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Abstract

This thesis describes methods for tting local planar surface elemerts, that
we call patchlets to 3D data obtained from correlation stereoimages. We usethese
patchlets to robustly extract and estimate bounded planar surfacesfrom complex
and noisy stereo scenes.The patchlet element is a small planar surfacethe size of
a pixel projected onto a world surface. It has a position, a normal direction, a size,
and con dence metrics on its position and orientation. The con dence metrics are
generatedfrom the noisemodel of the stereovision system, which are propagatedto
3D point data and then to the patchlet parameters. The patchlets are usedto extract
larger bounded planar surfacesthat are useful for ervironment modeling. We usea
region-gronving approad to identify how many surfacesexist in a stereoimageand an
initial estimate of the surface parameters. We then use Expectation-Maximisation
(EM) to re ne thesesurfaceparametersto an optimal estimate using a probability
maximisation approac. The con dence metrics of the patchlet parameters allow
proper weighting of patchlet contributions to the probability maximisation solution.

We verify by experimental meansthe accuracyof correlation stereomatching
and demonstrate that the patchlet con dence metrics obtained from that accuracy
t expected normal distributions. We compare the results of the patchlet-based
surface segmetation to manually constructed ground-truth segmemation and nd
the segmemation accuracy for a sceneranged from 82%to 93%. We also presen a
method for Itering noisefrom correlation stereodisparity images.
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Chapter 1

In tro duction

1.1 Overview

This thesis describesa method for tting local planar surfacesto the 3D data ob-
tained from correlation stereoimaging and, using theselocal planar surfacesasthe
fundamental senseddata primitiv e of the depth image, detecting and segmeting
the 3D image into higher-level surfaces. We call the local planar surface elemerts
patchlets

Stereovision is a method of range scanningthat is gaining popularity ascom-
puter vision camerasbecomecheaper and computers becomefast enoughto process
stereovision at near video rates for imagesaslarge as320 240 pixels. Real-time
stereovision hasbeenusedfor applications that require coarsedepth sensingsuc as
robot navigation [ML98] or foreground/background segmeration [KYO * 96], aswell
asfor systemsthat combine depth information with other more precisecuessudc as
the use of stereocombined with color and shape for gesture recognition [Jen99. In
the past few years more attempts have beenmade to use stereo data for complex
scene3D modeling. Theseattempts are generally madewith many cameras(from 5
to 100's) and with many viewpoints to generateoverlapping point clouds [SKYTO01].

Our interest in the interpretation of correlation stereofor environment mod-
eling originated from our work on visually guided mobile robots and robot mapping
[MJ97, ML98, MLO0O0, JML99]. In this work we used stereo vision to generate oc-
cupancy grid maps [EIf89] for robot navigation and localisation. The robot would
collect stereo data from multiple viewpoints as it moved along a trajectory and
mergethe data into a 2D o or-plane map of the robot's ervironment. These maps
would be usedfor navigation and spatial-task planning for the mobile robot.

Two dimensional occupancy grids are simple environment models. They are
two dimensionaland coarse(depending upon the grid size,but in our work we used
a grid size of between 2 and 10cm square). These attributes make them not very



useful for environment modeling tasks other than robot navigation. We wished to
investigate using stereodata obtained from a mobile robot to create more complete
environment modelsthat are useful for complicated tasks.

The challengesin using stereovision data are that it

producesan enormousquartit y of data
producesdata that is lessprecisethan the typical sensorsused
often experiencessystematic noisethat is dicult to lIter

The quartity of 3D points that can be collected through correlation stereo
is quite large. Typical camerascover a90 60 eld of view and can acquire ap-
proximately one million data points per second. (This is basedon approximately
60,000data points obtainable from a 320 240 stereo image being processedat
15 frames per second. If we ignore the processingbottleneck, current stereo cam-
erascan easily acquire imagesthat will producefrom 7,000,000to 18,000,000depth
pixels per second.) 1 We realisedthat to usethis large amourt of 3D information
in an environment model, it would be advantageousto usea compact model repre-
sertation. Stereovision generatessimply too much data for a model to explicitly
represen ead acquired data elemert.

As well, stereois lessprecisethan data acquisition methods that have been
traditionally usedfor 3D modeling such as structured light [SW90, VM98] or laser
range nders [Per93. The two sourcesof errorsin stereodepth imagesare the slight
errors in pixel-disparity valuesof correctly matched pixels, and grosserrors due to
stereo\mismatches". Mismatches are errors that occur when the stereo matching
processfails and incorrect pixels in the separatecameraimagesare determined to
belooking at the samepoint in space. This happenswhen there are two featuresin
the scenethat appear similar and are confusedin the matching processor when the
true match is occluded from the view of one camera. These errors are systematic
and are stable over time becausethey are causedby the scenecontent, not by small
changesin lighting or camerasensorparameters. The mismatch errors will causea
region of pixels to have a consistert but incorrect disparity value. This consistency
of the error value over a region makesthe error appear to be \signal" rather than
\noise" to most Itering methods.

A method to conmbat mismatch errorsis to conbine data from multiple view-
points. Mismatch errors will not be persistert over changein viewpoint while real

LApproximately 7,000,000would be generatedby a 640x480resolution cameraacquiring
imagesat 30 Hz, while 18,000,000would be generatedby a 1024x768system. Both typesof
systemshave beencommercially available since 2000.



structure will be. Consequetly mismatch errors can be detected as data that does
not receive multiple viewpoint support.

