ortan)o(t)g(role,)h (there)g(are)f(others.)0 1953 y(F)l(or)j(example,)i(augmen)o(ted)f(realit)o (y)g(systems)g(m)o(ust)f(det219299 47mine)i(the)g(p)q(ose)f(of)f(ob)s(jects)h (relativ)o(e)g(to)g(the)g(observ)o(er.)0 2031 y(F)l(uture)e(w)o(ork)f(is)i (exp)q(ected)g(to)e(transfer)g(the)h(tec)o(hniques)i(demonstrated)d(in)i (this)f(pap)q(e7)h(to)e(this)ir)h()f(other)f(other)0 2109 y(applicaef /won)R (domains.)j(Curren)o(t)14 b(w)o(ork)h([SB94)o(])g(is)g(also)g(b)q(eginning)i (to)e(extend)g(these)h(tec)o(hniques)g(to)e(m)o(utlisensor)0 2187 y(recognition)d(problems)h(where)f(ob)s(ject)f(and)h(sensor)f(geometry)g (sim)o(ultaneously)i(constrain)f(ob)s(ject)f(p)q(ose)h(and)g(sensor)0 2265 y(registration.)990 28m5 y(22)p eop %%Page: 23 25 23 24 bop 0 42 a Fn(References)0 149 y Fo([AD90])47 b(Nirw)o(an)14 b(Ansari)h(and)g(Edw)o(ard)g(J.)f(Delp.)20 b(P)o(artial)15 b(shap)q(e)g(recognief /won:)20 b(A)15 b(landmark-based)h(approac)o(h.)188 204 y Fk(IEEE)f(T)m(r)n(ans.)f(on)i(Pattern)g(A)o(nalysis)f(and)h(Machine)g (Intel)r(ligenc)n(e)p Fo(,)c(12(5):470)h({)i(485,)f(Ma)o(y)g(1990.)0 296 y([AF8m])52 b(N.)15 b(Ay)o(ac)o(he)h(and)g(O.)f(D.)h(F)l(aug219299 47as.)21 b(Hyp)q(2r:)g(A)16 b(new)g(approac)o(h)g(for)f(the)h(recognition)g(and)g(p)q (ositioning)188 351 y(of)j(2-d)i(ob)s(jects.)34 b Fk(IEEE)20 b(T)m(r)n(ans.)f(on)i(Pattern)g(A)o(nalysis)e(and)i(Machine)f(Intel)r(ligenc) n(e)p Fo(,)f(8(1):44)f({)i()4,)188 (06 y(Jan)o(uary)15 b(1986.)0 498 y([Bai85])49 b(Henry)15 b(S.)h(Baird.)21 b Fk(Mo)n(del-Base)n(d)15 b(Image)i(Matching)f(Using)f(L)n(o)n(c)n(ation)p Fo(.)k(MIT)d(Press,)e(Cam)o (bridge,)i(MA,)188 )53 y(1985.)0 644 y([Bal81])49 b(Dana)20 b(H.)g(BaTlard.)37 b(Gen219299 47alizing)23 b(the)d(Hough)h(transform)e(to)h(detect) h(arbitrary)f(shap)q(es.)37 b Fk(Pattern)188 700 y(R)n(e)n(c)n(o)n(gnieion)p Fo(,)12 b(13(2):111)h({)i(122,)f(1981.)0 791 y([BC82])51 b(R.)18 b(C.)f(BoTles)ir)h()f(R.)g(A.)g(Cain.)29 b(Recognizing)20 br)h()e(lo)q(cating)h(partially(g(visible)h(ob)s(jects:)25 b(the)18 b(lo)q(cal-)188 846 y(feaeur1-fo)q(cus)d(metho)q(d.)20 b Fk(International)15 b(Journal)h(of)h(R)n(ob)n(otics)e(R)n(ese)n(ar)n(ch)p Fo(,)f(1(3):57)f({)i(82,)f(1982.)0 938 y([Bev92])40 b(J.)17 b(Ross)h(Bev)o(eridge.)29 b(Comparing)18 b(Subset-con)o(v)o(ergen)o(t)gr)h()g (V)l(ariable-depth)h(Lo)q(cal)g(Searc(o(h)f(on)g(P)o(2r-)188 9%%EndBinary y(sp)q(ectiv)o(e)e(Sensitiv)o(e)g(Landmark)g(Rhbosin)g(Problems.)21 b(In)16 b Fk(Pr)n(o)n(c)n(e)n(e)n(dings:)i(SPIE)d(Intel)r(ligent)f(R)n(ob)n (ots)188 1048 y(and)20 b(Computer)h(Vision)e(XI:)h(A)o(lgorithms,)h(T)m(e)n (chniques,)e(and)h(A)n(ctive)g(Vision)990.,)f(v)o(olume)h(1825,)f(pages)188 1104 y(168)14 b({)h(179.)f(SPIE,)h(No)o(v)o(em)o(b)q(er)g(1992.)0 1195 y([Bev93])40 b(J.)14 b(Ross)h(Bev)o(eridge.)21 b Fk(L)n(o)n(c)n(al)14 b(Se)n(ar)n(ch)h(A)o(lgorithms)h(for)g(Ge)n(ometric)h(Ob)n(ejct)e(R)n(e)n(c)n (o)n(gnieion:)k(OptimaT)d(Cor-)188 1250 y(r)n(esp)n(ondenc)n(e)e(and)i(Pose)p Fo(.)k(PhD)15 b(thesis,)g(Univ)o(ersit)o(y)h(of)f(Massac)o(h)o(uesetts)f(at)g (Amherst,)h(Ma)o(y)f(1993.(of1342 y([BHR8m])22 b(J.)16 b(B.)g(Burns,)h(A.)f (R.)g(Hanson,)h(and)f(E.)g(M.)f(Riseman.)24 b(Exdhcting)16 b(straigh)o(t)grlines.)24 b Fk(IEEE)17 b(T)m(r)n(imithm)n)188 1397 y(Pattern)h(A)o(nalysis)er)h()i(Machine)g(Intel)r(ligenc)n(e)p Fo(,)c(P)l(AMI{8(4):425)h({)i(456,)f(JuTy)i(1986.)0 1488 y([BR92a])28 b()n(c9 b(Ross)h(Bev)o(eridge)h(and)g(Edw)o(ard)e(M.)g(Riseman.) 36 b(Can)19 b(T)l(o)q(o)h(Muc)o(h)g(P)o(ersp)q(2ctiv)o(e)h(Sp)q(oil)h(the)e (View?)188 1544 y(A)d(Case)g(Study)h(in)g(2D)f(A�ne)g(V)l(219299 47sus)h(3D)f(P)o (ersp)q(ectiv)o(e)h(Mo)q(del)g(Matc)o(hing.)26 b(In)18 b Fk(Pr)n(o)n(c)n(e)n (e)n(dings:)k(Image)188 1599 y(Understanding)10 b(Workshop)p Fo(,)i(pages)f(665)f({)g(663,)g(San)h(Mateo,)f(CA,)g(Jan)o(uary)g(1992.)g (Morgan)f(Kaufmann.(of1690 y([BR92b])26 b(J.)16 b(Ross)g(Bev)o(2ridge)i(and)e (Edw)o(ard)g(M.)g(Riseman.)24 b(Hybrid)18 b(W)l(2ak-P)o(ersp)q(ectiv)o(e)f r)h()g(F)l(uTl-P)o(219299 47sp)q(2ctiv)o(e)188 1746 y(Matc)o(hing.)33 b(In)20 b Fk(Pr)n(o)n(c)n(e)n(e)n(dings:)27 b(IEEE)19 b(1992)i(Computer)g(So) n(ciety)f(Conetr)n(enc)n(e)f(on)h(Computer)h(Vision)188 1801 y(and)16 b(Pattern)g(R)n(e)n(c)n(o)n(gnieion)990.,)d(pages)i(432)f({)h(438.) f(IEEE)h(Computer)g(So)q(ciet(o(y)l(,)h(June)g(1992.)0 1892 y([Bre90])46 b(Thomas)13 b(M.)h(Breuel.)20 b(An)14 b(e�cien)o(t)i(corresp) q(ondence)f(based)g(algorithm)f(for)g(2D)g(and)h(2D)e(mo)q(del)j(based)188 1947 y(recognition.)k(A.I.)15 b(Memo)g(1259,)e(MIT,)i(MIT)g(AI)h(Lab,)f (Octob)q(er)h(1990.)0 2039 y([Bro82])43 b(Christopher)15 b(M.)f(Bro)o(wn.)20 