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ABSTRACT

Acomputer vi si on systemhas been devel oped f or real -time moti on tracki ng of 3-D

objects, i ncl udi ng those wi th vari abl e i nternal parameters. Thi s systemprovi des

f or the i ntegrated treatment of matchi ng and measurement errors that ari se dur-

i ng moti on tracki ng. These two sources of error have very di �erent di stri buti ons

and are best handl ed by separate computati onal mechani sms. These errors can

be treated i n an i ntegratedway by usi ng the computati on of vari ance i n predi cted

f eature measurements to determi ne the probabi l i ty of correctness f or eachpotenti al

matchi ng f eature. In return, a best-�rst search procedure uses these probabi l i ti es

to �nd consi stent sets of matches, whi ch el imi nates the need to treat outl i ers dur-

i ng the anal ysi s of measurement errors. The most rel i abl e i ni ti al matches are used

to reduce the parameter vari ance on further i terati ons, mi nimi zi ng the amount of

search requi red f or matchi ng more ambi guous f eatures. These methods al l owfor

much l arger f rame-to-f rame moti ons than most previ ous approaches. The resul t-

i ng systemcan robustl y track model s wi th many degrees of f reedomwhi l e runni ng

on rel ati vel y i nexpensi ve hardware. These same techni ques can be used to speed

veri �cati on duri ng model -based recogni ti on.
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Introduct i on

Wi th recent improvements i n model -based vi si on al gori thms and computer hard-

ware perf ormance, i t wi l l soonbe possi bl e to bui l d l ow-cost, hi gh-rel i abi l i ty systems

f or model -basedmoti on tracki ng. Such systems can be expected to open up a wi de

range of appl i cati ons i n roboti cs by provi di ng machi nes wi th real -time i nf ormati on

about thei r envi ronment. Thi s paper descri bes a number of techni ques f or e�ci entl y

matchi ng parameteri zed 3-Dmodel s to image f eatures. The matchi ng methods are

robust wi th respect to mi ssi ng and ambi guous f eatures as wel l as measurement

errors. The i ni ti al appl i cati on i s i n a systemfor real -time moti on tracki ng of arti cu-

l ated 3-Dobj ects. Wi th the future addi ti on of an i ndexi ng component, these same

techni ques can be used as a component of general model -based recogni ti on as wel l

as moti on tracki ng.

There are two types of errors that must be accountedf or duri ng the recogni ti on

process: matchi ng errors and measurement errors. Each type of error has very

di �erent characteri sti cs andi s best handl edby separate computati onal mechani sms.

In the past, most model -based vi si on systems have been desi gned to mi nimi ze the

i nuence of one of these cl asses of error, but there has been l i ttl e work onmethods

f or simul taneousl y accounti ng f or both. Thi s paper descri bes some methods f or the

i ntegrated treatment of matchi ng andmeasurement errors. In parti cul ar, al l owance

f or matchi ng errors improves the estimati on f or unknown model parameters by

removi ng outl i ers, whi l e accurate computati on of vari ance i n measurements can be

used to l imi t the amount of search duri ng matchi ng.

Matchi ng errors occur due to the mi sl abel i ng of image f eatures that al l ows

i ncorrect image f eatures to be brought i nto correspondence wi thmodel f eatures. As

correct and i ncorrect matches are typi cal l y i ndependent f eatures of the scene, the

l ocati onof an i ncorrect matchdoes not provi de anyuseful i nf ormati onregardi ng the

l ocati on of the correct match. The standardmethod f or handl i ng matchi ng errors

i n model -based vi si on i s to perf orma search, i n whi ch di �erent combi nati ons of

potenti al matches are i ndi vi dual l y eval uated f or consi stency (Brooks 1981; Grimson

& Lozano-P�erez 1987). The drawback of thi s approach i s i ts computati onal cost,

whi chgrows exponenti al l yas l arger subsets of f eatures are consi dered. However, thi s

cost can be mi nimi zed through the probabi l i sti c sel ecti on of the matches that are

most l i kel y to be correct. As rel i abl e veri �cati onof anoverdetermi nedi nterpretati on

al l ows the search to termi nate when a correct set of matches i s f ound, the average

searchtime i s mi nimi zedbyperf ormi ng the searchi ndecreasi ng order of probabi l i ty

of correctness.

