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Topological Simultaneous Localization and Mapping
(SLAM): Toward Exact Localization Without
Explicit Localization

Howie ChosetMember, IEEEand Keiji NagataniMember, IEEE

Abstract—One of the critical components of mapping an
unknown environment is the robot's ability to locate itself on

a partially explored map. This becomes challenging when the
robot experiences positioning error, does not have an external
positioning device, nor the luxury of engineered landmarks
placed in its free space. This paper presents a hew method for
simultaneous localization and mapping that exploits the topology
of the robot’'s free space to localize the robot on a partially
constructed map. The topology of the environment is encoded in

a topological map; the particular topological map used in this »
paper is the generalized Voronoi graph (GVG), which also encodes
some metric information about the robot's environment, as well.
In this paper, we present the low-level control laws that generate
the GVG edges and nodes, thereby allowing for exploration of
an unknown space. With these prescribed control laws, the GVG
(or other topological map) can be viewed as an arbitrator for a
hybrid control system that determines when to invoke a particular
low-level controller from a set of controllers all working toward
the high-level capability of mobile robot exploration. The main
contribution, however, is using the graph structure of the GVG,
via a graph matching process, to localize the robot. Experimental
results verify the described work.

Index Terms—Exploration, localization, mapping, mobile
robots, motion planning, tologoical maps, Voronoi diagrams.

Fig. 1. The GVG where the symbols (nodes) are labeled 1-10.

the robot slips, the wheel rotation does not correspond to the
robot’'s motion and thus encoder data, which reflect the state
of the wheel rotation, does not reflect the robot’s net motion,
thereby causing positioning error. A global positioning systems
(GPS) and inertial systems offer an alternative to dead-reck-
I. INTRODUCTION oning, but have their drawbacks as well. Finally, landmarks with

ENSOR-BASED exploration enables a robot to explore dfflown locations can be deployed in the environment, but the
S_lnknown environment and build a map of that environmerfsk descr.|bed in this paper conadgrs_ environments where their
A critical component of this task is the robot's ability to asceide0ometry is completely unknovenpriori. We do assume, how-
tain its location in the partially explored map or to determingVer, thatthe unknown environmentis static, planar, and that our
that it has entered new territory. Naively, one can determine tif9€ sensors have sufficient range.

(z, y) coordinates of the robot using dead-reckoning, a proces¢\ll robots that do not use preplaced landmarks or GPS must
that determines the robot’s location by integrating data froffnPloy a localization algorithm while mapping an unknown
wheel encoders that count the number of wheel rotations fﬁace’ hence the term simultaneous localization and mapping,
fractional rotations). Dead-reckoning fails to accurately posirst coined by Leonard and Durrant-Whyte [16], [25]. This

tion the robot for many reasons, including wheel slippage. P@per takes a topological approach to SLAM. It is our belief
that the topological and geometric structure of free space induce

) . . ___a natural hierarchy of symbols and connections among these
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The connections of a high level representation can be dike control laws to construct it. Incrementally constructing the
cretized into a sequence of symbols with their correspondi@VG is not enough because of dead-reckoning error, as will be
set of connections. Leonard and Durrant-Whyte’s approachsbown by example. We then introduce a the following three-
SLAM is an excellent example [16], [25]. Their method usesered approach to localization: zero dimensional (using sensor
sensor information to define “features” and the relation amorsignatures of the nodes); one dimensional (intentionally fol-
them to direct a robot experiencing positioning error. Usinglawing a sequence of edges to a desired node); and two di-
Kalman filter approach to determine the “best” correlation ahensional (handling the situation where the robot accidentally
features, the robot navigates similarly to a sailor using starsr®encounters an already-visited node). Finally, we discuss the
navigate a ship at night. Through the proper understandingtaddeoffs of this approach and future work.
the robot’s relationship to the features, the robot can maintain
an accurate estimate of its position while moving through the Il. RELATION TO PRIOR WORK

environment using the features as low-level symbols that guide )
the robot from one high-level symbol to the next. This work draws from two areas: sensor-based planning and

At a low level, the robot's environment can be modeled blycalization. Although b_oth of these field_s are vast, we only dis-
a local map such as a fine array of pixels [20]; [12]. ThrufUSS Papers that have influenced our thinking.
et al. [27] have been incredibly successful in demonstrating
their probabilistic approach in museum environments usify Sensor-Based Planning and Roadmaps
a grid-map representation. It is the belief of the authors thatMuch of the previous work in sensor-based planning is
Thrun’s main contribution is how to process a local mameuristic and is limited to the plane. One class of heuristic
whether it be topological or a grid, not the local map itsellgorithms employs a behavior-based approach in which the
Our contribution presented in this paper is to reduce the SLAMbot is armed with a simple set of behaviors (e.g., following
problem to a graph matching problem at the topological scalg.wall) [4]. Another heuristic approach involves discretizing
not the graph matching itself. a planar world into pixels of some resolution. Typically, this

Finally, defining the symbols and their connections is natpproach handles errors in sonar sensing readings quite well
enough. Stable well-defined control laws must ensure that thg assigning each pixel a value indicating the likelihood
robot can identify (and converge onto if necessary) a symbol ltrat it overlaps an obstacle [20]; [2]. Many heuristics exist
cation while at the same time move from symbol to symbol, i.&ar planning with the discretized map. Many behavior-based
traverse an edge. Although the philosophy of this work is geheuristics are sometimes termedreactive controlin that low
eral to other topological maps, the map used in this paper is fBgel inputs directly affect the high level behavioral outcomes
GVG, which is a map embedded in robot’s free space and cdpr the robot. Strong experimental results indicate the utility
tures the topologically salient features of the free space. With these approaches, and thus these algorithms may provide a
the GVG the robot can plan a path between any two points irfifture basis for complete sensor-based planners. Unfortunately,
static environment by first planning a path onto the GVG, thahese approaches currently neither afford proofs of correctness
along the GVG, and finally from the GVG to the goal. Thusthat guarantee a path can be found, nor offer well-established
knowing the GVG is equivalent to knowing the free space anhblresholds for when these heuristic algorithms fail. One of
constructing the GVG is akin to exploring the free space.  the goals of the work presented here is to demonstrate how

