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Abstract

Selectinglandmarks for useby a navigating mo-
bile robot is important for map-building systems.
Howewer, it can also provide a way by which
robots can communicate route information, so
that onerobot cantell another how to 'nd a goal
location. A route through an ervironment can be
described by the landmarks encourtered alongthe
path, and a robot following the samepath must
identify the perceptions corresponding to the ac-
tual landmarks in the description in order to lo-
caliseitself. This paper preserts an algorithm to
automatically selectlandmarks, choosingasland-
marks placesthat donot 't into amodel of typical
perceptionsacquired by the robot. Four methods
of aligning the landmarks between di®eren runs
on the sameroute are also preseried. The di®er-
ent alignment methods are evaluated accordingto
both how well they produce matching landmarks
and how suitable such alignment methods would
be for usein a route communication system.

1 Intro duction

Perceptual landmarks { navigational landmarks based
on the sensory perceptions of the robot { form
the basis of many successfulmobile robot navigation
systems, see for example (Yamauci and Beer, 1996
Duckett and Nehmzaw, 1999. These landmarks are
used becausethey avoid the problem of drift error that
is inherert in odometry measuremets.

The selectionof landmarks is important for other ap-
plications, too. The problem of robot communication
has become increasingly important over the last few
years, as multiple robot systemshave becomemore and
more common. One question that has begunto be ad-
dressedis how a group of robots can share navigational
information, for example so that one robot can tell an-
other how to 'nd a goal location. A possible way to
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approad this questionis to sendinformation about the
landmarks that are seenalong the route and the ac-
tions that weretaken at theselandmarks. Sudh a system
would require the following capabilities:

2 A landmark selectionmethod

2 A mapping from selectedlandmarks to words to be
communicated

2 An inversemapping from words to landmarks

It isthe rst of theserequiremerts that is addressedn
this paper. Wherever navigational landmarks are usedit
is important that they are detected consisterily, sothat
the samelandmarks are found on every run through an
ervironment. Otherwise, the route that should be taken
is unclear and, for communication, the physical ground-
ing of the symbols that the robots were communicating
with would be very di®erert.

In previouswork (Marsland et al., 200J) it was shavn
that a robot could adaptively learn a model of its en-
vironment by using its current sensory perceptions to
predict the next set of perceptions. It was argued that
the placeswherethe prediction wasnot accurate{ those
placesthat werenot adequatelydescribedin the acquired
model { were suitable choices for landmarks. These
placeswere found by using a Kalman “Tter to monitor
the error curve of the output of the neural network.

In that work, which is described in more detail in sec-
tion 3.1, the robot travelled a constart distance (20cm)
between sensorscansof the environment, and stopped
in order to make the scans. This meart that interesting
landmarks could be missedif they were placed between
the sampling steps. Here we investigate a more complex
version of that task, where the robot samplesthe en-
vironment cortinually asit explores,even while turning
corners. This meansthat the only limit onthe number of
samplestaken by the robot asit travelsis the operating
capabilities of the robot.

We comparethe quality of landmark matchesbetween
successie runs in an environment by looking at how well



the landmarks match in terms of preserving landmark
sequencedistance, and category betweenthe two runs.
The results are promising.

2 Relevant Literature

2.1 Landmark Seletion

The most common method of selecting landmarks has
beento take sensoryscansat regular intervals with ev-
ery scanbeing used as a landmark that is put into the
map. This avoids the problem of ensuring that land-
marks should be detectedconsisterly, but sincein many
ernvironments { such ascorridors { alarge number of per-
ceptions are almost identical, the map is Tled up with
information that doesnot aid navigation.

A number of researtiers have considered selecting
suitable landmarks for mobile robot navigation. One
technique is to ask the user to de ne the landmarks
before the robot explores. Humans typically select ob-
jects that they nd easyto recognise,such as doors, or
line segmeits extracted from cameraimagesrecordedas
the robot travels (Kortenkamp and Weymouth, 1994).
Howevwer, there is no guararntee that these objects are
easyfor the robot to recognise.

