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This thesis treats two ma jor subproblems in computer

stereo vision —— (1) that of reconstructing 3— 0 scenes from

stereo sets of images and (2) automatic recogniti on of 3— 0

scenes.

Two techni ques are presented for scene reconstruction.

The first , or multiple view metho d , utilizes the combined

informat ion from bulk correlation and three or more stereo

images to construct three—di mensional edge features or

s t ructures.  The structure I s  obtained by projecting into

space a piecewise—li near representation of intensity edges

obtained from one of the images. The second technique

uti ].i2es a narrow angle pair ( 2 — 3  degrees) of ima ges an d

sym bolic correlation to ensure matching reliability and

eff iciency in the construction of edge depth maps of scenes.

A new techn iq ue for d ynamic smoothing of edge contours i s

presente d which permits accurate triangulation at narrow

view ing angles , while preserving the integrity of sh a r p

corners. Also , two new techniques are presented for

piecewise approximation of 3—P and 2—D digital contour s with

circular arcs. In both stereo techn iques objects with

prominent edges are preferred , but no other restrictions are

made on surface shape. In this sense the work represents .~~
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major advancem ent over pr evi ous technt~~ues for stereo

v is ion , which generally restr ict objects to have plane faces

or simpl e curved surfaces.

In the second category, or re cog nit ion , a technique is

described for matchin g a 3—P scene reconstru ction containing

pIec.w ise— ltnea r edges (e.g. constructed by the m ultiple

view me thod ) to a stored wire frame model , based on

uti ll~ ation of 3— P features and geometric con straints.

Techniques are suggested for imp lement in g efficient search

i n  occluded and cluttered scenes , an d In cases where there

are many models.
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1. l NTR CE ~L:C TI CN

Few person s wO u ld den y the uzeful !’ess of ~ c ornpi.~~er

system which could accept the visual output of a television

camera and interpret the image. Its impact in industry

alone would be overwhelming, since the visual inspection

tas k i s a common  p ro b lem , requirin g tedious attention by

humans. Automated m anufacturi ng systems e m p loy i ng  cc~ puter

controlled manipulators typically work blindly and have

little or no ability to recover from errors. Visua

feedback wou ld allow error recovery, visual serv oing, and

unstructured input to the assembly process. Application s

} abound in hostile envir onm ents, extraterrestrial

ex ploration , an d earth resources technolog y . .lutoma ticn cC

rout ine tasks such as counting, sorting, and recogniti on of

cells and fine particles would prevail in micr oscopy ,

med ic ine , and industri al ~ua litv control. Security control

and intrusion monit oring would also benef it. Implic ati ons

of scene anal ysis as applied to data compression and

3 
bandwidth reduction problems are overwhelming.

Acknowledging the difficulty of 3— D scene

interpretation , most early research focused on line dr awi ngs

of simple objects. Currentl y there is strong emphasis on

real images of com plex — shape d objects i n  cluttered scenes.

In conjunction with this trend , new and more powerfu l

techniques are bein g developed. inc ud in g the use of 

~~-—‘- -.~--~----- - - ~~~~~~~~~
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mult isensor y information such as ran g e , color , an d texture.

Many feel that range information is a prerequisite to

successful un derstanding of complex three— dimensional shapes

by machines.

Most of the early work dealt with interpretation of 3—P

scenes from a single ima ge. Since a great deal of

structural information is lost in a pro jected image , the

scenes ha d to be highly restricted in domain , e v en to the

extent of exclu ding curved objects. Therefore the early

work emphasize d projective features of simple objects , and

resulte d in much information about vertex types and

relationshi ps in visual scenes. In other work 3— D models

were emplo yed , but com parisons were made to model

projections. The point is that much of the early work dealt

essent ially in two—dimensional ideas.

3—P objects , however , are best characterized by 3— D

pro to ty pes , an d matching of such structures is best

accom plished in the spatial rather than the projection

domain. If nothing more , search effic iency is Increased due

to absolute knowledge of lengths , an g les , and positions.

Furthermore , domain limitations imposed by working In

pro jected images no longer need apply, an d com p lex

unrestricte d shapes should be treatable.

j  Thus it is felt that significant advances in computer

v ision will necessarily result from research in

three— dimensional feature construction. This will allow

____ ~r ~~~~~~~~~ 
-
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unrestricted shapes to be modeled and recognized by machines

workin g on real images. This work contr ibute s several new

techniques in this area.

The pur pose of this work is to investigate 3—P feature

ex t rac t ion from ima ges of o bjects w i t h ar bit rary  curve d

edges , and to study the comparison of 3—D features for

model—based object recognition. The domain consists of

common objects of rigid form and no significant surface

textures. The overall goal is the understanding of stereo

ima ge percept ion In relat ion to the d es ig n of au toma ted

scene anal ys is systems. Thus the emphasis of this work Is

on image understanding as opposed to image processing.

The strength of this work in contrast to much prio r

work in computer vision is its full consideration of the

prob lems associated with real Images , the compatible

t rea tmen t of both low an d high level as pects  o f the v i s ion

p ro b lem , and the ability to deal with comp lex curved shapes.

~~~~~~~~~~~~~~~ .. ~~.



2. SUMMARY OF CONTRIBUTIONS

The ma in contributions presente d here are —— ( 1 )  A

mult iple view method for enhancing bulk correlation peaks ,

thus perm itting reliable match ing of low Information image

areas; (2) A narrow angle method using edge smoothing and

s pa tial edg e cont inuity for computa ti on of e dg e d e p th ma ps;

(3 )  A new nonlinear or dynamic technique for smoothing

digital contours while minimizing corner rounding; (4)

Several new techni ques for iterative fitting of circular

arcs to two— and three—dimensional contours; and (5) A

techn ique for comparin g three— dimensional geometric

st ructures , for use in model—based recognition of objects in

3— D visual scenes. The contri but ions are generally in the

area of new tec hniques for constructing and comparing 3 — P

features from visual scenes for use in au tomate d scene

understan d ing s y stems.

In the work on stereo image comparison for extraction

of struc tural features , i t was felt impor tan t to cons id er

the requirements of shape representation and feature

[ selection as well. As a result two different approaches

have resulte d , each based on different such criteria. The

first , or multiple view metho d (Chapter 5), requires thre~

or more simultaneous v i ews , and exp loits redundancy in the

set of views to enhance the matching capability of

conventional bulk correlation at low information windows.

1}
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Though usable alone it is described in conjunction with a

techni que for buildin g a 3—P scene description from a 2— D

segmente d image. The efficiency is gained through use of

heuris tics to limit search normally required with a

cross— corr elation operator.

The secon d method (Chapter 7) is developed around the

assumption that it may be desirable to represent 3—0 scenes

with sym bols less wor d y th an linear se gmen ts. T he

re quirement to limi t com b ina tor i cs in match ing to model

features suggests piecewise circular descriptions or other

quadratic primitives for representing 3—0 edges. The desire

to first obtain 3—D depth maps of edges puts more severe

re quirements on t he ef f ic iency ot’ the ima ge match ing

process , since many depth values must be computed . The

conce pts of narrow angle stereo pairs , sym bol i c fea ture

match ing , an d 2— P and 3—P continuity are indeed powerfu l and

serve as the basis for this approach. Because of a

conf l ict ing re qui remen t for accuracy  of tr iangulat ion , the

narrow an gle approach must be augmented by an additional

techn ique to reduce edge noise and quantization. This is

embodied in a new dynamic smoothing technique which greatly

reduces noise while minimizing the deterioration of corners.

Some con tributions are also made in the area of contour

approximation with circular arcs (Chapter 8). Two me thods

are presente d which are heuristic in nature , an d in one c ase

ut ilize the fact that edge points are connected and are

_ _ __ _ __ _ __ _ _ _  J
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rou ghly uniformly spaced.

Determination of a 3—D sym bolic map based on piecewise

circular or linear primitives can be considered as an

interme diate step in the computer vision problem. One would

like to develop techniques to extract meani ng from the

relationshi ps existing among these symbols in particular

scenes. Object—independent approaches to this problem have

resulted and they center upon vertex based ideas (Guzman

(1968) , Waltz (1972)). Our approach is that of iconic

modeling of particular objects and associated techniques for

matching such models to the 3—P scene . The notion is

mot ivated by the fact that there are often requirements in

practice for systems that can identify scenes consisting of

a lim ited set of objects (i.e. industrial assembly,

inspection , etc.). In addition , because such sym bolic ma ps

are necessarily incomplete and locally erroneous , means are

needed for disambiguating them on the basis of what is known

or ex pected about possible objects. The contribution

presented here is a technique for matching incomplete 3—0

line constellations with wire— frame object models (Chapter

6). This is done by exploiting geometric constraints

between 3—P edge features in the scene and in the a priori

encoded models. The program assigns a figure of merit for

the ex istence of a particular object in a part of the scene.

Strate gies for selecting a plaus ible scene interpretation

based on these figures of merit are discussed.
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3. RELATED WORK

Because of subproblems present in stereo vision as seen

here , the relate d work has been divided into several

categor ies. They are discussed separately under the various

subheadings of Chapter 3. The reader who is acquainted with

the history of work in stereo and monocular computer vision

may find it desirable to proceed directl y to Chapter 4.

3. 1 General.

Although there has been considerable previous work

concern ing stereo correlation of image pairs and much work

on extract ion of shape features from monocular images ,

little has ye t been accomplished on the composite problem of

3—P fea ture determination. Because of possible tradeoffs

between them , tite problems should be studied jointly. In

addition , there is genuine need for research on real rather

than contrived images , s i nce pro b lems assoc i ate d wi th  real

ima ges have in the past not succumbed well to extensions of

work on perfect drawings.

Modeling of rigid shapes with geometric constructs has

receive d some attention in the light of computer vision.

One can class ify past work into categories based on 2—D and-

3—P approaches for modeling, an d for ima ge feature

extract ion. Grape (1973) used 2—P approaches to both

problems while dealing with simple polyhedral shapes. 3-0

~=-; - 
- -

~~~~~~~ 
--
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-
~~~ ~~~~~~~~~~~~~~~ 
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modeling with 2— D feature extraction was treated by Roberts

(1965) , an d i s ge n e r a l l y  acce p te d as t he f i r s t  ser io us w o r k

in com puter v ision. However , the combination 3—D/3—D has

• not been stu died in the general sense except for some work

by Falk (1970). His approach to depth extraction was based

on the res tr ict i ve assum p t ion of known interse ct ing p lanes.

In add ition , stron g assum p t ions a bout the p resence of

vertical edges prohibit extension beyond the polyhedral

domain. Some recent work by Baker (1975) deals with the

problem of constructing a surface description of a solid

curve d object , or learnin g by looking. The work emphasizes

model building as opposed to recognition in scenes,

Hill clim bi ng has been attem pt ed in various forms to

solve the problem of model— scene correspondence (Hemami et

al. (1975) , Barro w et al. (1977)). Un fortunately, suc h

a pp roac hes do no t c i rcumvent the p ro b lem of de term in ing

correspon dences between the model and the scene , and

heretofore only simple techniques have been tried . The

fun damental problems of feature selection and matchin g

rema in open. In addition , one has the added problems due to

local ex t rema , requiring extensive search and separate means

for deciding when particular extrema are significant.

Sim p le hill cl imbi ng is ad equa te only when an in it ial

correspon d ence i s suf f icient ly  close to the correc t one , and

thus may be useful only for fine tuning of proposals made by

more soph isticated means. Furthermore , no work ex is t s to my

knowledge on hill climbing to match a 3-0 structure with
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another 3—P structure. This might be attractive since the

task of shape feature matching could be simpler , re lat ing

features in the same di mens ion .

Pro blems related to local extrema perhaps could be

eliminate d by appropriately blurring the error function at

different stages of iteration. This might be aided by

incorporating higher level features as in our model matching

scheme , an d by including information regarding the

discriminability of particular features for indicating

rotational an d translational shifts. Furthermore , ev id ence

- • exists for the need to fine tune (de—blur) error functions

with time , since the process hopefully converges , and

correctly so if the dynamics are treated properly. The

ideas are not unlike relaxation labeling techniques , which

are discussed In Section 6.4.1.

The Fourier descriptor approach is another essentially

2— 0/2—P approach to matching boundary shapes of a projected

object. It has also been used in character recognitior~

studies. The problems of this approach are the large number

of v iews that must be modeled for each object, an d the

difficult y of treating partial shape descriptions , which is

essen tial for occluded scenes.

Past work in stereo Image comparison can be classiuie~

also tnto wide and narrow angle approaches. Because of

confli cting requirements between subprob lems in stereo

correla tion , certain tra deoffs must be made. The conflicts

- - _~~~~~~~~~ . _ —~~~~~ • .--— _
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consist  of determ i na ti on of ma tc hed pairs an d tr ian gulat ion

accurac y. If the two images differ only slightly, say by

slight chan ge i n vie w as pect , then mat ching is sim pli f ied .

However , triangulation suf fe rs  due to near parallel

intersection of rays coupled with image noise. The

triangulation pro blem is normally solved by introducing

larger disparity between views , however a t the ex pense of

re quiring g reater so phist icat ion in feature ma tc hi ng .

Another basic limit to large viewing angle is the decreasing

visual overla p between the two scenes .

The choice to use global versus local information in

the com parison of features  i s d etermine d to a cer ta i n d eg ree

by the technique used for comparisons. When bulk techniques

are used window size is limited due to distortions arising

from viewin g aspect and perspective projection , and is thus

local. However , feature extrac tion followed by symbolic

L matching is not so restrictive , and global information is

more easily incorporated in the matching. This is a strong

argument in favor of symbolic matching aside from its

inherent speed advantage. However , in real images

connect i v i ty of g lobal sha pe features i s no t eas i ly

explo ited due to missing and extraneous segments.

It is held here that the approach to computer vision

invol~ ing 3—D features has grea t promise in being successful

1.’ on real object scenes. Certainly the more information that

can be brought to bear in a knowledge—based system , the

- .  ~~~~~- - ~~~~~
-
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bet ter  the cha nces o f success .  But even more , the f ac t  that

real objects are essentially three — dimensional allows the

modeling of highly re levant  shape fea tu res , and thus ¶

straightforward techniques for comparing them , In addition ,

the use of powerful 3—P geometric constraints woul d allow

f i lling in of missing informa t ion and elimina t ion of

p spurious edges , based on geometry alone. Thus segment

connectivity need not be enforced in model matching of rigid

objects.

3.2 Stereo Image Comparison and Depth Ranging.

3.2.1 Bulk Correlation.

Al though re late d work in thi s area em ph as i zes th e

[ cons truc tion of depth ma p s of tex ture d scenes , s u c h

techn iques are also useful for building higher—le vel 3 — P

features. Sucn works are generally highly successful , and

no t surprisingly so , since textured areas exhibit strong

locally discriminating patterns for use in matching. A

thorou gh treatise on the subject of bulk correlation as

applied to matching of stereo image pairs is that of Hannah

(1974). Ideas are discussed in relation to window

spec ification , search reduction with and without camera

models , con tinuity implementation , and detection of’

unma tchable features. Two algorith ms for implementing m any

of these ideas are described. The work serves as a good

referen ce for equations Involved in correlation and

_
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projective geometry.

Applications using bulk techniques include Levine et

al. (1973) and O ’Handley (1973) , in which complete depth

ma ps are computed for a simulated Martian terrain. A device

for com puting cross correlations is described. In spite of

the savings in time , 30 minutes or more is required for

com puting depth maps. One would learn from this that bulk

correlation methods should be used carefully, perhaps guided

by higher level pro g rams to isola te match ing to essen ti al

p laces.

Neva ti a (1 976 ) solves the narrow ang le tr ian gulat io n

pro b lem b y t rack i ng features wh i le a scene i s rota ted . The

match ing i s eas y s i nce it i s done between incremen tall y

shifted pictures. The narrow angle method described here

c o m p a r e s  w e l l  wit h h i s  a cc u r a c y , re qu i r ing only two p ic tures

instead of many. Other applications—oriented works include

Pingle an d Thomas (1975) in which Nevatia ’s work is extended

by comparing corner features. Quam (1971) and Quam and

Hannah (1976) treat problems associated with satellite

imagery an d geometric distortion. Other treatments of

geome tric distortion include Markarian et al . (1973~ and

Wong et al. (1973).

Two iterative techniques for matching images include a

relaxation la beling or cooperative method (Marr and Pogg io

(1976)) , an d a hill climbing method (Mon et al. (1973)~~.
I’

Marr an d Poggio match random dot stereograms by a nonlinear
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relaxat ion process. The semantic information of uniqueness

an d continuity are used exclusively with a very local one

p ixel correlation measure. It treats the problem of

overcommitment to a particular inter pretation by allowing

all possible inter pretations to grow in parallel. During

this growth the var ious interpretations (labelings)

influence each other in positive and negative manner , and

their outcome is modified by a nonlinear decision function.

The fin ite state model they describe converges to final

states wh ich are appropriate depth maps for random dot

stereograms. Another iterative techni que is the

prediction — correction method of Mon et al. (1973). Though

resem bling hill climbing more than relaxation labeling, it

attempts to predict terrain disparities using conventional

bulk correlation methods. The predicted disparities are

locally smooth ed , an d the di f ferences bet ween a

disparity— shifted image and the original are determined .

D i f ferences define a correct ion to be a pplied to the

est imated disparities. This continues until the differences

(error) are within prescribed limits.

3.2.2 Symbol ic Correlation.

The author defines symbolic correlation as any matching

process which compares properties of derived features (e.g.

edges , lines , curves , or ver tices), as o pp ose d to raw

intensity patterns (bulk correlation). Symbolic correlation

is often implemente d as a linear or nonlinear threshold

I ) 
-. - ~~~~~~~~~~~ 
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function ha vi n g the respe ctive feature differences as

ar gum en ts ~e.g. edge ori ent 3t iofl , vertex t ype , arc

cur v ature , etc. ). When the feature is naturally discrete

suc h as vertex type , then it is desirable to impose some

scalar order on the symbols in the set Lsee ~anapath y ’s

(1975) approa ch to this problem ) .

The symbolic ap7roach is preferred when wide angles are

use c , since simple cross correlation fails. Works using

this approach relate more closely to this thesis in the

sense that high level features are treated. However , sinceR.
ex ten ded ra th er th an lo cal fea tures a re of ten use d , too L

great an emphasis is gener a lly put on the need for similar

