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ABSTRACT 

This thesis concludes a study of robot vision and presents an 

analysis of the rudimentary vision problem of modeling form in 3-Spaco. 

A stereo "snapshot" vision theory for a computer is proposed, based on 

an experimental implementation. 

Here, stereo vision is argued to be essential for modeling natural 

or unfamiliar domains. The •firm" perception resulting from stcroopsis 

is second only to kinesthesia/tactility in effectiveness with tho 

unknown. 

The novel mechanism introduced-as the heart of the system-is a 

stereopsis algorithm for growing stereo surfaces in natural scones. 

First, . 2-D features are extracted from tho stereo pair of digital imagos 

by locating patterns of change in tho images' "gradient-arrow" 

representations. Then, by associating features in the loft imago with 

features in the right image, stereo regions or "matches" arc mado. Tho 

stereopsis process fuses the stereo imagos by growing contexts of 

matched features. Every match defines via tho camera geometry a visible 

surface in the scene, interlocking with neighboring matches like tho 

pieces of a 3-D jigsaw puzzle. Tho resultant surface molds provide a 

firm basis for a polyhedral model of tho scene's forms. 
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I. INTRODUCTION 

Television kills telephony in brothers' broil. 

Our eues demand their turn. let them be seen! 

James Joyce[?] 

I A. SIGHTED ROBOTS 

The goals of this thesis were formed within the framework of tho 

JPL Robotics Research Program. NASA, funder of the program. is 

investigating the feasibility of planetary surface exploration by 

unmanned, semi-autonomous roving labs. An experimental robot vehicle 

with stereo cameras, laser rangefinder, multi-Jointed arm, and 

touch/proximity sensors has been built .and is in operation. 

Putting aside space technology's special constraints such as 

weight, power, and reliability, one of NASA's major problems in building 

a mechanic,! astronaut is visual perception. In fact, development of 

machine vision systems is a major technical problem faced by tho general 

robot industry. Consider NASA's requirements for sensory perception. 

The relevant environment of the robot must be sensed and modoled for the 

following activities: 



- Setting-up and performing experiments 

- Monitoring manipulation 

Navigation and guidance for the vehicle 

- Locating "interesting" rock.s, lifo forms, etc. 

- Discovery of unexpected phenomena 

The first three categories of activity, above, do not absolutely 

need a general purpose vision system. A scene understanding system 

could be specially designed to recognize tho NASA-built world of tho 

robot. Tools and mechanical parts can be designed for visual clarity 

and manipulation can be performed blindly . For vehicle guidance, a 

conservative strategy would be to mak.e a slow laser scan off tho bow, 

blindly creep a short distance, stop, make a slow laser scan off tho 

bow, etc. 

Vision methods for general domains are needed for robot activities 

in unfamiliar natural worlds. 
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I B. "FIRM" VISION PSYCHOLOGY 

What are the rudimentary mechanisms of visual perception which must 

have greatest generality in order to perceive unexpected or new visual 

domains? What are the unit features-the atomic graphic symbols-of an 

image to be extracted? 

The familiar world is rich with soft vision clues. Tho moro 

familiar the scene, the less dynamic information is required by us to 

interpret its content. 

Evidence: The well placed simplicity in cartoons. 
The eye's selective scans of the scene. 

Soft vision is semantically based perception. The perceptual process 

relies on making selective probes of tho imago's features to confirm an 

anticipated scene. 

Soft vision clues are sought out and learned to reduce tho 

perceptual effort required in familiar visual environments. For dynamic 

human activities, use of soft clues to minimize investigative movement 

and time is a necessity. Identifying the parts of a scene from a single 

viewpoint involves speculation about hidden surfaces. Self-occlusion 

alone ambiguates form by usually hiding at least 50X of surfaces-tho 

back sides. 

2-D images, from line drawings to photographs, test tho high lovol 

soft vision that visual exper.icnce nurtures. This cultural perception 

has been extensively studied by vision psychologists. 

Piaget's Mprimary illusions" arc 2-D fi 1ures, in response to 
which children make greatP.r ~uantitativo errors in 
perceptual judgment than adults[lJ]. By "primary", Piaget 
did not mean innate. The youngsters had been learning to 
read the language of their visual worlds for at least 5 or 6 
years prior to testing. 
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Despite the speed and competence of mar:imals' vision, a furry creature 

has yet to find an Escher drawing of an impossible scene perplexing-or 

even interesting. 

The softness of 2-D imaae understanding has been firmed by case 

studies of recovery from congenital blindness. 

An interesting example[JJ dates back to 1959 when a 
successful corneal graft gave sight to a fifty-two yenr old 
man who had been blinrl since infancy. When flrst 
interviewed and tested by ps ychologists weeks after the 
opeiation, he demonstrated surprisina competence at visually 
separating out and identifying objects in 3-Space, rolatina 
their visual form to his refined tactile models. When shown 
a picture of the famous Necker cube "illusion-, a wire cuhe 
drawing. there was no depth preference or ambiriu i ty 
experienced. In fact, he failed to understand it as a cuho 
de spite a motivating explanation by the experimenters 
accompanied by a real toy block for fondling and 
illustration. Hyper-objectivity was demonstrated with . all 
of the 2-0 illusions presented. "Apparent depth was not 
evoked by perspective drawings" was a conclusion of tho case 
study. 

Soft vision is powerful and efficient, but it falters with the 

unexpected and is useless with the completely new. Much of tho visual 

space filled by nature and art-thou!)h not nocossarlly providln!J a 

completely new visual , experience-is only form, . with no semantic 

contP.nt. What are the visual features of a rock? Rocks may bo sculptod 

into any shape and size. There may be no strai!)ht lines, much less a 

"preferred perspective viewpoint". Even in simple s1nglo-light-sourco 

environments, every variance in the reflectance properties of a rock's 

surface is a misleading illumination clue for shape. 

The primitive visual mechanisms for modeling form in 3-Space socm 

to be more intimately related to kinesthotic perception and to ho loss 

sjubolic than is popularly believed. Objects such as rocks have no 

intrinsic value other than filling kinesthetic/tactile space. Locating 
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the surfaces of obstacles to manipulation and locomotion docs not 

involve the more difficult task of idcntifyina them. 

Kinesthetic/tactile senses are hard. There are no kinesthetic 

figure/ground ambiguities, no effective kinesthetic camouflage. 

The firm depth clues of stcroopsis and, to a somewhat loss oxtont, 

motion parallax are second only to kinesthesia/tactility in 

effectiveness with the unknown. 

stereopsis does not require 2-D 

demonstrated this by synthesizing 

Locating 

imaao 

the "2-D 

surfaces in 3-Spaco 

Julosz 

with 

has understandin'). 

unknown" with r«nclom-dot 

stereograms[8]. (A random-dot stereogram is a plane of toxturo 

monocularly, but a vivid illusion of form in 3-Spaco when binocularly 

fused). Although motion parallax is similar in principle to storeopsis, 

two differences should be noted. First, variable head movemnnt must bo 

precisely measured whereas the fixed distance between oyos is "known". 

SP.cond, dynamic scene changes over time must be correlated whereas tho 

action i~ frozen by the •simul-snapshot" of stereo vision. 

The stereopsis process objectively establishes surfaces in 3-Spaco 

by fusing two "syntactic mosaics" representing the stereo images from a 

pair of cameras. The r:1osaic tiles-varyin1 in size, sh,,pe, brightness, 

etc.-are the fusable elerncnts, features defined by rnaking distinctions 

within each 2-D carnera image. These features merely fragment the images 

into areas. Before fusion, they are uncornmitted to perceptual objocts 

or even to neighboring features. "Merging", "dissolving weak 

boundaries", and "subreaions" are not workina concepts before stereo 

fusion. When an area in one camera image is match~d with an area in tho 

other, a surface in 3-Space is defined via tho camera aeomotry. And 

although neighboring visible surfaces in 3-Space will correspond to 
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neighboring features in the 2-0 imagos, the converse is not nocossarily 

true. 

Semantic scene understanding systems which are non-interactive and 

include no firm depth clues have succeeded only in small domains. Tho 

high level vision systems developed for dealing with block world5( 18), 

road scenes[19], and office environmonts[l] succeed in their special 

domains by using expectations. lligh level vision research is important. 

f!owever, I think stereopsis should be developed before dealing with tho 

more context dependent information in soft clues. 

In a stereo vision system, as in kincsthesia, perceptual reasoning 

begins in 3-Space, not in tho imago. The first perceptual action 

following fusion may be to simplify the representation of the sceno by 

merging smoothly contiguous surfaces, making partial molds of the 

scene's major forms. Thon, by applying a principle of Syr.lr.lctry, 

occluded surfaces-particularly back sides-may be hypothesized, thereby 

completing the molds. Finally, by applyinn semantic analysis to tho 

forms in familiar environments, objects may be identified. 

For modeling form in 3-Spaco, stereo vision makes the classic 

pattern recognition problem irrelevant. Tho following quote raises tho 

central pattern recognition issue. 

"How can local characteristics of texture elements ... be 

globally bound together into a percoptuul rcaion?- (20) 

For most examples of patterns, from tree bark to lawns, the answer to 

the question is "The surface binds the clements!". The texture elements 

are the fusable features of tho imaac and the product of the fusion 

process is surfaces, from tree trunk cylinders to ground planes. 
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A pattern recognition problem that is not solved by simple storoo 

surface-bindings is textured volume. A sparsely foliaaed trco and" 

flock of butterflies are both pcrccptu<ll objects whose parts aro 

disjointly distributed in a volume. The problem is to tapture tho 

volume by grouping the visible parts into a perceptual whole for 

identifying it and maybe for simplifying its representation. When 

viewed from afar, there is no problem because tho volume of toliago lios 

in on~ or two binocular planes, the binding surfaces. But when viewed 

closely or from within, the elements of the foliage retain their 

individuality. Grouping the elementary forms by tracing stem 

connections in a tree may be possible, but it still leaves butterflies 

unflocked. Clearly, this is a symbolic perceptual problem dealing with 

ttproximity" and "sameness" relations, and not a rudimentary vision task. 

The important extension to a stereo "snapshot" vision theory is a 

movie processing capability. Tho practical implications are moro 

significant than the ability to track animate objects. The rcdundancv 

of form in stereo movies should make robot vision economical for wido 

usage. Continuous movement of sensors ca11scs continuous movrment of 

features in the scene's image. Consequently, each frame of a movio is 

only partially new-depending on the relative speeds of movement and 

image · processing, of course. It should be possible to anticipate most 

of the changes in stereo images caused by small stops in tho storoo 

cameras' movement. 



- 8 -

IC. MACHINE VISION LABORATORY 

Before jumping into a summary of tho vision system, I descrilH! tho 

environment for the implementation. Caltech's PDP-10 by DEC has been 

available without usage limitations other than the built-in constraints 

of an old, heavily used, time-shared computer. Tho hinh-lovol 

proaramnin!J langua!)e SAIL, Stanford Artificial Intelliaonco 

Language[14], was used almost exclusively. 

The stereo images used in this research were made using a single 

camera, A/D converter, and POP-11. Stereo pairs were synthesized by 

shifting the scene, an easy but limited method. Precision in shifting 

the scene and modeling the camera was not attempted, despite non-linear 

distortions proved by an image or straight graph paper. rrociso 

measurements and . alignments of cameras would be important in a 

production system, but wero unnecessary for this research. 

calibration methods are well documented elsewhere. 

C«mora 

Each di!Jital ima']e is a srp1are array of about 500x500 picture 

elements (pixels). Each pi:<cl is ,1n 8-bit number, ran!)c 0-255, 

representing a logarithmic light intensity value. Tho actual 

correspondence of these pixel values to luminance is unknown. 

Digital image processing is expensive, in both time and space. On 

Caltech's PDP-10, a pair of digital images packed 4 pixels/word requires 

125h words of memory. But rnaxirnurn job space is only 56K, and that 

includes both data and co.de. Cr,nseriur.ntly, thn dr.nse imaoes wern storod 

on disk and only windows of the irnagn. about 100 x 100 pixnls. wnro 

used. Usually the window encompassed more than l00xl0O original pixels; 

square areas of pixels from the oriainal imaac were averaaed to produce 
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new pixels for the window. For instance, when the entire original image 

was used, a 5x5 square group of pixels was averaged to pro<luce one pixol 

in the 100x100 window. 

The machine environment, single processor and 56K of "core" backed 

up by disk, influenced the design of tho vision system. Tho two 

relevant hardware variables arc the quantity of memory and number of 

interconnected processors-the number of processors being most 

important. If many processors had boon available, tho softwaro dnsiun 

concepts might have been radically different. 

How much do the CPU and memory demands grow with increasing imago 

density? This is the critical in~uiry into the extensibility of vision 

systems which use low density images. For the system that this thesis 

documents, CPU and memory usages grow linearly with the image area if 

maximum allowable stereo disparity is fixed. But if tho fusablo 

disparity 

for some 

(A 312+A)l2 

range grows with the width of tho image, then processing timo 

stereopsis functions would increase proportionally to 

where A is the area of the square image. Memory usage would 

still grow at the linear rate A, however. Specific CPU and memory costs 

will vary, of course, depending on the complexity of the stereo imagos. 

See V. Conclusions for an analysis of image complexity and cstimatos of 

the CPU costs. 

The utility programs I wrote for tho POP-10 to assi5t in 

implementing the vision system arc not described in tho body of this 

thesis but are worth noting. I provided device plotting services from 

SAIL, a 3-0 graphics system, image file handling, etc. A 

Hewlett-Packard plotter, Tektronix scopes, and a Diablo printer with 

plot mode were used to display results at various process stages. This 
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capability was crucial for debugging and, secondarily, provided somo 

illustrations for this th.es is. 
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I D. SYSTEM OVERVIEW 

The vision system implemented rn~y bo simply described as a computer 

pro~ram whose input is a stereo pair of digital images and whoso output 

is a polygonal surface model of the scene. The •computer pro~ram" 

implements a three step process: feature extraction, stereopsis, and 

form modeling. The three steps arc described-in this bottom-up 

order-in chapters II, III, and IV of this thesis. · 

3-BUILD } Form Modeling 

EYES } Stercopsls 

} Feature Extraction 

Subprocess hierarchy 

Four computer modules (or jobs) with acronyms L_E\'E, R_EYE, EYES, and 

3-BUILD are the subprocesses. L EYE and R_EYE execute independently, so 

together are a single process step. Digital images arc given to L EYE 

and R_EYE; polygons are generated by 3-DUILD. 

Stereo images and a polygonal surface model arc both 

representations of the visual scene, the beginning and end of a data 

structure history. 
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. Image to form transformation 

Polygonal surfaces 

Stereo 
super-network 

Spatial network 
of regions 

neglons of 
change 

& 
uniform lntonsity 

t 
I 

Gradient-arrow 
array 

Pixel array 

The first operation on the pair of digital images, at tho bottom, is to 

locate all gradient-arrow.5. A aradient-arrow is the primitive 

distinction in the image array, representing a difference in intensity 

between two neighboring pixels greater than somo threshold of 
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sensitivity. By convention, the picture or a gradient-arrow points rrom 

the pixel of brighter intensity to tho lesser one. The gradient-arrow 

is merely a directed intensity gradient, an edge between two pixels. 