b(Bias)1) b(and)g(noise)h(in)g(the)f(Hough)h(transform)d(1:)20 b(Theory)l(.)g(T)l(ec)o(hnical)d(Rep)q(ort)188 2094 y(TR)e(-)g(105,)f (Computer)h(Science)i(Departmen)o(t,)d(Univ)o(ersit)o(y)i(of)f(Ro)q(c)o (hester,)g(June)h(1982.)0 218m y([BWR89])22 b(J.)e(Ross)f(Bev)o(eridge,)j (Ric)o(h)f(W)l(2iss,)g(and)f(Edw)o(ard)f(M.)h(Riseman.)34 b(Optimization)22 b(of)d(2-dimensional)188 2241 y(mo)q(del)j(matc)746 .)39 b(In)23 b Fk(Pr)n(o)n(c)n(e)n(e)n(dings:)30 b(Image)22 b(Understanding)f (Workshop)p Fo(,)j(pages)e(815)e({)i(830,)g(Los)188 2296 y(Altos,)14 b(CA,)h(June)h(1989.)e(D)o(ARP)l(A,)h(Morgan)f(Kaufmann)h(Publishers,)i(Inc)f ((Also)f(a)g(T)l(ec)o(h.)g(Rep)q(ort).)0 2388 y([BWR90])22 b(J.)16 b(Ross)g(Bev)o(eridge,)h(Ric)o(h)g(W)l(eiss,)g(and)f(Edw)o(ard)g(M.)g (Riseman.)23 b(Com)o(binatorial)17 b(Optimizaef /won)h(Ap-)188 2443 y(plied)g(to)d(V)l(ariable)j(Scale)f(2D)f(Mo)q(del)h(Matc)o(hing.)23 b(In)16 b Fk(Pr)n(o)n(c)n(e)n(e)n(dings)f(of)j(the)f(IEEE)f(International)g (Con-)188 2498 y(fer)n(enc)n(e)e(on)i(Pattern)h(R)n(e)n(c)n(o)n(gnition)d (1990,)j(A)o(tlantic)f(City)p Fo(,)e(pages)h(18)g({)f(23.(h(IEEE,)g(June)h (1990.)0 2)90 y([Cas92])42 b(T)l(o)q(dd)15 b(A.)f(Cass.)19 b(P)o(olynomial-time)d(ob)s(ject)e(recognition)h(in)h(the)f(pressence)g(of)g (clutter,)g(o)q(c25sion,)h(and)188 2645 y(uncertain)o(t)o(y)l(.)26 b(In)18 b Fk(Pr)n(o)n(c)n(e)n(e)n(dings:)23 b(Image)18 b(Und219299 47standing)f (WorSshop)990.,)h(pages)f(693)g({)g(704,)g(San)g(Mateo,)188 2+00 y(CA,)d(Jan)o(uary)h(1992.)f(D)o(ARP)l(A,)h(Morgan)f(Kaufman.)990 2865 y(23)p eop %%Page: 24 91 6 24 25 bop 0 42 a Fo([CHS90])24 b(Mauro)17 b(Costa,)g(Rob)q(ert)h(M.)f (Haralic)o(k,)i(and)f(Linda)i(G.)d(Shapiro.)29 b(OptimaT)19 b(a�ne)f(-)g(in)o(v)m(arian)o(t)g(p)q(oin)o(t)188 97 y(matc)o(hing.)d(In)f Fk(Pr)n(o)n(c)n(e)n(e)n(dings)e(of)i(the)g(IEEE)70)ternational)g(Coneer)n (enc)n(e)f(on)i(Pattern)g(R)n(e)n(c)n(o)n(gnieion)e(1990,)188 152 y(A)o(tlantic)j(City)990.,)f(pages)h(233)g({)f(236.)g(IEEE,)h(June)i (1990.)0 245 y([Da)o(v82])3) b(Larry)11 b(S.)g(Da)o(vis.)i(Hierarc)o(hical)g (gen219299 47alized)g(Hough)e(transforms)f(and)i(line-segmen)o(t)h(based)e (gen2ralized)188 300 y(Hough)k(transforms.)R Fk(Pattern)e(R)n(e)n(c)n(o)n (gnieion)990.,)d(15(4):277)g({)i(285,)f(1982.)0 392 y([D)o(Y80])48 b(Larry)15 