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Abstract

One of the most difficult problems in Simultaneous
Localisation and Mapping (SLAM) isthat of identify-
ing and closing cycles. Whilelocalisation methods ex-
ist that can provide local consistency in a map,
residual errors can grow unbounded in global metric
maps. Topological maps are favoured by some be-
cause they do not have the global consistency prob-
lems however they too have difficult correspondence
problems due to perceptual aliasing. In this paper we
discuss our approach to closing cyclesin atopological
map. We use both a global metric map and the topo-
logical map itself to identify cycles in the topological
map.

1 Introduction

In this paper we discuss our approach to solving the corre-
spondence problem in autonomous mobile robot mapping. In
particular we are concerned with the problem as it arises in
environments which contain cycles; to close the cycle in its
map the robot needsto be able to determine that its current lo-
cation corresponds to a part of the environment it has been to
before. In robot mapping thisis often termed closing the loop.
Our mapping system is based on our previouswork on cogni-
tive mapping [Jefferies and Yeap 1998; Yeap and Jefferies
1999]. Cognitive mapping researchershave beeninterestedin
the correspondence problem for some time but it was not
clear from their computer simulations that their algorithms
would handleall the uncertaintiesthat arobot facesin therea
world [Kuipersand Byun 1988; Y eap 1988; Y eap and Jeffer-
ies 1999]. Recently solutions from roboticists have begun to
appear [Gutmann and Konolige 1999; Thrun 2001; Tomatis
etal. 2002; Bosse et al. 2003; Thrun et al. 2003] and cognitive
mapping researchers have adapted their theories and algo-
rithms for the real world problem robots encounter [Kuipers
and Beeson 2002; Beeson et al. 2003; Jefferies et al. 2003].

Approaches used to represent the robot’s map mainly fall
into one of two categories - global metric where asingle glo-
bal coordinate system is used to represent the robot’s total
experience of its environment and topological where the
connectivity between different parts of the environment are
represented. In metric maps errors are reduced at the level of
the local space but some residual error remains and the mag-
nitude of this error can grow unbounded in the global space.
This makes solving the correspondence problem for environ-
ments with large cycles difficult [Gutmann and Konolige
1999; Thrun 2001; Thrun et al. 2003]. Topological maps
have found favour with some recently [Tomatis et al. 2002;
Bosse et al. 2003] because they do not have the global con-
sistency problem, i.e. errors are restricted to the local space.
Topological maps have long been preferred in cognitive
mapping [Kuipers and Byun 1988; Yeap 1988] for this rea-
son. In addition KuipergKuipers and Byun 1988] and
Chown [Chown et al. 1995] argue that it is easier to compute
a topological map than a global metric map directly from
sensory information. In closing cycles in topologica maps
the problem is to match two nodes in the topological map if
they represent the same physical space (the correspondence
problem) and to distinguish two nodes that look the same if
they represent different parts of the environment (the percep-
tual aliasing problem). Failure of the latter results in false
positives and the former false negatives. Recently hybrid
approaches have emerged [ Thrun 1998; Tomatis et al. 2002;
Bosse et al. 2003]and in [Bosse et al. 2003] the advantages
of both the topological and metric mapping paradigms are
exploited in closing large cycles. Hybrid approaches are pop-
ular in the cognitive mapping community [Kuipers and Byun
1988; Yeap 1988; Chown et al. 1995; Yeap and Jefferies
1999] however the metric and topological maps do not have
equal status. The topological map is the dominant represen-
tation in their models.

Our approach to mapping the robot's environment
extends the hybrid model of [Yeap and Jefferies 1999] and



adheres to the dominant cognitive mapping tenet, that the
prime representation is the topological map (see [Yeap and
Jefferies 1999; Kuipers 2000] for a discussion on why thisis
s0). Yeap and Jefferies’ [Yeap and Jefferies 1999] topologi-
cal map of metric local space descriptions has been imple-
mented on a mobile robot with minor adaptations to handle
input from a laser range sensor. Yeap and Jefferies [Yeap
and Jefferies 1999] proposed alimited (in size) global metric
map to close smal cycles in the topological map. The
restricted size of their global metric map accounts for the
limitations in the human or animal path integration system
with accumulating error [Gallistel and Cramer 1996]. Our
approach uses both the topological map and the global met-
ric map to detect cycles. In our implementation using a
locally consistent global metric map we are able to detect
significant cycles. The global metric map is discretised into
the local space descriptions which correspond to the nodesin
the topological map. This means that detecting cycles is a
very cheap operation - we determine if therobot’ slocation is
inside one of the local space partitions in the global map.
Provided there is some overlap between the current local
space and the representation in the global map for the previ-
ous encounter with this space then the cycle will be detected.
The method will fail as soon as the overlap with aneighbour-
ing local space becomes more significant than the overlap
with the correct local space.