Measurements of the l ocati ons of correctl y matched f eatures have a very di f -

f erent di stri buti on of errors. These errors are most easi l y model ed as havi ng a

Gaussi an di stri buti on, whi ch can be represented wi th a mean and vari ance. The

i ndi vi dual f eature errors can be used to compute the vari ances and covari ances f or

al l model parameters. The resi dual of the data �tti ng can be used to eval uate the

consi stency of matches. The optimal estimati on of model parameters f romi ni ti al

matches provi des i nf ormati on f or the probabi l i sti c eval uati on of the correctness of

l ater matches, thereby mi nimi zi ng matchi ng errors as wel l as measurement errors.
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Previ ous approaches

Most previ ous work on model -basedmoti on tracki ng has assumed that vel oci ty or

accel erati on i s sl owrel ati ve to the f requency of image acqui si ti on, al l owi ng each

f eature to be trackedaccordi ng to i ts spati otemporal conti nui ty. When the l ocati on

of f eatures i n each new f rame can be accuratel y predi cted f romprevi ous f rames,

there i s l i ttl e or no ambi gui ty i n matchi ng. By usi ng the averagi ng properti es of

overdetermi ned systems, i t i s possi bl e to tol erate occasi onal i ncorrect matches as

l ong as the errors are l imi ted i n si ze by a smal l search wi ndow, so such systems

can achi eve rel i abl e perf ormance f or f rame-to-f rame moti on of up to several pi xel s.

One of the earl i est systems f or 3-Dmodel -based moti on tracki ng was reported by

Gennery (1982), whi ch tracked Sobel edges wi thi n a 5-pi xel range of predi cted

edges. The predi cti on i ncl uded vel oci ty extrapol ati on and �l teri ng. In separate

work, Gennery (1981) al so exami ned the probabi l i sti c eval uati onof f eature matches

to a model . Verghese et al . (1988; 1990) descri be a systemfor real -time tracki ng of

ri gi d3-Dobj ects, basedon the assumpti onthat f eatures are spati otemporal l y dense

(i . e. , move l ess then one pi xel f romf rame to f rame). Bray (1990) has devel oped a

systemthat i ndi vi dual l y tracks each image edge over short di stances and uses the

moti on of these i ndi vi dual edges to sol ve f or combi ned obj ect moti on. Perhaps the

most dramati c demonstrati on of the approach of usi ng spati otemporal conti nui ty

i s the work of Di ckmanns &Graef e (1988) on the use of Kalman �l teri ng as a

f ramework f or the real -time control of vehi cl es and ai rcraf t f rommovi ng image

sequences. He has demonstrated the abi l i ty to dri ve a van on normal roads at

speeds up to 100 km/hour by tracki ng the roadboundari es wi th sets of correl ati on-

type f eature detectors. Another exampl e of the appl i cati on of Kalman �l teri ng to

moti on tracki ng i s descri bed byWu et al . (1989).

The systemdescri bedi nthi s paper i ncorporates a searchprocess to al l owfor the

possi bi l i ty of errors i n f eature matchi ng, i n addi ti on to usi ng detai l ed propagati on

of error bounds i n f eature measurements. The i terati ve matchi ng procedure al l ows

the most rel i abl e matches to improve the probabi l i ty of correctl y matchi ng other

f eatures. These methods al l owthe range of moti onf romf rame to f rame to be greatl y

i ncreasedwi thout l oss of rel i abi l i ty andwi th onl y modest i ncreases i n computati on.