Another method to Iter mismatch errorsis presered in Chapter 3 and relies
on the insight that correlation stereois a surface-sensingechnology that can only
obtain accurate depth valuesfor surfacesthat meet certain criteria of texture, size,
position and orientation. Sincecorrelation stereoworks by pattern matching, it only
works well on textured surfacesthat can be seenclearly from at least two of the
camerasin the stereorig. Although the resultant disparity image has a depth value
assaiated with ead pixel, that depth value is really a result of many pixels in a
local neighbourhood. This implies that there must be a surfacepatch that lls this
neighbourhood of pixels with texture information for the correlation to match. So
correlation stereorequiresthe sceneto be made up of texture surfacepatches.

This insight, that correlation stereois a surface-sensingnethod, led to the
dewvelopmert of the primary cortribution of this thesis, the patchlet The patchlet is
a surfaceelemer that represens a stereopixel projected onto its sensedsurface. It
has a position, a sizeand a surfacenormal. The patchlet is a sensed-dataprimitiv e
that is more information-ric h than 3D points, and is basedon our knowledge of the
constraints of the surfacesthat correlation stereocan detect.

(a) Referencecameraimage (b) Disparity (depth) image

Figure 1.1: Stereoimage: (a) is the view from the referencecamera of a stereo
camera system, (b) is the disparity or depth view of the scene. In the disparity
image, the brighter a pixel the closerit is to the camera.

Figures 1.1 and 1.2 are intended to briey give the readeran intuition about
patchlets, what they are and where they comefrom. Figure 1.1(a) shows the view
from a stereocamera. Figures 1.1(b) shows the disparity or depth image obtained
from correlation stereo. In this mapping, the closer a pixel is to the camerathe
brighter it is. Figure 1.2 shows a close-up view of this sceneafter it has been
converted to patchlets and renderedfrom a novel view. Each of the small rectangles
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Figure 1.2: Patchlet example { close-up: a close-up of the patchlets showvn in
Figure 1.7, the individual patchlets are clearly visible



that make up the woman'sfacein Figure 1.2 is a patchlet. The depth image shovn
in Figure 1.1(b) hasbeenconverted to 3D position and sensoraccuracyinformation,
and then small surfaceelemers have been t to this data, resulting in the patchlets
seein Figure 1.2. Eac patchlet hasbeencoloredby the greyscalevalue of the image
in Figure 1.1(a) to provide a simple texture mapping.

For ervironment modeling, we have developed methods for extracting planar
surfacesfrom complex stereo scenesusing the patchlet asthe basic data primitiv e.
Planar surfacesare modelsthat ful ll our compact represertation requiremerts and
are the most prevalent surfacesin man-madeenvironments. As well, sincea planar
patch is a very basic surface type one can often represert more complex shapes
through a combination of planar surfaces. Howewer, the methods developed in this
thesis are not restricted to planar surfacesand can be extendedto other kinds of
surfacessudc ascylinders and spheres;it is just a matter of correctly parameterising
the surface. We demonstrate that the extraction of planar surfacesis made easier
and more robust through the use of patchlets asthe basic data elemert.

For the remainder of this chapter, we rst presern a list of contributions of
this thesis to the elds of stereovision and environment modeling in Section 1.2.
Section 1.3 describesmany of the challengesone s facedwith in extracting surfaces
from 3D point clouds and how the extension of 3D points to 3D patchlets can
addressmany of these challengesin a natural and logical way. Section 1.4 givesa
short overview of the main contributions of this thesis, patchlets and patchlet-based
surface segmetation. Finally Section 1.5 gives an overview of the organisation of
the thesis.

1.2 Thesis contributions

This section lists the signi cant cortributions made by this thesis in descending
order of importance.

Patchlet model In this thesis we dewelop the patchlet model, which is a surface
elemen data primitiv e for represeting sensordata obtained from correlation
stereovision. The patchlet is made up of a 3D position, surface orientation
or normal, and physical size. In addition, there are con dence parameters
on both the surface normal and the 3D position that represen the sensor
accuracy of the patchlet. Thesecon dence measuresare propagated from the
accuracyin the underlying stereomeasuremets. The construction of patchlets
is described in Chapter 5.

Surface extraction from complex scenes Usingpatchlets, we demonstratesuc-
cessfulextraction of planar surfacesfrom complex stereoimages. The surface
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extraction method usesthe additional parameters available from the patch-
lets, comparedto 3D point basedmethods. The method allows the user to
specify the resolution at which surfacesare to be extracted. These surfaces
have rectangular bounds on their extent. Surface extraction is described in
Chapter 6.

Stereo noise ltering based on surface contin uity Basedon the insight that

A metho d for estimating error of 3D points deriv ed from correlation

correlation stereoonly performs well on cortinuous, textured surfaces,we de-
velop a Iter for removing stereomismatch errors. This Iter works by detect-
ing within the stereoresult sensordata that doesnot conform to the surface
constraint and removesit. This lter has beenvery successfuland adopted
for commercial stereosystems. It is described in Section 3.3.1.