In addition we can detect cycles in the topological map
using feature matching. However we can not match every
feature in alocal space because when it is approached from
different view points different parts of the local space may be
occluded. Therefore a backprop neural network is used to
learn asignature for each ASR which is composed of the sub-
set of featuresthat are viewable from wherever the ASR is ap-
proached. However this is a chicken and egg problem. To
learn auseful signature the robot needs to recognise the local
space when viewed from different positions so that the fea-
ture set can be reduced to features common to both views. But
the signature is needed to determineif they are the same local
space. Therefore the signature is learned incrementally. A
neural network algorithm is used to learn asignature for each
unique local space. New local spaces are classified according
to these signatures. If the classification process indicates a
match then the neural network is retrained to account for the
different views the robot will have of the same space when it
is approached from different routes.

2 TheBasic Mapping Approach

The topological map comprises a representation for each lo-
cal space visited with connections to others which have been
experienced as neighbours. The local space is defined as the
space which “appears’ to enclose the robot. The local space
representation is referred to as an Absolute Space Represen-
tation (ASR) a term which emphasises the separateness and

independence of each individual local space. Each ASRinthe
topological map hasits own local coordinate frame.

Thefirst step isto turn theraw laser datainto linesrepre-
senting surfacesin the robot’ s view of its environment. From
this view the algorithm firstly works out where the exits oc-
cur. The occlusions are the lines marked occ in Fig 1(c). An
occlusion map is constructed from the surfaces in view (see
Fig 1 (c). The first occlusion map obtained for a local space
istermed the master occlusion map asit is updated and used
to recompute the ASR as the robot exploresitslocal space.

Exits are then created from the occlusions and surfacesin
the master occlusion map. For each occlusion in the master
occlusion map the algorithm determineswhich part of the gap
associated with it is the actual exit. The exit computed is the
shortest “virtual surface” which “covers’ the occlusion. We
refer the reader to [Y eap and Jefferies 1999] for an in depth
description of this part of the algorithm. Surfaces outside the
exit are eliminated. Surfaceswhich lie between exitsform the
boundary of the ASR. The exit used to enter the ASR, E3 in
Fig 1(b), and two unknowns, U1 and U2, which mark the un-
explored region of the room, are added to form a complete
closure (see Fig 1(d)).

Exits computed as above have adual role, in thetradition-
al sense to indicate where the robot can leave the current
space and to indicate parts of the environment which are yet
to be uncovered. These two roles are distinguished by label-
ling the latter as unknown (see U1 and U2 in Fig 1 (d)) and
the former as known (see E3-E5 in Fig 1(d)). As the robot
moves about the local space parts of it that were once un-
known are no longer so, and the exits covering these areas are
updated. See [Y eap and Jefferies 1999; Jefferies et al. 2001]
for a description of this updating process. In Fig 1 the robot
firstinvestigatesthe unknown U1. Fig 1(€) showsthe updated
master occlusion map and Fig 1(f) theresulting ASR. The un-
known U2 is similarly updated.

Rofer’s[Rofer 2002] histogram correlation localisation
method is used to provide consistency within ASRs. New
ASRs are computed whenever the robot crosses an exit into
an unexplored region and ASRs are linked, as they are expe-
rienced, viathe exits which connect them to their neighbours
in the topological map. ASRs are the nodes of the topological
map and the exits are its edges. Fig 2 shows an example of a
topological map constructed in this way.