-
~~~~ segmentations in image pairs. Thus object domains are

u s u a l l y restricted to polyhedra or simple curved surfaces .

This thesis does not m a k e  such restricti ons.

• work dealing with plane — faced solids is first

presented. Perkins ~197 3~ assumes a pair of line drawi ng s

of polyhedra as input. Sel vt n~ strongly on the notion of

ver tex connectivity, he ma tches views by search ing a tree or

all possible matches , prunin g when inconsistencies develop.

His notion of the correct match is that one which forms the

.m a x im a llv connected map of  all possible maps. ~oth

im a g e— d er i ved  and hand—drawn scenes are t e s t e d .  ~ a na pat hy

U975~~, on the other :iand , acknowledges  tha t  riatch~ n g  o f

wide  angle v i ews  m.~v d raw upon d i v e rs e  s t r a t e g i e s  to reso ve

ambiguities. He descr ibes s e v e r  ma t chin g heur ist~ os and
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a tt em pt s to or der them accor di ng to local an d glo bal

usefulness. Exam ples are shown for simulated line drawings

of up to ten pol yhe d ral objects , an d fo r  rea l  ima ges of u p

to three polyhedra.

Works us ing symbolic techniques in the curved object

domain consist of the following: Baker (1975) employs a set

of sequential views to build surface descriptions of’ smoot h

objec ts w ith ar b i t rar ily curve d sur faces.  He matc hes vi ew

pa irs of a s ing le objec t by com par ing arc features at

curvature irregt.~lar ities of region boundaries. Real images

— are used in the work. In some recent work Shapira (1977)

uses a vertex or dering technique aided by three—view

redundancy to match real images of objects with simple

quadratic surfaces. The three views are taken at very wide

ang les about the scene. Base d on the g lobal nature of

ver tex  or der ing , some missin g scene edges are proposed.

Un derwood and Coates (1975) deal with the matching

pro blem but not as relates to stereo comparison. They use a

pro ject ive invar iant , the “cross rat io ” (Duda and Hart

• 1 (1972)) , to match polygonal faces of polyhedral images. In

this wa y they build a surface description graph of an object

trom several single views. Though the cross ratio can be

generalize d to aid the matching of curved edges , the  pro b lem

of determining corresponding points between the curves

appears to be nontrivial.

- - -  ~~~~~~~~~~ - - .- - - - -~~~~~~~~~~~~~~~~~~~ —----
-~~~~~~~ .-- - -.— 
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In sum mary, little has been done quantitatively on

comparing real images of complex curved objects to extract

sha pe feature & , without making highly restrictive

assum ptions about surface shape.

3.2.3 Other Metho ds.

Another work which a t tempts  to build 3—P des criptions

of objects is that of Baumg art (1974). He computes

v o l u m e t r i c s t r u c t u r e s  by i n terse cti n g p ro jec ti on cones  of an

object obtained from a sequence of views. Ambiguity

normally assoc ia ted w it h s tereo metho d s Is a b sen t , since

left—right ordering is enforced when silhouettes are

intersec ted . Errors thus get introduce d , suc h as the

filling in of certain concave portions of objects . Baumgart

also treats geometric modeling in a general sense and

describes a “winged edge ” data structure for wire frame

mo dels. The emphasis of his work is graphic modelin g. 
• 

-

Other works (Della Vigna and Luccio (1970) , Shapira

- 

I 
(1974)) exist in wide angle stereo , but their purpose is - •

ma inly to formal ize some p ro b lems , and they do not

contribute to resolving the ma tch ambiguity.

A num ber of methods for direct extraction of’ depth

exist , using time of’ flight of a light pulse (Duda and

Nitzan (1976)) , light beam triangulation (Agin (1~~72), Fuc h s

et al. (1977)) , Moire topography (Idesawa et al. (1976~~), ‘I

and casting of shadow patterns (Rocker (1q74)). Many of’ 

• -- - - -~~~~ - 
- 
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these are attract ive alternatives to stereo ranging, since

t he am big ui ty p ro b lem is a bsent.  However , the requirement

of a r t i f ic ial illum inat ion m ig ht p roh ibi t the i r us e in

certain applications.

3 .3 Shape or Structure Matching.

The re levant  research focuses pr imaril y on the

com parison of 2—P projected images. An exception is the

work of Fal k (1970) in which matches are proposed in three

dimensions and later verified by projection onto the image

plane. Also , Baker (1977) compares 3—P shapes consisting of

pi ecewise c i rcular sur face p r imi t ives , which have been built

up by examin ing several  v iews of’ an object.

Secon d ly, there is work which attempts to correlate a

pro jection of a 3—D wire frame with image features. The

earliest work is that of Roberts (1965). He describes a

least squares optimization procedure which aligns corner

features between model and image. Existence of’ a se para te

means is assume d for matching at least four points between

model and image. He presents a matching technique that

works for plane—f aced solid objects. Hemami et al. (1975)

use a hill cl imbing a pp roac h to solve a sim i lar prob lem i n

outline match ing . An error func ti on re la te s consecu ti ve

points around an image boundary to boundary points of a

mo del p ro ject ion. Recen t ly Barrow et al. (1 977 ) des cr ibe

another bill cl imbing technique in which  nearest  neighbor

___________ 
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edg es be tween scene an d mod el d ete rm ine th e err or funct ion.

The authors suggest using higher level cues for better

ma tching. Their error function resembles a fuzzy temp la te

matching technique described by Tasto and Block (197~4).

Metho ds for comparing 2—P shapes include both symbolic

techniques (Grape (1973) , Perkins (1977)) and Fourier

techniques (Dudani (1973)). Grape models polyhedra as a set

of 2—P projections. He matches them to instances of such

objects In an image by comparing 2—P angular configurations

of scene edg es . He allows a tolerance on o bserve d junc t ion

an gles to account for slight rotational degenera cies of the

var ious prototype views. Another 2—P technique which

includes curved edge descrip t ions i s tha t of Perkins (1 977 ).

He describes a technique for interpretin g occluded views of

essen tially .2—D machine parts using a camera oriented above

an assem b ly li ne. Ob ject sha pes are re p resen ted with

p iece~i ise circular and linear segments approximating object

outlines. Matching is organized so that maximum likelihood

sha pes are proposed first , based on a set of computed

features. A match is proposed by correlating intrinsic

slo pe functions of curves , taking into account symmetries of

var ious shapes. It is verifie d b y extending prearranged

rays from the mo del to the Instance. Intersection of a

min imum num ber of ra y s wi th the i nstance d ec id es the

outcome. The approach seems quite gener al , and It succeeds

even on no isy scenes with minimal information. 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
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Du dani (1973) uses 2—P pro jections as models for

aircraft outlines. He desc ribes shapes with Fourier

coefficients of the boundary curve for a set of orienta tions

which covers all possible views of the body. Identific ati on

proceeds by first extracting the boundar y curve of an

unobstructe d v iew of an unkno w n c ra f t . He th en compute s it s

Four ier coef f ic i en ts an d searc hes for the best ma tch to the

coef f ic ien ts of a v iew of a kno wn a i r c r a f t .

Jarvis (1976) and Pavlidls and A l i (197fl treat the

match ing of linearly segmented curves by a syntactic method

emp loy ing regular ex press io ns . Pr ob lems In us i ng this

techni que , though , are the specification of admiss~ h1e

expressions for pattern matching. This Is really the

segmentation problem in disguise.