(Thrun, 1998 approached the problem through
Bayesian learning, aiming to select an optimal set of
landmarks for performing self-localisation in one spe-
cic ervironment. The landmarks were made up of
a projection from the robot's raw sensory perceptions
(camera images) onto vectors in a lower-dimensional
space. This optimisation was performed by minimising
directly the quartity of interest, namely the robot's er-
ror in self-localisation. Thrun showed that his method
produced better performance than localisation using
designer-determinedandmarks including doors and ceil-
ing lights.

A similar, but computationally cheaper technique,
wasdeweloped by (Vlassis et al., 2000, who shaved that
their optimisation method produced better results than
principal componert analysis. Our approach di®ersin
that we do not carry out any analysis of the utilit y of
the landmarks selected,but instead use a self-acquired
model of “typical' sequence®f perceptions, which is in-
dependert of any particular task or environment.

(Zimmer, 1996 consideredthe problem of selecting
landmarks in a topological map through a processof
“life-long learning', where the robot's map was cortinu-
ously adapted on-line during exploration. This approac
usedglobal statistical information, basedon comparison
of accurrulated error statistics at ead of the nodes, to
decidewhereto add and delete nodesin the map. A re-
lated idea can be found in (Bourque and Dudek, 2000,
who addressedhe “vacation snapshot' problem of decid-
ing in which locations to take cameraimagesin order
to obtain a set of imagesthat best represent an ertire

ervironment. This approac kept running statistics on
what is a “typical' perception, together with backtrack-
ing to previously visited locationsthat weresubsequetly
found to be "atypical'.

2.2 Landmark Communiation

In the route communication task, landmarks can be con-
sidered as categoriesthat the robot recognisesand can
communicate about. The problem of communicating
landmarks between robots then becomesone of learn-
ing a mapping betweenthe di®erert categorisationsthat
are privately held by ead robot in the communicating
community. Although it is not dizcult for agers to
communicate oncethey posseshe samecategorisations
of the ervironment, the methods by which agerts can
acquire matching categorisationsand learn to communi-
catethem is still the topic of ongoingreseard. The most
common method of learning to communicate categorisa-
tions is to assumethat categorisation is a processthat
is private to ead individual agert, and communication
consistsof learning a public code, or set of symbols, that
maps meaningsbetween the internal categoriesof eat
agert. Early work by (Yancoand Stein, 1993 showed
how two robots could usereinforcemert learning to cre-
ate an encading that enablesthe robots to communi-
cate the simple categories ‘turn left' and “turn right'.
(Billard and Dautenhahn, 2000 demonstrated that im-
itation is a plausible medcanism for robots to learn a
common symbol-meaning systemdescribing various per-
ceptions in the ernvironment. (Steels,1996 proposeda
formalism to both learn perceptually groundedmeanings
of such encalings and a meansby which agerts can mod-
ify their internal categorisationsto increasetheir suc-
cessrate in communication. An alternativ e approad is
to produce a non-adaptive systemthat maps categories
onto symbols. For instance, (Skubic et al., 2007 showed
how a set of fuzzy logic spatial relationships can be com-
bined with a sensorprototyping method called the his-
togram of forcesto generatelinguistic descriptions of a
robot's ervironment that are understandableto human
users.

The problem of learning symbols to describe a robot's
route through an ervironment has not, to our knowl-
edge, yet been addressedin the literature. The clos-
est related work is that done on segmeting a robot's
sensory °ow into categories by (Tani and Nol, 1999
and (Linaker and Niklasson, 2000. Both of these
works mertion the possibility of communicating
routes between robots as sequencesof categories,
but do not actually attempt the task. Our own
work (Fleischer and Nehmzow, 2001 has demonstrated
that it is possiblefor two robots to learn individual cat-
egorisationsof locations in the environment and then an
encaling from their categorisationsonto a set of public
symbols, enabling the robots to agreeon symbols repre-



senting locations in the environment.

