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Abstract. In the multi-agent environment, it is important to identify
position and orientation of multiple robots for accomplishing a given task
in cooperative manner. This paper proposes a method for estimating po-
sition and orientation of multiple robots using multiple omnidirectional
images based on geometrical constraints. Our method reconstruct not
only relative configuration between robots but also absolute one using
the knowledge of landmarks in the environment. Even if there are some
obstacles in the environment, our method can estimate absolute config-
uration between robots based on the results of self-localization of each
robot.

1 Introduction

In order that multiple robots operate successfully in cooperative way, such robots
must be able to localize themselves and to know where other robots are in a dy-
namic environment. Furthermore, such estimation should be done in real-time.
An accurate localization method is a key technology for successful accomplish-
ment of tasks in cooperative way. Most of conventional localization algorithms
extract a small set of features from a single robot’s sensor measurements. For
example, landmark-based approach[1], which is very popular, scan sensor read-
ings for the presence of landmarks to estimate a single robot’s position and
orientation.

On the other hand, in case that there are multiple robots in the environment,
the localization problem can be easily resolved. Since robots in the multiple
robot system can share the observations by communicating each other, each
robot in such multiple robots can utilize redundant information for localizing
itself. Therefore, such robots can solve the localization problem more easily than
a single robot does. However, in multiple robot system, it is difficult to identify
other robots by using only visual information.

In order to realize such identification and localization capability, Kato et. al
[3] developed a relative localization algorithm for multiple robots equipped with
ODVS. This method is based on identifying potential triangles among any three
robots using the simple triangle constraint. After potential triangles are identi-
fied, they are sequentially verified using information from neighboring triangles.
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However, their system is not really autonomous decentralized one, because their
method strictly assumes that multiple robots communicate each other in or-
der to reconstruct a relative configuration. Furthermore, the processing time for
estimation is apt to be long, because their method uses only one geometrical
constraint.

In this paper, in order to enhance functions of autonomous decentralized
system, our method gives a self-localization capability to a single robot among
multiple robots, in addition to capability of estimating a relative configuration
from the sharing observation. Due to self-localization capability, our method can
use one more constraint which is called ”enumeration constraint” to make our
algorithm fast and robust, and can reconstruct absolute configuration between
multiple robots in the environment. This paper proposes an enhanced version of
method for identifying and localizing robots in the environment using omnidi-
rectional vision sensors, on the basis of Kato et. al’s method [3]. Even if there
is an obstacle in the environment where the multiple robots are located, our
method can estimate absolute configuration between robots in the environment
with high accuracy.

2 Prerequisites

Before details about our method is described, several prerequisites must be
stated.
Omnidirectional image sensor We assume that each robot has an omnidirec-
tional vision sensor [2] which can capture 360◦ view image at a time. Hereafter,
we call this sensor “ODVS.” Further, we call an image taken by ODVS as “ODI.”

Robot The total number of the robots is n. n robots are located within a
field. Each robot has an omnidirectional image sensor. Each robot has an visual
identifier such that other robot may easily observe it. However, it can’t always
view other robots, because the robot can’t detect other robots due to failure of
image processing or due to an obstacle. This assumption is very reasonable in real
situation. Furthermore, each robot can’t precisely measure the distance to the
robot or the landmarks, because such rough distance is estimated by calculating
the distance from the center of the omnidirectional image to the center of the
region of the robot or the landmark.

Landmarks The environment has several landmarks which are easily identified.
Such landmarks are painted some colors in order that they are easily identified.
Each robot among a group of robots has an visual identifier as a marker which
is also painted a particular color.

Task A task of our system is to identify all of the robots and to know absolute
spatial configuration between them in the environment. Here, absolute spatial
configuration means positions and orientation for all robots in the environment.

3 Overview of our method

First, each robot performs self-localization based on observing some landmarks in
the environment. There have been many methods [1] for determining its position
and orientation in the environment, which is called “self-localization.” Since
our robots equip with ODVSs, we utilize the ODVS-based method [4] and the
landmarks in the environment for self-localization.
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Second, our system performs reconstruction of relative configuration based on
observed azimuth angles and the results of self-localizations. When reconstruct-
ing the relative configuration, geometrical constraints are utilized for determin-
ing relative spatial structure between robots. These geometrical constraints are
described in the following section.

Finally, our system estimate absolute configuration based on the reconstructed
relative configuration. To determine absolute configuration, the origin and ori-
entation of the relative configuration are calculated based on the best result of
self-localization. Then, in order to determine the size of the relative configura-
tion in the environment, our system observes two landmarks whose positions are
known using ODVSs. Such observation limits to the position of each robot in
the environment. As a result, the position and orientation of the robot i in the
environment (xi, yi, θi) can be estimated.