The new term is introduced here because it denotes a powerful graphic 

symbol that clearly depicts patterns or intensity change in the image. 

By representing the gradient arrows in a binary array, the program can 

quickly extract features from the images. 

From the gradient-arrow arrays and intensity arrdys, regions aro 

defined. The regions are the features of the imago, filling tho entire 

array. Arrowless regions are areas of uniform intensity and regions 

with arrows are · patterns of change. Typical patterns of change are 

edges, bars, shade, blobs, etc.-to use feature mask terms[lO]. Unlike 

masks, however, the patterns arc regions, varying in shape and sizo. 

After the regions have been formed, thoy are characterized and 

arranged into a spatial network. The network's spatial relations 

connect neighboring regions. There aro two typos or neighbor relations: 

"inside of• and •outside or". The region characterizations are 

sufficiently complete so that the pixel and gradient-arrow arrays may be 

discarded. Indeed, at this point of the process, control passes from 

L EYE and REYE to EYES; and the two spatial networks of regions are 

the data structures passed upward. 

EYES is the stereopsis 

images. Every region(s) 

process thnt 

to rcgion(s) 

called a steregion. The fusion task is to 

ruses the stereo pair or 

match defines a ster~o region 

build a super-network of 

steregions, connecting the two spatial networks, region by region. This 

network construction is not a direct computation. Rather, the control 

structure is like a relaxation process for solving 3-D jigsaw puzzlos. 
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Every steregion defines a surface in the visual 3-Space, usually 

interlocking with surfaces defined by neiahboring steregions. Multiple 

indP.pendent contexts of stercgions in the network-and, honco, in tho 

visual space-may be under development concurrently. ~hen contexts grow 

to become neighbors in the images, they become dependent. The result is 

conflict or confirmation. Matches are made and broken as the stereopsis 

process converges to a stable state of fusion. 

Last of all, form in 3-Space is modeled by polygonal surfaces-that 

is, by partial polyhedra. A match of a point in ono imago with a point 

in the other image defines, via the camera geometry, a point in tho 

visible 3-Space. It follows that a stereo pair of region boundaries 

defines a surface outline in 3-Space. Most outlines may be simply 

covered by polygons. If, however, a matched region has other regions 

inside of it, the steregion's "surface" may be a hole or a mound. In 

this case, the interior steregions define tho spatial contour within tho 

outer steregion's boundary. 

I decided to use polyhedra to represent form for three reasons: 1) 

they are sufficiently general-using very small polygons, if 

necessary-for all shapes, 2) there is an old graphics tradition of 

using polyhedra, and 3) the cameras' geometric model consists only of 

straiQht lines. True, a polyhedron representation of a sphero is not 

very practical. Any single shape form11lation, such as generalized cones 

or cylinders, will describe certain shapes inefficiently, particularly 

if available resolution of detail in form is to be retained. Tho 

important result is that the visual form is well-defined at this 

terminal stage of the process. 
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Are partial polyhedra sufficient or should all visible surfaces bo 

boundaries to specific, completely enclosed volumes? The system 

implemented produces only polygonal molds for the visible surfaces in 

the scene. Completing the molds would produce polyhedra. Many surfaces 

such as the ground, enclosing walls, and the features on tho farthest 

depth plane (e.g., mountains and sky) do not need voluminal description. 

However, the system should assume that objects to bo handled or 

obstacles to be avoided do occupy a volume. For primitive needs, a 

rough model of the occluded parts would be sufficient. Robot vehicle 

and arm navigation systems have been designed to work with such domain 

uncertainties[15,17]. Further, kinesthetic/tactile perception may be 

used to complete the object's visual model and dynamically alter planned 

action[2]. 

Without kinesthetic/tactile exploration and investigative movement 

to other viewpoints, completion of the partial polyhedra requires 

speculation about the occluded parts of the scene. A simple, crudo 

method of speculation would be to fabricate back sides by merely 

truncating the occluded volume (in the rear). The •objects" modeled 

would be contiguous polygon groups and the depth of an object may be 

assumed t~ be a diameter of the visible fron~. For refinement, 

heuristics of symmetry ba_sed on centroids or major axes could bo used I.Jy 

a form analysis process. 
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II. FEATURE EXTRACTION 

II A. OBSERVATIONS 

The effect of the feature extraction process is to roduco tho dcnso 

array of light intensity values to a tractable data structure for tho 

fusion process. The data structure's clements are features, defined by 

making distinctions in the image. The features arc interrelated 

spatially, so the representation of the imago is a spatial network of 

features. 

Most of the many fe~ture extractors developed in the field of 

picture processing are of two gP.neral types: region growers and cdgo 

locators. To the region grower, visual distinctions aro bctwoon 

neighboring features; but to the edge locator, tho distinctions arc tho 

features. 

RP.gion growers segment a picture into features by merging 

neighboring pixels of similar intensity (examples: 

Yakimovsky[19]). The range of intensities to accept 

Ohlandor[12] and 

is decided by 

analyzing intensity histograms for incidence discontinuities, which arc 

assumed to delimit the intensity range of each "object" in tho sccno. 

Since histogram analysis operates outside of tho tho spatial domain, 

there is a danger of missing distinctions. 
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Edge locators filter out ' tho intensity chanaes-loavinf} tho aroa in 

the image uncollected-by using masks in V,\rious orientations and sizes 

(Marr[10]) or by using algorithraic operators which "fit" edges in 

circular neighborhoods of pixels (Hueckel(6]). Marr actually uses an 

assortment of masks, extracting bars (i.e., lines) and shade in addition 

to edges. 

The feature extraction method I introduce hero intearates tho odao 

locator with the region grower. The flexibility and uniquonoss of tho 

open form of grown regions have been co~bined with the edge locator's 

"fixed focus" on the visual distinction. The features extracted aro 

rP.9ions of uniform intensity and rcaions of chanao, formn.d in an 

intensity gradient representation of tho imaae. 



- 18 -

II B. GRADIENT-ARROWS 

The mtJst primitive distinction in an imaae is symbolized by tho 

gradient-arrow, a directed edge that is one pixel in length. Tho image 

resolution prevents further refinement. 

Gradient-arrows can- be located in an i1:1 c1 ge and grc1phicc1lly depicted 

by placing an arrow across every pixel edae which separates two plxols 

whose difference in intensity is greater than somo threshold of 

perceptual sensitivity. By convention, tho arrow points from tho 

brighter pixel to that of lesser intensity, symbolic of a "greater than• 

relation. 

The following figure uses gradient-arrows to illustrate the 

features that are often candidates for features masks . 

't t 
PIT PINNACLE 

t-:I~t➔. J 
-➔➔ J- ·- i-"' -+t~~ --- 4 "' 

7 . 't, ➔"'<'c--~ i- 1- ~J- >1 
l ' • --- ... . "' 

"" j f t -<-i-Y~ { i ,i J -~r~-1: l- ,-\- 1 
I v. j --- .... "'➔" -i i J ~ ---_r~ i t i i -,.t4- i- 1-- .i. 1 --- ~--

R:DGE CR(VIC~ 

BARS SHADE 

Well-behaved gradient-arrow pc1tterns 

These patterns-except the edge-characterize, albeit id~ally, thoso 

found in images of natural scenes. A pixel; I assume, is ,1 liaht 

intensity measurement not for a point but for an area, specifically for 



a square because of the square arrangement of pixels. A consequence of 

the area measure is that edges will usually split a pixel, not moroly 

fall between pixels. (~ith a hexaqonal arranaement, all imagos of 

"straight" edges that are at least as long as a pixel will intersect a 

pi;,:el). Thus, the gradient-arrow pattern for an edge is usually a lino 

of shade, such as a column of double arrows pointing westwards. 

In the following example, the observer should have no trouble 

interpreting different patterns of arrows. 

Two rocks and one egg 

A higher resolution image of an object such as an egg would not havo 

such perfect edge and shade grad i ent-arrow patterns. But tho fine 

imperfections caused by the variances of form, surface materials' 

reflectance, and lighting are fe~tures in themselves. Their recognition 

permits more accurate description of form and, in this "object" example, 

more discriminating identification . 
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II C. PATTERNS OF CHANGE 

Fragmenting the image into features is a three stop process. 

- compute and encode the gradient-arrows 

- group arrowless cells into regions of uniform intensity 

- group gradient-arrow cells into regions of change 

Forming a region of uniform intensity is a simple procedure: group 

neighboring arrowless cells and then extend the group's boundary to its 

enclosing edge. Specifically, the boundaries arc extended outward ono 

cell by "stepping into~ arrow cells which have an arrow on the opposing 

edge. 

rn 
Group Don't group 

Arrowloss coll extension examples 

There are conflicting demands on tho design of tho strateny for 

grouping arrow cells into patterns of change. Tho stratcay should 

reduce fragmentation by gathering across smooth transitions both in a 

pattern's orientation (e.g., the direction of shade about an cgn) and in 

the intensity of gradients within a pattern (analn, as in an egg's shado 

unit). Further, trendless gradients that arc parts of features near tho 

threshold of sensitivity or whose size is at or below resolution should 

be consumed into the major trends of their respective areas in tho 

image. Consumption must be constrained, however, in order to prosorvo 

the separate identities of features. 
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following non-exhaustive case analysis of arrow c e ll pairs and 

experimentation, I converged on a simple, heuristic grouping al gorithm. 

The heuristic component of the algorithm's "merge conditional" is based 

on the simple Hamming Metric from comr.1unication theory. Tho Hamming 

Me tric is a digital "difference" or "distance" measuro between words of 

bits. The difference between two words is tho number of bits that aro 

different when the two words are compared on a 1-to-1 bit basis . Tho 

following fi gure is a drawing of a unit cube in 3-Space. Thero aro 8 

elements in the metric space of 3-bit words and they are tho vertices of 

the cube. Further, each edge of the cube links 2 words whose Havllning 

difference is 1 and all differences of 1 aro linked. 

(O.T,1 ) .~--- (1.1. 1) 

(O.O. 1) r--t-----(,( 1.0, 1) 

(0. 1.0)r--+-----, ( 1,1.0 } 

(0,0.0) "-----¥(1.0.0 ) 

Unit Hamming difference cube 

This same difference of 1, when applied to tho binary 

representation of an arrow cell, forms the basis of tho grouping rule. 

An arrow cell is a square and each edge has three possiblo states: 

- arrow pointing out 

- arrow pointing in 

- no arrow 

Consequently, there are 34 possi bl e states for an arrow cell. Rather 

than using the minimum number of bits, 7, to encode tho states, tho 

square's 4 edges are separated by a llowing each edge 2 bits to represent 

its 3 states. 
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z 3 4 5 6 7 8 

8-bit arrow cell 

Note that ((81 AND B2 ) OR (83 AND B1 ) OR (85 AND 86 ) OR (B7 AND 88 )) is 

never true, where Bi means "bit i is ON". 

The basic criterion of the grouping operation is to merge two arrow 

cells when their Hamming difference is O or 1. \.Jhcn the Hanming 

difference between two cell encodings is 0, they are identical. \./hon 

the difference is 1, exactly one of the arrows which is present in ono 

cell is missing from the other. That is, there is exactly one bit ON in 

a word that is not ON in the other. 

+±1 
Examples: Merge 

rn flt 

cf> w ~ 
Examples: No merac 
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From the arrow cell's point of view, this mP.ans that arrow swaps aro not 

al lo.,.1ed. That is, if the top cdac state of one cell is "arrow pointina 

out", it would not be grouped with a neighboring cell whose top edgo was 

in state "arrow pointing in". A greater consequence of the rule is that 

if there is any arrow ON between two cells, such as "greater right" in A 

and "lesser left" in B, an arrow in the same direction must be ON A's 

left edge or B's right edge to qualify for grouping. 

-4 MERGED REQUIRES ffi 
or 

or 

Rule for groupina across a gradient, in effect 

This mP.ans that arrow cells arc grouped across an cdgo only if thoy aro 

part of a trend of parallel edges at least 3 or 4 cells in length. This 

is the fundamental characteristic of shade. 

The following picture shows most of those arrow cells that would bo 

generated by an image of a sphere or egg. As in the earlier 

illustration of "Unit lfamming difference cube" on page 21, arrow cells 

with Hamming differences of 1 arc linked. Note, however, that since 

horizontally and vertically neighboring cells share an edge, not all 

position combinations for linked pairs are possible. For instance, tho 

center cell of the network below could only be a neighbor to its 

duplicate if diagonally arranged. Sec Appendix t for an accounting of 

all cells. 
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Group links for sphere arrow cells 

The Hamr.,iny difference grouping criterion is only the basis of unit 

pattern determination. Even if two adjacent arrow cells pass this test, 

they may still fail to be grouped. There are two additional contraints. 

1. If the adjacent cells are part of a shade trend-that is, they 

have an arrow between them-the intensities of thC! gradients 

in the trend must be examined to insure that the trend is 

smooth. As implemented, "smoothness" is tho condition that 

the gradient intensity changes nearly linearly. Tho 

computation involves a lino of 4 pixels of which tho center 2, 
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separated by the center arrow, are in question. Where D1 , o2 , 

o3 are the pixel intensity differences P1-P2 , P2 -P3 , P3 -P4 

respectively, then the condition is that 

( D 1 > 0 A~D D2 > 0 J\~D DJ > 0) 

OR ( D 1 < 0 ANO D2 < 0 J\ND DJ < 0} ) 

AND ( I ( D 1 + D3 )/2 - D2 I < CO:--JTRAST) 

where CONTRAST is the original arrow threshold. If P1 or r4 

is a member of a uniform intensity region, this condition is 

not enforced. 

2. Special considerations are given to the grouping of diagonal 

cells. First, diagonal lines are weak, allowing intersecting 

areas of cells. Although the challenge of the game of Go 

exists because of this possibility, it is best eliminated 

here. 