Error analysisfor stereogenerated3D points is normally done with the cam-
erasin the stereorig having equal weight or pixel accuracy This is true for
featured-basedstereo, in which the features are extracted from ead image
independenly and then matched. Howewer, for correlation stereo this is not
the case. The referencecamerain the stereorig is the privileged cameraand
its error is only the error of the cameracalibration. The cortribution of the
other camerashave both camera calibration errors and correlation matching
uncertainty. In Section3.3.3we present a modi ed method for estimating the
variance on a 3D point generatedby correlation stereothat is both new and
more suited to the correlation algorithm.

stereo

1.2.1 Thesis scope

It should be added that although a long-term goal of these methods is to combine
data from multiple viewpoints, and to automatically determine the natural resolu-
tion or scaleof the reconstruction, these objectives are outside of the scope of this

thesis.

1.3 Surface estimation challenges

Surface segmetation from range data is a challenging area of researd in its own
right. (SeeSection 2.2 for more discussionon current state of the art.) We quickly
realised that we wanted to avoid using image structure as much as possiblein de-
veloping our approad for constructing compact scenerepresertations. By \image
structure” we meanthe knowledgeof a data elemert's position in the sourceimage.
For example, when one doesa region growing method, growing the region through



adjacert pixels, this is using image structure. Conversely standard clustering, di-
viding the data elemerts into groups that have low variance in 3-space,would not
make use of this information. We want to avoid using image structure becausewe
want methods that can incorporate imagesfrom multiple viewpoints into the same
represemation. A pixel from one image does not share the image structure of a
pixel from a di erent image, therefore these two pixels could not be usedtogether
in a method that dependedon image structure. For this reason,we decidedthat an
approad that usesthe parametersof the data elemerts independert of their source
image is preferable.
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Figure 1.3: Challengesin tting surfacesto data: (a) is the ground truth solution
(b) shaws the e ects of not enoughmodels (c) shows the poor solutions possibleif
the right number of models fall into an incorrect local minima (d) shows the case
when both model selectionis poor and the a poor local minima is found (e) shavs
the e ects of selectingtoo many modelsto t

In this section we will limit our discussion of surfacesto indicate planar
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surfaces The task of extracting surfacesfrom range data can be decomposedinto
three sub-tasks:

1. determine how many surfacesthere are in the scene{ this is called the model
selection problem

2. determine which data elemens belongto which underlying surfaces{ this is
called the data ass@iation problem

3. estimatethe surfaceparameters,givenits assaiated data { this canbethought
of asthe madel tting problem.

The model tting problem is the easiestone of the three and is generally well under-
stood. The challengesassaiated with it areissuessud asoutlier rejection, but these
are well de ned and there are many methods available. The other two problems,
howewer, are more dicult. Typical solutions are to use methods sud as region
growing within the image, or robust clustering such as expectation-maximisation.
Often the techniques require iterativ e solutions. Figure 1.3 shavs someof the pit-

falls encourtered when these problems are not solved correctly. The ideasare il-

lustrated with lines tted to 2D points where the lines represen planar surfaces.
Figure 1.3(a) shavs v e surfacesand a set of points that have beensampledfrom
them. Figure 1.3(b) shows an example of poor model selection. There are v e un-
derlying surfacesbut we have only chosento t two. The two models must accourt

for all the data and soead surfaceis a conbination of multiple underlying surfaces.
Figure 1.3(c) shows an example of a poor solution to the data assaiation problem.
In this caseseeral points that are assaiated with oneunderlying surfacehave been
assaiated with two tted surfaces. This is a common problem when an iterativ e
solution has been poorly initialised. Iterativ e solutions are usually trying to min-

imise a cost function and this cost function is rarely unimodal. Poor initialisation

will make the task of nding a global optimum much more di cult. Figure 1.3(d)
shows the kind of situation that can occur when both the model selectionand data
assaiation is donepoorly. In this casethere are e ectiv ely two surfacesoverlapping
eah other and attempting to t to the samestructure. In this case,they simply
divide the data betweenthem. Finally, Figure 1.3(e) shaws the possibility if too
many models are selected. Actual surfacescan be broken, and broken again into

smaller and smaller units.

Another challenge we encourtered was that unbounded surface models will
always tend to pick up outliers that corrupt the accuracy of the model parameter
estimation. Figure 1.4 illustrates this problem. The dotted line indicates the actual
surface we would hope to t. Howewer, if the surfaceis unbounded, it is quite



Figure 1.4: It is important to bound the surface

likely that somewherealong its unboundedextent there will be someunrelated data
points that will, by chance,be closeenoughto the surfaceto be assaiated with it.
When that happens,becausethesedistant points have a very long \lever arm" from
the certroid of the main basis of support, they will exert a rotational in uence on
the surfaceparameter estimation. In the gure, this rotated surfaceis showvn by the
solid line. As onecollectsmore data and is modeling larger and larger environments,
this problem will only becomeworse. Our solution wasto bound the sizeof surfaces
sothat only local support would be usedto estimate surface parameters.