The GVG can be defined in an arbitrarily dimensioned Euew level inputs can direct a robot to construct a high-level
clidean space, but this paper stresses the planar version. rdferesentation: a topological map.
present in this paper well-defined control laws that generateWe seek to adapt the structure of a provably correct classical
GVG edges using line-of-sight range data. In deriving these canetion planning scheme to a sensor-based implementation.
trol laws, we assume that the range and azimuth resolutionFafr example, Lumelsky’s “bug” algorithm [19] proves that a
the sensors are adequate to capture the structure of the robaifst using on-line information can plan a path to the goal.
environment. Finally, we are assuming that the obstacles in dthtis method, however, does not yield a map of an unknown
environment are planar extrusions into three-dimensions, i.space. Our approach is based on a roadmap [5], a one-dimen-
the obstacles are at the correct height for the sensors. With #iienal subset of a robot’s free space, which captures all of its
control laws, the GVG is not only a representation of free spairaportant topological properties. A roadmap has the following
but it also forms a basis for exploring free space. propertiesaccessibility connectivity anddepartability These

This paper presents some experimental results on how fireperties imply that the planner can construct a path between
robot can incrementally construct the GVG in an unknowany two points in a connected component of the robot’s free
space. Critical to this task is the robot’s ability to locate itsepace by first finding a path onto the roadmap (accessibility),
on a partially constructed GVG. Although the robot locatesaversing the roadmap to the vicinity of the goal (connectivity),
itself (topologically) on the GVG, it never needs to determinand then constructing a path from the roadmap to the goal
its (x, y) coordinates (hence, the title of this paper). The rob@epartability). If the robot can incrementally construct the
can propagate the coordinates of each point on the GVG freoadmap, then it has in essence explored its free space because
the known location of one point, such as the start point, whithe robot can always use the roadmap to plan future excursions
can be specified to b@, 0). into the free space.

In this paper, we first refer to prior work which has influenced Already, the motion planning field has produced many
the authors’ thinking. Then, we define the GVG and prescribeadmaps: silhouette methods [5], Voronoi diagrams [21],
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visibility graphs [15], etc. (see [15] for a survey of roadmaps)ihood estimation problem, where both the location of land-
The roadmap used in this work is the GVG [7], which is thenarks and the robot’s position have to be estimated. Likelihood
one-dimensional set of points equidistantitoobstacles inm  is maximized under probabilistic constraints that arise from the
dimensions. In the plane, the GVG is simply theneralized physics of robot motion and perception. Just like [27], they use
Voronoi diagram which is the set of points equidistant to twoa Baum—-Welch (or alpha—beta) algorithm. Unfortunately, this
obstacles [21]. In a three-dimensional Euclidean sfiRfce¢he approach requires a user to specify the landmarks, as opposed
GVG is the one-dimensional set of points equidistant to thrée the robot self-selecting them. Also, their approach does not
obstacles. include an exploration strategy. In other words, there is nothing
Rao [22] achieves exploration by incrementally constructirig their approach that directs the robot to explore new areas, or
the planar GVG in a two-dimensional static polygonal envthat guides the robot to specific locations to reduce dead-reck-
ronment. Choset and Burdick [6] also describe a method @#ing error.
construct the GVG in a statiz-dimensional environment, but

their approach does not require obstacles to be polygonal, paty- Localization with Topological Maps

hedral, nor convex, which are assumptions most motion plan- o .
) The above localization techniques took the approach of con-
ners require. Both methods assume that the robot only us

S . . .
AR SRR
Both Rao’s and Choset and Burdick's methods also assu 9 ) Paper, P

e. . ) g
that the robot is equipped with a 36@ield-of-view high az- Ygglcal map without ever having to do so explicitly. Others such

. . as Dudek [11] and Kuipers [14] have reported localization re-
imuth infinite range sensor that detects nearby obstacles. Thé . . .
. ) . sults with the same philosophy. In [11], an agent locates itself

do not consider how real range readings can be integrated into . . . .
. . ; on a graph by matching nodes and the adjacency relationships

a control law to direct a mobile robot. In this paper, we prese .

. h etween them. This approach assumes that the agent can label

control laws that take low level sensor information and then di- o :
each node by depositing a marker at the nodes. The approach in

rects the robot to follow the GVG edges without knowing thg - . ) ; .
GVG ahead of time. This has the affect of incrementally cor{?—“S paperand in [14] has the robot automatically identify nodes

structing the GVG. Here, low level reactive-style control has:gl];ggntopologlcal graph from geometric environmental infor-
direct affect on high level behavior of the robot whigharan- '

. The basic thrust of this paper's work is quite similar to
teesthat the robot explores an unknown space. This control lgw ., . :
: : . ; . uiper’s. In [14], the robot essentially traces points that are
works well in small environments with a mobile robot equipped " . . : S
equidistant from two portions of the environment until it

with a ring of sonar sensors [9]. Unfortunately the control laws . : o -
. . reaches a point that is three-way equidistant or until it reaches a
by themselves, are not enough for deploying a robot in large. . : X )
: . : oint where a distance threshold is met, at which point the robot
environments because of errors in encoder readings. The “1 . ; .
oo ) . -~ _follows the obstacle boundaries. The nodes in this graph are
contribution of this paper is to use the topology encoded in the . . ; X
. termeddistinct placeswhich are local maxima of the distance
GVG to overcome these errors and to localize the robot. . . .
to nearby obstacles. The robot can easily self-determine distinct
places from sensor data. Distinct places are a subset of the
B. Localization nodes of the GVG, which are the set of points equidistant
to three obstacles (in other words, there exist examples of