3 Approac h

3.1 Overview

We suggestthat the perceptionsthat are most suitable
aslandmarks are those that di®erin someway from the
main run of perceptions. This meansthat we are at-
tempting a form of novelty detection, highlighting per-
ceptions that are in someway unusual. The rst part
of any novelty detection process(Marsland, 200J) is to
learn the model of normality. This is done by allow-
ing the robot to travel through the ervironment using
a wall-following behaviour and collecting data from its
sonarsensors.Thesereadingsare usedasinputs to train
a single-layer neural network, described in section 3.2.
Landmark detection is performedby nding peaksin the
error curve of the single-layer network. This is a fairly
dixcult problem as the residual noise level is high. A
one-dimensionalKalman “Tter is used,asis described in
section 3.3.

3.2 The SensorPrediction Network
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Figure 1: The single-layer network usedto learn the mapping

between the current sensoy perception and the next. To aid
clarity, connectionsfor nodesdrawn dotted are not shawn.

A single-layer neural network with a sigmoidal activa-
tion function, shavn in gure 1, is trained to acquire a
model of the relationship betweensuccessie sensoryper-
ceptions. The network structure is not fully connected;
the perceptionsof sensordfacing forwards are usedasin-
puts to model rear-mounted sensorsbut not vice-versa.
This re°ects the fact that the robot drivesforward, and
sothe future perceptionsof any one sensordepend only
onthe sensorsn front of it. While this assumptionabout
the sensorsbreaks down when the robot turns corners,
this doesnot seemto be a problem. In addition to the
network inputs shown in the gure, a bias input that is
permanertly setto -1 is used.

The network weights, W, are adapted during a train-
ing phase,wherethe robot exploresan environment and

recordsits sensoryperceptions. The sensoryperceptions
at ead time step, p(t), are usedas both network inputs
(at the current time step) and training examplesfor the
next time step. The weights are adapted using the stan-
dard Widrow-Ho® learning rule:

CW() =" (p(t) i WOpti )" pti 1): (@)

The single-layer network wastrained using early stop-
ping on a training set made of runs through a number of
corridor environments, using a learning rate of = = 0:2.
Further details are givenin section 4.

Once the training is completed the landmark selector
can be usedon-line. The error curve of the neural net-
work is monitored, wherethe error is the squareddi®er-
encebetweenthe predicted output, ok (t), and the actual
perceptions of the robot, pg(t), for ead sensork:

X 2
E = (oc(t) i pe(t)”: (2
k

3.3 LandmarkSeletion Usinga Kalman Filter

The criteria that is usedfor selectinga landmark is that
the output error of the sensorprediction network is suf-
“ciently high. A Kalman Tter (Kalman, 1960 provides
a principled method for determining when this is true.
The Kalman TTter is a method for recursively estimat-
ing the state of a discrete-time cortrolled processthat is
governed by a linear stochastic di®erenceequation. In
our casewe have a scalar variable, the error of the net-
work, E, which would be a constart value, hopefully near
zero, if the sensorvalues remained unchanging. How-
ever, there is noisein E from both sensorrepeatability
(measuremem noise) and robot orientation and position
(processnoise).

The Kalman Tter attempts to optimally re-estimate
the variable E at eat step alongthe way soat to remove
the e®ectsof both measuremeh and processnoise, leav-
ing behind only the prediction error actually produced
by variation of the ervironment. The 'lter equations
compute a gain, K, that is usedto recursively update
estimates of the true error, B, and its variance, v. The
Kalman “Tter equationsfor our simple, one-dimensional
caseare:

v(ti 1)

K(t) = Wt D+ R 1)+R; 3)

Bty= Bt )+ K@) E@®) Bti 1) ; (@)

v(t) = (1i K)(v(ti 1)+ Q); (6)

where Q is the processnoisevariance and R is the mea-
suremert noisevariance. The value of Q is estimated as
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Figure 2: The di®erencebetweena constant valued measure-

ment noisevariance (run 2, right) and the time-varying function
of variance calculated via the Delta method (run 1, left). The
line shaws the robot path as measuredby the robot odometry,
and the points are the placesthat were selectedas landmaks.
The numbers refer to their distance from the start of the run.
The time-varying noisemodel shavs only 74 landmarks while the
constant model nds 181 using the samedata. The mean dis-
tance betweenlandmaks in the time-varying model was 2.86m
but only 1.16m in the constant one.

