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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 elemen 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-groving 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 approad. 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 segmermation accuracyfor a sceneranged from 82%to 93%. We also presern a
method for ltering 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 elemerns
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 imagesas large as320 240 pixels. Real-time
stereovision hasbeenusedfor applications that require coarsedepth sensingsuc as
robot navigation [ML98] or foreground/background segmetation [KYO * 96], aswell
asfor systemsthat combine depth information with other more precisecuessud 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, ML0OO, 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
ervironment 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 quantity 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 stereocam-
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 sud 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
be looking 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 combat mismatch errorsis to combine data from multiple view-
points. Mismatch errors will not be persistert over changein viewpoint while real

1Approximately 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. Consequettly mismatch errors can be detected as data that does
not receive multiple viewpoint support.

Another method to Iter mismatch errorsis preseried 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
developmert of the primary cortribution of this thesis, the patchlet The patchlet is
a surfaceelemen 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) shaws 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
corverted to patchlets and renderedfrom a novel view. Each of the small rectangles

3



Figure 1.2: Patchlet example { close-up: a close-up of the patchlets shown 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) hasbeencorverted to 3D position and sensoraccuracyinformation,
and then small surfaceelemerts have been t to this data, resulting in the patchlets
seein Figure 1.2. Eadc patchlet hasbeencoloredby the greyscalevalue of the image
in Figure 1.1(a) to provide a simple texture mapping.

For environment 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
surfacessud ascylinders and spheresiit 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 elemer.

For the remainder of this chapter, we rst presern a list of cortributions of
this thesis to the elds of stereovision and environment modeling in Section 1.2.
Section 1.3 describesmany of the challengesoneis 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 segmetmation. 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 represerning 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 Using patchlets, 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 based methods. 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
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 Iter has beenvery successfuland adopted
for commercial stereosystems. It is described in Section 3.3.1.

A metho d for estimating error of 3D points deriv ed from correlation stereo
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
independertly and then matched. Howewer, for correlation stereothis 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 cameracalibration 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.

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
realisedthat 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 element's position in the sourceimage.
For example, when one doesa region growing method, growing the region through



adjacent 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
represertation. 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) showvs
the e ects of selectingtoo many modelsto t

In this section we will limit our discussionof 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 elemers 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,
however, are more dicult. Typical solutions are to use methods such 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 encourntered when these problems are not solved correctly. The ideas are 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) shovs 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 conmbination of multiple underlying surfaces.
Figure 1.3(c) shaowvs an example of a poor solution to the data assaiation problem.
In this caseseeral points that are assa@iated 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
ead other and attempting to t to the samestructure. In this case,they simply
divide the data betweenthem. Finally, Figure 1.3(e) shows 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 shavn by the
solid line. As onecollectsmore data and is modeling larger and larger ervironments,
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 medanism 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 1.5illustrates how the patchlet data represeration helps solve this
problem. Figure 1.5(a) shaws a situation where there are a set of points that may
or may not be assaiated 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 enough to 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 showvn
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 gapsbecausehe 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.
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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 sizeto 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 preserted above. One of the issuesnot touched upon yet, howewer, 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 surfacearea 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 stereogrow 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 10mwould be  38cm?

This large di erence in the con dence of 3D valuesobtained 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 shavn 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 shovn in Figures 1.7 and 1.2. These
patchlets were created from the stereoimage showvn in Figure 1.1. Figure 1.7(a)
and (c) shov renderedviews of the patchlets where ead 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 combination 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 incrementally add patchlets to a set
of patchlets whoseparametersmatch those of the candidate surface. When there are
no more patchlets to be added, we scorethe succesf 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 bestsurface rst, and it will
never go back 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) shows 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) shaowvs ead iteration of the algorithm. The highest
scoredsurfaceis showvn 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 successfuin 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-basedsurfacesegmemation { ead candi-
date surfaceis shown in black. Unselectedbut valid data is shown 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 greyscalesrepresen 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 uncertainty
Patchlet

Position erﬁm
\

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 asthe 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 discusseghe kinds of structured

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

lter 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
basedapproadc can obtain fairly good surface estimates from the scene,and how
theseinitial estimatescan be modi ed into a optimal estimation using Expectation-
Maximisation.

Chapter 7 preseris 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 researd 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
asit is linked to work in robot localisation and pose estimation. It is becoming
evidert that work in this areain recern yearshase 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 camera even 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 segmeting of denserange images. This work covers topics suc 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
fundamertal data primitiv es. The vast majority of existing 3D modeling methods
work with point data asthe fundamenal 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 elemer for more complex
surfaceand object modeling tasks.

19



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 stereo vision were reported previously in [MJ97, ML98]. Occupancy grid maps
were pioneeredby Moravec and Elfesin 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 betweenthe sensorand the sensedobstacle
asthesegrid cellsmust be empty to have allowed the sensorto \see through" them
(this is alsoreferred to as\space carving" [KS00]). And the grid cellsin the neigh-
bourhood of the sensor-remrted obstacle had their \o ccupied probability values”
increased. This simple, elegart mapping approac was very successful,especially
sinceit was a natural way to combine sensorsof di erent typesand readingsfrom
di erent viewpoints.

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 accurrulate incremertal
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 sharemaps, and
to maintain maps of environments over time.

This localisation problem is important 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 beenaddressedfor 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 environments.
Their system operatesvery much like the occupancy grid model exceptthat rather
than maintaining an occupancy probability, the grids maintain a \probabilit y the
robot is here" value. Vision-based localisation were also dewveloped as shovn by
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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 Shaslua in [SS98]. More recerily, 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 researty 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
quantit y of literature available in the areaof 3D modeling from range data. Many of
these methods we consideredfor environment modeling when we embarked on this
researd. In the end, we electedto useadi erent kind of data represertation 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
quality models. Conversely we adknowledge we are constructing uncertain models
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
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methods described in Section 2.2.3.

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 vertexesinto 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 Hedkbert in [GH95],
is to incremertally added facesuntil the surfacerepreseits the 3D points within a
certain error tolerance. They usethe 2 1/2 D constraint in this work that isin 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
heigh-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 preseried to them is valid and without considerablepositional error.
When applying these methods to data obtained from a noisy sensorsud as stereo
vision, the resultant meshesare, in fact, dominated by the noise. That is, the saliert
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points and much of the high frequency elemerns are actually due to noise rather
than signal. This behavior makes direct meshing approadies ill-suited for noisy
data. As well, meshesdo not lend themseheswell to models that include explicit
represertations of uncertainty. Since a 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 successfulbpproad to building 3D models from range data is
the use of volumetric approades. Volumetric approadiesare 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 approadesto 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 accurrulated over multiple scans. The nal surfaceis extracted into
a mesh using a method sud as Marching Cubes [LC87]. The surface position
is interpolated between the 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 sensorrepresenation, 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
bounded scenesand it can be memory intensive. It is sensitive to unconnected
surfacesand to grosserrors sudh as stereomismatch errors.
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2.2.3 Particle metho ds

The previouswork most related to the patchlet data elemert 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 surfacerepresertations in [WH94].

Oriented particles were at that time really a surfacerepresenation 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 contained 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 cortours.

Fua's work is the most similar work we could nd to patchlets. There are
seweral di erences, howewer. Fua generateshis surfacesfrom data collected from
multiple stereoimagesand binned into voxels. Patchlets are created from a sin-
gle stereoimage and are basedon the constraints that allow correlation stereoto
work. Fua usedequal sizedand spacedparticles whereaspatchlets change sizeand
spacingdepending on the scaleof the senseddata. And patchlet contain con dence
metrics on the positional and orientation information that allow the di erences in
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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 represens the data. This fuzzy set has a position and a covariance matrix
represerning the variance of the distribution it represens 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 surfacerepresenation has
gained support recertly in the computer graphics community. P ster et al. make
a casefor surfels, or surface elemernts, as rendering primitiv es especially for high
complex shapesthat would require very large number of triangles to represen with
traditional polygonal meshmethods [PZvBGOQ]. 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 suth 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 approades described are
clustering, region growing, Hough transform, least-squarestting and robust esti-
mation approades. It should be pointed out, howewer, that the work comparedin
this review was performed on data obtained from laserscannersand is exceptionally
clean comparedto correlation stereorange images. The issuesthat they are work-
ing to resolwe in range image segmetation are details currently beyond the scope
of surfacesegmetation with the noiselevels of stereovision.

Regarding environment modeling from mobile robots, someimpressive work
has beendonein this areaby Martin and Thrun [MTO02] in which they usea robot
with a plane-basedlaser scannerto construct compact 3D planar models of their
robot ervironment. This paper, in fact, cortains many of the ideaswe usedin our
surfacesegmetation approad with patchlets. They useprobabilistic methods sud
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as Expectation-Maximisation to cluster data into bounded planar surfaces. The
details of the implementation are, of course,quite di erent asthey are using a very
dierent kind of sensordata and their noiseis generatedprimarily from errors in
the robot position rather than errors in the scannerdata.

In this work, Martin and Thrun make useof a \phantom" or \outlier" class
to dealwith noiseoutliers that donot t to any stable surface,and we have adapted
this technique to our implementation. Details of this are given in Chapter 6.

2.25 Dieren tial Geometry

These methods are designedto infer a smooth surface from scattered point data
by tting local parametric surfacesto neighbourhoods of points. Peter Sander's
Ph.D. dissertation [San8§ proposed methods for inferring points along curves on
a surface and parameterizing the local surface properties at these points by the
use of augmerted Darboux frames. The parameterization of the surfaceis posi-
tion, orientation and surface curvature. This work made use of 3D operators edge
operators [ZH81] for initializing the frames and then re ning them via variational
relaxation [San8§. Ferrie, Lagarde and Whaite extendedthis work by aggregating
the resultant Darboux framesinto cortinuous surfacescurvesin [FLW89].
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Chapter 3

Stereo vision

3.1 Overview of stereo vision

Stereovision is the processof extracting three dimensionalinformation from cameras
that are physically o set. This is the same processthat works in human visual
systemsto acdhieve depth perception. It is well understood how stereovision relates
to 3D geometry By identifying pixels location in two camerasthat are known to
correspond to the same 3D position, then that 3D position can be extracted via
triangulation. The primary task of stereovision algorithms is to obtain these pixel
matches. This is known asthe correspndene problem

There are many stereoalgorithms. One approad is to nd sparsefeatures
such ascorner or interest points, lines, or recognisablestructures in the two cameras
and match them in order to nd a sparseset of 3D points [ZF92, SB98b]. In the
early 1990's,densestereovision gainedincreasingpopularity dueto the signi cantly
larger amourt of range data that it could provide [LG90, Fua93 OK?93].

Most densestereo algorithms obtain corresponding matches using correla-
tion. This method takes a small image region, or mask, from the referenceimage
and correlatesit in the other imagesalong a 1D curve de ned by the epipolar line.
The location alongthe curve with the bestcorrelation to the referenceimagemaskis
selectedasthe correspondencepoint [Fua93. Other methods attempt to obtain so-
lutions to the correspondencethat optimise the solution over more than one pixel at
atime. The Dynamic Programming approadiesto binocular stereo [BT98, GLY95]
attempt to optimise the corresppndencematching over an ertire epipolar line at the
sametime. Graph-cuts techniques [KZ01] attempt to nd a globally optimal solu-
tion for densestereocorrespondences.Phase-basednethods for solving correlation
are given in [FJJ91, FB96]. A complete overview of all densestereo methods is
out of the scope of this document but we would direct the reader to the the com-
prehensive work by Sdarstein, Szeliski,and Zabih [SSZ01];an overview, summary
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and evaluation paper in which they presen a taxonomy for comparing densestereo
algorithms. 1

(c) Left image (d) Right image

Figure 3.1: lllustration of trino cular stereomatching and disparity

The methods proposedin this thesis are for extracting and interpreting sur-
face elemens from stereodata and aggregatinglarger surfaces. These methods do
not depend on a particular stereo correspondencealgorithm, except that it must
be a densestereo method. We electedto use Sum of Absolute Dierences (SAD)
correlation stereo. This is the method most used for real-time stereo due to its
low computational cost. Additionally, it is available in a commercial library that is
supplied with our stereovision camerarigs.

For our experiments, we useda trino cular stereo camera. Figure 3.1 shows
an example of the stereo matching and densedisparity results for this stereo rig.

LAdditional information and data sets may be found at
http://www.midd lebury.edu/stereo
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The right camera,which is the referencecamerain this case,is showv in 3.1(d). The
white box indicates a particular imageregion or \mask" and the white linesindicate
the epipolar lines for the horizontal and vertical camerapairs. Images 3.1(b) and
3.1(c) show the top and left images. The lled white box indicatesthe imagelocation
of the mask in the right image. The white open box indicates the location of the
corresponding maskin the left and top images. The di erence betweenthe positions
of lled and open boxesis the disparity value for this pixel. The disparity distance
for the top-right pair matchesthe disparity distance for the right-left pair.

Image 3.1(a) shows the densedisparity image. Higher disparity (which are
the brighter pixels) represens positions closerto the camera. In this particular
image the valid disparity valuesrange from near O to 64. Full black pixels are ones
where no match was found. These matches were rejected by the stereo software
library. The disparity imageis registeredwith the right image, pixel-by-pixel. Since
the matching was done with trino cular stereo, the bottom portion of the disparity
image could not obtain good matchesdue to the lack of overlap betweenthe right
and top imagesat closedisparities. This is the reasonfor the noise on the bottom
portion of the foreground person.

3.2 Stereo vision to 3D data

Correlation stereoas described in the precedingsectionyields a disparity image as
output. The disparity value in ead pixel of the image allows one to extract the
matching pixel locations in all the camerasof the stereorig. For example, for a
binocular stereo vision camera with the right camera as the referencecamera, a
given row (r), column (c¢), disparity (d) value in the disparity image maps to the
left image as: "oy " #
r r
= (3.1)

c+d
left

Eadch pixel in a stereodisparity image correspondsto a 3D position. This 3D
position is located at the intersection of the rays emergingfrom the camerasthat
are assaiated with the matched pixels. Determining the 3D position of this stereo
data is fairly straightforward but rst we will provide the generalprojective camera
equationson which it is based.

The pinhole projective camera equations are based on the pinhole camera
model [Fau93 as shawn in Figure 3.2. In this cameramodel we use (u;v) to denote
the position of a pixel in the image plane. These coordinates have their origin
where the optical axis of the camera system intersects the coordinate frame. In
terms of row and column in an image, there is a row-column position, (r; Co), that
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Figure 3.2: Pin-hole cameramodel : geometric systemrelating 3D position (Xx;y; z)
to pixel position (u;v). The optical certre is the origin of the camera coordinate
system.

indicates the position whereu = 0;v = 0. Given the arrangemer of the camera
coordinate axesin Figure 3.2 with increasingcolumn corresponding to increasingx
and similarly for row and y, the relationship betweenrow (r), column (c), u, and v

IS mn # n #
u rro
= 3.2
% C G (3.2)
Given a 3D position, its projected pixel location in the image plane will be
mn # n #
u fz

wheref is the focal length of the system.

For a stereorig sud as we assume,with aligned coordinate systemso set
alongthe X axis, with parallel epipolar lines, the z location for a disparity pixel can
be calculated by

z=fB=d (3.4)
and consequetly oy o #
-8 (3.5)
= 5
y T
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intersection = (x,y,z)

] Image planes

S

Left Camera Right Camera (and origin)

Baseline - B

Figure 3.3: Extracting a 3D point from stereomatching : The origin of the stereo
systemis the optical certre of the right camera(although it neednot bein general).
The two matching rays projecting from the camerasintersectat a 3D location. The
rays are de ned by a pixel location in ead image plane.

3.3 Error analysis of stereo vision

Stereoerrors can be classi ed into two kinds of error. The rst is the \mismatch"
problem. This is where the stereo algorithm has failed to correctly solve the cor-
respondenceproblem and the resultant disparity value is completely unrelated to
the correct value. The secondis the accuracy of a correct match. In this case,the
correspondenceproblem has been solved successfully but there is an error in the
disparity value obtained. We will rst addressthe mismatch problem and dewelop
methods for detecting and removing these mistakes. We follow this by an analysis
of the accuracyissueand illustrate how to determine the covariance of a 3D position
extracted from a disparity pixel.

3.3.1 Mismatc h errors

Mismatchesin stereovision are a seriousproblem and greatly increasethe amount
of noisein a disparity image. Indoors scenescortaining specular surfaces,repetitiv e
patterns, and time-varying light sourcescan causeerrors that are more or lessuni-
formly distributed acrossthe disparity range of the stereosystem. Thesemismatches
can be reducedby validation through comparing left-to-right and right-to-left best
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matches [Fua93 or by other validation methods sud as thresholding the texture
content on the support region [Res99 . They can also be reduced by increasing
the number of camerasin a multi-baseline system [OK93]. Howewer, even with a
trino cular stereo system, these errors appear. Sincethe value of the disparity pixel
is unrelated to the true value, they usually appear as\spikes" in the reconstructed
3D surface{ spikestowards the cameraif the disparity value is too high, or away
from the cameraif the disparity value is too low.

To overcomethe problem of spikes we tried common image Itering tech-
niquessud asmedian ltering or morphological ltering. These lters canimprove
the results, but not as signi cantly aswe would like. Thesetechniques fail because
they are designedto remove or reduce noise from inputs that have unstructured
or ewvenly distributed noise,i.e., noisethat appearsrandomly and consequetly will
appear most often as single pixels in the image. In short, \white noise".

Mismatch errorsin disparity imagesdo not have white noiseproperties. They
occur whentwo similar imagefeaturesarein proximity to ead other. The algorithm
then matches one of the featuresin one image to the wrong feature in the other
image. A classicexample of this problem is the so-called\pic ket fence" problem.
When looking at a picket fencewith binocular stereo,there will be regularly spaced,
nearly identical image patchesthat can be mismatched. When these errors occur,
they often occur over the ertire region occupied by the feature. Thus, the errors
do not appear in isolated pixels but in a dense,connectedregion. These coheren
errors confoundthe above ltering approathesasthey appear asa stable signal, one
to be presened instead of rejected.

We deweloped an approad using surface connectivity to overcomethe prob-
lem of noiserejection for coheren errors. To remove spikes causedby feature mis-
matches, we took into accourt the attributes of theseerrors:

they are locally stable
they are not large
they have no support from surrounding surfaces(since they are spikes)

This kind of surfacehas a sharp disparity discortinuity at all borders whereastrue
surfacesin the stereoimage are not only locally consister, but globally part of a
larger 3D surface. By segmeting the image into cortinuous disparity surfaces,we
can establish a good hypothesisbasedon the size of the surfacewhether it is a real
3D surface or a noise artifact. To segmen the image into surfacesof cortinuous
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disparity we apply the following logic:

i=L given j 2 N()

j=1L

jg dj 1
where i is any given pixel, L is a surfacelabel, N (i) is a neighborhood of pixels
around i and d; is the disparity value at location i. Entire surfacesare invalidated
from the disparity imageif the number of pixels that have a given label do not pass
a threshold.

This approac hastwo signi cant bene ts: it canreject cohesie spikesthat

may fool noiserejection lters; and it can presene thin structures that are part of
a coheren structure.

Figure 3.4: An example scene

Two examplesof the e ectiv enessof this approac are shown in the series
of Figures 3.4, 3.5, 3.6, and 3.7 and Figure 3.8. The Itering method was originally
devisedto improve robot mapping using stereo vision [ML98]. This was very im-
portant in robot mapping, as the method calls for projecting all 3D data onto the
ground plane on which the robot is moving. This hasthe e ect of magnifying the
noise of a stereoimage, as much of the data that is closestto the robot is noise.
Figure 3.4 shows a typical stereoscenefrom our mobile robot operating in an o ce
ervironment. Figure 3.5(a) shaws the disparity image obtained from this stereo
image, and Figure 3.5(b) shaws top-down robot map for this view. In Figure 3.5(b)
black indicates detected obstacles, white indicates clear spaceand grey indicates
unsensedregions. The processof creating this top-down view is to project all 3D
points sensedin the stereomap onto the 2D o or-plane. In implemertation, this
meanstaking the closestsensedpoint in ead column of the disparity image as the
dominant point in that column. This algorithm favors the inclusion of noise,as any
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(b)

Figure 3.5: The disparity image and corresponding top-down occupancy grid map
result from the scenein Figure 3.4

(@) (b)

Figure 3.6: The morphologically ltered disparity image and corresponding top-
down occupancy grid map result from the scenein Figure 3.4
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(a) (b)

Figure 3.7: The disparity image Itered with our surface cortinuity-based \spik e
removal" Iter and corresponding top-down occupancy grid map result from the
scenein Figure 3.4. Removed pixels are marked in black.

spike towards the camerawill becomethe closestpoint and will be included in the
2D o or map, making the algorithm discourt the the valid data in that column.
This can be seenclearly in Figure 3.5(b). The sensedpoints (in black) are mostly
very closeto the robot (which is at the certre of the bottom edgeof the map).