X X X X X 

X X 0 X X 

0 0 X 0 0 

0 0 0 0 0 

Regions X and O intersect each other 

Second, diagonal cell pairs share only a point and are 

separated by a distance 2112 times greater than horizontal and 

vertical cells which shi\re i\n ed']e. This muddles tho geometry 

of the cellular image space. All of these problems would 

disappear, greatly simplifying the computer code for feilturo 

extraction, if cameras with hexagonal arrangements of light 

sensors were available. 
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The following page contains throe sample digital imagos . Tho 

reproduction here is poor because it is tho printer's photograph of my 

photograph of the robot TV monitors. On tho succeeding three pages, tho 

gradient-arrow representations of the sample images arc illustrated and 

the region boundaries of extracted features arc plotted. Plus signs 

(i.e., +'s) indicate single coll regions, which l call "point regions". 
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Two rocks and one egg Egg ond rocks stacked 

The JPL robot arm 
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Two rocks and one egg 

Egg and rocks stacked 
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II. D. UNIT PATTERN CHARACTERIZATION 

After a set of contiguous arrow cells have been grouped to form a 

feature unit, they are characterized. Characterization of a feature 

unit produces a record data structure, called REGION, with tho following 

subfields: 

TYPE 

LOCATION, BOTTOM, AREA, BOUNDARY TRACE 

INTENSlTY, SHADE_VECTOR 

<INSIDERS>, <OUTSIDERS> 

< STEREG ION> 

TOUCHED T lME 

TYPE classifies REGION to be a uniform intensity region, a shaded 

region, or a point region. A shaded region is a region of change which 

has internal arrows-that is, arrows other than those along tho region's 

boundary. The purpose of TYPE is merely to economize storanc. If 

REGION is a uniform intensity region, then SIIADE_VECTOR is unnecessary; 

if REGION is a point region, then DOTTO~. AREA, BOUNDARY TRACE, 

SIIAOE_VECTOR, and INSIDERS arc unnecessary. 

LOCATION specifies the upper-most, left-most pixel of the region in 

the image. In the implementation, each LOCATION uses ono word of 

storage: the line number in the left half and the column number in the 

right half. 

BOTTO~ is the number of the last line of tho imago that contains 

the region. 
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1lRE1I is the number of cells in the feature's region. Tho pr im,1ry 

use of this information is to weight INTENSITYs when computing tho 

average pixel intensity within two or more regions. 

BOUNDARY TRACE is a chain ericoding of the region's boundary. Tho 

chain encoding is a string of 3-bit bytes each of which specifies one of 

8 directions: north, south, cast, west, and the 4 diagonals. 

Sequential execution of "move-to's" on the byte string would movo tho 

executor about the perimeter of the region, starting and ending at 

LOCATION. 

INTENSITY is the feature's average intensity. 

SHADE VECTOR characterizes tho trend of intensity changn within 

shade. The vector is simply a table, listing for tho four arrow 

directions their incidence and intensity within the region, boundary 

excluded. The following example describes an area of shade in tho 

northeast direction . The average (gradient) intensity of tho 17 arrows 

is 6. 

# I 

9 
8 
0 
0 

5 
7 

Sample shade vector 

SHADE VECTOR is a summary, so some information about tho distr-ibution of 

a region's arrows is lost. Althou gh this inc~mplotcncss in tho 

characterization of shade seems to be insignificant, there is a possible 

alternative: eliminate INTENSITY and SIIA0E_VECTOR as REGION attributes 
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anrt have L_EYE and R_EYE pass their intensity arrays to EYES, the fusion 

process. Although more memory would be needed by EYES, there would bo 

little additional CPU use. SHADE VECTOR is referenced by EYES only 

during match evaluation, at which time the BOUN0ARY_TRACEs of tho 

match's regions are scanned in order to decompose the regions' 2-D forms 

into stacks of line intervals. At this same time tho regions' intensity 

image could easily be scanned on a line by lino basis for storoo 

correlation of intensity. 

<INSIDERS> and <OUTSIDERS> are lists of pointers to other REGIONs. 

These are the neighbor relations that form the spatial network. Tho 

following section, II E, will explain. 

<STEREGION>, initially null, is used in stereopsis as a pointer to 

a stereo region. See section III D. 

TOUCHED TIME is an integer variable used during the fusion process. 

See section III E. 
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II E. SPATIAL NET\.IORK 

Following feature extraction, a structure is ir.tposod on tho feature 

characterizations, relating features in spatial proximity. Two binary 

relations, INSIDE and OUTSIDE, arc the links. A feature's region Ra is 

OUTSIDE region Rb if 1) Ra is not enclosed by Rb and 2) at least ono 

cell of Ra is adjacent to at least one cell of Rb. Region Ra is INSIDE 

region Rb if Rb is OUTSIDE Ra and Ra is not OUTSIDE Rb. This is 

consistent with the intuitive notions of inside and outside as they 

apply to touching pairs of contiguous areas in discreet 2-Spacc. 

The OUTSIDE relation includes a description of tho interface 

between the two regions. Specifically, substrings of a region's 

boundary trace that touch a neighbor's region arc recorded and mado 

available via pointers into the region's copy of its trace. If Ra is 

INSrDE of Rb' then this touching information 

OUTSIDE relation with Ra. 

is available in R Is 
b 

The following illustrates a simple imago's spatial network of 

features. 

_J .. l . _ r=: t 
L! I i ; I 

·- ! - ·t- I +I--- +, ---I 
• i ! ' -·:-r--! ·--+1- --,- 1•-

Image fragmentation Region chains 
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The spatial relations inside and outside arc the two nci"hbor 

relations implemented, but a third one is needed to complete tho 

neighbor concept for the fusion process. This new relation m~y bo 

thought of as being nearest. It relates insiders to nearby region 

boundaries. As the next chapter explains, stereo information is 

produced by fusing the boundaries of the match's regions. The "fit• of 

a match in its context is evaluated by comparina the fused positions of 

these boundaries in 3-Space with the fused positions of neighbors' 

boundaries. When a non-touchina but close pair of regions are insidors 

of a larger region, for example, they arc not directly related in tho 
\. 

network although they are neighbors-two features which should influence 

each other's match, thus two features which should be readily accossiblo 

to each other. 

Appendix 2 explains tho problem and presents a solution. Adding 

nearest relations to the spatial network should involve little 

additional . memory, CPU use, or even complexity. llowcver, it would 

involve rewriting and debugaing EYES which uses stereo pairs of tho 

networks extensively. 
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III. STEREOPSIS 

The following analysis of the stercopsis process and prescntrltion 

of · its mechanistic model are the major contributions of this thesis. I 

introduce the problem by explaining in section 8 the stereo camera 

geometry and by qualitatively describing in section C the possible and 

expected perspective differences between stereo views. Then l describe 

the fusion process in two parts: feature match evaluation in section D 

and the fusion process control structure in section E. 

III A. OBSERVATIONS 

Hannah(4) implemented statistical •techniques for efficiently 

matching corresponding areas of a stereo pair of imagos•. ~ith a model 

of the stereo geometry, Hannah's system successfully projected some 

stereo image points into 3-Space. 

Inspired by Julesz[8), Marr and Poggio[9) found a coopcrottue 

algorithm for fusing random-dot stereograms. Tho "scenes• were composod 

of regular planer shapes perpendicular to tho viewer and tho features 

were the dots themselves. Although primitive, it captured tho spirit of 

the following important idea: 

depth is continuous over a greater area in images of natural 
scenes than it is discontinudus, so features influence the 
matching of neighboring features with the goal of minimizing 
discontinuities in the scene's apparent form . • 
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III 8. GEO~ETRY Of BINOCULARITY 

The ideal camera system modeled hero has a thin lens and a 

sufficiently large depth of focus for tho intended visual application. 

This system can be reduced to a simple 3-0 geometry composed of a focal 

point, a square pixel array, and straight light rays which pass through 

the array to connect the focal point with the reflecting environment, 

one ray per pixel. 

four-sided pyramid. 

The visual space is in the shape of a truncated 

Ideal camera system 

The measurements of the rays' intensities arc stored as pixels. Tho 

light source(s) or reflecting surface(s) responsible for a pixel's value 

intersect the pixel's ray, somewhere. Assuming a pixel is an area 

measure of light intensity, tho rays are modeled as truncated pyramids, 

the packed bunch of which is the visual space. 

For binocularity, two cameras are placed so that the imago squares 

lie in the same plane and their edges are parallel. Of course, tho 

focal lengths and the pixel resolutions and arrangements are tho same. 

The binocular space is wedge shaped. 
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Ideal stereo camera system {top view, sll~htly rotated) 

The wedge of binocularity is most usefully described as a "feather of 

isosceles triangles" each or whlch lles in a plane that contains both 

focal points. Each tria~gle intersects a single horizontal lino in both 

pixel arrays. Consequently, if a reflecting surface is visible to both 

cameras. it. lies on t.he .same horL:ontal l inc in bot.h pix.el arra{t.s. ray 

bu ray. Conversely, if a pixel in one i~<lge is matched with a pixel in 

the other, the two rays they represent intersect at a point in tho 

visual 3-Space-or . are parallel and "intersect" at a distance of 

pseudo-infinity, as determined by the system's resolution. 

Disparity, the amount of horizontal shift, is conveniently meusurcd 

in pi:<els. The range of disparity is then O W-1 where Wis tho 

number of pixels in the width of the imago array. If the disparity of 

two matched pixels is 0, their rays intersect on the back of the wedge 

at pseudo-infinity. If the disparity is W-1, the intersection point 

lies on the front edge of the wedge. Corresponding to the W v~lues of 

disparity are W planes parallel to the images' plane. All possiblo 

points of intersecting rays with disparity n lie on plane n. 
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1 

l I \ . 

Imago width= 1 
41 pi~els / image width 

Focal length= 2 

9 8 7 

Separation between focal points= 1.5 

Binocular depth planes 

--

The distance of a depth plane from the ima~es' plane is inversoly 

proportional to the depth plane's disparity. 

If the stereo images are not coplaner, tho cameras arc converging 

on a point short of pseudo-infinity. [f the photoreceptors nre 

non-uniformly distributed as they are in tho human retina, visual acuity 

can be enhanced by "camera convergence motors- which drive fusion within 

narrow width ranges in tho fovea. ~hP.n fusion confirms convoraonco. tho 

cameras' positions can bo used to determine the depth for disparity 0. 

for cameras with uniform receptor densities, tho only advantage of 

a convergence capability would be to increase the "visual coverage" of 

very close visual domains. Alternatively, coplaner cameras that slide 

closer to each other under motorized control would have the same effect 

without complicating the stereo geometry. 
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When cameras rotate to converge at a finite distance, thoro is 

vertical displacement to disparity in addition to the horizontal. Tho 

planes defined by the "feather or triangles" intersect tho imnnos at 

acute angles. Computing the intersection of rays is not difficult. The 

important difference is that a feature in one image may have a height 

different than that of its stereo counterpart. Feature match evaluation 

becomes more difficult when there are more possible 

differences to features. 

Converging cameras' images of a stack of plane~ 

pors1l0ctivo 
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111 C. PERSPECTIVE DIFFERENCES 

The distance between the viewer and the visible objects is usually 

greater than the distance between tha eyes. lf this wore not tho caso, 

sm~ll objects would be viewed from two very different perspectivps, 

limiting fusion to only a small area of tho object's imago. Our oyos' 

angle of convergence, which is the same as the angle between converging 

stereo rays with coplanar cameras, at tho close reading distance of 30 

cm (about 1 foot) is only 11 degrees. 

The effects of the difference in perspective between stereo views 

can be categorized as follows: 

Geometric variance: shape and position 

Differences in reflected li~ht observed 

- Occlusion 

The following discussion of these effects forms a basis for the criteria 

used during Feature Match Evaluation, the next section. 

GEOMETRIC VARIANCE: SHAPE ANO POSITION 

The only difference in form between the stereo images of a 

reflecting surface may be a difference in the images' width. Imaao 

height is invariant. Height invariance is a direct consequence of tho 

"feather of triangles" model of tho binocular space, page 39. Imago 

width varies between views when the surface's horizontal boundaries aro 

not parallel to the plane containing the stereo images. 

when a surface is visible to both canoras, its position in ono 

image must be within the range of convergence of its position in tho 

other image. Specifically, if the west-most column of a feature in tho 
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right image is n, then the west-most column of the feature's storco 

counterpart in the left image must be nor greater. 

To minimize confusion, "cast"/"west" refers to the left/right 
sides of features within one of the images. "Left"/"right" is 
reserved for discriminating between cameras. 

Given the feature in the left imJge below, its stereo counterpart may bo 

present only in the dotted region in the right image. 

/ 

Geome tric--Cons tra 1n ts 

A consequence of the horizontal shift of features is that 

horizontal disorderings of features arc possible. In the l~ft imago of 

the following figure, o1 is to the west of o2 and o3 , but in tho right 

image o1 is between o2 and o3 . 

~est/east feature disorders 

The human vision system seems to be incapable of simultaneously fusing 

disordered features. If fusion of disordered features were possiblo, 

illusionary surfaces would be created by the fusion of occluded 

features. To illustrate this point, consider tho following imago of 

numbered features and a sheet. The sheet occludes different numbered 

features in each image. 
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Cameras and scene 

Left Right 

Correct matches are Ol- Or, 11- lr' 61- Gr, 7l- 7r, and SIIEET 1- SllEETr. 

The features unmatched because of occlusion are 21 , 31 , 4r, and Sr. 

Matching 21 and 31 to 4r and Sr, because of the lack of competition, 

would ruin the west to east orderina of the fused features, defining an 

illusionary surface behind the line of nu~bered features. 

Apparent scene, allowing disorder 
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DIFFERENCES IN REFLECTED LIGHT OBSERVED 

An opaque surface is illuminated directly by light emitters and 

indirectly by reflections from other surfaces. To sec ,rn opc1que surface 

is to intercept light reflected from that surface. 

For models relatin!) surface shading and camera im.t!)es. sec Ne...,,nan 

and Sproull[ll] or Tuong-Phona[16) who synthesize nraphic imagos givon 

mathematical descriptio_ns of scenes; or Horn[SJ who beoins with a 

monocular image and then reconstructs tho sceno based on apparent 

shading. 

There are two components to reflected light: • diffuse and specular. 

In general, rough dielectric surfaces reflect diffusely and smooth 

metallic surfaces reflect specularly. For stercopsis, tho important 

distinction between diffusion and specularity is that only the specular 

cor.iponent of light depends on the angle of vie111-that is, the angle 

between the surface normal and the eye-to-surface ray. Consequently, 

stereo perception of specularly reflected light will produce an illusion 

of depth different from that of the reflecting surface. 

In conclusion, features such as shadows, shade, edaes, 

etc. produced by · a surface that reflects diffusely provide accurato 

stereo information because their intensities in the imago and projectnd 

positions on the surface are independent of the viewing an!JlO. llowovor, 

a surface which reflects somewhat specularly rnay produco slightly variod 

features between stereo views. A surface whoso reflected liaht is 

predominately specular, like a mirror, may produce stereo inrorrnation 

~hich is hopelessly incorrecti 
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OCCLUSION 

A surface visible to one image may 

occluded in the other becnusc of the 

features in stereo images. The occluders 

be partially or completely 

varying horizontal shift of 

are other surfaces in tho 

visual space or the inner edges of the camera frame : the left image's 

eastern boundary and the right image's western boundary . 

. 
When so-called "geometric invariants" of binocularity aro violatod. 

the only excuse is occlusion. Three types of violations to a matchod 

pair of features are unambiguous: 

Vertical extent of features unequal or not aligned 

Diverging (i.e., outside of range of convergence) 

fragmentation 

Whenever a match violates a geome tric invariant, its excuse depends on 

the depth of the neighboring fcaturc(s) that occlude. Excuse 

satisfaction is simply that the occluder has been matched at a closer 

depth than the occluded . 

