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Abstract. This paper introduces a method for multi-robot localization
which can be applied to more than two robots without identifying each of
them individually. The Monte Carlo localization for the single robot case
is extended using negative landmark information and shared belief state
in addition to perception. A robot perceives a teammate and broadcasts
its observation without identifying the teammate, and whenever a robot
receives an observation, the observation is processed only if the robot
decides that the observation concerns itself. The experiments are based
on scenarios where it is impossible for a single robot to localize precisely
and the shared information is ambiguous. We demonstrate successful
robot identification and localization results in different scenarios.

1 Introduction

Map based localization is an important and challenging problem for autonomous
mobile robots. A precise solution to this problem is essential especially in the
robot soccer domain and very difficult to obtain due to partial observability and
high sensory noise.

In the robot soccer domain, the map is landmark based and position estima-
tion can be classified as kidnapped robot problem, where the robot can initially
be anywhere on the map and can be kidnapped at any time. Particle filter based
Monte Carlo Localization (MCL) [10] methods are the most popular ones in
dealing with this particular problem.

In the RoboCup Standard Platform League, the solution of the localization
problem continuously gets harder with the decreasing number of unique land-
marks on the soccer field, and it becomes impossible to estimate the robot’s
position using visual information on some parts of the soccer field. In [3], a
solution to this problem is proposed. The perception model is improved with
negative landmark information, where the unseen landmarks lead to a decrease
in the importance of a particle if the detection of those landmarks is expected
according to the pose of that particle.

Beyond the single-robot case, collaborative multi-robot localization seems
promising for improving the accuracy of pose estimation. In the collaborative
multi-agent case, the robots act in the same environment and can share infor-
mation among themselves. Fox et al. [2] demonstrated a probabilistic collabora-
tive multi-robot localization approach that outperforms single robot localization
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methods. They modified both Markov and Monte Carlo localization algorithms
for the multi-robot case successfully. It was also shown that collaboration makes
it possible for a team of robots to get localized in cases where a single robot
localization is impossible. Köse et al. [5] extended the Reverse Monte Carlo Al-
gorithm [6] for the multi robot case, where a mobile robot is tracked and super-
vised by two other robots and can get localized using the shared information. In
[7], another multi-robot localization method based on Extended Kalman Filter
(EKF) is proposed. The agents share and merge their belief states that are rep-
resented in terms of relative bearing, relative distance, and relative orientation
with Gaussian uncertainty.

While improving pose estimation, multi-robot localization introduces new
challenges. One of the challenges is the uncertainty representation and merg-
ing of belief states. Another difficulty arises when the robots cannot identify
each other. In the robot soccer domain, a sophisticated visual robot perception
can give good position and orientation estimates for a teammate, but it is prac-
tically impossible to identify the teammate by visual perception since there is
no distinguishing mark except a small player number on the robot’s jersey. This
identification is important since the information coming from a teammate robot
can only be used if a data association method exists that relates the information
with the robot itself. In the previous studies, these problem were assumed to be
solved.

In this paper, we introduce a collaborative distributed method which does
not rely on a priori information about robot identification. In our approach, the
information about a robot’s position is processed by the relevant robot, only if
the information is decided to be of relevance to that robot after a probabilistic
decision making process based on MCL particles.

The rest of this paper is organized as follows. The proposed approach is elab-
orated in Section 2. Section 3 explains the experiments and discusses the results
on different scenarios. Section 4, summarizes and concludes the paper, discussing
the advantages and shortcomings of the proposed method and points out some
possible future work.

2 Proposed Approach

2.1 Single Robot Case

Our approach is based on Monte Carlo localization for a single robot. We addi-
tionally employed the method of using negative information which is described
in [3,4]. This method is necessary especially for the cases where a robot can
see either no landmark or just a single landmark. In such cases, without using
negative information, a robot’s belief on its position will be distributed over the
entire field; however, using negative information can give a rough estimate on
the robot’s position.