Figure 3.6 shows the disparity and top-down map result after the disparity
image has been morphologically Itered with an erosion Iter. The idea was that
erosionwould eliminate small regionsand leave larger regionsrelatively untouched.
We can seethat Figure 3.6(b) is an improvemert over Figure 3.5(b), but there are
still noise issuesoccurring. The disparity image after our spike removal lter is
applied is shown in Figure 3.7(a) with the the ltered out regionsmarked in black.
The resultant top-down view is markedly cleaner. The left hand side of the map
which is closer to the robot matches the computer desk in the left hand side of
Figure 3.4. The more distance right hand side matchesthe counter/cabinet that is
further back.

Figure 3.8 shaws a close-upside-view of the point cloud generatedfrom the
faceof the personin Figure 3.1. Figure 3.8(a) shows the un ltered point data while
Figure 3.8(b) shavs the ltered. The result is a dramatic improvemert. This point
cloud is madefrom the samestereodata set usedin Figures1.7,1.2and 3.1 earlier.

3.3.2 Sub-pixel interp olation bias

The other kind of errors that occur in stereo vision are errors in the numerical
accuracy of the disparity correspondence. Larry Matthies has probably done the
most rigorous investigations into errors of triangulation and stereo vision. Among
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(@) | (b)

Figure 3.8: Spike removal: e ect on 3D point clouds (a) shaws a side view of the
point cloud generated by the disparity image given in Figure 3.1 without spike
removal validation. (b) shows the same disparity image after spike removal has
beenapplied.
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Figure 3.9: Sub-pixel interpolation bias

other papers,in [MS87] he showved how to obtain 3D covariance matrices for feature-
basedstereo. With Grandjean [MG94] he provided a rigorous investigation of the
statistical distributions of errors in sub-pixel disparity values of correlation stereo.
They found the disparity estimatesto have Gaussiandistributed random errors with
standard deviations that were consistert over di erent resolutions of images.

In recert work with Yalin Xiong [XM97], Matthies investigated the sources
of sub-pixel disparity errors. Sub-pixel interpolation is the method of determining
the disparity value of a pixel to sub-pixel accuracy and varies with the correlation
algorithm. It is very important in obtaining the best depth estimates possiblewith
stereo, as the quartisation of integer disparity values are very limiting in depth
resolution. Xiong and Matthies discovered that, among other sources,there was a
systematic bias in their sub-pixel interpolation results which was basedon the Sum
of SquaredDi erences (SSD) algorithm.

Since then Shimizu and Okutomi have also investigated sub-pixel interpo-
lation biasesin [SOO01]. It is very interesting that, although these two groups of
researtiers have pursued this problem from very di erent averues ? their discover-
ieswere almost identical and are shown in Figure 3.9. The dashedline in Figure 3.9
shaws this interpolation bias. This curve indicates the bias in sub-pixel estimation
(the vertical axis) given a true disparity value (the horizontal axis). The shape of
the curve and the magnitude of its peakschange depending on the correlation al-
gorithm and the actual image content. Shimizu and Okutomi found the magnitude
of the peaksto be generally belon 0.1 and often aslow as 0.01 pixels. The curve is
symmetric about d = 0 and its two halvesare \almost” symmetric about d = 0:25.
They found this bias to apply equally to SSD stereo and SAD (Sum of Absolute

2Xiong and Matthies relied heavily on strong empirical evidence, while Shimizu and
Okutomi basedtheir work on a theoretical analysis of a variety of correlation algorithms.
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Di erences) stereo.

The solution that Shimizu and Okutomi proposedis to correct the disparity
values obtained by the sub-pixel interpolation processwith a cancellation function
which is shonvn asthe dotted line in the gure. This cancellation function is applied
to all disparity estimatesto remove the bias. For their method, the nal biasis shovn
asthe black line in Figure 3.9, which is the di erence betweenthe two curves. This
is a marked improvemert over the original bias.

This cancellation function value is obtained by determining the disparity
value for the same pixel when correlated to the non-referenceimages which are
rectied with an arti cially introduced 0.5 pixel shift. The disparity value for this
shifted stereo pair should be exactly 0.5 di erent from the sub-pixel value of the
unshifted, or nominal, stereopair. However, becauseof the shape of the bias curve,
we know that the sub-pixel value for this shifted pair will be a ected by an almost
equal but opposite bias. Shimizu's cancellation function is implemented by taking
the shifted-pair disparity value, subtracting 0.5from it to bring it the samedisparity
asthe nominal value, exceptfor bias, and then to averagethe two results. Sincethe
two bias will be opposite and equal, they will cancelout. The correction comesat
the cost of having to processthe stereodisparity valuestwice, oncefor the reference
imagesand oncefor the shifted images.

With the bias presen, sub-pixel valuesvary systematically along a sensed
surface. The point estimateswill \roll* in a wave shape, with the wavelength of this
shape being the distance betweenpoints at integral disparity values. For sceneshe
distancesto surfacesare large (over 2m) this sub-pixel bias correction makesa dra-
matic improvemert in the accuracy of the results. This accuracyfor our equipmert
is determined experimentally in the results chapter in Section7.2.

3.3.3 Stereo accuracy

Analysis of stereo errors in the past was basedon feature-basedstereo, especially
for landmark acquisition and tracking for the purposesof robot navigation such
as the work of Shafer and Matthies [MS87. Since they were for feature-based
stereo, the position of ead feature was determined independertly in ead image.
This led to the logical conclusion that the errors in the feature position within
ead image were independent of the other. Consequetly, the covariance of the
3D point was determined through identical and balanced pixel errors as shown in
Figure 3.10(a). This resulted in covariance matrices that are aligned with the stereo
cameracoordinate system.

Our treatment of the covariancesassaiated with a 3D point obtained from
stereo matching is di erent from those feature-basedapproades. The di erence is

38



Pointing error Matching error

Left Camera Right Camera Left Camera Right Camere

() (b)

Figure 3.10: Stereotriangulation error characteristics: (a) shows the typical aligned
covariance matrix determined through equal weighting of errors in the left and
right cameras,(b) shows the covariance matrix we obtain through useof a separate
pointing and matching accuracy
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that we do not treat the left and right imagesequally. The basisfor this di erence is
that the accuracyis not basedon two similar measuremers. Instead it is basedon
the position of the pixel in the referencecamera, and the accuracy of the disparity
correspondencebetweenthe referenceand other cameras.

In correlation stereo,one camerais the referenee camera. This is the camera
that the disparity image is registered pixel-to-pixel with. The other cameraimages
are matched against this referencecameraimage. The accuracy of the location
of a pixel in the referencecamerais determined by the accuracy of the camera
calibration. The accuracy of the disparity is determined by the accuracy of the
disparity score. Figure 3.10(b) illustrates how we do not treat thesetwo accuracies
equally. The accuracy of the referencepixel we call the pointing error, sincethis is
the accuracy of the primary ray along which the 3D point should be. The accuracy
of the disparity value we call the matching error. This determineshow far along the
referencepixel ray the 3D point is.

The pointing error is, of course,two dimensional; it variesin both row and
column. It is the result of calibration and will vary from pixel to pixel. It is a
constart error, but unfortunately it is not possibleto measurethe value exactly
for ead pixel. Cameracalibration is determined via bunde adjustment, where the
cameraintrinsic parameters (usually a small number as low as six) are adjusted to
minimise the obsenederrorsin alargenumber of calibration target feature positions.
This is an over-constrained problem and typically the errors are minimised in a
least-squaressense. After the bundle adjustment is complete, one can evaluate its
accuracyby taking a secondset of calibration data and evaluating the residual error
of the corrected features positions against their ideal positions. From this residual
error one can dewvelop the meanand variation of the error of the pixel locations, but
since the exact errors are ass@iated with a very sparseset of features, we simply
take the variation of the error and apply it to all pixels in the calibrated image
equally. There is no knowledge from this method about the directions of errors in
di erent regions of the image, so we simply make the errors unbiased and apply
the variance equally in both the u and v axes. Consequetily, sincethere are a large
number of pixels in the referenceimage and we have only this averageerror statistic,
we assumethe independenceof the pointing error in row and column.

The equation that determinesthe 3D position of a (u; v; d) pixel is Equation
(3.3). The pointing error translates to error in u and v while the matching error
represerts uncertainty in d. Thus, the covariance of the parameter set (u; v;d) is :

2 3

- §

0
0% (3.6)
m
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where p is the pointing error and m is the matching error.
(u; v;d) spaceis not a corveniert spaceto work in. In practice we want to
have all points in a common 3D coordinate system. We want a covariance matrix
x that describesthe covariance of the 3D point in (x;y;z) and what we have is
a covariance matrix  in (u;v;d). Following the methods in Faugeras[Fau93, we
propagate , to x by usingthe Jacobianof (x;y;z) with respectto (u;v;d). From
Equations (3.5) and (3.4) the Jacobianis:

2 3 2 3
@ @ @ % 0 dLZB
J=9%§§%=ﬁo R (3.7)
@ @ a 0 0
Propagating the covariance matrix is simply
x=J J7 (3.8)

3.4 Uncertain points

Given the above analysis of the accuraciesof correlation stereoand the equations
regarding its geometry from Section 3.2, we can determine for ead valid disparity
pixel in a disparity imagea 3D position anda3 3 covariancematrix that represerts
the accuracy of the 3D point. We will refer to this 3D point { covariance matrix
pair asan uncertain point, sinceits exact position is uncertain. The disparity pixel
is de ned by three parameters, its position (row, column) in the image and its
disparity: (r;c;d). The uncertain point is de ned by a 3D position, X = [xyz]°
(which is extracted from (r;c;d) by Equations (3.2), (3.4) and (3.5)), anda 3 3
covariance matrix x which is determined by Equation (3.8).

The covariance matrices of uncertain points are not constrainedto be aligned
in any way. The major and minor axesof the covariance matrices for di erent pixels
are not alignedin general. Data with unrelated covariancessud asthis are referred
to as heterosedastic data (as opposedto data with aligned covariances which is
homosedastic). Solving problems with heteroscedasticdata is also referred to as
the errors-in-variables problem.

Heteroscedasticiy can a ect computer vision problems in dierent ways.
Peter Meer's group at Rutgers have developed somegeneral methods to approad
these problemsin [BM01, MMOO]. For our situation, howewver, the important e ect
of heteroscedasticdata is that we will not be able to obtain a closed-formsolution
to any model- tting that we may wish to do on the data. Heteroscedasticiy means
that we will have to usean iterative minimisation solution for any tting problem
such asaleast-squaregplane t to a setof uncertain points. For homoscedastidata,
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a least-squaresplanar t could be achieved in closed-formvia methods sud as use
of the pseudo-irverseor principal componert analysis of the momerts of inertia.
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Chapter 4

Mo del estimation

4.1 Overview

As discussedin Section 1.4.1, probabilistic methods are important when working
with noisy real-world data and modelsthat include uncertainty. In this thesis, eah
piece of information that we work with, be it 3D points, patchlets, or surfaces,
we want to incorporate a statistical or probabilistic understanding. As well, when
clustering surfaceelemerts into surfaces,we needto make use of Gaussianmixture
models{ arepresenation that enclosegnultiple sub-models. This chapter describes
the mathematical conceptsfor represering data as probability distributions and
the estimation of the parametersof those distributions. This includes a description
of probability density functions for modeling distributions, of mixture models, of
maximum likelihood estimation and mixture model parameter estimation through
the use of Expectation-Maximisation techniques.

4.2 Probabilit y distribution models

Both in creating patchlets (Chapter 5) and in aggregating patchlets into larger
surface descriptions (Chapter 6), we make use of probabilistic methods. These
require the useof probability modelsor probability density functions (PDFs). These
PDFs are described in this section.

A PDF represeits a probabilistic distribution. The PDF describesthe prob-
ability that a sample has a particular value. PDFs can have any form, solong as
the integral of the PDF over the range of the random variable sumsto one. PDFs
are good tools for modeling noisy sensordata, and have been exploited for this
purposesto a great extert. In our investigations we have consideredvarious PDFs
for modeling di erent parts of our problem. The two distributions for <" that we
consideredare the Gaussiandistribution and the Lorentzian distribution.
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In addition to Euclidean <" spaces,we have to deal with represerting and
clustering normals of 3D surfaces.Normals are orientations that can be represerted
by Euler anglesor unit vectors. Euclidean spacesdo not work well with this kind
of data, asit is circular in nature. For this data we use the Fisher distribution,
a distribution that is speci cally designedfor circular space. We provide further
discussionof thesethree distribution modelsin the following sections.

4.2.1 Gaussian probabilit y distribution

If one hasunderlying knowledge of the sensormodel, one can usea particular PDF
that represerts the sensormodel best. In general, however, when one doesnot have
an explicit sensormodel represenation, the Gaussian probability distribution is
typically used. This is dueto a proof called the certral limit theorem [Kal97] which
shaws that a set of variates with various random perturbations a ecting them will
tend towards a Gaussiandistribution. This leadsto the conclusion,if one hasno a
priori knowledge of the error processedor a sensor,that the Gaussianis the best
assumption.

The Gaussiandistribution is de ned by its mean and its covariance. The
probability density function is

1
p— .o ad
2 (j j)2
where is the model mean, is the covariance matrix, X is a given sampled data
point, and d is the number of dimensionsof the space.

P(xj; ) = ez )7 T ) (4.1)

4.2.2 Lorentzian probabilit y distribution

The Lorentzian (or Caudhy) distribution [PTVF92] is a heavy-tailed distribution. It
is termed heavy-tailed becausethe tails of the distribution are signi cantly larger
than the Gaussian. By tails, we meanthe portion of the distribution that is outside
the main mode of the distribution, and stretchesout to 1 , approading 0. For the
Gaussianthis is approximately the region farther than three standard deviations
from the mean. The equation for a Lorentzian distribution is
. 1 (%)

P(xj; ) x )2+ (7)2 4.2)
The term describes the width of the distribution at one-half of the maximum
height of the distribution. This is illustrated in Figure 4.1. Figure 4.2 shows the
di erence in shape of the Lorentzian comparedto the Gaussian,and the heavy tails
are clearly visible.
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Figure 4.1: The Lorentzian distribution { the parametersthat cortrol the function
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Figure 4.2: A comparison of the Gaussianand Lorentzian distributions. Note the

heavy tails of the Lorentzian
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Heavy-tailed distributions like the Lorentzian are usedin M-estimators or
\robust estimation”. Thesetechniquesare lesssensitive to outliers when extracting
model parameters from sensordata. It is this outlier insensitivity that gives rise
to their description as \robust". See Section 4.4.1 for a description of how the
Lorentzian is usedin Maximum Likelihood Estimation.

4.2.3  Fisher probabilit y distribution

I I I I I I I I
-1 -0.5 0 0.5 1 15 2 25

Figure 4.3: The Fisher distribution

Gaussian and Lorentzian distributions are de ned in <" space. Unfortu-
nately, much of the data we needto handle are surface normals. Surface normals
are unit vectors. The spaceof these vectors s circular or spherical in nature. The
simplest illustration of this is an anglein 2D space. As the angle increasesit will
\wrap around" and intersect its previous positions. An angle is equivalert to

+ 2n where n is any whole number. Higher dimensional orientations have sim-
ilarly \wrap around" characteristics. The \space" of normal vectors is the surface
of the unit sphere.

There are a variety of ways to represen data on the unit sphere. The most
common are Euler anglesor with unit vectors. If the <" spaceis n dimensions,the
unit vector hasn 1 degreesof freedom, as it is constrained that its length must
be 1. For 3D surfaces,the normals are unit vectorsin n = 3 spaceand so have a
dimensionality of 2. At times we represen normals as a 3D unit vector, at others
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we use 2 Euler angles,depending upon the circumstances.

Distributions on the unit spheredo not map well to Gaussianmodels since
they do not have unboundedextent. This meansthat the sum under the curve of a
Gaussiandistribution on a circular spacewill be lessthan 1 and that it will vary for
di erent covariances. It also causestrouble for parameter estimation becausethe
direction of the shortest distance betweentwo points may reverseas one of them is
modi ed.

Luckily, the statistics of circular distributions have already beendeveloped,
although most of us are not asfamiliar with them aswith linear spacemodels. There
are seweral di erent modelsfor sphericaldata. The onethat is the simplest, but also
best matchesthe Gaussianmodel for spherical spacesis the Fisher model [Fis53].

The PDF of the Fisher model [Fis87] is

e X’

= 2 a0 4.3)

P(xj; )
In this equation, x is a vector data point, is the mean vector of the distribution
and s the concentration parameter. Both x and , as directional vectors, are 3
dimensional variables. The concerration parameter is a scalar. The higher the
concenration parameter, the more clustered the distribution is. In this respect,
one can think of the concertration parameter as the inverseog standard deviation.
(For circular valuescloseto the mean, is equivalert to = —2- of the equivalent
Gaussian distribution (see Equation (5.4) in Section 5.3.4). The 4l iS necessary
for normalising the function. Note that in somereferencesx” (which is the dot
product of the vectorsx and ) is also sometimesreferredto ascoq ) where is
the angular di erence betweenx and . Thesetwo represeiations are identical.
The Fisher model is sometimesreferred to as the Von Mises-Fishermodel, asit is
an extensionof the Von Misesdistribution, a circular distribution for the unit circle.
Alternativ ely, we can expressthe exponertial term in Equation (4.3) in terms
of spherical polar coordinates (see Figure 4.4). In this case,if xX°= ( x; x) and
0= ( ; ), the exponertial term becomes

T

X' =cos =sin ycos cos( x ) COS xsin (4.4)

4.3 Mixture models

Often a system is too complex to be represerted by a single probability density
function like those preseried previously. For example, a typical PDF suc as the
Gaussianwill not be able to accurately model a multi-mo dal distribution. In this
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Figure 4.4: Polar coordinates for points on a sphere

case,we may usea mixture model. A mixture model is a set of sub-maodels, eat
with an assaiated model probability.

Mixture models are a good framework in which to estimate the parameters
of multiple models or clusters of data where one knows that the underlying distri-
bution is likely multi-mo dal. We will use mixture models to represen a plurality
of surfacesthat are sensedby the stereosensor,and handle the patchlet-to-surface
data assaiate problem in the cortext of a mixture model.

In the previous sectionswe have discussedvarious PDFs that give a represen-
tation for P(xj ) where is the vector of model parameters. In the mixture model
case, isasetof M models, eah with its own parameters ;. Additionally there is
the probability that the j " model gave rise tcbx. This is represened as . Clearly
since one and only one model gave rise to X, J!V':l i = 1. And,

. W .
Pxj)=  PXjj)j (4.5)
i

4.4 Maxim um lik eliho od estimation

In order to estimate model parameters from sensordata, one can maximise the
probability of the model parameters given the data set, P( jX). Other ways to
estimate model parameters,suc aserror minimisation methods using least-squares
or 2 metrics, can still be interpreted as probability maximisation methods for
particular probability models (as we will seeshortly).

Using Bayesrule, we know that

PXi)P()

POIX)= =5y

(4.6)
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The denominator P (X) is a constart and doesnot a ect the location of the maxi-
mum and so can be dropped. So,

argmaxP( jX) = argmaxP (Xj )P( ) 4.7)

This is the maximum a posteriori or MAP solution. If we assumeuniform priors,
the P( ) term can be removed and the expressionis now

argmaxP( jX) = argmaxP(Xj ) (4.8)

which is known as the maximum likelihood estimate or MLE. We approad the pa-
rameter estimation problem from a maximum likelihood formulation with the knowl-
edgethat we can follow the samepath with a MAP formulation given a judicious
choice of priors.