If a feature is visible in one image and complctclv occluded in tho 

other, the lone feature's depth is unknown. 

If a feature is visible in ono imago and part i allv occluded in tho 

other so t~at 

1) the occluder defines part of the occludcd ' s border and 

2) their match does not violate a geometric invariant, 

then the partial occlusion is not detectable . 
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Partial occlusion of bar by dotted surface 

Apparent form 

The occluder and partially occluded may be tho samo feature: an 

image of a smoothly curved surface that self-occludes. Consider an egg. 

The shade is smooth over all of the surface except for the front area 

normal to the line of view. This donut shaped area of shade may be a 

single feature in a low resolution image. Since the loft image's view 

of the egg's west side is occluded from the right image by the surface 

of the egg, the eye-to-surface rays will not intersect on tho egg's 

surface . 

R 

- ,J. . 
-JI. - -/-, -.._._ 

L/'\R , --

' 
Self-occluding curved surfaces 



- 48 -

This is an exaggerated example because the object is sharply curved and 

nose-close, but self-occlusion may create subtle illusions because it is 

a type of partial occlusion that is not generally detectable. 
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III D. FEATURE MATCH EVALUATION 

The fusion process decides to make or break a match based on the 

quality of that match, the qualities of competing matches, and tho 

qualities of neighboring matches that will ho affected by the change. 

The qualities of matches are determined by the match evaluator. 

The numerical measure of a match's quality is doubt, so named 

because it primarily measures differences botwcon stereo imagos and tho 

best difference is 0: minimum doubt. 

Total doubt is the sum of context-free (or local) doubt and 

contextual doubt. Doubt is separated this way for efficiency. Local 

doubt, as its name suggests, needs to be comp11ted only once during tho 

life of a match because its value is independent of tho states of its 

neighbors. The qualities of a good match listed below are tho match 

evaluator's criteria for local and contextual doubt: 

CONTEXT-FREE MATCH CRITERIA 

Geometric Invariance 

- same top and bottom lines of imaae planes, (except 1) 
- within acceptable width range on same line, (except 2) 
- closure preserved, (except 3) 

2 

Tie Breakers 

- similar average intensity 
- similar internal intensity change 
- disparity changes smoothly 

CONTEXTUAL MATCH CRITERIA 

- smoothly cohesive with neighbors 
- occlusion excuses satisfied, (types 1, 2, 3) 
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"ls the match possible?" is the only yl!s/no tl!st usod by tho match 

evaluator. The test for possibility is simply geometric: at l~ast one 

pixel from the match's feature(s) in the left image must bo fusablo with 

at least one pixel from the mat~h's feature(s) in the right image. 

Matching dark features to bright features, short ones to tall ones, etc. 

are doubtful-but may still be possible. 

The rang~ of total doubt is [0:20], whore 20 would bo an extrcmoly 

doubtful match. Local doubt and contextual doubt are equally woiuhtod, 
I 

both havina a range of (0:10]. The upper bound on total doubt, 20, is 

obviously arbitrary. Once chosen, however, the computational models of 

the match criteria can be numerically related. 

Althou gh features are matched to features-that. is, areas in ono 

image are matched to areas in tho other imago-they aro fusablo on a 

line by line basis only. This follows directly from the geometry of 

binocularity. As a result, the match evaluation procedure compares tho 

features in a match on a line by line basis. 

The doubt of a match is actually the doubt of the match's avcrn!]e 

line in the stereo ima aes. The match evaluator takes tho doubt summed 

over the lines in the match and divides it by thn height of tho match. 

Thus, each line within the vertical extent of the match's stereo imagos 

has a capacity for local douht of 10//l and a capacity for contextual 

doubt also of 10/H. The hei ght of a match, II, is defined: 

where the image line count is top-down and whore Tori and aro 

the top-most and bottom-most line numbers of the match's features in 

image i. 
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Matching taller features produces more stereo information and 

establishes larger stereo contexts than matching shorter features. 

Further, larger features-particularly taller ones-are generally moro 

distinctive, thus less ambiguous and easier to match. llowovcr, tho 

taller a feature, the greater capacity its match would havo for doubt if 

doubt were not normalized for height. 

For simplicity, the following description of the doubt calculation 

will ignore features with multiple vertical boundaries. assume there 

may be features with the shape and orientation of an "E" (without 

serifs). for example, but "W' shapes are not included. Evaluatin!') tho 

match of an "E" shaped feature is basically the same as evaluating tho . 

sub-match of one horizontal leg of a "M" shaped feature. Appendix 3 

contains an analysis of multiple vertical boundaries and an outline of 

the computation that evaluates their matches. 



- 52 -

LOCAL DOUBT 

There are two parts to the criteria of local doubt: goomotric 

invariance and tie breakers. The so-called invariant criteria havo 

exceptions for occlusion as noterl by case. Since tho crit~ria aro 

context-free, the "geometrically perfect" match will be preferred over 

the partially occluded match-assuming all other doubts aro oqual-ovon 

when occlusion excuses are available. Tie breakers are heuristics for 

discriminating between competing matches. 

The me<.1sure of tho geometric invariance part of local doubt is a 

measure of the amount of the match's virtual area in the stereo imagos 

which "must be occluded". The virtual imagos aro always larger than or 

equal to the actual images of a match. The heights of tho left and 

right virtual images are both H which, by definition, may ho taller than 

the actual images. Runnina down the geometric invariance criteria, a 

match's virtual image may differ from its actual image in three ways: 

1. The top line number of the virtual loft and right imagos is 

(TOPL min TOPR). The bottom line numhP.r of tho virtuill left 

and right images is (BOTTO~L max BOTTOMR). 

2. Yhen the eastern/western edges of the matched features 

diverge, the virtual e.istern/wcstcrn edge of the "must be 

occluded" feature is located to the e.ist/wcst of the ilctual 

edge, widening the feature so that the edges converge. 

3. When a group of disconnected features is matched to one or a 

grou~ of connected features, the disconnected parts arc 

virtually spliced toacthcr. 
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D 
D D

i . ..J 

_, .. . 1 

D 

Sample 1 to 2 feature match Virtual additions 

The range of the gcor.ictric invariirnce part of local clouht is 

(0:10), ,,.,here 10 ,,.,ould be the geom~tric doubt of an impossible match. 

Each line of the match that "r.iust be occluded"-that is, each l inc that 

is exclusively virtual in one imil')c-has douht 10/H. . When only part of 

a line must be occluded, then it is proportionately doubtful: 

doubt .- doubt + ( 10///) " (\./O/\.Jy) 

1-1here \./0 is the numher of the lin11's pixels that must be occluded and \JV 

is the number of pixels in the virtual line . Each lino of each lm<1qo 

has its own w0 and WV. Wh en wO is zero, there is no doubt because there 

are no exclusively virtual pixels. Note that althOULlh tho potential 

doubt for e ach line of each image is 10/H, the upper bound 011 the total 

is 10 and not 20. 

The tie breakers cor.iponent of local doubt applies to the fusable 

area in the actual image s, that part which is geome trically doubtless. 

The fusable parts of the stereo pair above are enclosed by solid linos 

in the ne xt illustration. 
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Fus«ble p«rts 

Tho criteria "similar averaae intensity" and "similar internal 

intensity change" specify that stereo pairs of features with same light 

intensities and distributions within their im«acs m«ke good m<ltchcs. 

The best way to compute the doubt of a match's intensity diffnroncos is 

to compare the fusable p«rts on a lino by lino b«sis. Exact equality of 

intensities-particularly on u one pixel to one pixel bt1sis-ca11not bo 

c~pccted for two reasons: specular reflection and sub-resolution 

uncertainty. The latter is a subtle effect of the digital imago's 

discreteness. When the shift of the scene's image between stereo views 

is not an integer multiple of n pixel width, a pixel's intensity in 0110 

im«go may be redistributed among two or more pixels .in the other imaqo. 

For example, nn edge in tho scene's image may fall between two pixels in 

the left digital image but intersect a single pixel in the right digital 

inage. The final argunent against pixel to pixel intensity comp«risons 

is the fact that a stereo pair of features may differ in width. Only 

average intensities «nd horizontal, west-to-east trends of intensity 

change within fusable lines should be corrcl«tod. 

To keep the use of st~r«ge low in the implrmrntation, I simplified 

th~ doubt computation for intenslty differences by comp<lring storoo 

pairs of features area to arc«. Locul doubt, applying intl'nsity 

criteria, is simply a comparison of features' average intrnsities and 
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shade vectors: 

doubt .- doubt+ r • (Slli\DE DIF + INT DIF • (1 - J\RROWS_PER PIXEL/4)) 

The expression to the rif)ht of "r •", above, h,15 a possiblo rl\llflll 

of O to 10. The factor r in the doubt calculation scales the uppor 

bound, 10, down so that only the fusable space is evaluatecl. r is tho 

percentage of the virtual images' area that is fusable, computed on a 

line by line basis, each line with equal weight 10/ll. Thus, if the 

doubt of the match based on the geometric invariance criteria is 2.5, 

then r would be 7.5/10. 

Slli\OE DIF, the difference in shade vectors, and INT_DIF, tho 

difference in average intensities, are the two comporH'nts of tho 

intensity criteria. Their separate computations aro well dcfinod bolow. 

Their interaction, however, as I ir.1pl er.1entect it, is difficult to defend. 

Certainly, their relative importance depends on tho amount of intensity 

change within the pa~ts of the r.iatch. If the features of the match ore 

regions of uniform intensity, with no arrows and thus no shiHHll!J, then 

I NT DIF ranges from Oto 10. If there are arrows, intensity diffcrenco 

is not the exclusive criterion. simply chose to scul~ INT Dlf 

linearly from the "no arrows" case to the "full of arrows" C<lSD and, in 

this latter cnse, I chose to give Slli\OE DIF and INT DIF r.riual doubt 

ranges of Oto 5. "(l - J\RROWS_PER_PIXEL/4)" is the scaling factor. J\s 

explained below, ARROWS_PER_PIXEL ran~r.s from Oto 2. So tho scaling 

factor ranges from .5 to 1-the fewer arrows per unit area, the greater 

the factor. 
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SHADE DIF is the sum, for tho four arrow directions i .- 1 .. 4, of 

the follo~ling: 

l#L . • IL . • t • t 
- If • R, i IR,il • 10 / (,t • TOTAL_/\REA • 255) 

where 'L . is tho count of arrows in tho loft image that point in 
• t 

direction i and where [L . is the average intensity of the arrows. 255, 
• t 

that is 28 -1, is the maximum possible intensity tlifferenco for 8 blt 

When the match consists of multiple features from an imaao and 

they are touch in!) neighbors, arrows are conjured up ,1 long their 

interface and added to the composite shade vector used in this 

computation. The orientations of the boundaries and intensities of the 

neighbors determine the directions and intensities of tho arrows. 

Where INTL and INTR are the avcraae intensities or tho match's 

features in the left and right images, INT OIF is simply: 

INT OIF .- I INTL - INfRI • 10 / 255 

ARROWS PER PIXEL is tho average number of arrows per pixel within 

tho match's features, including both the left and right imagos. 

Specifically, it is the sum, for i .- I .. 4, of tho followinu: 

(iL . + fR 1.) / TOTAL_AREA 
• 1 • 

Each pixel can have up to 4 gradient arrows since there are four sides 

to each square pixel. However, since each arrow internal to the foaturo 

is shared between two noiahhorin~ pixels, the upper bound on tho v~luo 

of ARRO~S PER PIXEL is 2. 
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The disparity smoothness criterion for the local doubt comput~tion 

is discussed later in this section with the intermatch dlspdrity 

smoothness criterion. See page 61. Roughly speaking, tho disparitios 

along the vertical boundaries are smooth when the relative shape changes 

between stereo images are continuous. 
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CO~TEXTUAL DOUBT 

Tho context of a match consists of tho neighboring features in tho 

stereo pair of images that arc nedrcst the borders or the m<ltch's 

features. The scope of such contexts varies in shape, si20 of area, an1l 

number of features. As implemented an~ defined in II E. Spatial 

Network, the neighbors in a context arc the out~idcrs and insiders of 

the feature in the match. 

When the match evaluator measures contextual doubt, it measures tho 

fit of a match in its context. The dual criteria for a good fit in a 

context arc: 

- The match and its neighbors' matches dcflne a cohesive 

surface across which the disparity is smooth. 

If the match being evaluated violates a aeomctric invariant, 

then some neighbor that could be occluding is in fact 

matched at a closer depth. 

A 3-D jigsaw pu22le analogy is useful when thinking of tho contrxtual 

criteria. Cohesion and occlusion excuses depend on tho neighbors boina 

currently matched. The matched parts of a context defino a sot of 

"current surfaces" in the visual 3-Spacc. When a context is cohestvo, 

the surfaces defined interlock like the pieces of a Jiasaw p11z2le. Tho 

test for interlocking surfaces is simply that the western/eastern 

neighbors of the match's features in tl1n lnft imaao are matcherl to thn 

western/eastern neiohbors of the match's fn~tures in tho riuht im~no, on 

a line by line basis. Note that this condition is independent of tho 

actual disparities and, consequently, of tho depths of tho matches in 

tho context. 
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When neighbors satisfy the cohesion or occlusion tests for a mdtch, 

the doubt of their being a aood fit for the match is determined from the 

local doubts of their matches. For the following description of the 

measure, let l be the local doubt of the match of the neighbor in 

question. 

To measure cohesion: 

The neighbor on each side of each line of tho match's features in 

the left image is compared to the neiahbor on tho same side of tho samo 

line in the right image. If the two neighbors arc bound to the samo 

match, the doubt of that 1/(Z•H) part of the context is l/(2•H). If tho 

nf-}iahbor p«ir is not cohesive with the match being evaluated-that is, 

they are bound to different or no matches-then tho doubt is tho 

maxim11m: 10/(Z*I{). Side(s) of a line which are unfusahle are not 

measured for cohesion. Rather, the measure of an occluded side's fit in 

the context is the credibility of its occlusion excuse. 

To measure occlusion excuses: 

The neighbors that qualify as occlusion excuses are thoso which aro 

in the match's exclusively virtuill imil!.)e. An excuse holcls for fl side of 

a line if the neighbor is matched with a disparity that is greater than 

or equal to the "virtual oisparity" of tho occluded line's side. If 

only one side of a line must be occluded, then there is only one 

possible excuse-only one nei9hhor. But if an entire line must bo 

occluded, there may be multiple excuses-multiple neighbors in the 

exclusively virtua 1 1 ine a lona the horizontal border3 of the match. As 

implemented, only one satisfying excuse for a line is noedod. Whoro l 

is the minimum local doubt among thn line's excuses which hold, tho 

doubt of the occlusion excuse is Lill. When no excuses hold, the doubt 

is the maximum: 10/H. When only one side of a line must be occluded, 
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the doubt is l/(2*H) if the excuse holds and 10/(2*ll) otherwise. 