3.1 Triangle constraint

One of the key constraints used in our method is a fact that three relative angles
between three robots always add up to 180◦. That is, each robot corresponds to
a vertex of a triangle. Therefore, the angles between three robots must add up
to 180◦. We call this rule “triangle constraint.”

3.2 Enumeration constraint

E

C

D

A

B

Region 0

Region 1

+180

-180

Fig.1. Enumeration constraint

Positions of robots can be qualita-
tively described by relative positions
with respect to a line passing over two
robots in the environment as shown in
Fig.1. This line divides the environ-
ment into two regions called Region0
and Region1. Therefore, the position
of a robot can be represented by which
region the robot is located in. Let five
robots be A, B, C, D and E. For exam-
ple, the position of E is represented in
Region0 defined by line AB. That is,
this line limits possible region where E
is located. Furthermore, this line limits
the maximum number of robots which
a robot can observe in a part of its ODI
corresponding to Region0.

When several robots are located in the environment as shown in Fig.1, the num-
ber of robots which robot A or B can observe in its ODI is less than or equal to
the number of robots which are actually located in Region0. For example, both
of robot A and B observe Region0 as the part of its ODI which corresponds
to a 180◦ field of view. We define a counterclockwise/clockwise angle from the
base axis as a positive/negative angle. In this paper, this base axis would be re-
garded as a sight line. A sight line is a hypothetical line from an observing robot
to an object which the robot tries to identify. For example, the base axis is a
segment AB which corresponds to a sight line from the observing robot A/B to
the observed robot B/A (see Fig.1). According to this definition, with respect
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to robot A, the angle of the sight line ranges from 0◦ to +180◦ in Region0. On
the other hand, with respect to robot B, the angle of the sight line ranges from
0◦ to −180◦ in Region0. Robot A and B also observe other robots in such their
180◦ field of view. The sight lines from the observing robots A and B to other
robots is described by a dotted line as shown in Fig.1.

Suppose there are two robots in the Region0. As mentioned before, the num-
ber of other robots observed by robot A or B must be less than or equal to two.
Furthermore, both of robot A and B must be located on the boundary between
Region0 and Region1. That is, if robot B observes more than three robots in
Region0, robot B wouldn’t be located on such boundary.

In this way, the position of the robot would be limited by enumerating other
robots in its 180◦ field of view. We call this constraint “enumeration con-
straint.” This constraint can be used to eliminate impossible configuration be-
tween robots. In this paper, the number of robots which are actually located in
Region0 is estimated based on the result of self-localization.

If there is an obstacle among robots, some of robots might fail to see other
robots in its ODI. In practice, there are some limitations in observation. For
example, a ODVS cannot observe an object locating in distance, because the
capability of image processing has its limitation. Under these situations, the
number of other robots observed by a robot is less than the number of robots
which are actually located. Since such situations would be judged as inequality
in the enumeration constraint, this constraint can work well in anytime.

4 Estimating relative configuration between robots

Our method for estimating relative configuration between robots consists of 5
steps.
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Fig.3. Impossible triangles

1. Each robot i observes the other robots using its ODVS and measures every
azimuth angles di

k of robots from some base axis. Here, i(= 1 ∼ n : n(≥ 3))
shows an robot ID and k(= 1 ∼ m : 2 ≤ m ≤ n − 1) shows an index of an
azimuth angle to kth robot. In this paper, we select a base axis such that
it coincides with either of two axes which are defined to represent an ODI.
Fig.2.(a) shows how to assign di

k in the case of n = 5.
2. Relative angles between two observed robots, θi

j are calculated in terms of
each robot i as follows:

θi
j = |di

k − di
k′ |,
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where j shows a pair of two observed robots k and k′. This correspondence
is stored in a table. Fig.2.(b) shows how to assign θi

j in the case of n = 5.
3. By checking the triangle constraint, all combinations of three different robots

(ip, iq, ir) are obtained among all relative angles θi
j(i = 1 ∼ n) such that

θip

jα
+ θiq

jβ
+ θir

jγ
= 180 ± ∆E◦. Here, ∆E shows an allowable error, that

is reflected as an error caused by image processing. The resulting triplets
that satisfy the triangle constraint are candidates for computing the relative
positions of the robots.

4. The resulting triplets from the Step 3 include impossible triangles. These
impossible triangles can be classified into four different types, as shown
in Fig.3.. Enumeration constraint is checked with respect to the resulting
triplets, in order to eliminate the triplets which form impossible triangles.
Such a pruning process is executed as follows:
– Choose one of the triplets which just satisfy the triangle constraint. Let

this triplet be (θA
0 , θB

j , θC
k ), suppose that A, B and C might be the ver-

tices of a triangle (see Fig.4).
– Based on the result of self-localization, estimate the number of robots

which are actually located in half space associated with the line passing
over A and B. Let this number be NR.