In solving the maximum likelihood problem, we make use of the log likeli-
hood. That is that argmaxP = argmaxlogP. So, assumingthe data samplesare
independert of ead other we can say

argmaxP( jX) = argmaxlogP(Xj ) (4.9)
. W .
P(Xj) = P(xij ) (4.10)
i=1
logP(Xj ) = logP (xij ) (4.11)
i=1
So
X
argmaxP( jX) = argmax logP(xij ) (4.12)
i=1
In the caseof a Gaussianmodel,
.1 0o 1 P— . ¢
logP(xij )= S )7 (i) log( 2 ( 1)) (4.13)

If we substitute Equation (4.13) into Equation (4.12) and determine the best
mean ( ) that satis es this optimisation we get

X
argmaxlogP(Xj )= argmin  (x; )%x ) (4.14)
i=1

This is our old friend, the least-squaes solution. In fact, the least-squaresestimate
is the MLE estimate of the mean for a Gaussianmodel.
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441 Robust estimation

When a heavy-tailed distribution like the Lorentzian is used for MLE it is called
robust estimation [PTVF92]. For the Lorentzian, Equations (4.12) and (4.13) change
to

; X ; X 2 2 2
logP(Xj )= logP(xij )= log(z)* log(lxi )*+(5)?)  (415)
i=1 i=1

Similarly holding constart and solving for , the solution will simplify to

argmaxlogP (Xj ) = argminXq log((x; )2+ K) (4.16)
i=1
whereK is a constart basedon .

One can seethat the e ect of any single outlier data point x has much
stronger e ect on the Gaussian-basedsolution than the Lorentzian-based solution.
Let us reparameterisex to z. In Equation (4.14)), the cortribution of this one
point to the sumthat isto beminimisedis (%)2. If we move this point anincremertal
distance away from the mean, it changesthe residual error for this point by

d z, _z

)= 2= (4.17)
This shows that the e ect of an outlier grows linearly with its separation from the
mean and this makesthe least-squaresapproac so sensitive to outliers. A point's
e ect on the solution grows linearly with its distance from the mean. Therefore
outliers, which are far from the mean by de nition, exert a strong in uence.

With the Lorentzian, we have the following derivative

2z

z2+ K
Here, the changein e ect of the point with increasing z actually asymptotically
approadies0, asin the limit, this approadies . Therefore, an outlier that is con-
siderabledistance from the mean has a relatively constart e ect on the solution. If
the mean moves slightly one direction or the other it makesrelatively little dier-
enceon the e ect of the outlier on the solution. This makes Lorentzian-based MLE
solutions relatively insensitive to outliers.

S log(z?+ K) = (4.18)

4.5 EXxp ectation-Maximisation

There are many articles and booksthat discussExpectation-Maximisation (EM) for
various problems. The two referenceswe relied on for EM were Minka's description
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of EM asa lower-bound method [Min98] and D'Souza'stechnical note on implemert-
ing EM for Gaussian mixture model parameter estimation [D'S99]. Minka's work
provides good badkground theory while D'Souza'stech note is an excellert \how-to"
paper that includes all the details of deriving the "E' and "M' update equations.

EM is an iterativ e technique usedto maximise a probabilit y-basedfunction.
It is a local technique and can be cauglt in local minima; howewer, for someclasses
of problem it can provide faster convergencethan other local methods suc as gra-
dient descen or Newton's method. EM has the advantage of being well-suited for
estimating the parameters of mixture models (more about this below). Another
advantage of EM is its ability to work with problemsthat explicitly represen hid-
den or nuisanceparameters, and marginalise these parametersin order to nd the
optimal solution.

When formulating a probability maximisation problem, there are often pa-
rametersthat, by explicitly represering, make the problem more tractable, but for
which one does not require an exact solution. An example of this is the data as-
sociation parametersin a mixture model. Knowing the assaiation of senseddata
to sub-model simpli es the problem from a mixture model to a set of single model
parameter estimation problems. Howewer, the goal is to estimate the parameters of
ead of the sub-models of the mixture. If we can do this without solving the data
assaiation problem, we will still achieve our objective. Another example is when
data is being fused from multiple sourceswith unknown error characteristics. In
this case,knowing the error characteristic from ead data sourcewill allow unbiased
weighting of data to improve any combination of the data. Howewer, the knowledge
of eath data sourceerror characteristic is a meansto adcieve the goal of correctly
fusing the data.

In EM, these hidden parameters are included in the problem formulation,
but the method marginalisesthese parametersby solving for their expected values.
By using the statistical expectancy of these hidden parameters,we can nd a most
probable solution to our objectives without making a de nite solution to those
hidden parameters. Determining the expected values of the hidden parametersis
the "E' step, or the "Expectation' step. The "M' step, or "Maximisation' step, is
the maximisation of the probability function while xing the expected valuesof the
hidden parameters.

4.6 Application of EM to mixture models

For a mixture model, the hidden parameters over which we are marginalising are
the data assaiation parameters. These are parameters that identify which sub-
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Figure 4.5: Graphical model for data obtained from a mixture model

model gave rise to a particular data point. During the 'E' step, we determine the
expected value of the data assaiation variable. This is equivalert to determining a
probability that a senseddata point camefrom a particular sub-model. In the "M’
step, we estimate ead of the sub-model parametersbasedon the data, weighted by
the data assaiation probability.

To demonstrate the useof EM for mixture model parameter estimation with
application to di erent probability models(Gaussian,Lorentzian, Fisher) we presen
briey somesimple 1D examples. For these examples, we followed the problem
model preseried by D'Souza in [D'S99]. We modi ed his derivation of the EM
update equationsto t our particular models.

Figure 4.5 shows a graphical model of the relationship betweendata from a
mixture model (as described in Section 4.3), and the parameters of those models.
There are M models, eat with a set of parameters j; there are N senseddata
points X = fxp:::xyg. Eacd data point x; has an assciated z; parameter that
indicates which sub-model gave riseto it. Z = fzg:::iznyg, z 2 f1:::MgQ. z
is the data assiation parameter. It is a nuisance parameter, in that we do not
needa solution to it; our goal is to estimate the model parameters. However, it is
necessaryto estimate the data assaiation in order to estimate the parameterswe
are interested in.  is the vector of the sub-model probability.

The probability we aretrying to maximiseis the joint distribution of andX,
P( X). Unfortunately, it is necessaryto determine the data assaiation parameters
Z in order to do this. Consequetly, we solve for

z
P( X)= P( XZ) (4.19)
z

Here, we re-de ne the data assaiation parameter Z to a 2D boolean variable

Without changing the problem, we expand Z from Z = fz;:::zyg whgre z; 2
fl1:::Mgto =f jgwherei=f1l:::Ng,j =fl:::Mg, j 2f0;1g and i =
1. According to Minka (and basedon Jensen'sinequality), with this formulation we

52



can write

z

P( XZ)
Zz

J

hd
POl Py = D) (4.20)

If we considerthe log-likelihood of ( 4.20) we write

logP( X)

W
log

w L
C[POa PGy = D) (4.21)

I

XM

ij [logP(xij j)+ log j] (4.22)

i

Minka shows that by nding the expectedvaluesof j we are setting a lower bound
to the P( X), and by maximising with respectto the expectedvaluesof j , weare
nding the maximum of that lower bound. By iterating, we are cortinually raising
the lower bound until we have convergedon a solution.

In the following sections,we shov how this is adchieved in practical terms for
simple 1D examplesusing di erent PDF-based mixture models.

4.6.1 Example of EM on a 1D Gaussian mixture model

Sub-model 1 2 3 Sub-model 1 2 3

Mean ( ) p_ 20 |50 |80 Mean ( ) D_ 1.987| 4.990| 7.985
StandardDev. () | 0.5 | 0.3 | 0.2 Standard Dev. ( ) | 0.479]| 0.272| 0.189
Probability ( ) 0.44 1 0.22 | 0.33 Probability ( ) 0.461| 0.207| 0.332

(a) Actual values

(b) EM Estimated values

Table 4.1: Simulated 1D Gaussianmixture model results

In this section we presert the results of EM for a mixture of Gaussians
on a simulated 1D data set. The derivation of the update equations is given in
Appendix A.1. Theseresults are shovn to allow comparisonwith the results for the
Lorentzian in the following section.

For the rst simulation, the mixture wassetto have three sub-models. Their
attributes are stated in Table 4.1(a). For the simulation, 1000 data points were
generatedfrom the ground truth mixture model to create the input data set. EM
was run with the correct number of models and the parameter estimation results
are shown in Table 4.1(b). Figure 4.6(a-e) shows the results of the model estimation
after various iterations of the EM process. The processcorvergedin 18 iterations.
As well, Figure 4.6(f) shows the evaluation of the log-likelihood at ead iteration.
The log-likelihood increasesmonotonically towards a maximum as we expect.
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Figure 4.6: The results of 1D EM tting to a mixture model at various iterations.
A histogram of the data is shavn with the dashedline. The solid line represens the
various PDFs of the sub-models within the mixture model.
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To seehow the method performs with outliers, or with an incorrect number
of sub-models provided in the mixture model, the systemwas run again, but this
time EM was performed with a mixture of only two Gaussians.Figure 4.7(a) shovs
the results for this parameter estimation. The left model has tted correctly and
identi ed one of the ground-truth generative models. The other tries to accourt for
all of the remaining data. The result is that it is stretched acrossthe two remaining
ground-truth models and obtains a very poor t. This illustrates the sensitivity to
outliers and correct model complexity initialisation that EM has with a Gaussian
mixture model.

4.6.2 Example of EM on a 1D Lorentzian Mixture model

In this section we presert the sameexperiment of under-estimating the number of
modelsin the mixture, exceptthat the underlying probability distribution estimated
is the Lorentzian rather than a Gaussian. The derivation of the EM update equations
are given in Appendix A.2.

Solving the \E" and \M" steps given in the previous section numerically,
we ran the Lorentzian-basedEM on the sameground truth models as given in the
Gaussiansimulation example,but with only 2 modelsin the estimated mixture. The
results are shavn in Figure 4.7(b). One can seethat in this case,the right model
has correctly identied a ground-truth model. Howewer, the left model, rather than
being split betweenthe two ground-truth distribution, has selectedto certre on the
left of the pair. This is dueto the Lorentzian outlier insensitivity. As the distribution
is pulled towards onedistribution, the other onebecomedreated more and morelike
a set of outliers, and cortributes lessand lessto the parameter estimation. The only
e ect it hasin this caseis to spreadthe tted model wider that it would otherwise
be, but the model mean is in the right place. This illustrates the Lorentzian's
tendency to lock onto one underlying model, regardlessof incorrectly solving the
model selection problem.
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Figure 4.7: The results of 1D EM tting to a mixture model using the incorrect
number of sub-madelsis shavn here, comparing the behavior of the Gaussianwith
the Lorentzian. (a) shawvs the Gaussian t.
the right model is spread betweenthe certre and the right underlying models. (b)
shaws the samesystemwith the Lorentzian sub-models. The left model is correctly

identi ed. The right model locks-on to the underlying right model and the certre
model is relegatedto the status of outlier.
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Chapter 5

The Patchlet

5.1 Overview

The primary cortribution of this work is the conceptof the patchlet. The patchlet
is a new way of interpreting dense3D scans,particularly from stereovision. The
idea of the patchlet arosefrom the intuition that correlation stereovision is a region
matching technique and consequetly sensessurfaces,not points. It is basedon
matching image regionsof texture that represen small surface\patc hes" of texture
on physical surfacesin the world. The patchlet is a method of interpreting 3D scans
as a set of surface elemerts sampled from an underlying surface, rather than the
traditional method of a set of 3D points. Thesesurfaceelemerns have a position, a
normal and a size. Due to the projective nature of a camera,the sizeof a projected
pixel, and its assaiated surfaceelemer, will vary depending on the distance of the
surface from the camera. In addition to the position, orientation and size of the
patchlet, we also represen a con dence measureon the position and orientation.
This allows ead patchlet's individual con dence characteristics to be included in
larger surface estimation.

Correlation texture matching implicitly assumesunderlying surfacecortinu-
ity. This statemert is a simpli cation; correlation stereo does not always fail on
highly discortinuous scenes. But correlation stereois basedon matching two re-
gions of texture and for the regionsto match well it is bene cial that the texture
be largely on a surfacethat is not too oblique, occluded or discortinuous. This is
illustrated in Figure 5.1. In practice, we nd that the noisy or invalid stereo pixels
arein regionsthat are occludedfrom one camera,discortin uous, or poorly textured.
In fact, it is the assumption of continuous surfacesin disparity spacethat has led
to the very successfuhoiserejection lter describedin Section 3.3.1.

The goal of patchlets is to use surface elemens rather than 3D points as
the fundamental perception primitiv e in analysing 3D data from correlation stereo
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(a) Continuous case
Figure 5.1: Surfacecortinuity and correlation stereo: In the cortinuous case,(a),
both camerasperceiwe largely the sametextured region and consequetly the stereo
match will be more likely to be successfuland will have a high con dence. In the
discortinuous case, (b), both of the cameraswill include similar views of the the
foregroundobject but will clearly include very di erent regionsfrom the badkground.

This will reducethe quality of the correlation match.
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Figure 5.2: The patchlet surfaceelemen and its various parts
vision.

5.2 Patchlet representation

A patchlet is a local surface elemen which has a 3D position and surface normal,
similar to Szeliskiand Tonnesen'soriented particles [ST92], with the addition of a
physical sizeattribute like Fua's particles in [Fua96]. In cortrast to thesetechniques,
however, we do not try to create patchlets that are evenly sampledacrossa surface
or space(Fua), or from already known surfaces(Szeliski). We create patchlets, one
for ead stereopixel, on the basis of sensordata and with the understanding that
ead patchlet will have a di erent sizedependingon its parent pixel's projection onto
the sensedsurface. As well, the patchlet has con dence measuresfor its position
and orientation which are equivalent to a positional and pointing accuracy These
parametersare illustrated in Figure 5.2.

The parametersof a patchlet are:

origin (x) a 3D position indicating the certre of the patchlet

normal ( or [ ; ]) a normal direction. We use when referring to the
3-spacenormal vector, or ( ; ) angle pair when using polar coordinates illus-
trated previously in Figure 4.4.
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local coordinate system (T, ; T\") alocal pair of XY axeswithin the patchlet
plane that de ne the directions of the size parameters. The 4 4 homoge-
neoustransforms T, (world-to-local) and its inverse, T, (local-to-world) de ne
a relationship betweenthe world coordinate systemand the local patchlet co-
ordinate systemthat includesthe de nition of the local X and Y axes. These
transforms actually represen the origin, normal and X and Y axestogether,
although usually it is conveniert to refer to the normal and origin outside of
their cortext.

size (sx; sy) a sizeparameterin both the local X and Y direction

positional condence ( or ) represetted by avarianceor gammaparame-
ter (depending on whether Gaussianor Lorentzian positional modelsare being
used{ seeSections4.2.1 and 4.2.2) indicating the con dence of the patchlet
origin in the direction of the normal

directional condence ( ) represerned by the parameter of the Fisher
probability distribution (seeSection4.2.3)

It is important to note that some of these parameters are interdependernt.
The transform T" cortains the 3D position and the normal information. As well,
we often usethe normal/o set represemation of a plane. This represenation comes
from the standard plane equation

AXx + By+ Cz+ D=0 (5.1

In this equation, hA; B; Ci can be constrained to have a magnitude of 1, and then
is the normal vector of the plane. In this case, D is the perpendicular distance
between the plane and the origin and is referred to as the oset. The oset can
be determined from the patchlet normal and origin by taking the dot product, or
offset = Tx. The position con dence measureis constrainedto bein the normal
direction and sois e ectiv ely an o set con dence measure.

5.3 Estimating patchlet parameters

To extract a patchlet at a particular location in the disparity image, we usea neigh-
bourhood method that will usedisparity pixels in a region of the image around the
location of interest. Given the assumption that the sensedsurfacesare piecewise
cortinuous and denselysampled, we could use a simple \adjacent pixel" operation.
For example, it is possibleto estimate the normal of the surfaceat any pixel given
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the 4 adjacent pixels. One can t a secondorder curve through the three pix-
elsin ead direction (row and column) and estimate the surface orientation from
these quadratics. Howewer, sinceindividual points are noisy and often missing due
to invalid stereo data, a region-basedmethod will be more robust. Using more
points provides a smoothing or regularisation [Gri81] of the estimated surface and
is lesssensitive to Gaussiannoise. It allows us to provide simple outlier rejection
to discourt points within the region that are clearly either outliers or pixels from a
di erent surface(in the casewhere a neighbourhood overlaps two surfaces). It also
allows us to make surfaceestimateseven when one of the four immediately adjacert
pixels is invalid.

We chosea simple square neighbourhood, or mask, around the pixel of in-
terest. To create a set of patchlets from a disparity image, for ead pixel location
that contains a valid disparity pixel we perform the stepsoutlined below. In this
description, when we refer to \p oints" we mean uncertain points as described in
Section 3.4.

1. Create the set of points that are assiated with the disparity pixels that fall
within the mask{ This can be any size depending on the amount of regular-
ization necessary In our experimens we used5 5 masksin the disparity
image.

2. Remove any obvious outliers { abort if insu cien t valid pixelsremain (see5.3.1)
3. Create a best-t plane to the remaining points (see 5.3.2).

4. Project the certre pixel onto the plane to determine the patchlet origin and
determine the local coordinate frame and size of the patchlet (see 5.3.3).

5. Determine the con dence parameters by propagating the uncertainty of the
points to the patchlet parameter space(see5.3.4).

5.3.1 Initialisation and outlier rejection

Like most parameter estimation techniques, the above is sensitive to initialisation
and outliers. For outlier rejection,we have the advantage of having somenotion of
scaleor sizein our 3D point cloud. We calculate the size of a frontal-parallel pixel
at the certre point and this gives us a rough idea of the dispersion of 3D points
within the disparity neighbourhood. We then usea threshold to reject points that
are more than a certain number of \pixel sizes"away from the certre point. The
idea here is to get rid of grossoutliers that are completely o the surface we are
about to t. If we usea threshold like 100times the pixel sizeaway from the certre
point, we can be quite con dent that any rejected pixel is not an inlier.
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In addition to problemswith outliers, if an optimisation algorithm is poorly
initialised, it may either corvergeto the wrong local minimum (in the casewherethe
initialisation is not in the watershedof the global minimum) or it may take a much
larger number of iterations to corverge. To obtain a quick and reasonableinitiali-
sation, we calculate the plane parametersthat satisfy the unweighted least-squares
criteria. This can be solved e cien tly by using principal componert analysison the
matrix of momerts of a point cloud about its certroid. This invariably starts the
optimisation method within the correct local minimum watershed and reasonably
closeto the optimal solution. The plane re nement step from this point must take
into accourt the heteroscedasticattributes of the point covariance matrices.

This outlier rejection and initialisation is applied before estimating any of
the patchlet parameters. The nal threshold test is to ensurethat there are still
su cien t uncertain points remaining within the disparity image neighbourhood. If
lessthan the threshold, typically 50%, are remaining, we reject this neighbourhood
as being too inconsistert to t a patchlet.

5.3.2 Fitting the patchlet plane

To t aplaneto a setof uncertain points we usethe Maximum Lik elihood Estimate
(MLE). Following our discussionof MLE in Section 4.4, the MLE solution for the
plane parametersis one that maximisesthe probability of the plane model given
the patchlet data X. With a Gaussianuncertain model for the uncertain points,
this is the equivalert of the least-squaressolution, or minimising the sum of the
Mahalanobis distancesfor all the data points.

The data setis X = fX1 X,gwhereX; = f[xiy;z]® igrepreseits the 3D
position of the point and the covariance matrix represerting its uncertainty. For a
given plane H, there will be an assaiated error-squaredfor ead of the uncertain
points de ned by the Mahalanobis distance

= (Xi X%, 'xi Xy (5.2)

where )@i is the point on the plane that is closestto X ;. Unfortunately, this point
X is not necessarilythe perpendicular projection of X; onto H. It is the point
on H which minimises Equation (5.2). Recall from Section 3.4 that the uncertain
points making up X are heteroscedastic.We cannot useany methods of global coor-
dinate systemrotation and scalingto make the covariance matrices all align with the
coordinate axes, as the data is heteroscedastic. Consequetly, in order to evaluate
the Mahalanobis distance betweena plane and an uncertain point we must perform
a di erent whitening transform for ead uncertain point. The whitening (or spher-
ing) transform [KWV95] is a rotation and rescalingof the coordinate systemsothat
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a covariance matrix becomesa sphereor the identity matrix: equally weighted in
all directions. It is called\sphering" becauseof this direction-independert constart
weighting. It is also called \whitening" becausdt removesbias from data elemeris,
making them all equally weighted.