b(S.)i(Da)o(vis)f(and)g(S.)g(Y)l(am.)23 b(A)16 b(gen2ralized)i (Hough-lik)o(2)g(transformation)d(for)h(shap)q(2)h(recognosin.)188 448 y(T)l(2c)o(hnical)g(Rep)q(ort)e(TR{134lorerUniv)o(ersit)o(y)i(of)f(T)l (exas,)f(Computer)h(Science,)i(1980.)0 )40 y([FHR)110 524 y Fj(+)139 5(0 y Fo(90])290])29Blaude)15 b(F)l(2ndw ma,)g(Allen)h(Hanson,)e(Edw)o (ard)f(Riseman,)j(J.)e(R.)g(Bev)o(2ridge,)h(and)g(R.)f(Kg(nar.)k(Mo)q(del-)188 595 y(directed)g(mobile)h(rob)q(ot)d(na)o(vigaeion.)26 b Fk(IEEE)18 b(T)m(r)n(imie(on)i(Syst.,)g(Man,)g(Cyb)n(ern.)p Fo(,)e(20(6):1352)e({)R (1369,)188 651 y(No)o(v)o(em)o(b)q(er/Decem)o(b)q(er)d(1990.)0 743 y([GH88])46 b(W.)17 b(E.)h(L.)h(Grimson)f(and)h(D.)f(P)l(.)g(Huttenlo)q (c (c lter)30 b(On)19 b(the)g(Sensitivit)o(y)h(of)e(the)h(Hough)f(T)l(ranform) g(for)188 798 y(Ob)s(ject)13 b(Recognieion.)18 b(In)c Fk(Pr)n(o)n(c.)f(of)i (the)g(International)e(Coneer)n(enc)n(e)f(on)i(Computer)i(Vision)p Fo(,)c(pages)h(700)188 8)4 y({)h(706,)g(1988.)0 946 y([GH90])46 b(W.)16 b(Eric)h(L.)g(Grimson)f(and)h(Daniel)h(P)l(.)f(Huttenlo)q(c,)g(1l.)25 b(On)17 b(the)g(Sensitivit)o(y)i(of)d(Geometric)h(Hashing.)eth001 y(In)i Fk(Pr)n(o)n(c)n(c)n(e)n(dings:)26 b(ICCV)18 b(3)p Fo(,)i(pages)f(334)g({)f(338,)h(Osak)m(a)h(Japan,)g(Decem)o(b)q(er)f(1990.)f (IEEE)h(Computer)188 10)7 y(So)q(ciet)o(y)l(,)c(IEEE)h(Computer)e(So)q(ciet)o (y)i(Press.)0 1149 y([Glo89])45 b(F.)14 b(Glo)o(v)o(2r.)19 b(T)l(abu)d(searc)o(h)f({)g(part)f(i.)21 b Fk(ORSA)15 b(Journal)h(on)h (Computing)990.,)d(1(3):190)f({)i(206,)f(1989.)0 1242 y([GLP84])21 b(P)l(.)15 b(C.)f(Gaston)g(and)h(T.)f(Lozano-P)o(�)-21 b(erez.)18 b(T)l(actile)e(rhboef /won)fr localizaeion using ob ject models:

The case of polyhedra on a IEEE Trins. on Pattern Analysis and Machine Intel ligence,

PAMI { 6:+21 { 741, May 1984.

[GLP8+] W. E. L. Grimson and T. Lozano-P�erez. Localizing overdefpping parts by searc in-

terpretaef /won tree. IEEE Trans. on Pattern Analysis and Machine Intel ligence, 9(3):469 {482,

1987.

[Gri90a] W. E. L. Grimson. The Combinatorics of Ob ject Recognieion in Cluterred Environments

Using Constrained Search. Arti�cial Intel ligence, 44(1):121 { 165, JuTy 1990.(of17957.)i90b] W. Eric L. Grimson. Object Recognition by Computer: The Role of Geometric Constriints.

IntelT Press, Cambridge, MA, 1990.

