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Abstract

In this paper, we describe a method for navigation and localization of formations of multiple robots
in imperfectly known environments. The localizer is a modified version of a previous method
for perfectly known environments which identified geometric features of the environment during
preprocessing for subsequent use during localization. The new localizer handles uncertain envi-
ronments or moving obstacles using new techniques for selecting subgoals along the path, one for
effective measurement and the other for rearrangement of multiple subgoals to prevent the robots
from blocking each other. We present results including simulation and hardware experiments in a
real environment using two robots.
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1 Introduction

In the near future, manual work tasks will become more automated as technology improves. In-
dependent service robots will prove themselves useful in diverse ways such as search and rescue,
cleaning, and aiding the handicapped. These tasks are examples of potential uses of low cost mo-
bile robots in indoor environments. The robot system can be expanded as needed by employing
additional robots for the same task, which may result in increased payload, faster processing or
enhanced reliability.

Some of the difficulties involved in effectively using service robots are the implementation of an
automatic path planner and a robust way of dealing with odometer error. Periodic localization is
necessary to reset the error, and one low cost approach is to use sonar range sensor(s). Though
widely used, these sensors have several limits such as restricted range and noise. In the multiple
robot case, additional complications arise such as the sensor signal may be blocked by other robots
which appear as moving or unknown obstacles.

Previous work on the topic of localization includes image and landmark based localization for
multiple robots [14] which requires omnidirectional vision sensors and landmarks. For one robot
with only sonar sensors, there are several approaches such as probabilistic density functions [8],
principal component analysis [15], Dempster’s rule of combination [19], or model matching by
coordinate transformation for identifying geometric features of environment [1]. Various sonar
sensor configurations for effective measurements have been investigated in [4] and one of them is
used for localization in [5].

Most of the previous work on multiple robot navigation has been focused on efficient collision—
free path generation using techniques such as probabilistic roadmap methods(PRM) [18], on-line
collision avoidance [12], a prioritized A*—based planner [6], or a centralized optical guidance system
[16].

Path planning of multiple robots under constraints is a special case. If several robots are
carrying an object, the constraint is described by kinematic equations and is classified as a closed—
chain constraint [11]. For this, a kinematics based probabilistic roadmap method has been proposed
in [7]. Another example is the leader—followers problem where tracking control using a virtual robot
and [ —[ control has been combined to a new feedback control [9]. These approaches do not include
the issue of localization.

In this work we present a system which performs navigation and localization of multiple robots
using sonar sensors. We assume that a map of the environment is given. A path is extracted
from a pre-computed roadmap, and geometric feature information about the environment is pre—
processed for efficient localization. For multiple robot localization, path optimization techniques
are discussed which not only avoid collisions, but also effectively measure the environment. This
is the result of our effort to harmonize the path planner and the localizer so that they assist each
other. Unlike other approaches for filtering noisy sonar sensors, we use a very simple filter that
can work in conjunction with our localizer. Our framework is an extension of our previous work
described in [10] where navigation and localization for one robot in a perfectly known environment
is discussed.

2 Feature Based Localization

The pseudo code in Figure 1 describes our system. In a preprocessing phase, a roadmap is generated
and the environment is subdivided into sectors in which localization can be easily performed.
Initially, the robots are in their starting configurations and the goal configurations are known.
First, a path for one robot is extracted, and we select an appropriate subgoal on that path where
the robot should attempt to localize. To assist localization, the subgoal is selected which enables



localization using geometric features easily measured by the sensors. From the path, multiple
paths are computed by replicating and translating segments. These “parallel” paths are useful
if the robots’ movements are coordinated. After this, subgoals may need to be rearranged to
eliminate potential interference among the robots during localization. This is the second subgoal
optimization. Note that the path generation steps are interleaved with subgoal optimization. The
above is repeated until the goal is reached.

NAVIGATOR(start, goal)

1. preprocess environment

2. while goal is not reached {

3 extract path for one robot from start to goal

4 optimize subgoal in the path

5. generate multiple paths

6. rearrange subgoals in the paths

7 drive all robots to subgoals and stop

8 scan and localize one by one

9. set start(s) to each robot’s current configuration
10. }

Figure 1: Pseudo-code for our system.