3.4 Monocular Vision.

For vertex based segmentation and id en t iu i ca ti 5~n of

bodi es in sim p le scenes see th e works of G uz m a n  ( i~~
) t

~~~ ) ,

Waltz (1972) , an d recent works on extension to curved

objects by Turner (197Z4 ) and Chang (197L4). In this appro ach

to visual re cognition vertex projections are modeled as

opposed to specific object shapes. In the pr ogressi on cf

id eas from Guzman ’s body finding through Walt z ’ s netw ork cf

cons t ra i nts one o bserves the r i chne ss of seman tic

information that can be obtaine d without specific object

models. This was a significant departure from earlier

-~~~ J
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thoughts in computer vision. In a similar manner Burr and

Chien ( 1 9 7 6 )  show how interaction of boundary vertices

(concavities) with region primitives permits body findin g in

occluded real scenes of irregularly shaped objects. The

minimal spanning tree technique proposed by :ahn (1971) is

use d i n organ izing the v isual  d a ta.

Rubin and Reddy (1977) apply results of speech

understanding research (Lowerre (197b)) to a problem

involving fea ture la bel i ng i n v isual scen es . Bas ed on a

“beam sear ch” technique , it makes use of statistical

information as well as structural relationships between

fea tures (primitive picture elements ) in real images.

3.5 Curve Fit ting.

Turner (1974) uses a conventional least squares method

for 2—0 ~rc and ellipse fitting in pictur es. Tsuji and

Matsumoto (1977) show a technique for fitting ellipses in

which first a center is found and then the ellipse size and

orientation are computed. This is similar in style to the

c ircular arc method p resen ted here.

Shirai (1975) fits curves by measurin g curvature as a

func tion of’ arc leng th. Local peaks in this function

indicate breakpoints. Ellipses and line segments are fitted

between them.

_ _ _ _ _ _ _  - I
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Fletcher (personal communication ) describes several

techniques in his work on circular arc approximations to

edge contours. In one method the enclosed area between a

contour an d the line connec ti ng i ts en dpoints is measure d .

There is a unique arc which encloses the same area and

in tersects the two en dpoints. He describes a second method

cal led the “equa l r. m. s. radius ” method in which an arc

center is searched along the perpendicular b isec tor  of the

line segm ents connect ing t h e contour endp o ints . The

cr i ter ion used is that the average  squared di stance to all

the contour points from the center est imate equals the

squared d istance from the contour endp o ints to t he center .

The search reduces to an analyt ic representat ion , t h u s

making it a t t rac t i ve , but the endpoints of the arc are

necessar i ly const ra ined to coincide wi th  the contour

endpoints.  He descr ibes also a “polar t rans fo rmation ”

technique in which a polar coordinate sys tem (r , 8 ) is

a f f i xed  about one endpoint of a contour chain. The (r , 8

coordinates of the f i rst  few contour points can be

represente d approximately by a line segment. The theta

intercept d etermines t he an g le of fset  between the

initial tangent of the arc and the 8:0 axis. The values

• r/sin8 , when avera ged , serve as an est imate of t he arc

radi i,is. - All methods can be used successively to approximate

an ar bi t rary  curve base d on an error cr i terion of fit .

1 

—-- -~~~~~~ —  -
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Mckee and A g g a r w a l  (19 7’Y~ com pu te a v a r ia t ion of a

smoothed Freeman code of a contour  and f i t  th is

represen ta t ion  w i t h  line segm ents .  Segments of nonzero

slope correspond to circula r arcs of radius 1/slope and

ze ro—slope lines correspo nd to linear segments on the

original cu rve .

• App rox ima t i on  of ’ cu rves  w i th  sp lines is an area of

great interest in computer aided design , but spline fitting

has had l ittle application In shape recogn i t ion  s tud ies .

3 .6  Contour Smoothing.

Montana n ( 1~~70)  approx imates  d ig i ta l  contours  w i t h

minimum — perimeter polygons (MPP) computed by a n o n l i n e a r

programming technique. This can be construed as smoothin g

of the curve , since th e po ly gonal boun d ary i s general l y a

bet ter  a pp rox imaL ion  to the orIg inal  than the d Isc re te  da ta

points.  Sk lansky et al . (1972) compute the MPP by a fas te r

method simu lating the application of a s t re t ched  s t r ing to

• the con tour. Bennett an d MacDonal d ( 1 9 7 ~~
) show l inear

• smoothing of a contour by truncating upper terms of Fourier

series of’ the slope function. Mckee and Aggarwal ~~~~~

smooth Freeman—coded contours by fixed—inter val aver ag irg .

Dynamic smoothing techniques exist in applicati on to

enhancement of grey scale images. Lev et al . ¼ 1 9 7 7 ~ show a

technique for smoothing two—dimensional Intensity functions

with pattern —weighted avera ging windows . Weights are based

I:
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on the nature of’ the edge passing through the window , and

are uniform when none is present. A previous paper by

Graham (1962) describes an edge—detection—based technique 
—

for snow removal from real time television images. Nahi an d

Ha bibi (1975) present a statistical method for dynamically

smoothing a texture d pattern on a smooth background. They

estimate the local statistics of an image area corrupte d by

noise an d decide whether it is the figure or background.

Based upon this decision they choose one of two different

filters , each optimize d to the given statistics.

I
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4 . PROBLEM FORMULATION

Throu ghout this work computer vision is structured as a

two— level process. Taking such an approach , one generally

assumes that image data can be organized symbolically based

on edge and/or region descriptors , in dependent of the

application domain. The description is a reduced one ,

contain ing essentials for recognition , but is otherwise

fairly complete. The output of this stage serves as a V
“description ” of the scene. A sim ilar “description ” of

objects in the domain is embodied in a model data base. The

second—level process attempts to compare scene and model

“descriptions ” to arrive at a higher level domain—dependent

“description ” of the scene , based on instances of object

models .

Past e f fo r ts  ifl computer vision have taken a similar

two— level approach. However , resu lts have generally been

plague d by t he “hourglass problem ” . That is , much i s known

about scene segmenta tion and low level processes in addition

• to h igh level or semantic processes. However , t he link

between the two has not generally been studied in regard to

its possible influence from design constraints at each

level. Therefore . little is yet known about inter—le vel

interaction. The depth extraction approach is taken here as

one attempt to remedy the situation , in ant icipation that

similarities in the descriptions of model and scene might

k 
—
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permit more straightforward interaction.

1. The problem of 3—P feature extraction from picture t
pa irs can be a pp roache d by f irst cons truct ing a d e pth ma p of

the scene , an d following it by segmentation of the implied

2—D surface. In some cases this may be the desired

ap proach , particularly in cases where objects are modele d by

surface descriptions or medial axes. Unfortunately this

usually re quires high information d ens i ty in the pi cture or

pronounced textures on object surfaces. The focus of this

wor k is on modeling man—made objects as opposed to natural

or outdoor scenes. Though such surfaces are often smooth ,

they usually have prominent edg es , so an edge—based approach

woul d seem more fruitful.

Edge patterns can be modeled in a number of ways

ranging from polynom ial functions and Four ier

re p resentat ions to d iscrete , or synta ct ic , descriptions.

The discrete approaches are favored for computer vision

s ince they perm it strai ght forwar d han dling of occlus ions an d

incomplete descriptions. Two popular discrete methods for

• 3—0 contours are piecewise linear and piecewise circular

wire frames. With linear re presentations much efficiency

can be gained by limiting depth computation to breakpoints

or line ends. Bulk correlation techniques normally require

that the pattern w ind ow be taken at a p lace of high

intensity variance , so that shar p peaks can be found in

correlat ion search. Focusing depth computation to the 

~~~~~~~~~~~~~~~~ - -  -- _ T r _~~~~~~~~~ ~~~~~~~
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vicinity of strong intensity edges satisfies this

I 
requirement automatically. Further problems are encountered

wi th sim p le edg es d ue to the fac t th at su ch var iance i s

directional (see Figure 4— 1 ).