Localization is a major area of mobile robotics that haﬁ}:fle equidistance that are not local maxima). Localization is

received increased attention over the past decade. Again é fi . : -
: T : i ' ieved again by matching distinct places of the graph.
literature in this field is vast, so only work which has influence g y 9 P grap

this paper’s results are mentioned. See [3] for a complete _. o .
overview of current localization techniques. etal.[17], [18], D. Simultaneous Localization and Mapping (SLAM)
[13] use gradient ascent to update various location estimateseonard and Durrant-Whyte coined the term SLAM, which
forward and backward in time. As a result, this approach has its name suggests, enables a robot to construct a map of an
led to significantly larger maps that are more accurate thanknown environment while using the same map to bound or
previous approaches, but is still limited to situations withullify positioning errors [16]. With SLAM, the robot must au-
bounded odometric error. Shatkay and Kaelbling [24] proposemmatically determine landmarks while constructing the map.
an approach that uses probabilistic representations, ald@mith and Leonard [25] developed a feature-based approach to
with the well-known Baum-Welch algorithm for efficientaddress SLAM by generating multiple hypothesis and selecting
estimation. Their approach is similar in nature to the oramong them while mapping an unknown region. The work pre-
described by Thrun [27], in that they both employ probabilistisented here builds upon Leonard and Durrant-Whyte’s work by
representations and both use the Baum-Welch algorithdetermining arigorously well-posed method for identifying fea-
However, the method in [24] does not consider orientatidnres and the topological relations among them.
dead-reckoning error. Schultzet al. [23] present a more conventional approach to
Thrun has recently completed a localization approach tHatAM that uses certainty grids. This approach is more of an
has been successfully verified in very large environments ontgrowth of the algorithms presented in Section II-B. Although
a mobile robot where a map is knovenpriori or the robot this work does not directly impact the SLAM algorithm pre-
is driven (currently by an external agent) to acquire envirogented in this paper, Schultz and our approaches share some
mental information [27]. This approach poses a maximum-likeemmon ideas and problems.
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Obstacle
I1l. SENSORBASED NAVIGATION AND MAP BUILDING ! _l

In this section, we review the definition of the GVG graph
structure and prescribe the control laws that construct its edges
and nodes. In the next section (Section 1V), we give an example | ~
of GVG exploration that highlights the problem of localization
using dead reckoning, a problem that is independent of the GVG
representation itself. The next section (Section V) then presents
our contribution of topological localization.

—

A. A Topological Map: The GVG
polog P Fig. 4. A robot with eight sensors and their measurements is drawn. Sensor H
The GVG is a one-dimensional set of curves that captures ths the smallest value, 10, and is thus pointing at the nearest obstacle. Sensor

salient topology of the robot's environment. Just as people aas the second smallest value, but is not associated with the second closest
’ Obstacle because Sensor A is not a local minimum. Sensor C is associated

roadway systems, the planner uses the GVG to plan a path frg@ the second closest obstacle because its value is the second smallest local
a start to a goal by first planning a path from the start to thr@inimum in the sensor array. When two adjacent sensors have the same value

GVG. then along the GVG to the vicinity of the goal. and the nd together form a local minimum, then assume the closest obstacle lies
) g y goal, etween the two sensors.

from the GVG to the goal. Our approach to exploration involves

constructing the GVG. . . . .
. . : literature [1], meet points are called Voronoi vertices, but we
The GVG lends itself nicely to sensor-based implementation . .
L . . . : use the term meet points because GVG edges terminate (and
because it is defined in terms of a distance functiprwhich 1

measures the distance to the closest point on olgject.e., mxi;t) a;;;hgfm .I;r;]:rp(lg?grsGVGwﬂ Uj=it1 Fij- Fig. 5 has
d;(z) = min.cc, ||z — ¢|| (Fig. 2). Distance can be determined” P b '

2 ) Frior work [21], [7] has proven that the GVG can be used
from sonar sensors that are rigidly attached to the perlmeterﬂ())r ath planning because the GVG issadmanof the robot's
mobile robots, pointing radially outward from the robot. Sonqs paih p 9 ko

I . .
ree space. A roadmap is a geometric structure that possesses

is emitted from the sonar sensors, bounces off an obstacle, . o o i~
returns to the robot. The time of flight is proportional to th;fr\We properties of accessibility, connectivity, and departability.

distance between the object and the sensor. The object canqig ther words, there exists a path between two pojptand

anywhere along an arc (Fig. 3). In our implementation, for sinf? fn the free space if and only if there exists a path figno

plicity, we assume the echo originates from the center of t ez (gr:% tlgqth(?jSp\;?t;liiiggszgglggaihpggl‘ec;ogriczfi(rzg%tj Iirr]1 the
arc. Distance to an obstacle is then approximated by looking % Y ’

T ; X VG betweeny, andq’, (connectivity).
local minima in the circular sonar array (Fig. 4). A laser range First lets azzssume tqﬁe(GVG existsy)AccessibiIityforan already
finder can be used to determine distance to the nearest obsta&l)ensS trl;cte d GVG is achieved by m(.)ving away from the closest
n Ia stllzmlalr fashion. GVG ed implv th t of . object until a point on the GVG is reached. In other words, the
n the planar case, edges are simply the Set o po'ré%nner uses gradient ascent to determine the accessibility path
equidistant to two obstacles. More specifically, the planar GVC Assuming that’; is the closest obstacle, the robot accesses
edge defined by obstacl€g andC; is the set ) ‘ '

the GVG following

ﬁj = {J} € Fs: dz(l’) = dJ(J}) < dh(l‘) C(t) _ de(c(t))
suchthat Vd;(z) # Vd;(x)}.
until it reachesy’,.
By definition, the end points or “nodes” of the GVG edges are The planner then uses a standard graph search algorithm to
boundary point§d; () = d;(x) = 0) andmeet point§d;(z) = find a pointg, inthe GVG such thafy,—q, || < dr.(¢,) forall h,
d;(x) = dj(x) for at least one:] [7]. In the Voronoi diagram which is a point in the GVG that is closer to the goal than nearby
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e

Fig. 5. The solid curve segments are the edges of GVG, the set of points equidistant to two obstacles.

obstacles. Connectivity of the GVG ensures tjagxists. Since )
q, is closer to the goal than all other objects, departability i Zen /
achieved by following a straight line directly to the goal. % ‘ S

Effectively, if the robot knows the GVG, then it knows the \ ; [ O
environment because the planner can use the GVG to determif—— > ,
a path between any two points in a connected component of fri
space. Likewise, if the robot can construct the GVG using sensi K
data as it moves through the environment, then it has in esser ,
explored the space because it could use the GVG to plan pat )
in the free space once exploration is complete.