As such, i t draws on work i n model -based recogni ti on (Lowe 1985, 1987), whi ch

can be seen as the l imi ti ng condi ti on when there are no bounds on moti on f rom

f rame to f rame. The major di �erence i s that tracki ng begi ns i ts search f roma

predi cted l ocati on whi l e recogni ti on requi res a more powerful i ndexi ng method to

generate matchi ng hypotheses f romimage f eatures i n any l ocati on. Previ ous work

on matchi ng f or recogni ti on has pl aced much l ess emphasi s on the propagati on

of parameter vari ance estimates duri ng model veri �cati on. Each task can bene�t

f romboth matchi ng techni ques, so there wi l l no doubt be an eventual mergi ng of

systems f or recogni ti on and tracki ng. Thompson&Mundy (1988) descri be the use

of moti on predi cti on to constrai n a di �erent type of recogni ti on al gori thm, based

on the cl usteri ng of vertex matches i n an a�ne transf ormspace. An approach to

moti on tracki ng usi ng a Hough transf ormspace around the current obj ect posi ti on

i s descri bed by Stephens (1990).
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Model i ng of measurement errors

The search process to be descri bed l ater i s used to el imi nate i ncorrect matches

(outl i ers) f romthe sol uti on set. Theref ore, i t i s reasonabl e to base the quanti tati ve

parameter sol vi ng on the assumpti on of normal l y di stri butedmeasurement errors.

The parameters that must be sol vedf or i ncl ude the ori entati onandposi ti on of each

obj ect as wel l as the posi ti on of any arti cul ated obj ect components.

Anumber of previ ous moti on tracki ng systems have used a Kalman �l ter to

smooth these parameter estimates over time across a number of image f rames.

Thi s i s appropri ate i n appl i cati ons such as aeronauti cs, where i t i s possi bl e to put

preci se l imi ts on the range of accel erati ons that can be expected. However, i n

typi cal roboti cs appl i cati ons there are f ewuseful l imi ts on expected accel erati ons

(e. g. , when obj ects are bumped or col l i de), so that the smoothi ng perf ormed by

the Kalman �l ter woul d be ei ther mi sl eadi ng or i ne�ecti ve. For exampl e, vel oci ty

smoothi ng woul d cause an obj ect dropped on a tabl e to \bounce" i nto the tabl e

bef ore recoveri ng. Gi ven the overconstrai ned i nf ormati on usual l y avai l abl e f rom

each image f rame, i t i s possi bl e to repl ace the Kalman �l ter wi th a more e�ci ent

f ormof vel oci ty predi cti on and stabi l i zati onwi th pri or vari ances. The stabi l i zati on

i s important duri ng earl y stages of matchi ng when onl y a f ewf eatures are a part of

the sol uti on, and i t i s usef ul f or estimati ng the i ni ti al probabi l i ty of correctness f or

each potenti al f eature match.

To perf orma l east-squares �t to the data f or the non-l i near unknown param-

eters, we use the Gauss-Newton method augmented by stabi l i zati on wi th pri or

vari ances. Each i terati on of the Gauss-Newtonmethod sol ves the f ol l owi ng matri x

equati on:

�
J

W

�
x =

�
e

0

�

where x i s the unknown vector of correcti ons to be made to each parameter, e i s

the vector of errors between matched image f eatures and model predi cti ons, and

J i s the Jacobi an matri x of errors wi th respect to parameters. Wi s a di agonal

wei ghti ng matri x used to stabi l i ze the sol uti on, i n whi ch each wei ght i s i nversel y

proporti onal to the pri or standard devi ati on, � i, expected f or parameter i:

Wii =
1

�i

Thi s systemi s mi nimi zed by sol vi ng the correspondi ng normal equati ons:

h
JT WT

i � J

W

�
x =

h
JT WT

i�e
0

�

Whi chmul ti pl i es out to �
JTJ+WTW

�
x =J Te: (1)

Si nce Wi s a di agonal matri x, W TW i s al so di agonal but wi th each el ement on

the di agonal squared. Thi s means that stabi l i zati on can be accompl i shed by �rst
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f ormi ng J TJ and then addi ng smal l numbers to the di agonal . Thi s method almost

always converges to the accuracy l imi ts of the data wi thi n one or two i terati ons

f or the moti on tracki ng probl em, as the i ni ti al parameter estimates are qui te good.

Ful l detai l s on the devel opment of the above sol uti on and stabi l i zati on methods

have been gi ven i n an earl i er paper (Lowe 1991).