– With respect to each of robot A and B, enumerate the number of the
other robots which appear in its 180◦ field of view. Let this number be
NOR. Then, check if NOR ≤ NR is satisfied.

– With respect to other two pairs of robots (B,C) and (C, A), the same
procedure is applied.

5. The resulting triplets from the Step 4 may still include impossible triangles.
Therefore, this step evaluates neighboring triangle candidates and eliminates
impossible triangles.
– Choose one of the triplets. Let this triplet be (θA

0 , θB
j , θC

k ), suppose that
A, B and C can be the vertices of the triangle (see Fig.4).

– Examine each segment of the triangle ABC (hereafter, �ABC). Let
each endpoint of this segment be vertex A and B, respectively.
Check whether vertex A has the other relative angle θA

1 or not, in such
a way that the relative angle θA

1 can be one of angles of a triangle which
shares the segment AB but is except �ABC. If the vertex A has such
relative angle θA

1 , there must be a new vertex of a triangle except C and
B. Let this new vertex be D. Therefore, such a new triangle is �ABD
(see Fig.4).

– If there is �ABD, check if the new vertex D can be one of angles of
neighboring triangles which are adjacent to �ABC and �ABD. That is,
check if the neighboring triangles �BCD and �ACD can be generated
or not.

– In addition, check whether vertex A has the other relative angle θA
2 or

not, in such a way that this relative angle can be one of angles of the
triangle which share the segment AB. Then, check if the neighboring
triangles can be generated or not, in such a way that such triangles
share vertices and segments with the verified triangles.

– In the same way, this process is applied to all triangle candidates acquired
by the enumeration constraint. Finally, a relative configuration between
robots is obtained as a set of the verified triangles.
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Fig. 4. Iterative verification

5 Estimating absolute configuration between robots

The result of estimating relative configuration between robots does not directly
reflect the absolute configuration between robots which shows distances between
two robots, positions and orientations of multiple robots in a world coordinate
system. This world coordinate system is attached to the environment where such
robots are located. It is because relative configuration is reconstructed only by a
set of observed azimuth angles which contain no measurement value in the world
coordinate system.

The reconstructed relative configuration is similar to the absolute configu-
ration as shown in Fig.5(a). In order to reconstruct the absolute configuration
between robots, it is necessary to determine the size, and position and orientation
of the relative configuration with respect to the world coordinate system. In this
paper, it is assumed that each robot can estimate its position and orientation
in the world coordinate system with a certain degree of accuracy. Therefore, in
order to determine an origin of relative configuration, we utilize the best result
of self-localization which one of such multiple robots get. We call such a robot
”base robot.” The origin of the relative configuration is defined as the position of
the robot which can get the best result of self-localization, that is a base robot.
Here, the best result means a result with the highest accuracy. The orientation
of the relative configuration is defined as the orientation of the base robot. The
position and orientation of the base robot are used for determining those of the
relative configuration in the world coordinate system.

If the context of the task given to the multiple robots is relevant to the robotic
soccer, the goalie robot would be used as the base robot. It is because the goalie
robot provides more precise result of estimating position and orientation than
the other robots do. (See Fig.5(a)) DSince the goalie robot can see landmarks
very well, it can obtain its position and orientation with high accuracy.

Next, let’s consider how to determine the size of the relative configuration in
the environment. By observing two landmarks in the environment whose position
are known, the position of the robot i in the environment (xi, yi) can be limited
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on a curve. In the context of robotic soccer task, such two landmarks can be
regarded as own and opponent goals. So, such curve can be defined based on the
sine formula as follows:

(xi +
L

2 tan θi
)2 + y2

i =
(

L

2 sin θi

)2

,

where L and θi shows the distance between two landmarks in the environment
and the angle between two sight lines to two landmarks observed by robot i,
respectively. The position of each robot except the goalie is limited on an arc as
shown in Fig.5(b). In order to determine the positions of the robots except the
base robot in the environment, an additional constraint is required. As such a
constraint, the sight lines to the other robots can be utilized. The sight line to
the other robot is equivalent to a halfline to the other robot whose starting point
is the position of the goalie. Therefore, the position of each robot can be obtained
as an intersection of the arc and the halfline. Here, instead of calculating the
position of the robots directly, the length between the position of the base robot
and the ith intersection SLi is calculated. Furthermore, the length of the segment
between the base robot and robot i is computed on the basis of the length
of a segment. Let such computed length be SLR

i . Under this preparation, the

ratio

∑n

i=1

SLi

SLR
i

n corresponds to the scale ratio between the relative and absolute
configurations. Using this scale ratio, the size of the absolute configuration is
determined.
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Fig. 5. How to estimate absolute configuration between robots

6 Experimental results

6.1 Simulation

In this paper, a computer simulation is performed according to the context of
robotic soccer task.
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All procedures for estimating positions and orientations of multiple robots is
carried out on the SGI O2 MIPS R5000 180 Mhz. In simulation, an allowable
error ∆E = 7◦.