As implemented, the "virtual disparity" used to compare wlLh tho 

disparities of possibly occluding neiDhbors is the minimum di.spilrity of 

the occluded match. A more discriminating virtual disparity for largo 

features could be derived by using the nearby fusahlo boundarlns of tho 

match to project a linear trend of disparities across tho exclusively 

virtual line. 

Either neighbors are cohesive or they are not; either a neighbor 

is possibly occluding or it is not. Since the decision is mado at tho 

"atomic level"-line by line and side by side-two multi-pixel n~ighbors 

may be partially cohesive or a neighbor may be partially occluding 

another, but there is no concept of nearly cohesive or nearly occluding. 

All non-cohesive parts of contexts and unsatisfied occlusion excuses are 

equally doubtful. 

The measure · of contextual doubt is :.k.r.ptical because the unknown 

context is as bad as the worst context. At any one time during tho 

fusion process, none or only somo of the noighhors in a contoxt may be 

matched. When a neighbor is not part of a match, tho match evaluator 

as.sumes that the neighbor's stereo counterpart is occluded, making the 

neighbor unmatchable. Unmatched features break the continuity of tho 

context's disparity and, of course, are not an occlusion excuse. The 

consequences of skepticism in evaluation are that 1) mnking a match 

Cilnnot increase the doubts of matches in its context and 2) bre.iking a 

match cannot decrease the doubts of matches in its context. 
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DISPARITY S~IOOTIINESS. 

Smoothness in a match's disparity is a local criterion for match 

~11ality and smoothness in a cohesive context's disparity is a contextual 

criterion for match quality. The basis of those criteria is tho 

assumption that most interfaces between featuroi are lines in areas of 

continuous disparity change. 

The primary discontinuity in intormatch disparity is a jump in 

depth between neighboring surfaces. An edge between noinhborino 

surfaces or a rumple in one surface's depth continuity will usually boa 

feature in itself, fragmenting the image of the surface(s) into two or 

more features. This follows from the definition of fe<1t11rns ilnd 

physical models of surface shading. If, however, tho boundary of a 

surface intersects a single feature in onn imago and tho surface's 

boundary is distinctive in depth, then splitting that feature during 

form modeling-following fusion-defines a "subjective contour". Of 

course, a true subjective contour would bo defined by splitting tho 

feature following 2-0 recognition. 

The local criterion for disparity smoothness is that disparity 

changes nearly linearly along the vertical boundaries of matched 

features. Thus, for example, matches of "I" to 

equally doubtless and preferred over a match of 

or \ or 

to > 

I aro 

di+l' d 1+2 are tho disparities of the match's western boundary for lines 

i, i+l, and i+2, then tho doubt of disparity smoothness about the center 

line i+J is proportional to Dlfw: 

Similarly, a three line segment of the match's eastern boundary producos 
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DIFE. The total roughness of disparity for a lino is then DIF: 

To integrate this with the other local doubt computations, w0 and WV aro 

given subscripts for the left and right, images: WL,O' wR,O' wL,V' and 

\./R,V' "L" and "R" mean left and right; "0" mnans occluded; "V" mnans 

virtual. wL,O is the number of pixels in line i+l of the left image 

which must be occluded according to the gcomotric invariance criteria 

and wL,V is the total number of pixels in virtual line i+l of the loft 

and wR,f are the numbers of pixels in tho virtual linns which aro 

fusable. Th8n, the local doubt of disparity smoothness for linn i+l is: 

doubt 

Disparity roughness cannot be attributed to either tho loft or right 

image alone so both are discredited by an equal amount: DIF/2. 

After this part of local doubt has be en c om puted, the r in thn 
computation of local douht that appliPs the intensity criteria 
must be adjusted to reflect the r emainder of a lino's 
potential doubt that is available. Sec pa ge 55. 

Besides inhibiting random matches, the effects of the local criterion of 

disparity smoothness are to encourage patching up holes in the sides or 

fragmented features and to prefer "syntactic" contours ovor "subjnctivo" 

contours. 

Similarly to the local criterion, the contextual criterion for 

intermatch disparity smoothness is that disparity should change nearly 

linearly. However, instead of mcasurina disparity smoothness alona t.hC' 

vertical boundaries of the match, it is ~casurcd across the vertical 



boundaries to cohesive neighbors . The test is mad e on a lino by lino 

basis, e ach line providing either one tr end of 4 to 6 disparities or two 

tr ends of 3 to 5 disparities, depending on tho presence of insiders. 

The following illustration of different conte:xt confi gur,1tions for " 

match's line explains what possible trends aro available for tho 

smoothness test. X marks the match's region. 

1 ~I, 1····· .. x··· .. ···1 I: .... .... • .. ·.·.· ···, 
~ r· .. 1 
~--........... l t ............. : 

TO [ .............. 1 [ ............. 1 [ .............. ! 
...... .. ...... .. .. .. ~...... . ........... .. 

1 2 3 4 2 3 4 5 6 

One trend of 4 to 6 disparities 

................ . . 
: : 

~ .......... ... .. ... ........ .. .. .. .... .. --·· -: . . 
•• •• ••••••••••• . . , ......... ..... ............ : . . . . . . 

,- -- ~ : 

L .. .J l '.:·::.~ i i I r.·.·.-:! : 
.. ........ J i L ...... ..... : 

TO 
.... .... l .... X .. .. ! ....... . 
L .... ...J ! !....I ••• !. ... l I !... .... .I 

l .... .. ........ ...... ....... l 

1 2 3 ,, 2' 3' 2 3 4 5 ,. 2' 3' 4' 5' 

Two trends of 3 to 5 disparities 

The disp a rity trends may be shorter if neinhliors are not cohesive with X 

because they do not participate in the smoothness test. Tho len~ths of 

trends in completely cohesive lines varies depending on the prcsPncc of 

in:; ide rs. If a cohesive ncighbor-out:;idcr or insider-has an insider, 

th1rn , only the cohesive neighbor's nearest border participatos in tho 

s!7loothness test. 



Althou']h the cohesion test alone is powerful, a "random bar 

stereogram" can be correctly fused only by using tho smoothness test: 

I I I I I I 11 11 111111 II I 1111111 1111111111 11 I 111111111111 I 

The cohesion test for a match is satisfied when all of the match's 

neighbors are matched and matched in tho same west-to-cast order in both 

images. If cohesion were tho only contextual criterion, then thero 

would be many e~ually good fusions of the im«gns above. 

I did not implement a test for interm«tch smoothness. Thf!ro arc 

two reasons: 1) tho cohesive criterion alone is almost sufficient and 

2) the spatial network representation of the image inadequately relatos 

neighboring insiders. See page 36. 
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TIIE MATCll'S DATA STRUCTURE: S.TEf/EGIO,r 

~hen the match evaluator is activated, it is passed two feature 

lists and an upper bound for acceptable doubt. The lists, one for each 

image, point to the features in the hypothetical mdtch to bo evaluated. 

The upper bound for doubt is used to terminate tho evaluation of a 

losing match early. During the evaluation process, doubt accumulates. 

If the match is possible and the final doubt is less than the upper 

bound, then the match evaluator returns to the caller the following 

information about the match: 

- Local and total doubt 

- Minimum disparity among the fusable boundaries 

- List of neighbor pairs for the cohesion test 

- List of occlusion excuses 

If the caller of the match evaluator decides to make tho m<ltch in 

question, then the match is established in the system's global 3-D 

net.,,,ork. The match is characterized by a record data structure c,1llod 

STEREGIOY which connects the two spatial networks of the two stereo 

images via pointers to the parts of the match. Concurrently, each 

feature's data structure, REGIO~. is modified to point to tho 

STEREGIO~-thereby binding the features to the match. 
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STEREGION: 

<LEFT_PARTS>, <RIGHT_PARTS> 

LOCAL_DOUBT, TOTAL_UOUBT 

MINIMUM DISPARITY 

<NEIGIIBOR PAIRS> 

<OCCLUSION EXCUSES) 

NEEDS 

<LEFT /' ;IRTS> and <RIG/IT f' tlRTS> arc lists of point£!rs to tho REliIONs 

in the left anr1 right imilans that conprise the match. Tho minim1m, of 

course, is one from each image. Conversely, the <STEREliION> subfields 

of the specifi~d REGIONs point to the STEREGION. 

LOCAL DOUBT and TOTAL DOUCT are real numbers. 

variable because it chanaes with the context. 

TOTAL DOUBT is a 

,'II .VI.11IJ,'I_DIS/';IR/Tr, an inte ~J•Jr, is used for evaluating occlusion 

excu:;es-both its o.,.n and its ne i~Jhhors' e~:cuscs. 

<NEIGHBOR /'~IRS> is a list of the neighbors in the match's context, 

paired off for the cohesion test. The list's format is: 

DOUBT FACTOR 

<L_REG>, <R_REG> 

<NEIGHBOR PAIRS> 

<L REG> and <R_REG> point to two nei ghboring REGIONS, ono from e~ch 

image. When the match is cohesive with this part of the contc~t. L REG 

is matched to R REG. If the local doubt of their match is L, then thoir 

part in the contextual douh~ of the natch in question is l • 

DOUBT FACTOR. If L REG is not matched to R_REG, then tho doubt is 10 • 



- 67 -

DOLIBT FACTOR. DOUBT FACTOR is the proportion of the match's vrrticnl 

boundaries across which L REG is a neiahbor in the left imnao an<I R REG 

is a neighbor in the right imago, in correspondence on a line by lino 

basis. (Info: page 59). 

<OCCLUSION EXCUSES> is a list of excuses needed for tho match's 

geometric imperfections. Its format is: 

DOUBT FACTOR 

<OCCLUD[~G REG[ON L[ST> 

(OCCLUSION EXCUSES> 

Each of the <OCCLUSION EXCUSES> is evaluated independently, each 

weighted by a DOUBT FACTOR. DOUBT FACTOR is the proportion of tho 

match's virtual height which r.iust be occluded hy tho REGIONs in 

<OCCLUDfNG REGION LIST>. - . - paiJo 59). Ar.lnni1 th1J rca ions in thn 

list that nre currently m,1tclwd with a minimum disrarity gr-r,1ter th,111 or 

equal to the occluded match's ~IINl~IU~t_OISPARITY, tho lenst doubtful 

locally is chosen as tho best c:<cuso. If this nni']hl>or's local tlnul>t is 

l, then the contextual doubt of the occlusion excuse is l " 

DOUBT FACTOR. If none of the REG!ONs in <OCCLUDING_REGION_LIST> qualify 

as an excuse, the doubt is 10 * [!OLIIH FACTOR. 

NEEDS is an intoacr variable used durin'] thn fusion process. Seo 

the next section of this chapter. 
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III E. FUSION PROCESS CONTROL STRUCTURE 

The objective of the fusion process is to fuse tho stereo imagos 

-to match all fusablc features correctly. think tho algorithm I 

present here favorably compares with human vision systems in mooting 

this objective on a stere~ snapshot basis. 

To experience stereopsis for understanding, the reader should 

consult Julesz's Foundations of Cyclopean rcrccption. Jules7. has 

pioneered human stereopsis, establishing its major investigating tool­

the random-dot stereogram. 

I describe the fusion process below in five parts: Discussion, 

Global Data Structures, Process Overview, Tho Details, and It llalts. 

DISCUSSION 

The fusion process I present here is se~uential, but its task of 

constructing the apparent scene is perforned by concurrently fusing 

independent parts of the stereo inages. That is , independent groups of 

features in the images will usually be fused during the same time 

interval. Fusion progress would be illustrated best by an animation of 

the apparent scene as surfaces appear and disappear, as matches are made 

and broken-one change per movie 

matched features with unmatched 

frm:ic. Seeds for stereo contexts, 

neighbors, may appear at any tino as 

lone surfaces. \.lhen separate groups of contiguous-actually 

intersecting-stereo contexts grow to eventually "touch", tho newly 

neighboring matches interact. 
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Construction of the apparent scene, fusion of the stereo imagos, 

progresses along general trends: 

- Unique to ambiguous 

- Defined stereo contexts to undefined stereo contexts 

- Tall to short 

- Large to small 

- Front to back, where rear features arc partially occluded 

These are the trends for the process I describe here. Noto, howovor, 

that this process always begins from a "cold start•. 

fusion process with anticipations of the scene, tho trend 

By guiding tho 

of fusion-

known to unknown-would provide "hot start" efficiency. Identification 

of objects in the scene and extensive memorization of forms are 

unnecessary for anticipation. A stereo movie process could simply uso 

the apparent scene computed from the last stereo pair of frames to fuso 

the current pair. 
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GLOBAL DATA STRUCTURES 

EYES, the fusion process, begins when it recoives a stereo pair of 

spatial networks of regions from L EYE and REYE. EYES fuses tho imngos 

by building a super-netw6rk of steregions that connects the two spatial 

networks. Throuahout the life of the process the super-network 

represents the current state of the apparent scone's development. 

In addition to the super-network, EYES uses two lists: 

steregions and unfused regions. 

ACTIVE STEREGIONS 

Slcregions 

active 

SUPER-NETWORK 

UNFUSED REGIOf~S 

last lime 

Waiting_!or 

Spatial lfolworl<:s 
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"Active steregions" is a list of matches . They are ordered by 

total doubt, least fifst. The matches on the list wait to be considered 

for growth, for expansion to include a neighboring feature that improves 

the match. A 1-to-1 match-one feature in the left image matched to one 

feature in the right image-for example, may become a 1-to-2 match. 

"Unfused regions" is a list of all the unmatched regions in tho 

left and right networks. Initially the list points to all regions. 

When the process terminates, the list .will usually point to few or nano. 

Associated with each region pointer in the list are two items of 

inforr.iation: last time and wait.inr;_for. 

process uses this tir.ie variable to 

Last time is an integer. Tho 

remember "the timo when I last 

attempted to match this region". Waiting_for is a region pointer. When 

assigned a value, it points to another region in tho unfused list. 

The order of regions in the unfuscd list partially determines tho 

order in which features are matched. The regions in tho unfuscd list 

are ordered first by height (tallest first), then by area (largest 

first), and then by location in the image (top-down, left-right). Thus 

if region RA is taller than region R8 , then RA will be closer to the 

front of the unfused list than R8 . If their heights arc equal. then 

area is the discriminator. Last of all, if their areas arc also equal, 

then they are ordered by location. This last ordering criterion will 

significantly affect the order only among the very short, skinny regions 

which will be at the end of tho unfused list. 

The height and area ordering criteria together approximate the 

single criterion: "number of vertical boundary units". Since fusion 

only of the vertical boundaries of regions provides depth information, 

regions with the most vertical boundaries have potential for generating 
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the most stereo information. These regions should be placed at tho 

front of the unfused list. A region's vertical boundary sizo could bP. 

computed exactly by tracing the region's chain encoding and counting 

vertical moves, but height and area data arc already available in tho 

region's record data structure. Alternatively, by introducing a now 

subfield-vertical size-to non-point regions, the precise ordering 

information could be made readily available. 

The last global variable of the fusion process is a counter: now. 

