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Fig. 6. Enumerating the edges around a junction, and the direction of travel of the robot. The aim is to define a goal vector with an origin
at the junction and orientation equal to Pedgeejected - HETE> WE select the first edge anticlock wise (ACW) of the reference edge.

Trial 10,14

Fig. 7. Approximate path of robot when undergoing trials, overlaid on photographs of the experiment environment. In each trial, the robot
navigated from the start point (a variable position close to the author’s desk) to a goal location. Junctions of the GVD are marked with

sheets of white A4 paper on the laboratory floor. This is purely for the author’s convenience in presenting these results in the paper and
demonstrating the robot.

(a) Alternate paths to laboratory exit.

(b) Figure-8 route.
Fig. 8. Approximate path of robot in longer trials.
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(a) Trials 1,4,7,11, 12, 14, 16, and 18.
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(b) Figure-8 route, trials 20 and 21.

Fig. 9. Robot paths and perceived junctions, from odometry. Axes show distance in millimetres. Note that along each route, each time
a junction is reached, it is detected exactly once. No false junctions are detected. No junctions are omitted, except in the deliberately

ambiguous case where two junctions are sometimes merged.

final two instruction sets specified a Fig. 9 route. The robot
moved without pause during the trials at a wheel speed of
approximately 10-25 cm/s. The robot was not required to
detect or recover from erroneous instruction, or to recover
from erroneous interpretation of accurate instructions. These
problems are beyond the scope of this paper and have been
previously researched (e.g., refs. [41] and [42]).

Table I enumerates instruction types implemented for these
trials. Table II details the use of these instructions in the trials.
Note that the Relative Bearing instructions can make use of
reasonably accurate bearing information, but we have chosen
to limit precision to 77 /2, i.e., Left, Right, or Forward, to show
that the human director need not estimate GVD edge angles
accurately.

4. Results
Figures 7, and 8 show the routes covered by the robot and
the experimental environment. In these images, the GVD
junctions are marked on the laboratory floor for the benefit
of the reader—they are not used by the robot. They were
also used to explain the GVD concepts to other students who
subsequently demonstrated the ability to direct the robot.

Twenty of the 21 trials resulted in successful navigation.
The total distance covered was just over 200 m. Trial 10 failed
due to the engineered ambiguity of the GVD, as illustrated in
Fig. 1. At one location on the robot’s path, either one or two
junctions are perceived, since the distance between them is
exactly the threshold required for the junctions to be separate.
This was achieved by using cardboard boxes to modify
the environment. In such situations, sensor error determines
the actual mapping. In trials 11 onwards, the same area is
navigated successfully using “relative bearing” instructions
and approximately specifying the minimum distance to the
junction at which the next instruction should be applied. In
trial 11, one junction is perceived at the ambiguous location,
with four edges incident. In trial 12, two junctions are
perceived here, each having three edges.

Overall, the robot was successfully navigated to all
accessible areas of the laboratory and, in trials 20 and 21,

a Fig. 8 route was executed to demonstrate a longer series
of instructions (46 m total for the Fig. 8 routes). One trial
was unsuccessful. Since it was not necessary to measure
the environment to provide the instructions and the robot
does not use SLAM, no metric map of the environment
is available. However, Fig. 9 shows the robot’s path from
odometry and detected junction positions, for selected trials.
Before each trial, the robot was positioned near the author’s
desk facing approximately in the direction of the first goal
junction: precise positioning was unnecessary.

Some problems were experienced during testing prior to
reported trials due to the limitations of the scanning laser-
range sensor. In particular, planar sensing assumes that the
shape of obstacles does not vary greatly with height and
some surfaces are not detectable. However, traversal of
the GVD minimizes such problems since distance to all
obstacles is maximised. Also, the method of GVD junction
detection is robust to variations in sensor performance and
odometric error. In the few places where scanning sensing
was inadequate, artificial obstacles were added below higher
projections, to prevent collision. Similarly, a few surfaces that
do not reflect the laser signal were covered with cardboard to
ensure the robot could sense its environment satisfactorily.
Note that these modifications were made to mitigate sensor
limitations, not processing flaws. In several trials, the robot
encountered dynamic obstacles in the form of passing
people, but navigation was unaffected due to application
of Bayes’ rule in the egocentric occupancy map. A video
of experiments similar to trials 20 and 21 is available at
http://thecyberiad.net/videos/ to better illustrate
the operating conditions.

5. Conclusions

The results show that it is possible for robots and
humans to share useful topological navigational concepts
that both can perceive directly. This enables reliable and
efficient navigation of the robot in a realistic environment
without a prior mapping operation, which is very useful.
The topological instructions provided to the robot are
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Table 1. Instructions.