the varianceof during training, and R caneither be as-
signedto bethe samevalue, setto 0, or approximated by

measuringthe variance of the sonar sensorsasthe robot

travelsin a short, perfectly straight stretch of featureless
hallway, and propagating this variance through the non-
linear transfer functions of the neural network and sum-
of-squareserror using the Delta Method (Rice, 1999 to

generatea time-varying noisemodel. Figure 2 shaws the

e®ectsthat this choice makeson a typical set of sonar
data.

The time-varying noise model produces fewer, more
distinct landmarks than either R = 0 or R = Q noise
models. Most of the extra landmarks found by the
constart-valued noisemodel comefrom many successie
perceptionsat the samelocation being courted as land-
marks, whereasthe time-varying model often prevents
this problem from occurring. We usedthe time-varying
noisemodel in all of the experiments reported here.

As well astrying to remove noise from the error esti-
mate, the Kalman TTter also conveniertly maintains an
estimate of the error variance. This variance estimate
can be used to determine if Ii_f’(t) is greater then some
number n of standard deviations away from the mean of
the Kalman estimated error at the current time, E(t).
Therefore, we can de ne a landmark as any perception
where,

B(t) > E(t) + n’ v(t) : (6)

The parameter n provides a method for adjusting the
required level of conspicuousnessand therefore relative
frequency of landmarks. Typically, we nd that values
of n betweenfour and v e work well.

3.4 Categorising Landmarks

Two of the four methods of aligning landmarks be-
tween di®erent runs that we used employed land-
mark categories. Landmark categories are also of
more general interest becausethey can form the basis
for communication about landmarks between di®eren
robots (Fleischer and Nehmzow, 2001). We used Koho-
nen's Self-Organising Map (Kohonen, 1982, an unsu-
pervised neural network basedon vector quantisation,
to perform categorisation of the landmarks. The Self-
Organising Map (SOM) is a neural network that mapsa
setof inputs onto activations of a set of output nodesar-
rangedon a lattice. The network categorisesthe robot's
sensor perceptions by feeding them as inputs into the
network and taking the identit y of the output node with
the highest activation level (the “best-matching node'),
as the category of the input. The SOM is trained by
presering it with a data set and adapting the network
weights such that, for ead input in the data set, the re-
gion in the output map around the best-matching node
is moved closerto the presered input.

We used the SOM Toolbox (Vesario et al., 2000 to
produce the SOMs usedin this work. The toolbox will
automatically selectthe size and shape of the map and
the training parametersbasedon the number of inputs,
the number of data points, and the principal compo-
nents of the training data set. This feature was em-
ployed here. For the training data setsusedin this work,
two-dimensional,toroidal SOMswith between24 and 66
output nodeswere produced, with one dimension of the
map being roughly twice aslong asthe other.

4 Experiments

4.1 Description

The experimerts in this paper were performed on a No-
mad Scout, a di®ereriial drive robot with 16 Polaroid
sonar sensorscapableof giving rangeinformation on ob-
jects between15cm and 6m away from the robot. The
sensorvalueswere updated as quickly asthe processing
speedof the PC cortroller would allow, giving lesstem-
poral structure to the data than there would be if the
sensorsvereonly updated at "xed distanceor time inter-
vals. Each experimert run consistedof between 30 and
200 metres of travel in normal oxce building corridors
that have not beenmodi ed for the robot's usein any
way. Theseruns were made during daytime hours with
normal use being made of the corridors; no attempt was
made to remove the anomaliesin the data created by
peoplewalking through the sensorrange, asthesewould
be the conditions in which the system would have to
work as part of a navigation or communication system.
The robot used a hard-wired wall-following program
to follow the left-hand side wall at a constart distance.
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Noisein the systemcomesprincipally from inaccuracies
in the wall-follower and error in the sonar sensors.
Three di®eren, adjacert, hallway sectionswere used
for training the landmark detection algorithm (see g-
ure 3). The robot travelled through ead hallway three
times, thus producing a total of nine di®erert data sets
for training the algorithms. The training data were used
to do three things: (1) train the sensorprediction model,
(2) calculate valuesof Q and R for the Kalman “Tter and
(3) train the SOM for landmark categorisation. The test-
ing data was produced by propping open the doors be-
tweenthe three hallways and collecting a further three
data runs using a 200m long route through all three
hallways. To comparethe alignment betweenlandmarks
the three test sets were paired in all six possible per-
mutations (since order of comparison matters) and the
measuresdescribed in the next section were calculated.