I. Ob ject modeling is an important concern in machine

-
~~~ percep ti on , since domain—dependent interpretatio n is often

re quire d in p ract ice. Com puter g ra phics research is

I naturally concerned with geometric modeling of objects , and

thus a wealt h of information exists on the subject. If

scene edges are descri bed w i th linear se gmen ts , then a

- ( similar description of object models would allow
- 

s t ra ightforwar d model match ing techni q ues. Mo deling of

scenes and objects with circular segments , thou gh , is

attractive for reducing the verbosity of shape descriptions

an d thus search combinatorics. Since circular segments do

not p reserve circular ity upon central project ion , a t tem p ts

to describe shapes with circular arcs mi ght be facilitated

1. if segmentation is done in 3—0 , after an edge depth map is

ob tained . Since this woul d general ly re quire more ex ten d ed

C. search , the match ing techn iq ue shoul d be ef f i c ien t . Cne

I such approach is to arrange the two views so that
I..

differences are minimal (narrow angle approach ~~, thus

perm it t ing sim p le an d ra pid tec hniq ues for fea ture

com par ison. 

~~ Li
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~igure ~— 1 • c i  !llu atrat icn of ~a t c h i r ~ ~rr or far  a
vertic al edge .~e~ men t rciat i%e to v er tical and horizor’tal
shitt~ of the scene . Small errors in oosition due to field
geometry or car~era or1e vit ~ tjon caus. apor~ ciabl e ma t ch i ’~

• error in one view. (b) Same fcr hortzr’r,tal ~‘dge 5eg~ eri t.
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The narro w angle approach introduces a serious proble r~

in tr iangulat ion accurac y. Namel y, due to picture

digitization and noise , the depth accuracy may be quite

f poor. Nevatia (1976) gets around the problem by tracking

features incremental ly over a se quence of ima ge ro tat ions ,

Li. saving ray intersection until a large angle is reached.

I This technique is successful , but in certain applications

tre need to rotate the scene or camera might prohibit its

j use.

I Reconstruc tion of 3— 0 scenes i s o nly the f i rs t ste p in

the stereo vision process . Since these structures

invariably conta in error fu l , missing,  and occ luded edges ,

robust model matching techni ques are essen tial for t he ir
- 

interpretation. Stereo correlation can be successfully H

implemente d usin g relatively local informat ion , s ince camera

models , and depth continui ty can be emplo yed to ef fec t Ively

I cons tra in searc h . In addi t ion , both views are known

L a priori to contain a projection of the same scene.

However , in matc hing scenes to a set of object prototypes

(mo del matching ), much less information is ava i lab le , and

thus more extended or global edge descriptors should be used

1. so that search combinatorics remain manageable. This is the

reason for edge segmentation with lines and arcs. Means for

determining validity of proposed matches needs to be

I incorporated , so tha t decisions can be made to control the

match in.g process. Matching efficiency in cluttered scenes

an d with large data bases would also be topics of concern.
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Although a variant of 3— D temp late matching might be

useful for recogn i t i on  of r igid shap es , more power fu l

techr iques are needed when objects are flexible or classes

of sha pes must b e unders too d . Mu ch resear ch mus t ye t be

done on the specification of admissible distortions for

part icular doma ins of a pplicat ion .

- I Several problems associated with obtaining 3— 0 features

from stereo image pairs have been formulated . They consist

of locating and organizing edges into symbolic descriptions ,

stereo matching of’ picture features , an d minimizing errors

associated with edge directionality. For computation of

edge depth maps there are added problems of matching

efficiency and continuity implementation , as well as t he

symbolic representation of contours. In relation to

ma tching of 3—D structures several problems are encountered

—— matching strategies , re p resen ta t i o n  o f sha pe , o c c l u sion .

• spurious an d missing edges , and search efficiency in complex

scenes an d in situations with many models.

In Cha pters 5 through 8 solutions to the above problems

• are presented , an d resul ts are d iscusse d in C ha pt er 9.

1_
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(
5. METHOD OF MULTIPLE VIEWS

A pp roaches which require high level features for stereo

matchin g (vertices , co-nnectiv ities , etc .) usually perform

less than adequately since these features are often

incom plete or hard to define for complex real scenes. Also ,

little theoretical knowledge is yet available on the

ma tching of nonisomorphic graphs. A simple template

matching techni que known as bulk correlation has proved

reliable in stereo comparison , but the objects must usually H
contain texture or surface detail. The approach used here

is to modify bulk correlation methods for use on scenes f

conta ining smooth arbitrarily shaped objects. Redundancy

provi ded by several v iews is use d to enhan ce the correlat ion

peak at low information windows . It presupposes that

v iewing parameters are known for all views. Use of multiple

views here differs from that of Rabinowitz (1971) and

Shapira (1977) in that no restrictive assumptions are made

about surface shape. In addition , bulk correlat ion

techn iques are used to enhance the voting between views .

In this chapter and also in Chapters 6 and 7 ,

techn iques for computing central projections and their

inverses are implied. Since such techniques are standard

an d available elsewhere , the ir deta i ls have been pur posel y

left out of this work.  For d?tails the rea der i s re fe r re d

to such references as Roberts (1965), Duda and Hart (1973),

~~

-

-ii 
- -
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an d Hannah (1974). Techniques for measuring camera focal

len gth and aspect ratio are taken from Baum gart (1974).

5.1 Redundancy Effect.

From a feature location in an image , it is possible to

simulate the projected ray passing through it , provided the

cons tituent parameters (i.e. camera orientation , position ,

an d focal length ) are known (Hannah (1974)). The particular

• feature observed in the image could have originated at any

3—0 locat ion on this projected ray. This is precisely the

pro blem of ambiguity. Stereo comparison methods attempt to

resolve th is ambiguity by viewing the same scene from two or

more different aspects. The idea- - • i s to s pec i fy an

addi t ional ray for the feature , thus d ef ining i ts loca t ion

by ray intersection. This requires capabilities for

com paring features between images. A feature which has few

distinguishing characteristics (i.e. edge segments) may in

fact match wel l  to a num ber of locat ions in the other v iew.

Even wh en one simulates the ray from the original picture

an d p ro jects i t Into the secon d v iew , there ma y st ill be

several ambiguities. In general , the less discriminating is •

th e feature , the g reater th e chance of am biguity in the

other v i e w .

In Figure 5. 1—la we see an illustration of the

redundancy effect for a two—dimensional object. The

ver tices of the object are numbered from 1 to 7. The

— 
.—
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(a)

Vertex Number
(aid posihon as seen from
each view)

2
A 34 57 61

B 4 3 5  7 2

C 1 2 6 7  5 4

O 21376 45

Distance Along 3~ Feature Ray From View ~
I ( b)

Figure ~ . 1 — 1  ( a )  tilustrat ion of mu l t iple v i e w  redundancy
in two d imensions.  A f ea tu re  f rom ve r te x  3 in the o b j e c t
appc ’ars at l oca t ion  3~ i n  v i e w  ,~~~. Additional views •~, B , C ,
an d 0 a r e  show n , and co r respond ing  f ea tu res  of’ the ibject
are projected from these projection centers onto th0 ray
3—3 0 . (b) The locat ions of p ro jec ted  fea tu res  along line
3—3 ~ of ‘ a ’ .ire s hown . Not ice that the p ro jec t i ons  of the
true fea tu re  (number 3) all oc~cur at the same ray
coord in a t e , and others are m isa ligned.

___  • 
—

. 
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sym bols A , B , C , D , and ~ indicate various views and

pro jection centers. The number 3 feature projects into view

~ at location 30 . Observ e t he var io us i nterse ct Ions of

other feature rays (dotted ) with ray 3—3 ~ through

pro ject ion centers A , B , C , 0. The respect ive ray locations

of the intersections are indicated in Figure 5.1—lb for each

view. Noti ce that object features positioned off ray 3—3,~
project onto ray 3—3 d at different locations. This means

t i .~~~~ t to a cer ta in ex tent d ep th m ay be est imate d by mere

voting, re quir ing no d iscr im inat ion between feature ty pes

(i.e. edges or corners). While stepping along the feature

ray 3— 3~ , one can project rays simultaneously into all

images , recor ding the number of views having features at the

projecte d locat ions. The ra y coor d inate wi t h the highest

count is taken as the depth for that feature.

When polyhedral vertices are used as features with four

or so views (Rabinowitz (1971)) , this approach is adequate

an d results in reliable stereo matches. However , for local

an d less discriminating features such as simple edge

elements , either more views must be used or the voting must

be enhanced by an additional means. Shapira (1977) adds the

property of vertex ordering and is able to extend the domain

to polyhedra with simple curved surfdces. For more complex

shapes w i t h arb it rar il y curved edges , the technique is

better enhanced by cross correlation. (Enhancement by

sym bolic edge properties Is inadequate since often

L. compar i sons mus t be ma d e at corners as we l l , w here s imp le



- - — — - -- — -. - 
— -~ — - ~a - ---- a~~~r f l .s .n.. ‘- • —_~ - .

314

edge properties are inadequate. Cross cor re la t ion  is mor e

general , treatin g edges , corners , and arbitrary feature

patterns. ) Cross correlation does not require prior

[ segmentation , thus bypassing difficulties normally

encountered in comparing irregular segmentations. Because

of the potential inefficiency of bulk techniques , thou gh ,

they shoul d be used sparingly. Observe in Figure 5.1— 2

three exam ples showing the result of summing cross

correlations (mean square difference measures ) from two

pairs of stereo views . The prominent peak is enhanced in

each example.

5.2 Edge Tracking and Contour Approximation.

The use of several views is tied to a scheme for

efficiently conducting the search and restricting depth

com putation. In this method three pictures are required , a

center , north (10 degrees), an d east (20 d eg rees ) p ic ture.

The center p icture is preprocessed to locate edges using a

modified gradient operator (see Appendix) which searches for

local gradient extrema . The edge features are passed to an

out put list , retain ing x—y location , direction , an d gradient

L magnitude. Edges are tracked in near neighbor fashion by a

J circular scan which first tests nearest neighbors and then

others un til a search radius of three pixels fails to

in dicate an edge. When the tracker fails , left to r ig ht

scan is resumed in search of another edge contour.

L  _ _ _
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Figure 5 . 1— 2  Examples of multiple view redundancy in
enhancing the correct  correlat ion peak. The three f igures
corres pond to three correlation points taken from Figure
9.2—2. Correlation value is plotted against depth for each
of horizontal (H) and vertical (V) picture pairs (C:V.H).

I--- 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ _ .



- 

-- -

1 36

- The edge list is passed to a contour approximation

routine which describes each contour with an end—connected

sequence of line segments. The method used is the iterative

endpoint fit as described in Ramer (1972 ) and in Du da and

Hart (1973). In this method successive approximations are

I made to sections of the contour in a recursive manner. The

first approximation used is a single line connecting the

endpoints of the contour. Perpendicular distances from all

contour points are then measured to this line. The point

having the greatest distance serves as a new breakpoint , if

it exceeds a threshold , and two new segments are formed as a

i: 
second approximation (see Figure 5.2—1). This procedure is

recursively called on each new segment formed , splitting the

-V previous approximation , until a condition is achieved such

- 
that all contour points lie w ithin a preset tolerance of the

1-. segmented approximation.

Other linear approximation techniques can be used but

this was found adequate for the purpose intended , even

though segment ends are necessarily constrained to lie at

discrete points. A variant is to use this as a first

approximation and improve the fit of each segment by least

squares (see Section 5.6). Pavlidis and Horowitz (1974)

merge an initial approximate splitting according to a

merging cr iterion. Horowitz and Pavlidis (1974) apply the

split and merge technique to region segmentation. If the

scenes are very noisy and edges are hard to track , then a

I more global line finding technique such as the Hough variant

U
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• Figure 5.2— 1 Illustration of the iterati ve endpoint
contour ap proximation techni que of Ramer (1972). The
successive levels of splitti ng are indicated by numbers
through 14, an d the solid lines indicate the final
a porox imat ion .
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of Duda and Hart (1972) might be used. However , i t is more

costly, since it effectively searches all edge candidates in

a picture for inclusion in a line.

5.3 Correlation Matching.

Small length segments in the edge list can be filtered

out prior to stereo matching, since they woul d contribute

less to the 3—D structure than lon g segments , for the same

amount of search com putation (or they can be passed to a

merging program which links edge segments with proper

orientation and proximity ). The filtered list is then

passed to the multiple view correlator , which attempts to

find a 3—0 coordinate for each segment junction.

Correlation can be implemented as a product or a difference ,

the latter being cheaper but not as general. In scenes

where the illumination is approximately the same in each

• view , the difference method is adequate , whereas the product

normalizes out intensity and contrast differences between

pictures. Nevatia ’s form of the mean square difference

operator is used (Nevatia (1976)).

( P1(i ,j) — P2(i ,j )  )2

M.S.D. = ( 1)

( Pl (i ,j )  ) * ( 5’ P2 (i , j )  )

ii ii

P1( i , j)  and P2 ( i , j)  represent the intensi ty arra ys of th e

two pic tures , where in d ices (i ,j) are rela ti ve to test

1: 
_______ 
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centers in each ima ge , an d summa ti ons are over rec tan gular

windows. Windows of size 9 X 9 were most often used as

patterns , loca ted at segmen t break points i n the center

picture.

Search is performed in the north an d east pi cture

simultaneously by simulating the projected ray from the

center picture through the given feature location , and then

back p ro jec t ing  success ive  poi nts along this ray into the

nor th and east pictures respectively. A new composite

I.. correlat ion is defined as the sum of the two pairwise

d i f fe rences (Equat ion 1) , using center—nor th  and c e n t e r — e a s t

picture pairs. Knowledge that objects are expected to lie

between two depth extremes restricts search to only a small

segment of this line , which can be easily computed.

Furthermore , if a cheaper operator can be used to prefilter

test points , then search can be further restricted. Since

all features lie on object edges , filtering is accomplished

by first computing an edge operator , the same one used in

the center picture , to eliminate candidates which have

insufficient edge strength to match the pattern. A fixed

threshold is used , slightl y less than the one used in the

center picture. This affords an order of ma gnitude or more

J savings in time , since only ten or fewer pixels are

addressed in the edge operator , whereas roughly 100 are

addressed in the correlator. For another approach to searoh

reduct ion for registration of images see Barnea and

Silverman (1972).

.
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Since 3-D points along the search ray will generally

project into noninteger values in each picture , a means  of

interpolat ing the mean square d i f fe rence operator  had to be

added. The interpolation algorithm utilizes piecewise

planar ap proxima ti on of the picture intensi ty funct ion (see

Figure 5.3— 1).

The global m in imum of the operator over the ran ge of

search is taken as the correc t match , and its location is

improved by parabolic interpolation between itself and

adjacent  neighbors ( ± one step). Roughly 60 depth steps

are used in the search for a t yp ica l  scene.  Since the test

points are pro jec ted from a 3— 0 locat ion , the 3 —D coord ina te

is al ready known , requiring no tr ian gula ti on.

5.14 Two Variations.

Two a l te rnate  techniques were  t r ied in conjunct ion w i th

buL- correlation as defined above. One attempts to compute

depth points incremen tally alon g edg e contours of the

• cen tral picture , by us ing the di fference operator at each

edge element location. Search for the first point of a

chain proceeds as described above. Successive points

however are constrained to match in a small interval (± ~
steps ) about the last com puted depth value , so as to

preserve 3—D continuity. This was found less desirable than

the narrow angle method (Chapter  7 ) ,  wh ich  also en f o rc es  . — r

continu ity of edge chains in each picture.

1: — 
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0
Image / ~~~~Intensity

H
E

(x ,y +l) (x+ 1,y +l )

B

(x ,y) (x+1 ,y)

A

• 

0

/ A

Image Plane CP - 5731

Figure 5.3— ~ Illustr ation of lanar lnter~olatio r f
inten sit ies between discrete ~ixel locations. tf £ is
defined as the average of the tntensittes .~~~ , ~~~~, C. a n d  D ,
then four planes are specified , A-B E , BCE , CDE , an d DAE . The
in terpolated intensity value for an arbitrary location
within the square region bccomes the value indicated by the
p lanar segrer.t directly above it. This results i~ a
continuous ~ntensi ty surface with pte cew ise constant
gradients.

F
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Another techni que uses only pairwise correlation as

opposed to composite correlation , but restricts search to

either a north or an east picture , d epend ing upon whe ther

the local edge feature is respectively horizontal ( �45°)

or vertical (>45 °). See Burr and Chien (1977) for this

approach.

5.5 Ban d Search.

Other techniques for searching for intensity templates

allow search in a band centered about the projected feature

ray. This is necessary when searching for textured features

since geometric distortions in the viewing field cause the

correct feature location to appear off the search line. If

search is res t r ic ted  to lie only on the line , then the

correlation peak in the v icinity of the correct feature

woul d be shallower , and might be confused by other peaks.

When correlatin g edge features , however , ban d search is not

necessary , provi ded that two orthogonal view pairs are used

as described. Geometric distortion still dislocates the

feature , but its counterpart on the search line will be less

perturbed provided the edge intersects the search line

roughly orthogonally. Thus the counterpart serves as a good

alternate ma tch. In addition , the match error is primarily

pe rpendicular to the search line , and ray in tersect ion is

thus mil dly affected. Ray intersection errors are affected

primar ily by match errors parallel to the search line.

Therefore when three pictures are used in the scheme as

4—
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described , the p rimar y contr ib u tion to d epth error is from

geometr ic di stort ion alon g the searc h line. Matc hi ng error

is min im ized by hav ing two ortho gonal view p airs.

In addition , linear as opposed to band search solves

the sliding vertex problem (Pingle and Thomas (1975)) quite

elega n t l y ,  since a sl id ing vertex normall y moves awa y from

the search line , and thus does not confuse the matcher .  A

sli ding vertex is a false vertex (tee joint) arising from

two edges at di fferent depths , wh ich appear to intersect as

0 viewe d .

5.6 Refinement of Edge Approximations. - -

Hill climbing techniques can be used to improve contour

segmen tations. Ramer ’s (1972) method results in line

segments whose en dpoints lie on contour elements. Thus the

approximation may not be optimal in the least squares sense.

However , the solut ion is close enou gh so that it era tive

feedback can be used to improve it. Based on proximity of

curve points (xi ,y i) to the initial segment approximation

(those with in a d elta ne ig hborhood of each segmen t), a

stan dard least squares error function is defined for each

segmen t as follows :

( 
~~ yi 2 + Cl2 ) xi2 + n * C0 2+ 2 *

ERR = ( C l * C0~~ xi — C0~~ yi — C1~~~xi* yi ) ) (2)

( 1  + c i
2 ) 

F

~
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w h e r e  C 1~~( ( y ~ - y 1 ) / ( x 2 - x 1 ) , C O : y l_ C 1* x l . ~nd the pa i r s

( x l ,y l )  and (x 2 ,y2) are the endpoints of the proposed line

segment. Summations are performed over all points in the

delta neighborhood. The square error rather than mean

square error is used since more data points on a segment

should bias the fit toward that segment. Also , the error

for a particular breakpoint contains two error components ,

one from the segment on each side. Preakpoints along the

contour are iteratively perturbed , and the error function is

locall y minimized by following steepest descent paths (see

Figure 5.6— 1). When the condition is reached such that all

breakpoints are at local minima , then the process is

terminated. Though the error is local , the iterative nature

of the breakpoint adjustment propagates information

throu ghout the contour , so that local constraints get

inf luenced by global ones.  
0

‘The same idea can be used for Improving ~—D coordi nates

of structures computed using multiple view s (chapter ~) .

Since the bulk correlation measure for matchin g images is

necessarily local , the resulting match may not be globally

optimal. Upon observing the p ro jection of each structure

into the original stereo Images , one sees that most corners

are reason ably close to alignment , but edge fits could be

improved. By redefinin g the error function at a 3—r

breakpoint as the sum of each ,~—r proJected error (Equ~i tic’ n

2 ) ,  the hil t clim bi rw. technique can be extended to ~-D
- 0 structures. The con str 1iint that i unique ~~~~~~~ lnterse~ t i c n

~ 

0
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Fi gure 5 .h— 1 -t il u strati o n of hi ll cli~nbin g technique for
improving contou r a p p r o x i m a t i o n s .  The paths located  at each
bre akpoint indicate loot followed duri r~g alg ortth~
iteration. The final segmentation shown is the one

I satisfying s1~uare error m in liil:a tt ori at all breakp oint s.
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point exists is enforced by choosing the 3—0 point first and

then projecting . By successively perturbing the three

spatial coordinates (x ,y, z) at each breakpoint , the error is

minimized until all breakpoints are at local minima , similar

to the 2—0 case.

I I
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6. MODEL MATCHING

6. 1 Wire Frame Modeling.

Except in some degenerate cases , projection of a 2— 0

line segmentation into three di mens ions resul ts i n a

structure very sim i lar to tha t wh ich one woul d obt a i n by

approximating the actual 3—D edges with linear segments.

Th is in fact is the representation used for an object

prototype , namel y a wire frame exoskeleton in which linear

wire frame segments approximate object edges or loci of high

surface curvature. An exam ple of a degenerate case is a

p lanar curve project ing into a sin gle l ine.

When sharp edges do not ex ist , loci of relatively high

curvature may be su bstituted , since the y woul d be mos t

li kely to predominate on object silhouettes. Most man—made

objects , espec i ally mach ine parts , are represen ted well by

their prominent edges. When objects have no characteristic

edges then some edge network may be substituted (e.g. a

dodecahedron for sphere). The modeling scheme is admittedly

biased toward objects with prominent edges , but will work ,

- 1 though less adequately, for edge—less objects.

In model i ng of any sort , one at te~npt s to describe

observable features , si nce at some poi n t com parisons wi ll he

made to the real world. Wire frame structures can simulate 0

propert ies such as surface orientation , h idden lines ,

shading, as well as edge structures. However , in the

~

r .  -- 
- 
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absence of shading tech niques (Horn ( 19 7 0 ) )  and i l lumination

information , 3—0 surface orientation is not readil y

obtainable. Therefore , the choice was to exclude surface

information. In addition , since hidden line elimination can

be quite costly, it was felt best to develop techniques

which do not require it. As a result prototypes consist

only of information about node position (corners , high

curvature points ) and their connecting structure (wire

frame). Addition of a hidden line algorithm would only

0

0 reduce the number of model edges that need to be compared at

any given time , and it is not clear that the increased

computation cost would be offset by increased matchin g

efficiency. Th is would be an interesting topic for

investigat ion.

[ In the remainder of this thesis the terms “percept” and

“3—0 scene ” will be used interchangeably to refer to 3—D

edge ~onstellations produced by the multiple view process

(Chapter 5).

6.2 Matchin g 3—0 Wire Frames.

The matching process attempts to pair percept and model

edge descriptors on the basis of their relative lengths ,

orientations , and positions. The process relies on

constraints imposed by 3—0 geometry to rule out impossible

relationships. It is similar to the approach used by Falk

(1970) in that two steps are involved , a proposer , and a

- 
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• ver ifier . It differs from his method in that matching takes

place ent irely in three di mensions , not requ i rin g pro jection

into the image to ve r i f y  a proposal .  It has the f lavor of

template matching in that rigid stru’tures are compared , but

the nature of the matching is symbolic. The ideas are

com pati b le with su btem plate stra tegi es of Van der bru g an d

Rosenfel d (1977).

6.2.1 Proposer.

The proposer attem pts to relate a single pair of edges

in the perce pt w ith a pair in the model. In the process the

constra ints shown in Figure 6 .2.1—1 must be satisfied .

- 

1 Essent ially they requ ire that len gths must agree , as well as

the position and orientation of the two edges relative to

each other. As imp lemente d the rout ine first selec ts

ar bitrarily an edge segment of the percept (VP1). A model

edge • is sought whose length ( IVM 1 I ) nearly equals V P1 I

When such is foun d , there is still a mat ing am big uity: head

to head , or head to tail. First one is tried , then the

other. The two edges become respectively the z—axes of

cylin drical coordinate systems centered at each edge. The

rotat ional ambiguity is resolved by searching for an

additional edge in the percept which matches a model edge on

the basis of similar lengths , cylindrical (r ,z) coordinates ,

an d orientations , to within a fixed tolerance. If and when

such is foun d , the pair ing defines a coordinate

transformat ion between model and percept , namely that which

-
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3-0 Percept Edge Pair 3-0 Model Edge Pair

/
I Requirements for I I~~ l z IRMI
I Match Proposal ~ ~

L ~~~~~~~ ~

Figure 6.2.1— 1 Illustration of the constraints required 0
for proposing a mat ch between the scene (left) and the model
(right). A correspondence between two scene edges and two
model edges (heavy lines) is required . Essentially the
entire structures must agree geomet rically, within error
‘.ounds.

I
— —-.--- —~ 

-

\ \ :

-

I~~l ~ VMI
d ~~TDRequirements for

Match Ver ificat ion 
i~~

-i 
~

~~‘< o < i _ !
L ~~ 

—

Fi gure 6.2.2—1 As part of the verifica tion of the proposed
0 coordinate t r ansfo rma t ion , remaining Imp lied matches  be twee r ~scone and model are checked. If’ the above constraints are

satisfied , then the COME IDENCE value of’ the Dropo sed
tran sformation is increa sed , In order that scene edges w :th
missing segments may contribut e to match validity, stri ct
agreement of edge lengths is not enforced. VP and VM
correspond to percept and model edge vectors , respectively. 0

- - ~~~~~~~~~~~~~~~~ 0 ~~~~~- -~~
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brings the three points into correspondence: two ends of

segment 1 , an d the center point of segment 2. There may

ex ist further implied edge matches between the two 0

struc tures , so an attem pt is ma d e to ver ify the good ness of

the comp lete st ructura l  match by finding these implied

matches.  This is re fe r red  to as the ve r i f i ca t i on  s tep .

6 . 2 . 2  V e r i f i e r ,

In verif ication it is more natural to implement

0 
comparisons in a ca rtes ian  rather than a cy l indr ical

reference frame . These are def ined as shown in Figure

• 6.2. 1— 1. In fact , the im plied rotation is not actually

performe d , but instead all tha t is needed is to com pute edg e

informat ion relat ive to each cartes ia n frame an d com pare

coor dinates. It is desirable because of possible missing

• edges and/or segmentation uncertainty, to allow a por ti on of

a perce pt edge to match a model edg e , an d relax str ict

length agreement. This coul d also be allowed in the

proposer , b ut was not , since search time woul d be increased.

At any rate , it woul d be a simple extension to allow this in

a pract ical system , or an al terna te v iew can somet imes be

taken in practice. It is usually possible to find at least

two complete edge segments present in an object unless the

scenes are extremely no isy. In the process of searching for

a pro posal p air , all mat i ngs of scene edg es are tr ied , since

it cannot be assumed that any given pair has a

corres pondence in the given model.

_ _ _ _ _
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In v c rj f j c a t i o n  the constra ints shown in Figure 6.2.2—1

are enforce d. The essence is that a percept segment must

- 

agree in orientation wi th  the model segment , and its

position must be e f f e c t i v e l y  wi th in a cy l indr ica l  shell

about the model edge , but its length may be less than tha t

of the model edge. The tests are ordered in an attempt to

ma ke the search somewhat efficient. Absolute features such

as edge lengths are tested first and are precompiled.

Rela ti ve features wh ich cannot be com pi led , suc h as

d istances an d an gles , are teste d later.

In ver ification all pairings of percept and model edges

• are searched for this criterion. When one such pairing

satisfies the constra ints , it is taken i nto account to

increase confidence in the match. This is done by computing

a running sum , calle d the CONFIDENCE. This value contains

the normal ized sum of all percept edge lengths which match

at least one model edge. The normalization factor is just

the sum of all percept edge lengths. Thus a validity

measure is assigned to each proposed coordinate

transformat ion between a particular model and the 3—D scene.

• Th is number allows us to make comparisons between the

goodness of fit of several orientations of one model , and

between several models. Search can continue over the data

base testing various models and orientations until one is

foun d which maximizes the CONFIDENCE value. If the value

exceeds a threshold (typically 0.5 or more ), it can be taken

as the correc t identification of that portion of the scene.

-- - — 0- - 0 0 —~~
=-