Now is initialized to O and is incremented by one or moro ovcry timo a 

match is made, broken, or expanded-every time tho super-network is 

changed . This clock of fusion progress is important. ~hen the process 

updates the touched_time subfield of a region record or a last time in 

the unfuscd list, tho value of now is assigned. By associati11g times 

with places in the spatial networks, the flow of process control can bo 

modified dynamically by the order of events: 1) when a part of tho 

apparent scene was last changed and 2) when a change to a part of tho 

apparent sc~ne was last attempted. 
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PROCESS OVERVIEW 

The following is a flow chart for the fusion process: 

New Molch Modo 
FINO 
NEW 

MATCH 

- - --BEGIN 

- - - ➔ ENO 

UNSETTLE 
CONTEXT 

OF 
NEW 

MATCII 

All Inactive 

Gnow 
ACTIVE 

'---------------------1 M/1.TCIIES 
A Motch Expanded 

Context Unsettled 

By temporarily disregarding the subprocess "unsettle context of broken 

match" and the idea of breaking matches, the flow of control can bo moro 

easily described. 

The fusion process begins with "find new match". If no new matches 

can be found using regions from the unfused list, tho fusion process 

ends. If, however, two regions on the unfused list are mdtched or one 

region on the unfused list is added to an existing match, then it is 

recorded in the super-network by introducing a new steregion or by 

expanding an existing steregion. After the super-network has been 

changed, control passes to "unsettle context of new match•. • 

Whenever a match is made, broken, or expanded, the context of tho 

change is unsettled. There arc two steps to unsettling a context: 1) 

activate neighboring steregions and 2) update the touched time subfields 
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of neighboring regions with now. After the context has been unsettled, 

process control passes to "grow active matches". 

Steregions on the active list are candidates for growth. Activo 

1-to-1 matches grow to become many-to-many matches, one feature at a 

time. The condition for growth is simple: 

A match can be expanded by absorbing a neighboring region if 

the action reduces both its local doubt and its total doubt. 

The matches are considered for growth in the order of their active list 

positions, best first. As each match is considered, it is removed from 

the front of the list. If the list becomes empty, process control 

passes to "find new match" where control be~an . Otherwise, if a match 

is expanded, the networks are appropriately modified and control passes 

to "unsettle context of new match" before any further attempts to expand 

active matches. 

"Unsettle context of broken match", the center of tho flow chart, 

is executed whenever a match is broken. Liko a subroutine, control 

always returns directly to tho caller. This is depicted by the 

"conflict" and two "steal" loops. Matches may be broken by any ono of 

three subprocesses: 
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Find New Match 

A region that is already bound to a match would mako a bottor 

match with an unfused region. 

Grow Active Matches 

A match is expanded by absorbing a neighboring region that is 

already bound to another match. 

Unsettle C~ntext of New Match 

A match newly made or expanded conflicts with an existing 

neighboring match, breaking it. Neighboring matches conflict 

when they are not mutually cohesive. 

The capability of breaking matches, if defined incorrectly, could 

introduce non-determinism to the fusion process. In •It Halts", bolow, 

I explain the importance of the destruction criterion in proving that 

the process terminates. 

The C0,'1,'10,V CO,VDITIO,V FOR BRE,IK! ,l'G A NATCH is based on tho not 

effect of the dual change: adding a new match and breaking anothor 

match. The criterion is simply that among all of the matches affected 

by the dual change, the best of the matches that improve is bettor than 

the best of the matches that worsen. More specifically, tho bo~t 

after-change doubt among the matches that will be improved with tho 

change must be less than the doubt of the match to be broken and loss 

than the before-change doubts of all matches that will be worsened with 

the change. Remember: a match improves when its local doubt d~croases 

and a match worsens when its total doubt increases; tho best match has 

least total doubt. 



How do the total doubts of activated neighbors chango? Making a 

completely new match can never increase the total doubts of noighhoring 

matches. By expanding a match, however, the new match's local doubt may 

be increased-its contextual doubt decreasing by a greater amount to 

compensate-thus possibly weakening neighbors with additional contextual 

doubt. Deleting a match, the last case of change, can never improve tho 

matches in its context when considered a separate action. 

As the flow chart on page 73 illustrates, "grow active matchns" and 

"unsettle context of new match" form a loop within the "find new match" 

- "unsettle context of new match" - "grow active matches" outer loop. 

There is an inner loop of renovation, or stabilization, within an outer 

loop of innovation. Innovation consists of taking an unfuscd piece of a 

spatial network and locating a match for it with pieces of the opposing 

network which may or may not already be a part of an existing match. 

Every modification to the super-network, such as the making of a new 

r.1atch, is a likely source of imr.iediatc inst,1bility to its local context. 

Reevaluation of this context's clem~nts and subsequent renovation may 

trigger, in turn, secondary instabilities requirina now renovation, etc. 

Stability is achieved when each of tho elements in tho extended context 

touched by change has .boon reviewed in its most recent relevant state 

with furth~r modification decided to be unnecessary. 
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I developed the steroopsis il lgorithm by using two dobu,rn ing 

methods: tracing control and pl()tting results. Tracing control 

consists of sitting patiently in front of a terminal and reading 

messages as they are generated by the program. Plotting results 

consists of interrupting the program, or waiting until it tcrmin,1tos, 

and displaying the current state of fusion on a line drawing device. 

The next few pages contain examples. The scene consists of fivo 

partially overlapping rocks. First, tho gradient arrow representations 

of the stereo images are illustrated. Thon, the boundaries of tho 

extracted features are illustrated. Last of all, matches are depicted 

by dotted lines that link features in tho left image with features in 

the right image. Two "fusion plots" are presented, neither of which 

represents a complete fusion of tho imagos. Tho first consists of only 

1-to-1 matches. The second fusion plot includes many-to-many matches. 

Note that a temporal component to the plots is missing. That is, by 

watching the plotter slowly making the dotted links to features, I was 

able to recognize specific matches more clearly. 
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THE DETAILS 

Consider the fusion process to have three parts-unsettling 

contexts, growing active matches, and finding new matches-for tho 

following discussion. I present refinements of tho algorithm which aro 

important for understanding its adequacy or efficiency. 

Unsettling Contexts 

The scope of a single chanae's direct effect is one "neighbor-

distance", inside and out. Tho context of a match is dofinr.d by tho 

neighbor relation, as introduced in II E. Spatial Network and rofino<I in 

Appendix 2. \./hen a match Mc chan!)es-made, broken, or expanded-all of 

~e's neighbors are usually affected. Just as half of Me's doubt dnponds 

on Me's neighbors, Me's noighhnring matches depend on Mc. \.lhnn Ne is 

~ade, for instance, it will encourage unmatched neighbors in ono imago 

to be matched with certain neighbors in the other image. Tho now 

matches encouraged are those which will be cohesive with or those 

which can use Mc as an occlusion excuse. The amount of encouragement 

de pends on the presence and local doubt of Mc. The local doubt of Mc• 

in turn, depends on no other matches. 

The scope of a single change's indirect effect is two "neighbor-

distances", inside and out. A region Rnn is at a distance of two 

neighbors from a match Mc if Rnn is only a neighbor of a neiahbor of Mc. 

\./hen ~1 changes, 
C 

only its neighboring matches may ch,1nge in Villue-

sp<:!cifically, their contextual drJUbts anrl. therefore, their total doubts 

may change . This, in turn, may affect new changes to their nolghl>ors: 

the original change's neighbors' neighbors. Changes that <lcpen<I on tho 

contextual doubts of neighboring matchos aro thoso that involve broaklng 
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natches or expanding matches. For the exdnples below, let M
0 

be a match 

neighboring Mc and let Mnn be a match neighboring Mn. 

E:,;ample 1: 

Example 2: 

Mc is broken, incrcasina the total doubt of its neiahl>or Mn. 

If Mnn had previously been prevented from stealing a rcaion of 

Mn for its own. Mn's new increase in doubt may now m,1kc tho 

theft possible. 

match expanded. 

If so, Mn's match will be broken and M
0
n's 

M is newly made or expanded, decreasing tho total douht of 
C 

'1 I n • is an unmatched neiahbor of M n' tho new 

improvement of M
11 

may now make a match for Rnn possible. 

Specifically, if a natch of Rnn to another region R had 

previously been prevented because R was already matched and 

the "common condition for breakina a match" was not satisfied, 

Mn's new improvement to Rnn's context may now satisfy tho 

condition. If so, R's match will be broken and R will bo 

matched to Rnn· 

\,/hen a match is ch,1nged, the context that is unsettled extends two 

neighbor-distances from the match's boundaries to include indirectly 

influenced regions and their matches. The unsettling procedure is 

recursive: matches are activated and time is updated through two 

ttnested" neighbor relations. 

In fuct, the unsettling procedure 
implementation, the procedures to 
and broken matches were co~hined. 
more complexity than the system I 

is "multl-rccursive". In 
unsettle the contexts of new 

Thrirc was 1 ess codn but 
inplicitly describe here. 
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The depth of recursion necessary to unsettle a stereo context to a wiclth 

of two neighbor-distances is mana<Jrd by using the touched_timo s11lifiolcls 

of regions. \./ith each call to the unsettling procedure, 110111 is 

incremented. Regions are then marked as they are processed, liko a Lisp 

garbage collecter marking Lisp nodes. 

\./hen a match is broken, unsettling its context consists of 1) 

activating matches and 2) updating the touched timo suhflrlds of 

regions. 

1. Part of the activation task is to reevaluate the contextual 

doubts of matches that are direct neighbors and assinn new 

values to their steregion's total_doubt subfields. Tho second 

and last part of the activation task is to place onto tho 

active list all "needy" matches in thn stereo context. This 

includes both direct and indirAct neighbors. 

explained below. 

"Nondy" is 

2. The touched time subfields of all regions in the stereo 

context, including direct and indirect neighbors, are updated 

with now. 

Unsettling the context of a new or expande>d match is tho samo ns 

unsettling the context of a broken match, with one exception: a new or 

expanded match can break neighboring matches with which it conflicts. 

All matches neiohhoring a new match m,1y potcntic1lly conflict with it. A 

chanaed match Mc conflicts with a nci~hhoring match Mn if M n satisfi<'s 

no occlusion excuses of M and there is no cohesion along the i11tcrface 
C 

of Mc and Mn. The test for conflicts is simply part of tho computation 

that evaluates contextual doubt. Once a match is found to bo 
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conflicting with the new or expanded match, the •common condition for 

breaking a match" must be tested and found to be satisfied before the 

neighboring match is broken. 

The need.s subfield of a steregion was introduced in III D. Feature 

Match Evaluation, but thl? r:lr?scription of its uso has been postpfJrH?d 

until now. Needs is a three state variable. requiring only two bits to 

represent. The three states «re nceds_u11k1H1111n, nccd_e:i:i.st:;. i\lld 

needless. They refer to the stcregion's need to grow. ~hen a match is 

made or expanded, need:; is in st«te needs_unknown. After tho suhproccss 

"arow active matches• unsuccessfully attempts to expand an active rnntch, 

the match's needs is assigned need exists or needless. The importance 

of this variable for unsettling contexts is: only unsettled matches 

thilt are not in a needless state are actually placed- on tho active list. 

Although a single ch,1nae to the apparent scene does not imn1etiiatoly 

propaaate throughout, unsettling the entire network, it may ultimately 

be the seed for a revolution. Changes influence chanqos via tho 

unsettling procedure which activates matches and •awakens" unfuscd 

regions. A newly made match with littlf! doubt may significantly 

influence a context. This context may consequently undergo higher 

priority refinement. Complete propagation of a revolutionary ch<lngo 

will usually require many alternating phases of new match making and 

growth. 

Revolutions are expensive because previously mado matches nro 

destroyed-work is wasted. Consequently, the fusion process is designed 

so that it usually converges directly towards a successful terninal 

state. 
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Growing Active Matches 

The ability to match several features in one image to ono or moro 

features in the other image is necessary bccauso or rragmontation. 

Regardless or the feature extraction technique, fragmentation will 

occur. The reasons are basic to stercopsis: imago widths vary between 

stereo views and there is always sub-resolution uncertainty. Further, 

slightly specular reflections may cause the lert and right im,1~1es of ,1 

surface to be slightly different-which, in turn, may cause tho 

surface's left and right ima9es to divide up differently into features. 

With the ability to match many-to-many, the number or possible 

matches explodes. Matches grow one fnaturo at a timn, however, and 

growth is sufficiently constrained so that stereo 

images are seldom lost by being absorbed. 

distinctions in the 

Otherwise, a possible 

consequence of unleashed growth would be c1 single m,ttch of every th in!] in 

the loft image with everything in the right imago. This fusion woul~ 

produce no stereo informc1tion. 

The matches on the active list arc processed by "grow active 

mntches" in the following way. Starting with the best, the process 

tries to decrease tho match's local and total doubt by expnnding it with 

an exterior, non-enclosing neighbor. ~lnruing insiders with outsirlnrs is 

not allowed. If more than one neiahbor satisfies the growth condition, 

tho process chooses the onn which most inproves total doubt. Thn match 

will be considered for additional growth at a later 

context of the expanded natch must ho unsettled 

time. 

neighboring matches closer to the front of 

newly expanded match. 

the active 

which 

list 

First the 

may place 

than tho 
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In order for a match to be expanded by stealing a nei•JhhoriniJ 

region that is already matched, 

matches"-that is, the brcak.1Jblc 

thP. "cor:u:ion condltion for l>rn,lking 

condition-r.HJst bo satisfied in 

addition to the growth condition. The growth conditlon is that tho 

local and total doubts of tho expanded match docreaso. Tho breakablo 

condition assures that the sacrifice results in progress. 

For efficiency, I introduce tho steregion's subfield needs. Whnn a 

match is newly made or expanded, its needs subfield is assinnnd 

needs unknn111n. \..'hen tho match is removed from the activo list h('Cmaso 

no expansions can be made, it is assigned a different valuo. If a 11 

expansions considered failed to decrease tho match's local doubt, thon 

needless is the value assigned. Otherwise, if an expansion satisfies 

this condition but fails one of the other conditions, then need exists 

is the value assigned. A match that has been classified as needless 

will filil all subsequent attcr.1pts to grow bcc,111se it failed the local 

growth condition. This condition Ciln not he changed by r.1odifications to 

the context. Consequently, matches clilssified ilS needless are not 

placed on the active list when unsettled. 

My last note on the efficient growing of matches involvrs llpprr 

bo1mrJs for accP.ptable 

passed upper bounds 

hypothetical match to 

doubt. The 

for local and 

be evalut1tl.'d. 

m,ltch cvt1lu,1tor mt1y optionally be 

total doubt along with tho 

The match evaluator uses them to 

terminate the evaluiltion of the match early if tho match's failuro is 

found to be inevitable. The subprocess "arow active matches" sends the 

match evaluator various upper bounds. When calling the evaluator with a 

hypothetical expansion, the local doubt of the active match is i!lways 

sP.nt as an upper b1Jund. If the active match's needs are unknown, then 

no upper bound to total doubt would be sent. Otherwiso, if needs aro 



known to exist, the match's total doubt would be sent along with its 

local doubt. If hypothetical expansions have satisfied all con1litions, 

yet not all neighbors have been considered for absorption. then the 

total doubt of the successful expansion is sent as an upper bou11d for 

the next expansion to be considered. 