2.1 Definitions

local minimum
local maximum
discontinuity
connection

Q0 oxXS

Figure 2: Simulated sensor readings and corresponding characteristic points mMmMmMmMmDcM

The basic building blocks of our localizer are characteristic points which are obtained from 360°
range scanning of the environment. Local minimum m (maximum M) points are scans where both
adjacent scans are father (nearer). To determine if the scan data is discontinuous (D or c), we use
a fixed threshold value for the range difference. Figure 2 shows the characteristic points of a T
shaped environment.

Definition: A feature is a characteristic point in the scan representing a geometric feature in the
environment that can be used for localization.

Though many localization techniques use the concept of a geometric feature, we are most inter-
ested in features corresponding to characteristic points in the scan. In the current implementation,
only the local maximum is used as a feature since its position is fixed with respect to both the



global and the local (robot) coordinate system and provides two—dimensional information when
used with adjacent characteristic points.

During preprocessing, we partition the environment into sectors so that we can quickly decide
which feature to use for localization when the robot is in that sector. Our previous work used
(original) visibility sectors for this purpose.

Definition: A wisibility sector is a maximal planar region of the environment such that the same
set of features is visible from all points in the sector.

In this work, we introduce a relaxed version of the visibility sector which depends only on the
visibility of some common feature(s), but doesn’t require all points in the sector to see the same
set of features.

Definition: A relazed visibility sector is a planar region of the environment such that there is at
least one feature that is visible from all points in the sector.

While the subdivision induced by the visibility sector definition is unique, the relaxed sector
subdivision is not unique. For example, if there are two adjacent sectors that can see a common
feature, we may or may not merge them. If we merge them, then we allow the localizer to select
among many different features which may be useful or inefficient, depending on the situation. To
investigate these tradeoffs, we propose three desirable properties for good ‘relaxed sectors’.

Sector property #1. The number of adjacent sectors which can see the same feature is small.
This leads to a reduced total number of sectors (and storage).

Sector property #2. The number of features which can be scanned from a sector is large.
This allows flexibility in choosing a feature during localization which increases robustness against
unknown or moving obstacles.

Sector property #3. The size of a sector is not too small or too large, and in particular, the
range limit of the sensor is not exceeded. Minimizing distance is also important because as the
distance from a feature increases, localization is more difficult.

In general, the desired relaxed sector will maximize properties #1 and #2 while satisfying
property #3.

2.2 Computing Relaxed Sectors

To compute relaxed sectors, we first compute original sectors and then merge them according to a
set of heuristic rules.

If we randomly select a valid pair of sectors and merge, we lose control over the properties of
the resulting sectors. As an example, consider the two cases shown in Figure 5 in which the size
and shape of the relaxed sectors are very different although both were constructed from the same
visibility sectors shown in Figure 3(b). In order to satisfy sector property #3, we need to keep the
distance from a feature to a sector boundary as small as possible. One way of doing this is to use
the Voronoi Diagram and merge sectors that are in the same Voronoi region and that can see the
same feature. To approximate this without actually calculating the Voronoi Diagram, we introduce
our first sector merging rule.

Merge rule #1. Merge adjacent sectors which can see the same closest feature.

This results in the smallest number of merges in a practical sense, which emphasizes sector
property #3 but not sector properties #1 and #2. If sector property #3 is not too restrictive, then
we can further reduce the number of sectors and maximize sector property #2 with the following
rule.

Merge rule #2. Merge adjacent sectors which share some common visible feature.



Rule #2 produces the opposite effect as rule #1. The original sectors before merging are shown
in Figure 3(a), and the results of applying the rules are illustrated in Figure 3(b) and
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Figure 3: Visibility Sectors before Merging(a), after Merging with Rule #1(b) and Rule#2(c)

For a relaxed visibility sector, we may keep a different number of features after preprocessing.
For example, the left sector in Figure 3(c) has four features always available. However, in some
parts of the sector, feature #5 and #6 may be also used. 3(c). When rule #1 is applied, the
number of sectors is reduced to six, which is the same as the number of features in this case. If we
apply rule #2, the resulting number of sectors is two: we cannot have less than two sectors because
the environment is not convex.