~~~——-~~~~~ 0 -~~~~~~ — —~~~~~~~~~~ -—-_____
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The matc hed lines are eliminated , an d t he  r e m a i n d er of t he

scene is searche d for further ma tches. Eff ic ienc ies can be

gained by rest r ic t ing such matching to subsect ions of the

scene , an d to sub parts of the models (Sect ion 6.-L I ).

Examples are shown for matchi ng scenes consist ing of single

an d multiple objects. Extensions to the linear modelin g 01

scheme inclu de one based on circular primitives.

6.3 Edge Connectivity.

The reader will observe that edge connectivity

information was not utilize d in the matching process to aid

in search reduction. Although it would be desirable to

implement this , it is not practical to do so in general.
0 

O f t e n  a cont inuous edge is broken due to illuminat ion or

noise , and there may be depth errors of great magnitude at

isolated points. An alternative is to enforce connectivity

unt il a mismatch occurs , or a contour end s, an d then allow

unrestr icted search until a new match is found. This

ap proach would necessitate some means to deal with the

pro blem that the correct pair may be segmented differently.

The pro blem is treated here by not enforcing connectivity,

at the expense of increase d search. Errorfu l coordinate

V transformat ions are often pro posed when the proposal pai r is

restricte d to near neighbor edges (due to unc ertaintie 3 ) ,

especially when located at a low curvature point. This

woul d nee d to be coun teracte d with some fanc ier ver i fic ati on

1. stage , perhaps fuzzy near neighbor matching (Barrow et al.

-- - - - - - J~~~ TT .
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(1977)) rather than template cutoff past a certain range.

Alternatively , an incremental u pd ate on the coor di na te

t ransformat ion might be trie d as new matc h points are added .

I Nevertheless , the chamfer matchin g techni que of Barrow et

I 
al. (1977) requires hidden line elimination for optimal

performance. It is not clear that the tradeoff of more

com plex verification and costly line elim ination woul d make

th is approach better. Perhaps a restricted hidden line

algor ithm that remove d only some of the edg es woul d suff ice ,

since some self—occlu ded edges are cheaper to eliminate than

others .

6.4 Some Thoughts on Search Reductio n for Cluttered Scenes

an d Many Mo dels. 
0

It should be clear that the shape match ing rou tine is

• capable of com par ing an object wh ich is par tly occlu ded , or t -

one wh ich has additional clutter surrounding it. This is

I due to piecewise description of shape and rich use of
- 

geometric constraints. Thus an approach to matching

I cluttered scenes would be to apply the recognizer to the

whole scene , at tempt ing to find a matc h in some region.

I Though this strategy works , it is quite inefficient , and

consumes much time in checking parts of the scene which do

not conta in the object. In addition , CONFIDENCE values 0

-

~~~ 

would all be low , since only a small port ion of the scene 
0

would l ikely match at any g i ven  t ime.

~L1 
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Any prior knowledge ava i lab le  which permits re jec t ing

of cer tain features d ur i ng com par ison woul d necessar ily

result in search reduct ion , s i n c e  t h e  c o m b i n a t o r i a l

possibilities including the rejected feature are limited .

This ap plies to both the features in the scene (3—D

confi gurations in this case) and features in the model data

base. In the case of the models , e l i m i n a t ion of cer ta in

unl ikely models or external methods for orde r ing lik el y

models for test ing would resu lt in search reduct ion ,

especially if reliable knowledge is available to decide when

to terminate a search .

6. 4 .1 Search Local izat ion a nd Re laxa t ion  Labeling.

A part icular technique which holds cons iderab le  promise

in this regard is that of re laxat ion labeling ( R L) .  It was

initially demonstrated by Wa l t z  ( 1 972) for semantic labeling

of line drawings , and recent ly formalized by Rosenfe ld et

al. (1976) to permit fuzzy constraints and labels. The

techn iq ue is generally app licable when a set of objects a

can take on any one of a set of labels . La bels are no t

assigned to ob jec ts  a prior i, but are assigned probabi l i t ies

for each ob jec t .  Probabi l i t ies  are updated based on

seman tic constraints applicable to the particular problem

domain , and part icular works at tempt  to spec i fy  these

re lationships (Zucker  ( 1 9 7 7 ) ) .  Semant ics  of label

interaction between hi erarch i es are also im por tant sin ce

labels can be assigned at different levels ~Rosenfeld an d

-

~ 
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Davis (1977)) , t h o u gh hi e r a r c h ical  id eas a r e  no t as eas i l y

incorporated in such schemes due to their inherent

nonhomogeneous nature.

Thou gh Waltz ’s work indicated applicability of RL to

general object features (sha dows , crac ks, concave , convex ,

o c c l u d i n g  edges , e t c . ) , such ideas can be extended to al low

labeling of o bj e c t — s p e c i f i c  and geometr ic fea tu res .  A

simple demonstration of this is the work of Davis (1976) in

wh ich corners of a squar e are la bele d it era ti vel y. For

general v isual scenes , thou gh , or ientation—independent shape

features would have to be es tab l ished.  For example , s u c h

fea tures  might include such measures as d is tance histograms

between hi gh curvature poi nts (objec t vert ices), or

length/angle/ length measures for ob jec t  co rners .  Cer ta in

deficienc ies of RL are app rec iated , though , an d car e woul d

- 
need to ba taken to prevent ins tab il it ies which can occur

when feedback is present .  Instabi l i t ies, t h o u g h , do occur

in human vision (Attneave (1971)) , thus len di n g cred ence to

the possib ility tha t they may be inherent in perce pti on.

The importance of RL in geometric model matching would

be to permi t focus of matc hi ng to i solate d regi ons of a

s c e n e , to order likely ob jec ts  for tes t ing at any g iven

time , and to permit improved knowledge about match validit y .

Dur ing the up dat ing of scene la bels , ho pe f u l l y some l ab els

woul d dominate over others in portions of a scene , and the

high probability labels would indicate likely objects for 
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geometric testing. If spatial continuity is invoked

properly, high probability labels for certain subobject

• fea tures woul d be re inforce d locally b y other high

probab ility labels for the same object. Thus we would have

a sophisticated object— specific body finder , or local izer ,

which could be used to prune or order search in both the

- scene an d the mo del d ata b ase. Pruning would result since

the CONFIDENCE denominator can be redefined to include

we igh ted l e n g t h s  of scene edges (v a r yi n g with each tes t

object ). The measure would thus be more accurate for
r

particular objects. CONFIDENCE values close to 1.0 would

occur much earl ier in the search , a~id this would prompt

early term inat ion.

- 
o . 1 4 .2 Medial A x e s , Hierarch ica l  Decomposit ion , and Body

[. Finding.

Al ter nate methods c~ reducing search include medial

ax is repres entations , h ierarchical decomposition of’ mo dels ,

and bod y find ing.

The medial axis representa t ion (A g in  ( 197 2 ) , M a r r  and

Nishihara ( 1 9 7 6 ) )  can be used to advan tage  in match ing .

since represen ta t io n of shape is reduced to essent ia l

features , an d thus the combinatorics of’ ~nat chi n~ are reduce d

cons iderably. In fact one might consi~ er medi al ax is

representa t ions  to propose matches , fo l low~ d by  a v e r i f i e r

wh ic h looks at finer d eta i ls , such as edge patterns.

00 
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Hierarch ica l  decompos i t ion  (Turner  (197Z4~~, Schnler

( 1 9 7 7 ) )  is a t t r a c t i v e  for the same reasons .  Name ly ,  b y

searching for a subelement of a par t icu lar  objec t , o n e  n e e d s

to make comparisons only between a reduced subset of edge

f e a t u r e s , thus reducing combinatorics. Location of a

possible subelement of an object  can be fo l lowed by tes t ing

for the ent i re ob jec t .  If the part icular  subelenients are

chosen properly, (i.e. so that an element is general and

can be used as a building block for many d i f f e ren t  o b j e c t s ) ,

then search is furt her red uced . Th is is poss ib le because

searc n ing for a general  subelement is essent ia l l y  search ing —

for tha t element i n all objects wh ere it is p resen t , and it

only needs to be matched once. This technique has indeed

been used success fu l l y in the HARPY speech unders tand ing

sys tem ( Lower re  ( 1 9 7 6 ) ) .  The presence of a sub fea tu re  then

points to the objects which contain the particular feature.

There is danger in using decomposi t ion in scenes w i t h

missing information , namel y there may often be insuff ic ien t

information to verify a subobject. Complete models have

been used un ti l better data can be ach ieve d. In some sense

decomposition is automatically incorporated by choosing - 

-

fea tu re  p r im i t i ves  such as l inear or c i rcu la r  segments , as

has been done in this thesis.

Body finding, although a highly developed technique for

perfec t d raw i ngs of scenes , is not yet sophisticated enough 0

i n real scenes , thou gh t here  i s no t heo re t i c a l  r e a s o n  yet

found to prevent its being used. Finding of bodies from

00

~ 
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monocular da ta  has been d iscussed  in Guzman ( 1 968 ) , F a l k

( 1 97 0 )  and Chang ( 19 7 4 )  and in depth data  by Ag in  ( 19 7 2 )  and

N e v a t i a  (197’4). This is certainly a very strong heuristic

- 
to use in mo del matching, because one need per form matching

only on the subpart  of the scene containing the body.  The

m inimal spanning tree representation (Figure 6.4.1— 1) ,

couple d with a generalized dynamic smoother (for 3—way and

greater ver ti ces ), might prove useful for edge—based body

finding. However , its success would be based on the ability

• to reliably detect tee junctions , an d th is wou l d be en h a n c e d

by proper choice of a smoothing algorithm.

6.4.3 General Heur istics.

Some heur ist ics which are d i rec t l y  applicable in this

approach are as fo l lows (those incorpora ted  in the current
•

scheme are starred *): Perform matching only on connected

edge 
- 

elemen ts of the scene at any gi ven ti me. Thi s

resembles body f inding since connected edge elements are

likely to belong to the same ob jec t , espec ia l l y  if one s tops

at locat ions of depth d iscont inu i ty .  Another heur is t ic  is

to res t r i c t  matching only to those line segments which are

• rela tivel y long, since they contr ib u te the mos t i ncr emen tal

amounts to the CONFIDENCE per e lement , and o r i en ta t i ons  are

more a c c u r a t e  than short  segments ~~. Verification c a n  be

allo wed to i nclu d e all segmen ts ~~~~. Fur thermore , in the

ve r i f i ca t i on  phase , when a short edge element is being tried

for a ma tch , one need not search  the whole model edge l ist

• —~~~~~ -— - -—-- - ----
~~~~

--- -
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since locat ion of a match f o r  t h e  edge would only increase

the CONFIDENCE by a small amount. In general , s e a r c h  the

model more com pletel y dependent upon the potent ial of the

edge element to contribute to significant CONFIDENCE

increase. This woul d introduce some error in the

• CONFIDENCE , but it would be traded for greater search

• efficiency.

