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Abstract

When humans navigate, they use mainly their eyes as inputthe environment. Indeed,
in a new place, we look around and remember the appearanccfptace. We auto-
matically organise this visual information as a kind of \akmap, which can be used to
recognise places later on and to find the way to a certain Jaase tasks are known re-
spectively as localisation and path planning in mobile tmiso Experiments show that the
mental map of human navigators is organised topologicather than metrical.

In this work we present a total navigation system for automaesrmobile robot naviga-
tion based on these insights. With only an omnidirectiomahera as sensor, this system is
able to build automatically and robustly accurate topalally organised environment maps
of a complex, natural environment. It can localise itsefhgghat map at each moment,
both at startup phase (kidnapped robot) and if knowledgerafiér localisations is present.
The topological nature of the map, similar to the intuitiveapa humans use, is memory-
efficient and enables fast and simple path planning towasgeeified goal. We developed
a real-time visual servoing technique to steer the systenmgahe computed path.

The power of this approach lies in the combination of a togickal world model with
state-of-the-art image matching techniques based on fdsthvaseline local features. Tech-
niques as SIFT and, more recently, SURF make it possible darfiage correspondences
without the need for artificial markers in the scene, and efgbles an efficient description
of the environments. Moreover, it enables the computatfomasual similarity measure,
useful to organise visual databases in a topological woddeh

We applied our navigation approach on autonomous wheeldaaigation of which
this text presents experimental results.

1 Introduction

1.1 Application

This chapter describes a total navigation solution for heotmbots. It enables a mobile
robot to efficiently localise itself and navigate in a largamymade environment, which can
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Figure 1: Left: the robotic wheelchair platform. Right: theanidirectional camera, com-
posed by a colour camera and an hyperbolic mirror.

be indoor, outdoor or a combination of both. For instance,itiside of a house, an entire
university campus or even a small city lie in the possilesiti

Traditionally, other sensors than cameras are used fot r@agation, like GPS and
laser scanners. Because GPS (and Galileo also) needs &idesaf sight to the satellites
[38], it cannot be used indoors or in narrow city centre streee. the very conditions
we foresee in our application. Time-of-flight laser scasrane widely applicable, but are
expensive and voluminous, even when the scanning fieldtisatesl to a horizontal plane.
The latter only yields a poor world representation, with tis& of not detecting essential
obstacles such as table tops.

That is why we aim at aision-only solution to navigation. Vision is, in comparison
with these other sensors, much more informative. More@eaeneras are quite compact and
increasingly cheap. We observe also that many biologiaatisp, in particular migratory
birds, use mainly their visual sensors for navigation. Wasehto use an omnidirectional
camera as visual sensor, because of its wide field of viewtarglrich information content
of the images acquired with. For the time being, we added geraensing device for
obstacle detection, but this is to be replaced by an ommiitinrgal vision range estimator
under development.

Our method works withnatural environments. That means that the environment does
not have to be modified for navigation in any way. Indeed, rgldrtificial markers to every
room in a house or to an entire city doesn't seem feasible esirable.

In contrast to classical navigation methods, we chdaspa@ogical representation of the
environment, rather than a metrical one, because of itsngls@ece to the intuitive system
humans use for navigation, its flexibility, wide usabilitpemory-efficiency and ease for
map building and path planning.
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The targeted application of this research is the visualangd of electric wheelchairs
for severely disabled people. More in particular, the taggeup are people not able to
give detailed steering commands to navigate around in timires and local city neigh-
bourhoods. If it is possible for them to perform complicateligational tasks by only
giving simple commands, their autonomy can be greatly ezgghnFor most of them such
an increase of mobility and independence from other pegplery welcome.

Our test platform and camera are shown in fig. 1. Neverthethssprice of such an
robotic wheelchair is a serious issue. With our method, thig additional hardware re-
quired is a laptop (or an equivalent embedded processorgbaam, a mirror and (for the
time being) some ultrasound sensors. Because of the irdéadependence of the users
the cost of personal helpers is reduced, making the robdteelghair even more economi-
cally feasible.

1.2 Method overview

An overview of the navigation method presented is given in g The system can be
subdivided in three parts: map building, localisation asmbmotion.

The map building stage has to be gone through only once, ito thha system in a
new environment. The mobile system is lead through all pafrthe environment, while
it takes images at a constant rate (in our set-up one per dechater, this large set of
omnidirectional images is automatically analysed and eded into a topological map of
the environment, which is stored in the system’s memory alidbe/used when the system
is actually in use.

The next stage is localisation. When the system is poweresboewhere in the envi-
ronment, it takes a new image with its camera. This imagepisiiacompared with all the
images in the environment map, and an hypothesis is formedt albe present location of
the mobile robot. This hypothesis is refined using Baye® ad soon as the robot starts to
move and new images come in.

When the present location of the robot is known and a goatipass communicated
by the user to the robot, a path can be planned towards thetigjog the map. The planned
route is specified as a sequence of training images, sersiageference for what the robot
should subsequently see if on course. This path is execytetelns of a visual servoing
algorithm: each time a visual homing procedure is executeditds the location where the
next path image is taken.

The remainder of this chapter is organised as follows. Theseetion gives an overview
of the related work. In section 3, our core image analysisraatthing technique is ex-
plained: fast wide baseline matching. The sections themedéscribe the different stages
of our approach. Section 4 discusses the map building ppsestion 5 explains the lo-
calisation method, section 6 describes the path plannimg),saction 7 details the visual
servoing algorithm. We conclude with an overview of expemtal results (section 8) and
a conclusion (section 9).
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Figure 2: Overview of the navigation method
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2 Related Work

2.1 Image comparison

A good image comparison method is of utmost importance insepwibased navigation
approach. Global methods compute a measure using all teismikthe entire image. Al-
though these methods are fast, they cannot cope with e.tustmts and severe viewpoint
changes. On the other hand, techniques that work at a logla, ®xtracting and recognis-
ing local features, can be made robust to these effects. The traditional disadge of these
local techniques is time complexity. In our approach, we loio novel global and local
approaches resulting in fast and accurate image comparison

2.1.1 Global techniques

Many researchers use global image comparison techniquesgt&forwardglobal meth-
ods like histogram-based matching, used by Ulrich and NourbaKb4] don't seem dis-
tinctive enough for our application. Stricker [48] propdsemethod based on the Fourier-
Mellin transform to compare images. Unfortunately, theetiae can not be large which
restricts that method to tracking. Another popular techeaits the use of an eigenspace
decomposition of the training images [21], which yields anpact database. However,
these methods proved not useful in general situations Beddey are not robust enough
against occlusions and illumination changes. That is wigadet al. [22] and Bischofet

al. [5] developed a PCA-based image comparison that is robashstgpartial occlusions,
respectively varying illumination.