Table1 shows performance of our method in the case that all robots can ob-
serve all of other robots in the environment. In this table, Robots CTriangles CRe-
sultant triangles1 CResultant triangles2, Real triangles and Computational time
shows the number of robots, the number of possible triangles, the number of pos-
sible triangles after Step 3, the number of possible triangles after Step 4, and
the number of estimated triangles after Step 5, the actual number of triangles
and the processing time for reconstructing absolute configuration, respectively.
The computational time is faster than Kato et. al’s method [3].

Table 1. Performance of our method (without obstacles)

Robots Triangles Resultant Resultant Real Computa-
triangles 1 triangles 2 triangles tional time

4 7 5 4 4C3 = 4 0.65ms

5 105 15 10 5C3 = 10 10ms

6 955 47 20 6C3 = 20 94ms

7 5660 134 35 7C3 = 35 1012ms

8 23515 220 56 8C3 = 56 3266ms

Fig.6 shows a simulation result for reconstructing absolute configuration
between four robots. Fig.6(a) and (b) shows the input ODIs of four robots
(A,B,C and D)and the reconstructed absolute configuration between them, re-
spectively. In this experiment, the average error of positions and orientations
is (∆̄X, ∆̄Y , ∆̄θ) = (2.68(mm), 4.22(mm), 1.27(◦)), where (∆̄X, ∆̄Y ) and ∆̄θ
shows the average error of estimated positions and orientation with respect to
four robots.

(a)Input images (b)Estimated absolute
configuration

Fig. 6. Experimental result for the environment without obstacles

Fig.7(a) and (b) shows the actual and the reconstructed absolute configura-
tion between four robots in the environment with an obstacle, respectively. The
computational time is 0.65ms. In this experiment, the average error of positions
and orientations is (∆̄X, ∆̄Y , ∆̄θ) = (2.72(mm), 4.42(mm), 1.38(◦)). As shown
in Fig.7, our method correctly reconstructs triangles even if there is an obstacle.
If there is an obstacle between two robots, our method correctly disappear the
sight line between the two robots.
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(a)Actual absolute (b)Estimated absolute
configuration configuration

Fig. 7. Experimental result for the environment with an obstacle

6.2 Results for real robots

Fig. 8 shows examples of real ODIs and segmented images based on a simple
color-based segmentation algorithm. Currently, to reduce the computational cost
of image processing, the size of captured image is 120 × 90 pixels. As shown in
Fig. 8, our color segmentation algorithm succeeds in extracting a red ball, blue
and yellow goals, green field (ground), and purple markers on the teammates.
As a result of this image processing, each robot gets input information to our
algorithm such as the result of self-localization and the azimuth directions to the
other robots. Fig. 9 shows an experimental environment and actual configura-
tion between 4 real mobile robots. Fig. 10 shows the actual and the estimated
absolute configuration between four robots in the real environment, respectively.
Actual and estimated configuration corresponds to a set of triangles whose ver-
tices are connected by dotted and solid lines, respectively. The computational
time is 0.65ms. As shown in Fig. 10, our method correctly reconstructs triangles
in real environment without obstacles.

7 Discussion

This paper proposed a new method for estimating spatial configuration between
multiple robots in the environment using omnidirectional vision sensors. Even
if there was an obstacle in the environment where the multiple robots were lo-
cated, our method could estimate absolute configuration between robots in the
environment with high accuracy. In this paper, in order to enhance functions of
autonomous decentralized system, our method gives a self-localization capability
to a single robot among multiple robots, in addition to capability of estimating
a relative configuration from the sharing observation. Due to self-localization
capability, our method can use one more constraint which is called ”enumera-
tion constraint.” This constraint drastically eliminates impossible triangles and
makes our algorithm fast and robust. Finally, the self-localization capability en-
ables our method to reconstruct absolute configuration between multiple robots
in the environment. The result of simulation shows that our method performs
well even under noisy and ill-formed conditions of observation.

In this paper, we just verified that our method works in the environment
with one obstacle. If there are plural obstacles, some robots frequently can’t
observe other robots. In such situation, it might be unable to reconstruct the
relative configuration between robots. Even if there is no obstacle in the field,
ill-formed conditions happen due to the limitation of the image processing where
the marker of the other robot is occluded by the other marker. So, we should
clarify the limit of our method in the environment with plural obstacles and
ill-formed conditions of observation.
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Now, we are going to perform real robot experiment of reconstructing ab-
solute configuration between real robots in the environment with obstacles. We
will show the results of such experiments. As future work, we will investigate
a method for estimating the positions of obstacles based on the reconstructed
absolute configuration.

Fig. 8. Examples of proccessed ODIs

Fig.9. Experimental environment
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