Evaluating point-to-plane error

To nd the point X; on plane H that is the closestto X; given the in uence of
the covariance matrix ;, we must apply a whitening transform to realign and scale
the world coordinate systemsothat the covariance matrix ; is spherical (i.e., the
identit y matrix), and consequetly equally weighted in all directions. (SeeApp endix
SectionsB.1 and B.2, Equations (B.1) and (B.2) for mathematical details.) This
is done by rotating the world coordinate frame to be aligned with the covariance
matrix principal axes,then scaledto make the principal componerts of equal size.
This transform is applied to the parametersof H and to X; to map them into the
whitened space. The point in whitened space, X}, that is the closestpoint on the
whitened plane H, to the whitened data point Xy, is the perpendicular projection
of X;w onto H,, (seeEquation (B.3)). The point X, is then mapped badk to
the unwhitened spaceto obtain X;. The details of the whitening and unwhitening
transform can be found in Appendix B.1. Howewer, the important consequenceof
this is that we must perform these mappings and projections for ead data point
and for ead iteration of the plane tting.

Plane tting with Levenberg-Marquardt

Becausethe point data is heteroscedasticwe could not obtain a closed-formsolution
to the MLE of the plane parameters, but required a iterativ e optimisation method.

We initially experimented with Newton's method [PTVF92]. With Newton's
method, one linearisesthe slope (i.e., assumethe rate of change of the derivative
function landscape is constart { this implies a secondorder surface) and predicts
when the derivative of the function to be minimised will be zero. It then updates
the current estimate of the solution to be at that location and repeats. For func-
tions that approximate a secondorder shape, it has the advantage of very quick
convergence.When applied to our problem, Newton's method works by iterativ ely
applying updatesto the current parameter estimate of the plane H to bring it closer
and closerto the optimal solution. ThereforeH;+1 = H; u whereH; represeits the
estimate of plane H at iteration i and u is the update applied to the parametersof
H; at that iteration. To apply Newton's method to this problem, we would linearise
the function, take the rst derivative, and predict how much update needsto be
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applied to H to bring the error (non-squared)to zero. This can be expressedas
Ju=-e (5.3)

whereJ isthe N M Jacobian matrix formed by

Jij = @
@

h; is the j th parameter in the plane model H, M is the number of parametersin

the model and N is the number of points or errors. We can solve for u by applying

the pseudo-irverse

Ju = e
JTlu = JTe
u = (7)) WTe

Howewer, the aggressie update strategy of Newton's method may have disadvan-
tagesdepending on the function that is being optimised. In our case,we discovered
the the function landscape was a long, narrow valley. This causedrouble with New-
ton's method asit often over- or under-shoots the optimal step size. This leadsto
the algorithm spending too much time oscillating bad and forth acrossthe valley
while very slowly moving along the valley towards the optimum.

To overcomethis, we selectedthe Leverberg-Marquardt (LM) method [PTVF92].

LM is a method with an automatically adapting step size that shortenswhen im-
provemerts are not being made and lengthenstowards Newton's optimal step size
as it gains con dence that the steps are not overly large. David Lowe provides
an excellen discussionfor the solution and stabilisation of this in [Low91]. The
discussionbelow follows his description and adapts it to our particular problem.

LM appliesa prior to the Newton method that speci es that the update step
size should be small (or zero). The equationsthen become

" # " #
J e
Y -
" #e " # " #e" o #
J J = J e
| | B | 0
ATI+ 2NDu = JTe
u = (3TI+ 2) WTe

Note that there is an extra set of linear equationsaddedto the system,[ []u = [0].
This adds a set of arti cial points to the minimisation approac that are always
perfectly satis ed before eaty update. They will act to reduce the update (and
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so reducethe step size) from the Newton iteration. The strength with which they
restrict the update is cortrolled by . The higher is, the more it restrains the
Newton update step.

Leverberg and Marquardt obsened that with this formulation, for = 0,
the solution wasidentical to Newton's method. As increasesthe solution becomes
gradiert descen with smallerand smaller step sizes. is governedby either dividing
or multiplying by a usersupplied constart typically between2 and 10. We selected
4, but the actual value of K is not very important.

The algorithm, then, is

1. selectan initial value for
2. evaluate initial error Eg = jej
3. iterate

(a) calculate update vector u
(b) calculate error Ej+1 = jej for Hiz1 = Hj u
(c) if Ei+1 < Ej then

i+1 = WI
(d) else

i+1 = K i,

His1 = H;

For small , the method approadies Newton's method which has the advantage of
fast corvergence. For large the method approades gradient descen with small
step sizesfor maximum robustness. After ead iteration the error is tested. If it is
not improving, then the step sizesare assumedto be too big, isincreasedand the
iteration is repeated from the previous starting position. If the error is decreasing,
then is decreasedsothat the minimisation increasesin speed. This results in an
adaptive minimisation that automatically nds suitable valuesfor

To usethis algorithm, we needto populate Equation (5.3). Each row in the
equation requires the residual error of a point with respect to the current plane
parameters, as well as the partial derivatives of that error. Evaluating the error
for eat point, g, is done by taking the squareroot of the squared-errorequation
givenin (5.2). To evaluate (5.2), we needto determine X;, which is discussedn the
previous subsection. To determine the partial derivatives of e; with respectto H,
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Viewing cone

Patchlet
Plane

Figure 5.3: Constructing the patchlet local coordinate system: the conerepreserts
the projection of the disparity pixel. The plane represetts the tted patchlet plane.

we useda numerical estimate:

@ - ei(H) e(HY
@;

where

h?z h; i 6]

hJQ: hJ +

5.3.3 Creating the patchlet local coordinate system

After determining the plane parameters of the patchlet, we needto determine the
local coordinate frame of the patchlet; the patchlet origin and the X-Y axesof the
local coordinate system. We will refer to theselocal coordinate axesas X, Y, and
Z, where the | subscript denotesthe axis aslocal. The local origin is set to the
intersection of the ray projecting from the cameraoptical certre through the certre
pixel for this neighbourhood with the patchlet plane. The coordinate system is
constructed as illustrated in Figure 5.3.

If we considerthe certre pixel projection through spaceto be a cone ema-
nating from the camera,the intersection of this coneand the patchlet plane will be
an ellipse. We chooseto setthe X, axis to the major axis of the ellipse. The Z; axis
is setto be the surfacenormal. The Y, axis is the normalised crossproduct of the
viewing direction and the surface normal. The X axis is the crossproduct of the
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Y| axis and the Z; axis. Or, if we label the cameraoptical certre as O, the patchlet
origin as Oy, and the normal as N then

Z| = N
Y = N OO
X =Y N

To determine the size of the patchlet, we calculate the size of this ellipse in
the major and minor axis directions. The minor (or Y;) axis is always perpendicular
to the viewing axis and sois the frontal-parallel pixel sizewhich issy = £ (herez is
the z coordinate value of the patchlet origin in the cameracoordinate system). The
sizein the major (or X)) axis direction is sx = =X where is the angle between
the normal and the viewing vector, socos = N O0.

Oncewe have the patchlet origin and coordinate system,it is a simple matter
to construct the homogeneoudransforms. The local-to-world transform is:

" #
™ = Xil ] [Z] [O0]
0 0O O 1

and the world-to-local transform, T, is the inverse.

5.3.4 Propagating patchlet uncertain ty

The last step in estimating the parameters of the patchlet is to propagate the un-
certainty of the basis 3D points to the patchlet parameter space. This determines
the con dence parametersfor the normal direction and patchlet position. The co-
variance matrix of the parameters estimated by the Leverberg-Marquardt method
described in 5.3.2is ' = JTJ whereJ is ewaluated at the corverged parame-
ter values of plane H [Low91]. Howewer, in spherical systemsit is always best to
avoid singularities that polar coordinates often cause(i.e., when = 0then is
unconstrained or meaningless for a globe, this is the situation wherethe normal is
pointing in the direction of the north or south pole, the globe can rotate, or change
its parameter, without a changein the axis direction). Consequetly, beforeeval-
uating J, we rst transform plane H and all the uncertain points that make it up to
usethe patchlet origin asthe world origin and the normal of the patchlet pointing
in the positive X direction. This is a position where the polar coordinates for the
normal, and , are equally weighted and it is as far as possibleaway from the
\north pole" singularity. After transforming the parametersand calculating the Ja-
cobian, the covariance matrix for the 3 parameters,f ; ; offset g is obtained from
ara L
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As in Section 3.3.3 we apply the methods for propagating uncertainty con-
tained in Faugeras[Fau93 but with somemodi cations. Sincethis method is based
on a Gaussianmodel, for the normal direction we rst propagate the uncertainty
into a variance for polar coordinates that represen the normal direction, and then
transform this varianceinto the Fisher model con dence measure .

Recall from Section 3.3.3 that propagating variance from parameter space
B to Aissimply A =J gJ' wherelJ is the Jacobian, J(i;j) = % In this
case,the uncertain points exist in 3D spaceand the patchlet parametersof interest
are those of an unbounded plane which we represent with polar coordinates for the
orientation, and an o set parameter,or f ; ; og. The elemers of the Jacobian are
calculated numerically.

The resulting covariance matr2ix hasthe for3m

A B C

= 9 B D E g
C E F
where the sub-matrix " #
A B
B D

is the covariance of the anglesf ; gand F isthe varianceof the o set parameter. C
and E are much smaller than other elemerts in the matrix due to the independence
of the anglesand the o set. A justication of the independenceof the angle and
0 set parametersis given in Appendix C.

In order to convert the 2 2 angle covariance to the Fisher model, we rst
nd the primary eigervalue of the matrix which indicates the largest variance of
the system, E. We then corvert this to the equivalent  value. The forms of

the Gaussianand Fisher distribution match very closely within ! range for
> 3, and so we set the magnitudes of the two curvesto be equal at the certre of
the distribution, . Equating the two curvesgives:
e %(X )2 g cos
p2_ - 4 sinh
We evaluate theseat the certre peak, (x )=0and = Oandit becomes
1 e
p2_ " 4 sinh
Substituting the exponertial equivalert for sinh, i.e., sinh = &-2—, then
n 1 — e
) - 4 & 2e
= 3 1 e?2)



For valuesof greater than 3, which is expected,e 2  0:0024s0(1 e 2) 1.
Making this substitution, we get

or r
= (5.4)

5.4 Results

While we present more details about the results of generating patchlets from stereo
data in Chapter 7, in this section we a shav a limited set of patchlet results on
synthetic and actual data to illustrate the patchlet features.

5.4.1 Patchlets from synthetic data

To test the creation of patchlets on synthetic data, we created a synthetic disparity
image. The synthetic object we choseto image was a simple squarebox. The box
sideswere aligned with the camera coordinate system and are 1m to ead side of
the optical axis. The end of the box was 5m away from the optical certre. The
disparity image was generatedby determining the corresponding 3D point on the
synthetic surface for ead pixel in the image. The 3D values were then mapped
badckwards through the stereorig parametersto generatea disparity value. Note,
this method doesnot simulate the imaging processexceptfor the geometry sothere
is no smoothing due to optics or stereoalgorithms.

4
b

(a) Appearanceimage (b) Disparity image

Figure 5.4: Synthetic disparity image of a 5m deepby 2m wide by 2m tall box. In
the appearanceimage, eat side of the box is mapped to a constart greyscale.
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Figure 5.4 shows the disparity image as well asthe appearanceimage, which
indicates how the sidesof the box would appear in the cameraview. The camera
parametersweretaken from the stereorig usedto acquirethe other stereotest data.
There are only 10 integer levels of disparity (5 through 15) in this disparity image,
but the disparity valuesare calculated to sub-pixel up to 1=128 of a pixel.

(a) Obligue view of point cloud (b) Close-upof upper-right badk corner

Figure 5.5: View of the 3D points extracted from the synthetic disparity image. (b)
shaws a close-upof the upper, right, badk corner of the box. Notice the sidesof the
box are much lessdenselysampledthan the bad.

Figures 5.5 and 5.6 shaws the resultant points and patchlets generatedfrom
the synthetic disparity image. These results were generatedwith a neighbourhood
mask sizeof 5 5. In Figure 5.5(a) one can seethat the bottom front of the box
is truncated. This is due to the eld-of-view of the camera. In Figure 5.5(b) we
can seea corner where the top, side and bad of the box are all visible. It is clear
that the sampling of the side and top surfacesis much lessthan the bad due to
those surfacesbeing viewed at an oblique angle. This is alsovisible in Figure 5.6(b)
where one can seethat the patchlets on the side and top are considerably larger in
order to cover the more sparsely sampled surface. The smoothing of the patchlet
neighbourhood operator is also visible where the surfacesmeetin Figure 5.6(b).

Figure 5.7 shavs a mapping of patchlet con dence measuresto greyscaleto
give us an idea of the levels of the and parameters of the patchlets. In both
casesbrighter indicates more con dence (higher , lower ). In both caseswe can
seethat where two planes meet there is a reduction in con dence, which is to be
expected due to the mixing of data from di erent surfaces. The lowest con dence
in both casesis the bad wall. This is in part due to this surfacebeing the farthest
from the camera, but it alsois due to the orientation of the bad wall with respect
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(a) Oblique view of patchlets (b) Close-upof upper-right badk corner

Figure 5.6: Shadedview of the patchlets that match the views in Figure 5.5. Our
apologies,there are somepatterns visible in (a) dueto aliasingin the rendering. This
is dueto the large number of patchlets (76800)and the limited areaof the rendering.
The patchlets arerenderedat 90%sizesothat the gapsbetweenpatchlets arevisible.

(a) Standard deviation ( ) (b) Fisher parameter

Figure 5.7: This gure shaws the standard deviation and valuesof the patchlets
displayed in greyscale. In both casesbrighter meansmore con dence: high , low

In (a) the square-root of the patchlet variance values are displayed graphically.
The valuesrange from 1mm to 1cm. The badk of the box is much more uncertain
than the sides. In (b) the Fisher model parameteris shovn. The bad of the box
has a low value of 1 whereasthe sidesof the box are quite constart with values
of 8:8. (The banding seenon the box sidesin (a) and (b) is causedby slight
perturbations in the 3D points causedby the quartization of the disparity image by
1/128 of a pixel.)

71



to the camera.

)

J / 7

(a) (b) (©)
e:0.25| e=0.3 e=0.7

Figure 5.8: The e ect of covariance/surface orientation on con dence

Figure 5.8 illustrates the e ect of the orientation between the uncertain
point covariance ellipse and the tted surface. The heavy, dark, horizontal line
represerns an estimated plane. The line betweenthe point and the plane indicates
the error contribution for that particular point. The ellipserepresens a single stan-
dard deviation of the point's covariance matrix. Sincedistance errors are weighted
by the standard deviation, the cortributed error is measuredin units of standard
deviation. We can seethat as the the standard deviation ellipse is rotated away
from the \straight on" position, the error value for the point increasesgeven though
the absolute distance betweenthe point and the plane remains constart. This is an
illustrativ e example. In actual practice, the standard deviation ellipse is actually
much more acute for stereo data, and this e ect is more pronouncedthan shown
here.

This increasingerror with increasingangle of incidence causesan ampli ca-
tion in both the error and the error gradiert. An increasederror gradient results
in an decreasein the variance of the parameter estimates, or in other words an
increasein the con dence of the parameter estimate. This e ect can be obsened
in Figure 5.7, especially in the valuesof . There is a sharp decreasein con dence
in the transition from the side walls to the badk wall. The angle between viewing
direction and box wall is only 11 degreesat this point.

5.4.2 Patchlets from real data

Figures 5.9, 5.10 and 5.11 shov an outdoor scenecaptured with a stereo camera
and the assaiated stereo, 3D point, and patchlet images. The sceneis the front
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stepsof the CICSR building at University of British Columbia. Figure 5.9(b) shows
the disparity image obtained from the image showvn in Figure 5.9(a). As in the
previous section, we have mapped the con dence measuresof the patchlet parameter
estimates into greyscalevalues that are displayed in Figure 5.10. As before, the
surfacesthat are more oblique to the cameratend to have higher con dence. As
well, the patchlets that arefarther away from the cameraare lessaccuratethan those
that are closer. Howewer, we can seethat since we are not dealing with synthetic
data, there is considerably more variation in the values.

.

(a) Appearanceimage (b) Disparity image

Figure 5.9: Image of stepsand assiated disparity image

(a) Patchlet standard deviation image (b) Patchlet image

Figure 5.10: Display of varianceand valuesof patchlets created from stereoimage
in Figure 5.9.

Figure 5.11(a-f) shows the patchlet information renderedfrom seweral view-
points. (a) shows the point cloud generatedfrom the stereoimage. (b) shows the
patchlet data with the patchlet color obtained from the recti ed image, while (c)
shows the patchlets with shadedwhite. (d) shows the far end of the stepswhere
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they join the concreteborder. This view is showvn from the front of the stepslook-
ing towards the building. We can seethe smoothing that occurs due to correlation
stereo between the steps and the vertical border surface. (f) shows that some of
the stepsare missing the top surface. The upper two stepsare missing this surface
becaussit is occludedfrom the stereocamera(as showvn in Figure 5.9(a)). The lower
stepshave somesmaller holesin the upper surfacesthat are due to stereofailing in
regionsof the stereoimage wherethe CCD hassaturated and sothere is not texture
available to the correlation stereoalgorithm.
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(a) Point cloud (b) Texture mapped patchlet view

————

(c) Shaded (d) View of far n of steps

e ]

(e) Closeup of step patchlets (f) View of \holes" in disparity image

Figure 5.11: Seeral 3D rendering of the patchlets created from the stereocimage in
Figure 5.9.
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Chapter 6

Surface segmentation and
estimation

6.1 Motiv ation

The problem of extracting accurate, bounded, higher-lewvel surfacesfrom noisy range
imagesis adi cult one,and onethat is well suited to demonstrate the usefulnessof
the extra dimensionspatchlets have over 3D points. This work was prompted by the
goal of environment modeling { creating compact environment represenations from
large amounts of noisy stereo data. Although patchlets lend themsehesto tting
of any parametric surface,to limit the scope of this thesis we electedto restrict our
ervironment model to planar surfaces. This was done not only for scope reasons,
but also becauseplanar surfacesare the most fundamertal 3D surface, the most
common one encourtered in man-made ervironments, and one that can be usedto
construct more complex shapes.

Ideally we would like to segmem and estimate all surfacessimultaneously.
This alleviates issuesencourtered with greedy algorithms, a greedy algorithm can
corrupt a later surface by an over aggressie segmemation of a previous surface.
Howewer, to solve a simultaneous estimation problem like this we must solve the
following sub-taskssimultaneously:

1. determine how many surfacesthere are { the model seletion problem

2. determine which data elemers belongto which surfaces{ the data assiation
problem

3. estimate the surfaceparameters{ the model tting problem.

In general,if one hassolved the rst and secondof theseproblems, the third is very
straightforward. If we have a set of data assignedto a particular surfacemodel, we
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can t asurfaceto that data fairly easily The dicult tasksare the model selection
and data assaiation problems.

Figure 6.1illustrates seweral di culties oneencourters when thesetwo tasks
are not solve satisfactorily. This gure shawsthe data as2D points and the surfaces
as lines for simplicity. Figure 6.1(a) shows the ground-truth surfacesand some
data that is generatedfrom them. Figure 6.1(b) shows the kinds of problems one
encourters when the model selection problem is not solved satisfactorily. Multiple
surfacesare assaiated with one model and the resultant t is poor. Figure 6.1(c)
shaws the kinds of problems one encourters when the data assaiation problem is
solved poorly. Multiple modelsmay try to t to the sameunderlying surface,leading
to the splitting of that data betweenthe two models, and poor ts. This is also
the problem shown in Figure 6.1(d). Over segmeting the data is another common
problem that is shown in Figure 6.1(e).