4.2 Analysis

We investigated four di®erert methods of producing
alignmernts betweenlandmarksin two runs. Thesedi®er-
ernt alignment methods re°ect somepossibleways that a
robot might useto align its own landmark perceptions
with alandmark-basedroute description. The alignmert
methods used match landmarks between runs using se-
guence,distance travelled, and landmark category, or a
combination of them. In ead alignment the rst run
is taken as the route description received by the robot,
which is trying to match up the the secondrun (the
landmarks it has perceived) against the original. The

alignment methods can be described as:

Sequential Each landmark in the secondrun is aligned
with the next landmark in the rst run. If there is a
mismatch betweenthe number of landmarks there is
no alignment for the excesdandmarks.

Distance The x j y position odometry is transformed
into a single dimension of distancetravelled from the
beginning of the run. Landmarks in the secondrun
are aligned to the landmarks in the rst run that are
closestto them in distance travelled.

Category and distance Each landmark in the second
run is aligned to the landmark in the rst run that
is closestto the samedistance travelled and is also
a member of the samelandmark category If there
is no category match then no alignmert is made for
that landmark.

Category and distance with limited range As
previously, but matchesare only allowed that are at
the same distance travelled plus or minus an error
term represening odometric drift. In these experi-
mernts the allowed misalignmen, °y increaseswith
distance travelled, d (in metres), °x = 0:25+ 0:05d,
for each landmark k.

Alignments betweentest runs can be simply evaluated
by looking at actual landmark matches. Examples are
shown in "gures 4 to 7. In addition to these gures
three metrics were devised to evaluate the alignmens
accordingto the criteria they were basedon:

Category score The number of assignmeis wherethe
aligned landmarks in both runs sharethe samecate-
gory, divided by the number of alignments.

. 1 2 .
Distance score The mean of exp‘z—fkf for all aligned

landmarks, where % is the di®eréncebetween the
recorded odometry distance for landmark k and its
aligned partner.

Sequential score The fraction of alignments wherethe
aligned partner of landmark k + 1 is the same or
further distancethan the aligned partner of landmark
k. Landmarks without assignedalignments are not
counted as a break in the sequence.

Note that thesemetrics do not penalisealignmernts that
producefewer matchesof better quality. This is basedon
the assumptionthat navigation with many landmarks of
uncertain quality is more dizcult than navigation with
fewer, better quality landmarks, i.e., landmarks that are
found consisterily .



Left Lmks All Lmks Left All

Alignment Score | 1 Y 1 Y 1 Y
Sequence Cat 0.24 0.16 | 0.15 0.10| 0.20 0.14
Dist | 0.30 0.19 | 0.30 0.19 | 0.30 0.19

Seq | 1.00 0.00| 1.00 0.00 | 1.00 0.00

Distance Cat | 0.27 0.18 | 0.19 0.11 | 0.23 0.16
Dist | 0.82 0.14 | 0.82 0.14 | 0.82 0.14