2.1.2 Local techniques

A solution to be able to cope with partial occlusions is cormgalocal regions in the im-
ages. The big question is how to detect these local featalsgsknown as visual landmarks.

A simple solution to do this is by adding artificial markerstmategically chosen places
in the world. To make these features easily detectable withranal camera, they are given
special (individual) photometric appearances (for instacoloured patterns [37], LEDs [1]
or even 2D barcodes [41]). Using such artificial markers idgotly possible for some
applications, but often difficult. Navigation through aniencity or inside someone’s house
are examples of cases where pasting these markers all evplaite is hardly feasible and
in no case desirable.

That is why, in this project we ussatural landmarks, extracted from the scene itself,
without modifications. Moreover, the extraction of thesedimarks must be automatic
and robust against changes in viewpoint and illuminatiorrtsure the detection of these
landmarks under as many circumstances as possible.

Many researchers proposed algorithms for natural landrdet&ction. Mostly, local
regions are defined around interest points in the imageschdmcterisation of these local
regions with descriptor vectors enables the regions to bgaoed across images. Differ-
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ences between approaches lie in the way in which intereatgdocal image regions, and
descriptor vectors are extracted. An early example is thi& wbSchmid and Mohr [43],
where geometric invariance was still under image rotatmmy. Scaling was handled by
using circular regions of several sizes. Loael. [28] extended these ideas to real scale-
invariance. More general affine invariance has been adtievine work of Baumberg [2],
Tuytelaars & Van Gool [52, 53], Matag al. [29], and Mikolajczyk & Schmid [31].

Although these methods are capable to find high quality spmedences, most of them
are too slow to use in a real-time mobile robot algorithm. flifavhy we propose a much
faster alternative, as explained in section 3.

2.2 Map structure

Many researchers proposed different ways to representitii@ement perceived by vision
sensors. We can order all possible map organisations bycalatetail: from dense 3D over
sparse 3D to topological maps. We believe that the outeldgmal end of this spectrum
offers the top opportunities.

2.2.1 Dense 3D maps

One approach is building dense 3D models out of the incomisigal data [34, 39]. Such
approach has some disadvantages. It is computationallyn@naory demanding, and fails
to model planar and less-textured parts of the environmech as walls. Nevertheless,
these structures are omnipresent in our application, alfidicns need to be avoided.

2.2.2 Sparse 3D maps

One way to reduce the computational burden is to make albistracf the visual data.
Instead of modelling a dense 3D model containing billionsafels, a sparse 3D model is
built containing only special features, caliédual landmarks.

Examples of researchers solving the navigation probletm sgarse 3D maps of natural
landmarks are Set al. [44] and Davison [9]. They position natural features in anmnat
frame, which is as big as the entire mapped environment.ofih less than the dense 3D
variant, these methods are still computationally demandiam large environments since
their complexity is quadratic in the number of features mitodel. Also, for larger models
the metric error accumulates, so that feature positiongridtang away.

2.2.3 Topological maps

As a matter of fact, the need for explicit 3D maps in navigati® questionable. One
step further in the abstraction of environment informati®ithe introduction of topolog-
ical maps. The psychological experiments of Biltrefél. [6] show that people rely more
on a topological map than a metrical one for their navigatibnthese topological maps,
locally places are described as a configuration of natunalnfearks. These places form the
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nodes of the graph-like map, and are interconnected byrsalke paths. Other researchers
[24,54,55] also chose for topological maps, mainly becaluesg scale better to real-world
applications than metrical, deterministic representatigiven the complexity of unstruc-
tured environments. Other advantages are the ease of gathing in such a map and the
absence of drift.

2.3 Toplogical map building

Vale [55] developed a clustering-based method for autantatilding of a topological en-
vironment map out of a set of images. Unfortunately, thefattethod is only suited for
image comparison techniques which are a metric functiod, does not give correct re-
sults if self-similarities are present in the environment, i.e. places that are diffdmat look
similar.

Very popular are variougrobabilistic approaches of the topological map building prob-
lem. [40] for instance use Bayesian inference to find theltgpcal structure that explains
best a set of panoramic observations, while [46] fit hiddemkga models to the data. If
the state transition model of this HMM is extended with rohotion data, the latter can
be modeled using a partially observable Markov decisiortgss or POMDP, as in [23]
and [51]. [56] solve the map building problem using graptscut

In contrast to these global topology fitting approaches, lEmreative way is detecting
loop closings. During a ride through the environment, sensor data is decbrBecause it
is known that the driven path is traversable, an initial togizal representation consists of
one long edge between start and end node. Now, extra linksrea¢ed where a certain
place is revisited, i.e. an equivalent sensor reading sciwice in the sequence. This is
called a loop closing. A correct topological map resultdlifap closing links are added.

Also in loop closing, probabilistic methods are introdut¢eaope with the uncertainty
of link hypotheses and avoid links at self-similarities], [®r instance, use Bayesian infer-
ence. [4] recently introduced Dempster-Shafer probaghitieory into loop closing, which
has the advantage that ignorance can be modelled and nkpootedge is needed. Their
approach is promising, but limited to simple sensors andre@mnents. In this chapter,
we present a new framework for loop closing using rich viggadsors in natural complex
environments, which is also based on Dempster-Shafer matits but uses it differently.

2.4 \Visual Servoing

As explained in section 6, the execution of a path using suchaogical environment map
boils down to a series of visual servoing operations betvpt&res defined by images.
Cartwright and Collett [7] proposed the so-called beaongy 'snapshot’ model, in-

spired by the visual homing behaviour of insects such as Gedsants. Their proposed
algorithm consists of the construction of a home vector, pated as the average of land-
mark displacement vectors. Fraazal. [14] analysed the computational foundations of
this method and derived its error and convergence properfldiey conclude that every
visual homing method based solely on bearing angles of lankiiike this one, inevitably
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depends on basic assumptions such as equal landmark distasatropic landmark dis-

tribution or the availability of an external compass refe@ Unfortunately, because none
of these assumptions generally hold in our targeted aplicave propose an alternative
approach.

If both image dimensions are taken into account, not lirgitime available information
to the bearing angle, the most obvious choice is working pipaar geometry estimation
(e.g. [3,52]). Unfortunately, in many cases this problenil isonditioned. A workaround
for planar scenes is presented by Sagués [42], who optettidoestimation of homogra-
phies. Svoboda [49] proved that motion estimation with afitactional images is much
better conditioned compared to perspective cameras. §kdty we chose a method based
on omnidirectional epipolar geometry. Other work in thiddies the research of Mariot-
tini et al. [30], who split the homing procedure in a rotation phase atrdrgslation phase,
which can not be used in our application because of the namenmobot motion.