If the number of error measurements deri ved f romthe data, m, i s greater than

the number of parameters, n, we can estimate the vari ance, �
2, i n the data f rom

the si ze of the resi dual :

�
2 =

kJx� ek2

m�n

If � i s much greater than the standard devi ati on of the measurement errors i n the

data, then i t i s l i kel y that the systemcontai ns at l east one i ncorrect match so we

abandon thi s branch of the search tree. Otherwi se, thi s branch conti nues to be

expl ored and newmatches are attempted unti l no more can be f ound.

Fol l owi ng each i terati onof data �tti ng, the covari ance matri x, P, f or the model

parameters i s gi venby the i nverse of the matri x on the l ef t-hand si de of equati on 1:

P=
�
JTJ+W TW

�
�1

Thi s canbe computede�ci entl yas a by-product of the l east-squares sol uti on. Then

the vari ance i n each future predi cted measurement can be computed f romthi s

covari ance matri x:

S=APA T (2)

where each rowof Agi ves the deri vati ves of a predi ctedmeasurement wi th respect

to each of the model parameters. For matchi ng model l i nes, we are i nterested i n

the vari ance perpendi cul ar andparal l el to each endpoi nt of eachvi si bl e model edge

as wel l as the vari ance i n ori entati on of each model edge. The vari ance of each

predi cted measurement i s gi ven by the correspondi ng di agonal el ement of S. Note

that i t i s not necessary to compute the o�-di agonal el ements of S, whi ch otherwi se

woul d be a l arge and expensi ve matri x to compute.

Theref ore, we have compl eted the ci rcl e, i nwhi chnewmatches constrai nmodel

parameters, whi ch i n turn constrai n the predi cti ons f or f uture matches. A f ew

correct i ni ti al matches can greatl y reduce the vari ance of f urther predi cti ons and

of ten el imi nate f urther search, as shown i n the �nal exampl es.

Matchi ng wi th mi ni mal search

Robust matchi ng canbe achi evedby searching f or sets of matchi ng image segments

that are consi stent wi th a proj ecti on of the obj ect usi ng a si ngl e set of parameter

val ues. As there are usual l y many more matches than are needed to sol ve f or the

model parameters, the �nal sol uti on i s overconstrai ned and i t i s unl i kel y that a

f al se set of matches wi l l cl osel y �t the model . However, the search process i tsel f i s

computati onal l y expensi ve, as i t i s necessary to compute updatedmodel parameters

to check each combi nati onof matchi ng segments. Thi s searchprocess i s mi nimi zed
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Figure 1: The probabili ty di st r i but i on i s i l l us t r at ed for a meas ur ement , f , of a pr edi ct ed

mode l f eat ur e , a. Thi s i s compar ed t o t he uni f orm backgr ound di s t r i but i on of ot he r

f eat ur e s , bi, whi ch coul d gi ve r i s e t o f al s e mat che s .

by usi ng a best-�rst search, starti ng wi th those matches that are most l i kel y to be

correct andusi ng those to constrai nthe expected l ocati ons of other matches. In thi s

way, the most rel i abl e matches i n each image are used to i ncrease the probabi l i ti es

of correctl y matchi ng more ambiguous f eatures, whi ch i nmany cases can el imi nate

backtracki ng al together. Because the �nal i denti �cati on i s overdetermi nedand can

be rel i abl y veri �ed, the search can termi nate once a val i d set of matches have been

f ound.

Theref ore, an important aspect of mi nimi zi ng search duri ng matchi ng i s to

accuratel y estimate the probabi l i ty that each potenti al l y matchi ng image f eature

matches some correspondi ng model f eature. These probabi l i ti es can be determi ned

usi ng Bayesi an deci si on theory (Duda &Hart 1973) as a functi on of a vector f of

f eature measurements rel ati ng each pai r of model and image f eatures. Let a rep-

resent an image f eature that arose f romthe proj ecti on of a correspondi ng model

f eature, and l et bi; 1 i n; represent al l other (i ncorrectl y matchi ng) image f ea-

tures. In the absence of other i nf ormati on, the i ncorrectl y matchi ng image f eatures

are model ed as ari si ng f roma uni f ormbackground di stri buti on. Then we can use