[Gri90c] W. Eric L. Grimson.(27 b(The)19 b(E�2ct)e(of)g(Indexing)j(on)e (the)g(Complexit)o(y)g(of)f(Ob)s(ject)h(Rhboeion.)29 b(In)188 1998 y Fk(Thir)n(d)13 b(Internaef /wonal)f(Conetr)n(enc)n(e)f(on)i(Computer)h (Vision)9 Fo(,)e(pages)g(644)f({)g(651.)g(IEEE,)h(IEEE)g(Computer)188 20)4 y(So)q(ciet(o(y)j(Press,)g(Decem)o(b)q(e7)h(1990.(0 2146 y([GTM89])21 b(P)o(aul)13 b(G.)f(Gottsc)o(halk,)h(Jerry)g(L.)g(T)l(urney)l(,) h(and)f(T)l(rev)o(or)g(N.)f(Mudge.)17 b(E�cien)o(t)c(recognoef /won)h(of)f (partially(188 2201 y(visible)18 b(ob)s(jects)e(using)h(a)f(logarithmic)h (complexit)o(y)g(matc)o(hing)f(tec)o(hnique.)25 b Fk(Internaef /wonal)16 b(Journal)h(of)188 2257 y(R)n(ob)n(otics)e(R)n(ese)n(ar)n(ch)p Fo(,)f(8(6):110)f({)i(131,)f(Decem)o(b)q(er)h(1989.)0 2349 y([Hor90])41 b(B.)17 b(K.)h(P)l(.)f(Horn.(27 b(Relativ)o(2)19 b(orien)o(tation.)28 b Fk(Internaeional)17 b(Journal)i(of)g(Computer)g (Vision)p Fo(,)e((:59)f({)i(78,)188 2404 y(1990.)0 2497 y([HU90])48 b(Daniel)15 b(P)l(.)g(HutteVlo)q(c,o(her)g(and)g(Shimon)h(UTlman.)k rRecognizing)d(solid)f(ob)s(jects)e(b)o(y)h(alignmen)o(t)g(with)g(an)188 2552 y(image.)k Fk(Internaeion)d(Journal)g(of)g(Computer)h(Vision)p Fo(,)d(5(2):195)f({)i(6 0.8,)f(No)o(v)o(em)o(b)q(er)h(1990.)0 def /imbuf w45 y([Hw)o(a89])27 b(Vincen)o(t)21 b(S.)f(S.)h(Hw)o(ang.)35 b(Rhbozing)23 br)h()d(lo)q(cating)i(partially)f(o)q(ccluded)i(2-d)d(ob)s (jects:)30 b(Sym)o(b)q(olic)188 2700 y(25stering)15 b(metho)q(d.)k Fk(IEEE)14 b(T)m(r)n(ans.)g(on)h(Syst.,)g(Man,)g(Cyb)n(ern.)p Fo(,)d(19(6):1644)g({)i(1656,)f(No)o(v)o(em)o(b)q(er)g(1989.)990 28m5 y(24)p eop %%Page: 25 27 25 26 bop 0 42 a Fo([IK88])65 b().)14 b(ITlingw)o(orth)i(and)f(J.)g(Kittler.) 20 b(A)14 b(surv)o(ey)h(of)f(the)h(Hough)g(transform.)i Fk(Computer)g (Vision,)e(Gr)n(iphics,)188 97 y(and)h(Image)g(Pr)n(o)n(c)n(essing)p Fo(,)c(44:87)i({)h(116,)f(1988.)0 189 y([KH89])47 b(Rak)o(esh)16 b(Kgmar)h(and)g(ATlen)h(Hanson.)25 b(Robust)16 b(Estimation)h(of)f(Cam219299 47a)g (Lo)q(cation)h(and)g(Orien)o(taef /won)188 245 y(from)11 b(ourisy)h(Data)f(ha)o (ving)h(Outliers.)k(In)d Fk(Pr)n(o)n(c.)g(of)g(IEEE)g(WorSshop)h(on)f (Interpr)n(etaeion)g(of)g(3D)h(Sc)n(enes)990.,)188 300 y(pages)g(52)h({)g (60,)f(Austin,)i(TX,)f(1989.)e(IEEE.)0 392 y([KH90])47 b(Rak)o(2sh)12 b(Kgmar)f(and)h(ATlen)i(Hanson.)g(Analysis)f(of)e(Di�2ren)o(t)h(Robust)g (Metho)q(ds)g(for)f(P)o(ose)g(Re�nemen)o(t.)188 448 y(In)h Fk(Pr)n(o)n(c.)h(of)h(IEEE)f(Workshop)h(on)g(R)n(obust)g(Metho)n(ds)f(in)g (Computer)h(Vision)p Fo(,)e(pages)g(161)f({)nter82,)g(Seattle,)188 503 y(W)-5 b(A,)14 b(1990.)g(IEEE.)0 596 y([KH94])47 b(Rak)o(esh)14 b(Kgmar)g(and)h(ATlen)h(R.)e(Hanson.