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Abstract

This article reports on a map building method that integrates topological
and geometric maps created independently using multiple sensors. The pro-
cedure, previously termed T-SLAM, involves the embedding of the nodes
of the global topological map within the individual metric maps each cre-
ated using a SLAM algorithm. The topological and metric representations
are created independently, and repeated passages over the sarneadrea
to improved positioning of the embedded nodes. The T-SLAM approach is
mathematically formulated and applied to the localization problem within
the Intelligent Robotic Porter System (IRPS) project, which is aimed at de-
ploying mobile robots in large environments (e.g. airports). Experimental
results are required to demonstrate the validity of the proposed method.

Index Terms -Topological Maps, Geometric Maps, View-based Localizatio
SLAM, Robot Localization.

1 Introduction

In this technical report we describe a procedure for imprg¥he data-association
capabilities of SLAM algorithms employing a delayed dasaexiation approach,
e.g. asin[1], [2], [3].

We will focus on the above mentioned type of SLAM algorithmsce they
directly address the problem of accumulation of error thatlherent in the robot
motion and observation models by performing selective@aton of the current
robot position and observations with the previously aapiimap. We expect
that our de nition of a new data-association proceduregtigh an alignment of



Table 1: Nomenclature.

K total number of nodes in the topological map
k an index, node occupied by the robot or position in the togickd map
k the estimated place as obtained by applying the maximurarimit to the

Belief over the nodes of the topological map
Vis the sequence of observation up to titfer the topological map
M total number of distinct metric maps
m an index, usually employed to denote a particular metric map
indicates a geometric map
m indicates the geometric map m

Xt representation of the metric mapat timet

Z the observation at time t

z! the sequence of observations up to time t

St the state of system (localisation in the geoemtric map)a ti

st the sequence of system states(localisation in the geaemé#p) up to time t
St denotes the data association at time t

the current sequence of positions occupied by the robot thithnodes of the
topological map, will complement existing state of the drA®! problems.

The modeling of the trajectory or path, the estimation aadling of the fea-
tures seen along the trajectory and the association of #targes with the global
map are problems that will be reviewed in the next section.

2 Delayed Data-association SLAM Algorithms

2.1 Factored Solution to SLAM: FastSLAM

FastSLAM and its derivatives, Fast SLAM2.0 [4] [5] and DPA\ [6] [7], are
a well-known type of path-estimation SLAM algorithm. Thygpe of SLAM al-
gorithm separates the SLAM problem into two sub-problenagh gstimation in
a local map + Feature update in the local map. The local magsisciéated with
or inserted within the global map by a data-associationqutace.

Fast-SLAM uses the robot motion model to obtain an estimbtleeovehicle
path traveled by the robot from an arbitrary position. Thaiele position is
propagated out from this starting position using a numbaetisdrete 'particles’,
each of which represent a particular trajectory and theepiostdistribution of
the robot position being represented by the spatial deos$itiie particles. The
accuracy of the method is found to be dependent on the totabauof particles



Np used and convergence is found to occur when the number aflparéxceeds
a certain minimum.

While the position of the particles that describe the trajgcbf the robot is
updated using the control values and the robot motion méueinanipulation of
the particle lter so that it re ects the posterior distritbon (after incorporating
the motion and the observation) of the robot is performedaviaeighing step
in which the relative importance of the various particlesegigged according
to the posterior probability distribution. The variantstbé FastSLAM methods
mentioned above differ in the way in which they handle thisgleéng operation.
The position of the objects viewed by the robot as it execthiestrajectory is
maintained using an Extended Kalman Filter, EKF.

In FastSLAM, the data-association problem has been soniesdparated
from the overall SLAM problem. The data association must edgomed ex-
plicitly on the local map created around the robot's curteajectory to allow the
merger of this map with the global map.

P(zjst; ;nt) (1)
P(st; jzi;ugny) (2)
Y
P(st; jzi; U ne) = P(Sjze; U ny) P( jzi;u;ny) 3)

k
In the original FastSLAM algorithm, the motion of the robaswracked using
only the past robot position and the control motion appliedis past position as
seenin (4).

P(siju; st 1) = h(u; st 1) + (4)

When the motion of the robot is tracked using the procedurgestgd within
the FastSLAM 2.0 approach, the observations up to the duprenare utilised to
position the robot along the trajectory (5).

P(sijus; st 1;2'5n') (5)
As stated earlier, in FastSLAM, the distribution of paegis re-jigged at the

end of an iteration so that it approximates the desired postdistribution of the
position of the robot in the environment.

m target distribution P (stMljzt; ut; nt)
wim = =
‘ proposal distribution P (st[mljzt 1;ut;nt 1)

(6)



The position of the landmarks and the robot in the envirortnssgxpressed as
the map and a data association algorithm is utilised to obtain thetrpoobable
map,P( jst;nt;z!), for the particular sequence of positions (the trajectary)
observations.