3 Fast wide baseline matching

The novel technique we use for image comparisofass wide baseline matching. This
key technique enables extraction of natural landmarks myagjé comparison for our map
building, localisation and visual servoing algorithms.

We use a combination of two different kinds of wide baselieat@ires, namely a ro-
tation reduced and colour enhanced form of Low#BT features [28], and thawariant
column segments we developed [16]. These techniques extract local regioeach image,
and describe these regions with a vector of measures whichnaariant to image defor-
mations and illumination changes. Across different imagésilar regions can be found
by comparing these descriptors. This makes it possible tbdomrespondences between
images taken from very different positions, or under dédfdrighting conditions. The crux
of the matter is that the extraction of these regions can be teforehand on each image
separately, rather than during the matching. Databasecisnzan be processed off-line, so
that the images themselves do not have to be available atribeof matching with another
image.

3.1 Camera motion constraint

The camera we use is a catadioptric system, consisting op@and looking camera with
a hyperboloidal mirror mounted above it. The result is a figldiew of 360° in horizontal
direction and more thaih80° in vertical direction. The disadvantage is that these image
contain severe distortions, as seen for instance in fig. 5.

We presume the robot to move on one horizontal plane. Theadtkis of the camera is
oriented vertically. In other words, allowed movementssisinof translations in the plane
and rotation around a vertical axis. Figure 3 shows an ithtisin on this.
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Figure 3: lllustration of the allowed movements of the caamer

3.2 Rotation reduced and colour enhanced SIFT

David Lowe presented th8cale Invariant Feature Transform [28], which finds interest
points around local extrema in a scale-space of differefic@aussian (DoG) images. The
latter tend to correspond to blobs which contrast with thaitkground. A dominant gra-
dient orientation and scale factor define an image patchndreach interest point so that
a local image descriptor can be found as a histogram of n@ethgradient orientations.
SIFT features are invariant to rotation and scaling, andsbto other transformations.

A reduced form of these SIFT features for use on mobile roisopgoposed by Led-
wich and Williams [26]. They used the fact that rotationalainance is not needed for a
camera with a motion constraint as in fig. 3. Elimination & tietational normalisation
and rotational part of the descriptor yields a somewhatdeagplex feature extraction and
more robust feature matching performance.

Because the original SIFT algorithm works on greyscale Esagome mismatches
occur at similar objects in different colours. That is whypvepose an outlier filtering stage
using a colour descriptor of the feature patch based on btaideur moments, introduced
by Mindru et al. [32]. We chose three colour descriptosiz, Crg andCeap, with

[ PQAQ[dQ

Cre = TPaajqu (”

whereP, Q € {R, G, B}, i.e. thered, green, and blue colour bands, centralisethdrineir
means. After matching, the correspondences with Euclidéstance between the colour
description vectors above a fixed threshold are discarded.

We tested these algorithms on the image pair in fig. 5. Witlotlggnal SIFT algorithm,
the first 13 matches are correct. Using our rotation redundccalour enhanced algorithm,
we see that up to 25 correct matches are found without inojuelironeous ones.
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Figure 4: lllustration of the invariant column segment agtion algorithm: (left) part of
the original image, the white cross identifies the projectentre, (centre) local maxima of
the gradient for one radius, (right) one pair of maxima defimeolumn segment.

3.3 Invariant column segments

We developed wide baseline features which are specialtgds@ior mobile robot naviga-
tion. There we exploited the special camera motion (se&itbpand the fact that man-made
environments contain many vertical structures. Examplesaalls, doors, and furniture.
These don't have to be planar, so cylindrical elements likarp do comply too. Verti-
cal lines in the world always project to radial lines in therodirectional image for the
constrained camera motions.

Here, these new wide baseline features are described farstn@n omnidirectional
images. More details and how they can be used on perspeativera images are described
in [16].

The extraction process of the wide baseline features staithistrated in figure 4. We
stress that every step is invariant to changes in viewpoigilaimination. Along every line
through the centre of the original image (left), we look foirgs having a local maximum
gradient value (centre). Every consecutive pair of gradieaxima along the line defines
the begin and end of a new invariant column segment (right).

We characterise the extracted column segments with a gesctihat holds information
about colour and intensity properties of the segment. Thisl&@ment vector includes:

- Threecolour invariants. To include colour information in the descriptor vector, we
compute the colour invariants, based on generalised comments (equation 1),
over the column segment. To include information about tbeeheighbourhood of
the segment, the line segment is expanded on both sides wihstant fraction of
the segment length (in our experimeft8). Figure 4 (right) shows this.
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- Sevenntensity invariants. To characterise the intensity profile along the column seg-
ment, the best features to use are those obtained throudtathenen-Loeve trans-
form (PCA). But because all the data is not known beforeharglis not practical.

As is well known [20], the Fourier coefficients can sometiro#éfer a close approx-
imation of the KL coefficients. In our method, because it isnpotationally less
intensive and gives real output values, we choose to useetlan dirst coefficients
of thediscrete cosine transform (DCT), instead of Fourier. We compute seven DCT

coefficients:
N—1

Plu) = \/% ;O A(i)cos [%(m + 1)} £6) @)

Whereu = 1...7, f(i) is the normalised intensity profile along the line segmemd, a
A7) = % if i =0, elseA(i) = 1. Because of the normalisation, the first coefficient
(u = 0) is zero, so we don't use it. The DCT computations in our algor are
executed fast using the 8-point 1D method described in [27].

In many cases there are horizontally constant elementisdbne. This leads to many
very resembling column segments next to each other. To aweaitthing over and over
again very similar line segments, we first do a clusterindgnefline segments in each image.
This clustering can be implemented very efficiently, beeabg line segments are already
sorted in order of extraction. As a clustering measure wethsdlahalanobis distance of
the descriptor vectors, extended with the horizontal distebetween the line segments. In
each cluster a prototype segment is chosen for use in thénmgtperocedure.

3.4 Matching

These two kinds of local wide baseline features are vergduit quickly find correspon-
dences between two widely separated images. A correspoageir is established if for
both features the other is the closest to it in the featuressdar the entire data set. Also,
this match must be at least a fixed ratio better than the selsesidmatch. To be able to
cope with different ranges of the elements of the descriotors, distances are computed
using the Mahalanobis measure (where we assume the cnostations to be zero):

dii — \IZ (w3, — Sﬂjk)z 3)
iy - 2

% Ok

To speed up the matching, a Kd-tree of the reference imageisiauilt. We used the
on-line available package ANN (Approximate Nearest Nea@hhby Mountet al. [33], for
this.