Bayes rul e to compute the probabi l i ty that a parti cul ar f eature measurement vector

f arose f roma model f eature rather than the set of background f eatures:

P(aj f )=
P(f j a)P(a)

P(f )

=
P(f j a)P(a)

P(f j a)P(a) + i P(f j bi)P(bi)
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Thi s probabi l i ty cal cul ati on i s i l l ustrated i n Fi gure 1 f or the case of a one-

dimensi onal f eature measurement, f . We assume a Gaussi an probabi l i ty di stri bu-

ti on f or the model f eature and a uni f ormbackgrounddensi ty f or the other f eatures.

For a parti cul ar f eature measurement, f
0, the probabi l i ty that the f eature arose

f romthe model i s gi ven by

P(aj f0) =
p

p +q
(3)

where p and q are the val ues of the probabi l i ty di stri buti ons at f
0, as shown i n

Fi gure 1.

The parti cul ar f eature measurements that are used f or matchi ng l i ne segments

are the perpendi cul ar di stance of the center of the image segment f romthe proj ected

model segment andthe angul ar di �erence i nori entati onof the segments. Theref ore,

i t i s necessary to determi ne the probabi l i ty di stri buti ons f or model andbackground

f eatures as a functi on of thi s two-dimensi onal space of measurements.

Let x be the perpendi cul ar di stance of an image segment f romi ts correctl y

matchi ng model segment and y be the angul ar di �erence i n ori entati on. For the

sake of e�ci ency, we assume that these measurements are i ndependent. Theref ore,

the two-dimensi onal probabi l i ty di stri buti on f or these vari abl es i s

p(x; y ) =
1

2��x�y
e
�0:5[(x=� x)

2 (y=� y)
2]

where � x and � y are obtai ned f romthe square roots of the correspondi ng di agonal

el ements of the matri x S i n equati on 2.

We assume that the background di stri buti on of other (i ncorrectl y matchi ng)

image segments i s uni f ormwi th respect to l ocati on and ori entati on. We can cal cu-

l ate the densi tyof thi s uni f ormdi stri buti onbydi vi di ng the total number of segments

i n the image by the area that the f eatures can occupy i n the f eature measurement

space. It woul d be possi bl e to use a l ocal measure of f eature densi ty around each

potenti al match, al though thi s i s not done i n the current impl ementati on. So f ar,

we have consi deredonl y the perpendi cul ar di stance of an image segment f roma pro-

j ectedmodel segment. However, i t i s al so necessary that the image segment overl ap

the model segment i n the di recti on paral l el to i ts l ength. As the image segment

coul d be parti al l y detected f or any i nterval al ong i ts l ength, thi s i s better model ed

as a uni f ormi nterval probabi l i ty di stri buti on rather than a Gaussi an di stri buti on,

whi ch i s why i t i s not i ncl uded i n the mul ti vari ate normal di stri buti on above. The

predi cted model segment i s extended i n l ength to i ncl ude the uncertai nty i n i ts

endpoi nt posi ti ons, gi vi ng a total l engthm. An image segment of l ength s canhave

i ts mi dpoi nt f al l anywhere wi thi n an i nterval of l ength m�s . If the image con-

tai ns l i ne segments, then the background summed probabi l i ty densi ty functi on

of l i ne segments over al l ori entati ons and mi dpoi nt posi ti ons meeti ng the overl ap

constrai nt i s the uni f ormval ue (i ndependent of x and y )

q =
(m�s)

�
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where and are the wi dth and hei ght of the image, or the area over whi ch

was determi ned. The f actor � i n the denomi nator ari ses because thi s i s the range

of ori entati ons f or nondi rected l i ne segments.

The probabi l i ty of correctness of eachmatchdepends on the rel ati ve si zes of p

and q , as i n equati on 3. Theref ore, matchi ng segments are eval uated more hi ghl y

i f they have a smal l angul ar di �erence and perpendi cul ar di stance f romthe model

predi cti on, i f thei r l engths cl osel y agree wi th the predi cti on, and i f the predi cted

vari ance of each measurement i s smal l . These cri teri a seemto capture the most

rel evant properti es usef ul f or correctl y matchi ng l i ne segments.