Bounded surfacesadd extra degreesof freedom to the parameters of the
surfacemodel, asthe spatial extent of the surfacemust berepreserted. There is also
the requiremert of limiting the sizeof the surfaceduring parameter estimation. It is
important to have a mecanism within an interactive parameter estimation method
to restrict the surface size otherwise the algorithm may incrementally increasethe
surfacesize ad in nitum , and the problems with unbounded surfaceswill begin to
appear. Figure 1.5 illustrates how the patchlet data represemnation helps solve this
problem. Figure 1.5(a) shows a situation where there are a set of points that may
or may not be assiated with the samesurface. There are two noticeable gapsthat
are larger than the rest. When dealing with point data it is a dicult task to know
when a gap between points is large enoughto classify the far points as outliers.
Since patchlets have a size, howewer, we can determine if any gap is bridged or
not. By projecting the patchlet onto the surfacewe can determine if they overlap
continuously. Figure 1.5(b) shaws a set of possiblesurfaceelemen sizeswhere the
left gap is bridged but the right oneis not. If the patchlets were larger, as shown
in Figure 1.5(c), both gapsare bridged and we can con dently assaiate all of the
data to the same surface model. Finally, Figure 1.5(d) illustrates the additional
discrimination available from the patchlet normal. In this case, the right-most
patchlet clearly doesnot belongto this surface,regardlessof gapsbecauseahe normal
of the patchlet doesnot match the normal of the surfacemodel. By including the
orientation in our data elemert parameters,we gain extra dimensionality in which
to detect the quality of t betweenpatchlets and surfaces.



Gap? Gap?

\ v

e et i

(a) Are all these points on the samesurface? There are two
signi cant gapsof di erent size,is either of them too large?

No gap Gap!
o _o o g oo T —

(b) Sizeddata points: hereonegap is bridged

No gap No gap

e e -0t

(c) Both gapsare bridged

Qe et e —

(d) Even though the patchlet is large enough, it does not
match the surfaceparameters

Figure 1.5: Surfacegaps{ when is a gap between points large enoughto break a
surface into two? With points the question is ill-p osed. If we have a size to the
points, we can answer this question.
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1.4 Thesis summary

In this section we give a brief overview of the main cortributions of the thesis:
patchlets and surfaceextraction from stereoimages.

1.4.1 Patchlets

The fact that patchlets have an intrinsic size and orientation proved to be a great
advantage in overcoming many of the challengesof surfacesegmetation and extrac-
tion preseried above. One of the issuesnot touched upon yet, howeer, is the use
of con dence measureson patchlet parameters. In the previous discussionwe have
described how we intend to usepatchlets to represen noisy stereodata, and that we
will apply robust estimation techniquesto them for extracting surface parameters.

The robust estimation techniques point to the use of probabilistic methods
sudch as Expectation-Maximisation. Howewer, another issuewith stereorange data
is the large variation in scaleof the senseddata, depending on its distancefrom the
camera. The projective nature of a camerameansthat the surface area of a pixel
will project to a sizethat is proportional to the squareof the distance. Soa pixel at
5m will project to an areatwenty- v e times larger than a pixel at 1m. The errors
in the 3D accuracy of stereo grow even more dramatically. Error in the disparity
image is constart in pixels, but disparity is inversely proportional to the distance
from the camera. For example the 3D accuracy for a typical stereo camerawould
be 4mm at 1m while a point sensedat 5m would be  10cm and a point sensed
at 10m would be  38cm?

This large di erence in the con dence of 3D values obtained from stereo vi-
sion indicates that any algorithm that treats these values as equally weighted will
be very naive. Instead of equally weighting ead patchlet, we propagate the con -
dencemeasuresof the 3D points to con dence measuresof the patchlet parameters.
These measurescan be usedto properly weight the patchlet attributes for proba-
bilistic methods.

To paraphrasea statemert made by SebastianThrun during his tutorial at
NIPS 2001 (Neural Information ProcessingSystems): we've tried to use perfect
models with sensor-baseddata uncertainty, and we've tried to use probabilistic
modelswith perfectdata, but for real world systemsto work robustly it is important
to useboth probabilistic models and sensor-basedlata uncertainty.

The patchlet model is illustrated in Figure 1.6. The patchlet has a 3D po-
sition and its own local coordinate frame. The 3D point specifying its position is

2This is for a stereorig with a focal length of 250 pixels and a baselineof 10cm and an
assumeddisparity accuracyof 0:1 disparity pixels.
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Figure 1.6: The patchlet model { uncertainty measuresare indicated by the grey
zones

set as the origin of its coordinate frame. Its normal is the local Z axis, and there
are sizedimensionsin the local X and Y axes. There are con dence measuresthat
map to a variancein both the normal direction and the position along the normal.
Theseuncertainties are shovn by the grey areain Figure 1.6.

The patchlet is formed by tting alocal planar surfaceto the 3D point data in
the neighbourhood of its assaiated stereopixel. Each 3D point has an uncertainty
ellipse described by its 3-spacecovariance matrix. This matrix is determined from
the stereo sensormodel and the patchlet con dence measuresare these matrices
propagatedto the patchlet parameter space.

An example of rendered patchlets is shavn in Figures 1.7 and 1.2. These
patchlets were created from the stereoimage shown in Figure 1.1. Figure 1.7(a)
and (c) shav renderedviews of the patchlets where eat patchlet is colored by the
intensity of the original image. Figure 1.7(b) and (d) show rendered views where
the patchlets are white and shaded.