Figure 6.2: Unbounded surfacesattract outliers

Another decisionto be made was whether to put size constraints on our
planar surfaces,i.e., to useboundedsurfacesor to t unboundedplanes. Unbounded
planes are signi cantly simpler in medanics. A plane has only three degreesof
freedom. The number of parameters for a bounded plane depends on the shape
usedto limit its extent. We chosea rectangle. This adds two size parameters and
an orientation angle within the plane, making the bounded surfacea six parameter
object.

Our decisionto usebounded planescamefrom early experiments conducted
with unboundedones. Figure 6.2illustrates the di culties we found with unbounded
surfaces. In generalthere is a local region of support for ead surface, represened
in the gure by the cluster of points on the left. Howewer, for large data setsand
unboundedplanesit is inevitable that the plane will passnear someother points in
the data set, here shavn asthe cluster of points on the right. Sincethe distance of
the point from the plane is the perpendicular distance, outlier points sud asthese
can be any distance from the local surfacesupport group and still be closeenough
to the plane to be classied as inliers. However, since these points are rarely in
fact assaiated with that surface,they have a corrupting e ect on the parameter
estimation. This corrupting e ect is often quite strong, as the distance of these
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points in-plane from the certroid of the real support points can be quite large, and
this distance acts as a \lever arm", magnifying the cortribution of these points to
the orientation of the surface.

The choice to use bounded surfacesrequiresthat we must dewvelop a med-
anism in our model tting methods to limit the size of the plane. There must be
some\cost" assaiated with larger surfacesto keepthe size of the surface within
reasonablelimits. This canbe donewith connectivity constraints { all points within
the surface must be connectedin the image and the surfacesizeis then restricted
to be the smallest possibleto still encloseall assignedpoints. This connectivity
restriction, however, has the limitation of using image structure which we decided
earlier to restrict as much as possible. The reasonwhy we wish to restrict the use
of image structure (i.e., knowledge of the frow,columng position of ead patchlet
within a sourceimage) was that we wish to dewvelop methods that are amenableto
combining stereoimagesfrom multiple viewpoints. As soon as you imposeimage
structure as a requiremert, you limit the ability to directly compare data elemens
from di erent stereoimagesand consequetly di erent image structures.

Howewer, if our data elemerts have a size, as patchlet do, then the concept
of \connectivity" doesnot require image structure, as we can determine whether
two data elemerts contact or overlap basedon their size. This conceptis illustrated
in Figure 6.3. Figure 6.3(a) shows a set of points with two signi cant gapsin their
connectivity along a surface. Figure 6.3(a-d) show the resolution of the ambiguity
of these gapsif we replace the points with patchlets. In Figure 6.3(b) we can see
the the left gap is closedor bridged and the right gap is not. In Figure 6.3(c) both
gapsare bridged. In Figure 6.3(d) the right gap is not bridged, and we can also see
that it is not likely that the right most data elemer could belongto this surface
due to the large di erence in normal vectors.

6.2 Approac h

Oneof the moredi cult aspectsof extracting surfacesfrom large amounts of data is
the data assaiation problem. By \data assiation” we meanthe assignmen of eat
senseddata point to a generative surfacemodel. Once one has the assignmetts of
data to surfaces,the task of estimating the surfaceparametersis a well-conditioned
problem. The data assaiation problem canbethought of asdata clustering. Clearly
if one can \cluster" the data into surface groups successfully this is a solution to
the assaiation problem. There are seweral ways one could go about this. The two
logical approadieswe consideredwere: a greedy approac that would t one plane
at a time; or an approad that would try to t all surfacessimultaneously. In the
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end it wasa conmbination of thesetwo approades,the rst for initialisation and the

secondfor surfacere nement. )
The greedy algorithm conceptually is:

loop(i)
nd largest surfaceS; with most support from data set X
nd subsetof data, X assa@iated with S;
if X; subsetis smaller than threshold
end loop
remove X from X
save S
call loop( i+ 1)

The idea of the greedy method is to nd one plane that has good support
from the data, then remove the data asseiated with that plane and repeat. If
the method works, plane after plane will be t and their assciated data removed
from the available setuntil there is no data left or the plane t cannot nd su cien t
support. We usethis method for our initialisation approad discussedn Section6.4.
Howewer, this method is not robust when usedwith noisy points (not patchlets, but
unoriented points). One of the main issueswhen applying this method to point
data is outlier rejection. Clearly if oneis tting a single plane to all the data in a
complex scene,the t will not be accurate as there is more than one plane in the
scene.To work, we must reject points belongto all surfacesother than the onethat
is being t. In practice this is dicult. Either not enough points are marked as
outliers and too many points are assaiated with the surface, or too many points
are marked asoutliers and only a subsetof the true assaiated points are connected
to the surface. In the rst case,the estimate of plane parametersis poor due to
corruption by outlier points, and as well, when one removes the points assaiated
with the plane for the next iteration, too many points are removed. This leadsto the
removal of points that should have beenleft in the data set for the next iteration,
and solater planeswill not have the support they should have had. If too few points
are assaiated with the tted surface,then the next iteration of plane tting may
t the sameplane again, using the points from that surfacewhich remained after
the previous solution, leadingto nding the samesurfaceagain and again.

Our approad is to use RANSAC (RANdom SAmpling Consensusalgo-
rithm) [FB81, Tor95 to nd candidate surfaces. We then evaluate the success
of eath candidate and choosethe onewith the most support from the patchlet data.
We apply the above greedyalgorithm, removing patchlets that were usedto support
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previous surfaces. We cortin ue this until either a user-setmaximum number of sur-
facesis readed or until no more su cien tly supported surfacescan be found. We
then apply an EM-based surfacere nement on all initialised surfaces. The details
of these RANSAC- and EM-based methods are discussedin the following sections.

6.3 Surface model

To begin our description of surface extraction methods we rst explain the surface
model and the patchlet-to-surface metrics that we use. The surfacemodel is virtually

identical to the patchlet model, as both represen a bounded plane with con dence
measures. The di erence is that the surface parameterswill not be obtained from
the camerasensorde nition but will be determined by the aggregatepatchlets that
make it up. The parametersare:

origin (Xs) a 3D position indicating the certre of the surface

normal ( s or[ s; s]) anormal direction. As with the patchlet, we use g
when referring to the 3-spacenormal vector, or ( s; s) angle pair whenusing
polar coordinates illustrated previously in Figure 4.4.

local coordinate system (T.; TS') alocal pair of XY axeswithin the surface
planethat de ne the directions of the sizeparameters. The 4 4 homogeneous
transforms Ty (world-to-surface) and its inverse, T’ (surface-to-world) de ne

a relationship betweenthe world coordinate systemand the surfacecoordinate

systemthat includesthe de nition of the local X and Y axes.

size (Ssx; Ssy) a size parameter in both the local X and Y direction
positional condence ( g) represerted by a variance

directional condence ( g) represened by the parameter of the Fisher
probability distribution (seeSection4.2.3)

Patchlet { to { Surface metrics

We will needto make comparisonsbetween surfacesand patchlets often, in order
to evaluate how likely a given patchlet is related to a given surface. There are two
ways that we do this.

The rst isto usea Mahalanobis distance betweenthe surfaceand the patch-
let. In this case,we are evaluating the distance betweenthe patchlet and the surface,
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Figure 6.4: Relationship betweensurfaceand patchlets

both in position and orientation, normalised by a standard deviation. Sincethe o -
set and orientation errors are independen (seeSection5.3.4and Appendix C), the
Mahalanobis distance is evaluated by

mahal dist (S;X) = offset _dist (S;X)?+ angle _dist (S;X)? (6.1)

Where offset _dist (S;X) is the perpendicular distance betweenthe surfaceand the
patchlet normalised by the patchlet variance, and angle _dist (S;X) is the angular
di erence betweenthe surface normal and the patchlet normal normalised by the
equivalent variance of the patchlet Fisher parameter given in Equation (5.4) in
Chapter 5. Explicitly this is:

Xs s Xx g)?
X
(cosl(s «x)?
2

offset _dist (S;X)

(6.2)

angle dist (S;X)

(6.3)

Where Xs and s are de ned previous as the surfacecoordinate systemorigin and
normal respectively and X, and x are the patchlet coordinate origin and normal
respectively. This Mahalanobis distance is direct but simplistic asit doesnot take
into accourt issuessuc asthe grouping of patchlets assaiated with with surfaces.lt
is only usedin the RANSAC initialisation process;for EM we needa more rigourous
comparison.
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In that case,we evaluate a probability value basedon the Probability Density
Function (PDF) of a surfacegeneratingpatchlets, or P (X S). This canbe expressed
as

P(X]jS) = Px(X]jS)P (XjS)Ps(X]S) (6.4)

where Py is the positional probability model, P is the orientation or Fisher prob-
ability model and Ps is the bounded surface probability model. Py is either the
Gaussianor the Lorentzian model applied to the o set parameters. Ps is a model
basedon the distance betweenthe patchlet and the bounded surface measuredin
the surfaceplane. So

8 2
_ < p—zlie 3" Gaussian
Px(X]S) = . 1 - .
BTEBLTESE Lorentzian
where
X = Xy s
= Xs s
- S X
st x

For the Lorentzian model, we do not have a method for combining the patch-
let and surface parameter sowe only usethe surface .
The Fisher PDF, asdescribed in Section4.2.3,is

s X

-
P XIS = sy

where
s X

2 . 2
st X

Finally, for the bounded surface probability we usethe following heuristic

8
> 1 if X inside S
Ps(XjS)= _ 1 %9 it o< d(Xy;S) B
"0 if d(Xx;S)> B

where Xy is the perpendicular projection of X4 onto S, d(Xx;S) is the distance
of X outside of the bounded area of S and B is a user speci ed threshold. With

this model, if a patchlet projects to within the surface,there is no penalty applied
to the overall probability score. If it falls within a threshold outside of the surface
boundary, a penalty is applied that is linearly proportional to the distance away
from the surface, and if the patchlet is beyond the boundary by more than the
threshold, it is completely unrelated to the surface. This is to encouragelocality of
patchlets assignedto surfacesand is discussedfurther in Section 6.5.1.
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6.4 Initial surface identi cation

The initial estimates of the location, parameters and size of surfacesin the scene
are basedon the RANSAC (RANdom SAmple Consensus)algorithm [Tor95] with

somemodi cations to make the algorithm suitable for our data types. RANSAC
was designedto solve the problem of extracting a global transformation on a set
of features points betweentwo images,in the presenceof outliers. The typical ex-
ample would be two imagesof a largely static scenetaken from a moving camera.
The outliers are present due to either mismatched features betweenthe two images
or features assaiated with an independertly moving object. The idea of the algo-
rithm is to randomly selectthe minimum number of points required to solve for the
transformation. Solwe, and then compareits solution to all the points. If onetakes
su cien t random sets, it is very likely that one of the setswill cortain no outliers,

and the solution will be very good. When applied to all the points, the majority
of points will t quite well and the outliers will be easily detected as the points for
which it fails.

In our case,our minimum point set is actually \one patchlet", since one
patchlet is a full candidate for an unbounded plane. We then perform a region
growing about that patchlet and include any patchlet that is adjacert to the grown
region and whosedistanceis within athreshold. The region growing method ensures
connectivity and thus boundsthe surfacethrough image structure constraints. The
distance is measuredby applying Equation (6.1) betweenthe candidate plane and
the potential member patchlet. If the Mahalanobis distance is within two standard
deviation (2 which contains 95% of the GaussianPDF), the patchlet is included
into the set of patchlets that make up this candidate surface. After a user-speci ed
number of patchlets are included in the surface(in practice, 50), the surfaceparam-
eters are re-estimated to improve the surface t to the neighbourhood of patchlets.
From that point, the region growing cortinues until no more patchlets are found
to include in the candidate surface. Becausethe patchlets are organisedin a 2D
matrix assaiated with the pixels of the image from which they were derived, this
o od- Il processis computationally e cient. After the aggregation of patchlets is
complete, the sizeof the surfaceis determined to be the minimum sizethat includes
all member patchlets. The orientation of the X and Y axesof the surfaceare aligned
with the major and minor axesof variance about the surface certroid.

The above processis done a number of times to generatea number of single
surface solutions basedon a random seedpatchlet. The surface with the highest
scoreis retained. All menber patchlets are removed from the data set and the
processis repeated until the highest scoring surface does not exceeda preset limit.
For scoring, the simplest and most successfulmethod we usedwas the court of the
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number of member patchlets. We alsousedmethods sud asthe sum of the patchlet{
to{surface PDF valuesfrom Equation ( 6.4). This worked equally as well but since
there was(a) no appreciableimprovemert and (b) the units are not in pixels making
it moredicult to seta reasonablethreshold value, we usedthe simpler approad.
The nal surfaceis then \b ounded" to determine the additional parameters
beyond an unbounded plane. To determine these parameterswe do the following:

nd the certroid of all member patchlets within the surfaceand project this
certroid onto the surfacefor the surfacecertre position

compute the momert matrix of covariance of the patchlet positions around
the certroid { determine this momert matrix' eigervectors and values

set the local surface X axis as the primary eigervector (or the direction of
most spreadin the surfaceplane)

set the local surfaceZ axis to the surfacenormal
set the local surfaceY axis to the crossproduct vector of the Z and X axes

To determine the size of the surface we experimented with a few methods.
The rst isto setthe x andy sizeof the rectangleto completely encloseall patchlets
that are assaiated with the surface. The secondis to setthe surfaceto have a total
area of the sum of all the areasof member patchlets. Both methods worked well
for obtaining an initial estimate for surfacere nement. The rst method tends to
slightly over-estimate surface size and the secondtends to slightly under-estimate
the surfacesize. For the experimental results we electedto usethe secondmethod.

6.4.1 RANSA C extracted surface results

To illustrate the algorithm, we presert in this section the results of the RANSAC-
basedinitial surfaceestimation here with gures for eat step of the process. Fig-
ure 6.5 showvs the RANSAC surface estimation performed on the synthetic data
described previously in Figure 5.4. Sincethis data is \p erfect", we get a very con-
sistert result. The segmemation wasdonewith a priori surfacestandard deviations
of 2cm and 7.5 degrees.The algorithm proceedsiterativ ely. Each iteration the best
surfaceis located (shown in black) and removed from the data set. Figure 6.5 (f)
shavs the nal segmemation of the patchlet data into 5 surfaces,with black repre-
serting the undecidedpatchlets that are not clearly assa@iated with one surface.
Of more interest is to seehow this method performs on real stereo data
from a complex scene.We repeat the information showvn in Figure 6.5 on real data
and the results are shovn in Figure 6.6. This gure usesthe samestereo data as
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(a) rst surface (b) secondsurface

(c) third surface (d) fourth surface

(e) fth surface (f) complete segmetation

Figure 6.5: RANSAC-basedgreedy surface segmermation on synthetic data - black
indicates pixels assa&iated with the surface,grey are valid pixels, white are invalid
pixels or pixels have already beenassignedto a di erent surface
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preseried in the previous chapter in Figure 5.9. The RANSAC algorithm runs to

completion and identi es the presenceof 10 surfacesin the model. Each surface
identi ed is shawvn in Figure 6.6 (a) through (j). We can seethat the method begins
by extracting the larger surfacesand then proceedsto the smaller onesasthe data

available becomesprogressiwely more sparse. One can seein Figure 5.9 (b) and

(d) that occasionally the surfacesextend into regions which ideally would not be
included in that surface. There are strips of data on the vertical concrete border
at the far end of the stairs. These patchlets are included in the surface because
the patchlets on this border, which are quite far from the camera, have very low

con dence values. The low con dence value on the patchlets' orientation allows
these patchlets to be incorporated into a surface, even though the orientations do
not match very well. However, on the whole the method works.

Figure 6.7 (a) shows the recti ed sourceimage and (b) shows the segmered
image. Figure 6.8 shows the sameclustering in a 3D view from a di erent viewpoint.
The segmered image is created by taking the full set of surfacesand for ead
patchlet computing which surfaceit is most likely assaiated with. There is use,
howewer, of the \outlier class" described in Section 6.5 below, which is why not
ewvery valid patchlet has an assaiated surface.

6.5 Surface re nemen t with EM

The RANSAC surfaceextraction method describedin Section6.4 providesa reason-
able method for both model selectionand model initialisation. Howeer, to re ne the
solution to ensurewe have obtained an optimal surfaceestimation and assignmer,
we have deweloped a surfacere nement method basedon Expectation-Maximisation
(EM) that was described in Section4.5.

When solving a problem with EM, it is important to rst of all fully express
the probability that you meanto maximise. We begin by constructing a graphical
model to demonstrate the assaiations between dierent variables in the model.
This is shawn in Figure 6.9. In this graphical represertation, the symbols represert:

i { The parametersof the model for surfacej
Xi { The positional parametersfor data patchlet i

"i { The variance characteristics for patchlet i. This represeits the noise
processof sensingthe patchlet and is its measuremeh accuracy

z; { The data ass@iation parameter, this indicates that patchlet i originated
from surfacej if z; = j.

88



(&) rst surface (c) third surface

ettt} S b ot | S et

(g) sewenth surface (h) eighth surface (i) ninth surface

= '}’..J-‘

() tenth surface

Figure 6.6: RANSAC-based greedy surface segmetation - black indicates pixels
assciated with the surface,grey are valid pixels, white are invalid pixels or pixels
have already beenassignedto a di erent surface
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(a) Recti ed image (b) Segmered image

Figure 6.7: Full initial segmemation from greedy surface assaiations as shown in
Figure 6.6 including a 3D view from a di erent viewpoint.

Figure 6.8: A 3D view of the segmetrted patchlets in Figure 6.7 seenfrom a di erent
viewpoint.
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Figure 6.9: Graphical model for generation of senseddata from an underlying mix-
ture model of surfaces
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P

Figure 6.10: Simpli cation of graphical model

{A ¥ector of variables, f 1;::: wmg that indicate the likelihood of eadh
model. ; ; = 1. A larger surfacethat hasmore surfaceareaand is therefore
has more patchlets assaiated with it will have a larger value.

Figure 6.10 shavs a more compact version of the full graphical model that is more
commonly usedbut doesnot illustrate ascompletely the relationships.

These graphical models show the relationship of the models and that data.
The data assaiation variable z; is generatedfrom the model likelihood . The
patchlet data points x; are generatedfrom the data assaiation variables z; and the
assaiated model parameters , and are corrupted by sensornoise”;. This modelis
very similar to the standard mixture-model graph showvn in Figure 4.5but it hasthe
addition of the measuremen error terms ";. This is logical sincein basic problems
of this kind onedoesnot have explicit information about the measuremen error for
eadt data point. In our formulation we do have that information and should useit
accordingly.

Following the application of EM to mixture models as described in Sec-
tion 4.6, the equation we are trying to maximise is

XM _
logP( X) ij [logP(xij j) + log j] (6.5)
i=1j=1

P(xij j) is givenin Equation (6.4). The \E" and\M" stepsfor this model without
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referenceto the surfaceboundary is givenin Appendix A.4. A.4.1 givesthe deriva-
tion for the systemwithout consideringthe patchlet con dence measures';. A.4.2
givesthe derivation including the patchlet con dence measures.In both casesthe
updates for the surfaceo set parameter, ; hasa closedform solution, while the
surfacenormal requires a numerical minimisation. The numerical minimisation se-
lected was Downhill Simplex [PTVF92], which is a robust and very generalmethod,
although not exceptionally e cien t.

Using EM naively doesnot necessarilyresult in an improvemen to the surface
estimation and can lead to quite poor results. The most important issuethat can
have a strong e ect on the result is that of outliers in the sensordata. EM applied
to a mixture model makesthe assumptionthat all senseddata was generatedfrom
one of the presert models. This simpli ed view of the world causestrouble because
outliers will inevitably be assignedto some model, regardlessof the low quality
of t. Sincethe weights of the EM ( jj) are normalised per data elemen, ewen
if the natural PDF result was a very low attraction to all modelsin the mixture,
the normalisation will often make the patchlet strongly assaiated with one of the
models.

A common solution to the outlier problem is to introduce a \outlier class".
An exampleof this is the work doneby Liu et al. [LEC* 01] (although they describe
it asa\phantom" rather than \outlier* class). This is a uniform distribution that
covers the entire patchlet parameter range with a constart but small attraction or
likelihood value. Patchlets that t extremely poorly to all menmbers of the mixture
model will be more attracted to the outlier class. This prunespoorly tting elemerts
from the data setand prevents them from distorting the nal t. In our experimerts
we choseoutlier classthat had a model likelihood of 5% (that is, it should accoun
for roughly 5% of the patchlet data) and with a uniform attraction of 0.05.