Fig. 6. The circular disk represents a mobile robot with some of its sonar
. sensor readings displayed as rays emanating from the mobile robot. The dark
B. Control Laws to Construct the GVG in an Unknown SPacgy corresponds to the smallest sensor reading, hence the robot will move in the

. _direction indicated by the dark arrow to access the GVG. The GVG is denoted
One of the key features of the GVG is that a robot can increy a dotted line between two nonparallel walls.

mentally construct it using only line-of-sight information. Ex-

ploration of free space via incremental construction of the GVf®bot is equidistant te: obstacles. In the planar cas&'(z) =
has the following five key components: 1) access the GVG; 2J; — d»2)(x), which is zero when the robot is equidistant to two
explicitly “trace” the GVG edges; 3) determine the location aobbstacles.

the meet points (GVG vertices); 4) explore the branches ema-At a pointz in the neighborhood of the interior of a GVG
nating from the meet points; and 5) determine when to terminagdge, the robot steps in the direction

the tracing procedure.

The robot accesses the GVG in an unknown environment
using the same procedure as in a known environment: the ro tere
simply moves away from the nearest obstacle until it is equidis-
tant to two obstacles. The distances from and directions to the
closest obstacles can be computed using range sensors such as
lasers scanners and ultrasonic sensors. For the moment, imaginé
rays emanating from the center of the robot and terminating
when they encounter an obstacle. The length of the shortest ray . T Th—1
corresponds to the distance to the closest obstacle and the direc- (VG(x))T = (V&))" (VE@)(VE())")
tion of the ray is the direction to this obstacle. The robot simply Note that when: is on the GVG,G(x) = 0 and thusi =
moves in a direction opposite to that of the shortest ray (saflull(VG(x)), which is simply the tangent direction of the
Fig. 6). GVG. The stability of this control law has been derived [9]. Sta-

Once the robot accesses the GVG, it must incrementally trasiity requires that?/« > 1; the o determines how quickly the
GVG edges. We derive a control law that effectively traces thhebot moves along the GVG and tierepresents how aggres-
roots of the expression sively the robot moves back to the GVG.

SinceG and V@ are functions of distance and distance gra-
dy — dy dient, respectively, they can be easily computed from sensors,
dy — ds i.e., a mobile robot can poll its sonar array for local minima to

. (z)=0 determined; andVd; (and hencé&? andVG). Therefore, using
: minimally processed raw sensor data, the robot can generate
di — dm and traverse an edge from node to node of the GVG. Hence,

& = aNUll(VG(2)) + B(VG () Ga) 1)

e « and/ are scalar gains;
Null(VG(x)) is the null space oV G(x);
(VG(a:))Jr is the Penrose pseudo inverse\of(z), i.e.,

G(z) =

. . . . INote that there are many equivalent choice§'o§uch a7 (z) = [di(z) —
whered; is the distance to an object;, and thus if(d; — do (), do(x)—ds(a), ..., dv+(2)—d,,(2)]7, all of which trace the same

d)(z) = (dy — d3)(x) = - = (dy — dp)(z) = 0, the GVG edge.
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we have established a method by which a mobile robot using
low level sensory information can determine the connections be-
tween topological symbols, which are the GVG meet points.

C. Control Laws to Determine GVG Meet Point Homing

The robot traces an edge until it detects a meet point or a
boundary point. A meet point is, as its name suggests, a point
where GVG edges meet. Meet points are one example of a topo-
logical symbol. At a meet point, the robot must determine the
directions of the other GVG edges that emanate from it. In the
planar case, the (at least) three nearest obstacles are equidistant
to a meet point.

While generating the GVG, it is significant that the robot
precisely locates itself on the meet points. Thus a meet point
homing algorithm was introduced to trace a path that stably con-
verges onto the meet point location [10]. The control law for
homing onto a meet point is similar to the one for generating
GVG edges, excefF and its Jacobian ate

dl (.’L’) — dg(l’)
Ghe) = Lzl(x) . d:»,(x)}
and |

oy = (T4~ wxx»T} | b

(Vdi(z) — Vds(z))"
Fig.7. The sensor data collected from a mobile robot after running through the

— i i — — environment depicted in Fig. 1. The walls of this environment have seemingly
Therefore,G(a:) 0 ata meet point, i.ed, (a:) d2 (a:) rotated as a result of dead-reckoning error. The robot starts at meet point 1, and

d3(z), _and the robot m?kes the following correction step t@en traces a path to meet point 6, at which point is backtracks to 1. When the
home in on the meet point according to: robot returns to meet point 1, it thinks it is located at the light gray square, when
it is actually located at the black square.

a‘:—B[le(x)_VdQ(x)r [dl(w)_dQ(x)} hich it will continue the edge traci Making this di

= which it will continue the edge tracing process. Making this dis-
V(@) = V(@) ] Ldi(@) = ds(x) tinction between old and new meet points in large environments
which can be shown to be stable using the previous analysis [@.the presence of odometry error) is the ultimate challenge that
(Note that NullVG(z)) = 0.) we address in this paper.