Fig. 5 shows the matching results on a pair of omnidirectionages. As seen in these
examples, the SIFT features and the column segments ardamoamtary, which pleads
for the combined use of the two. The computing time requicedxtract features in two
320 x 240 images and find correspondences between them is about 8@0 the £nhanced
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Figure 5: A pair of omnidirectional images with colour-cddeorresponding column seg-
ments (radial lines) and SIFT features (circles with tail).

SIFT features and only 300 ms for the vertical column segsért a 800 MHz laptop).
Typically 30 to 50 correspondences are found.

For the description of a feature only the descriptors ard uséhe end, and not the un-
derlying pixel data. As a result, the memory requirementstoring the reference images
of entire environments can be kept limited.

4 Map Building

The navigation approach proposed is able to automaticalhgtcuct a topological world
representation out of a sequence of training images. Dwrit@ining tour through the
entire environment, omnidirectional images are takengatleg time intervals. The order of
the training images is known. Section 4.1 describes the nmaptsre targeted. In section
4.2, the image comparison technique based on fast widemasehtures is described which
is used by the actual map building algorithm, presented dtige4.4. The mathematical
formalism used in this algorithm, Dempster-Shafer prolitstiheory, is briefly introduced
in section 4.3.



Vision-only mobile robot navigation with topological maps 13

4.1 Topological Maps

To be of use in the following parts of the navigation methduk topological map must
describe all ‘places’ in the environment and the possibfemeations between these places.
The topology of the world, being the maze of streets in a aditthe structure of a house,
must be reflected in the world model. The question remaing wkactly is meant with
such gplace and how to delimit it. In a building, a place can be defined aspasate room.
But that is not such a good definition either. What to do witihgl@orridors, and outdoors
with city streets?

That is why we define a place with regard to the needs of thdisatian and locomotion
algorithms. To be able to get a sufficiently detailed loedltn output, the sampling of
places must be dense enough. For the locomotion algorittmchvperforms visual homing
between two places at atime, the distance between thesspracst be not too big to ensure
errorless motion. On the other hand, a compact topologiegl with fewer places requires
less memory and enables faster localisation and path plgnni

We discuss the image comparison method used in the mapriigdgorithm before
deciding on this place definition, as this comparison wéldt its basis.

4.2 Image Comparison Measure

The main goal of this section is to determine for each anlyipair of images a certain simi-
larity measure, which tells how visually similar the two iges are. Our image comparison
approach consists of two levels, a global and a local coraparof the images. We first
compare two images with a coarse but fast global techniqtier fat, a relatively slower
comparison with more precision based on local features batyto be carried out on the
survivors of the first stage.

4.2.1 Global colour similarity measure

To achieve a fast global image similarity measure betweenitmages, we compute the
same moments we used for the local features (equation 1l)teezntire image. These
moments are invariant to illumination changes, i.e. offsat scaling in each colour band.
The Euclidean distance between two sets of these imageraddsariptors gives a visual
dissimilarity measure between two images.

With this dissimilarity measure, we can clearly see foranse the difference of images
taken in different rooms. Because images taken in the saome boit at different positions
have approximately the same colour scheme, a second dasiynmeasure based on local
features is needed to distinguish them.

4.2.2 Local measure based on matches

First, we search for feature matches between the two imagig the techniques described
in section 3. The dissimilarity measure is taken to be irelgrgroportional to theumber of
matches, relative to the average number of features found in the @saglso the difference



14 Toon Goedemé and Luc Van Gool

in relative configuration of the matches is taken into actoherefore, we first compute

a global angular alignment of the images by computing thesmeeangle difference of the
matches. The dissimilarity measurkg, is now also made proportional to the average angle
difference of the features after this global alignment:

I ni+n2 X |0i
N 2 N ()
(n1 +n2) > 10;]

- memes ©)

D, =

whereN corresponds to the number of matches fouridhe number of extracted features
in imagei, 6; the angle difference for one match after global alignment.

4.2.3 Combined dissimilarity measure

We combine these two measures: only those pairs of imagesausoa colour dissimilarity
under a predefined threshold are candidates for computingtehimg dissimilarity.

This combinedvisual distance between two images is related to the physicalrtdista
between the corresponding viewpoints, but is certainlyanbhear measure for it. As a
matter of fact, the disparity and appearance differencesafufes is also related to the
distance of the corresponding natural landmark to the casnérherefore, in large spaces
(halls, market squares), a certain visual distance will d&meesponding to a much larger
physical distance, compared to the same visual distaneeebattwo images in a small
space.

With this visual distance, the place definition problem inte# 4.1 can be addressed
on the basis of a constant visual distance between placeEsathsf a constant physical
distance.

4.3 Introduction to Dempster-Shafer theory

The proposed topological map building algorithm relies @mipster-Shafer theory [10,45]
to collect evidence for each loop closing hypothesis. Tioeee a brief overview of the
central concepts of Dempster-Shafer theory is presenttsiisection.

Dempster-Shafer theory offers an alternative to traditigorobabilistic theory for the
mathematical representation of uncertainty. The sigmfiganovation of this framework is
that it makes a distinction between multiple types of uraiety. Unlike traditional proba-
bility theory, Dempster-Shafer defines two types of undetya

- Aleatory Uncertainty — the type of uncertainty which results from the fact that a
system can behave in random ways (a.k.a. stochastic ortivgjeacertainty)

- Epistemic Uncertainty — the type of uncertainty which results from the lack of knowl
edge about a system (a.k.a. subjective uncertainty or égroey)
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This makes it a powerful technique to combine several sgurtevidence to try to prove a
certain hypothesis, where each of these sources can hafferamti amount of knowledge
(ignorance) about the hypothesis. That is why Dempster-Shafer is &igicsed for sensor
fusion.

For a certain problem, the set of mutually exclusive poktés, called theframe of
discernment, is denoted by®. For instance, for a single hypothedis about an event
this become® = {H,—-H}. For this set, traditional probability theory will define aw
probabilitiesP(H) and P(—H ), with P(H) + P(—~H) = 1. Dempster-Shafer’s analogous
guantities are callethasic probability assignments or masses, which are defined on the
power set of ©: 2 = {A|A C ©}. Themassm : 2° — [0, 1] is a function meeting the
following conditions:

m(0) =0 > m(4) =1. (6)

Aeg20

For a single hypothesi#/, the power set become® = {), {H},{-H},{H,-H}}. A
certain sensor or other information source can assign m&ssach of the elements 2.
Because some sensors do not have knowledge about the exgrit i&out of the sensor’s
field-of-view), they can assign a certain fraction of thetat mass ton({H,—~H}). This
mass, called theggnorance, can be interpreted as the probability mass assigned toutihe o
come ‘H OR —-H’, i.e. when the sensor does not know about the event, or is—e&rtain
degree—uncertain about the outcome. This means also timaf tinés technique no prior
probability function is needeaho knowledge can be expressed as total ignorance.