Finding New Matches 

Unique features in tho imaqns should bn matched early in thn fusion 

process for good reasons: 

- They are easiest to match correctly 

- They are least likely to be broken later 

- Correct matches establish correct contexts, 
leading to other correct matches 

Random-dot stereograms are usually morn difficult than tho "avnraao 

natural scene" to fuse because the fpatures in tho stereoarams-

essentially dots-all have tho same size, shape, and intensity. 

may be no striking features to "prime" the fusion process. 

Thero 

The unfused list is the search space of tho match finder, so tho 

order of the regions on the list is important for efficiency. Tho 

ordering I chose is based on the anount of stereo information tho 

regions can potentially generate. This means thilt the unfuse<I renions 

are basically ordered by height. 

Is hnight the only discrininatinq rpi;ility of "uniqun fnat11rns"? 

Consider a slightly pathological example: a fly sitting in the middlo 

of a sciuare which is part of a large ·checknred pattern. Assuming tho 

pattern and its stereo imaacs ilre otherwise perfect, the fly's steroo 

inages will be the only unique features-yet they arc at the end of the 



~ 89 -

unfusecl list! It is conc<'ivahle that the fly's featur<'s coulcl ho 

separated from the stereo patterns before the fusion process begins by 

analyzing the aggregate feature population. Dy computing distributions 

of region qualities, tho "uniqueness" of sdmplo regions could bo a 

function of their deviations from the means: average height, av,~rago 

size, average intensity, and average intensity change, for examples. 

However, the calculations are costly and a fixed set of them will never 

be sufficient. New distinctions in the scene may always bo dtscovornd 

by perusal, demanding accor.u:iodation. J\ltcrnativr.ly, ordcrina unfusr.d 

regions by the amount of potential stereo information is well founded in 

domain independence. 

The match finder begins with the region at the beginning of tho 

unfused list. J\mong the possible matches for the region, the best is 

either made or postponed. There are throe types of possible matches for 

an unfused region Ru: 

1. Ru with another unfusod region. 

2. Ru with a region R that is already matched. To qualify as 

possible, R's match must he brcak,1blc-that is, the "common 

condi.tion for breaking matches" must be satisfied. 

3. Ru is «dded to an existing match, exp,1nding it. To qualify as 

possible, the existing match must be breakable. 

Note that the breakable condition is rl'quirecl in this third mil tch type, 

exp anding a match, but is not a condition for growth. Growth's own 

sp ecial condition requires that the loca l doubt of the expanded match 

i~prove. This never fails the breakable condition . 
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Unfused regions arc matched to other unfusod regions when the match 

is best for both. These best l-to-1 matches arc located by usiwJ tho 

waiting for subfield in the unfused list. When tho match finder finds 

that the best match for an unfused region Ru is with another unfusod 

region Rau' it inspects Rau's waiting_for subfield in the unfuscd 11st. 

If the waiting_for of Rau is pointing to Ru, then the match is mado. 

Otherwise, the waiting_for of Ru is made to point to Rau' postponing tho 

match. The match finder would then skip Ru on tho unfuscd list in order 

to consider tho next unfused region. 

If the best match for an unfusod region is not unique-that is, 

another possible match has equally low total doubt-matching the unfused 

region must be postponed. There may not be an unambiguous best 1-to-l 

match in a perfect pattern. Although an image of even a perfect pattern 

will almost always be imperfect, parts of tho pattern's imaae may still 

be ambiguous to match. Consider, though, the completely ambiguous case 

of a perfect checkered pattern. Many possible matches for il black. 

square in one image may be found using black squares in tho other imago. 

By successively postponing match making because of ambiguity, tho match 

finder will roach the end of tho unfused list without having made any 

matches. At this time, a random choice must be made. 

By including the ambiguous case, a match for an unfused region Ru 

may be postponed for two reasons: 

1. 

2. 

R 's uniquely best 1-to-1 match is with another unfuscd region u 

Rau' but Rau is not waiting_for Ru. If so, either Rau has not 

been considered by the match finder yet or it is waiting_for a 

region other than Ru. 

R 's best 1-to-1 match is not unique. u 
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For efficiency, I sugaest that postponements of tho second typo also use 

waiting_for to point to one of tho regions with which Ru makes a bost 

match. I explain the practicality of this below. If used, however, an 

extra bit of information m11st bo introduced in order to distinauish 

between the two typos of waiting for: unique and ambiguous. By 

introducing the boolean unique to qualify waiting for, tho unfuscd list 

is defined as follows: 

<REGION> 

LAST TIME 

<WAITING_FOR>, UNIQUE 

<UNFUSED LIST> 

Given an unfused region Ru, the match finder organizes tho srarch 

for Ru's best possible match by listing all of tho regions in the other 

image that may be fusablo with Ru. List mcmhers m11st pass a simple test 

for "fusability" that is similar to testing whether two minimum bounding 

rectangles intersect or not. This test for fusability is fast, hut 

optimistic-referencing only the origins and lengths of regions' 

boundary traces. Regions in the image opposing Ru that satisfy this 

test are placed in Ru's opposing regions list. The regions in tho list 

are ordered by quick, inexact evaluations of their matches with Ru: tho 

ratio of fusable height to virtual height. Noto that this computation 

does not account for fusable widths. 

The implementation finds the opposing regions that pass tho 

fusability test in a slow but easy search. There are two prrmancnt 

arrays, each listing all of the regions in one of the images. They aro 

ordered by their location: top-down, then left-to-right. Given that Ru 

is a region in the left image, the search begins at tho top of tho rigl1t 
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imAge's region array. As regions arc found that pass tho fusahility 

test, they are placed in R
0

's opposing regions list. Thu search usually 

terminates mid-array when a region in the array is found to bo too low 

in the image for fusing with Ru. Because of their order in the array, 

the rest of the regions will be as low or lower in the image. 

There is a more "distributed" way of finding fusables that is 

faster and more direct: connect the two spatial networks, before the 

fusion process begins, with horizontal pointers that link the insides of 

the stereo imaaes-each region R in the left image pointinrJ to tho 

east-most region in the right image with which R is fusable; 

region R in the right image pointing to the west-most region in the left 

image with which R is fusable. Using two arrays of tho regions that arc 

along the insides of the images would be a memory efficient solution for 

a sequP.ntial machine, since the lengths or tho arrays aro mnroly equal 

to the height of the image. Knowing the vertical extent of Ru, tho 

first opposing rP.gion that is fusahlo can hn indoxnd diroctly by lino 

number. The other fusable rc11ions would be found by fol lowinrJ tho 

horizontal neighbor relations in the spatial network. 

After Ru's list of opposing regions has been formed, the match 

finder progresses as follows. Starting with the beginning of the list, 

each opposing region is considered as a possible ~atch for Ru. Furthnr, 

for each opposing region that is already bound to a match, Ru is 

considered an extension of it. Thus, the match evaluator is callnd onco 

or twice for each fusable region opposing Ru until all have bnen 

considered. If no match is possihlc for R or the hest possible match u 

must be postponed, the match finder skips Ru on the unfusecl list to 

begin processing the next unfused region. Otherwise, a match for Ru is 

made and control passes to "unsettle context of new match•. 
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Expanding existing matches with unfused regions during "find new 

natch" is more general than durinu "urow active matches" for two 

reasons: 1) a match may be expanded with a region that is not a 

neighbor and 2) expanding the mc1tch r.1ay increase its local doubt. 

1. \./hen a match is grown, only a nf!ighhor is addf!d. Growth is 

limited to the current context of the match. When finding a 

new match for an unfused region, however, all the matches in 

the opposing image are candidates for expansion of Ru. As a 

resu 1 t, a match may be expanded with a non-nc ighbor­

fragmen ting the match. 

2. The match finder's condition for expanding a match with an 

unfused region is more relaxed than the growth condition 

because the match finder considers all of the unfused region's 

alternatives. 

time. 

An important refinement of the match finder for efficiency involves 

During the late stages of thf! fusion process, the regions at the 

beginning of the unfused list may he repeatedly considered for matching 

with everything possible whcn only isolated contexts in the 

super-network are being changed using the short rcnions at tho Pnd of 

the unfuscd list. The match finder needs to reconsider making a match 

for an unfused region only in the contexts that have changed since tho 

l,1st attempt. By noting the times of changes and attempts to change, 

m0st redundant attempts to match unfuscd regions can be eliminated. 

The fusion process maintains tir.1ina inform~tion usina the nlobal 

clock now, the touched timo subfield of regions, and tho last timo 

subfield of the unfused list. Wh~ncver a roaion Ru is ,kipped on tho 



unfused list because no match for Ru was round or because matchina Ru is 

postponed, Ru's last time is given tho value or nnw. \..'lrnn tho match 

finder makes a match for a re~ion farther down the list, control p,1sscs 

to "unsettle context of new match". 1,/hcn control C'Vcntuillly rC'turns to 

"find new mu,tch" und Ru is reconsidered for growth, Ru's touche<l_timo 

und associated unfused list subrields, l.1St_tinc and waiting_ror, aro 

inspected. If Ru's touched_timc is more recent than its last time or if 

Ru is waiting_for another region Rau u!Hl R 's au touched time is 

recent than Ru's last tine, then R 's last time is reset to 0. 
- u -

morc 

Under 

these circumstances, match making attempts with Ru must be com11lotoly 

OthP.rwi.sP., t.hP. match finder considers matchin!_l Ru with 

only the opposing regions that have a touched time that is more rnccnt 

than R 's u last time. If a match of Ru ls possible with a renion 

recently touched by change, yet Ru is waiting for another region Rau• 

Ru's match to Rau must be evaluated to determine which is bost 

regardless of Rau's touchert time. 

Like the match grower, the natch finder uses upper bounds for 

accertable doui>t to 101.inr thP. tot,11 c:,pc11s11 0f n,1tch evalu,1til)ns. Thn 

regions that oppose Ru are ordered so that the better candidates for 

r:Htchina are ust1ally co11sidcrccl earlier. The results fror:t cvaluatlna 

earlier hypothetical matches of Ru arc used to cut-off liltcr 

hypothetical match evaluations of Ru. Like the match arowcr, the match 

finder sends upper bounds for local and total doubt to tho match 

evilluator. 

An important advantaoc of the ordering or Ru's oprosing region list 

is that a last part of the list can be discarded early. If a possiblo 

hP.st 1-to-1 match has olready been found for Ru and its total doubt is 

less than could be possible with any of tho rest on tho opposina list, 
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further considerations are unnecessary. This happens when tho 

non-increasing ratios of fusablc height to virtual height bocnrno too 

doubtful. 
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IT 11/\L TS. 

The fusion process always terminates. This is a consequence of 

guaranteed progress, as expressed by the "common condition for brr.iking 

matches"-the breakable condition. 

Below I argue that every chanae to the super-network satisfies tho 

breakable condition, but first-1-ihy does the condition n11arant1~11 

progress? The breakable condition is simply "for every match worsened 

or eliminated, a new high will be made". The condition is Pnforcrd t,y 

computing the new total doubts of all matches that will bo affected hy 

the change. This includes a new match and a broken match, and all thnir 

neighboring matches. The best matches of two groups are then compared: 

1) the "before" total doubts of those that worsened versus 2) tho 

"after" total doubts of those that improve~. A new hiah for every 

change means progress. The lower limit on total doubt, 0, guarantees 

that the progress converges. 

Every chanae to the super-network satisfies the breakable 

condition. r,ivcn that Ru me-ans unmatchC'd rc-gion, Rm r.ll',lllS r.1.1tchPd 

region, and M means match, all "changes" can bo considered by casn: 

1. Find New ~latches 

a. match Ru to another Ru 

b. match Ru to R m 

c. Ru exp,1nds M 

2. Grow Active Matches 

a. M absorbs Ru 

b. ~l absorbs ~ 

3. Unsettle Context of New Match: conflict 
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In cascs lb. le, 2b, and 3 of chan')e, the 1>re,1k.,1ble conditir>n is an 

e:,plicit requirement for action. This leaves channes ta and 2a. 

Chango la, making a completely new match, will never incrc.iso tho 

total doubts of neighboring matches. This was made clear in 

I I I D. Feature Mc1tch Evc1luc1tion. In sumr.,c1ry, ,1 context of u11m,1tchcd 

regions is as bad as the worst stereo context. 

Change 2a, the last to consider, always satisfies tho hroakablo 

condition because improvcmC'nt of local doubt is a nrowth condition. As 

a result, no neighbors to the old parts of the match will bo worsened 

with increased doubt. By absorbing an unruscd region, tho match ~ains a 

new stereo context part. Since the new pc1rt repl,1ces no stereo conto:<t, 

the new neighbors will not be worsened by the changu. 

The determinism or the process docs not mnan that stereo im,1qos aro 

always fused correctly. Consider a scene containing a chccknrJ pilttorn, 

a fly, and a spider. Assume that tho ima~e or the pattern is perfect, 

tho fly is sitting on tho plane of thn pattnrn, ,rnd tho spider is 

dangling in front of the pattern by an invisible silk thrcil<I. 

following picture, X marks the spider and O marks tho fly. 

_L X )( 

·-

0 0 

In the 
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The images of the spider and fly are the only features with uni quo 

matches. The spider and the fly vie to cstaGlish a context in tho 

pattern. Assuming the images of the spider are larger, tho spider will 

"get" the fly. The fusion sequence is: 

1. matching large parts of the p,1ttcrn is postponed 

2. the spider's features are matched 

3. postponed pattern parts that arc neighbors to tho spider are 

matched 

4. matches of pattern parts propagate outward from the spider's 

context 

5. the fly is matched, out of order in a maximally doubtful 

context 

This fusion is incorrect because the patt~rn is not cohnsivo with tho 

fly, which dooms it. It is fair, though. If the fly had been lurgor 

than the spider, the fusion would have been correct. 

Although our vision systems may be initially fooled by tho spider, 

a small head movement would usually unsettle the apparent scene and lead 

to the correct fusion. 
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IV. 3-SPACE FORM 

The last sub-process of the syst~m is 3-RUILD. After a st~r~o pair 

of images has been fused by EYES, 3-BUILD refines the network of matchos 

by imposing left-to-right order and then converts tho result into 

polygons. The polygons form a partial mold of tho visual surfacos-a 

model of the apparent scene in the robot's functional coordinate systom. 

IMPOSING ORDER 

In section III C, Perspective Differences, I explained 

left-to-right order of matches in both images was not 

illusionary surfaces could appear. Tho primary sources 

that if a 

enforced, 

of these 

illusions are surfaces that are visible in one imago and occluded in tho 

other image. Occluded features are matched to other occludod features 

because there is no competition. 