Geometrically, what is going on is that when the robot is in Finally, when a robot reaches a boundary, it simply turns
the vicinity of the meet point, it draws a circle through the threground and returns to a meet point with unexplored GVG edges.
closest points on the three closest obstacles. It then determividzen all meet points have no unexplored edges associated with
the center of that circle and move a differential step toward titlgem, then exploration is complete. Exploring with the GVG is
center. After taking this small step, the robot repeats this progkin to simultaneously generating and exploring a graph that is
dure. The stability of the resulting system allows us to conclug#nbedded in the free space.
that the robot will converge to the location of the actual meet
point. IV. DEAD-RECKONING ERRORPROBLEM

Critical to the above stated exploration procedure is the
. ) ) robot’s ability to determine if it has encountered a new meet
As mentioned above, the robot terminates edge tracing b@nt or revisited an old one. When the robot reaches a meet
meet point or a boundary point. When the robot encounter,gint, anaiveapproach would compare the coordinates of the
newmeet point, it marks off the direction from where it came agyrrent meet point with the coordinates of all discovered meet
explored, and then identifies all new GVG edges that emangigints. If there is a match, then the robot can locate itself on the
from it. From the meet point, the robot explores a new Gvgfrtially explored GVG. Otherwise, the robot can conclude it
edge until it detects either another meet point or a bounda{}s reached a new meet point.
point. In the case that it detects anotimew meet point, the  ynfortunately, dead reckoning error interferes with this deci-
above branching process is recursively repeated. sion, as depicted in Fig. 7, which contains data collected from
When there is a cycle in the environment, the robot will enynning a Nomad 200 Mobile Robot in the environment de-
counter a meet point that it already has discovered. It will haygeted in Fig. 1. This experiment occurred inx7 14 square
found anold meet point. In this case, the robot will search fometer floor space covered with linoleum tiles. The Nomad 200
the nearest meet point with unexplored emanating edges, fregh translate and rotate in the plane. The robot also has 16 ra-
2Note thatG could have many forms, includirigh (z) — da(x), ds(x) — dially pointing outward sonar sensors to measure distance to
da(0)]7. nearby obstacles.

D. Exploration
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notes meet point 1. The robot heads toward meet point 2 tracing
a GVG edge, which is denoted as a thick solid curve. The thick ooy P
solid curves are thée, ) coordinates of the GVG edge, based };% A
on encoder readings. The gray squares represent the sensor read-§ R o]

In this experiment, the robot starts near the square which de- § = P o

ings used to generate the GVG edge (Fig. 7). Note how they
cluster together to form two parallel walls and the thick solid
curve lies in the middle of them. These sensor readings are not

stored by the robot, but are displayed here for visualization pytig. 8. The relative location of the three smallest local minima (vectors to the
poses. closest points on the closest obstacles) are similar for strikingly disparate meet

The robot then continues from meet point 2, to 3, and th&R™s:
all the way to meet point 6. Now, the robot must back-track
to a meet point with unexplored directions. The back-tracked

(retraced) GVG is represented by a thin gray line and the plus
marks denote the sensor returns from the back-tracking proce-
dure. Again, the thin gray line represents the coordinates of the l
GVG, based on encoder readings. N
Note that the thick solid and the thin gray curves do not AN
2 1 0

line up. This is a result of dead-reckoning error. So, from the

robot’s view of the world, through its encoders, the environment

is starting to rotate clockwise. When the robot returns to megg. 9. Varying neighboring boundary nodes.
point 1, the robot cannot conclude from its encoder readings that

it is truly at meet point 1.

§

node in a topological graph “looked” different to the robot, then
we could stop here. Simply invoking the control law to return to
V. TOPOLOGICAL LOCALIZATION a meet point would be enough to determine the robot’s position.
However, this is not going to be the case, because many environ-
With the control laws to generate edges and nodes of a topaents have meet points that look the same. Take, for example,
logical graph in hand, we can now present a three-tiered systernng corridor with lots of T-intersections. All of the intersec-
to topological localization: zero dimensional, one dimensionalons look the same.
and two dimensional. The zero-dimensional method assumesnitially, we tried to derive a “sensor signature” for each meet
that all meet points have a unique signature. Simply returninggeint based on the robot's 16 sonar sensor readings, but this
ameet pointimmediately localizes the robot. Unfortunately, thigoved to be ineffective. Using all 16 sensors was not useful
method is naive because many meet points may look the sapagause many of the readings were inaccurate due to specular-
to the robot, especially in man-made environments like offidées and false echoes. Then, we considered the three smallest
buildings. Therefore, we can use the “history” of the robot, i.dgcal minima of the circular sonar array. This was not useful
we recall the (one-dimensional) sequence of edges and nodesause local minima with “similar” signatures correspond to
that the robot traversed in order to determine the robot’s pogteet points of significantly different geometry (Fig. 8).
tion. This method works quite well when the robot intentionally Instead of using a complicated sensor signature to identify
visits an already explored meet point. When the robot unintea-meet point, we look for atable featureone which will not
tionally encounters an already visited meet point, it must thehange in the presence of sensor noise and slight changes in
rely on the topology (two dimensions) of the graph structure f@bot location. A stable feature can be viewed as a landmark that
determine that the robot is visiting old territory. the robot determines reliably on-the-fly. The first distinguishing
In this section, we introduce some methods by which a robagihd stable feature is the distance to the closest obstacle(s) at the
may detect a meet point and then show why we do not wantrifeet point; distance is a stable feature because the homing al-
rely upon these methods. In other words, we show why we pretgirithm described in the previous section has been proven to
not to use a purely zero-dimensional approach. Next, we shpw stable. Obviously, this distance measurement will not dis-
how a robot can use its knowledge of a partially explored maipguish different meet points very well, but it can be used to
to follow a sequence of edges to return to an already encoujickly eliminate any candidate meet points.
tered meet point. Finally, we describe the full two-dimensional \We can also exploit the topology of the GVG to reliably
case which is invoked when the robot accidentally encountefigambiguate meet points by looking at the neighboring nodes
an already visited meeting. of a particular meet point. For example, a meet point with one
neighboring boundary node is significantly different from a
meet point that has no boundary nodes. This criterion readily
distinguishes between the two meet points in Fig. 8, where the
The meet points, or any other topological node, serve as larsgnsor signature was virtually useless. For a triply equidistant
marks that the robot determines on-line. Here, we describe someet point, the varying combinations of meet points with
robust, albeit naive, methods for identifying meet points. If eagteighboring boundary points is depicted in Fig. 9.