2.2 Lazy Data Association in SLAM: GraphSLAM and Graph-
ical SLAM

Graphical SLAM [3] attempts to use a graph-like structurexplicitly address
the issue of reducing the space of robot motion and obsensati

Graph SLAM is another SLAM approach that calculates thegyast proba-
bility of a map and a sequence of robot poses

3 T-SLAM 2.0: Embedding topological nodes in Met-
ric Maps

The FastSLAM([5], GraphSLAM[2], Graphical Slam [3] and otlaégorithms ex-
tend the applicability of SLAM to new environments. By addiag the data-
association problem differently: by simplifying data-asisition, by reducing the
risk of erroneous data-association or maintaining muthplpothesis, one of the
issues that is principally responsible for limiting theesiaf applicable environ-
ments was addressed.

But each of these methods still present dif culties and issmeSLAM that
have not been addressed. FastSLAM [4] suffers from probt#marticle deple-
tion. The weighing of the particles that represent indigildmaps (and associated
trajectories) can lead to a loss of useful particles unlessntap has been well
de ned and suf ciently densely populated with landmarkshig problem was
partially addressed in FastSLAM 2.0 [5].

In graphical SLAM [3], by successively merging nodes in thaypdp, a smaller
and lesser ambiguous graph is obtained, leading to betaltsan loop closure
and improved scalability of the method.

In a past phase of our work on T-SLAM, this anchoring is ackiely using
unambiguous markers that are common to both represergasoch as RFIDs
[8]. Such markers are uniquely identi ed resulting in theaorbiguous localisa-
tion of the robot in a single local metric map. Every time thbat encounters an
anchor, a particular RFID in our case, the trajectory is reset

T-SLAM 2.0 addresses two types of limitations that existxstng SLAM
methods: Data-association and particle depletion. Invision 2.0, T-SLAM is
composed of a global Topological map some nodes of whichraskared to or
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Figure 1: Schematic of T-SLAM

embedded at positions in Local Geometric Maps. A Fast-SLAbtedure runs
on the data that is received from the sensors in order to bestate the trajectory
taken by the robot and the arrangement of landmarks arowbbot trajectory.
To obtain the global position of the robot, localisation exfprmed within the
Global topological map. This estimated position of the tabahe topological
map is utilised to associate the trajectory of the robot with of the Local metric
maps. The combination of FastSLAM with graph alignment rodthis depicted
graphically in Fig. 1.

As described in the earlier section, trajectory estimaBbAM methods such
as FastSLAM are especially designed to estimate the toajefrtbm a given start-
ing point and the arrangement of features around this t@jgc The T-SLAM
structure is utilised to perform data-association, emgithe insertion of the tra-
jectory estimated by FastSLAM with one or more of the mudtifgcal maps.

3.1 Data structures in T-SLAM 2.0

At this point, we formalise the concept of the Map in T-SLAMasombination
of representations, as seen in (7). This combination iredual set of geometric

maps™M , a single topological ma@ and a registration terfiRg, as explained
below.

Map=< "M ;G;"Rg >m =1;:::;M (7)



The set of geometric mapgaM represent individual grid-based maps as seen
in Fig. 3. There are a total dfl maps, each of which registers the nodes of the

topological map.
O OO0 -0

Figure 2: This topological ma@ is depicted as a left-to-right graph composed of
"K' nodes.

The topological map models the transitions between theeplace indicated
by edges that connect pairs of nodes. The topological mapated by exploring
the environment the rst time. As a result of this procedutes graph is con-
nected thus: Each node/place in the graph is connected totthveo nodes/places.
Our topological mapping method represents the environimethe form of paths
resulting in a collection of simple directed graphs to repré the environment.
Such a type of graph, called a straight, directed graph oft-@deight graph, is
depicted in Fig. 2.

The registration between the nodes of the topological majpaasingle geo-
metric maps is developed in a way similar to the represeamtatf alandmarkin
the geometric maps. Each node of the topological map isregféo by the posi-
tion (in the local coordinate system), and the uncertditty; Qg. In our current
formulation, each nod& is de ned in the metric mapn using a 2-D position
vector,™ X = [ Xk; Yk] and the uncertainty is maintained using a 2 covariance
matrix.