6.5.1 Surface bounding

As discussedearlier, it was important for the successof the preseried methods to
have the surfacesbounded. The reasonwasto avoid the problem of assaiating un-
related patchlets to unboundedplanes. For an unboundedplane it inevitably passes
near somedata that is not actually related to its primary basisof support. These
data becomeincorrectly assaiated with the surfaceand the parameter estimation is
corrupted. Surfaceboundswere updated after ead \M" step of the EM re nement.
The overall surfaceareawas set asthe combined projective areaof all patch-
lets assaiated with the surface. The areacontribution of a patchlet to ead surface
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was weighted by the probability that the patchlet belongto that surface,or

X
Aj = ij @i
i=1
whereA; is the areaof surfacej and a; is the areaof patchlet i. In this respect, the
total areaof all surfacesin the mixture model were constrainedto be equal or less
than the combined patchlet area.

The origin of the surface was set to the certroid of the weighted patchlet
positions. Sincethe normal of the surfacewasupdated during the \M" step, the only
thing remaining is to determine the X and Y axesof the surfaceand the assaiated
size parameters sx and sy. This was done in a three-parameter gradient descen
seart, the parametersbeingf sx; sy; gwhere isarotation parameterin the plane
of the surface. The evaluation function for this seard was the number of patchlet
positionsthat fall within the rectangleweighted by their data assaiation probability

ij - This improved the surfaceboundariessigni cantly over the RANSAC principal
componert analysismethod of determining the primary axesof the surface.

6.6 Example results

Figure 6.11shonvsan exampletakenfrom Section7.6with the results of the RANSAC-
basedalgorithm and the EM-re nement. The white linesindicate the surfacebound-
ariesrenderedinto image space. The greyscalevaluesin Figure 6.11(c) and (d) indi-

cate the most likely data assaiation for the patchlet assaiation parameter. In this

example one can seethat the data assaiation along the boundariesof the surfaces
has beenimproved by the EM re nement. But especially the surface boundaries
have beenimproved and made signi cantly more accuratewith the gradient descem

seart on the bounding parameter space.
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(b) Disparity image

(c) RANSAC-basedsurface estimation (d) After EM re nement

Figure 6.11: Example surfaceextraction
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In generalthe EM re nement only hasto run a few iterations (v e or less)
beforeit corvergesto the optimal value, asthe RANSAC initialisation has already
seededthe initial guessesloseto the local optimum.

6.6.1 Future model selection strategies

In the algorithm described so far, we have relied on the RANSAC initialisation
method to determine the model selection solution. While this producesa satisfac-
tory result, it relies on the image structure and, looking aheadto when we will be
combining results from multiple images,this will be a problem.

One possibleavenue to solving the model selection problem would be to use
data-driven methods that attempt to maximize the information gain while minimiz-
ing the model complexity such as Minimum Description Length (MDL) [Sct7§], A
Information Criterion (AIC) [Aka74] or Bayesianinformation Criterion (BIC) [Ris7§.
In general,thesemethods attempt to determine the minimum amount of classese-
quired to achieve the maximum separationof information basedon information-gain
theory.

Howevwer, in practice the clusters we are investigating are so closein the
standard plane spacethat it is very di cult to separatethem. The separationreally
needsthe locality provided by methods like the RANSAC approad.

Our plan, then, for combining multiple imagesis to use RANSAC for the
model selectionof the rst image data set. When subsequeh data setsare attached
to the current body, we intend to use the current surface estimates and EM re-
nement to expand the current surface mixture into the new data. After this is
complete any data that remainsin the new image set can be subject to a RANSAC
run to determine if any new surfacesexist in the untted data. The ideais to use
the RANSAC model selectionapproad to initially bootstrap the system, and then
to useit on any \outlier class"data that remainswith ead added image.

6.7 Stabilit y over noise

To test the sensitivity of the surface segmemation over varying noise conditions,
we performed the full algorithm (RANSAC followed by EM) on the synthetic data
preseried in Figure 5.4. This time weintroducedarti cial Gaussiannoiseto both the
pointing and matching errors with equal standard deviations. We created patchlets
from the resultant noisy disparity imagesand proceededto segmen the surfaces.
The results of this are given in Figure 6.12. The pixels are colored accordingto the
surface segmenation.
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(@ = 0:05 pixels (b) = 0:1 pixels

(c) = 0:2 pixels (d) = 0:4 pixels

Figure 6.12: Surfacesegmetmation on synthetic imageswith noise
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As describedin Section5.4.1,the far surfaceof this synthetic imageis actually
5m away from the camera. Therefore, although it looks like an equal sided box, in
fact the camerais looking down along corridor. The far surfaceis, therefore, a ected
much more by this noisethan the sidesof the corridor that are closerto the virtual
camera.

One can seethat the method works successfullyin all but the most extreme
case. In Figure 6.12(d) the noise introduced is 0.4 pixels in both pointing and
matching errors. This leadsto an extremely noisy surface and the patchlet data
was very chaotic, consequetly no surface could be detected on the far wall. For
comparison,an error of 0:1 pixels at 5m yields a positional error of 10cm, while
an error of  0:4 pixels yields a positional error of 37cm.

It should be mertioned that stereoerror is not truly \salt and pepper" noise.
Although it is zero mean and Gaussiandistributed, it doesnot uctuate indepen-
dently pixel-by-pixel but appearsto vary more smoothly from regionto region. This
is due to issuesthat a ect regionsrather than individual pixels, sud as errors in
the lens distortion removal. Consequetly, the local surfaceswill be more regular
with real data of a certain error characteristic than they will be for synthetic data
of this kind. But even though the noiseis quite extreme, the sidesof the corridor
are still successfullyextracted.
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Chapter 7

Exp erimen tal Results and
Discussion

7.1 Experimental equipmen t

In this chapter we presert:
our experimental veri cation of the correlation algorithm accuracy

a veri cation of the improvemens to correlation accuracy when applying
Shimizu and Okutomi's cancellation function (seeSection 3.3.2)

a regressiontest that veri es the patchlet con dence parameters are within
the expected statistical bounds

seweral test imagessetsand resultant patchlets
surfaceextraction results on the test image sets

a discussionof computation requiremerts

a discussionof the useof outlier-classesv.s. Lorentzian models
insights on the role of surfaceand patchlet scaleto the process

The stereo data was obtained with a Point Grey Researt Digiclops 4.0mm focal
length trino cular stereorig shavn in Figure 7.1. Raw imagesweretakenat 640 480
pixel resolution andrecti ed to 320 240resolution. The recti cation processemaps
the raw imagesto t a pin-hole cameramodel imagethat is aligned row-by-row and
column-by-column with the epipolar lines of the stereosystem.

Figure 7.2 shaws an example of the results of the recti cation process.Fig-
ure 7.2(a) shows the referencecameraimage asit is delivered by a camerawith high
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Figure 7.1: Digiclops trino cular stereorig

lens distortion. Figure 7.2(b) shaws the sameimage after recti cation. Notice that
the lines that are actually straight in the real scene,such asthe door frames, can
appear curved in the unrecti ed image. This is due to the \barrel" distortion of a
wide angle cameralens. In the rectied image, all the lines that are straight in the
world appear straight in the image, which matchesthe projective transformation of
a pin-hole camera.!

(a) unrecti ed (b) recti ed

Figure 7.2: Example of recti cation

1The imagesin Figure 7.2 were taken with a 2.0mm Digiclops camera, a wider angle
Digiclops than was used for the test imagesin the rest of the results section. The 2.0mm
Digiclops imageswere usedfor this gure asthe lensdistortions are more apparert and so
better illustrate the issue.
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7.2 Analysis of correlation accuracy

In Section 3.3.3 we deweloped the methods for propagating sensorerrors to 3D
covariance matrices that represer the certainty of 3D points extracted from the
disparity pixels. Aside from the disparity images,this processrequirestwo sensor-
basederror values: pointing error and matching error.

The pointing error comesfrom the accuracy of the calibration of the stereo
rig. Point Grey Researt provides information on the accuracy of the calibration
of ead of their camerasystemsand for our systemthe calibration accuracywasan
RMS error of 0.08 pixels with a maximum error of 0.30 pixels. Theseerrors are for
the systemgeneratingrectied 640 480 pixel imagesand we performed our results
at one-halfthat that resolution, sothe pointing error of our system has a standard
deviation of 0.04 pixels.

The matching error, howewer, is a measuremen of how well the correlation
algorithm can match two image regions, and more speci cally how accurate is the
sub-pixel interpolation of that process. This is information that is not provided
by Point Grey Researt and so we had to determine this accuracy ourseles. The
method usedto determine this error follows in the remainder of this sectionbut was
determined, with sub-pixel interpolation bias correction (see Section 3.3.2), to be
0.05 pixels for our 320 240 stereocorrelation test images.

(a) unrecti ed planar surface (b) disparity for planar surface

Figure 7.3: Correlation calibration image

To determine this matching or correlation accuracywe made use of the error
model deweloped in Section 3.3.3 but set the matching error as an unknown pa-
rameter. We took an image of a known planar surfacewith good texture. In this
case,an o ce o0 or covered by carpet as shawvn in Figure 7.3. As one can seefrom
Figure 7.3(b), the well textured carpet works as an ideal pattern for stereo. The
right and bottom edgesof the image are noisedue to the lack of overlap betweenthe
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reference-topand the reference-leftcamerapairs. We trimmed the left and bottom
noise regions from the image and retained the certre, left and top portions of the
disparity image for testing.

We then processedhis disparity image for se\eral samplesettings of match-
ing error in the following manner:

1. giventhe provided matching error, we generateduncertain points asdescribed
in Section 3.4

2. solwe for a best-t plane to the uncertain points { a plane that minimisesthe
Mahalanobis distancesbetweenthe points and the planes

3. histogram the squareroot of the Mahalanobis distances between the points
and the best-t plane

Becausea Mahalanobis distance is normalised by the variance of ead uncertain
point, this distance is unitless, but all of the distancesare on the samescale. The
squareroot of a Mahalanobis distanceis e ectiv ely in the units of \standard devia-
tion". If our provided matching error correctly ts the correlation accuracyobtained
in the disparity image, our histogrammeddistancesshould t a unit Gaussian. That
is to say, 67% of the data points should fall within one standard deviation of the
plane, 95% of the data points should fall within two standard deviations of the
plane, and soon.
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(a) Biased correlation accuracy (b) Corrected correlation accuracy

Figure 7.4: Experimental comparisonof correlation accuracy with unit Gaussian

We performed this processingon a seriesof correlation accuraciesfrom 0.03
to 0.2 pixels. The values and curves matching the unit Gaussianbest are shovn
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in Figure 7.4. Figure 7.4(a) shows the results for standard sub-pixel interpolation
stereo. 2 The curves clearly match the standard Gaussianin form, and match-
ing error that ts the unit Gaussianis just above 0.1 pixels, approximately 0.12
pixels. What is more interesting, however, is the evidenceof the improvemern in
sub-pixel interpolation when using the sub-pixel bias correction described in Sec-
tion 3.3.2. With this correction a matching error of 0.05 almost exactly matches
the unit Gaussian. Sincethe bias-correctedsub-pixel interpolation valueswere so
dramatically more accurate than the uncorrected values, we used bias-corrected
sub-pixel interpolation for the rest of our experiments. The matching and pointing
errors for uncertain point generation were therefore set to be 0.05 and 0.04 pixels
respectively.

7.3 Patchlet parameter regression test

After setting the pointing and matching errors for our stereorig, we wanted to verify
that patchlet con dence metrics do, in fact, represen the reality of the situation.
To test this, we applied a similar test to that givenin the previous section. Taking a
picture of our planar carpet, we calculated the disparity image, uncertain points and
corresponding patchlets. We took the best-t plane (this is the plane that best ts
the uncertain points) and comparedour patchlet valuesto the surface parameters.
Again, what we expect is that 67% of the the generated patchlets are within 1
con dence measureof the surfaceparameters,that 95% are within 2 measures,and
soon.

Figure 7.5 shows the result of this test. The dashedline again represered
the unit Gaussiancurve. The solid line is the histogram of normalized distancesof
patchlets to the best-t surface. Although the histogram curve has slightly heavier
tails than the Gaussian, the accuracy of the match is surprising. From this we
concludedthat the con dence metrics of patchlets do, in fact, represert accurately
the accuracy of the patchlet parameters.

7.4 Image test sets

The remainder of the results preseried in this chapter are basedon a set of 12 test
imagestaken on the groundsof UBC nearthe CISCR building. The recti ed images
of thesetest setsare shawvn in Figures 7.6 and 7.7. The rst eight image setsare of

2This sub-pixel interpolation is provided by the Point Grey Researt libraries and uses
the linear \V" sub-pixel interpolation approac as opposedto the quadratic-t sub-pixel
interpolation.
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Figure 7.5: Experimental veri cation of patchlet con dence metrics

man-made scenesmade up almost entirely of planar surfaces. These scenesare the
caseswhere we expect very good results due to the structure of the scene. There
are somechallenges,howewer.

In Images 2, 3 and 4, there are someregions in the scenethat are quite
distant from the camera, at rangeswhere we can expect considerablenoisein the
stereoresults. As well, Images3 and 4 have a very complexscenewith many surfaces
and many very similar surfaces:the stepsare at the sameorientation and o set only
by a few certimetres making them very closeobjects in our clustering space.

Image 7, the farthest range \bric k corner" scenealso has someregionsthat
are at a distance. It also has a non-rectangular ground plane. Image 8 was added
as a sceneto determine how much structure at long distance could be extracted.

The remaining imagesare usedto seehow the methods perform on scenes
that are not made up exclusiwely of planar surfaces.Images9 and 10 have a conical
mound of dirt that is not planar. Image 12 has a statue with many curves, and
is also at somedistance from the camera. Image 11 is a scenewhere there are no
objects near the camera, and there are somevery irregular objects in the scene{
speci cally two walkers and a tree.
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(a) Image 1. front steps (b) Image 2: front steps

(c) Image 3: front steps (d) Image 4: front steps

(e) Image 5: brick corner (f) Image 6: brick corner

Figure 7.6: Images1-6
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(9) Image 7: brick corner (h) Image 8: courtyard

(i) Image 9: dirt pile () Image 10: dirt pile

(k) Image 11: walkers () Image 12: statue

Figure 7.7: Images7-12
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7.5 Patchlet construction

In this section we show the image test sets corverted to stereo disparity images
and to patchlet sets. Patchlets throughout this section were created with a5 5
patchlet neighbourhood mask. Figure 7.8 is an image of the planar carpet again.
This time, however, we have displayed imagesthat encade the con dence metrics
of ead patchlet generated. Figure 7.8(c) shaws the patchlet positional variance
mapped to greyscale, while Figure 7.8(d) shawvs a similar display of the normal
con dence parameter . The positional con denceis mappedrelativeto the patchlet
positional standard deviation (not variance) from 0 to 3mm, where 0 mapsto white
and standard deviations of 3mm and higher map to black. We can seea fairly
smooth increasein con dence aswe move from the top of the image (farthest from
the camera) towards the bottom of the image.

The imageis mapped between = 3 and 40, with black equaling values
of 3 or less. We can seesomeincreasein con dence in this imagebut it is primarily
dominated by the slight wobblesin the surface. As discussedin Section 5.4.1 and
illustrated in Figure 5.8, the relative orientation betweenthe cameraand the surface
hasa strong impact on con dence evaluation. We found that the surfaceorientation
had a much stronger impact on the orientation con dence than the distance from
the camera.

The structured variations in surfaceorientation so apparert in the image
are causedby calibration and recti cation artifacts which are systematic.

The con dence metric imageswere deemednot to be of as much interest
to the reader as the other images we will show, sudh as rendered 3D patchlets
and extracted surfaces,and so the imagesare not included in the results chapter.
However, they are included in Appendix D.

The remainder of this sectionis taken up with gures showing the results of
patchlet creation from the stereotest image sets preseried in Section7.4. In eadh
gure there are 4 images.

(&) Rectied image This imageshowsthe rectied image of the referencecamera
from the image test set.

(b) Disparit y image This image shaws the stereo disparity image of the image
test set. Black pixels indicate pixels that are marked invalid by the stereo
algorithm. Each disparity image hasa di erent range of valid disparity and is
scaledin that range for viewing. The disparity imagesare only represerted at
the integer disparity level, not at the sub-pixel level, which is why somefalse
cortouring is visible.
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(a) Rectied image (b) Disparity image

(c) Positional variance (d) Fisher

Figure 7.8: Carpet image con dence measures
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(c) 3D rendered patc hlets: coloured This imageshowsthe generatedpatchlets
renderedin 3D from a novel viewpoint. In ead imagethe viewpoint hasbeen
altered by moving the virtual camerato the right and lifting it somewhat.
The amount of this translation and rotation varies from data setto data set.
It was selectedby hand to give the viewer a good impression of the patchlet
set. Each patchlet is coloured by the greyscalevalue from its corresponding
recti ed image pixel.

(d) 3D rendered patchlets: shaded Texture mapped 3D models have a ten-
dency to look good even when their geometry leaves somethingto be desired.
This imagehasthe patchlets colouredwhite and at shadedto allow the viewer
a more impartial represenation of the 3D structured obtained by the patchlet
determination.

We also presert commens on ead individual image set result. As one can see,
the 3D reconstruction is signi cantly better when the sceneis closerto the camera.
Howewer, the goal of this researt is to investigate using low-resolution as well as
high-resolution data. Many of the imageshere were usedwith low disparity ranges
and maximum (closest) disparities of lessthan 15. To cortrast this, the image of
the woman's face shown in the Introduction had a maximum disparity of 64.
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(a) Rectied image (b) Disparity image

(c) 3D renderedpatchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.9: Image 1. stepsclose-up

This imagewastaken at relatively closerange. Points rangefrom about 75cm
from the camerato 125cm. The e ectiv e range of disparities is only 12, from 21 to
33. There are someinvalid disparity pixels causedby saturation of the CCD and
consequelly lossof texture in that image region. Thesedata holesare propagated
to the patchlet set.
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(a) Rectied image (b) Disparity image

(c) 3D rendered patchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.10: Image 2: front steps

This image had an active disparity range of 20, from disparity 6 at the doors
in the badkground, to 26 for the front step. It also suered some loss of data
from saturated CCD values. The patchlet set has missedthe top two horizontal
surfacesasthese surfacesare too oblique to the camera. One can seethat the lower
steps,which occupy proportionately more of the image and are closerto the camera
have a much cleaner patchlet construction than the top step and the doors in the
badkground.
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(a) Rectied image (b) Disparity image

(c) 3D renderedpatchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.11: Image 3: front steps{ side view

This image had an active disparity range of 21, from 3 to 24. Howewer, the
rangeis moreinteresting becausethere are surfacesthat arevisible asthey transition
through disparity space.In the shadepatchlet image someoscillations can be seen
on the distant surfaces. This is the remnants of the sub-pixel bias discussedin
Chapter 3 which the Shimizu cancellation function could not completely eradicate.