Seq | 1.00 0.00| 1.00 0.00 | 1.00 0.00

Category Cat | 1.00 0.00 | 1.00 0.00 | 1.00 0.00
+ Dist | 0.64 0.12 | 0.63 0.12 | 0.62 0.12
Distance Seq | 0.87 0.05| 0.81 0.04 | 0.87 0.05
Category, Cat | 1.00 0.00 | 1.00 0.00 | 1.00 0.00
Distance, Dist | 0.85 0.11 | 0.86 0.10 | 0.85 0.10
Rng lim Seq | 0.94 0.05| 090 0.05| 095 0.04
Table 1:  Alignment scaes for a landmak selecta (n = 5),

training the SOM with three di®erenttypesof input: “Left Lmks'
left-side sonas from landmak perceptions, All Lmks' all sonas
from landmak perceptions,or “Left All' left-side sonas from all
perceptions. The scaesrepresentmean and standad deviation
values of the 54 possiblepermutations in the training/testing
sets. Two-sample t-tests shav that the "Left All' and "Left
Lmks' parameters produce better scaes than "All Lmks', but
are indistinguishablefrom eachother.

5 Results

We investigated how suitable the four alignment meth-
ods described previously were for usein the route de-
scription task using the three metrics. The way in which
the SOM was trained was also varied. We tested using
all of the 16 sonarsensorsasinputs, or just the "v e left-
hand sensorghat were usedasinputs to the single-layer
network. We compared using a SOM trained only on
the sensorinputs that were selectedas landmarks with
onetrained on ewery set of sensorreadings. Finally, we
comparedtraining in hallways shorter then the test en-
vironment with training in hallways of the samesize.

5.1 Alignmentsand Sores

It is useful to note somegeneraltrends and features of
the alignments and scoresthat are preserted in this sec-
tion. Table 1 shavs meanvaluesfor ead scoreand align-
ment combination. As would be expected, the sequence
and distance alignmerts have perfect sequetial scores,
but they producevery poor categorisationscores.This is
presumably becausethey are matching landmarks that
are closetogether, either in the sequenceor by distance,
but that are causedby di®erert features. The sequettial
alignment also producesthe worst distance score. This
occurs becausethe number of landmarks can vary by
100%, producing misalignmerts of up to 80m, ascan be
seenin gure 7. The category-basedalgorithms, natu-
rally, produce perfect category scores. While the cate-
gory and distance alignment producesgood alignmerts
in many cases,it can periodically match up landmarks

at opposite endsof the ervironment. The range-limited
version was devised to overcome this problem, and is
very successfuin doing so;it producesmany fewer land-
mark alignmens, an averageof 50, ascomparedwith 122
for the other alignmerts. It succeedsin producing the
highest quality and most desirable matches when there
are small clusters of landmarks in the same location.
Another bene't is that the alignments it producesare
relatively insensitive to the order of comparison, unlike
the other alignment methods.

5.2 E®ets of SOM Inputs

Table 1 and gures 4 to 6 shaow the alignments and scores
for three choicesof SOM training inputs. We compared
the scoreswith a two-samplet-test (® = 0:05) to de-
termine what e®ectsSOM training inputs had on align-

ment performance. Using only the left-side sonars pro-

duced a detectable improvemert in the sequetiial score
on both category-basedalignment methods. It is possi-
ble that the slightly improved performancefor left-side
only sonarsis becausethere was not spacefor someone
to walk between the robot and the wall it was follow-

ing (left), and sothe sonarreturns were not confusedby

peoplewalking past the robot. We also comparedtrain-

ing the SOM with only landmark perceptionsversusall

sonar scans. In this case,there were no statistically sig-
ni cant di®erenceg® = 0:05) in any of the scores.

5.3 E®ets of Training Environment

The landmark selection algorithm sets parameters re-
lated to the noise models and the SOM learns to cate-
goriseperceptionsbasedon the training environment. If
there is enough di®erencebetween training and testing
ervironments we might expect poor landmark selection
and alignment. Of courseit is unlikely that it would
be possibleto train in the ertire ervironment that the
robot will needto navigate in; often at best a subset, or
a related environment might be all that was available.
Therefore, the assumedstandard in table 1 is to train
in only one hallway and test in runs spanning all three
hallways. Howewer, comparing those valuesto training
on three-hallway runs using the sametraining parame-
ters we can seeno statistically signi cant di®erencesn
any scorefor any alignment (® = 0:05). Qualitativ ely,
the di®erencecan be seenby comparing the alignmerts
shawn in “gure 6, trained in one hallway, with the align-
ments in “gure 7, trained in all three. Both "gures show
alignments generatedon the sametest data. But there
are fewer landmarks detected when training occurs in
the samehallways as testing, and while there are fewer
landmark alignments numerically, a higher proportion of
those landmarks are assignedmatchesin the category-
basedalignment methods.
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Figure 4: Examplealignmentsfor a landmak detection sys-
tem trained on a run in hallway 1 (n = 5, using left-side sonas
at landmak perceptionsfor SOM training). The systemwas
then tested on two sepaate runs that spannedall three hall-
ways. This set of SOM training parameters producesthe best
alignment scaes, alongwith the onesin "gure 6, which are sta-
tistically indistinguishablefrom this set (seetable 1).