Similar to FastSLAM, an estimation is rst made of the tramy taken by
the robot as it moves through the environment. This trajgogéstimation step
does not take the global map into account and serves to detagdsociation
of the observations with the landmarks in the global mapthdl time at which
the trajectory is estimated. The trajectory, like the mapssa combination of
representations as seen in (8). This combination includ&sgle geometric map
"a M , a single topological maf¥ G and a registration terff R.

traj —< traj M ;traj G;traj RG > (8)
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Figure 3: Depiction of Independent creation of Topologiaal Metric maps.
T-SLAM v 2.0 is a procedure to register the nodes of topolalginap within
multiple metric maps.



The registration between the nodes of the trajectory tgpoéd map and the
trajectory geometric map is deterministic. The positioeath node of the trajec-
tory topological map is marked in the trajectory geomtriqgoma

3.2 Proceduresin T-SLAM 2.0.

FastSLAM attempts to solve the posterior probability givsnp(s!; jz';ut;n')
by a factorisation that separates the trajectory estimatiep from the data asso-
ciation procedure, as in (10).

p(s's jz'iuinf) = p(siizhu)  p( jzutsind 9
T-SLAM 2.0, like FastSLAM, also uses a similar factorisatiwy using a two-

step procedure to perform an analogous creation and uptifte environment
maps. T-SLAM 2.0 procedures are broken up into two itergineedures:

1. Trajectory Estimation

2. Data Association and Map Update

These steps are described in the following two sections. Trajectory Es-
timation step of T-SLAM is similar to the FastSLAM in that it aims to iesate
the path taken by the robot by using the sequence of obsemngatind ignoring
the association that this path has with the metric map.Odt@ Association and
Map Update step introduces a sequence alignment step that providestah i
and coarse data-association by aligning the trajectorglogiocal map with the
global topological map.

4 T-SLAM Trajectory Estimation.

Trajectory association in FastSLAM estimates the trajgcfigs!jzt; u') as de-
scribed in the last section. Compared with the complete &epgos term for
FastSLAM, it can be seen, that this equation does not hagepttto touch the
Map landmarks and is not conditioned on the the data association térm

p(s'; jz';u';n') (10)
Trajectory estimation in T-SLAM is de ned as a three stepgass:
1. Conventional FastSLAM: motion update

2. Conventional FastSLAM: sensor update
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Figure 4: Step 1 and Step 2: Trajectory Motion and Sensor tépdehe robot

motion model is used to propagate the position of the padiclThe sensor ob-
servations are used to improve the localisation estimatedighting the particles
based on the likelihood of the observations.

3. Creation of new node in the trajectory graph

Of the above three steps, the rst two correspond to the taj@ttory estima-
tion steps of the FAST SLAM algorithm. In addition to theseotsteps, a third
step that adds a new node to the trajectory graph has beedutd.

4.1 Step 1: Trajectory Motion Update

The current (at time) position of the robot from timé = 0 tot = t at the end
of the trajectory is affected by the motion model as?)( This step is depicted
graphically, on the left of Fig. 4.

St | p(sijusst 1) (11)



o T Traj node ‘K’

Particle #2 (L Weight = 1.0

(surviving traj)

Figure 5: Step 3: Update Tajectory Graph: A new node is ctegt¢he query
sequence.

4.2 Step 2: Trajectory Sensor Update

In the observation step, without requiring a data-assioecigirocedure, the po-
sition of the particles, as estimated in the earlier phaseupdated. This step
is actually a weighting step that improves the positionneste of the robot by
‘tracking' the past environment so as to improve the likebd of the latest obser-
vations.

St/ p(Stjzi;us: ) (12)

The weightage of the particles is updated according to tisemiation likeli-
hood probability.

4.3 Step 3: Update Tajectory Graph

After estimating the best new position of the robot a new nigdadded to the
existing query sequence. This new node is inserted at theregbposition in the
qguery sequence. The query sequence is updated every tinsartii@ing condi-
tions are satis ed.

The creation of the new node in the trajectory graph is ccefiten the 'win-
ning' particle. Since the sequence alignment is still serfgfpothesis, the position
of the 'best’ particle is utilised to create a new node in thygaiogical map.

The decision to add a new node to the query sequence is taked ba the
'best’ trajectory estimate as obtained from the last step,Hg. 5.

5 T-SLAM Global localisation and Map update.

The process of recovering the global position of the robatlires associating the
features identi ed by the robot along the estimated trajgctvith features in the
local geometric map.

10



The main contribution of T-SLAM is that data-associatiopesformed through
the intermediary of a alignment of a graph-representafitis is in contrast with
conventional methods [9], [1] that directly register thajectory within the geo-
metric map.