Sets of masses about the same power set, coming from diffi@fermation sources
can be combined together usibgmpster’s rule of combination:

my @ WQ(C) — ZAHB:C ml(A)mQ(B)

1 =3 Anp=p m1(A)ma(B)
This combination rule is useful to combine evidence comimgnf different sources into
one set of masses. Because these masses can not be integsretassical probabilities,
no conclusions about the hypothesis can be drawn from thesetlji That is why two
additional notions are definesgjpport andplausibility. They are computed as:

Spt(A) = Z m(B) Pls(A) = Z m(DB) (8)

BCA ANB#()

(7)

These values define a confidence interval for the real prityabi an outcome:P(A) €
[Spt(A), Pls(A)]. Indeed, due to the vagueness implied in having non-zemragte, the
exact probability cannot be computed. But, decisions camade based on the lower and
upper bounds of this confidence interval.

4.4 Map Building Algorithm

We apply this mathematical theory on the topological majding problem posed. Out of
a series of omnidirectional images, acquired at constémiharing a tour through the envi-
ronment. Firstly, these images are clustered phtoes. Then, loop closing hypotheses are
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Figure 6: Example for the image clustering and hypothesmafitation algorithms. Dots are
image positions, black is exploration path, clusters asealised with ellipses, prototypes
of (sub)clusters with a star. Hypotheses are denoted bytadied line.

formulated between visually similar places of which evickers collected using Dempster-
Shafer theory. Once decisions are made about these hypstlties correct topology of the
world is known.

This technique makes it possible to cope wsdhi-smilar environments. Places that
look alike but are different will more likely get their linkyppothesis rejected.

4.4.1 Image clustering

The dots in the sketch figure of 6 denote places where imagdalen. Because they were
taken at constant time intervals and the robot did not drivee@nstant speed, they are not
evenly spread. We perform agglomerative clustering witmglete linkage based on the
combined visual distance (see section 4.2.3) on all the @nagelding the ellipse shaped
clusters in fig. 6. The black line shows the exploration patdriven by the robot.

4.4.2 Hypothesis formulation

As can be seen in the lower part of fig. 6, not all image groupslyicover one distinct
place. This is due teelf-similarities, or distinct places in the environment that are different
but look alike and thus yield a small visual distance betwtbem.

For each of the clusters, we can define one or more subcludi@ages within one
cluster which are linked by exploration path connectioresgaouped together. For each of
thesesubclusters a prototype image is chosen as thedoid! based on the visual distance,
denoted as a star in the figure.

For each pair of these subclusters within the same clusterdefine aoop closing
hypothesis H, which states that iff = true, the two subclusters describe the same physical

The medoid of a cluster is computed analogous to the centratdising the median instead of the average.
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Figure 7: Four topological possibilities for one hypotisesi
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place and must be merged together. We will use Dempstee6thafory to collect evidence
about each of these hypotheses.

4.4.3 Dempster-Shafer evidence collection

For each of the hypotheses defined in the previous step, siaglechust be made if it was
correct or wrong. Figure 7 illustrates four possibilities 6ne hypothesis. We observe that
a hypothesis has more chance to be true if there are morehegaest in the neighbourhood,
like in casea andb. If no neighbouring hypotheses are present)( no more evidence can
be found and no decision can be made based on this data.

We conclude that for a certain hypothesis, a neighbourimpthesis adds evidence to
it. Itis clear that, the further away this neighbour is frdme tiypothesis, the less certain the
given evidence is. We chose to model this subjective uriogythy means of the ignorance
notion in Dempster-Shafer theory. That is why we definegaarance function £ containing
the distance between two hypothegésand H:

: dy (Hq,Hy)w
E(H,, Hy) = 1 —sin (%) (du < din) ©)
0 (dg > dup)

wheredy,, is a distance threshold anl; (H,, H;) is the sum of the distances between the
two pairs of prototypes of both hypotheses, measured in puwftexploration images.

To gatheraleatory evidence, we look at the visual similarity of both subclugieoto-
types, normalised by the standard deviation of the inttalsister visual similarities:

sy (protq1, protes)

H,) =
SV( ) Usubclus(SV)

(10)

Where the visual similaritygy is the inverse of the visual distance, defined in equation 4.
Each neighbouring hypothesi$, yields the following set of Dempster-Shafer masses,
to be combined with the masses of the hypothégjstself:

({0}) =0

({Ha}) = sy (Hy)&(Hq, Hy) (11)
({~Ha}) = (1 —sy(Hy))E(Hy, Hy)

({Hav_'Hll}) =1 _g(HCHHb)

33353
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Hypothesis masses are initialised with the visual sintilasf its subcluster prototypes and
an initial ignorance value (0.25 in our experiments), whiehdels its influenceability by
neighbours.

4.5 Hypothesis decision

After combination of each hypothesis’s mass set with thdenge given by neighbouring
hypotheses (up to a maximum distarnkg), a decision must be made if this hypothesis was
correct and thus if the subclusters must be united into caeepbr not.

Unfortunately, as stated above, only positive evidencebearollected, because we can
not gather more information about totally isolated hype#e(likec andd in fig. 7). This
is not too bad, because of different reasons. Firstly, ttech for correct, but isolated
hypothesis (case) is low in typical cases. Also, adding erroneous loop clgsig and
d) will yield an incorrect topological map, whereas leavitgr out will keep the map
useful for navigation, but a bit less complete. Of coursey data about these places can
be aqcuired later, during navigation.

It is important to remind oneself that the computed DempStafer masses can not
directly be interpreted as probabilities. That is why we ageation 8 to compute the
support and plausibility of each hypothesis after evideraikection. Because these values
define a confidence interval for the real probability, a hgpets can be accepted if the
lower bound (the support) is greater than a threshold.

After this decision, a final topological map can be built. 8ubters connected with
accepted hypotheses are merged into one place, and a newdnsatlmmputed as prototype
of it. For hypotheses that are not accepted, two distinagdahould be constructed.

5 Localisation

When the system has learnt a topological map of an envirojnttee map can be used
for a variety of navigational tasks, firstlpcalisation. For each arbitrary new position in
the known environment, the system can find wbére it is. The output of this localisation
algorithm is alocation, which is—opposed to other methods like GPS—not expressed a
a metric coordinate, but as one of the topological placese@fearlier in the formerly
explained map building stage.

The training set doesn’t need to cover every imaginabletiposin the environment, in
contrast to [25]. A relatively sparse coverage is sufficterbcalise every possible position.
That is because the image comparison method we developeabesl mn wide baseline
techniques and hence can recognise scene items from diddtatifferent viewpoints.