A stron g heur istic to im plement is that at least two

t .  edge elements 
- 
are present in the scene whi ch corres pond

comp letely to two model edge elements ~~~~. Th is allows

enf ~ rcement of edge length agreement , which reduces search

in the proposer. However , this restr ict ion was relaxe d in

the ver i f ier so that broken edges can still match.

In searching a particular model for correspondence , o n e

• can take advantage of a feature cal led the maximum ex tent  of

the ob jec t .  This is the maximum length diameter that can

exist in the object. When used in searching for the second

pair element in the pro poser , line elemen ts can be rejected

if they lie at a posit ion exceeding this d i s tance .  Greatest

search reduct io n can be got ten wi th this heuristic if the

part icular test  ob jec t  or subobject  is small in all aspec ts .

Th is provides further justification for hierarchical

d e c o m p o s i t i o n  —— to make subelements compact in shape.

Another heurist ic is to limit ce nters of g r a v i t y  of

mode l and scene to be wi th in a preset to lerance a f te r  the

initial proposal of two edges ~~~ . This eliminates obviously

~

I
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- bad p r o p o s a l s, where the model is or iented to lie outs ide

the scene. It is obviously more powerful the fewer the

num ber of objects in the scene. Further , if the table top -

pla n e  is k n o w n , refuse any proposals which cause an ob ject  
- 

-

to lie in part below the table. A f te r  one body is found in

a scene , prohibit others from intersecting those already

) foun d .
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7. NARROW ANGLE STEREO

I ,

- 

For var ious reasons it may be des i rab le to represent  
- 

-

s t r u c t u r  -~~~ w i th curved segments.  One par t icular  scheme

would allow p i e c e w i s e li n e a r  and  p i e c e w i s e  cir c u l a r

primit ives for edges of o b j e c t s .  Since cent ra l  pro jec t ion

does not preserve cu rva tu re , as i t does linearity , it is

desirable to per form f it t ing of curved segments in space H
rather than in the image , hence the need for e f f i c ient

compu tati on of depth ma ps.

Because of the conf l ic t ing requirements of fea ture

compar ison an d triangulatio n , a par ti cular me th od normall y

must accept  a t radeo f f  between the two.  There has been

little attention given to nar row angle approaches because of’

- inherently poor t r iangulat ion accuracy .  However , t h e

possibi l i ty of rapid , reliable and simple techniques for

feature  comparison make the narrow angle technique

a t t r a c t i v e  for computing depth maps.  The app roach taken

here is to use dynamic smoothing to reduce the deleterious

e f fec ts  of image noise on ray in tersect ion.

7.1 Symbolic Correlation of Edge Elements.-

In this approach edges are de tec ted  and fo l lowed in

each of a pa ir of images. Comparison of features is done

wit h a threshold function whose arguments are derived from

the edge list d a t a .  S ince edge points on the list are

~~~~~~~~~~~~~~~~~~ ~00 - —  
-
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arranged in the order in which  they were  t r acked  in the

picture , cont inuity can be enforced quite easily. After an

initial match is found between two edge elements , t h e  m a t c h

for the next  element on the list is res t r i c ted  to lie in a

small band (usually ± 3 units ) about the las t matc hi ng

edge datum. This is better than in the previous tracking

metho d (Section 5.14) where searc h is restr icte d to areas in

the or igi nal p ic ture , since edge list data (position ,

( or ientat ion , step size) can be easi ly  smoothed prior to

ma tching. This approach generally results in longer

cont inuous 3—D contours than in method 1.

Picture pairs are ve r t i ca l l y  sh i f ted , s ince camera

no ise components in this direction were observed to be

small. The decision polynomia l conta ins f i ve  terms:

DIFF C l I~x I  + C2 t~ y-dI + C3 I~D x I  + C14 l~ DYI + C 5 1  ~m J ,  ( 3 )

where (x ,y ) are coordinate values , (Dx ,Dy) are gradient

an gle components (Figure A— i ) , m is the gradi en t

m a g n i t u d e , a nd d is stereo disparity. Deltas indicate 
_ 

-

d i f f e rences  in these quant i t ies  between the two p ic tu res ,

- t and Cl—C S weight the effects of the feature differences. n

general , if a feature is noisy or is a poor discriminat o r

for predi ct ing matches , then its coeff ici ent i s lower. ~x

values are l imited to —1 , 0 , and +1 because of p roj e c t i o n

cons traints. Initially C2 is zero , b u t af ter a succ es s f u l

- I, match , it is weighted to favor a subsequent edge match a~

(
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the previous disparity value , d . This is the 3—D continuity

constraint. The 2—D constraint was imposed by restricting H
the search field to nei ghboring edges on the edg e lists . A

particular can d id ate mus t produce a local min imum over thi s

fiel d an d be less than a threshol d to qual ify as the match.

If none are f3un d , then exhaustive search of the edge lists

is successively invoke d to obtain new match pairs. The

results of the matching are displayed after triangulation.

A ro tated struc ture is portraye d to show tr ian gulation an d - 

-

match ing accuracy. It should resemble the shape of the

actual object i f successful.

7.2 Nonlinear or Dynamic Contour Smoothing.

To permit triangulation to be used practically for

narrow angle stereo , a new met hod was  d e v e l o ped f o r

smoothin g digi tal contours wh ich m inim i zes roun di ng of

I. corners an d maximizes smoothing of low curvature sections of
- . 

the contour. In order to adequately reduce noise , some

smoothin g must be allowed even at sharp corners. However ,

if the edges have b een tracke d in a sim ilar manner in both

pict ures , this smoothing will be in the same direction , and

thus contri bute l i ttle error in the tr ian gu lation , which is

inheren tly difference sensitive.

An approach found successful in reducing contour noise

is one whi ch attem pt s to fin d maximal len g th smoo thi n g

i ntervals at po i n ts alon g a contour. It also assu m es th a t
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noise is amplitude limited . At a part icular edge point ,

intervals of equal plus and minus extent are sought such

that all points within the in terval  are wi thin a f i xed

- . 
perpendicular d i s t a n c e  f r o m  t h e  line connecting the interval

end points. The maximum length interval wh ich satisfies H

this requirement is defined as the smoothing in terval  for

the point. At locations near contour ends , this interval

must necessaril y be limited so as not to extend beyond the

contour. The smoot hing function within the interval is just

the average of all positions (also angles , or in tens it ies)

within the interval. Var ious we ig ht ings coul d be trie d , but

the unwei ghted one was satisfactory and also allows

efficient im plementat ion.

• 7.2.1 The WORM Smoother.

An efficient version of this algorithm takes advantage

of the fact tha t neighboring points on a curve will have

similar smooth ing intervals. In add it ion , a runn ing avera ge

of data can be kept and incremented , rather than recom put ing

averages at each new point. It is called WORM since the

plotted smoothing interval when observed dynamically

resem bles a straight rigid worm crawling through a tunnel

whose radius is the error threshold.

The implementation begins by smoothing the point next

to one end using an interval of three (see Figure 7.2.1—1).

A tail is defined as the pixel at the contour end , an d a
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Figure 7.2.1— 1 Il ustr~ tion of dynamic inter~ al
d e t e rm in a t i o n  f o r  the  WO R~! s-noothing algorithm . The hcad
location is advance d until there exists some ~~ along the
head to tail In terval which exceeds EPR MAX. Then the tail
is advanced until Dj is brou ght below ER Rw .\X. This process
is iterated , the current InterV al bein~ use d to smooth the
contour point at its center.
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head as the opposite end. The head is advanced in position

by two units and a test is made to see if any point in the

in terva l excee d s the di stan ce thr eshol d fro m th e WORM. If

not , the edge point midway on this interval is smoothed

relative to the gi ven interv al. The hea d position is

successivel y incremented by two un til such a deviation is

foun d. Call it Dj. An increment of two always guarantees

that a contour point exists midway along the interval. The

tail position is now incremented in units of two (same

reason)  until the d is tance  from Dj to the head—ta i l  line
t falls below ERR MAX.  In the process of shr inking, t h e  c e n t e r

point of each interval is smoothe d wi th the current in ter v al

as the range. The sums of x and y coord ina tes  over  the

initial interval (length 3) is computed . They are

7 incremented by adding x , y coor di na tes f r o m  each a~ ded point

and decremented by subtracting x , y coor di n a t e s  f r o m eac h

remove d point. A runn ing avera ge is thus com pu ted by

dividing these values by the number of points in the

in terva l .  The process ends when the next to last point in

the contour has been smoothed .

7.2.2 An Iterative Variation for High Frequency Noise.

A va r i an t  of the prev ious  method of smoothing is based

on an assumpt ion that the noise is r e l a t i v e l y  high in

f requency.  If this is true , t h e n  smoot hi n g can  b e

accomplished by using a fixed interval and weightin g , say, I’
nearest  neighbors in i nve rse  propor t ion to the a b s o l u t e

~
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curva ture estimate at th at poi n t. The progress ion of

we ighti ng values shoul d be smooth bet ween the ex trem es. .~

part icular funct ion sa t i s f y ing  these re q u i r em e n t s  i s

WT 1 — cos(~ /2), (4)

where ~ cos (vl v2/ vl v2 ) , an d v l an d v2 a r e  v ec tor s

defined between a contour point an d those poi n ts

respect ively ± n remove d from it . ~ can  b e i n t e r p re ted as

a bending angle. The smoothing is done on multiple passes

o v e r  t h e  ~on t ou r , each using decreas ing va lues  of the

interval n. Each pass smooths only points having the

pro perty

� n(l — 1/n) , (5)

where n and ~ are defined above. Subsequent passes extend

the smoothing to points closer to shar p corners , res mooth in g

the prev ious ones.  The e f f e c t  is u l t imately to impose a low

pass f i l ter on all points , the upper cu to f f  of which is H

lower for low—fre quency portions of the curve , or the

flattene d portions. The purpose of impleme nting this with

severa l  passes is to a l low bet ter  es t imat ion of the bending

angle , as its value is pertu rbed by noise in the contour.

- 

This last technique was the f i rs t  one implement ed , a n d

was i nten ded to be use d to smoot h scene con tours . Howe v er .

the assumpt ion of high f requenc y  noise was  not va l id  for the
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part icular ima ges , an d a r e s u l t a n t cy cl ic no i se p a tte r n

remained. The assumption of fixed amplitude of contour

noise was a bet ter  one , and the WORM technique thus proved

success fu l .  Its tendency to round edges slightly more than

t h e  i t e r a t i v e  m e t h o d  w a s  not objectiona b le for stereo

ma tching so long as roun di ng occurre d sim ilarly in each

picture.

7.3 Cleanu p of the Depth Map

7.3.1 Reliability Estimation.

If we look ahead for a moment and observe  the resu l ts

of narro w an gle tr ian gulation (Fi gure 9.4—5a) , we see that

lon g stra ig ht edg es get processe d reasona b ly well , whereas

curves an d corners have greater error. Fur th ermore , d ue to

• the problems associated with edge orientation in a single

pair of ima ges , poor reg istration resul ts when edg e

orienta ti on is parallel to the ima ge sh ift .

This can be corrected by smoothing, b ut can best be

done if an estimate is made of such error. This estimate

can then be use d to gu id e a d ynam ic smoot hi n g al gor it hm.

Unless long straight edges in the image are aligned in the

same direction as the image shift between stereo pairs , then

large errors as discussed will occur only over relatively

short inter v als. It is usuall y poss ib le to or ien t the vi ews

so tha t this condition is met except for extreri e cases.

- — — —-  - 
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S i n c e  smoo th i n g e r r o r  v a r ies di r e c t l y w i th c o n t o u r

curva ture , an d orientation error with ledge siope l relative

to the horizontal , then we attempt to estimate depth error

as fol lows (geometric di stor t ion is not cons id ere d for

reasons di scusse d earl ier ):

ERR K’ec + es , (6)

where ec an d es are the error es tima tes res pect ivel y d ue to

curvature and slope:

ec

/ ( x(j-2) + x(j+2) ) / 2 - x(j) )2 (7)

y ( j - 2 )  + y(j+2) ) / 2 - y(j) )2

H
es I ( y(j+2) — y ( j — 2 )  ) / ( x (j + 2 )  — x(j—2) )l (8)

- x(j) and y(j) are the image coordinates indexed along the

contour. The coeff icient K is required to scale the

- relative effects of ec and es. A value of 25 was found

adequate for depth smoothing.

7 .3 .2  Hysteresis Smoothing.

There ma y be several attractive ways to use this

informat ion to optimally smooth the disparities , but one

successful way consists of a technique known as hysteresis
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smoothing. In thi s method , as normally implemented ,

elements along a curve remain unchan ged except when the

difference between one point and the next exceeds a

threshold. In this case the element is changed to the value

of the last visited one. This lag effect is continued until

once again consecutive points are within the specified

t o le rance .  S ince an e x t e r n a l  es t ima te  of error is available

(E quatIon 5), truncation can be invoken when this estimate

exceeds a threshold. Since error becomes appreciable only

ov er r e l a ti v e ly  sm a l l  i n te r v a l s , the truncated value is

l i ke ly  b e t t e r  than the ori~,inal estimate. fl isparity is

smoothed ra ther  than 3—D pos i t ion , s ince  the p i c tu re  plane

components of the 3—fl coordinates are usually better defined

than the ray coordinate , or disparity. Only in orthogonal

projection .5 are the picture plane and depth compone nts

independent , so in general it is better to smooth the

disparities before triangulation. An altern ote to

truncation would be linear interpolati on w fthin the error

I n te rva l s .

7.3.3 WORM Smoothing.

Figure 10. 14— b shows the result of hv ster e~~is smo othi n g

~ tg ur~ 10. 1 4 — 6 a .  The o r ig i n a l  3— P da t i is cons ider .i h~ v

~~ . ‘~~ v e d  by this s imp le  p r o c e s s .  re pth e r ro r s  hi v o been

- _ -
~~ - ‘ that a ll disparities have roughl y fixed m a x imum

- Thi :~ i s  p r e c i s e ly tho condit i on requi~ ed for

- .  
~~~~~ so -i g o o d  suggestion would be t o  use it t’o~