To maximize sector property #2, it is desirable to keep all the features. Since our modified
localizer works best with all the features, we choose to store the union of the features for the original
sectors.

Another case with a triangular obstacle inside an environment is shown in Figure 4 where 4(a)
is the original, 4(b) results from merge rule #1, and 4(c) results from rule #2. Notice how merge
rule #1 simulates the use of the Voronoi Diagram. The total number of sectors is 65, 7 and 3,
respectively. Note that after merging with rule #1, the number of sectors is not the same as the
number of features.
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Figure 4: Visibility Sectors before(a) and after Merging with Merge Rule #1(b) and #2(c)

2.3 Modified Localization Algorithm

The localizer requires the following information: a list of sectors where the robot is expected to
be and characteristic points extracted from the real scan data. The set of the expected positions
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Figure 5: Merging Result with No Rule, Case 1(a) and Case 2(b)

of the robot as it moves is represented by an uncertainty ellipse that grows linearly as the robot
translates or rotates. In our previous work, localization was performed in two steps: first localize
to a sector and then to a configuration. However, we do not need to know which sector contains
the robot (i.e., do not localize to a sector) since we can simply try all features visible from those
sectors and select the result which is validated by the scanned range data. For example, if the robot
is expected to be located in sector 1 or 2 in Figure 3(a), then we know that we can try features 1,
2, 3, 4 and 6. In this case, without determining which sector contains the robot, we try localizing
using all the features.

This process requires a confirm step to select the correct localization result which will determine
if the scanned range data could have been collected at that point. In the first confirm substep, we
do a rough test using the distance between the result and the boundary of the uncertainty ellipse,
checking if the distance is not greater than a threshold value which allows for some error from sensor
noise. In the next step, we compare the actual scan with a synthetic scan (a software scan of the
model environment from the configuration determined by the localization). The configuration which
is the best match will be selected. Note that the distance check comes first because calculating the
synthetic scan takes longer than checking the distance, and if robot is not in free space, we cannot
compute a synthetic scan.

The pseudo code of our modified localization algorithm based on the relaxed visibility sectors
is described in Figure 6. To test the robustness in a partially known/dynamic environment, each
of the environments shown in Figure 7 was used for scanning in the localization step while the
environment in Figure 3(a) was used during preprocessing. All tests were successful.

The price paid for the flexibility is that the localization may take more iterations than before.
The most time consuming step is generating and comparing the synthetic scans. To reduce the
number of iterations, we can test the most likely feature pair first. One approach is to first try
the sector that contains the subgoal. Or, we can use a string edit distance function to compare
the characteristic points in the real scan data with the characteristic points from the preprocessed
environment. Next, we can try the closest features first since close features are less affected by
Sensor noise.

3 Optimizing Multiple Subgoals

Before discussing subgoal optimization, we list the difficulties in localization for multiple robots
using sonar range sensors.
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LOCALIZER

1. S « relaxed sector(s) intersecting the
uncertainty ellipse

2. Fi <« all features of S

3. F5 <« all features of real scan

4. for each pair of (fy € F1, f2 € F2) {

5 compute robot configuration

6. D <+ distance from result to ellipse

7 if (D < distance threshold)

8 then synthetic scan and compute error

9

1

0. choose configuration giving smallest error

Figure 6: Pseudo Code for Localization
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Figure 7: Test Cases of Unknown Obstacle

. Measurements from the sonar sensors are faulty if the angle between the signal and the wall

is not close to perpendicular. This depends on the material of wall.

For a 360° scan, the number of measurements cannot be arbitrarily large. Using fewer scans
is critical in localizing faster.

. To compute the line containing a wall (necessary for our low level localization algorithm), we

need at least two scans in theory. In reality, we often need more.

. Constraints, if any, among multiple robots must be maintained while rearranging subgoals.

The robot cannot be closer to the wall than the sensor’s minimum range limit.

The robot cannot be farther from the wall than the sensor’s maximum range limit.