(k(Robust)d(Metho)q(ds)f(for)g (Estimating)g(P)o(ose)g(and)g(a)g(Sensitivit)o(y)188 651 y(Analysis.)20 b Fk(CV)o(GIP:Image)15 b(Und2rstanding)p Fo(,)f(11:(to)f(app)q(ear)i(in)h (No)o(v)o(2m)o(b)q(er),)e(1994.)0 743 y([KJ8m]))8 b(T.)22 b(F.)f(KnoTl)kr)h()e(R.)f(C.)g(Jain.)43 b(Rhbozing)25 b(partially(f (visible)g(ob)s(jects)e(using)i(feaeure)e(indexed)188 799 y(h)o(yp)q (otheses.)e Fk(IEEE)15 b(Journal)h(of)h(R)n(ob)n(otics)e(and)i(A)o(utomaef /won) 990.,)e(2:3)f({)h(13,)f(1986.)0 891 y([KL+2])53 b(B.)17 b(W.)g(Kernighan)h r)h()g(S.)f(Lin.)28 b(An)18 b(e�cien)o(t)grheuristic)h(pro)q(cedur1)g(for) e(partief /woning)h(graphs.)27 b Fk(Bel)r(l)188 946 y(Systems(15 b(T)m(e)n(ch.)g(Journal)990.,)g(49:291)e({)i(307,)f(19+2.)0 1039 y([KSSS8m])23 b(Alan)e(Kal.in,)i(Edith)e(Sc)o(hon)o(b)q(erg,)h(Jacob)e (T.)g(Sc)o(h)o(w)o(artz,)h(and)f(Mic)o(ha)h(Sharir.)36 b(Tw)o(o-dimensional,) 188 1094 y(mo)q(del-based,)23 b(b)q(oundary)e(matc)7(hing)g(using)g(fo)q (otprin)o(ts.)36 b Fk(The)21 b(International)g(Journal)g(of)h(R)n(ob)n(otics) 188 1150 y(R)n(ese)n(ir)n(ch)990.,)13 b(5(4):38)g({)i()5,)g(1986.)0 1242 y([Kgm89])22 b(Rak)o(esh)16 b(Kg(nalter)k(Determination)c(of)f(Camera)g(Lo) q(caef /won)h(and)f(Orien)o(tation.)21 b(In)16 b Fk(Pr)n(o)n(c)n(e)n(e)n(dings:) j(Image)188 1297 y(Und2rstanding)i(WorSshop)p Fo(,)j(pages)d(870)g({)h(881,)g (Los)g(Altos,)h(CA,)e(June)i(1989.)d(D)o(ARP)l(A,)i(Morgan)188 1353 y(Kaufmann)15 b(Publishers,)i(Inc.)0 1445 y([Kgm92])22 b(Rak)o(esh)11 b(Kg(nal.)h Fk(Mo)n(del)f(Dep)n(endent)g(Inetr)n(enc)n(e)f(of)i (3D)g(Information)g(F)m(r)n(om)f(a)h(Se)n(quenc)n(e)f(of)h(2D)g(Images)p Fo(.)188 1500 y(PhD)j(thesis,)g(Univ)o(ersit)o(y)h(of)f(Massac)o(h)o(usetts,) e(Amh219299 47st,)i(F)l(ebruary)g(1992.)0 1593 y([LB83])56 b(Da)o(vid)15 b(G.)g(Lo)o(w)o(e)g(and)h(T.)f(O.)h(Binford.)21 b(The)16 b(P)o(2rceptual)g (Organization)h(of)e(Visual)i(Images:)j(SegUen-)188 1648 y(taeion)15 b(as)g(a)g(Basis)h(for)f(Rhcognosin.)23 brIn)16 b Fk(Pr)n(o)n(c.)g(Image)g (Und2rstanding)g(WorSshop,)h(Stanfor)n(d)990.,)e(pages)188 1704 y(203)f({)n(209,)f(June)i(1983.(0 1+96 y([Lin65])51 b(S.)12 b(Lin.)18 b(Computer)12 b(solutions)i(of)e(the)h(tra)o(v)o(eling)g(salesman)h (problem.)i Fk(Bel)r(l)e(S pop}tic)omput.)i(J.)p Fo(,)e(((:2245)188 1851 y({)h(22m9,)g(1965.