The Monte Carlo algorithm is based on Particle Filtering. The belief state
for state xt at time t is bel(xt) and represented as a set of particles S where
St = {xi

t : i = 1...N} and N is the number of particles. We represent perceptions
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Fig. 1. MCL Algorithm

(observations) at time t as ot and control inputs as ut. Initially all the particles
are randomly generated. The outline of the MCL algorithm can be seen in Fig. 1.

In our case, the state of the robot is xt = [xt, yt, θt], and the control input is
the odometry signal as ut = [∆xt, ∆yt, ∆θt]. In the motionUpdate step (line 2 in
Fig. 1), the translated value of a particle is calculated as ˆxi

t+1 = [xt + ∆xt, yt +
∆yt, θt + ∆θt].

In the third step of MCL algorithm (in Fig. 1), wi
t is the importance of the

particle and calculated as the likelihood of a particle given the observations.
In our landmark based environment, observation ot at time t is a set of polar
coordinates for landmarks in the environment with the origin being the robot
itself. We denote ot = {[pi

t, θ
i
t] : i = 1...M} where M is the number of landmarks.

To calculate likelihood (similarity) of a particle, we used the method described
in [3]. The method, unlike the traditional ones, calculates the likelihood using
both positive and negative evidence on the landmarks. For a particle, wi

t =
∏M

j=1 sm(kj
t , p

j
t , θ

j
t ) where kj

t is a boolean variable that takes 1 if the landmark
j at time t is known or 0 otherwise, and the similarity function sm is defined as

sm(kj
t , p

j
t , θ

j
t ) =

⎧
⎪⎪⎨

⎪⎪⎩

gl(θj
t − θj

exp,t) if kj
t = 1 and j is a goal

gl(pj
t − pj

exp,t) ∗ gl(θj
t − θj

exp,t) if kj
t = 1 and j is a beacon

gl(π − abs(pj
exp,t)) if kj

t = 0 and j is in FOV
1 otherwise

(1)
The gl function stands for Gaussian likelihood function with mean 0. The goals

are the bearing only landmarks and beacons are distance and bearing landmarks.
With the similarity function in Eq. 1, the accuracy of the likelihood function for
unseen landmarks is increased. When a landmark is expected straight ahead for
a particle but was not seen, it ends up getting assigned the minimum likelihood
value. The actual horizontal field of view (FOV) of the robots is 22.5 degrees
to both sides, but we provide a short landmark history for perceptions, which
is described in Section 2.2. Consequently, we took the FOV of the robot as
115 degrees wide to both sizes, which is the maximum value when the robot is
panning its head. We did not state any probability model if the landmark is not
expected to be seen and indeed is not seen. In the resampling step, we copied the
particles with small distortions using the roulette-wheel [8] method and inject
some random particles to the environment in each step.
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2.2 Perception Filtering

In the soccer environment, the instant landmark perceptions are very noisy and
the FOV of the robot is limited. To increase the accuracy of perception and
provide a short history for the localization module, we track the landmarks with
Kalman Filters.

To model the problem for Kalman Filtering, the state to estimate is oj
t =

[pj
t , θ

j
t ] for landmark j at time t, and the measurement vector has the same

form as the state. The control input is calculated from the odometry readings
as [sqrt(x′2 + y′2) − pi

t, atan(y′/x′) − ∆θ − θi
t] where x′ = pi

t ∗ cos(θi
t) − ∆θ and

y′ = pi
t ∗ sin(θi

t) − ∆θ. With these vectors, our state transition, control input,
and measurement correction steps are all linear, and corresponding matrices for
the Kalman Model are all identity matrices.

To use a Kalman Model for landmarks, we have to assume both measurement
and transition noises to be Gaussian. The noise parameters are tuned manually
with real world data, taken from sample runs.