For the first three conditions, we select the subgoal which optimizes the scan angle for all robots
(Section 3.1), and for the fourth condition we use subgoal rearrangement (Section 3.2). For the fifth
condition, we use a roadmap built on the medial axis to provide the largest clearance in general.
The sixth condition is also considered as the second criterion in Section 3.1.

In fact, we cannot avoid reading ‘too far’ from the sensors unless the environment is small
enough. To deal with this, we introduce a new characteristic point f. Even with unexpected f’s
included in the characteristic points, we can localize correctly as long as a nearby feature is correctly
scanned. This shows that our localizer is robust with respect to sensor range limits as well as to
unknown obstacles.



3.1 Optimizing Scan Angle

This is better explained with single robot case. The original algorithm simply selects the subgoal
closest to the goal whose uncertainty ellipse is not in collision. In other words, if the uncertainty
ellipse grows large enough that it intersects an obstacle, then the path node right before the collision
is chosen as the subgoal. This is based on the simple assumption that the robot can scan at least one
feature anywhere in the environment, which is not true in reality due to the mentioned difficulties
#2, #3 and #6.

To solve these problems, we score each node on a path by checking how well the robot can scan
a feature which satisfies the range constraints. For example, if a feature can be scanned from a
node whose line of sight to the feature exactly bisects the space between the walls adjacent to the
feature, then it is considered a good node for localization. After scoring each node, the best one is
selected as the subgoal.

For a feature to be available, it needs to satisfy two conditions. One is that the distance from
the node to a feature needs to be within the sensor range limit (sensor range condition). The second
is that the walls adjacent to a feature should be longer than a threshold value to enable at least two
readings along that wall (wall length condition). The nodes are scored as follows. If a path P is
composed of n nodes (N1, No, ..., N,) and for the ith node N;, if m features (Fj1, Fjo, ..., Fip,) are
available with adjacent walls W;;, W;o, then the bias B from the optimal case is defined as follows
(see Figure 8 inset)

0, = [NF; — [Wa
02 = LN;Fij — [Wig (1)
B=1|6; -6,
where i1 =1...n, j=1...4%,

The scan angle subgoal optimization searches for a node ¢ such that B is minimum for any j and
which satisfies the sensor range condition and the wall length condition. Figure 8 is a screen shot
of a simulation where the subgoal (center of the two robots) is obtained without this optimization.
After scan angle subgoal optimization, the subgoal is moved as shown in Figure 9(a). Before
optimizing, #; = 15°, 5 = 75° and B = 75° — 15° = 60°. On the other hand, in Figure 9, the
bias angle is close to zero.

3.2 Rearranging Multiple Subgoals

If two robots are in the same relaxed sector and one robot is blocking the other robot from scanning
a selected feature, then either one of the robots should localize using a different feature, or the robots
should rearrange their relative positions so they can both scan the same feature. In the former case,
since the availability of another feature is not guaranteed, one robot may randomly move until it
leaves the sector. This is not considered in this paper since it is undesirable to move the robot
without localizing first. We designed the relaxed sector to provide the most effective feature in the
general situation. So, our proposed solution is to share the feature by rearranging subgoals when
the robots are inside the same sector.

For a robot R;, let S; be the space allowed to legally maneuver and let A; be the angle range
for scanning a feature without being blocked by the other robot. Note that the angle space is
important in scanning at least two points on each wall adjacent to a feature. For all robots, our
goal is to optimize the subgoals NNV; so that

max (min {41, Ag,...,An})
for N;€S; and 1=1,...,n
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Figure 8: Two Robot Case, before Optimization

The implementation of the optimization depends on the constraints that must be maintained
among robots. For example, if the distance between robots must be constant, then we can rotate
the robots around the center of the two robots. If the robots must remain on the same X coordinate,
then we can move the robots in the Y direction. In general, they can simply move along their paths.

Before the subgoal rearrangement shown in Figure 9(a), the sensors’ effective ranges are not
long enough to scan the ends of the hallway. This forces them to localize to the bottom right
corner and the left robot cannot get enough scans to localize using the feature. The result of the
rearrangement is shown in Figure 9(b) which is obtained by the algorithm described in Section 4.
If the two robots are in different sectors, then they will use different features. As shown in Figure

10, no subgoal rearrangement is necessary since the robots are in different sectors and use features
A and B.

