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Abstract. Cooperative localization of objects is an important challenge
in multi-robot systems. We propose a new approach to this problem
where we see each robot as an expert which shares unreliable informa-
tion about object locations. The information provided by different robots
is then combined using fuzzy logic techniques, in order to reach a consen-
sus between the robots. This contrasts with most current probabilistic
techniques, which average information from different robots in order to
obtain a tradeoff, and can thus incur well-known problems when infor-
mation is unreliable. In addition, our approach does not assume that the
robots have accurate self-localization. Instead, uncertainty in the pose of
the sensing robot is propagated to object position estimates. We present
experimental results obtained on a team of Sony AIBO robots, where we
share information about the location of the ball in the RoboCup domain.

1 Introduction

Cooperating robots can benefit in a number of ways from the exchange of infor-
mation about perceived objects. For example, a robot which does not directly
see an object can still get an estimate of its position. Also, an individual robot’s
estimate of an object position can be improved through information sharing.
This occurs when some robots have more accurate and/or more reliable po-
sition estimates for that object, which can happen due a number of things.
For example, a robot may be better localized, have a better view of the ob-
ject, or have more effective sensors. In many situations, it is even possible for
a group of robots, all having relatively poor estimates of an object’s position,
to obtain more accurate and reliable estimates through information sharing.
However this requires that the information sharing be performed in an effec-
tive way.

The problem of cooperative object localization is the problem of fusing infor-
mation from different sources in a way which produces agreement about object
positions; the agreed upon positions should also be as close as possible to the
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real object positions. However, information fusion can result in degradation of
information if it is not done carefully. For instance, if we combine a correct ob-
servation from a robot A with an incorrect observation from a robot B by simple
averaging (or even weighted averaging), the result will be worse than what A
would have established alone. This averaging problem occurs in many existing
approaches (e.g. [11], [14], [17], [18]), as is mentioned in the next section.

Another limitation of many current approaches (e.g. [6], [18]) is that they
assume that a robot has very little uncertainty about its own position. In reality,
however, this assumption is often not valid. Ignoring self-localization uncertainty
can severely restrict the applicability of these methods. For example, in the
mid-sized and four-legged leagues of RoboCup [8], robots often have poor self-
localization, due to the fact that the domain is highly dynamic, and also because
of frequent undetected collisions.

In this paper, we propose a new approach to the cooperative localization
problem, based on fuzzy logic. One distinctive point of our approach is that we
see each robot as an expert, which provides unreliable information about object
locations. We use fuzzy logic to fuse information provided by different sources
in order to reach a consensus about object positions. This contrasts with many
other methods, which yield a compromise between various data sources.

Moreover our method carefully takes into account different facets of uncer-
tainty, including unreliability in perceptual information and uncertainty in self-
localization. An important contribution of our method is that the uncertainty
in a robot’s own position is consistently propagated to its object position esti-
mates. One of the obvious advantages of doing this is that high self localization
accuracy is not required in order to get position estimates which reflect our
knowledge. Our method provides estimates which are consistent with our ob-
servations, while taking into account the uncertainty present in both perception
and in self-localization.

In the rest of this paper, we first describe some alternate approaches from the
literature; then we describe our technique and discuss how we have implemented
it on a team of Sony AIBO robots [5]; finally, we present experimental results
based on the RoboCup domain (four-legged league).

2 Related Work

There are many existing approaches to cooperative object localization. One sim-
ple approach is to use a switching strategy. For example, Roth et al [13] use such
a strategy for locating the ball in the four-legged league of RoboCup. In their
implementation each robot maintains a local world model and a shared world
model. A robot which has not seen the ball in some time selects the most probable
location estimate from those available in the shared world model. Unfortunately
it is fairly easy to select the wrong estimate, and even if the right estimate is
selected, the accuracy is no greater than that achieved by a single robot.

Several approaches fuse information from multiple sources using variations on
Kalman filtering techniques (e.g. [11], [14], [17]). Alternatively, Stroupe et al [18]
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represent observations as two-dimensional Gaussian distributions, and observa-
tions from different robots are merged by taking the average of the Gaussians.
In case of disagreement, the merged position estimate will typically be weighted
more heavily toward what the majority of robots believe. However, both these
methods fuse observations using weighted averages of some sort, and fail to pro-
vide a robust solution in the presence of false positives and outliers. Observations
which are incorrect, due to errors in perception or in self-localization, can make
the fused estimate worse than that of some of the individual robots. In general,
averaging produces a compromise between estimates. The method proposed in
this paper, by contrast, seeks a consensus between them.