1.4.2 Surface extraction from stereo images

To extract surfacesfrom range images,we usea cormbination of region-gronving and
probabilistic techniques. The rst stepisto extract a good initial guessof the surface
parameters. To do this we usea modi cation of the RANSAC (RANdom SAmpling
Consensushplgorithm. A random patchlet is selectedand usedasa candidate surface
seed.Using region growing within the image,we incremertally add patchlets to a set
of patchlets whoseparametersmatch those of the candidate surface. When there are
no more patchlets to be added, we scorethe succesof this candidate asthe number
of patchlets that belongto its set. We do this many times (e.g., 100 times) and
selectthe surfacewith the highest scoreas a good initial guess. All the patchlets
within the successfukurface'sset are removed from the image and the algorithm is
repeated on the remainder until a set number of surfaceshave beenextracted or no
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(c) Renderedview with colored patchlets (d) Renderedview with shadedpatchlets

Figure 1.7: Patchlet example: for (a) and (c) the patchlets are colored by the
intensity value of the sourceimage, for (b) and (d) the patchlets are white with
lighting
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further surfacesare identi ed above a threshold score.

i

(a) Referencecameraimage (b) Stereodisparity image

Figure 1.8: Stereoimage usedfor example surface segmetation

This approad is greedy, asit assignsdata to the best surface rst, and it will
never gobad to re-ewaluate that data assaiation during this phaseof the algorithm.
Figure 1.8(a) shows an example scenethat includes 3 concrete steps. There are six
obvious surfacesin this image. Figure 1.8(b) shaws the stereodisparity image that
is the result of correlation stereo. The darker a disparity pixel is in this gure, the
farther it is from the camera. For more description on correlation stereo and the
disparity image seeChapter 3.

This disparity image is converted to patchlets and the RANSAC-basedseg-
mentation algorithm wasrun. It automatically detected and segmetted v e of the
six surfaces. Figure 1.9(a-e) shawvs ead iteration of the algorithm. The highest
scoredsurfaceis shown in black. The grey valuesindicate valid patchlet pixels that
were not selectedthis iteration. One can seethat asthe algorithm progressesthe
available patchlets decreaseuntil nally not enoughis left to create a large enough
surface.

The top step's horizontal surface was not detected becausethis surfaceis
too oblique to the cameras. Not many patchlets could be constructed on this step
becauseof the surfaceorientation with respect to the camera. This can be seenby
the strip of data missingin the imagesin Figure 1.9 where the top step appears.

Figure 1.10 shows a 3D rendered view of the patchlets created from this
stereoimage. The patchlets are color-caded to indicate the surfaceto which they
are assigned.

The RANSAC-basedmethod is successfuln its own right in solving both the
model selectionproblem and the data assaiation problem. Howewer, the greediness
of the algorithm can make a few mistakeswith data assaiation. More importantly,
it is basedon imagestructure which, aswe discussedn Section1.3, is a disadvantage
when combining imagesfrom multiple viewpoints.
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(&) Third surface (b) Fourth surface

(a) Fifth and last surface

Figure 1.9: Example of greedy RANSAC-basedsurface segmemation { ead candi-
date surfaceis shown in black. Unselectedbut valid data is showvn in grey. As eat
surfaceis identi ed, its assaiated data is removed from the data set for the next

iteration.
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Figure 1.10: A rendered 3D view of the RANSAC-basedsegmeted surfaces{ the
di erent greyscalesepresern the patchlet-surface assaiations
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To re ne theseestimateswe make useof Expectation-Maximisation (EM), a
probability maximisation technique that is well suited for optimising both the data
assaiation problem and the model tting problem simultaneously. This method
makes no use of the image structure. It is basedon the probabilistic relationship
between a surface and a set of patchlets, regardlessof their sourceimage. We
describe a strategy for using RANSAC to bootstrap the systemon the rst image
and to use EM thereafter to incorporate additional images. This alleviates the
problem of using image structure with the RANSAC-basedapproad.

Pointing error
Surface norma

,/ Patchlet normal
TN

~— Normal uncertainty

Position er% Position uncertainty

\ Patchlet

Surface

Figure 1.11: Relationship between surfaceand patchlets

Figure 1.11 illustrates the basis of the relationship between patchlets and
surfaces. The grey zonesindicate the con dence measuresof the patchlet basedon
the propagated sensorerrors. The di erences betweenthe position of the surface
and the patchlet, as well as the di erence betweenthe normal pointing directions,
are normalised by the con dence metrics. This normalisation weights ead patchlet-
surfacerelationship appropriately.

1.5 Thesis chapter organisation

Chapter 2 is a review of relevant previouswork in 3D modeling and robot vision.
Chapter 3 is a review of stereovision. It discusseshe kinds of structured

errors that correlation stereooften su ers from, and preseris a novel and successful

Iter for removing these errors. The other kind of error encourtered in disparity
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imagesis the small errors in disparity assaiated with cameracalibration and the
resolution of stereocorrelation accuracy We characterisethis error and demonstrate
how to propagate theseerrors into sensoraccuracy measuremets for the 3D points
obtained from disparity pixels.

Chapter 4 is an overview of probabilistic models and methods for nding
best parameter estimatesfrom large data sets.

Chapter 5 describesthe patchlet, its parametric represenation, how to con-
struct a set of patchlets from a disparity image, how to propagate stereo sensor
accuracyto con dence measuresof patchlet parameters.

Chapter 6 preseris an illustrativ e example application of patchlets: ex-
tracting planar surfacesfrom outdoor scenes. It showvs how a simple RANSAC
basedapproad can obtain fairly good surface estimates from the scene,and how
theseinitial estimatescanbe modi ed into a optimal estimation using Expectation-
Maximisation.