Shorthand Type Description

Fn Relative bearing Poftset = 0. Follow edges closest to the direction the robot is initially
facing, for at least n meters, until a junction is reached. Default n = 2r,
where r is the diameter of the robot.

Ln Relative bearing Pofset = 77 /2. Follow edges closest to the direction the robot is
initially facing 4 90°, otherwise as previously.

Rn Relative bearing Pottset = —7r /2. Follow edges closest to the direction the robot is
initially facing — 90 degrees

mCW Edge enumerating Count n edges clockwise from the back-trail edge; follow the selected
edge until a junction is reached, e.g., ICW means take the first edge
clockwise from the back-trail edge.

mACW Edge enumerating As previously, but counting anticlockwise.

Table II. Experimental trials.
Trial Goal Instructions Comments
01 P’s desk F, 1ACVW, 1ACVW, 1ACW Forward until junction, take first path on
right, until junction. . .and so on

02 P’s desk F, 1ACW, 1ACW, 1ACW Repeat

03 P’s desk F,FR,R Same route as trials 01 and 02

04 S’s desk FER,L First part same as trial 03, then diverges

05 S’s desk F, 1ACW, 1ACVW, ICW Same route as 04

06 S’s desk F, 1ACW, 1ACVW, ICW Repeat

07 F’s desk F, 1ACW, 1ICW, 1ACW Short route

08 F’s desk F, 1ACW, ICW, 1ACW Repeat

09 F’s desk F, 1CW, 1ACVW, 1ACW Longer route

10 F’s desk F, 1ICW, 1ACW, 1ACW Longer route, failed: Went to G’s desk

11 F’s desk F, 1ICW, R1.5, 1ACW Longer route like trial 10, better instructions

12 F’s desk F, 1CW, R1.5, 1ACW Repeat trial 11, different modeling of ambiguous

junction, still success

13 F’s desk FF L, R Short route, different instructions

14 G’s desk F, ICW, F1.5 To show can still get here

15 7’s desk F, 1ICW, R1.5

16 R’s desk F, 1ICW, R1.5, ICW

17 R’s desk F, ICW, R1.5, ICW Repeat

18 Laboratory exit F, ICW, L, lACW Short route

19 Laboratory exit  F, 1ACW, 1CW, 1CW, F, ACW Longer route

20 Author’s Desk F, 1ICW, R1.5, 1ACW, 1ACW, 1ACW, ICW, ICW, 1ICW  Figure-8 route back to start

21 Author’s Desk F, ICW, R1.5, IACW, 1ACW, 1ACW, ICW, 1CW, ICW  Repeat

Table III. Essential features of a topologically directed navigation language.

Feature

Comments

Mutual perception

Local perception

General relevance

Efficiency

To conveniently exchange navigational information, both parties (robot
and human) must be able to perceive the same topology reliably and
directly.

Many topological mapping systems generate erroneous topology until
the map is largely complete and accurate. To follow directions without
a complete map, local sensing must be sufficient.

It must be possible to efficiently describe routes in all conceivable
situations to all goal locales, because the chosen topological landmarks
are present in all environments.

The chosen topological landmarks must occur frequently enough to
specify routes accurately, but not so frequently that the plan becomes
cumbersome or complicated.
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(a) Egocentric occupancy probability image, P.

(c) Thresholded dilated obstacles, image D.
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(b) Ideal or theorized local topology,

(d) Autonomously and egocentrically modeled topology .

Fig. 10. An example of egocentric modeling in a different environment—here the robot crosses the foyer of our building. The robot’s
perception of local topology agrees with the author’s estimation, shown overlaid on the building floor plan. Two junctions (J) exist in the
foyer, a third due to a path into the elevator (£). Note that despite detecting only fragments of the foyer walls and nearby corridors, the robot
has still modeled local topology accurately. Topological modeling errors occur only if a significant obstacle is entirely undetected. Small
perturbations in obstacle shape, and erroneous small gaps between obstacles, have no effect on topology. Small variations in the shape
or position of topological edges have a momentary effect on robot motion, but do not affect the incremental interpretation of topological

directions.

parsimonious and intuitive, especially when explained in
terms of the robot’s spatial affordances. The instructions
correspond directly with the type of directions that humans
give each other when navigating unknown environments,
albeit the latter employ a richer vocabulary of symbols
(not just junctions and edges). For comparison, topological
navigation instructions generated expressly for the purpose
of easy human comprehension are discussed in this paper.'
Since the instructions use minimal or no metric data, it is
possible for a human director to produce them from memory
of the scene, greatly increasing the utility of the system.

The pure topological approach to navigation demonstrated
here is different to other goal-directed navigation in the
literature. Lack of detailed metric information does make
the system vulnerable to gross error. The same attribute
simultaneously offers great convenience. It is interesting
that complex robot perception, rather than more accurate
mapping, makes possible a new mode of navigation in
unmapped environments.