These methods have been improved upon through the use of gating strate-
gies, which discard observations which are deemed invalid. Observations can be
deemed invalid if, for example, they are very different from current position es-
timates. One could also discard observations which do not correspond to what
the majority of robots believe. Marcelino et al [12] compare the method used
by Stroupe et al [18] with a fusion algorithm described in [7], which uses a gat-
ing strategy to discard observations thought to be inconsistent with previous
sensor readings. They show that the gating strategy improved performance and
robustness. However simple gating strategies are often not enough. When a tar-
get object is unobserved for a certain time, or when a target object moves very
rapidly, correct observations could be consistently disregarded since they may
no longer correspond with the current belief about the state of the world. Typi-
cally, the confidence in the current belief should eventually decrease below some
threshold, at which point valid observations would once again be accepted.

A more robust way to deal with outliers and false positives is to implement
a voting scheme, which encourages belief in observations which are consistent
with the majority opinion. Markov localization (e.g. [9]), which is widely used
for both individual and cooperative object (and self) localization, implements
such a voting scheme by maintaining a discrete, multi-modal probability distri-
bution for position estimates. In the individual robot case, it encourages belief in
positions which are consistent with previous and/or current sensor observations.
The cooperative case extends this by also encouraging belief in positions which
are consistent with information received from other robots. Markov localization
is quite robust, though in general its accuracy is less than that of other common
methods (e.g. Kalman filtering).

In [6] and [10], a hybrid method called Markov-Kalman localization (ML-
EKF) is described. This method uses a grid-based version of Markov localization
as a robust, low-resolution plausibility filter. It then uses an extended Kalman
filter to compute precise object positions based on the observations which were
deemed valid by the Markov process. This approach inherits the robustness
of Markov localization and the precision of Kalman filtering. It provides an
informed way of deciding which observations should be discarded, and yields
increased robustness with respect to more arbitrary gating strategies. However
it is still possible for false positives or outliers to affect the result, depending on
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how strict one is in tuning the plausibility filter. Moreover, this method assumes
that a robot has very little uncertainty about its own position.

The method we propose in this paper can also be seen as a sort of voting
scheme. However, there are two main differences with respect to other voting ap-
proaches. First, votes contain the full uncertainty in the agent’s self-localization;
second, this uncertainty can be multi-modal. One of the advantages of this care-
ful treatment of uncetainty is that high self-localization accuracy is not required
by our method.

A number of other methods for object localization using a single robot have
been described in the literature, such as particle filters and multiple hypothesis
tracking. However the cooperative aspects of these methods have not been thor-
oughly investigated. In [16], Schmitt et al describe an approach to cooperative
perception using multiple hypothesis tracking; but careful tuning of the pruning
parameters is required for this method to be effective.

3 Representing Location Information

3.1 Fuzzy Location Information

Location information may be affected by different types of uncertainty. Consider
a robot that needs to grasp a given object. This task requires that the position
of the object be known with a high degree of precision, as in the statement (a)
“The object is at position x = 81”. The statement (b) “The object is near the
center of the table” is vague, since it does not give a crisp position. The statement
(c) “The object is somewhere on the table” is imprecise, since it does not give
a point position. The statement (d) “The object is either at position x = 81
or at position x = 162” is ambiguous, since it gives multiple options. And the
statement (e) “The object was seen yesterday at position x = 81” is unreliable, as
the object may no longer be there. An ideal uncertainty representation formalism
should be able to represent all of these statements. Perhaps more importantly,
it should account for the differences between these statements, by representing
information at the level of detail at which it is available.

Fuzzy logic techniques are attractive in this respect [15]. We can represent
information about the location of an object by a fuzzy subset µ of the set X of all
possible positions [20, 21]. For any x ∈ X, we read the value of µ(x) as the degree
of possibility that the object is located at x given the available information. Fig. 1
shows some examples, taken in one dimension for graphical clarity. Cases (a–e),
correspond to the five items of information mentioned previously. Case (e) is
especially interesting: in order to account for unreliability, we include in the
distribution a uniform “bias” to indicate the possibility that the object could
also be located somewhere else. Total ignorance, in particular, can be represented
by the fuzzy set µ(x) = 1 for all x ∈ X; that is, all locations are possible. Finally,
case (f) shows a combination of the previous types of uncertainty.

Fuzzy positional information can be represented in a discretized format in a
position grid: a tessellation of the space in which each cell is associated with a
number in the range [0, 1], representing the degree of possibility that the object
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Fig. 1. Different types of fuzzy location information: (a) crisp, (b) vague, (c) imprecise,
(d) ambiguous, (e) unreliable, (f) mixed

is in that cell. A common choice is to use a 2-dimensional grid of square cells
with uniform size. A 3-D grid can be used if the orientation of the object is also
relevant. In the approach proposed in this paper we use 2-D fuzzy position grids
to represent our belief about the positions of objects, and a 3-D grid to represent
our belief about the robot’s own pose in the environment.

3.2 Fuzzy Information Fusion

An important component of a representation for uncertain information is how
information coming from different sources can be fused together. Fusion can be
used to combine the information provided by multiple robots, or by multiple
sensors in the same robot.