Chapter 7 presens 14 image data sets, with the results for patchlet and
planar surfaceextraction.

Chapter 8 givesthe conclusionsof this work basedon the results shown in
Chapter 7.
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Chapter 2

Literature Review

In this chapter we brie y review related areasof researf that have laid the ground-
work for this thesis. We divide this literature into four topics. These are: robot
mapping and cameramotion, 3D modeling from point data and range image seg-
mentation. Descriptions of related work in correlation stereoalgorithms is found in
the StereoVision chapter.

Although our goalis ervironment modeling from stereoimagesobtained from
a mobile robot, this thesis doesnot make a cortribution towards robot navigation.
Robot navigation is the areaof work wherethis researd originated and is pertinent
as it is linked to work in robot localisation and pose estimation. It is becoming
evidert that work in this areain recert yearshas e ectiv ely solved the mobile robot
localisation problem for indoor ervironments. Cameraego-motionwork, while not a
global localisation solution, is creating the ability to register camerapositions from
a seriesof imagestaken from a moving cameraeven in an outdoor environment.
Automatic cameraposition registration over multiple viewpoints which will greatly
assistenvironment modeling work in the future.

There is atremendousamount of work donein 3D modeling and interpreting
and segmeiting of denserange images. This work covers topics sud as meshing,
implicit surfaces, oriented particles and segmemation of range scansinto various
higher order structures ranging from planesto 3D objects. The primary di erence
between this thesis and the area of 3D modeling is in the sensormodel and the
fundamental data primitiv es. The vast majority of existing 3D modeling methods
work with point data asthe fundamertal data elemen. Our work is concernedwith
extracting a di erent type of underlying sensed-dataprimitiv e, the patchlet, from
the sensordata, and seeinghow we can incorporate this into modeling approades.
Our hope is that we can tap into the point-based 3D modeling work in the future
and adapt thesemethods in order to usethe patchlet data elemen for more complex
surfaceand object modeling tasks.
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2.1 Robot navigation and mapping

This thesis was deweloped with the view of using it on a mobile robot equipped
with stereo vision guidance. Our work with Spinozaand Jose two robot systems
that could autonomously navigate, explore and create occupancy grid maps based
on stereovision were reported previously in [MJ97, ML98]. Occupancy grid maps
were pioneeredby Moravec and Elfes in the 1 980's[ME85, EIf89] and were usedby
other successfurobot navigation teams sud asthe University of Bonn [TFB98].

Occupancygrids are probably the most commonform of environment model-
ing for robot navigation today. The mapsare simple 2D o or-plan grids where eah
grid elemen storesa value that represens the estimated probability that the grid
is occupied by or free from obstacles. Range sensorreadingsreducethe probability
that an obstacle exists in the grid cells between the sensorand the sensedobsta-
cle as these grid cells must be empty to have allowed the sensorto \see through"
them (this is also referred to as \space carving” [KS00]). And the grid cells in
the neighbourhood of the sensor-rerted obstacle had their \o ccupied probability
values" increased. This simple, elegart mapping approac wasvery successfulgspe-
cially sinceit was a natural way to combine sensorsof di erent typesand readings
from dierent viewpoints. Other voxel-based approades include Torres-Mendez
and Dudek's work with inferring occupancy basedon sparselaser scansand single
cameravideo intensity imagesusing Markov Random Fields [TMDO03a, TMDO03b].

The problem was that the utilit y of occupancy grid systemsfor long-term
mapping projects was limited without the ability to localise the robot within an
existing world coordinate frame. Without this ability to localisethe robot, the esti-
mation of the robot in the world coordinate systemwould accunulate incremental
errors and this drift would make merging data taken at di erent times ine ectiv e.
This lack of robot localisation madeit dicult to re-usemaps,to share maps, and
to maintain maps of environments over time.

This localisation problem isimportant for environment modeling for the same
reasonsasit is for environment mapping. It is a commonrequiremert when merging
data from multiple viewpoints that the sensorpositions be registeredin a common
coordinate frame.

Robot localisation has been addressedfor di erent kinds of robots, sensors
and world represenations [Cro89, SC86, CL85, CL90]. Leonard and Durrant-
Whyte usedactive landmarks and tracked the position of their robot using Extended
Kalman Filters in [LDW92]. Thrun, Fox and Burgard's work in robot mapping and
localisation for occupancy grids and robot's equipped with laser scanners[TFB98]
has gonea long way to solving the problem for realistic and complex ervironments.
Their system operatesvery much like the occupancy grid model except that rather
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than maintaining an occupancy probability, the grids maintain a \probabilit y the
robot is here" value. Vision-based localisation were also deweloped as shavn by
Dudek, with robot localisation basedon recognisedvisual featuresin [SD99. Al-
though the above works were important for robot navigation, they did not provide
positional information accurate enoughfor 3D modeling, for which the registration
of camerapositions must be highly accurate.

Registeredcameraposition work was being carried on by the vision commu-
nity during the sametime with the goal of extracting the ego-motion of a camera
from a sequenceof images. The problem of extracting camera motion through a
sceneis directly linked to the recovery of 3D positions of features within the scene
(referencesto this are numerousbut someexamplesare Zhang [Zha93 and Zisser-
man, Beardsleyet al. in Oxford [BTZ96]). This work was often made more complex
by the use of uncalibrated cameras, so that the methods would have to solwe for
the camera calibration as well as the ego-motion and the structure-from-motion
problem.