The experiments reported in this paper are not simply GVD
following because the robot does not have a map of the global
GVD and the physical structure that generated it. Instead, it
is given only the part of the topology that it must transit, and
must incrementally perceive and ground equivalent features
in the real world, simultaneously navigating directly to the
goal. This is more difficult than localization in a fully mapped
environment and has not previously been demonstrated.

5.1. Sources of error

The proposed method by which the topological features—
junctions and paths—are perceived is robust to most
variations in sensing, but two types of failure are possible.
Firstly, total failure to sense any part of a large obstacle
dramatically changes the perceived position, or existence,
of associated junctions. However, sparse and/or inaccurate
detection of parts of an obstacle is sufficient to localize
junctions with reasonable accuracy, as demonstrated in our
experiments (See Fig. 10).
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The second source of error or ambiguity is merging of
adjacent junctions in the GVD that may be considered a
single junction, if close enough. The source of error is the
definition of “close enough.” In the reported experiments,
one such situation (see Fig. 8) was artificially created
with cardboard boxes, but, in fact, it was still possible to
reliably navigate this part of the laboratory by specifying the
approximate minimum distance to the junction at which the
next instruction should be applied.

It is worth mentioning that misinterpretation of the
instructions does lead to a gross navigational error that is
undetectable. This also happens to people, who recover either
by realizing that the goal has not been reached or by using
more detailed localization based on a richer vocabulary of
landmarks.

5.2. Future directions

Navigation may also be unsuccessful if the topology of the
world changes between the moment the robot is instructed,
and completion of navigation. Topological changes may be
caused by simple acts such as opening and closing doors.

Possible solutions to this problem include use of extra
geometric information to confirm topological interpretations,
and querying the human director during navigation. But,
ideally, the robot should be fully autonomous after initial
instruction, and geometric information is inconvenient to
obtain.

Instead, in later experiments, the authors used visual
landmarks to identify specific GVD junctions by appearance,
ignoring intermediate vertices. Provided that visual
landmarks are not missed, this makes the system robust to
changes in topology. However, a large vocabulary of natural
landmarks is required to allow instruction of the robot in a
variety of environments. These results will appear in a future

paper.

5.3. Summary of prerequisites

A number of key features must be in place in order that
the robot can execute a series of meaningful topological
navigation instructions in an unknown environment. The
first is robust local mapping and planning given incomplete
knowledge of the environment. This was achieved using
an egocentric metric mapping approach to computation of
the GVD, conceptually similar to Beeson and Kuipers’
Local Perceptual Mapping (LPM).% 7 Note that the proposed
algorithm only makes judgements about the characteristics
of the robot’s immediate environment, for which maximal
information is available. Without accurate sensing of local
topology, global mapping is necessary before goal-directed
navigation can occur.

A second key feature is the choice of shared symbols
that are perceived and grounded by both the robot and the
operator, in this case GVD junctions and edges. These are
present in all environments** unlike doorways, corners, and
other more specific geometric landmarks. The GVD concepts
modeled as spatial affordances are also highly relevant to
navigation, and, in this paper, defined with reference to the
physical capabilities of the robot (any passage through which
the robot can physically pass is an edge, and any position at
which two paths are available is a junction). It is easy for
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an operator to make good judgements about where the robot
can and cannot travel, since the same skills are necessary for
a number of everyday tasks such as driving and tool use.

A third key feature is the near-absence of metric
information, instead relying on topology that humans can
readily perceive. If it were necessary to add accurate metric
information, considerable labor would be required to provide
such data and it would be laborious to translate into an
acceptable digital format without the use of a computer.
In contrast, using a standard speech analysis program,
the proposed system could easily interpret spontaneous
verbal instructions using the robot’s onboard computer.
It is interesting that a remote operator can also generate
navigation instructions, from memory of the environment.
Many of the instruction chains provided for the reported
experiments were generated by the author while not viewing
the experimental environment.

Finally, the fact that the robot’s internal topological map
formed during navigation is in the same format as the original
topological directions means that repeat navigation to any
previously visited location may be requested.

5.4. Applications

In some applications, complete and accurate mapping is
effectively part of the mission, but, in many situations, it
is merely necessary to move to a goal location as quickly
as possible. In any nonenclosed environment, a complete
mapping will necessarily take an unreasonable amount of
time. Many SLAM experiments are conducted by manually
driving the robot, or by altering the environment to close
off areas that are not desired to be explored. The proposed
approach, in conjunction with existing SLAM techniques,
would permit guided autonomous exploration experiments
to focus on the areas that do indeed require mapping, without
modification of the environment.
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