If location information is represented by fuzzy sets, fusion can be performed
by fuzzy intersection between these sets [1]. Let µ1 and µ2 be two fuzzy sets
representing the information about the position of a given object, provided by
sources 1 and 2, respectively. Then their combined information is given by the
fuzzy set µ12 = µ1 ∩ µ2 defined by

µ12(x) = µ1(x) ⊗ µ2(x), (1)

where ⊗ is a t-norm.1 Fig. 2 (a) illustrates fuzzy fusion. The result of the fusion
of µ1 and µ2 is indicated by the shadowed area.

There are two facts about fuzzy fusion that should be noticed. First, only
those locations which are regarded as possible by both sources are retained in
the result of the fusion. Intuitively, the resulting fuzzy set µ12 represents the
consensus between the two sources of information. This contrasts with standard

1 T-norms are the general operators used to perform intersection of fuzzy sets [19].
The most common examples of t-norms are minimum, product, and the BLukasiewitz
operator max(0, a + b − 1). In this work, we use the product t-norm.
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Fig. 2. Fuzzy fusion (a) computes the consensus between two sources of information.
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Fig. 3. Discounting unreliable information in fuzzy fusion. Information µ1 is unreliable,
as indicated by the high bias, and therefore only has a small impact on the result

probabilistic techniques, in which information fusion is typically performed by
some sort of weighted average, representing a tradeoff between sources. Fig. 2 (b)
shows how two pieces of information similar to the ones in Fig. 2 (a) might
be fused in a probabilistic setting, by combining Gaussians. Notice that with
fuzzy fusion the peak of the resulting distribution µ12 coincides with the peak
of µ2, since this is compatible with the peak of µ1; it lies in between those
peaks when using probabilistic fusion. As we mentioned earlier, averaging is
often not the best solution when combining location information from multi-
ple robots.

The second fact to note is that fuzzy fusion automatically discounts unreliable
information. Consider the next example shown in Fig. 3. The information repre-
sented by µ1 includes a high bias (0.8) to indicate that it is fairly unreliable, while
the information represented by µ2 only has a small bias (0.1). Correspondingly,
the result of the fusion mostly reflects µ2 and it is only marginally influenced
by µ1. In practice, this means that fuzzy fusion allows us to discard unreliable
information, provided that this unreliability is correctly represented.

We sometimes need to extract a point estimate from the location information
represented by a fuzzy set µ, e.g., to be used in other navigation modules. A
common way to do this is by computing the center of gravity (CoG) of µ:

x̂ =

∫
x∈X

xµ(x) dx
∫

x∈X
µ(x) dx

. (2)
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Fig. 4. Schema of our cooperative localization technique

4 Sharing Location Information

Fuzzy location information can be shared in order to get a common view of the
environment. The key point here is to see each robot as a source of unreliable
information. This information is represented and fused using the techniques de-
scribed in the previous section. The diagram in Fig. 4 summarizes our fusion
schema in the case of two robots. The extension to n robots is straightforward.

We use three fuzzy position grids in each robot. The “self grid” contains
the information µr about the robot’s self location. The “object grid” contains
the information µo about the global location of the target object, derived from
perceptual observations. The “fusion grid” contains the result of the fusion of lo-
cation information computed by different robots. This grid is kept separate from
the object grid in order to avoid circular dependencies. A final defuzzification
step obtains a point estimate, if needed, using formula (2). Temporal aspects
aside, the robots should end up with identical object position estimates.

4.1 From the Self Grid to the Object Grid

In order to simplify the exchange of location information, we assume that all
robots use a common global reference system Fg. Each robot r, however, acquires
perceptual data from its own point of view, and it estimates the positions of
objects in its local reference frame Fr. In order to represent this information
in the global frame Fg, we need to apply a coordinate transformation function
T g

r : Fr → Fg.
Assume that the robot has observed an object at polar coordinates (ρ, φ) with

respect to its own reference frame Fr — see Fig. 5. If we knew the robot’s pose
(xr, yr, θr) in the global frame Fg, then the computation of the global coordinates
(xo, yo) of the object would be straightforward. In our case, however, the robot’s
pose is not known with certainty, but is represented by a fuzzy set µr in Fg.
Accordingly, the object’s global position is given by a fuzzy set µo(p) defined
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Fig. 5. Transforming local (observed) coordinates into global ones in the crisp case

as follows: for any p = (x, y), the degree of possibility µo(p) that the object is
located at the global position p is given by

µo(p) = sup{µr(q, θ) | d(pq) = ρ and � (pq) = φ+θ}, (3)

where q = (x′, y′) is any 2-D position, and d(pq) and � (pq) respectively denote
the length and the orientation of the segment pq. Intuitively, this says that the
object can be at location p as long as there is some possible pose (q, θ) for the
robot such that, if observed from that pose, the location p would appear at
distance ρ and angle φ.