The ASR construction mostly produces consistent ASRs
from any view point once the local space is fully explored.
However convex corners occasionally give rise to inconsist-
encies depending on how they are approached. Usually exits
are formed at convex corners but if the convex corner is ap-
proached face on there is no occlusion and hence no exit. Fig
5 demonstrates this problem. Our answer to thisproblem isto
maintain separate ASRsfor the different approachestoalocal
space. This aspect of our method is outside the focus of this
paper. It will be the subject of another paper.
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Fig 1 Constructing the ASR (&) A floor plan of the robot’ s environment (b) Theinitial ASRsin the robot’ s cognitive map. The
robot leaves via exit E3 and begins to construct a new ASR. (c) The occlusions are made explicit in the master occlusion map.
(d) The resulting ASR. U1 and U2 mark the unknown regions to be explored. E3 is the exit used to enter the local space. (€)
The master occlusion map when the robot investigates the unknown U1. (f) The resulting ASR.
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Fig 2 The topological and metric maps. The ASRs are labelled according to the order in which they are encountered.
Thegreen, or lighter coloured linesin grey scale are exits. (a) A section of the environment the robot explored. The label
ASR1 showswhere therobot starting mapping from and correspondsto the ASR labelled 1in (b) -(d). (b) Thetopological
map just before the robot encounters a cycle. The robot’s path through the environment follows ASR1 - ASR12 in se-

guence, whereupon it retraces its steps back to ASR3. It then computes ASR13. (¢) The global metric map just before

the robot encounters a cycle. (d) The robot enters and computes ASR12B (e) A cycle can be detected from the overlap
of ASR12A and ASR12B.




3 Closing Cycleswith a Global Metric Map

Thefunction of the global metric map isto provide global po-
sition information that can be used to close cyclesin the top-
ological map. It is constructed alongside the topological map
and comprises the ASRs represented in a global coordinate
frame. A straightforward approach is used to close cycles.
When a seemingly new ASR is encountered the robot 10oks
for an ASR whichisinroughly the samelocation in the global
metric map. Because the locations of ASRsin the global map
coordinates are being matched, rather than robot poses, the
location of the ASRs do not need to match exactly. It suffices
that there be significant overlap. Thus depending on the size
of the ASRs this method can accommodate a significant
amount of accumulated error.

To match the locations of the ASRs we take the centre of
the newly encountered ASR and check to seeif it is contained
within another ASR in the global metric map. However, aser-
ror accumulates the ASR will also overlap neighbours of the
bona fide matching ASR. These false positives are reduced
(but not eliminated) by cross matching the centres of the
ASRs. When a match is detected we check that the centre of
this ASR isinside the newly encountered ASR.

In Fig 2 the robot traverses our laboratory and the adjoin-
ing corridor following a route which takes it though ASRs 1-
12 in sequence. It then follows the same sequence of ASRs
back to ASR3 and enters ASR13 which completes a cycle.
The cycle should be detected when the robot enters
ASR12* (see figs 2 (d) and (e) from ASR13. In Fig 2 (e) the
overlap of ASR12 and ASR12* is obvious and even though
they are misaligned it is possible to detect that they cover the
same space.

Once a match is indicated, exits in the corresponding
ASRs are used to snap the two representations together. This
will give rise to a discrepancy value which can be used to
propagate a correction factor through the map to realign it.

4  Using Feature Matching to Close Cycles

In this section we present an alternative method for closing
cycles in the topological map. It is presented as a separate
method but we envisage a symbiotic rel ationship between the
global map matching of ASRs described above and feature
matching of ASRs described below.

The feature based matching approach operates asfollows.
Astherobot entersalocal space and constructsan ASR for it,
the set of featuresfor the ASR are classified by the neural net-
work. The neura network returns its prediction, a score for
each ASR in the topological map, which indicates its degree
of similarity with the ASR the robot currently occupies. If all
the values are below a chosen threshold then it istreated as a
new ASR. The neural network is then trained on the new
ASR'’sfeature set to find a signature that will be used to rec-
ogniseit when it isrevisited. If amatch isindicated from the
classification process the neural network is retrained. Be-
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Fig 3. The Features extracted from an ASR. (a)
The ASR with minor segments encircled and ma-
jor segmentslabelled 1-7. (b) Minor segmentsare
removed. (c) The segments and angles which
comprisetheinitial feature set.

cause the matching ASRs are computed from different view
points not all the features in one ASR will be common to the
other. Thus this process refines the signature so that better
predictions are possible for future classifications.

4.1 Featureselection

The feature set needs to accommodate sensing errors and
be able to handle partial matches resulting from occlusions.
We divide the ASR into segments, where each segment is a
region of the ASR boundary which has a consistent gradient.
The segments are divided into minor (short) segments and
major (long) segments. Minor segments often result from
spurious effects therefore they are not included in the feature
set. The remaining segments are used to form the initial set of
features given to the neural network. In addition to the seg-
ment, a feature comprises the angles corresponding to the
changein gradient between adjacent segments, traversing the
ASR in a clockwise direction. (see Fig 3). Fig 3 shows the
segments extracted for the ASR depicted. There are 7 major
segments labelled 1-7, and 3 minor segments. Segment 1 de-
notes an exit. Segment 3 represents a gap in the boundary but



isturned into an asurface becauseit istoo small for the robot
to pass through. The features extracted are listed in Table 1.