A. Meet Point |dentification
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ceived location based on encoder coordinates, but in actuality

\< o the robot was located at the solid box.
% P The robot repeated this procedure four more times until it
e % reached meet point 1. Even though the encoders indicated that
the robot was located at the gray square, in actuality, it was lo-
Fig. 10. Three edges is different from four edges. cated at the black square. The robot knew its accurate position
because it intentionally sought meet point 1 and its meet point
identifier confirmed that it had reached meet point 1. Therefore,
the robot knew exactly where it was in the GVG, without ever
relying on global encoder information.

This approach may not work well when meet points are
“close” to each other. Sensor error can cause the robot to
temporarily escape the current meet point’s basin of attraction

A B (rotated) C (reflected) and fall into the “next” meet point’s basin of attraction. When
Fig. 11. Departure angle criterion does not distinguish between (A) and (Et! ,IS happens, the robot homes onto the *next’ meet point in
but does discriminate between (A) and (C). it5 sequence. To address this problem, when the robot homes
onto a meet point, it can use the sensor signature, described

Another stable criterion looks at th ber of ed above, to confirm that it has arrived at the correct meet point.
nother stable criterion 100ks at the number ot €dges Mgy, o 46 accidentally arrives at the wrong meet point, it can

qatmg froma mget point. Ag.a}m, while using th_e homing algc{hen use its partially explored map to determine if there was
rithm, sensor noise and position uncertainty will not affect thfnother a meet point “closer” to the desired meet point. If so

number of edges emanating from a meet point (Fig. 10). the robot can then conclude where it is located on the graph

The final crltenon_ matches the relat|ve_: departure ?”g'es 8|f1d then continue along in the sequence of edge following and
GVG edges emanating from the meet points. Meet point (A) hde homing procedures

Fig. 11 has the same ordered set of departure angles as meet

point (B), whereas meet point (C) may have the same angles ) o .

as meet point (A), but the ordering is different. Encoder err&- Accidentally Revisiting a Meet Point

cannot affect the ordering of these angles, therefore meet poini, the previous section, the robot intentionally directed itself

(A) is definitelydifferent from meet point (C). to a meet point it expected to encounter by undergoing a se-
By combining the distance and neighboring nodes criterigyence of edge following and meet point homing control laws.

the robot now has a significantly better chance for determining many situations, the robot can unexpectedly find an already

at which meet point it is located, or for concluding that it igjsited meet point. The challenge is to determine if the “next”

at a new meet point. Unfortunately in real environments, thegset point that the robot encounters is a new point or an already

criteria will produce a candidate set of meet points at which thgsited one. The robot must distinguish between new and old

robot is located. The robot must further exploit the topology Qfieet points in order to successfully explore an unknown en-

law until it detects a meet point and then it invokes the meet
point homing routine to converge onto a precise location of the
meet point. In Fig. 7, recall that the gray box is the robot’s per-

the constructed roadmap. vironment. The robot does this by combining the zero-dimen-
. o ) sional and the one-dimensional localization methods of the pre-
B. Intentionally Revisiting a Meet Point vious two subsections to form a truly two-dimensional localiza-

Our goal is to minimally rely upon sensor signatures to detgfon procedure.
mine the robots position. Instead, we can exploit the topologyIn this procedure, we assume that effect of orientation errors
(adjacency relationships) of the GVG to determine the robotge more pronounced than translational errors, i.e., orientation
position and reliably direct it to a destination. The control landead-reckoning error dominates translational error accumula-
guarantee that the robot can follow an edge and home onttian. This is a reasonable assumption, at least with the Nomad
meet point. When the robot uses its partially explored map 200 from Nomadic Technologies and can be readily seen in
intentionally return to a meet point, all it needs to do is followrig. 7 in Section IV. In Fig. 7, the environment has seemingly ro-
a path, i.e., a sequence of edges and nodes, in the GVG bytated because of dead-reckoning error, but note how the lengths
voking a sequence of edge following and meet point homidmgetween meet points remains fixed. With this assumption in
control laws. The planner uses a one-dimensional history. place, we can now determine the lengths of all GVG edges using

This method is best explained by example. In Fig. 7, the robencoder data. Note that we are only using “recent” encoder data
started at meet point 1 and worked its way to meet point 6. Nowhen determining edge lengths.
the robot must retraverse the GVG back to meet point 1 to ex-When the robot encounters a meet point, it enumerates a set
plore the unvisited edge emanating from meet point 1. The rolmftcandidate meet points that it could have reached, based on
first intentionallyreturns to meet point 5. In order to return tahe criteria of the previous section. The robot then retraces an
meet point 5, the robot simply invokes an edge tracing contralready explored edge emanating from the current meet point
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) i
of \
o A
Fig. 12. The robot has partially explored its free space. The GVG for this :;'_l]
environment has a cycle encircling the obstacle in the middle of the room. The I._I,--"’ ~10
.,