Actually, two localisation modes exist. When starting ug sigstem, there is repriori
information on the location. Every location is equally pabke. This is calledjlobal locali-
sation, alias thekidnapped robot problem. Traditionally, this is known to be a hard problem
in robot localisation. In contrast, if there is knowledgeaba former localisation not too
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long ago, the locations in the proximity of that former looathave a higher probability
than others further away. This is callbmtation updating.

We propose a system that is able to cope with both localisatiodes. A probabilistic
approach is taken. Instead of making a hard decision abeudbtiation, a probability value
is given to each location at each time instant. The Bayesiproach we follow is explained
in the next subsection.

5.1 Bayesian Filtering

Definexz € X a place of the topological map? is the collection of all omnidirectional
imagesz, so thatz(x) corresponds to the training observation at placét a certain time
instantt, the system acquires a new image The goal of the localisation algorithm is to
reveal the place; where this image was taken.

We define theBelief function Bel(z,t) as the probability of being at placeat timet,
given all previous observations. So,

Bel(ac,t) :P(act|zt,zt_1,...,z0), (12)

for all x € X. In thekidnapped robot case, there is no knowledge about previous observa-
tions henceBel(z, 1) is initialised equal for alk.
Using Bayes’ rule, we find:

P(zt|lx, 2e—1, -« -y 20) P2 2021, - - -, 20)

Bel(z,t) =
el(?) P(z¢|zt—1,...,20)

(13)
Because the denominator of this fraction is not dependent, ave replace it by the nor-
malising constang. If we know the current location of the system, we assumefthate
locations do not depend on past locations. This propertalied the Markov Assump-
tion: P(z¢|ze, 2e—1, ..., 20) = P(z|x). Using it, together with the probabilistic sum rule,
equation 13 yields:

Bel(z,t) =n P(z¢|z¢) Z [P(z¢|zi—1)Bel(z,t — 1)] (14)
ri—1€X

This allows us to calculate the belief recursively basedven variables: thenext state
density or motion model P(z;|z;—1) and thesensor model P(z;|z;).

5.2 Motion Model

The motion modeP (x;|x;—1) explicits the probability of a transition from one place ¢

to anotherz;. Is seems logical to assume that a transition in the timamsét — 1) — ¢
between places that are far from each other is less probadtelietween places close to
each other. We model this effect with a Gaussian:

1 .
P(x|zi—1) = g_e_dm(xtihm/%% (15)
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In this equation, the functiodist(x1,x2) corresponds to a measurement of the distance
between the two places. We approximate it as the minimum eumbplace transitions
needed to go fromx; to x, on the topological map, computed with the Dijkstra algo-
rithm [12]. In equation 1543, is a normalisation constant, amad? is the variance of the
distances, measured on the map data. Once the topologigalsnkaown, the complete
motion model can be computed off-line for usage during lsatibn.

5.3 Sensor Model

The entity P(z;|x), called the sensor model, is the probability of acquiringegtain ob-
servationz, if the locationz; is known. This is related to the visual dissimilarity of that
observatiorz; and the training observatiot(z;) at locationz;. The probability of acquir-
ing an image at a certain place that differs much from thaitngiimage taken at that place
has a low probability. We model this sensor model also by as€&an:

P(zt|$t) — ie—diss(zt,z(a:t))/az ) (16)
B
This time, the functioniiss(z1, z2) refers to the visual dissimilarity explained in section
4.2.3. 0, is the standard deviation of it, measured on the data (orafgel maps a local
subset of the data) angl is a normalisation constant.

Unlike the motion model, the sensor model cannot be compwetmtehand. It depends
on the newly incoming query image data. Every location updgep the visual dissimilar-
ities of the query image with many database images must bewuech This validates our
efforts to make the computation of the visual dissimilaritgasure as fast as possible.

6 Path planning

With the method of the previous section, at each time ingtentmost probable location of
the robot can be found, from which a path to a goal can be detednHow the user of the
system, for instance the wheelchair patient, gives thelatbn to go towards a certain goal
is highly dependent on the situation. For every disabledgrerfor instance, an individual
interface must be designed adapted to his/her possibilitie

We assume a certain goal is expressed as a certain place twipthlegical map, e.g.
as a voice commanekKitchen!>>-. From the present pose, computed by the localisation
algorithm, a path can be easily found towards it using Digkstalgorithm [12]. This path
is expressed as a series of topological places which arersied, see fig. 8 (d).

7 Visual servoing

The algorithm described in this section makes the robot nadmeg a path, computed by
the previous section. Such a path is given as a sparse sebtofypre images of places.
The physical distance between two consecutive path imagesiable (1 to 5 metres in our
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d goal

Figure 8: Topological map building. (a) Squares denotegdachere training images were
taken. (b) Place grouping of images. (c) Cross-place magchid) In the resulting topo-
logical map, a path is found between a certain start and dae¢p

tests), but the visual distance is constant, such that #irerenough local feature matches
as needed by this algorithm.

It is easy to see that following such a sparse visual patts lmivn to a succession
of visual homing operations. First, the robot is driven towards the placerltlee first
image on the path is taken. When arrived, it is driven towé#ndsnext path image, and so
on. Because a smooth path is desired for the applicationntiteon must be continuous
without stops at path image positions.

We tackle this problem by estimating locally the spatialistre of the wide baseline
features using epipolar geometry. Hence, at this point wegbn some 3D information.
This may seem at odds with our topological approach, but #mhdmaps are very sparse
and only calculated locally so that errors are kept locah'’tdsuffer from error build-up,
and are efficient to compute.

Fig. 9 offers an overview of the proposed method. Each ofithel homing operations
is performed in two phases, an initialisation phase (sectid) and an iterated motion
(section 7.2) phase.

7.1 Initialisation phase

From each position within the reach of the next path image tdlget image), a visual
homing procedure can be started. Our approach first establiside baseline local feature
correspondences between the present and the target insadesaibed in section 3. That
information is used to compute the epipolar geometry, whitdbles us to construct a local
map containing the feature world positions, and to comphadnitial homing vector.
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Figure 9: Flowchart of the proposed algorithm for visualveerg along a path.

7.1.1 Epipolar geometry estimation

Our calibrated single-viewpoint omnidirectional cameradmposed of a hyperbolic mirror
and a perspective camera. As imaging model, we use the mommged by Svoboda and
Pajdla [49] (which is less general, but less complicated th@ one by Geyer and Dani-
ilidis [15]). This enables the computation of the epipolaometry based on 8 point corre-
spondences. In [50], Svoboda describes a way to robustipast theessential matrix £,
when there are outliers in the correspondence set. Thetedsaatrix is the equivalent of
the fundamental matrix in the case of known internal camaliaration, ' = K~ TEK 1.