2.3 Multi-agent Case

In the robot soccer environment, the robots can only estimate the orientation of
a teammate reliably. Estimating the distance of a teammate is not trivial and not
accurate. Our approach is basically as follows. When a robot perceives another
robot, it broadcasts a message containing a ray in the global coordinate system
and the belief uncertainty. The rays are formed with particles with the highest
importance weights. The starting point of a ray is the position of the particle
and the direction is the orientation of the observed teammate. In the particle
filter approach, uncertainty is represented with particles. If we form the ray set
with only the best particle, it would cause a loss of uncertainty knowledge. On
the other hand, forming the ray set with the entire particle set would be imprac-
tical due to communication overheads. We decided to form the ray set with K
particles, and K is selected empirically. In our experiments, while N is 100, K is
chosen to be 20. Formally, the belief state representation of a teammate k at time
t is Rt

k = [xi, yi, θi] : i = 1...K, where each particle represents the start point and
direction of a ray. In Fig. 2, a sample particle set and formed ray set is given.

The data association problem in our case corresponds to associating the mes-
sage to a robot other than the sender. When the other robots receive the message,
they calculate ownership likelihood for the message and broadcast it. This nego-
tiation process requires a second communication operation. The calculation of
ownership likelihood for a particle set p(Sn|R) is given in as

p(Sn|R) =
N∏

i=1

K∏

j=1

gl

(

atan

(
yparticle,i − yray,j

xparticle,i − xray,j

)

− θray,j

)

(2)

In Eq. 2, Sn represents the particle set of robot n and R represent a ray set
generated by an observer robot. In the implementation, the product operation
causes the value to converge to zero, so the values are normalized after calcula-
tion. In Fig. 2, likelihoods for three different particles are given.
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(a) Particle Set (b) Ray Set

Fig. 2. A sample belief representation for a teammate observation. A robot stands at
(0,0), faces the blue goal and observes a teammate on its right. (a) The particle set
of the robot. (b) Generated ray set for the observed teammate. The likelihood of blue
points for ray set are 0.923425 for (a), 0.142321 for (b) and 6.79625 × 10−5 for (c).

Fig. 3. Multi-Agent MCL Algorithm

When the teammates receive likelihoods of other teammates for a message
from observer, the robot with the maximum likelihood value assumes ownership
of the message and incorporates it to the MCL update step. The updated MCL
Update algorithm is given in Fig. 3. The main change in the algorithm from the
single case is that if a message is owned, importance of each particle is multiplied
with likelihoods with rays in the message.
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3 Experiments and Results

Our experiments were conducted with Sony Aibo ERS7 robots on a regular
Robocup 4-legged soccer field, which has four color coded landmarks: two goals
and one beacon on each side. The robots use their relative distances and ori-
entations to the beacons and the orientations to the goals for the belief update
in MCL.

(a) Experiment
Setup

(b) Ray Set

(c) Particles of
Robot 2

(d) Particles of
Robot 3

Fig. 4. Data association demonstration. (a) Experiment setup. (b) Robot1 observes
Robot2 and generates ray set. (c) Particle set of Robot2. Best estimate is near center
of field. (d) Particle set of Robot3. Best estimation is near blue goal. The owner of
message is Robot2.
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3.1 Experiment 1

In the first experiment, we demonstrate a data association scenario. As we noted
in the previous section, the ownership likelihoods for an incoming message are
not calculated with only the best position estimate but also with the whole
particle set. The benefit of using all of the particle set can be seen in the scenario
where the robots have different particle sets but the best position estimations are
very close. The experimental setup is given in Fig. 4-a. Robot3 cannot observe
any landmark so the particles are spread across the corners (Fig. 4-d). On the
other hand, Robot2 have converged to the actual position with some variance
(Fig. 4-c). When Robot1 observes Robot2 and generates a ray set (Fig. 4-b), the
best position estimations of the Robot1 and Robot2 are both on the ray set. This
would be an ambiguity, however by calculating ownership likelihoods using all
the particle set, Robot2 owns the message.

Fig. 5. Experiment 2 Setup: Robot1 can perceive the goal, two beacons and the other
two robots. Robot2 and Robot3 can only perceive the goal.