GVG has driven around this cycle twice noting that meet point 1 and 5, 2 and 6,

and 3 and 7, respectively, all look the same. =

Fig. 13. Topological matching in a 756 fenvironment. Dark lines correspond
to an adjacent meet point. Again, a set of candidate meet poitgtthe first pass and shaded lines delineate retraces.
corresponding to the second meet pointis enumerated. If the dis-
tance between a meet point in the second sayaneet pointin the meet point, or pass through a sequence of meet points to ar-
the first setis not the same as the distance the robot traveled frga at the target meet point.
the firstmeet point to the second, then the appropriate meet poinihe challenge occurs when the robot unintentionally visits
is eliminated from the second set. Therefore, the second segqfaready discovered meet point. Figs. 12 and 13 demonstrate
points only contains meet points whicbuldbe adjacent to at g experiment in a real environment using a Nomad 200 mo-
least one meet point in the first set. That is, we have in essegg hase where localization was performed using criteria of the
identified a set of candidate edges that the robot just has tfﬁ‘évious sections. In Fig. 12, the robot starts at meet point 1,
versed. This procedure is repeated until only one possible Mggt, travels to 2, 3, and 4. From meet point 4, the robot heads
point remains. Essentially, we have described a graph matchigg,arq meet point 1, but when it encounters meet point 1 it tem-
procedure where the robot partially reconstructs a fragmentQf,arily labels it meet point 5, but based on the sensor signature
the GVG and matches itwith the already constructed GVG. Thigscribed above, the robot notes that it could be meet point 1.

is why we call this a full two-dimensional localization approachfpe ropot then moves to meet point 2 and labels it meet point
Itis worth noting that the robot does not store the GVG edggs since meet point 6 “looks like” meet point 2, and the dis-
because it retraces them during the backtracking operatigfh,ce petween meet points 5 and 6 is the same as meet points
Therefore, the robot only stores the meet points, their adjacenc¥ng 2. meet point 2 is a candidate for meet point 6. Now, the
relationships (as edges), and the lengths of each edge. Jfyt moves to meet point 3, temporarily labels it meet point 7

robot also stores the departure angle of the GVG edges, ig,g makes the appropriate matches. At this point, the robot con-
the angle the GVG edge makes with the other GVG edggfjes that 5is 1. 6 is 2. and 7 is 3. See Fig. 13.

emanating from the meet point. Now, the robot explores meet points 8 and 9 and then back-

tracks to meet points 3 and 2, in order (Fig. 13). When the robot
re-encounters meet point 2, it is fairly apparent that encoder
error has significantly accrued. Note the robot thinks itis located

As can be seen in Fig. 7, the robot can intentionally retuiom the light gray box, when in actuality, it is located on the dark
to an already discovered meet point without much trouble lgyay box labeled meet point 2. Although the encoders deceive
following the already explored GVG. It is worth noting that théhe robot into thinking it is a foot away from its actual location,
robot does this bpotpassing through a sequence of way-pointsy matching GVG edges and nodes, the robot can conclude it
specified by(z, y) coordinates along the GVG. Instead, thés at meet point 2. From there, the robot explores meet point
robot determines a path in the GVG (a path in the graph, nbd. The final edge is drawn emanating from the shaded box to
a path in the robot’s free space), and then determines the apgnmphasize that dead-reckoning error has accumulated, but the
priate sequence of edge following and node homing control langbot knows meet point 2 anchors this edge. So, the robot has
from this graph-path. Essentially, the control laws prescribe a seimputed the entire GVG without ever resorting to dead-reck-
of sensory experiences that the robot must undertake to arriveaing, nor having to update its encoders.

VI. EXPERIMENTAL RESULT
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i Fig. 15. A hypersymmetric environment in which all meet points look the
4 same, their neighbors look the same, their neighbors’ neighbors look the same,

HE F etc.

.*;' Y, increase the number of edges and nodes to be matched, but there
3 L1 will always be an environment which will require one more
b . N matching. Furthermore, there are environments that are sym-
_,.-" ] A metric and thus this procedure theoretically should not be able
SV . | determine the robot’s location in the GVG. Consider the free
B -~ space in Fig. 15. From the robot's perspective, meet points 1,
| f o 2, 3, and 4 all look the same, using any sensor signature. Meet
. % point 1's neighbors, meet points 2 and 4, look like meet point 2's
neighbors, meet points 1 and 3, etc. Therefore, simply moving
to a neighboring meet point to determine at which meet point
the robot is currently located will not work. Likewise, moving
to a neighbor’s neighbor will not work either.

We believe that this problem is not a fault with the GVG
method, but rather, results from the lack of richness of informa-
tion that topology provides. Imagine being in a building whose
hallways all look the same, as they do in Fig. 15. Itis very easy to

The environment in Fig. 14 is a superset of the one in Fig. 1@¢t lost because the hallways and their adjacency relationships
In Fig. 13, meet points 9 and 10 are near closed doors of #@not determine any specific location. To achieve localization, a
Sensor-Based Planning (SBP) Laboratory at Carnegie MellBantopological feature, such as the numbers on the office doors,
University (CMU), Pittsburgh, PA. For the experiment depicte\ﬁ’OU'd have to be used. In mobile robotics, this means that the
in Fig. 14, we opened the doors and let the robot explore [0t would have to rely on a feature-based approach [16], [25]
hall ways surround the SBP Lab at CMU. Note there is no co localize itself. If all of the features, themselves, also “look
respondence between the meet point labels in Figs. 13 and i e same, then the robot would have to rely on a model of how

In the Eiq. 14 experiment. the robot starts near meet Ointdle'ad-reckoning error accrues and use a lower level representa-
9. P T Loty [27]. Incorporating this hierarchical approach to SLAM is
explores a boundary edge terminating at boundary point 2, and | rent topic of research