Table 1: Theinitial features extracted for the ASR in Fig 3

Segment Length Anglel | Angle2
No (mm) (degrees) | (degrees)

1 1800 32.86 58.81
2 1008.9 58.81 -281.17

3 522.3 -281.17 10.6

4 1506.9 10.6 90.38

5 1014.9 90.38 0.07

6 991.3 0.03 88.44

7 392.8 88.44 32.86

4.2  SignatureLearning and ASR Classification

The requirements of the learning agorithm were as fol-
lows. Thelearning algorithm needed to be incremental and be
ableto add new classes (A SR signatures) online as new ASRs
are encountered. There could be no restriction on either the
number of boundary segments or the number of distinct ASRs
in the environment. The algorithm needed to be able to dec-
rement the effect of features common to many ASRs while
strengthening the effect of those that distinguish ASRs. While
the learning process could run in the background a fast pre-
diction process was essential if it was to run in real time.
Therefore, a back-propagation neural network was chosen to
learn the ASR signatures and predict matches of newly com-
puted ASRs with previously visited ASRs. Nguyen-Widrow
Initialisation, Momentum and Batch updating of weights are
used along with a bipolar sigmoid activation function.

The ranges of the input values (10m for length, and 360°
for angles) arediscretised into intervals. Thisisapractical re-
quirement for a neural network but also accommodates sen-
sor error. In the current implementation, a length interval of
200mm and angle interval of 45° are used. Each input neuron
represents a particular length, angle, angle combination.
When classifying an ASR, the output neuron associated with
each ASR, outputs a value between 0 and 1 indicating the
similarity of the new ASR with the visited ASR.

An example of acycleis shown in Fig 4. The robot has
traversed the environment depicted in Fig 4 (a) constructing
the ASRsin the topological map (Fig 4 (b)) in the order they
are numbered. Therobot re-enters ASR2 viaASR7. The new-
ly computed ASR2* isshownin Fig 4 (c). Thesimilarity pre-
dictions for ASRs 1 - 11 are shown in Table 2. Five values
stand out, .78, .94, .89, .71, and .72 for ASRs 1, 2, 3, 4, and 6
respectively. If the threshold value were set at 0.7, say, then
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Fig 4 A positive match. (a) The environment. (b) the top-
ological map constructed in the order the ASRs are num-
bered. (c) The robot has re-entered ASR2 via ASRY7.
ASR2* depicts the newly computed ASR to be matched.

these would al be candidate matches. One cannot simply
choose the best match because in many environments the
ASRsfor different local spaceswill look similar (the percep-
tual aliasing problem). More evidenceis needed to choose be-
tween them if indeed any of them should be chosen. In this
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Fig5 An example of afalse positive prediction (a) the
environment (b) the topological map (c) the robot re-en-
ters ASR3 and computes the ASR as depicted. It covers
both ASR3 and ASR4 and extends into ASR2. The
highest similarity valueisfor ASR2

caseitisappropriateto choosethe largest value. However this
isnot always so as can be seen in the next example. Whilewe

Table 2: The similarity valuesfor ASR 2* in Fig 4

ASR prediction

.78

.94

.89

71

-11

72

.18

51
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are gathering empirical evidence asto what is a good thresh-
old value, currently we take a conservative approach and re-
ject similarity values below 0.9.

In the example in Fig 5 the robot re-enters ASR3 via
ASR10. Thesimilarity valuesfor ASRs1-10 are shownin Ta
ble 3. Four values stand out, .97, .91, .88, and .77 for ASRs 2,

Table 3: The similarity valuesfor ASR 3* inFig 5

ASR prediction

.46

.97

91

48

.64

.26

.57

.88

Ol ol N|OO || |l W[N] P

A5

=
o

a7

3, 8, and 10 respectively. With a threshold value of 0.9 we
need to choose between 0.97 for ASR2 and 0.91 for ASR3.
The highest value, for ASR2, is an example of a false posi-
tive.
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Fig 6 Overlapping ASRs in the global metric map as-
sociated with the topological map in Fig 5.