(a) Robot 1 (b) Robot 2 (c) Robot 3

Fig. 6. MCL particles when there is no collaboration. (a)Robot1 localizes confidently.
(b) and (c) Robot2 and Robot3 have high uncertainties about their positions.
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3.2 Experiment 2

In the second experiment, we placed three robots on the field, as shown in
Fig. 5. Robot1 can perceive three landmarks: two beacons and the goal, as well
as the other two robots. On the other hand, Robot2 and Robot3 can only per-
ceive the goal. Fig. 6 shows the distribution of MCL particles when there is no
collaboration among the robots. Robot1 localizes itself precisely with the help of
landmarks it perceives. On the other hand the particles of Robot2 and Robot3

(a) Robot 1 (b) Robot 2 (c) Robot 3

Fig. 7. MCL particles when there is collaboration. (a)Robot1 localizes confidently. (b)
and (c) Robot2 and Robot3 improve their localizations by using the information that
comes from the Robot1.

(a) Without collaboration (b) With collaboration

Fig. 8. Distance errors of Robot2. (a) Robot does not get any team message. The
variance is high. (b) The robot gets team message after time step 10. Note that the
variance of particles decreases.



A Collaborative Multi-robot Localization Method 197

(a) Experiment
setup

(b) Particles of
Robot2

(c) Particles of
Robot2

Fig. 9. Experiment 3 (a) The experiment setup. Robot1 and Robot3 are stationary,
Robot2 goes to ball. (b) Particles of Robot2 when there is no collaboration. (c) Particles
of Robot2 when there is collaboration.

(a) Without collaboration (b) With collaboration

Fig. 10. Distance errors of Robot2. (a) Robot does not get any team message. The
variance is high. (b) The robot gets team message after time step 10. Note that the
variance of particles decreases.

are distributed on a large area, showing high uncertainty about their positions,
since only a single landmark is perceived. When the robots collaborate as shown
in Fig. 7, the uncertainties of Robot2 and Robot3 decrease and their particles
converge along the rays that are sent from Robot1.
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The distance errors of Robot2 are shown in Fig. 8. The multi-agent collabo-
ration decreased the variance dramatically. On the other hand, the bias did not
decrease significantly, which shows the effect of bearing-only robot perceptions.

3.3 Experiment 3

Our third experiment was conducted in the Webots [1] simulation environment.
In this experiment, as shown in Fig. 9 we placed two stationary robots, and
allowed the other robot go to ball. Initially, Robot1 and Robot3 perceive all the
landmarks by panning their heads, and Robot2 can only perceives a goal. The sce-
nario of this experiment is more complicated, since Robot1 and Robot3 perceive
not only Robot2, but also each other. Furthermore, since Robot2 is perceived by
two robots, its belief uncertainty is reduced by two independent robots messages.
In this scenario, when the communication is disabled, the stationary robots lo-
calize perfectly, but Robot2 has high uncertainty about its position (Fig. 9-b),
since it only perceives a single landmark. When the robots start to communi-
cate, all team messages are correctly shared, and the uncertainty of Robot2 is
decreased (Fig. 9-c). The distance errors and the variances are given in Fig. 10.

4 Conclusion

Multi-Agent collaboration is an interesting and challenging topic in robotics.
In robotic soccer, collaboration is the key to team play and success. In this
work, we focused on the localization problem of a team of robots. Multi-robot
localization in the soccer field brings several sub-problems depending on the
underlying method. In the soccer domain, the common problems of methods
that deal with multi-robot localization are the robot identification problem, and
noisy and incomplete perceptions.

In this work, we focused on the robot identification problem and have come
up with a robust multi-robot collaboration mechanism. Previous works had sim-
ilar contributions to this problem, but most of them did not aim for improving
the teammates’ localization performance and mostly focused on building world
models. A few studies which aimed for improving the localization performance
had some unrealistic assumptions. Our data association method is not a novel
approach; it is simply maximum likelihood, but we made it robust by repre-
senting the uncertainty with the shared information. With our experiments, we
showed that the robots can decrease the pose estimation variance and estimate
the pose more accurately.

The limited field of view in Aibo robots was another problem in the observa-
tion models with negative information. We have overcome this with the egocentric
world model module and also provided short history for the localization module.
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