-- -— -- —--
~~~~—
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further improvement. Since the error is no longer strictl y

of fixed maximum deviation , but only nearly so , the WORM

smoother is mo dified to account for this. The modification

estimates smoothing intervals based on least squares fittin g

of suc cess i ve i ncremen ts of t he con tour , an d e r r o r  is

measure d as rms deviation of contained points along the

i nterva l .  The hea d an d ta il mo v emen t are now contr olled

accor di ng to w hether the err or is g reater  or less t han a

threshold. Since there is no longer a guarantee that tail

shortening will terminate , the restriction that it stop when

the head—tail interval reaches 3 is included. In this way, H,

if certain portions of the cur~’e have indi vidual local rms

err ors excee di ng the p rese t threshol d , the smoothing

interval will be set at the minimum of 3 and advanced
- 

appropriately until normal head—tail movement can be

resume d.

fr-
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8. CIRCULAR ARC APPROXIMATIONS.

-~ 8. 1 Extens ion of Ramer ’s Me thod .

An extension of the i terat ive en dp o int f it (Ramer

(1972)) was made adapting it to circular arcs. Instead of

connect ing two en d po ints of a contour , an additional point

roughly midway between the two endpoints is added , and the

unique circle passing through these three points is found.

Edge point errors are measured radially to the estimated arc

an d the maximum error determines a new segmentation point

L for recurs i ve entr y , s im i lar to the linear me thod . Ar c

est imates are base d on s ing le points , and thus a single wild

- 
- 

point can cause a splitting. I t s  scope is thus limited to

con tours w i th rela ti vel y low noise. Prior smoothing with

one of the f i l ters descr ibe d , though , s houl d hel p

considerably.

8.2 Centro id Method.

A bet ter  method , w h i c h  does  no t  ma ke suc h s t r o n g

re q ui remen ts on curve no i se i s a heur i s ti c on e w hi ch ta kes

advantage of roughly uniform spacing of edge points along a

contour .  A for tunate c i rcums tance i s t hat bot n nonl inear

smoothers described do just that —— arrange points with

locally un i form s p ac ing . However , even when thi s is not

valid , the metho d provides acceptable curve fitting, though,
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- 
. y ield in g several smaller arcs where a si ng le one mi ght have

suff iced .

First th e techn iq ue for fit ting a sing le arc to an

en tire chain is described. The contour (Figure 8 .2— 1) Is

H divided into three consecutive segments , each havin g equal

num ber of points (or nearly so). The centroid of each third

is com pute d an d the uni que c ircle intersec ti ng these three

points is foun d . Thou gh th is ci rcle generally w i ll not be a

good fit for the set of poi nts , i t s  c e n t e r  is a goo d

esti mate for the center of the best fitt ing arc. The best

fit ra di us is then d efine d as the avera ge di stance from all

contour points to tha t center point. The resultant arc thus

has equal weighting of points inside and outside. An error

can be computed as a function of the radial distances from

f the contour poi nts to the fitte d curve. The arc endp oin ts

are def ined as the intersect ion of the fitte d arc w ith th e

lines -from each endpoint of the contour to the arc center.

The method is fast and gener ally yields good fits. Both it

a n d  t h e  it e r a t i v e  endpoint method are applicable to either

2—D or 3—D contours .  In 3— fl  the three cen t ro ids  also def ine

the p lane in which the arc l ies. It may be p re fe r red  over

other tec hni q ues , si nce the arc is not restr icte d to

- intersect contour points.

This metho d is easily adapted to fitting of multiple

arcs along a contour .  Initially severa l  po ints  at one end

of the contour are f i t t e d  using the method.  If the computed 

-
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Figure ~- .2— 1 Illustration of the centroi d nethod of
fitting circular arcs to di gital contours. The + ‘ s in d ica te

- (  the cen troids of each third of the contour elements , anc.

I (XC ,YC ) is the poInt equi dist ant from all tht ee centrcids.
The radiu s of the approximated arc Is the unwei ghted avera ge

- , of contour point distahces to (XC ,YC ). For 3—fl cLrves the
cen~ roi ds also defIne a ~lane which contai ns the fitted arc. 
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error excee ds a threshol d (p reass ig ned b ase d on good ness of

f i t re q u i r e m e n t) t hen the l a s t  f it t e d arc  is ta ken as t he

best fit ov er its in terval. Ot herw ise th e i nterval is

extended by adding points to it. If at any time , t h e  e r r o r

of the starting interval exceeds the minimum error , then its

arc fit is taken as final over that interval. However , this

usuall y indicates a poor initial tolerance estimate.

t I— 
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9. RESULTS

9.1 Equipment.

Images were obtained from a Philips Norelco

low— blooming silicon vidi con. An entire picture is

converte d to 9996 PDP—10 words in one—half of a television

frame period , or 1/60 second. Pictures contain six bits of

grey scale , at each of 252 by 238 resolution units. For

resear ch pur poses (com parin g results of di fferent

algorithms ) all data shown was obta ined from pi ctures stored

on disk. However , the system can be used in real time. - 
-

Jones (1975) used this feature to track moving objects ,

emp loy ing the edge detection operator describe d here.

A turntable was built for obtaining the various v iews

needed for stereo processing (see Figure 9.1—1 ) . The table

has two axes of rotation , a swivel axis (vertical) and a

tilt axis (horizontal). Various positions of the table were

adjuste d manuall y an d v iewing an gles measure d by han d .

Although a system utilizin g these ideas might consist of a

multi ple— camera or a multiple—mirror configuration , i t  w a s

felt that no loss of genera l i ty  would be had if the

turn table system were used for experiments. In addition it

woul d allow flexibility in configurations of views that

others might not perm it.

I
1 •

— . ~~~~~~~~~~~~~~~~~~~~~~~ - — - -
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Figure ~ .1— 1 Illustration of the turntable ased for
experiments. Rotation and tilt axes are orthogo na l and
coincident at one p oint.
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The first tests were done on simple objects consisting

of curve d and straight edges , an d fa b r ic a t e d f r o m  b a lsa

wood. Subsequent tests were done on common objects found

about the lab.

A ll programs were  w r i t t en  in BLISS—lO , an ALGOL—l ike

language for im plementing system software on the PDP—10

com puter.

Ii
9.2 Mul tiple Views.

In Figure 9.2—1 we see an object with an angle brace

and a hole in the left foregroun d. The top illus tra ti on

(Figure 9 . 2 — l a )  shows the result  of the edge fo l lower

operat ing on an image of the ob jec t .  Note the greater  noise

on vert ical edges relative to horizontal edges. The edge

pos it ions sh own a r e  those  com pu t e d a f t e r  p a r a bol ic

interpolation in the in x an d y di rec tions , so any observed

no ise is pr imar i ly external or unrelate d to pi xel sam p l i ng .

The lower i l lustrat ion (Figure 9 . 2 — i b )  shows the resul t

of fit ti ng these edge contours wi th l ine segmen ts us i ng the

ite ra t i ve  endpoint method. An error criterion of 2.5 p ixe ls

was used in the fitting. The indicated image corresponds to

the center picture of a three picture set. 3—fl coordinates

were  computed at the endpoints of’ each line segment shown ,,

and the 2— fl  w i r e  f rame s t ruc tu re  p r o j e c t e d  to form a 3—~
s t ruc tu re  (Figure 9 . 2 — 3 ) .

1~
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Figure 9.2-1 (a) Edge picture of an ob2ect. ~~ Lin ear
ap pr oximati on cf edges :n ‘a ’ .
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F igure 9.2—2 Results of the bulk correlation process on
three views of the object in Fi gu re 9 .2— 1 . Numbers are
arbitrarily assigned to indicate regio ns that were natche d
by the pro gram.
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Figure 9 . 2 — 2  shows the resul t  of the compar ison

techn iq ue on the th ree pi ctures of the set . The lower le ft

picture is the one shown in Figure 9.2— 1. The north view is

shown in the u pp er left corner , an d the east v iew , in the

lower ri ght. Num b ers are ar b itrar ily assi gned to the

var ious line ends of Figure 9 . 2 — l b .  The appearance of an

ident ical number in the other v iews ind icates  that locat ion

was matched w i th  the feature  from the center v i e w .

C o r r e l a ti on was  p e r f o r m e d cn the or igi na l  i m a g e s  an d not  the

edge pi ctures as shown .

Figure 9 . 2 — 3  shows four pro ject ions of the computed 3— D

structure obtained by triangulating corresponding points

from Figure 9.2—2. The structure has been rotated 30

degrees in each of four d i rec t ions (NESW) and projected into

a simula ted v iew ing plane. The gross structure seems to

ind icate the proper shape of the ob jec t , though some of the

smaller deta i ls (hole ) are d istor ted.

Figure 9.2— 4 shows another example for a screwdriver

lean i ng at an an gle on a small box wi th an open l id . Fig ure

9.2—44a represents the edge picture , and Figure 9.2—4b , the

segm enta ti on of ‘a ’ . Figures 9.2—4c and 9.2— 4d show the

compute d 3—fl structure as viewed from two different angles

v ia simulated projection. Note that it seems mostl y correct

e x c e p t  for two l ines in the lower port ion of the box .  The

reason for the poor ma tch here is l ik el y d ue to occlus i on .

since the lowes t value of the correl ati on funct ion i s chosen
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Figure 9 . 2 — 3  Seve ra l  ro ta ted views of the 3— f l  structure

resul ting from the correlation process ii Figure 9.2—2.
Simulate d views are shown as viewed from 30 degrees north ,
south , east , an d west of the center view (about the
turn table axes).
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(a) (b)

( c )  (d)

: 1 1

Figure 9.2— 4 (a) Edge picture of a screwdriver and open
box. (b) Linear approxi mation of edges in ‘ a ’ . Cc ) View of
the structure compute d from ‘b ’ and three stereo views.
(d) Another v iew of the same s t ruc ture.
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at all times , even if the correspondin g feature is obscured

in the other view. An improvement would be to perform two

correlations at points slightly removed from a corner when a

depth discontinuity is anticipated , or at all junctions ,

followed by a discontinuity test.

Figure 9.2—5 shows the result of computing depth

incrementally along the edges of Figure 9.2—ia , using the

multiple view method on the three images indicated from

Figure 9.2—2. Note the aberrant segments arising from

improper matching of some edge features along the boundary.

9.3 Matching of 3—0 Structures.

Matching of the three—dimensional structure of a car

image is shown in Figure 9.3—1. The computed structure is

shown rotated in Figure 9.3—ic , after some edges highly

sloped relative to the image plane were removed. This

structure was computed from three car images , but without

the aid of the redundancy of the multiple view correlation

product. Instead , the edge direction at a line end was

computed , and the east or north picture was chosen for

pairwise correlation based on whether the edge direction was

greater than 145 degrees or less than 145 degrees ,

respectively. The resulting greater frequency of match

errors necessitated the use of some clean up in the 3—0

structure. This technique was the first one tried ,

redundancy later being provided by definition of composite
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Figure 9.2—5 Example showing incremental edge tracki ng
using the multiple view process. Edges are tracked in three
dimensions by searching in the vicinity of the last found
edge element until the edge leaves the search interval.
When this occurs , search is resumed on a globa l basis to
relocate the lost elern er.t. Constra ined search is resumed
when the edge is relocated .

_____________
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Figure ‘~.3.— 1 (a) Edge picture of a car. (b) Ap rr ox i~ att~~’
of edges in ‘a ’ with line segments. (c) Rotated v iew of
structure as computed f~rom ‘b’ and three stereo views. ~cr~e
abberrant high ly sloped dept h edges have been ~11tere~ out.
(d) Best mat ch of the ~ar model t~ the ~— P scene ~n
Conf idence :O.713; ?DP — 1O run ti rne :13 secon~ s.
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correlation.

t. The hand encoded wire frame model of the car was tested

against this structure , using the matching program. The

correct orientation was found after 13 seconds of POP— iD cpu

• time and is shown in Figure 9 .3—Id. Note that the match was

possible even though much of the detail of the 3—0 car

structure was absent. This demonstrates power of 3—0

constraints for a complex shape with missing information ,

segmentation irregularities , and depth errors.

The first shapes tested with the program were simp le

ones fabricated in the lab. The matching results of some of

these are shown in Figure 9.3—2. In each case only one or

two intermediate tries were m sde in the process of

optimizing the confidence value of the match. The

recognition program was run using only the model of the

object in the scene. The intermediate 3—0 structures

• obtained for these images are not shown. Notice that

objects which have predominantly curved edges are properly

oriented (Figure 9.3—3). Even though the actual

segmentation produced by the program is not likely the same

as that produced by hand encodin g the model edges , this did

not seem to affect reco gnition. Notice also that occlusion

does not prevent recognition of the occluded object (Figure

9.3—n) . In this example the entire scene was matched

against each of the two objects in succession , without

removing any edges. This exhibits the power of the
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( a )  ( b )

Figure 9 .3— 2 (a) :ntermed i~~~ s~~~ es a~’d (b~ f:na~ sta ?es
in the model matching pr ogram :‘3r some si~t~~e scenes. ~hr- ee
dimensional scenes ( n o t  s h o w n )  o b t a i n e d  v i a  t h e  ~u l t i~~~e
view method were the input to  the mo del m atcher. ‘l ote the
ability of the pr cgr3m to m atc h suhf ur e s  i i  ~~~ nr ~~c~~ss
of f i n d i n g  t h e  c o rr e c t  ori ert ta tior .
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( a )

Figure 9.3-3 R e s u l t  ( b )  of m a t c h i n g  an o b j e c t  ( a ~ w i t h

curved edges (tape dispenser~~. Presence o~ r.oi~ e and
segmentation irre gularities between ima ge and mcL~e1 ~‘ose no

~~~~l p r o b l e m , p r c v i i ~~d t h e r e  i s  s u f f i c i e n t  e v i d e n c e  tc’

~eterm ine a match.

I.

- 

~
Figure 9,3_ 4 ~ x~~r n p l e s  of  f i n d i n g  some si~”n ~.e ot~j e c t s  in  ~n
occluded scene. (a) The we dge— shap e~ ~b~ ect wa~ f c u n~1
correct ly when i t s  m o d e l  was  teste d ~gatns t the en tire
scene. (b) The cres cent sh~i~ e was ~‘cun~ when test . . i : r~~ t

t h e  e n t i r e  scene , oven t h o u g h  n a r t l v  o c c l w ~e 4 . ~~~f i c : e r o v
c o u l d  be ~atned b y  r e m o v t n ~ e d R e s  f r ~~ tb~ ~c~”e t b~~
previou sly 1~ ent 1~~iei (wed~ e element s ) .