4 Implementation and Experiments

Figures 8, 9 and 10 show the environment used for the hardware experiments as well as the simu-
lations. For software development, we use C++ in linux with the LEDA library [13] for geometric
calculations and SAPHIRA [17] for robot communication. For the hardware experiments, two
AmigoBots [3] are used in a partly real hallway and a partly experimental environment. These two
robots communicate with two separate computers through wireless modems because SAPHIRA
supports connection to only one robot. The two computers are connected to a computer which
performs all calculations over the network. For range measurements, sonar sensors built into the
AmigoBot were used. The size of the environment is 11.3 by 7.62 meters (444 by 300 inches), and
the length of the robot is approximately 33 cm (13 inches).
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Figure 9: Two Robot Case, after Optimizing Scan Angle(a) and Rearrangement(b)

Roadmap Based on MAPRM As briefly described in Section 2, since we are interested
in navigation where the distances between the robots remain almost fixed, we generate paths for
multiple robots from the path for a single robot.

The automatically generated roadmap provided by the OBPRM motion planner package [2]
(using medial axis node generation) is imported during the preprocessing step. This enables the
program to find a path in a very complex environment. The resulting roadmap contains many
closely—spaced nodes, which is useful in choosing an optimal subgoal.

Uncertainty Regions Given a path, uncertainty ellipses at each node are first calculated.
The uncertainty region is the union of the ellipses sliding along the path which grows linearly.
Since we cannot compute the union of an infinite number of ellipses, we just connect the ellipses
at each node by line segments tangent to the ellipse. The uncertainty region is used to enforce the
constraints among the robots. First, the path for a single robot is multiplied for multiple robots
and the uncertainty region for each path is computed. Then, we can detect where constraints
are violated and select the subgoals for multiple robots. These subgoals will be rearranged before
localization.

In our experiments, we assumed that the distance between two robots can be close as long
as they are not in collision, and the distance can be reasonably large which allows for a simple
implementation of the subgoal optimizations. This corresponds to the situation where each of the
robots has an arm with several links and joints, and the robots are carrying an object.

Optimizing Subgoals Implementation of the scan angle optimization is straightforward and
involves calculating B in Equation (1) for each node and choosing the minimum value for each
node. This approach uses a bisector perpendicular to the line segment connecting the center of the
robots and the feature. If the path of a robot crosses this bisector, then the subgoal is moved to the
intersection. For the other robot, a point on the bisector close to the subgoal before rearrangement



feature A

.03 - SEODOD ) -

feature B

Figure 10: Subgoals or Se o o ali a io

issele e

oobai ra ge easure e s euse 080 ar
se sors 1 o osieorie aio roie o ebo o e igo o a ri go ase sor
orres o s oalieseg e s o i Figure a erobos ereroae a e e osiio
ooe 0 rage ur ar aree eri e use easure e s i ea s ea glese
0 ro aio is ol ur s erea uall eessar si e e use 0 se sors
og ea ure rage easure € s ol as all u bero aa ol s erea uall
use ul eso arse sorsig al e s obe er ois i e allis o ere iular o esa
ori a or eris rese earb oeerourloalier orsi o allsa ae o0a eaureare
ie ie isallo e us o esig a er si le ler i i a eror s eleas a ou
o leri gre uire
e seu 0 o e orouri le e aio iss o i Figurell isisbase o  eassu io
a e osubgoalo i iaio ses illal ase ablesa ig o lose alls orea ea ure
so a e a ie i e b sarig ro e loses sa aa e u bero re eiio s
ee so e u bero robos i a a ear oea o erasa iio al lose alls o er
roer o eso arse soruse ereis a aul aaisusuall ar er a ea ualra ge
isise laie b osierig e ulia ee o asla e all wurre 1 e o o use
a a e aial e o su asleas s uaresor ri i ala al sis i oul bee loe as
e essar

For ee iro e a e subgoals s 0 i1 Figure b loaliaio as oe i i e
allo able error Figurel a a 1 b illusrae ea ualso arra gese sor aai erobo s

10






(a)

(b)