This step of data-association problem in T-SLAM performg: Sequence
alignment between topological map and trajectory grapre2jes the geomet-
ric pose estimate of the robot iteratively by using geornatrformation in the
views to recover the best possible estimate of the currese,pnd 3) Update of
the registered position of the nodes in the topological nmapugpdate of the local
geometric maps.

The data association procedure of T-SLAM is a three-stepgutare that ex-
pands the data-association procedure of FastSLAM.

1. Alignment between topological map and trajectory graph

2. lterative pose correction algorithm that uses geomeatfarmation to re-
cover the best possible pose corresponding to each noderiiaxlikelihood
data-association).

3. Update of the registered position of the nodes in the tapoal map and
update of the local geometric maps.

5.1 Step 1: Graph alignment

The rst step of the data-association procedure involves@tovery of the coarse
position of the robot in the environment by aligning the dramjectory with the
global topological map.

The alignment procedure matches the two graphs, nodesfie;rso that the
transition probabilities between nodes and the obsemnaiid the nodes result in
the most favourable alignment, see Fig. 6.

The topological map is modelled as left to right Markov chdmthis left-to-
right graph (with no loops and overlapping edges), a traorsgirobability matrix
can be created to account for the possible transitions leetywkces/nodes in the
graph. When the robot moves along the nodes of the map, attoangiobability
matrix provides what are known as the single-step tramstio

During localisation, the robot attempts to repeat thesestti@ans as it moves
along the path. This might not always be possible since thetrmight skip a
place and nd itself situated at a node/place that lies laté¢ine topological map.

The sequence of observations that is currently availallé vehich must be
matched against the topological map is called the Queryesegpor the trajectory
graph. This matching is performed by modelling the traasgiin the trajectory

11



Figure 6: The alignment of the graph trajectory with the toga@al map allows a
coarse positioning of the robot.

graph as a Hidden Markov model and by using the Viterbi atgorito recover
the most likely matches between.

The Hidden Markov model is completely de ned in terms of theete proba-
bility distributions: the transition probability matrixhe observation or emission
probability matrix and the initial probability matrix.

Details of this method can be found in [10].

5.2 Step 2: Iterative pose correction

The pose of the robot at the geometric positions occupiedabi ef the nodes
must be updated with geometric information available fréw individual geo-
metric maps. This step is necessary since the localisasiimate from the above
step was obtained without the use of the geometric reldtiprietween the nodes.

A variant of the Iterative Closest Point algorithm (ICP) idiséd to obtain a
geometric estimate of the position of the robot trajectargach local geometric
map.

The rst node is positioned according to (13), using only thiservation like-
lihood for the node. The remainder of the nodes are positi@oeording to the
estimates of the distance traveled and the observatiolhidaz of each node, as
expressed in (14).

Xy = argmaxf p(z1jx1)g (13)
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Figure 7: TSLAM 2.0 data-association, Steps 2 and 3: A Sclierfa ne pose
correction in the geometric maps is depicted at left. Thegenat right demon-
strates the update of the embedded position of the nodesaabdeometric map.

% = argmaxf p(zjx; u; X 1) plugxt Yg (14)

This step is very similar to the conventional data-assmndbr FastSLAM.
The difference is that the sequence alignment phase haslglreduced the pos-
sible options enabling a localisation to be performed witbnaaller number of
particles and across multiple, local geometric maps. Tieis san also be looked
upon as a Maximum-likelihood data-association step.

5.3 Step 3: Map update

One of the crucial properties of SLAM is the ability to buildhew map from
scratch and update it as new information becomes available.

T-SLAM must perform two kinds of updates: an update of the edaed po-
sitions of the nodes of the topological map in each metric avapan update of
each local geometric map.

The update of the geometric maps is performed in the same sviaycanven-
tional SLAM. Given that the path is known, each observat®treated indepen-
dently and the probability of a landmark occurring is prajoral to the cumula-
tive appearance of the landmark along the trajectory (16 dctual position of
the landmark is maintained through the use of a KF as destnioe].

13



p( «siuts2) 1 p(@ shuzt ) p( kishuhZt hnYg (15)

The update of the positions of the nodes of the topologicad m@erformed
by fusing new trajectory information with the existing regation term for the
appropriate metric map iMap. This is done through the use of a Kalman Filter
as described below.

As described earlier, each node in the trajectory is regidtéhrough the
means of a 2-D position vector and2a 2 covariance matrix. The relation
between two nodes can be denoted by (16), whireepresents the geometric
distance required to take the robot frdato k + 1, andV denotes the system
noise.

ka+1 = f(ka;Uk)+ V (16)

6 T-SLAM applications

6.1 Localisation in the Topological Map: Global Positioning of
multiple vehicles
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