Best - rst search

The probabi l i ty of correctness f or each potenti al match between the model predi c-

ti ons and image f eatures i s used to gui de a best-�rst search process. Each node of

thi s search tree requi res perf ormi ng a l east-squares sol uti on f or al l model parame-

ters, whi ch i s a rel ati vel y expensi ve operati on. Theref ore, i t i s important to sel ect

an optimal orderi ng f or the search to mi nimi ze the possi bi l i ty of backtracki ng, and

to al so sel ect enough matches at each node to constrai n the parameters i n l ower

nodes and l ead to a qui ck acceptance or rej ecti on.

The top-l evel nodes of the searchtree make use of enoughmatches to constrai n

at l east the number of degrees of f reedomi n the current model . For the exampl e

shown i n thi s paper, the model has 7 degrees of f reedomso at l east 4 l i ne segment

matches are sel ected (each l i ne segment match constrai ns 2 degrees of f reedom).

Thi s number of matches are sel ected f roma ranked l i st of the best matches, and

other matches are added wi th decreasi ng probabi l i ty as l ong as the product of

probabi l i ti es remai ns above 0. 9. The stabi l i zed l east-squares sol uti on i s carri edout,

and the resi dual i s checked as descri bed earl i er. If thi s match i s rej ected, then

at l east one of the segments i n the match set must be i n error. The probabi l i ty

of correctness f or each segment match i s reduced by 1 n i n the rej ected set of n

matches, and the best-�rst search proceeds to f ormnewsearch sets based on these

updated probabi l i ti es. In general , the reducti on i n probabi l i ti es f or the previ ous

matches wi l l cause other matches to be consi dered, but a further check i s perf ormed

to see that no newset contai ns a compl ete rej ected set f romsome previ ous node of

the search tree.

In practi ce, backtracki ng i s usual l y avoi ded by thi s conservati ve approach of

sel ecti ng onl y a f ewof the most rel i abl e matches and usi ng these to constrai n the

l ocati ons of f urther matches. However, there wi l l al ways be some probabi l i ty of

maki ngmi stakenmatches that l eadthe parameter sol uti onawayf romi ts true val ue,

so the abi l i ty to backtrack adds substanti al l y to the system's robustness.

Afurther method that i s used to al l owfor sudden unexpected moti on of the

obj ect i s to i ncrease the search range when the systemi s unabl e to �nd the obj ect.

The search range i s determi ned by the pri or vari ances attached to each obj ect

parameter bef ore processi ng eachnewimage. If the ranked l i st of potenti al matches

f or thi s image contai ns too f ewcandi dates, then the parameter ranges are doubl ed
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and a search i s made f or newmatches. Thi s doubl i ng can be perf ormed up to 2

times, l eadi ng to a l arge search regi on when necessary i n order to �nd an obj ect

that cannot be f ound l ocal l y.

Real - t i me l i ne detect i on

Unti l recentl y, the major computati onal bottl eneck f or moti on tracki ng has been

the l arge number of computati ons requi red f or l ow-l evel image anal ysi s. However,

a number of vendors nowo�er i nexpensi ve systems f or perf ormi ng a range of di g-

i tal image-l evel operati ons at vi deo rates. In thi s work, we have used a Datacube

MaxVi deo 20 board that perf orms 8x8 convol uti ons on 512x512 images at up to

60 f rames per second (perf ormi ng up to 1 bi l l i on 8-bi t mul ti pl i cati ons per second).

We use an 8x8 convol uti on kernel that i s a Lapl aci an of Gaussi an operator wi th

� =1: 2, f or use i nMarr-Hi l dreth (1980) edge detecti on.

Currentl y, the output of the image processi ng operati ons must be transf erred

over a bus i nterf ace to the host computer (a Sun SPARCstati on 2) f or hi gher-l evel

processi ng. Thi s simpl e image transf er and edge l i nki ng are currentl y the major

computati onal bottl enecks, but they are mi nimi zed by onl y transf erri ng a regi on

around the expected l ocati on of the obj ect as computed f romthe previ ous image.