Robot path is represented by solid lines, landmaks by black
dots, and alignmentsby dashedlines. Top: The robot's internal
odometry showing x j y position. The numberson the path are

the total distancetravelled in the to that point. Underneath:

The x i y odometry is projected onto a distance-travelledaxis,
and aligned landmaks have dashedlines drawn betweenthem.

The alignmentsare (from 2nd from top to bottom) sequential,

distance, distance & categay, and distance & categay with
range limit.
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Figure 5: Examplealignmentsfor a landmak detection sys-
tem trained on a run in hallway 1 (n = 5, usingall 16 sonas at
landmak perceptionsfor SOM training). The systemwas then
tested on two sepaate runsthat spannedall three hallways. Us-
ing all the sonas like this is lesssuccessfukthan using only the
sonas on the left of the robot, as can be seenin table 1.
Robot path is represented by solid lines, landmaks by black
dots, and alignmentsby dashedlines. Top: The robot's internal
odometry showing x j y position. The numberson the path are
the total distancetravelled in the to that point. Underneath:
The x | y odometry is projected onto a distancetravelled axis,
and aligned landmaks have dashedlines drawn betweenthem.
The alignmentsare (from 2nd from top to bottom) sequential,
distance, distance & categay, and distance & categay with
range limit.
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Figure 6: Examplealignmentsfor a landmak detection sys-

tem trained onarunin hallway 1 (n = 5, usingleft-side sonas at

everyperceptionfor SOM training). The systemwasthen tested

on two sepaate runs that spannedall three hallways. This set

of SOM training parametersproducesthe bestalignmentscaes,

along with the onesin "gure 4, which are statistically indistin-

guishablefrom this set (seetable 1).

Robot path is represented by solid lines, landmaks by black
dots, and alignmentsby dashedlines. Top: The robot's internal

odometry showing x j y position. The numberson the path are
the total distancetravelled in the to that point. Underneath:
The x | y odometry is projected onto a distancetravelled axis,
and aligned landmaks have dashedlines drawn betweenthem.
The alignmentsare (from 2nd from top to bottom) sequential,
distance, distance & categay, and distance & categay with

range limit.
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Figure 7:  Examplealignmentsfor a landmak detection sys-

tem trained on a run spanningall three hallways (n = 5, using
left-side sonas at everyperceptionfor SOM training). The sys-
tem was then tested on two sepaate runs that also spanned
all three hallways. Note that there are considerablyfewer land-
marks in eachalignment, as compaed with the other “gures.

Robot path is represented by solid lines, landmaks by black
dots, and alignmentsby dashedlines. Top: The robot's internal
odometry showing x j y position. The numberson the path are
the total distancetravelled in the to that point. Underneath:
The x j y odometry is projected onto a distancetravelled axis,
and aligned landmaks have dashedlines drawn betweenthem.
The alignmentsare (from 2nd from top to bottom) sequential,
distance, distance & categay, and distance & categay with

range limit.



5.4 Too Complex?

Given how much computational machinery is at work
in this algorithm, it is important to ask how much of
it is actually necessary There are three major compo-
nents: a predictor network, a Kalman Tter operating
on the predictor network error to detect landmarks, and
a SOM producing categorisationsof the resulting land-
marks. Our previous work (Marsland et al., 200]) has
shown that simple threshold detection of the error curve
is insuzcient, and that a Kalman Tter is necessary This
paper also demonstrated that the single-layer network
wassuzcient for the sensomprediction. The SOM is used
becauseit is a well-known self-organisingalgorithm, but
many other algorithms could be substituted to produce
landmark categorisations.