Clearly in this case, the new ASR, ASR3* overlaps both
ASR3 and ASR2 in the global metric map (see Fig 6), the
ASRs with the highest predictions. Using the global metric
map’s cycle detection method, ASR3 would match the new
ASR3* but ASR2 would not. Further evidence comes in the
form of the ASRS neighbours in the topological map. If the
new ASR does match a previously visited ASR then one
would expect that its neighbours would match neighbours of
the matched ASR. We currently gather evidence in this way
for sequences of three ASRs, combining their predictions (see
Section 4.3). However ASR3* in Fig 5isnot agood example
to demonstrate this. None of its exits matches an exit in
ASRS3. Theexit it would match isin ASR2.

There is evidence to suggest that the new ASR is a com-
bination of both ASR3 and ASR2. This evidence comesinthe
form of the high predictions for ASR2 and ASR3 which are
linked in the topol ogical map and the overlap which occursin
the global metric map. However we need to do further testing
to determine if there is any gain in matching under these cir-
cumstances. It may be that taking the conservative approach
of rejecting the match would be less problematic.

4.3  Topological matching

Theideabehind topological matching isto delay commit-
ting to amatch in the topological map until it can be verified
that a sequence of ASRs in the topological map containing
the new ASR matches a sequence containing the previously
computed ASR. We have found that sequences of order 3
give good results in the environments our robot navigates. A
simple environment is used in Fig 7 to demonstrate the proc-
ess. The robot traverses the environment computing ASRs
which are numbered in the order they are encountered. In Fig
7 (b) theraobot hasre-entered ASR1viaASRS5. A new ASRis
constructed and labelled ASR6. The ASR similarities for
ASR6 are listed in Table 4. The robot continues to explore,
obtaining the sequence of order 3, ASRs 6, 7 and 8 in Fig 7

€)

(b)

(©)

Fig 7 Topological matching. (a) A ssmple environment (b)
The topological map after the robot has re-entered ASR 1
via ASR5. A new ASR5 for the same space, ASRS is
linked to ASRS5. (c) The sequence ASR6, ASR7, ASR8
match the sequence ASR1, ASR2, ASR3 confirming the
match of ASRs 1 and 6.

(). The sequence ASR 1-3 is the only sequence of order 3
containing ASR1. Classifying ASRs 7 and 8 give the predic-
tions 0.92 and 0.93 respectively, that they match ASRs 3 and
2. All three predictions are above the 0.9 threshold indicating



Table 4: The similarity valuesfor ASR6inFig 7

ASR prediction

9

.73

.58

1
2
3 74
4
5

.55

apositive match of ASR1 and ASR6 and the topol ogical map
can be adjusted to reflect this.

In this example there was only one prediction to be vali-
dated. In more complex environments multiple hypotheses
would be carried. We are currently investigating how best to
converge to a winning hypothesis particularly in environ-
ments with a high similarity. Sequences of higher order may
be needed in these environments.

5 Conclusion

In this paper we have shown that significant cycles can be de-
tected in a global metric map with some accumulated error.
The locations of corresponding ASRs in the global metric
map do not need to match exactly therefore some error can be
accommodated.

We have also shown how ASRs in atopological map can
be recognised from a characteristic subset of their features.
Future work will investigate how the two matching approach-
es can support each other, i.e topological matching can be
used to detect cyclesin the global metric map and vice versa.
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	Fig 4 A positive match. (a) The environment. (b) the topological map constructed in the order the...
	Fig 5 An example of a false positive prediction (a) the environment (b) the topological map (c) t...
	Table 2: The similarity values for ASR 2* in Fig 4


	ASR
	prediction
	1
	.78
	2
	.94
	3
	.89
	4
	.71
	5
	-.11
	6
	.72
	7
	.18
	8
	.51
	9
	.34
	10
	.36
	11
	.04
	Table 3: The similarity values for ASR 3* in Fig 5

	ASR
	prediction
	1
	.46
	2
	.97
	3
	.91
	4
	.48
	5
	.64
	6
	.26
	7
	.57
	8
	.88
	9
	.15
	10
	.77
	Fig 6 Overlapping ASRs in the global metric map associated with the topological map in Fig 5.
	4.3 Topological matching
	Fig 7 Topological matching. (a) A simple environment (b) The topological map after the robot has ...
	Table 4: The similarity values for ASR 6 in Fig 7


	ASR
	prediction
	1
	.9
	2
	.73
	3
	.74
	4
	.58
	5
	.55
	5 Conclusion