One can note that the step edgesin this image are more rounded than in the
previous two due to the greater distancesand consequetly greater smoothing by
stereoand patchlet masks.
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(a) Rectied image (b) Disparity image

(c) 3D rendered patchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.12: Image 4: front steps{ side view { far

This image has only 12 active disparity values, from 1 to 13. It is taken at
a greater distance than the previous front step imagesand this is apparert in the
patchlet reconstruction. The oscillation and smoothing e ects are more pronounced,
asthey increasewith lower disparity values. What is signi cant is the top two steps
almost disappearinto a singlesurfacedueto the smoothing e ects. This is primarily
causedby the correlation stereo, not the patchlet creation.
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(a) Rectied image (b) Disparity image

(c) 3D renderedpatchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.13: Image 5: brick corner{ close-up
This image has 23 active disparity valuesranging from 23to 46. Due to the
high texture of the brick, the disparity imageis very dense.However, ascan be seen

in the shadedimage, the regular brick pattern doescausesomesystematic errors in
the stereo.
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(a) Rectied image (b) Disparity image

(c) 3D rendered patchlets: coloured (d) 3D rendered patchlets: shaded
Figure 7.14: Image 6: brick corner
This image has only 11 active disparity values, from 15 to 26. The results

are very similar to the previous image exceptthat the slightly higher stereoerrors
are apparertly in the shadedimage.
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(a) Rectied image (b) Disparity image

(c) 3D renderedpatchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.15: Image 7: brick corner{ far

Becausethis ertire sceneis quite distant, the active disparity range is fairly
small, only from 5 to 13. As can be seenfrom the patchlet view, there is a large
region on the oblique wall that could not be obtained from invalid disparity values.
As well, the most distant wall has considerablenoise. Regardless,however, the
overall structure of the sceneis apparert through the patchlets.
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(a) Rectied image (b) Disparity image

(c) 3D rendered patchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.16: Image 8: courtyard
The courtyard image was taken at a very long range to test the utility of
extracting distant structure using patchlets. The active disparities range from 0 to

12. The patchlet view illustrates the fact that the 3D reconstruction degradeswith
distance.
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(a) Rectied image (b) Disparity image

(c) 3D rendered patchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.17: Image 9: dirt pile { low

This image was taken of a non-man-made shape to experimernt with non-
planar surfaces.The active disparity rangesfrom 4 to 19.
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(a) Rectied image (b) Disparity image

(c) 3D renderedpatchlets: coloured (d) 3D rendered patchlets: shaded
Figure 7.18: Image 10: dirt pile { high
This image was taken of a non-man-made shape to experiment with non-
planar surfaces. The active disparity rangesfrom 0 to 14. Someportions of this

image were much too far to attempt patchlet construction (i.e., the building viewed
in the distance).
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(a) Rectied image (b) Disparity image

(c) 3D rendered patchlets: coloured (d) 3D rendered patchlets: shaded
Figure 7.19: Image 11: walkers and tree
Another image taken of non-man-madeobjects. The active disparity ranges

here was very low, only 1 through 9. This limited disparity range se\erely impacts
the quality of the reconstruction.
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(a) Rectied image (b) Disparity image

(c) 3D rendered patchlets: coloured (d) 3D rendered patchlets: shaded

Figure 7.20: Image 12: statue

This image had an active disparity range of 1 through 14.

121



7.6 Surface extraction

In this sectionwe preseri the results of the RANSAC- and EM-based segmeration
results on the 12 image test sets. The results are shovn by colour coding the
pixels by the surfacesthey are assaiated with and by rendering the rectangular
surfacesinto the image space. Theseresults were all done with Gaussianpositional
models and with outliers classesas described in Section 6.5. The surfaceaccuracy
parameters were provided a priori and unlessotherwise speci ed had an accuracy
of 2cm positional standard deviation and 5 degreesdirectional standard deviation.
The model selectionwas solved by the RANSAC-basedalgorithm (seeSection7.6.1
for results speci c to the model selection problem). In generalthe EM methods
took lessthan 10 iterations as the RANSAC initialisations were very closeto the
optimal result.

The segmemation is colour coded, and the outlier class patchlets are the
darkest classand alsodo not have an assaiated renderedrectangle. In general,the
EM classi cation has cleanerseparation between surface classesand more accurate
surfaceboundaries.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.21: Image 1 surfaceextraction
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.22: Image 2 surfaceextraction

The doorsin the bad have all beenpicked up by the outlier classin this image
set. Note that the invalid pixels limited the externt of the RANSAC segmetmation on
the secondstep while this has beencorrectly xed in the EM-based segmemation.
Somesettings of surface con dence parameters causedsuccessfulextraction of the
doors in the badk. For more commert on this seeSection 7.10.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.23: Image 3 surface extraction

This sceneendedwith 8 selectedplanes. Somesettings of surfacecon dence
parameters causedsuccessfulextraction of the concrete balustrade. For more com-
ment on this seeSection 7.10. In this result some of the surfaceshad a tendency
to bleed into the balustrade region. This is in part due to the weak con dence
parametersfor the balustrade. Sinceit is quite far from the camerait has wealer
con dence valuesand consequetly has more freedomto join surfaceclasses.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.24: Image 4 surfaceextraction

As seenin Figure 7.12, the top steps of this image had been excessiely
smoothed in the stereo processing. Consequetly, the individual stepshave largely
disappearedand the top few stepsappear more asa ramp than as separatesurfaces.
This is the result from the surface tting. A ramp-like surface ts to all but the
bottom few steps.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.25: Image 5 surfaceextraction
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.26: Image 6 surfaceextraction
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.27: Image 7 surfaceextraction
Although from the patchlet result we could seethat the noise on the back
wall was quite extensiwe, the surfacesegmetation still successfullyidenti es all the

major planar surfacesin the scenewith fairly good accuracy User-speci ed surface
parameterswere 5cm positional and 10 degreestandard deviations.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.28: Image 8 surfaceextraction
Although the distant objects in this scene,such as the pillar, are quite far
from the camera, the method can still extract the dominant features. The pillar is

8m from the camera. User-speci ed surface parameterswere 10cm positional and
12 degreestandard deviations.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.29: Image 9 surface extraction
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.30: Image 10 surfaceextraction
As is to be expected when tting planar surfacesto a curved surface, the
planar positions are not necessarilystable between the RANSAC and EM based

algorithms. Howewer, both solutions are reasonableapproximations to the curved
surface. The method works quite well aslong asthe curvature is not too sharp.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.31: Image 11 surfaceextraction
This imageis a di cult one and was done with standard deviations of 5cm
and 10 degrees. The farther walker is not identi ed through the RANSAC initial-

isation algorithm as sheis too small and the patchlets vary too much. However,
surfacesare identi ed in the tree and the nearerwalker aswell asthe ground plane.
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(a) Recti ed image

(b) RANSAC-basedsurface estimation (c) After EM re nement

Figure 7.32: Image 12 surfaceextraction
The planar surfacesin the sceneare detectedwell : the ground plane and the
major surfaceson the pedestal. The statue is a non-planar object and the planesare

not necessarilystable, yet the t is areasonableapproximation giventhe algorithm's
constraints.
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7.6.1 Example of model selection pro cess

Toillustrate the model selectionprocesswe presert the full results for Image 3, the
most complicated scenewith the highest number of models. Figure 7.33 shows the
processgoing from 3 modelsto the stopping point of 8 models. Each iteration the
RANSAC and EM basedalgorithms were run, with the results from the previous
result beingusedto initialise the next attempt with oneextra model. The RANSAC
approad thus only hasto identify one additional model ead iteration and the EM
approad convergesquick as most of the models are already at their optimal values.

(a) 3 models (b) 4 models
(c) 5 models (d) 6 models
(e) 7 models (f) 8 models

Figure 7.33: Image 3: model selection{ attempts at using 3 through 8 models
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7.7 Ground truth comparisons

To test the validity of the planar surfacesegmetation, we performed a comparison
of the EM-segmerted planesto a manually determined ground truth segmetation.
The 3 staircaseimages,Image 1, 2 and 3, were ead classi ed by hand into their
major surfacesand comparedto the results shavn in 7.6. The results of this com-
parison are presered in this section. In Figures 7.34, 7.36 and 7.38, we shaw the
rectied imagein sub- gure (a), the ground truth image in sub- gure (b) and the
EM-based segmemation result in sub- gure (c). In the \ground truth" image we
display the borders of eath segmemation surface overlaid onto the rectied image
to make theseimageseasierfor the readerto interpret.

Figures 7.35, 7.37, 7.39and 7.40 show visual comparisonsof the segmen-
tation result between the ground truth and EM-based results. The white pixels
indicate the locations where the EM and ground truth agree. The black regions
indicate where the EM segmetmation does not match the ground truth. The dark
grey pixels indicate the remainder of the ground truth region for this surface.

It is understandablethat the EM segmemation will not completely extract
the ground truth region. There occasionalinvalid pixels within the stereodisparity
image and there are the regionsalong the right and bottom edgesof the disparity
image wherethere is insu cien t overlap betweenthe camerapairs to extract mean-
ingful disparities. Consequetly we only count the falsepositives,that is the number
of pixels that the EM segmetation claimed was part of this surfaceand that the
ground truth denied. The percertage of the EM segmered pixels that match the
ground truth are givenin Tables 7.1, 7.2and 7.3.

Surface | Size(pixels) | % correct
1 13224 98.9%
2 8454 96.2%
3 10824 91.9%
4 8729 92.2%
5 4336 90.5%
6 6480 88.5%
Average 93.0%

Table 7.1: Image 1: summary of segmeimation accuracy

The segmemation of Image 1 successfullyidenti ed the samenumber of mod-
elsasthe ground truth segmemation. This is to be expectedasthis is the oneimage
of the three that is the least complex. We can seefrom Figure 7.35and Table 7.1
that the segmemation was largely successful. The EM segmetmation averaged93%
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(c) EM segmetmation result

Figure 7.34: Image 1: comparisonof ground truth and EM segmered planes
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(a) Surfacel (b) Surface?2

(c) Surface3 (d) Surface4

(e) Surfaceb (f) Surface6

Figure 7.35: Image 1: Surfaceby surfacecomparisonof segmermation
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correct pixel-by-pixel when comparedwith the ground truth.

Surface | Size(pixels) | % correct
1 4791 94.8%
2 10329 83.1%
3 3811 99.4%
4 10047 71.9%
5 7560 79.0%
Average 85.8%

Table 7.2: Image 2: summary of segmemation accuracy

The EM segmemation in Image 2 missedtwo surfacesthat wereidenti ed by
the ground truth segmemation. The reasonsfor this are the small sizeof the missed
surfacesin the image and the distance of them from the camera. The RANSAC
method that is used for model selection is dependert on the surface occupying
enoughspacein the imageto be detectable. The smaller the region the lesslikely it
will be detectedby the RANSAC segmemation. Also the accuracyof farther surfaces
is considerably lessthan closer surfaces. Sincethe RANSAC method relies on the
patchlets being within the speci ed tolerancesof the surface accuracy parameters,
there is lesschanceto obtain successfulsurfacesat farther distances.

The EM segmemation was quite successfulwith the 5 surfacesit correctly
detectedand segmened. Figure 7.37 shows the surface-ly-surfaceaccuracyand this
information is summarised with accuracy percenagesin Table 7.2. The average
accuracyfor this image was 86% and this averagewas pulled down by the rates for
surfaces4 and 5. Thesesurfacesare the onesthat border the surfacesthat were not
detected by the model selection processand consequetly the EM surface classes
\blo omed" into the unclaimed image region. This blooming is to be expected when
there is not another surfacethat is competing for that area's patchlets. One can
notice that wherethe bordersof surfacesappearthe bestis wheretwo surfacesmeet.

Finally, we repeated this test for Image 3, which is a much more complex
scenethat either of the previoustwo. Theseresults are shown in Figures 7.38 7.39
and 7.40. Image 3 has eight surfacesidentied by the RANSAC model selection
process. Again there were two surfacesmissed compared with the ground truth
segmetation and for the samereasons: size in image and distance from camera.
Also again the surfacesthat were adjacert to missing classesbloomed into the
unclaimed territory , in this caseSurface6 and Surface?.

As well, Surface 4, 6 and 7 crept into the distant stair balustrade. This
was explained earlier and is due to the low con dence values on the patchlets in
that region, as they are quite distant from the camera. The perceriage accuracies
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Figure 7.36: Image 2: comparisonof ground truth and EM segmered planes
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(a) Surfacel (b) Surface?2

(c) Surface3 (d) Surface4

(e) Surfaceb

Figure 7.37: Image 2: Surfaceby surfacecomparisonof segmermation
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(c) EM segmetmation result

Figure 7.38: Image 3: comparisonof ground truth and EM segmered planes
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(a) Surfacel

(c) Surface3

Figure 7.39: Image 3: Surfaceby surfacecomparisonof segmeration

(b) Surface?2

(d) Surface4

Surface | Size(pixels) | % correct
1 4313 99.9%
2 3164 69.7%
3 6532 99.1%
4 6490 78.8%
5 4283 99.4%
6 6649 66.7%
7 5714 61.9%
8 2415 80.9%
Average 82.0%

Table 7.3: Image 3: summary of segmermation accuracy
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(a) Surfaceb (b) Surface6

(a) Surface7 (b) Surface8

Figure 7.40: Image 3: Surfaceby surfacecomparisonof segmeration
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are shown in Table 7.3. The low percertage surfaceswere 2, 4, 6 and 7. Surface
4 was low due to its inclusion of the balustrade. Surface6 and 7 were so due to
their inclusion of the balustrade and their blooming into adjacert unclaimed space.
Surface2 had a small amourt of blooming, but becausethis surfaceis so narrow, it
has a high proportion of border to area, and consequetly a small error in border
position resulted in a large error in segmetmation percertages.

Theseresults are a comparisonof image segmetation and pixel classi cation
and does not addressthe accuracy of the surface parameter extraction. Unfortu-
nately, for surface parameterswe do not have ground truth available. Howewer, it
doesaddressthe two problems of model selectionand data assaiation which, aswas
discussedin Section 6.1, are actually the most di cult and most important issues
in the task of surfacesegmemation and estimation.

7.8 Fitting: points v.s. patc hlets

To investigate the e ectiv enessof the orientation parameter of patchlets in segmen-
tation, we ran the same segmetation experiment with the orientation parameter
of the patchlet suppressed. This is e ectively tting surfacesto point data only.
We usedthe full patchlet model for the RANSAC initialisation but suppressedhe
orientation for the EM re nement.

(a) With full patchlet model (b) With position only

Figure 7.41: Image 3: comparisonof tting full patchlet model and tting positional
information only, without the patchlet orientation

Figure 7.41 shows the result of this experiment on the Image 3 test set.
Becausethe RANSAC model selection usesthe EM segmetation at the previous
model cournt (see Section 7.6.1), the model selectionis not the samefor the two
cases.The position-only experiment stopped with a model selectionof six, opposed
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to eight for the full patchlet model experiment. The results of the position-only
experiment are shavn in Figure 7.41(b). One can seethat the localisation of the
surfaceboundariesis clearly not asgood asin the full patchlet model segmemation.
This is due to planes tting acrosssteps, as can be seenespecially in the lower
lefthand class. This demonstrates the improved cluster discrimination available
when the parameter spaceof the 3D data is expandedto include orientation.

7.9 Lorentzian v.s. Gaussian

Although we have developed methods for usewith the Lorentzian distribution model
for patchlet position, in actual practice this model was not required and proved to
beadicult systemto getworking well. The idea of the Lorentzian distribution is
that it is insensitive to outliers and can lock onto valid structure in a complexscene
without concernabout whether the outlier data is assaiated with this distribution
or not. This should obviate the needfor an\outlier" classasdescribedin Section6.5

In practice, the \outlier" classdoesan excellent job at achieving what the
Lorentzian distribution wasintended for. The Lorentzian proved to be not asinsen-
sitive to outliers aswould be hoped and typically was drawn o the ideal optimum
by incorrect data assaiation, whereasthe Gaussiandistribution tended to fall-o
so quickly that it would quickly relinquish an outlier to the \outlier" class. Conse-
quertly, the Lorentzian was not usedin generatingthe nal set of results.

7.10 The role of scale

We use surface con dence measuresassciated with our surface parametersin the
samemanner as we usefor patchlets. Howewer, these con dence measuresare sup-
plied a priori to ead experimert. It should be possibleto estimate the valuesduring
EM, to obtain the natural scaleof ead feature. This is, in fact, what most EM ap-
plications do. In practice the clusters of our systemswere too closeand with too
much overlap to make this approadt practical. However, it would be interesting to
investigate this issuefurther.

For example,we found that for coarseor loosesurfacecon dence parameters,
we would obtain someof the surfacesin the sceneswith poor con dence and many
inaccuraciesin the patchlet positions, sud asthe doorsin the badground of Image
1. Howewer, for these settings, the closer, more accurate, surfacestended to be
mergedinto one surface.

Clearly there is a trade-0 betweenthe scaleor accuracy of the surfaceand
the model selection problem. For example, at ridiculously loose accuracy speci -
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cation of the surface, the entire data would be lumped into one enormoussurface.
One can visualise a family of surfacesfor a 3D scenebasedon scale. The lowest
scalewould have all the data mergedinto onelargeill- tting surface. As the tting
requiremerts becomemore and more stringent, this large surface would gradually
breakinto smaller and smaller pieces. We hoped that there may be someconnection
we can dewelop betweenthis family of surfacesand our surfaceextraction processes.
We performed someexperimerts to investigate this using the surfacecon -
dencemeasuresas a \tuning knob" to move the surfacesegmetmation up and down
this family of surfaces. We found that in generalthere is a natural scalefor eat
surfacethat is stable over a large range of \tuning” settings. This natural scaleis
likely assaiated with the con dence metrics that would be estimated by the EM
processand we would like to extend this researt to investigate this phenomenon.

7.11 Computation timing

We should give a brief word on the computation required to perform the processing
reported in this section. It should be noted, howewer, that in many parts of the
processingwe utilised numerical seard strategiesthat were basedon the Downhill
Simplex seard algorithm. This algorithm is very robust and problem-insensitive
but it is not particularly e cient. The e ciency of many of these steps could be
improved dramatically.

The timing reported here were done on an Intel Pertium4 2GHz processor
running the Linux operating system. Stereo disparity processingwas done by the
Point Grey Researt optimized stereo algorithm and was the fastest part of the
computation, taking a fraction of a secondto generatethe 320x240disparity image.
Generating the uncertain points from the disparity image was also quite fast again
taking a fraction of a second.

The processingof the uncertain points into patchlets, howewer, took consid-
erably longer. It must be remenbered that the tting of patchlet data usesthe
Leverburg-Marquardt iterative tting algorithm for ead patchlet involved. For our
data setsthis was typically for 45,000local ts. These ts took 0.005secondsper
patchlet for a total computation time of approximately 4 minutes per image. This is
the heaviest computation of the method and could be improved dramatically by forc-
ing local uncertain points to conform to homoscedasticerror characteristics. This
would result in a fairly small changein the best-t and allow the use of closed-form
solutions.

The RANSAC-basedestimation takes approximately 1.5 secondsper model
attempted. The time for a complete image must be multiplied by the number of
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models present. The EM re nement showved the most variation in timing, generally
taking lessthan 10 secondsto perform. But this is highly dependert on the quality
of the initialisation and the number of modelsin the systemand in somecasescould

take up to 3 minutes to complete.
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Chapter 8

Conclusions

The main thrust of this thesis is to explore a new method of interpreting corre-
lation stereo 3D sensingand apply this method towards compact modeling of 3D
ervironments. To do this, we made cortributions in the areasof Itering and stereo
disparity results, extracting surface elemens from stereoimages, and robustly ex-
tracting and estimating boundedplanar surfacesin complexstereoscenes.The main
contributions of the thesis are

the patchlet model

surfaceextraction from complex stereoscenes

stereonoise ltering basedon surfacecortin uity

estimation of 3D point error basedon correlation stereoerror propagation

Thesecontributions are briey summarisedbelon. As well, we include oneillustra-
tive gure for ead cortribution.

8.1 Patchlet model

The patchlet model is described in Chapter 5 and is the primary contribution of
this thesis. The patchlet is a surface elemen model usedto represen the results
of correlation stereodepth images. It has a position, normal direction and size as
well as con dence metrics on the position and normal direction. These con dence
metrics are propagated using the knowledge of the accuracy of camera calibration
and correlation.

The patchlet is inspired by the conceptthat correlation stereois a surface-
sensingrather than point-sensingtechnology. Densecorrelation stereorequiresthere
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Figure 8.1: Patchlet example

to be a surfacewith su cien t local variation and sothe constraint that sensedvalues
are surfacesis consistert with the sensormodel.

The patchlet contains additional dimensionsof information beyond the 3D
point and this information canassistthe interpretation of stereodepth images. Con-
nectivity of patchlets can be maintained through surfacesize even if the compared
patchlets come from di erent viewpoints or image sets. The normal information
is quite important for additional discrimination in clustering methods, for example
when identifying surfaces.The con dence metrics allow the propagated sensorerror
to be usedin probabilistic frameworks, to ensurethat the patchlets are weighted
according to their accuracy We shaw in Section 7.3 that, given the sensormodel
with pointing and matching accuraciesof the stereorig, the patchlet parameters
weighted by the con dence metrics conform to expected distributions. This shows
the uncertainty of the patchlet model matchesour experiencewith real world data.