(of1944 y([LK73])53 b(S.)12 b(Lin)j(and)e(B.)f (Kernighan.)18 b(An)13 b(e�ectiv)o(2)g(heuristic)i(algorithm)e(for)f(the)h (tra)o(v)o(eling)g(salesman)h(problem.)188 1999 y Fk(Op)n(er)n(aef /wons)h(R)n (ese)n(ar)n(ch)990.,)f(21:498)f({)i(516,)f(19+3.(0 2092 y([Lo)o(w80])33 b(Da)o(vid)17 b(G.)g(Lo)o(w)o(e.)26 b(Sol.ing)18 b(for)f(the)h(P)o(aram2ters) d(of)i(Ob)s(ject)h(Mo)q(dels)g(from)f(Image)g(DeU9trptions.)27 b(In)188 2147 y Fk(Pr)n(o)n(c.)15 b(ARP)m(A)h(Image)g(Understading)f (Workshop)990.,)h(pages)f(121)f({)h(127,)f(1980.)0 22(0 y([Lo)o(w85])33 b(Da)o(vid)14 b(G.)g(Lo)o(w)o(e.)k Fk(Per)n(c)n(eptual)e(Or)n(ganizaeion)e r)h()i(Visual)f(R)n(e)n(c)n(o)n(gnieion)9 Fo(.)i(Klu)o(w)o(er)e(Academic)h (Publish-)188 2295 y(ers,)e(1985.)0 2387 y([Lo)o(w91])33 b(Da)o(vid)17 b(G.)f(Lo)o(w)o(e.)25 b(Fitting)17 b(P)o(arameterized)g(Three-Dimensional)i (Mo)q(dels)e(to)g(Images.)25 b Fk(IEEE)17 b(T)m(r)n(ins.)188 2443 y(on)f(Pattern)g(A)o(nalysis)e(and)i(Machine)g(Intel)r(ligenc)n(e)p Fo(,)c(13(5):441)h({)i(450,)f(Ma)o(y)g(1991.)0 2535 y([LSW90])29 b(Y)l(ehezk)o({)d(Lamdan,)g(Jacob)f(T.)f(Sc)o(h)o(w)o(artz,)g(and)h(Haim)g (J.)g(W)l(olfson.)28 b(A�ne)18 b(in)o(v)m(arian)o(t)h(mo)q(del-based)188 2591 y(ob)s(ject)13 b(rhboeion.)18 b Fk(IEEE)c(T)m(r)n(ansacef /wons)f(on)h (R)n(ob)n(otics)h(and)g(A)o(utomaeion)p Fo(,)f(6(5):578)d({)R(589lorerOctob) q(e7)188 2646 y(1990.)990 2865 y(25)p eop %%Page: ren 28 26 2+ bop 0 42 a Fo([L)-5 b(W88])46 b(Y.)21 b(Lamdan)g(and)h(H.)f(J.)g(W)l (olfson.)38 b(Geometric)22 b(hashing:)33 b(A)21 b(gen2ral)h(and)f(e�cien)o (t)i(mo)q(del-based)188 97 y(recognoeion)16 b(sc)o(heme.)k(In)c Fk(Pr)n(o)n(c.)g(IEEE)7(Se)n(c)n(ond)g(Int.)h(Cone.)f(on)i(Computer)g(Vision) 9 Fo(,)d(pages)h(238)f({)h(249,)188 152 y(T)l(ampa,)f(Decem)o(b)q(er)i(19)f(f) 0 245 y([PFTV88])21 b(William)f(H.)d(Press,)h(Brian)h(P)l(.)e(Flannery)l(,)i (SauT)g(A.)f(T)l(euk)o(olsky)l(,)g(and)h(WiTliam)g(T.)f(V)l(etterling.)29 b Fk(Nu-)188 300 y(meric)n(al)15 b(R)n(e)n(cip)n(es)g(in)h(C)p Fo(.)j(Cam)o(bridge)d(Univ)o(2rsit)o(y)f(Press,)g(Cam)o(bridge,)g(1988.)0 392 y([PS82])60 b(Christos)16 b(H.)h(P)o(apadimitriou)h(and)g(Kenneth)g (Steiglitz.)27 b Fk(Combinatorial)18 b(Optimization:)24 b(A)o(lgorithms)188 448 yr)h()14 b(Complexity)990.,)g(c)o(hapter)f(Lo)q(cal)i(Searc)o(h,)f (pages)f(454)g({)g(480.)k(Pren)o(tice{HaTl,)e(Englew)o(o)q(o)q(d)f(Cli�s,) g(NJ,)188 503 y(1982.)0 596 y([Ram90])29 b(Ram2sh)e(C.)g(Jain)h(and)f(Anil)i (K.)e(Jain)h((editors).)35 b Fk(A)o(nalysis)19 b(and)i(Iterpr)n(etaeion)g (of)g(R)n(ange)f(Images)p Fo(.)188 651 y(Spring219299 47-V)l(erlag,)c(New)f(Y)l (ork,)g(1990.