Order is not imposed during the fusion process. Order is 

encouraged, however, because cohesiveness between neighboring matches is 

a contextual measure of match quality. Since the scope of the contoxt 

that participates in the evaluation of a match is one neighbor distanco, 

inside and outside, only matches 

doubtful. For example, given 

along tho borders of disorder aro 

the left image •1234567" and the right 

image "4567123", and seven matches 1-1, 2-2, 3-3, .... thero aro two 

pairs of mutually non-cohesive neinhbors: matches 7-7 nnd 1-l and 

matches 3-3 and 4-4. Just as cohesion is a mutual relation, 
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non-cohesive neighbors are mutually doubtful. Until tho fusion procoss 

terminates, there is no certainty with which to impose order. · 

A simple algorithm for filtering out disorderly mntchcs hos four 

steps: 

1. List all matches in the order of their total doubts, lonst 

first. 

2. "fix" the match at the front of tho list. 

3. Remove the match from the front of tho list. 

4. If the match at the front of the list is out of order with 

any match that has already been fixed, then go to step 3 

else go to step 2. 

This is approximately what I imple□ented. In the spider and tho fly 

example at the end of section III E, the fly's match would be tho only 

match not fixed because its context is maximally doubtful. 

The ordering algorithm above nay waste correct stereo inforrn<ltion 

by breaking large matches which are only partially out of order. In tho 

following example, only a natch of the large region's eastern border 

would be out of order with the matches of the other regions. 

[JO 
0 
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Instead of disorderly regions, disorderly boundaries should be 

The decisir>n can b11 madn on a linn by linfl busis. In tho 

above example, the large region is doubtful locill ly bec,rnse the 

disp;irity on the eastern bordf!r does not chanuc smoothly and is doubtful 

contextually because the eastern border is not cohesive with tho 

neighbors. 

task.. 

Dissolving disorderly boundaries seems to boa well defined 

The last step of the vision process, defining polygons to model the 

surfaces in the apparent scene, is a direct computation-lrnsically a 

well defined computer graphics task. First, stereo points are projocted 

into the apparent scene via the camera geometry. Then, the points aro 

connected by lines, defining boundari~s in 3-Space. Last of all, the 

space enclosed by the boundaries is covered by polygons. 

The computational basis of surface modeling is the transformation 

from the stereo camera space to the robot's Cartesian space, the 3-Space 

in which the robot functions. The origin of the robot's 3-Spaco is 

arbitrary. In the implementation, I used the point midway between tho 

camera's focal points as the origin. The stereo coordinates of ~ 

matched point (line, columnL, columnR) or (line, column, disparity) are 

transformed into (X, Y, Z) coordinates via the stereo camera's geometry. 

The fusable boundaries of matches define points in 3-Space. On tl 

line by line hasis, the custh1cst boundury of a match's rcgion(s) in tho 

left image fuses with the east/west boundary of the match's rcgion(s) in 

the right image. If the match has multiple vertical parts, each part is 

considered separately. Since each match of a boundary pixel to a 

boundary pixel defines a point in 3-Space, a match will dofine a dottod 
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outline in 3-Space. 

How is a match's dotted outline in 3-Space covered by polyqo~s? 

3-BU[LD starts at the top and ~oves down. The first thrcn non-linnar 

points-such as top left, top riaht, and next-to-top left-define the 

plane for the first polygon. Successive points are included lf they are 

in the same plane. When a point is encountered that falls tho "point ls 

in current plane~ test, the current polygon is concluded and a new plane 

is defined. The new plane is defined by using tho new point and tho 

last two points of the polygon just concluded. 

If tho nearest spatial relation presented in Appendix 2 for 

he~agonal pixels had been irnplcmented, 3-BUILO would have to be refined. 

The "surface scope" of a m~tch should correspond to the contextual scope 

of the match. This specifically applies to neighboring insiders and to 

insiders that are near their outsider's bo11ndary. If a singlo largo 

region is a hole or a mound, the matches of regions inside of it clofino 

the interior contour. A random-dot stereogram, for example, consists 

almost entirely of near but non-touching regions insiclc of a large 

background region. Instead of covering only the interior of each dot 

with polygons, the dot's polygon(s) should extend outward to cohesive 

neighbors. 

For debugging purposes, used a hidden surface algorithm to 

display the results of 3-GUILD on plottina devices. The poly~ons 

defined by 3-BU[LD are the input to the hidden surface alaorithn. 

Interactively, give a viewing position and direction, an image size, 

and a focal length to the progran via the terminal keyboard. This 



describes a specific projection of tho scene onto tho screen of tho 

display. Accompaning the polyg0ns that m0del the surfaces of the 

apparent scone, could give the pro~ram a polygonal model of tho 

original stereo cameras. By seeing the apparent scene along with tho 

robot's cameras, the orientation of the apparent scene with respect to 

the ground and line of view is clear. 

"Robot" and apparent sceno 

The next six pages illustrate a sample execution of tho fusion 

process. culminated by a graphical reconstruction of the seen~. Tho 

. scenP. is simple semantically: 3 rocks . The images arc complnx, 

however, because they arc fragmented into hundreds of features. Tho 

apparent scene on page 10~ resulted from an incomplete fusion of tho 

imagos. Note, for instance, that the bottom half of tho central rock is 

absent. 

This stereo pair of images is not exciting because the sceno 

encompasses only 4 or S levels of disparity. This is revealed by the 

side view of the apparent scene with the robot's cameras. 
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View from robot 

23 degree rotation 

90 degree rotation 
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V. CONCLUSIONS 

I sought a logical understanding of stcrcopsis and believe I have 

presented a mechanical model for stereo vision at a now, nearly comploto 

level of detail. Many robotic applications oxist, but my implementation 

is not a marketable product for two reasons: it is inefficient and 

incomplete. Now as I conclude this thesis, I am confident that 

efficiency is the only significant problem that remains. 

Within an order of magnitude, the execution timo that my 

implementation should require on the POP-10 given about 100x100 pixel 

images is: 

L EYE and REYE: 1 minute each 

30 minutes EYES: 

3-BUILD: 2 minutes 

Specific times will vary with the complexity of tho imagos. Complexity 

is basically a function of tho number of regions in tho imagos-tho moro 

features, the more complex. 

this thesis. The stereo 

presented two sample stereo imagos in 

pair illustrated in III E. Fusion Process 

Control Structure used approximately 15 minutes 

PDP-10 and the stereo pair illustrated in 

of CPU timo on tho 

IV. 3-Space Form used 

approximately 30 minutes of CPU time. These execution times should not 

be taken too seriously, however. Making the rcfincr.ients 1 recommtmded 

in the body of this thesis should speed up EYES, the fusion process . As 

a comparison, I note that my hidden surface algorithm also takes minutes 
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of CPU use given an "average" scone. I worked harder to optimize that 

program than I did to optimize EYES, an experimental program. 

A second aspect of the complexity issue, different from the number 

of features, involves ambiguity. In the spider and the fly example at 

the end of III E. Fusion Process Control Structure, there were many 

postponements of matches because of the ambiguity of the checked 

pattern. 

the image 

The example is artificial, however, since perfect patterns in 

are highly improbable. In this example, a match of part of 

the checked pattern would probably be made before the spider would bo 

considered. This first match would then "disambiguate" tho scone, 

directing the fusion of the rest without extensive postponements. 

One more thesis on mechanizing stereo vision, assuming hexagonal 

image arrays are used, should be sufficient to demonstrate impressive 

results. Its description of the process will undoubtedly be more 

elegant and will probably be simpler. 

A stereopsis algorithm with much concurrency is needed for guiding 

the design of a fast hardware vision system. Realizing a capability for 

processing stereo movies in "real time" would be a great accomplishment. 
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APPENDIX 1 

~hat About the Other Cells Not in tho Sphere Network? 

As explained in II C. Patterns of Change, there arc 33 arrow cells 

in the sphere network out of the possible 81 (i.e., 34 ). of the 81 is 

the arrowless cell. This leaves 47 (i.e., 81-33-1) unaccounted for. 

The arrows in 25 of the sphere network's 33 cells can be reversed 

generating 25 of the remaining 47. These would be in tho network of 

arrow cells produced by the negative of a sphere image. The remaining 

22 (i.e., 81-33-1-25) consist of the following 11 and their arrow 

reversals. 

Group links for non-sphere arrow cells 

The bottom three cells define a horizontal bar. Similarly, if tho top 

three cells in this network are arranged vertically-their only possiblo 

arrangement as linked neighbors-they define a vertical bar. Tho 

remaining five cells in the middle are unclassified. 
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APPENDIX 2 

Completing the Spatial Network 

In this appendix, outline tho solution to tho nctghbnrhooJ 

problem by using hexagonal image arrays. raised the problem initially 

in II E. Spatial Network: non-touching but near insiders of a lnrgor 

region are not directly related in my implementation. A stereo vision 

system that does not make neighboring insiders readily accessible to 

ea~h other will not be able to fuse random-dot stereograms. 

Given a region R, R's outsiders are located when defining R's 

boundary trace. 

ir.u.1ediately on the 

As the 

other 

boundary 

side of 

is 

the 

traversed, tho imaqn coils 

boundary are referenced to 

determine the identities of their regions. These regions are R's 

outsiders. If an outsider's boundary touches R's boundary, then R is 

outside of the outsider. Otherwise, R is inside of tho outsider. 

For rectangular arrays, neighboring insiders could be related by 

generalizing the outside relation. Instead of looking only one image 

cell beyond R's boundary, a multi-cell search could be made 

perpendicular to the boundary until a neighbor's boundary is 

encountered. Consider the following image window. A and 8 aro regions. 

The visible boundary belongs to B, so Bis inside of A. 



~ 114 ~ 

Search directions for nearest 

In the spatial network., the new outside-or nearest-relation must 

have the additional information: separation distance. "'h('n the 

distance is 1, the nearest relation is simply the old outside relation. 

This solution to the neighborhood problem in rectangular arrays ls 

imperfect because the scope of a neighborhood will not encompass th~ 

entire image. Diagonal spatial relations are lost. A solution must bo 

possible, but it will undoubtedly be less elegant than tho general 

solution for hexagonal images. 

By using hexagonal image arrays, a number of problems and a lot of 

computer code disappear. The advantagos of hexagons over rectangles aro 

as follows: 

- regions never intersect 

- neighboring pixels are all c~uidistant 

- chain links are all the same length 

- if oriented correctly, there are no vertical neighbors 

The only real disadvantage of hexagonal images is that hexagonal 

cam~ras, video equipment, etc. are not yet available in the market. 
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The search path for nP.arP.st neighbors of hP.xnoonal rP.gions can bo 

defined so that the entire imago will be covered, given an isolated 

region having any shape. In the following illustration, tho hex pattern . 

is oriented so that there are no vertical neighbors-only east, wost, 

northeast, northwest, southeast, and southwest. 

The dotted pixels are members of a single region. Tho numbered pixels 

denote the search order for a nearest houndary. When found, it is to bo 

related to the region boundary across which is an arrow. 

By starting with the hexagonal array, think tho criteria for 

match evaluation could be neatly reconstructed. Instead of hnginning 

with the assertion that each line of a feature has equal weight hccatasc 

only vertical boundaries are important, a very similar conclusion could 

be derived by initially giving each pixel o~ual weight. further, I 

think the spatial parts of local and contextual match quality would 

become fully integrated, particularly regarding the smoothness of 

cohesion. 
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APPENDIX 3 

£valuating Features with Multiple Vertical Parts 

In III D. Feature Match Evaluation, features with multiple vertical 

boundaries were ignored for simplicity. Actually, all regions have 

"~ultiple" boundaries: an east side and a west side. Features liko tho 

letter "M" may produce even more vertical boundaries, however. Tho 

problem left unresolved in section III Dis "how are tho multiple parts 

distributed for fusing?". 

\./hen matched, the vertical parts of an M-shapod fet1turo aro 

assigned to the vertical parts of another feature so that tho parts' 

left-to-right order is preserved. Matching tho loft imago's wost-most 

part to the right image's west-most part and matching tho loft imago's 

east-most part to the right image's east-most part, within fusablc 

limits, are the first stops. 

If two disjoint areas in one imngo must be matched to a single area 

in the other image, the area between tho two disjoint areas in ono imago 

becomes an exclusively virtual area. Tho exclusively virtual area is 

locally doubtful and its contextual doubt will depend on occlusion 

excuses. 

The distribution problem that remains concerns tho matching of 

multiple internal parts to opposing multiple internal parts. Since 

features are matched on a line by lino basis, tho problem reduces to 

matching stereo pairs of multiple intervals. Tho solution I implemented 

considers, a line at a time, all combinations and chooses tho loast 

doubtful locally, counting only the doubts of exclusively virtual areas. 
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The algorithm is recursive and uses the results of previous recursions 

to cut-off future ones. 

This solution is not completely satisfying because tho distribution 

of vertical parts that tho implementation chooses m~y not bo tho 

best-that is, the resulting match may not have least total doubt. By 

evaluating all possible distributions using all of the match criteria, 

the best would be found. The computation is more oxpensivo, however, 

and the combinatorics of "all possible distributions" could boa 

problem. From a global view of tho process, tho time required to match 

a feature with many vertical parts should be proportional to the timn 

required to match the vertical parts, given that they aro soparato 

features. 

Consider a comb's stereo images, for example, oriented so that tho 

comb's teeth point up or down in tho images. Although an imaae of a 

comb will probably not be a single feature with tooth distinct, tho 

possibility must be considered. 

There is an advantage to having an "intact" comb over n 

"fragmented" comb: thri left-to-right orderin9. Tho loft-to-right 

distributions to ordering significantly reduces tho number of match 

evaluate. Individual features are not constrained to a specific 

ordering during the fusion process. 

mutually cohesive are merely 

interface. 

Neighboring matches that are not 

contextually doubtful along their 

A complete solution to tho problem of matching features with many 

vertical parts so that the best is found using all of the match criteria · 

may be possible. By enrichina the single distribution criterion 

implemented-least amount of exclusively virtual area-with horizontal 
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and vertical disparity smoothness, a "best" distribution of vertical 

parts can be found directly. Then, the total doubt of this first mntch 

possibility can be used to cut-off most of the alternatives. This 

should work for intact combs, even if a tooth is missing in ono of tho 

stereo images. 

Last of all, the fusion process presented in the body of this 

thesis must be refined in two ways in ordf?r to accor.mvJdate matches of 

features with multiple vertical boundaries. 

1. Refinement to match evaluation: Instead of each lino of 

the match having potential local/contextual doubt of 10/10 

before being normalized for heiaht, each horizontal 

interval of the match has local/contextual doubt of 10/10 

before being normalized by the total number of intervals. 

2. Refinement to process control structure: \./hen a match 

with multiple vertical boundaries is grown-expanded by an 

additional feature-the breakable condition must ho 

satisfied. This is necessary because the addition may 

cause the matches of vertical parts to be redistribut,!d, 

thereby changing interfaces to old neighbors. In fact, 

the match grower should attempt to expand these matches 

with null features when the matches arc activated, thereby 

allowing their internal vertical parts to be redistributed 

in response to changes in their contexts. 
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