then goes on to meet points 3, 4, 5, 6, 7, and 8. After meet pOir_‘t8’I’opological-based approaches do not work well when the
the robot leaves the lab, makes a left turn and explores corridgpt is in the middle of large open spaces with obstacles be-
until encountering meet point 10. The robot back tracks to M&RInd the range of the robot's sensors. Again, the GVG is not
pOint 8to Continue exploring the Other Side Of the Corridor. NO@ good Choice for a map herE, not because Of a fau|t with the
the light gray lines indicate the amount accrued dead-reckoni@¥G, but rather because of a lack of richness of topological in-
error. The robot re-enters the lab at meet point 12, visits méetmation in large open spaces. It is hard to locate oneself in the
point 14, and then finally returns to meet point 3. However, thaiddle of the desert. Current work in robotic coverage [8] ad-
robot cannot conclude that it has returned to meet point 3, saliesses this problem; here the robot must plan a path to pass the
temporarily labels it as meet point 15. The robot then travels $ensor-range of the robot over all points of the free space.
meet point 2, labeling it 16 and then to meet point 4, labeling it _
17. At this point, the robot has enough edges and nodes to machWWeak Meet Points
21016, 3to 15, and 4 to 17, a which point the graph is matched.Another problem we have encountered is the emergence of
Here, the robot has accrued over 10 ft in dead-reckoning erreporadic meet points from “weak” features in the environment.
Sometimes the robot “sees” a third obstacle and sometimes it
VII. DISCUSSION ANDRELATION TO FUTURE WORK does not. For the GVG, the problematic landmarks are called
weak meet pointssVGs that have weak meet points lie on the
boundary of GVG equivalence classes: a set of GVGs that can be
The work presented in this paper is only the first step t@ontinuously deformed into one another. GVGs inittterior of
ward the long-term goal of localization. Ourimmediate problemach class are stable because a small perturbation in the arrange-
deals with environments with repeated symmetries. One coumhént of obstacles causes a small continuous change in the GVG

iy - el

Fig. 14. Topological matching in a 180C fenvironment.

A. Richness of Topological Information
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Weak

Meet M
] Point > »—q ’

Fig. 16. Weak meet point. [

that preserves the neighboring relationships of all meet points ; /
in the GVG. The GVGs on the boundary are unstable because et
a small perturbation in the arrangement of objects can cause a
drastic change in the GVG.

Slight changes in sensor readings can have the same effect as
small changes in the arrangement of obstacles. In other words,
small changes in sensor readings can change GVG claggesl?. Reduced GVG for similar environment as depicted in Fig. 13.
which destroys the neighboring relationships of all meet points.

Consider a portion of the free space in Fig. 16. In one pagstacle enters the robot's environment, this will causeran

the robot starts from the top and drives down the corridor; tt§¢heduled meet point to appear.

range sensors on the robot give the robot the impression thal he challenge for the robot is to disambiguate between ex-
the indent on the right is not deep enough to warrant a méd¥cted and unscheduled meet points. If this meet point “looks”
point. In a second pass, the robot moves from the top afidiferent from the expected meet point, then the robot can con-
drives down the corridor; this time, a slight change in the rang&!de the meet point was unscheduled. However, if the unsched-
sensors gives the robot the impression that the indent on tHed and expected meet points look the same, the robot will have
right is deep enough to warrant a meet point. This meet poiffalse understanding of its location. To handle this situation,
is a weak meet point. Although the change in the GVG is néte Will update the one-dimensional localization procedure of
topologically significant, performing topological matching onntentionally revisiting meet points to use more geometric in-
a varying GVG becomes quite difficult because the meet poirf@gmation as we did in Section V-C. We will use encoder data
are our landmarks. to infer an approximate length of the GVG edges. Just as in

This work addresses this problem by defining a new stru&ection V-C, we will assume that linear dead-reckoning error
ture that has significantly fewer meet points calledduced is negligible, so the robot can accurately, within an error box,
GVG. Essentially, this new structure is the GVG with many ofeasure its distance along an edge. With this information, we
the weak meet points removed from it. We observed that ma@§n, to within a tolerance, disambiguate between unscheduled
weak meet points, such as those in Fig. 16, have a boundafg expected meet points. When the robot does indeed find an
node adjacent to it. So, we simply deleted all meet points tH#tscheduled meet point, it can find a new path using an optimal
have boundary nodes adjacent to them. This naturally deleg#aph strategy likeD™ [26] or it can generate temporary edges
additional nonweak meet points. With the problem meet poirt#gtil it re-accesses the original GVG.
removed, localization becomes more reliable. The drawback is
that we have fewer meet points to use for matching, as can be VIIl. CONCLUSION

seen in Fig. 17 _ This paper formulates a new approach to SLAM of unknown
Unfortunately, the reduced GVG does not entirely solv@gions using a topological map annotated with some geometric
the weak meet point problem. As mentioned before, anothghtres. We term this procedure T-SLAM. The specific map
problem lies in points that are close to each other. In one pagse in this work is the GVG, the locus of points equidistant to
the robot may perceive them as separate meet points, buf obstacles in the plane, but this work is general to other topo-
another, it may merge them into one meet point. Again, t§gical maps. Already, prior work has rigorously shown that the
map will have to be updated to reflect the robot's perceptiqgyG s sufficient for motion planning. Therefore, constructing
of the world. Future work will incorporate the probabilistiGne gvG is akin to provably complete exploration because once

method of Thruret al.[27] to allow for meet points that appearine robot knows the GVG it can plan a path between any two
and disappear. This will help us implement our approach jgcations.

dynamic environments. The main contribution of this work is using topology to
] ) localize a robot while mapping an unknown space. We use
C. Dynamic Environments the nodes of the GVG as “landmarks.” These landmarks are

Future work will consider dynamic environments after thtéppologically meaningful events that the robot can determine
GVG is constructed. In this scenario, the robot goes to a qu:st:-line. Prior methods_ either use ad hocap_proach or human
tion by invoking an interleaved sequence of edge tracing aifputs to determine important features in the environment,

meet point homlng control laws, identical to the ones used In3We borrow this term from the land mine community that defines an unsched-

baCk'traCking toan a.lr?ady visited meet pOiIl’lt. V_Vh“e tracjng &fikd land mine to be one that was accidentally discovered in a region thought to
edge to an already visited expectedneet point, if a transient be free of land mines.
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whereas the GVG (or any geometrically annotated topologicalithors would also like to thank the anonymous reviewers for
map) already has the features, i.e., the meet points, that their careful and considerate comments toward this work.
robot can use for localization.If each topological feature had

a unigue sensor signature, then a simple zero-dimensional

approach of identifying the current meet point would be suffi-
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