(0 743 y([SB94])59 b(An)o(thon)o(y)19 b(N.)g(A.)g(Sc)o(h)o(wic)o (k)o({rath)g(and)h(J.)f(Ross)g(Bev)o(eridge.)34 b(Mo)q(del)20 brto)f(Multisensor)h(Coregistraef /won)188 799 y(with)c(Eigh)o(t)grDegrees)g(of) f(F)l(reedom.)22 b(In)17 b Fk(Pr)n(o)n(c)n(e)n(e)n(dings:)j(Image)c (Und219299 47standing)g(WorSshop)p Fo(,)h(pages)f(481)188 854 y({)e(490,)g(Los)i (Altos,)e(CA,)h(No)o(v)o(em)o(b)q(er)g(1994.)f(ARP)l(A,)h(Morgan)f(Kaufmann.) 0 9(6 y([SHD8m])22 b(T.)c(M.)h(Silb)q(erb)q(erg,)k(D.)18 b(Harw)o(o)q(o)q(d,) i(and)g(L.)f(S.)h(Da)o(vis.)32 b(Ob)s(ject)20 b(recognoeion)g(using)g(orien)o (ted)g(mo)q(del)188 1002 y(p)q(oin)o(ts.)g Fk(Computer)d(Vision,)e(Gr)n (aphics,)h(and)h(Image)f(Pr)n(o)n(c)n(essing)990.,)c(3):47)i({)h(71,)f (1986.)0 1094 y([SM90])49 b(F)l(ridtjof)15 b(Stein)i(and)f(G)o(�)-21 b(erard)14 b(Medioni.)23 b(Gra)o(yco)q(de)15 b(represen)o(tation)hr)h()g (indexing:)23 b(F)l(ast)15 b(t)o(w)o(o)g(dimen-)188 1150 y(sional)h(ob)s (ject)e(rhcognoef /won.)21 b(In)16 b Fk(Pr)n(o)n(c)f(of)i(10th)g(ICPR)p Fo(,)d(page)h(?,)g(A)o(tlan)o(tic)g(Cit)o(y)l(,)g(June)i(1990.(0 1242 y([SM92])49 b(F)l(ridtjof)11 b(Stein)ir)h()f(G)o(�)-21 b(219299 47ard)10 b(Medioni.)16 b(Recognosin)d(of)f(3-d)g(ob)s(jects)f(from)g(2-d)h (groupings.)j(In)d Fk(Pr)n(o)n(c)n(e)n(e)n(d-)188 1297 y(ings:)20 b(Image)d(Und2rstanding)e(WorSshop)p Fo(,)i(pages)e(667)g({)g(674,)g(San)h rMateo,)e(Jan)o(uary)i(1992.)e(D)o(ARP)l(A,)188 1353 y(Morgan)g(Kaufmann.)0 1445 y([SR89])58 b(R.)13 b(Sitaraman)hr)h()g(A.)g(Rosenfeld.)19 b(Probabilistic)d(analysis)e(of)g(t)o(w)o(o)e(stage)h(matc)o(hing.)18 b Fk(Pattern)d(R)n(e)n(c)n(o)n(g-)188 1500 y)o(er)fosin)990.,)f(22(3):331)e({) jlud43, of15%%EndBinary y([Sto8+])50 b(George)12 b(Sto)q(c)o(kman.)17 b(Ob)s(ject)d(recognoeion)h(and)e(lo)q(calization)j(via)e(p)q(ose)g (clustering.)k Fk(Computer)e(Vision,)188 1648 y(Gr)n(aphics,)g(and)g(Image)g (Pr)n(o)n(c)n(essing)9 Fo(,)d((0:361)g({)i(387,)f(1987.)0 1+41 y([TM87])41 b(D.)14 b(W.)h(Thompson)g(and)g(J.)h(Mundy)l(.)21 b(Three-dimensional)c(mo)q(del)g(matc)7(hing)Lo)t an unconstrained18096 y(viewp)q(oin)o(t.)23 b(In)16 b Fk(Pr)n(o)n(c.)h(IEEE)7(International)g (Coneer)n(enc)n(e)f(on)h(R)n(ob)n(otics)h(and)g(A)o(utomaeion)p Fo(,)f(pages)g(208)188 185181 220, 1987.

26