8.2 Surface extraction from stereo images

A method is dewveloped in Chapter 6 that automatically segmems bounded planar
surfacesfrom noisy stereoscenedy taking advantage of the additional information
available in patchlets. The issuesin tting many surfacesto noisy data are that we
must solve three sub-problems:

1. the model selectionproblem { how many modelsto use

2. the data assaiation problem { which data belongsto which model
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(a) Recti ed image (b) Segmeted surfaces

Figure 8.2: Surfaceextraction from stereoimages

3. the model tting problem { what is the best-t surface

There are two methods preserted: a RANSAC-basedapproadc the requiresthe use
of image structure but solvesthe model selectionand model tting problems and
provides a good estimate for the data assaiation problem, and a probability max-
imisation approad that usesExpectation-Maximisation to obtain a locally optimal
parameter estimate.

We demonstrate that the combination of these two techniques can success-
fully extract planar surfaceseven when the noise is considerable and the scene
complex. The method successfullysegmeits 82% to 93% of classi ed pixels when
compared with ground truth segmemation. The approad also works reasonably
well on natural sceneswhich have curved surfaces,but the surfaceboundariesare,
understandably, not stable.

We provide experimental results on the e ectivenessof this method when
confronted with varying noisecharacteristicsin Section6.7. Theseexperimens show
the surface segmemation can work even in the presenceof considerablenoise. As
well we demonstrate,in Section7.8,that the orientation parameteris very important
in achieving robust surfacesegmeration in the face of noisy data.

8.3 Stereo noise ltering

We investigate the problem of stereomismatch errorsin Chapter 3 and how to lter
them e ectiv ely. The problem with mismatch errorsis that they are systematic and
locally coheren. This coherencaneansthe errorsare stable in alocal neighbourhood
and so appear more as signal than noise. This behaviour confoundstypical noise
lters that expect zero-meanuncorrelated errors.
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(a) Un ltered (b) Filtered

Figure 8.3: Stereonoise ltering

An important cue for detecting these errors was overall size of cortiguous
connectedregionsin the disparity image. Valid stereotends to blend together with
adjacent surfaceswhereasmismatch errors appear as \spikes" in the range image.
These spikesare not connectedanywhere around their periphery to the rest of the
disparity image. By detecting and removing these spikes we can remove much of
the \scatter" noisethat plaguesstereovision basedpoint clouds.

This Iter hasbeenvery successfulind has beenincorporated as a standard
feature in Point Grey Researti's commercial stereovision library.

8.4 Correlation stereo error propagation

Traditionally error analysis for stereogenerated3D points has beendone with the
camerasin the stereorig having equal weight or pixel accuracy This is true for
featured-basedstereo,in which the featuresare extracted from ead image indepen-
dertly and then matched. Howewer, for correlation stereothis 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
cameracalibration errors and correlation matching uncertainty. In Section3.3.3we
preseri a modi ed method for estimating the variance on a 3D point generatedby
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Pointing error Matching error

Left Camera Right Camera Left Camera Right Camerz

(a) Traditional (b) Calibration and correlation error approadc

Figure 8.4: Correlation stereoerror

correlation stereothat is both new and more suited to the correlation algorithm.

8.5 Future work

8.5.1 Merging multiple views

The methods of this thesiswere developed with the purposeof combining data from
multiple viewsinto a single environment model. This is something we intend to do,
in combination with camera-basedlocalisation methods that are being dewveloped
at the Laboratory for Computational Intelligence using SIFT features. Although
theoretically our methods should be well prepared for this stage, it is often in the
doing that new issuesor problems crop up. We look forward to this next step in
the researt process.

8.5.2 Mo del scale

As mertioned in Section 7.10, the issue of surface scaleis an interesting one that
our current methods seemwell-suited for dealing with. It would be very interesting
to investigate how our techniques could be usedto generatemodel reconstructions
at given resolutions. Someof the issuesare

to determine the natural scaleof a particular surfaceor feature,

what is the range of con dence metrics over which an extracted surface is
stable
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determine whether it is feasibleto construct a family of surfacesthat represer
the scenethrough a cortinuous spaceof resolutions

We would like to investigate whether we could dewvelop ideas towards extending
scale-spaceonceptsinto surfacefeaturesin 3D.

8.5.3 Parametric surfaces

Planar surfacesare well suited for most man-madeernvironments, but the conceptis
limiting when one considersobject modeling applications. We would like to consider
incorporating techinques from the 3D modeling literature that investigate tting
parametric surfacesto patchlet data. As well, in the past particle-based modeling
systems have been usedto create snakelike active contours in three dimensions.
Patchlets could be usedin a similar fashion.
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App endix A

Deriv ation of
EXxp ectation-Maximisation
up dates for mixture models

A.1 Gaussian 1D models

Following the description in Section4.5, we can seethat our completelog-likelihood
function will be:

X
Hei = h i i logP (xi] j) +h j i log j (A1)
i=1 j=1

The \M" step

In the \M" step we want to maximise the expected complete log-likelihood with
respect to the model parameters j and . We di erentiate the likelihood to get:

adi_* . @ s
@, = izlhljl@i logP(xij j) =0 (A.2)
and
@ Ly @ e 200 )77
@—jl‘JQP(XlJ )= @, |09—pﬁ (A.3)
1
:@_@?[ S0 D25t gt 2 ] (A.4)
= X ) ,1 (A.5)



Substituting Equation (A.5) into (A.2) we get

hyiC i ) ;) =0 (A.6)
i=1
Py _
. iz N'ij 1 Xi
i e (A7)

Next we solve for . Starting from Equation (A.1) again

@l

= 0 A.8
@, (A.8)
X @ 1 p
= hii—7 [ =(xi )% i ' log 2 ;+log ; A.9
) i @j[ 2( [ i) g j gl (A.9)
X 1
= ﬂhij.[é(xi 7?2 > | o (A.10)
| = iN=1|r£] ij (X j)z (A.11)
Ly
The \E" step

During the \E" step of EM, we update the expected valuesof hj i. This is deter-
mining the probability of given the data and model parameters.

P(xijz=j )P@=Jj) _ PXizi=F )
MoP(ijzi= ki )P@i= k) M Pz = ki ) «
(A.12)

hiji=P(z=jjxi; )= P

A.2 Lorentzian 1D models

Following the discussionin the previous section,the completelog-likelihood function
is:

X
Hei = h j i |OgP(Xij j) + h j [ |Og j (A.13)
i=1 j=1
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The \M" step

In the \M" step we want to maximise the expected complete log-likelihood with
respect tooth model parameters ; and ;. We di erentiate the likelihood to get:

@i _* . @ N
@, = i:1h.,|@j logP(xij j) =0 (A.14)
and
@ , @ 7
—logP(xijj i) = —1Ilo A.15
@, 9"t = g G e () (A15)

= @—@?[Iog > log log((X; J )2 + (5)2)] (A.16)
2(xi j)

= A.17
xi )%+ (%)? (ALD)
Substituting Equation (A.17) into (A.14) we get
hiii S =0 A.18
L D2 D) 419
Similarly, for ,

%Ci =0 (A.19)
= X h i—@[lo — o log((xi )%+ (2)?)] (A.20)

- 1] @ g 2 g g | ] 2 .
= h i[1 ] (A.21)

o s i )2+ (R)? '

Unfortunately, we were unable to determine a closed-formsolution for either
Equation (A.18) or Equation (A.21). Howeer, if we acceptthe addedcomputational
burden, we can solve for thesevaluesnumerically.

The \E" step

The \E" step is basedon evaluations of P(xjjzi = |; ). The formulation of deter-
mining the expected valuesh i doesnot changefrom that shown in the previous
section, only the probability functions are switched to the Lorentzian.
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A.3 Fisher 1D models

The complete log-likelihood function is:

X
Hei = hijjilogP(xij j) + hjilog j (A.22)
i=1 j=1
The \M" step
As previously,
@i _ X @
= hiji— logP(x =0 A.23
@ ~ j @, gP(xij j) = ( )

To determine the di erential expressedn Equation (A.23), we make useof an alter-
nate form of the Fisher model expressedn Equation (4.4). From this substitution,
and given that sinh(k) = e ek > “ we obtain

@ ) @ efiij)
2@ \ogP(xij ZPlog-S
@ (xij ) @; 24 sinh()

= @—@[Iog +f(xij; j) log8 logle e )] (A.25)
i

(A.24)

Where f (xj; j) = (sin jcos jcoy i j) cos jsin j). In this case, ; =
[ j]o. Taking the partials with respectto ; and ; we obtain
@ _ , .
@—IogP(x.J i) = sin jcos jcoy i i) cos jsin ; (A.26)
i
@ _ : , : :
——logP(xij j) = sin jsin j(sin jcos j cos jsin j) (A.27)

(A.28)

Substituting Equations (A.26) and (A.27) respectively into (A.23) we get

X
hji sin jcos jcos(i ) cos jsin j = 0 (A.29)

i=1

X
hiji sin jsin j(sin jcos ; cos jsin j) (A.30)

i=1
=0 (A.31)
(A.32)
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From this we cansolve for j;

tan | = i1 hP”,\I,SIn .' cos(i ) (A.33)
i=1 h ij 1 COS
tan | = pofiisin sin, (A.34)
izy hjisin jcos
(A.35)
Similarly, for
%C' = 0 (A.36)
@
= hiji@[log + f(xj; j) log8 logle e )] (A.37)
i=1
1 .
= hji[-+sin jcos jcof ; ) cos isin ; tanh (A.38)

i=1

Unfortunately, we were unable to determine a closed-formsolution for Equa-
tion (A.38). Howewer, if we acceptthe added computational burden, we can solve
for this valuesnumerically.

The \E" step

The \E" step is basedon evaluations of P(xjjzi = |; ). The formulation of deter-
mining the expectedvaluesh jj i doesnot changefrom that shown in the SectionA.1
only the probability functions are switched to the Fisher.

A.4 Patchlet-Surface models

The complete log-likelihood function is:

X
Hei = h j i |OgP(Xij j) + h j [ |Og j (A.39)
i=1 j=1
Our model, j, is composedof both a Fisher model for evaluating normals

and a Gaussianor Lorentzian model for evaluating positional o sets. So
P(xij j) = Pr(Xij j)Po(Xij j) (A.40)

where P (Xij j) and Po(Xij j) arethe Fisher (orientation) and Positional (Gaussian
or Lorentzian) models respectively. The surfacemodel ; is made up of parameters
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for the Fisher model (; ) which is the meandirection and concertration term, and
either the Gaussian(; ) or Lorentzian (; ). The modelsare:

. e %
Pr(xj ) = 2 snn (A.41)
. ez )7
Pg(xj ) = —pZT (A.42)
Pi(xj ) = 2 (A.43)

[(x )2+ 5]

In this section we will dewelop the equations for the \E" and \M" steps
for the above model, with the Gaussianor Lorentzian positional model. To begin,
we derive the equations when considering the surface uncertainty measuresonly,
and then we repeat the derivation incorporating both the surfaceand the patchlet
uncertainties.

A.4.1 Gaussian positional model - Surface uncertain ty only
The \M" step

We want to maximise the expressionfor the expected complete log-likelihood (H i)
with respectto the model parameters; ;; . Tomaximiseelc we take the partial
derivativeswith respectto ead of the parametersfor ead sub-model in the mixture
model, setit equalto zeroand solve for the parameter of interest.

Substituting (A.40), (A.41) and (A.42), into (A.39) yields

. X\l W . . .
Hei = hj iflogPs (xij j) + logPg(xij j) + log ] (A.44)
i=1j=1

hiiflog( )+ j( ;% ) log4 ) log(sinh ;)
i=1j=1

A I A R L D

+ log( ;)] (A.45)
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The update equation for j is determined by

@.i_X @ .
= hii—=—IlogP(xjj i)=0 A.46
@, = j @, gP(xij ) ( )
. @ 1
hijl—@j_z( j%(i j)z i =0 (A.47)

i=1

Equation (A.47) is almost the sameasthat givenin SectionA.1 in Equation
(A.5) exceptthat the oset used, %, is not the sameas the x; oset from the
origin. The update equation for ; is

Py -
j= P (A.48)
i=1 i
The update equation for ; is determined by
@ _* @ |
= hji——IlogP(xjjj)=0 A.49
@ - Ij@jg(ljj) (A.49)
. @ 1 p
= i:1hij I@—j[7( i% %5t log( =0 (A.50)
X 1 2 2 1
= hyislC% 7y j 1=0 (A.51)
i=1
Solving for j we obtain
P
— |N=1 i % g)?

= —=by (A.52)
i=1 i
Updatesfor j and j are more dicult sincewe could not derive a closed
forms solution.
The partial derivative with respectto j is
Qi _ 1, o 1
@ 21 tanh
Neither of theseequationsgave closed-formsolutions and consequetly, rather
than selectinga numerical optimisation for the partial, we opted for a direct numer-
ical optimisation of the H¢i equation with respectto ; and ;.

(A.53)

The \E" step

The \E" step is basedon evaluations of P(x;jjz = j; ). The formulation of deter-
mining the expectedvaluesh j i doesnot changefrom that shown in the SectionA.1
only the probability functions are switched to the full surface/patchlet probability.
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A.4.2 Gaussian positional model - Surface and patc hlet uncertain ty

The di erence betweenthis derivation and the one given in Section A.4.1 is that
the base model equations given in (A.41) and (A.42) are modi ed to include the
patchlet uncertainty aswell. In this formulation, the equationsare modi ed to

. je’ 1%
P (i j) = W (A.54)
_ ez Ci% D2yt
Py(xij j) = P (A.55)
ij
(A.56)

Here j and j arevaluesthat takeinto accourn the parametersof both the model,
j and the patchlet, xj. The valuesare combined as:

i = gt (A.57)

[ j
Theserelationships are basedon the fact that the correlation of one Gaussianwith
another, results in a Gaussianthat has a variance that is the sum of the rst two.

The \M" step

The update for ; is exactly the sameas the surface-only case.
For j, the partial derivative is

@ici
@

X . @, 1 p
= hyi—[5(j% D*4 ' log §)=0 (A.59)
i=1 @;" 2
X\l 1 2 2 1
= hii'é[(ioxi D j 1=0 (A.60)
i=1
(Note, @—'j = 1.) This expandsto
X UGS ) X
Gt )P
for which we do not have a closedsolution.

Similarly for the updatesof ; and ; there is not a closedsolution as the
terms only becomemore complex than the surface-onlycase.

J (A.61)
iz 0T

The \E" step

The \E" step is unchanged.
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App endix B

Geometry and coordinate
transforms

Whitening or spheringis a transform that takesa point and a covariance matrix, and
remapsthe spacesothat point is at the origin and the covariance matrix becomes
a sphere. It is called whitening becauseusually this covariance matrix represens
expected error bounds on the point. When the transform is complete the error
becomeswhite” noise{ it is not biasedin any direction.

B.1 Whitening

Given that we have a point X and a covariance matrix , determine the steps
required to transform another point, Y into the whitened spacede ned by fX; g.
De ne E asthe matrix of eigervectorsof and e asthe array of eigervalues.
Perform the following steps:
Cerntre the spacearound X .

Yo=vy X

Rotate the spacesothe eigervectors of the covariance matrix make up the primary
world coordinate axes.
Y%= EY?

Finally, scalethe axesby the standard deviations in ead cardinal axis of the covari-
ancematrix. Thesestandard deviations are the square-rats of the the eigervalues.

To do this we create the \whitening matrix" W:
2 3

P 0 0
w=30 L 0 £

1

0 0 P



And nally multiply the whitening matrix to the current transformed point:
y 00Q yp/y 00

Y %9Gs the result of applying the whitening transform to point Y. This equa-
tion can also be represerted in concatenatedform (below), but I nd the above
description easierto follow.

YOO WE(Y X) (B.1)

B.2 Unwhitening

Unwhitening reversesthe processof the whitening transform. In this casethe \un-
whitening matrix" is the inverseof the \whitening matrix" or

2 3
Pe o o
u=430 Pg o
o o Pg
The processess reversedas:
Y = (E tUY"%+ X (B.2)

B.3 Projection of a point to a plane

At sewral points we perform a projection of a point to a plane. We do this as
follows. Given a plane H and a point X, the plane can be de ned by the planar
equation:

Ax+ By+ Cz+ D=0

Where jhA; B;Cij = 1, N = hA; B;Ci is the plane normal and D is the
perpendicular distance of the plane from the origin in the direction of the normal.
The X is equivalert to a vector from the origin to the point X . The signeddistance
of X o of the plane H can then be computed by the dot product of the plane
normal and the vector X or:

d=X N+D

From this we can construct a vector in the reverse of the plane normal of
magnitude d : dN. The point equivalert to the projection of the point X onto plane
H, X9 is then

X%= X dN (B.3)
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App endix C

Indep endence of orientation and
0 set

>, y)

. . . (%.Y)

Figure C.1: A tted line to a set of points

One of the assumptionswe make in our treatment of the variation of patchlet
parametersis the independenceof orientation and 3D position. In this section we
investigate the validity of that assumption. Figure C.1 shows a 2D example of a
line tted to a set of points. The coordinate system has beentransformed so that
the origin is at the certroid of the set of points and the tted line lies along the
X axis. This transformation correspondsto the world{to{lo cal transform patchlet
parameter. Becausethe origin is at the certroid of the point set we know the
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following constraints are true:

Xi = 0 (C.1)

yi = 0 (C.2)

To investigate the determination of the covariance matrix for the line's posi-

tion (o set in the Y direction) and orientation (rotation o the X axis) we make use
of equation given in Section5.3.4: 1= 7J7J where is the covariance matrix
and J is the Jacobianmatrix of the point{surface error. In our illustration the error
for eath point, e, isy; ¥ where(x;;¥) is the perpendicular projection of the point
(Xi;yi) onto the line. Clearly the nominal value of all y is O.
In this two dimensionalcase,the Jacobian,J, isN 2 matrix whereJ(i;j) =
; are the line parameters so we assign ; to be the oset and ;, to be the
orientation. The o set is initially 0, but if we make an incremental changein the
o set, this is a changein ¥}. So

@
@ "

@ _ @
= = =(vy; = 1
¥ ¥ i %
For a small rotation in orientation , ¥y changesby x; . So
@
—= = X
@ |
From the chain rule
@ - @@
@ @ @
= XI

Now that we have the elemerts of the Jacobian, we can seethat

"PN @; 2 P @i@i# "H PN x.#
Ty i=1 @ il @ @ _ -1 Xi
1= Py'@e Puagzr = Pn o PR
i=l@h @ i1 @ i=1 | i=1

P
From Equation (C.2) we know that the o -diagonal valuesin this matrix, iN=1 Xj

equals0. Therefore in the inverseof the matrix the o -diagonal valueswill also be
0.

Unfortunately, this caseis a simpli cation of the true situation. In our case
with patchlets, ead point hasa weigh assignedby the crosssectionof its covariance
value, soin our caseead point will have a weight w;. Now the constraint equations
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become

X
wiX; = 0 (C.3)
i=1
X
wiyi = 0 (C.49)
i=1
And the error equation is
e = wi(yi W)
If we push this formulation through we obtain
@ - WX
And " #
PN o2 PN 2
J'y= P PRI
i=1 WiXi i=1 Wi Xj

In this case,the o -diagonal values are not set to 0 by the constraint equations.
Howewer, the diagonal elemerts of this matrix will only increasewith additional data
elemerts. The o -diagonal valueswill tend to near-zerovalues,sincethe positive and
negative x; valueswill continually negateead other. Soin practice, the o -diagonal
valuesare not guaranteed to be zerobut tend to be much smaller than the diagonal
elemerns. This hasbeenveri ed experimentally during the patchlet formation. The
o -diagonal elemeris tended to be at least two orders of magnitude lessthan the
diagonal ones, and often v e or six orders of magnitude less. Consequetly, the
assumption of a diagonal matrix and the independencethis assumption provides
was considereda reasonableone.
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App endix D

Additional con dence measure
Images

In this sectionwe provide a completelisting of the imagetest setsand their mapped
con dence measures.
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.1: Image 1 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.2: Image 2 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.3: Image 3 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.4: Image 4 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.5: Image 5 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.6: Image 6 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.7: Image 7 con dence measures

184



(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.8: Image 8 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.9: Image 9 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.10: Image 10 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.11: Image 11 con dence measures
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(a) Recti ed image

(b) Positional variance (c) Fisher

Figure D.12: Image 12 con dence measures
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