Svoboda'’s so-callegenerate-and-select algorithm to estimaté” is based on repeatedly
solving an overdetermined system built from the correspands that have a lo\outlier-
ness and evaluating thgquality measure of the resulting essential matrix. Because our tests
with this method did not yield satisfactory results, we igmpknted an alternative method
based on the well-known Random Sample Consensus (RANSALdaadigm.

The set-up is sketched in fig. 10. One visual feature with dvodordinatesX is pro-
jected via pointu on the first mirror to poinp in the image plane of the first camera. In the
second camera, the mirror point is calledand the image plane poiet For each of the
correspondences, the mirror poinigndv can be computed as

u=F(K 'p)K 'p+tc, (17)
with t¢ = [0,0, —2¢]” and

b (exy + allx|)
Fx) = b2x? — a2xd

. 18
S (18)
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Figure 10: Projection model for a pair of omnidirectionakiges.

In these equation& is the internal calibration matrix of the camera, and ande are the
parameters of the hyperbolic mirror, with= v/a? + b2.

If E is theessential matrix, for all correspondences’ Eu = 0. This yields for each
correspondence pair one linear equation in the coefficients = [e;;]. The essential
matrix can be computed as the solution of the homogeneotsnsys

Ae =0, (19)
with e = [611, €12,€13,€21, ... ,633] and the rows ofA equal to
a; = [Vi1U;1, Vi1 Ui, VilyWi3, - - - , Vi3] (20)

For each random sample of 8 correspondenced; amatrix can be calculated. This is
repeatedly done and for eaéhmatrix candidate the inliers are counted. A correspondence
is regarded an inlier if the second image pajrites within a predefined distance from the
epipolarellipse, defined by the first image poiet. This epipolar ellipse3 with equation
xT Bx = 0 is computed withB =

—4t%a2e? + r2p* rsb* rth?(—2¢2 + b?)
rsb —4t%a?e? + s2bt stb?(—2e2 + b?) (21)
rtb?(—2e% + b?) stb?(—2e% + b?) t2p*

andlr,s,t] = Eu = E(F(K'p)K~'p + t¢). Fortunately, this ellipse becomes a circle
when the motion is in one plane, so that the distance from ret poithis shape is easy to
compute.

x! Bx

22
Bas (22)

dist(x,B) =
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From the one essential matdxwith the maximal number of inliers the motion between
the cameras can be computed using the SVD based method edoppdiartley [19]. If
more than oner-matrix is found with the same maximum number of inliers, tme is
chosen with the best (i.e. smallest) quality measyse= o1 — 02, Whereo; is theith
singular value of the matri¥.

Out of this relative camera motion, a first estimate of the ingnvector is derived.
During the motion phase this homing vector is refined.

From the singular value decomposition

E=UDVT, (23)

the matricesk andS in £ = RS are computed by

S=+vzvT (24)
R=U0YVT or UYTVT, (25)
where
0 -1 0 0 1 0
Z=|1 0 0 and Y=|-1 0 0 |. (26)
0 0 0 0 0 1

Based on one feature correspondence, the right choice &etive 4 possible combinations
can be made yielding a antisymmetric translation marend a rotation matrixz.

7.1.2 Local feature map estimation

In order to start up the succession of tracking iterationsgstimate of the local map must
be made. In our approach the local feature map contains the@Mdl positions of the
visual features, centred at the starting position of thealiloming operation. These 3D
positions are easily computed by triangulation.

We only use two images, the first and the target image, forttiaisgulation. This has
two reasons. Firstly, these two have the widest baselinghardfore triangulation is best
conditioned. Our wide baseline matches between these tagamare also more plentiful
and less influenced by noise than the tracked features.

7.2 Motion phase

Then, the robot is put into motion in the direction of the hongivector and an image

sequence is recorded. We rely on lower-level collision c&ia, obstacle avoidance and
trajectory planning algorithms to drive safely [11, 36]. dach new incoming image the
visual features are tracked. Robustness to tracking efcarssed by e.g. occlusions) is
achieved by reprojecting lost features from their 3D pos#iback into the image. These
tracking results enable the calculation of the presenttimeaand from that the homing

vector towards which the robot is steered.
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When the (relative) distance to the target is small enoughentire homing procedure
is repeated with the next image on the sparse visual pathrget.tdf the path ends, the
robot is stopped at a position close to the position wherdasiepath image was taken.
This yields a smooth trajectory along a sparsely definedavisath.

7.2.1 Feature tracking

The corresponding features found between the first imagehenthrget image in the pre-
vious step, also have to be found in the incoming images guhiiving. This can be done
very reliably performing every time wide baseline matchwith the first or target image, or
both. Although our methods are relatively fast this is $tih time-consuming for a driving
robot.

Because the incoming images are part of a smooth continemusesce, a better solu-
tion istracking. In the image sequence, visual features move only a littlefone image
to the next, which enables to find the new feature positionamall search space.

A widely used tracker is the KLT tracker of Kanade, Lucas, §hd Tomasi [47]. KLT
starts by identifying interest points (corners), whichrifage tracked in a series of images.
The basic principle of KLT is that the definition of cornershim tracked is exactly the one
that guarantees optimal tracking. A point is selected ifrtfarix

2
[ o g“/gy], (27)
929y 9

containing the partial derivativeg, and g, of the image intensity function over aN x
N neighbourhood, has large eigenvalues. Tracking is theadbas a Newton-Raphson
style minimisation procedure using a purely translatiomaidel. This algorithm works
surprisingly fast: we were able to track 100 feature poihtOdrames per second 820 x
240 images on a 1 GHz laptop.

Because the well trackable points are not necessarily icligewith the anchor points
of the wide baseline features to be tracked, the best tréekaiint in a small window
around such an anchor point is selected. In the assumptitocalf planarity we can al-
ways find back the corresponding point in the target imag¢hé@aelative reference system
offered by the wide baseline feature.

7.2.2 Recovering lost features

The main advantage of working with this calibrated systethas$ we can recover features
that were lost during tracking. This avoids the problem girig all features by the end of
the homing manoeuvre, a weakness of our previous approd@th This feature recovery
technique is inspired by the work of Davison [9], but is fastecause we do not work with
probability ellipses.