• - 
— — - - ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~• • . • - - --- - 

-
~~ J J



I .

92

geometric constraints in rejecting parts of a cluttered

scene inconsistent with the current model.

Since matchin g efficiency is directly related to the

accuracy and completeness of the 3—0 scene , more comp lex

scenes were not tested. Furthermore , scenes had to be

restricted to the center region of the camera to min im i ze

distortion. It was felt more desirable at this point to

focus attention on better ways to compute 3— 0 structures

from scenes. It is felt that the ability to match such

structures has been sufficiently demonstrated , and that

improvements toward higher scene complexity and search

• efficiency should necessarily focus on the 3—0 depth

- extraction process.

9.14 Narro w Angle Stereo.

The results shown here are based on comparison of two

pictures. The unprocessed edge picture of the image is

shown in Figure 9.~ — l . It consists of a screwdriver in the

foreground and a pair of scissors in the background . Notice

• in Figure 9.14—2 an enlarged section of the scissor blades

j which shows in detail both the positions of edge segments

and their orientations as computed from the bidirectional

gradient. The observed jagged nature of the positions is

primarily due to external noise , and is not attributable to

L pixel quantization. This is an example of the fine

[ discrimination capability of the edge operator for measurin g

[
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Figure 9.14— 1 Unprocessed edge picture of scissors and
• screwdriver.
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- Figure 9.U— 2 (a) Expanded view of’ scissor bla des. The
segment orientation in dicates the local edge directi on at

i f  tha t loca ti on . (b ) Same vie w after processin g wi t h th e ‘~T~~’
smoother.
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edge detail. The edge directions are not so noisy as the

positions , since they are determined from x and y

di fferences wh ich have b een avera ged over several pi xels.

The contour follower woul d likely give excellent results on

pictures with less noise.

Compare Fi gures 9.14— 2, a and b , an d no tice the nearly

comple te elimination of all edge position noise. The

presence of a slight high frequency variation is due to the

fact that the d ynam ic smoot hi ng was done only on odd len gt h

intervals. This high frequency residual was subsequently

remove d w it h a sim ple linear smoother which avera ged po i nts

with 1/2 the values of each nearest neighbor.

F ig ure 9.14— 3 shows an overlay of the two edge pictures

used i n the stereo ma tch i ng after bein g processe d wit h the

• WORM smoother. No tice the fine detail in  the disparities

between corres pon di ng fea tures , especially in the

screwdriver and scissors blades. In Figure 9.14— 14 an

enlarged section near the blades is seen.

It is difficult to display the result of only the

matching portion of the narrow angle method on these edge

pictures. Therefore , the entire result is shown after

matching and triangulation. Figure 9.14_5 shows simulated

projected views of the computed 3— 0 structure. Figure

9.14— 5a contains the raw data , ‘b ’ the d ata after hysteresis

smoothing, an d ‘c ’ after processin g with the WORM smoother

L (Section 7.3.3). 
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Fi gure 9.~ —3 Superpos iti on of two narrow angle e~~ e
pictures after edge s~ccthing.
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F igure 9.U—~ ~up erp os iticn of’ the t.~o n a r r o ~ a n g l e  v~~~~ws

of the scissors b ades shown ex~’ar.~ed after s~~o o t h ~~n g .
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(a) (b)

r igure 9.14—i Ca~ Res ul t of m atchin g and tria ng ulat io n of ’
the two images in Figure 9.14— 3 , using tho narro w ang e
rethod . The simulate d view of’ the 3—0 scene is
approximately ~2 degrees about the turntable center , to the
left of the crig~ nal views. (b) ~vs teresis smoot h ing of’ the
3—D scene in ‘a ’ . (c) WORM sm oothin g ap olied to the 3—
scene in ‘b’.
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I
The resul ts of the high frequency dynamic smoother are

shown in Figure 9.44_5. In Figure 9.14—7 observe the effects

of interva l  p ropa gation wi th  mult ip le itera tions. Fig ure

9.14—8 shows this smoothing technique applied to the machine

part. Because it left a residual low frequency ripple , the

metho d was discarded for smoothing the images in question.

However , it shoul d prove to be a t t rac t ive if the only noise

present is q uant i zat ion or p ixel no ise , since it tends to be

• predominantly high in frequency (Bennett and MacDonald

(1975)).

9.5 Con tour Approximation.

In t hese exam ples (Figure 9.5— 1) contours were fitted

- i tera ti vely w ith circular ar cs us ing the centro id metho d.

I The error was com puted as the root mean fourth power of

deviat ions from the arc , measure d radially. The first

exam ple shows a low noise curve with fitting tolerance set

to 0.5. The second shows a contour with larger noise. The

fitting tolerance was 800.0. The technique was designed

explicitly for fitting 3—0 contours obtained with the narrow

angle matching program , but can be used for 2—D fitting of

picture edges.

I a

________  i1_ __ _ _ 
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(a)

(b)

4,

Figure 9.14— 6 (a) Two contours containin g some high
frequency noise. Cb ) Contours in ‘a ’ after bein g processed
with the high frequency dynamic smoother. Notice the

I retention of ’ sharpness at the corners. This cannot be
achieve d so well with linear smoothin g .
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(a) (b)

(c) (d)

Figure 9.14_7 Example showin g successive iterations (‘a ’
through ‘d’) of’ the high frequency dynamic smoother.
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Figure 9. 14 — 8 Result of processing Figure 9.2— la with the
hi gh frequency dynamic smoother.

$7

Error 0.5 Error : 
5

-

5,

Figure 9.5— 1 Cutput of the arc f ’it t in~ rout ine (cent roii
method) for two contours with different noise ampl itud e s.
The error measure is the me an fourth power of ra di al
deviations from the arc. Error values ~re s hown for eac h
fitted arc.
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* 10. EXTENSIONS

An extension woul d be in the direction of improved

ac curacy of depth features , say by correct ing for geometric

image distortion. Since it was possible to demonstrate

model matching, correct ion of di stort ion was not

inves tigated . Improvements in accuracy would result in

better d iscr im inat i ng ca pa bil i ty an d fas ter , more ef f i c ien t

match ing of objects. Furthermore , w i th t he ad ven t of the

new CC!) imagers , l i tt le or no geometr ic di s tort ion i s

observa b le , thus making these techniques readily attractive.

Improvements in the di rect ion of less wordy

representat ions of ob jec ts have alrea d y been begun as wel l

as strategies for 3—0 segmentation with circular arc

primitives. These extensions would necessarily radiate from

an ef f ic ient means for compu t ing edg e d e pth ma p s , suc h as

the narr ow angle technique described. Strategies for

comparing circular arcs would also need to be developed.

As Turner has suggested , hierarchical decomposition of

object models is a strategy usefu l in implementin g ef ficient

search of a model data base , and some experimental

verification ot’ this would be desirable in the realm cf 3— P

prototype matching. In a similar manner , system atic means

for scene decomposition to localize matchin g in images and

model data bases (e.g. by relaxation laheling~ woul d he

desirable along with experimental verifi cation.
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Vertex —based techniques applied to minimal spanning tree

segmente d images were also suggested , but work needs to be

done to verify the validity of this approach on body finding

in real scenes. For a class of ob jects , at least , on a

V smooth backgroun d , a variant of this approach based on

boun dary vertices and region primitives has been

demonstrated (Burr and Chien (1976)).

Extension s toward use of local color and texture

features in improvin g model matching efficiency would be

interesting. This might be all that is needed to make the H
shape matching fast enough for a practical vision system.

By using color information simple hill climbing techniques

might be quite powerful for recognizing certain objects.

Furthermore , generalization of hill climbing to allow

dynamic error functions would be desirable. This might

result from stu dies relating the discriminabi lity of object

features to the estimation of translations an d rotations ,

an d would also be useful in extending iterative techniques

for stereo com parison. Care should be exercised in the use

• of feedback of any kind (also in RL), s ince insta bil i t y or

oscillation can result.

In addition , greater use of co~inectivity information

woul d be desirable in increasing shape matching efficiency.

However , better relia bility in depth structures might make

connectiv ity easier to enforce. Such Improved structures

woul d prompt further research in the area of automati c



learning of shape descriptions.
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11. CONCLUSION

A consistent approach for implementing multiple views

in bulk correlation processes has been proposed and tested .

The method has application to scenes consisti ng of objects

with smooth surfaces , or predominantl y man—made objects.

The method is attractive in that matching reliability can be

increased by merely adding another camera or view. It

compares favorably with other approaches to matching of

objects with smooth features and it works on real images.

Primary advantages are its speed , and its independence of

global feature requirements (segmentation irregularities ) at

the stereo matching level. The method is also attractive

since hardware costs are continually falling, whereas the

¶ high level feature matching problem for complex scenes is

yet unsolved.

A solution has been presented for representation of

objects with curved edges , and for matching of such

structures to three—dimensional models based on geometric

constraints. It has been successfu l in finding 3—D

locations and orientations of objects in visual scenes , even

in the presence of occlusion , missing and extraneous

information , and errors in stereo matching and

triangulation. Its success is due to the exploitation of

- L. object— specific geometric features to disambiguate local

uncertainties in stereo correlation and image feature

L
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extraction. Techniques have been proposed for increasing

matching efficiency in occluded scenes with many models.

Coupled with such techni .~ues and /or impr oved image sensors ,

the multiple view and model matchin g processes serve as a

robust basis for object reco gniti on i, practical scenes.

Extensions to this work have been begun in the

I di rect ion of im prove d 3-0 feature determination and model

representation with circular arc pri mitives. It is based on

development of efficient schemes to construct incremental F

J depth maps of scene edges so that curve fitting can be done

- 
in three dimensi ons. A fast and efficient method has been

proposed and tested for comparing edge chain features using

a narrow angle of view. In conjunction wtth this approach a

t dynamic smoothing technique was developed to remove much of

the noise from edge chains so that trian gulation can be done

accurately at narrow viewing angles (2—3 degrees and less).

It compares favora bly with the tracking approach to narrow

ç angle stereo (Nevatia (1976)) , sin ce many images are not

required . Since edge extraction and smoothing can be

performe d in hardware , this was felt to be a wise tradeoff.

The technique has been successful and is expected to be

usefu l for piecewise—curved object description and matching.

-
~~ A start toward this goal has been achieved in the

implementation of an efficient techni que for fitting

circular arcs to .?—P and 3— 0 contours. An additional method

for arc fittin g has also been proposed , as an an extensi on

1 at’ a currently popul ar method for recursive fitting with

- -
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linear segmen ts.

In general , the power of the two stereo techniques is

attributable to the successful integration of local

correlation measures with global shape information. In the

multiple view technique this is demonstrated through object

modeling, and in the narrow angle technique , by contour

smoothing and continuity implementation. This natural

interaction of low and high level processes is a desirable

feature in general for cognitive systems dealing with

imperfect data.

The work has been successful in many respects. It is

hoped that these findings will promote some interest in

stereo computer vision as a solution to tedious inspection

and monitoring problems , and as a technique usefu l in

robotic systems.

~
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APPENDIX  - -

A. Edge Detection and Trackin g .

The o perator  use d is a s imp le di f feren ce over a cross

pattern (Figure A — i ) . Whenever the difference exceeds a

threshold , a test is performed to determine whether or not

the gradient is at a local maximum with respect to the x— or

y—ax is directions. If so , then it is retained as a valid

edge point and its eight nearest neighbors are searched to

find an additional edge satisfying the same criteria. In

th is w a y  edg es a re  imme di a t e l y t r a cke d w i t hou t  in t e r m e di a te

stora ge an d th inning of an e dg e pic ture.  When a si gn i f ican t

nearest nei ghbor is not found , then nex t—nearest neighbors

are sear ched and so on. If third neighbors show no edge ,

then the t rack ing i s term ina ted . Gra di ent posi t ion , an g le ,

and intens i ty are s tore d on an out put li st i n the se q uen ce

in which they are found.

Ther e is some prejudice in tracking an edge in the

d i rect ion in whi ch the last ed ge was foun d due to the nature

of the algor i thm. The nearest ne ig hbors to the next  to last

foun d edge are effectively erased , so that further search is

restr icte d t~ a t’.~n b eam in the di rec t ion of the edg e

contour (see Figure A-2 ). This is desirable since It

• prevents detection of sharp bends of noise in the curve.

Further narrowin g of the fan beam might n o t  be desirabl e at

this level , since there exists noise in the picture , and a
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Figure A— i Cross mask used in edge dete ct .ion. Three
pixels are averaged on each side of cente r to provide ~c~me
n o i se  cancellation and resolution enha ncement.
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Fi gure A— 2 Illustrati on c f  l o c a l  e r a s w ~e to ~r e v e r ~
re— detecti on of an edge chain . ~( and K— I corresp ofld t -~ t h e
current anL : la st .  visited edge locations. 9efore sea rchi~-~
about K for the next edge element , a nei ghborhood ib~ ut ~~~—

is effectively erased (X’ s). This has an added e f c :~ c~
res tri cting search for the next point to a fan beat ’
general direction of contour growth. Blan k pi~~o i$
correspon d to these search iocations .
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Fi gure A— 3 ri lustr a t ion of in ter — ri x e l ~.irabo~~:c
interpola tion for edge n~ zitlon refi nem ert. ~ rev  e v el
resolutio n can es~~~r . tt~~l l ”  be t r ~~n s l a t e ~ : n t ~’ ~o z i t ~.of l ~~
enh2nceme rt pr~,vided that c;e c-an rn~ ke a~~sur ~p t i o n s  a b o u t  ~‘1’~
nature o~ t h e  • e  sh.~re .~t its cen ter.
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broad fan is often required to maintain continuit y or ’ edge

following. Restricting the gradient algorithm to lo cal

peaks constrains the edge mov ement sufficiently 3¼~ th . i t

further narro wing of the fan beam is not needed .

Edge position Is improved in precision by par ab olic

interpolation as illustrated in Figure A— 3 . The refined

pos i t ion , x ’ , is define d by

x’ x + INC , (9)

where

( g3 — gi )

I N C  , ( 1 0 )

4 ( g 2 — g l / 2 — g 3 / 2 )

and gi , g2 , and g3 are the gradient values at t hree

successive coordinates in the picture (x or y directi ons~~.

When g2 is a local extrem um (a gradi ent peak ), INC takes on

values between — 0,5 and +0.5.

I

I
I
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