Thi s means that processi ng i s somewhat sl ower f or l arge, nearbyobj ects as compared

to smal l er, more di stant ones.

The convol ved image regi on i s scanned to detect zero-crossi ng l ocati ons where

there i s a change of si gn between adj acent pi xel s. The approximate gradi ent at

the zero crossi ng i s computed by taki ng the di �erence of nei ghbori ng pi xel s across

the zero crossi ng. These edge pi xel s are l i nked i nto l i sts on the basi s of l ocal 8-

nei ghbor connecti vi ty. At the same time, Canny (1986) hysteresi s threshol di ng i s

perf ormed usi ng a hi gh and l owthreshol d on gradi ent. The resul ti ng l i sts of con-

nected edge poi nts are segmented i nto strai ght l i ne segments usi ng a scal e- i nvari ant

recursi ve subdi vi si on al gori thmdescri bed i n an earl i er paper (Lowe 1987). Al l of

these operati ons can be perf ormed very e�ci entl y even on a seri al machi ne; how-

ever, the rel i abi l i ty and accuracy of thi s f eature detecti on coul d be improvedwi th

the avai l abi l i ty of more computi ng resources.

In order to make subsequent f eature matchi ng as e�ci ent as possi bl e, al l of

the l i ne segments are i ndexed i nto a three-dimensi onal array on the basi s of 2-D

posi ti onof the mi dpoi nt andori entati on. Subsequent attempts to matchf eatures at

a parti cul ar range of posi ti ons andori entati ons needto exami ne onl y those segments

that are i ndexed i n the smal l subset of the array l ocati ons that i ntersect these

bounds.

Impl ementat i on resul t s

Al l steps of edge detecti on, matchi ng, convergence and veri �cati on can be done i n

under 0. 3 seconds on the systemdescri bed above. In most cases, the probabi l i sti c

matchi ng cri teri a sel ect correct matches on the �rst attempt anddo not requi re any
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f urther search. In di�cul t cases, search i s termi nated af ter expl ori ng 5 branches of

the search tree so that the next image i n the sequence can be processed wi thout

si gni �cant del ay.

We have tested thi s systemonthousands of images byhol di ng the obj ect model

i n f ront of the camera and sl owl y movi ng i t. The systemdi spl ays the edges of the

obj ect at the current cal cul ated l ocati on superimposedon the camera image. These

edges are shown i n yel l owwhen the obj ect has been correctl y veri �ed and i n red

when the obj ect cannot be matched. As the current computati onal resources l imi t

processi ng to 3 to 5 f rames per second and a l imi ted search range, i t i s necessary to

move the obj ect qui te sl owly. However, the tracki ng i s qui te robust and conti nues

evenwhen up to hal f or more of the edges are occl uded. The systemperf orms wel l

over a wi de range of l i ghti ng condi ti ons and wi th compl ex backgrounds contai ni ng

many f al se edges.

Fi gures 2{7 showanexampl e of thi s process f or one image of amoti onsequence.

Fi gure 2 shows the i nput image f roma CCDcamera. The obj ect i s a �l e boxwi th a

hi nged l i d, so that there are 7 unknownparameters that must be sol ved f or. Parts

of the box are occl uded by the author' s hands, there are many reecti ons f rom

the obj ect' s surf ace, and the background i s cl uttered. The l i ne segments extracted

f romthi s image and the i ni ti al estimate f or the posi ti on of the obj ect computed

by vel oci ty extrapol ati on f romthe previ ous two images are shown i n �gure 3. Thi s

exampl e i s f or anobj ect that i s rel ati vel y f ar f romi ts predi ctedposi ti on. Al so shown

as heavy l i nes are the best matches to image l i ne segments whi ch are sel ected on

thi s i terati on. In the background, the l i ght gray shadi ng i ndi cates the uni on of

al l regi ons wi thi n 2 standard devi ati ons of the predi cted model edges (there i s no

di spl ay of the vari ance i n edge ori entati on, whi ch i s al so computed). Subsequent