The problem is simpli ed if a calibrated stereorig is usedasdemonstrated by
Stein and Shashua in [SS98]. More recertly, the useof featuresthat are stable over
varying viewpoints has beengaining popularity, such asthe SIFT (Scale Invariant
Feature Transform) features developed by Lowe in [Low99]. These have beenused
towards robot localisation quite successfullyin [SLLO1, SLLO3]. This developmern of
robust cameralocalisation methods indicates that the cameraposition registration
problem has beenvirtually solved, which is an important stepping stone towards
improved environment modeling systems.

2.2 3D structure from scanning

This thesis develops methods for creating high-level surface represenations from
stereorangescansand consequetly is related to researt conductedin 3D modeling.
A cursory review of someof the major areasof 3D modeling from point-basedrange
scannersis given here. The scope of this review cannot do full justice to the vast
quartit y of literature available in the areaof 3D modeling from rangedata. Many of
these methods we consideredfor ervironment modeling when we embarked on this
researt. In the end, we electedto useadi erent kind of data represenation than the
3D point, onwhich the methods discussedelow are predominartly based. Howeer,
it is good to recall that most of the researdiers working on modeling algorithms do
sowith the understanding that their range data is very denseand highly accurate.
Their goals are dierent in that they often are attempting to reconstruct CAD
guality models. Conversely we adknowledge we are constructing uncertain models
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basedon uncertain data, with the object of managingthat uncertainty. The work
described here that is most closely related to our approad is the particle-based
methods described in Section2.2.3.

2.2.1 Triangulations

Triangulations, or meshesare a commonapproad to the modeling problem. This is
a modeling method where surfacesare constructed as a meshof planar facescreated
by connecting common vertexes into triangular shapes. These mesheshave been
the basisof computer graphical models for many years. The challengesin creating
thesemeshedrom range scannerdata are: how to make a triangulation compactyet
preserving high-frequency details, how to construct a triangulation that minimizes
modeling artifacts and most accurately represens the underlying surfacesand how
to combine multiple range scansinto a single model.

A common technique is to create a triangulation that connectsall points
in the data set, which is typically not su cien tly compact, and then to decimate
the meshby merging redundant faces. The reverseapproad, suc as pioneeredby
Fowler and Little [FL79] and further dewveloped by Garland and Hedbert in [GH95],
is to incremertally added facesuntil the surfacerepreserts the 3D points within a
certain error tolerance. They usethe 2 1/2 D constraint in this work that is in many
ways suited to image-basedscanners,which will only obtain a 2 1/2 D data set per
image scan.

The 2 1/2 D constraint meansthat with respect to some plane, usually
the XY plane, the 3D data is monotonic. This meansthat for ead position in
the XY plane there can be only one Z value. This represetation is also called a
height-map. Stereo vision conforms to this 2 1/2 D constraint. This constraint
is very useful in constructing meshesas the triangulation can be done in the 2D
image space. Two dimensional triangulations are much simpler and less prone to
geometric problemsthan three dimensional ones. Methods have beendeveloped for
combining meshesobtained from multiple scansthat have been meshedwith the
2 1/2 D constraint such as Turk and Levoy's \mesh zippering” [TL94] and Roth's
overlapping meshegRot99].

Conversely work has been done in meshing collections of 3D points that
are \unorganized”, by which it is meart that there is no additional information
known about them other than their positions, for example, the image structure
information is not known. Good examplesof this are the works done by Hoppe et
al. [HDD* 92, EDD* 95, Hop96|

The problem with theseapproadesis that they are basedon the assumption
that all the data presened to them is valid and without considerablepositional error.
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When applying these methods to data obtained from a noisy sensorsuc as stereo
vision, the resultant meshesare, in fact, dominated by the noise. That is, the saliert
points and much of the high frequency elemens are actually due to noise rather
than signal. This behavior makes direct meshing approades ill-suited for noisy
data. As well, meshesdo not lend themsehes well to models that include explicit
represenmations of uncertainty. Sincea subsetof the 3D point data is usually used
asthe vertexesin a mesh,adding uncertainty to thesevertexesmakesthe geometry
of the meshpotentially unstable.

2.2.2 Volumetric

Another popular and successfubpproad to building 3D models from range data is
the use of volumetric approades. Volumetric approadies are similar to occupancy
grids in that the 3D spaceis divided into volume elemerts or voxelsand the 3D
information is represerted by the occupancy of these voxels. Many methods use
voxel-basedapproadesto organizeand collect 3D points beforeapproximating them
with a meshsurface[PDH™* 97, Pul99, LPC™* 0Q].