In the initialisation phase, all features are described Iycal intensity histogram, so
that they can be recognised after being lost during trackagh time a feature is success-
fully tracked, this histogram is updated.
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When tracking, some features are lost due to invisibilitgause of e.g. occlusion.
Because our local map contains the 3D positions of eachrigatnd the last robot position
in that map is known, we can reproject the 3D feature in theganm&voboda shows that the
world point X (i.e. the pointX expressed in the camera reference frame) is projected on
point p in the image:
K

p= 2—e(>\Xc —te), (28)

wherein) is the largest solution of

b*(—e)Xc3 + a| Xc||

A= :
VX3 — a?Xe? — a?X

(29)

Based on the histogram descriptor, all trackable featumrassindow around the repro-
jected pointp are compared to the original feature. When the histogratartts is under a
fixed threshold, the feature is found back and tracked fuiththe next steps.

7.2.3 Motion computation

When in a new image the feature positions are computed bkitigaor backprojection, the
camera position (and thus the robot position) in the gema@ldinate system can be found
based on these measurements.

It is shown that the position of a camera can be computed wdrethifee points the 3D
positions and the image coordinates are known. This proldemow as thdahree point
perspective pose estimation problem. An overview of the proposed algorithms to solve it
is given by [18]. We chose the method of Grunert, and adaptfedt bur omnidirectional
case.

Also in this part of the algorithm we use RANSAC to obtain austbestimation of the
camera position. Repeatedly the inliers belonging to thean@omputed on a three-point
sample are counted, and the motion with the greatest nunflidress is kept.

7.2.4 Robot motion

In subsection 7.1.1, it is explained how the position andrdétion of the target can be ex-
tracted from the computed epipolar geometry. Together thighpresent pose results of the
last subsection, a homing vector can easily be computed. ciimmand is communicated
to the locomotion subsystem. When the homing is towardsa$teérhage in a path, also the
relative distance and the target orientation w.r.t. thegmeorientation is given, so that the
locomotion subsystem can steer the robot to stop at theedigsasition. This is needed for
e.g. docking at a table.
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Figure 11: Some of the images which were the input for the migdibg experiment.

8 Experiments

8.1 Test platform

We have implemented the proposed algorithm, using our nealifiectric wheelchair ‘Shar-
ioto’. A picture of it is shown in the left of fig. 1. It is a staadd electric wheelchair that
has been equipped with an omnidirectional vision sensansfsting of a Sony firewire
colour camera and a Neovision hyperbolic mirror, right in 1iy The image processing is
performed on a 1 GHz laptop. As additional sensors for olstetection, 16 ultrasound
sensors and a Lidar are added. A second laptop with a 840 Mytegsor reads these sen-
sors, receives visual homing vector commands, computeseabessary manoeuvres, and
drives the motors via a CAN-bus. More information on thistfpian can also be found
in [35] and [11].

8.2 Map building

The wheelchair was guided around in a large environmentgwdiking images. The envi-
ronment was a large part of our office floor, containing bottoor and outdoor locations.
This experiment yielded a database of 545 colour images avigsolution 0320 x 240
pixels. The total distance travelled was approximately #60During a second run 123
images were recorded to test the localisation. Some of ihemges are shown in fig. 11.

After place clustering with a fixed place size threshold (im experimentg).5), this
resulted in a set of 53 clusters. Using the Dempster-Shafedevidence collection, 6 of
41 link hypotheses were rejected, as shown in fig. 12. Fighd@s the resulting 59 place
prototypes along with the accepted interconnections.

Instead of keeping all the images in memory, the databasews@duced to only the
descriptor sets of each prototype image. In our experintbetmemory needed for the
database was reduced from 275 MB to 1.68 MB.

8.3 Localisation

From this map, the motion model is computed offline as exphiiim section 5.2. Now,
for the separate test set, the accuracy of the localisalgorigom is tested. A typical
experiment is illustrated in fig. 14.

In total, for 78% of the trials the maximum of the belief function was locatedhe
closest place at the first iteration, after the second amd theélief update this percentage
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Figure 12: Topological loop closing: accepted hypothesesshown in thick black lines,
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Figure 14: Three belief update cycles in a typical localisaexperiment. The black
denotes the location of the new image. Place prototypes avitigher belief value are
visualised as larger black circles.

raised to89% and97%.

8.4 Visual servoing
8.4.1 Initialisation phase

During the initialisation phase of one visual homing stegrespondences between the
present and target image are found and the epipolar geomatomputed. This is shown
in fig. 15.

To test the correctness of the initial homing vector, we toukges with the robot
positioned at a grid with a cell size of 1 meter. The resultioging vectors towards one
of these images (taken &4, 3)) are shown in fig. 16. This proves the fact that even if the
images are situated more than 6 metres apart the algorithkswtanks to the use afide
baseline correspondences.

8.4.2 Motion phase

We present a typical experiment in fig. 17. During the mottbe,top of the camera system
was tracked in a video sequence from a fixed camera. This \@dgoence, along with
the homography computed from some images taken with thet ailreference positions,
permits calculation of metrical robot position ground trdiata.

Repeated similar experiments showed an average homingaagcaf 11 cm, with a
standard deviation of 5 cm, after a homing distance of ar@umd
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Figure 15: Results of the initialisation phase. Top rowgddy bottom row: start. From
left to right, the robot position, omnidirectional imagéswal correspondences and epipolar
geometry are shown.
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Figure 16: Homing vectors from 1-meter-grid positions aochs of the images.
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Figure 17: Three snapshots during the motion phase: in thimtiag (left), half (centre)
and at the end (right) of the homing motion. The first row shtivesexternal camera image
with tracked robot position. The second row shows the coetputorld robot positions
[cm]. The third row shows the colour-coded feature track$ie Bottom row shows the
sparse 3D feature map (encircled features are not lost).
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8.4.3 Timing results

The algorithm runs surprisingly fast on the rather slow hene we used: the initialisation
for a new target lasts only 958 ms, while afterwards every®87& new homing vector is
computed. For a wheelchair driving at a cautious speed,pbssible to keep on driving
while initialising a new target. This resulted in a smootjdctory without stops or sudden
velocity changes.

9 Conclusion

This chapter describes and demonstrates a novel approaehsévice robot to navigate
autonomously in a large, natural complex environment. Tilg sensor is an omnidirec-
tional colour camera. As environment representation, altgical map is chosen. This
is more flexible and less memory demanding than metric 3D misfaseover, it does not
show error build-up and enables fast path planning. As abilamdmarks, we use two kinds
of fast wide baseline features which we developed and addptehis task. Because these
features can be recognised even if the viewpoint is subaligrdifferent, a limited number
of images suffice to describe a large environment.

Experiments show that our system is able to build autonoipausnap of a natural
environment it drives through. The localisation abilityitwand without knowledge of
previous locations, is demonstrated. With this map, a patlatds each desired location
can be computed efficiently. Experiments with a robotic dtesr show the feasibility of
executing such a path as a succession of visual servoing,. step
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