i terati ons are shown i n �gures 4 to 6. The rapi d reducti on i n the si ze of the shaded

regi ons i ndi cates howthe reducti oni nvari ance resul ti ng f romearl i er matches greatl y

reduces the subsequent search space. Thi s \l ocki ng on" phenomenon i s the resul t

of the overconstrai ned nature of the model -based vi si on probl emand i s what l eads

to hi gh rel i abi l i ty and e�ci ency. The shaded gray regi ons al so i l l ustrate that the

vari ance i s f ar f romuni f ormfor di �erent parts of the obj ect, meani ng that simpl er

strategi es f or reduci ng the search range are unl i kel y to work as wel l . As can be

seen f rom�gure 7, the �nal computed parameters are qui te accurate due to the

overconstrai neddata and the l east-squares �t. Al l steps of matchi ng i n these �gures

requi res about 0. 1 seconds on a Sun SPARCstati on 2 (not i ncl udi ng l i ne segment

extracti on).

Concl usi ons and f uture di rect i ons

Thi s paper descri bes an approach to model -basedmatchi ng that provi des f or both

rel i abi l i ty ande�ci ency by i ntegrati ng the treatment of matchi ng andmeasurement

errors. There i s a rol e f or both general tree search and f or error estimati on.
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Fi gur e : The or i gi nal i mage f r oma mot i on s e uence of a l e box wi t h a hi nged l i d.

Fi gur e : i ne s egment s ext r ac t ed f r omt he i mage ar e s hown wi t h t he mode l s upe r i m-

pos ed f r omi t s i ni t i al e s t i mat ed vi ewpoi nt . The s haded ar ea s hows t he uni on of t he r egi ons

of unce r t ai nt y f or f eat ur e l ocat i ons . Ini t i al mat ched i mage s egment s ar e s hown wi t h heavy

l i ne s .
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Fi gur e : The pos i t i on of t he mode l i s s hown f ol l owi ng t he r s t i t e r at i on of mat chi ng and

par amet e r de t e rmi nat i on. ur t he r mat ched i mage s egment s ar e s hown wi t h heavy l i ne s .

Fi gur e : The mode l f ol l owi ng t he s e cond i t e r at i on of par amet e r de t e rmi nat i on.
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Fi gur e : The mode l i s s hown f ol l owi ng t he t hi r d and nal i t e r at i on of par amet e r de t e r -

mi nat i on. The r egi on of unce r t ai nt y ar ound each mode l edge i s nowver y smal l .

Fi gur e : The mode l i s s upe r i mpos ed on t he or i gi nal i mage f r omi t s nal vi ewpoi nt .
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Thi s approach has been impl emented i n a functi oni ng systemthat can ro-

bustl y track obj ects at the rate of 3 to 5 f rames per second. Wi th moderate i n-

creases i n computer speeds|as are al ready avai l abl e wi th l ow-cost paral l el systems

of mi croprocessors|sucha systemcoul dbe used to track obj ects at 30 or 60 f rames

per second andprovi de real -time vi sual i nput f or robots. Tracki ng mul ti pl e obj ects

woul d requi re at most a l i near i ncrease i n computer speeds. Wi th yet f aster pro-

cessi ng, i t woul dbe possi bl e to track exi bl e obj ects wi th l arge numbers of i nternal

parameters.

An important f uture di recti on f or thi s work i s to i ncorporate the capabi l i ty f or

general obj ect recogni ti on (Lowe 1987). Recogni ti on woul d make use of al l of the

components descri bed i n thi s paper, but woul dneed i n addi ti onan i ndexi ng system

f romimage f eature groupi ngs to potenti al obj ect matches. The addi ti on of f eature

groupi ng techni ques woul d al so be very useful f or the moti on tracki ng probl em, as

hi gher-l evel groupi ngs are f ar l ess l i kel y to be i ncorrectl ymatchedthan i sol ated l i ne

segments. The resul t woul d be the i ntegrati on of recogni ti on and tracki ng, whi ch

are simpl y di �erent ends of a conti nuumrepresenti ng the degree of pri or knowl edge

regardi ng the l ocati ons of obj ects i n an image.
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