A method for utilising voxel approadiesto combine multiple range images
and obtain greater accuracy than the scale of the tessellation of the voxel space
was deweloped in the mid-1990's by Hilton et al. [HSIW96] and improved on by
Curlessand Levoy [CL96]. This method usesimplicit surfaces,that is surfacesthat
are not explicitly represerted. The idea is similar to occupancy grids mertioned
above in that it usesa volumetric represenation of space. It usesthe spacecarving
approad of occupancygrids to clear empty voxels in the 3D volume along the line-
of-sight from a sensedpoint to the sensororigin. Howewer, rather than marking
the voxel in which the sensedpoint lands as occupied, instead it marks the voxels
near as having a signeddistance in front of or behind the surfaceboundary. These
distancesare accurnrulated over multiple scans. The nal surfaceis extracted into
a mesh using a method such as Marching Cubes [LC87]. The surface position
is interpolated betweenthe volumetric distance to surface values of the voxels to
nd the zero-crossingdn three space. Consequetly the approad allows sub-voxel
surface position estimates. This method works very well and is a keystone of 3D
modeling today. It doeshave problemswith noiseand outliers dueto the unforgiving
nature of spacecarving. This has beensomewhatovercomeby modi cations to the
algorithm such asthe ConsensusSurfacesof Wheeler et al. [WSI98].

The main reasonwhy this method is unsuitable for correlation stereo used
over widely varying rangesis that it usesa point-based sensorrepresetation, and it
is not clear how to extend this method to usepoint con dence measurespoint size,
and more importantly point orientation. Becauseit is volumetric, it also favours
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bounded scenesand it can be memory intensive. It is sensitive to unconnected
surfacesand to grosserrors suc as stereomismatch errors.

2.2.3 Particle metho ds

The previouswork most related to the patchlet data elemen originated with Szeliski
and Tonnesen'soriented particles [ST92, STT93]. The oriented particle ideawasto
include orientation with point data that represertis a 3D surface. Points in a local
neighbourhood could interact and adjust their positions slightly to minimise certain
cost functions, sudh as the thin plate restriction on curvature. In this respect,
oriented particles acted like a form of 3D active contours sud asthe snakesof Kass,
Witkin and Tersopoulos [KWT88]. Witkin and Hedkbert among others have used
oriented particles for surfacerepresetations in [WH94].

Oriented particles were at that time really a surfacerepresertation method
completely separate from data or surface acquisition. Szeliski and Tonnesenpre-
serted methods for using them to smoothly interpolate surfacesfrom key points
and to allow usersto manually edit and manipulate computer generated surfaces
in a natural and intuitiv e way, but the oriented particles would be sampledfrom a
priori surfaceinformation.

PascalFua, in [Fua96], developed methodsto combine stereovision data from
multiple viewpoints and to usethis data in generatingoriented particles very similar
to Szeliski's. Fua's particles extendedSzeliski'sto include a sizeparameter similar to
that of patchlets. Howewer, although his particles were created from senseddata, it
wasdonein avery di erent mannerfrom patchlets. Fua collectedall the stereodata
from registeredcameraparametersinto a densepoint cloud. He then tessellatedhis
spaceinto voxels and selectedthe voxels that cortained more than a threshold of
3D points as being of interest. For thesevoxels, he took all the points within them
and generateda best-t plane to them in order to create the particle orientation.
The patrticle sizewas basedon the size of the voxel grid.

This was an important step forward, to generate particles with size and
orientation from sensordata. He relied on the fact that noise data would tend not
to collect in large enoughconcerrations to ag a voxel asbeing of interest, and the
tting of a surfaceto the stereodata provided regularisation to smooth minor noise
and slight errors in cameraregistration. He then allowed the particles to interact in
a way similar to Szeliski's,in the manner of active conours.

Fua's work is the most similar work we could nd to patchlets. There are
seweral di erences, however. Fua generateshis surfacesfrom data collected from
multiple stereo imagesand binned into voxels. Patchlets are created from a sin-
gle stereoimage and are basedon the constraints that allow correlation stereoto
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work. Fua usedequal sizedand spacedparticles whereaspatchlets changesizeand
spacingdepending on the scaleof the senseddata. And patchlet cortain con dence
metrics on the positional and orientation information that allow the di erences in
the accuraciesof patchlets to be properly represeried when usedwith probabilistic
methods.

In work inspired by Fua's particle work, Saraand Bajcsy [SB984 deweloped
their sh salesparadigm that is alsobasedon interpretation of stereodata. In their
method, rather than tting planesto the voxeled point data, they create a fuzzy set
that represerts the data. This fuzzy set has a position and a covariance matrix
represerning the variance of the distribution it represeis in various directions. By
considering the point data variance, they can attempt to classify a fuzzy set into
a classof shape, such as a ball, a plate, or a line. Again their approac does not
use the constraints of stereo sensingand conbines data from multiple viewpoints
directly into the point cloud before analysis.

Use of oriented particles with size parametersfor surfacerepresetation has
gained support recertly in the computer graphics community. P ster et al. make
a casefor surfels or surface elemerts, as rendering primitiv es especially for high
complex shapesthat would require very large number of triangles to represen with
traditional polygonal meshmethods [PZvBGO0O]. Surfelsare generatedby sampling
surfacesof a given model with rays extending from 3 orthogonal viewpoints. Much
work has beendone with surfelsto organizethem in structure for fast accessand
rendering using either layered depth cubes(LDCs) [LR98] or 3 layered depth images
(LDIs) [SGHS9§ ead corresponding to the view from one of the three orthogonal
viewpoints. Statistical analysis of such surface elemerts has been used for object
recognition experiments [WHHO3].

2.2.4 Surface modeling

There is a large body of work in the areaof interpreting structure from rangeimages
that is outside of the scope of this review but we direct the reader to the review
done by Hoover on this area [HIBJ* 96]. The common approaces described are
clustering, region growing, Hough transform, least-squarestting and robust esti-
mation approadies. I