But could the Kalman Tter operate directly on the
sonar inputs, removing the need for the prediction net-
work? The problem with this approacd is that the R
values would then be the variance of the sonar values
due to measuremeh error. The sonar that is directly
perpendicular to the wall will have an R value of almost
zero, sincesonarshave very little measuremen error for
hard surfacesthat have small anglesof incidenceto the
beam. By the Kalman update equationsthe gain will be-
comeunity and the variance estimate will becomezero.
The TTter will seeevery perception asa landmark unless
some clever voting sdheme is introduced that removes
the e®ectsof the perpendicular sonar.

6 Conclusions and Future Work

We have presenied a systemthat is capable of extract-
ing landmarks from realistic, cortin ually updated, robot
sonar data. The landmarks are selectedbasedon the
principle of unexpected perceptions{ placeswhere the
robot's predictive sensor model breaks down are un-
usual and therefore conspicuousand distinctive. Pre-
vious work has shown that the system works well in
a tightly structured and discretely sampled environ-
ment (Marsland et al., 2001), but this is the rst time
that the method hasbeenapplied to morerealistic, noisy,
cortinually sampleddata. In spite of the added ditcul-

ties, someslight modi cations to the algorithm produced
a robust and excient landmark detector capable of re-
liably reproducing most of the samelandmarks at eat
passthrough an environment. While it is not perfect{ it
will typically produce uneven numbers of landmarks at
certain locations or occasionallandmarks that appearin
onerun but not another { from a qualitativ e standpoint,

the landmark selectionis very satisfactory.

We evaluated the use of the landmarks generated by
this systemfor aligning landmarks betweentwo di®eren
trips through the sameervironment. We producedalign-
ments between landmarks in pairs of runs basedon se-
guence,distance, and both categorisation and distance.

These alignments were scoredfor their quality in three
di®erert measuresand inspected visually for suitabilit y.

In general, alignment using categorisation and distance
with alimited rangeproducedthe most consistert scores
and most pleasing alignments visually. It is clear that

combining di®eren typesof landmark alignmerts (e.g.,
category and distance) producesbetter results than us-
ing just onetype of alignmert.

Training the SOM using only left-side sonarsproduced
statistically better scoresthan using all sonars| an ef-
fect that might be attributable to reducingthe in°uence
of humans walking through the hallway on the robot
perceptions. Training in a subsetof the testing hallways
produced scoreswhich were not detectably worse than
training in the ertire hallway area. This is useful since
a robot may not be able to train in every ernvironment
in which it might needto operate, nor is it desirableto
have to perform so much time-consuming training.

We beliewe that the results to date sere as an strong
indication of the suitabilit y of this method for the route
communication task. We have demonstrated in this
paper that the samerobot can align landmarks with
high accuracy between di®erent runs of the same en-
vironment using information about distance travelled
and the categories of the landmarks. In previous
work (Fleischer and Nehmzaw, 2001), we showed that
two robots can learn to reliably and consisterily link
symbols with perceptual categoriesof the environment.
The comnmunication system can provide a link between
the internal categoriesof two robots, thus enabling one
robot to interpret a set of landmarks and categoriesde-
scribing a route followed by another robot. Alterna-
tively, the landmark alignment system could be seenas
a method by which two robots might be able to learn
symbols represerting perceptions that they have both
encourtered on runs in the sameenvironment. The next
step in our investigations will be to combine these two
componerts into a systemcapableof aligning landmarks
betweentwo runs in the sameervironment performed by
di®erert robots. We will be investigating both the possi-
bilit y of using the landmark detection and alignment al-
gorithms to enablethe robots to learn consistert symbol-
landmark mappings, and the e®ectsof symbol-category
consistencyon the performance of matching landmarks
betweentwo runs by di®erent robots in the sameenvi-
ronmert.
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