It should be emphasized that the above transformation preserves the full self-
localization uncertainty contained in the fuzzy set µr. In particular, if the robot
is highly uncertain about its own position, then many poses (q, θ) will have a
high value in the fuzzy set µr. Correspondingly, there will also be many possible
positions for the object, which will then have a high value in µo. In this respect,
our approach is different from most existing approaches, in which the global po-
sition of the object is computed by assuming a point estimate for the location of
the robot, and uncertainty is added after the transformation. These approaches
do not correctly propagate the uncertainty in the robot’s pose, since they do
not take into account the non-linearities in the local-to-global coordinate trans-
formation. Moreover, they cannot deal with a multi-modal distribution in the
robot’s self-localization. Our transformation (3) addresses both of these issues.

In a discretized position grid, the transformation (3) can be computed by the
following algorithm.

foreach cell p
µo(p) := 1 - reliability(observation)
foreach cell q such that dist(p, q) = ρ

µo(p) := max{µo(p), µr(q, (� (p, q) − φ))}
end

(4)

In general, the µo distribution computed through this algorithm contains a
“bias”; that is, its minimum value β is strictly positive. This indicates some



Robust Multi-robot Object Localization Using Fuzzy Logic 255
R

ob
ot

 1

Object location grid 2Self−location grid 2

Self−location grid 1 Object location grid 1

R
ob

ot
 2

Fusion grid

Fusion grid

Fig. 6. Example of fusion of information between two robots

unreliability in the position of the observed object, as discussed in section 3.1,
and illustrated in Fig. 1 (c). This unreliability can originate from two sources: (i)
unreliability in perceptual information, represented by ’reliability(observation)’
in the algorithm; and (ii) unreliability in the self-localization of the robot, rep-
resented by the bias in µr which is propagated to µo. This bias is instrumental
in discounting unreliable information in our fuzzy fusion scheme.

The behavior of our transformation is illustrated in Fig. 6. The picture shows
the individual self and object grids for two robots during information sharing, as
well as the result of the fusion. Darker cells indicate higher degrees of possibility.
The triangles represent the robot’s estimates of their own positions. The circle
in the object and fusion grids indicates the real position of the object. In this
example, the object is a ball in a soccer field in the RoboCup domain. Both
robots can see the ball.

The self-localization grid of Robot 1 shows that this robot has a fairly good
estimate of its own position. The corresponding object grid indicates a larger
uncertainty in the position of the ball. The reason for this is that the uncertainty
in the ball location is affected by the uncertainty both in the (x, y) position of
the robot and in its orientation (not shown in the self-grid for graphical clarity).
The effect of the non-linearity in the coordinate transformation (3) is clearly
visible. Robot 2 has just observed a landmark after a long time during which
no observation was made, hence the distribution µr is concentrated around a
circle at a given distance from the landmark. The low quality of the current
self-location estimate for Robot 2 is reflected in the high bias, which appears as
a uniform gray background in the grid. The corresponding object grid provides
a very rough estimate of the location of the ball.

4.2 From the Object Grids to the Fusion Grid

Fusion of information from different robots is performed by fuzzy intersection of
their distributions according to equation (1). We use a non-idempotent t-norm
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operator ⊗, like the product operator, in order to reinforce object positions which
are possible according to all robots. Recall that the bias acts as a reliability filter
in fuzzy fusion: information with high bias has a small impact on the result of the
fusion. Thus information coming from robots which have poor self-localization
or poor perceptual information (and know it) is automatically discounted. In
particular, if a robot has no current perceptual information about an object, all
the cells in the corresponding object grid will have values close to 1; these values
will not (significantly) affect the result of the fusion.

The last grids in Fig. 6 show the result of the fusion. Fuzzy intersection
has produced a distribution that reflects the agreement between the two robots
about the position of the object, and it is significantly better than the individual
distributions. The result has been mostly influenced by the information provided
by Robot 1 since this has a lower bias, reflecting higher reliability.

The above schema assumes that the full object location grids are exchanged
between robots. This may be an expensive operation in terms of time and com-
munication bandwidth. As reported below, we have used some devices in our
implementation in order to reduce complexity. With these devices, we were able
to run information sharing among four Sony AIBO robots in real time, using the
limited on-board computational resources of this platform, and using the limited
bandwidth allowed by the rules of RoboCup.

5 Experiments

We have tested our method in the RoboCup domain using a team of Sony AIBO
legged robots. This is a challenging, highly dynamic domain, characterized by:
(i) imprecise sensor information, since the main sensor available to each robot is
a color camera with limited resolution and a limited field of view; and (ii) high
localization uncertainty, since legged locomotion and poor perception make the
self-localization problem difficult.

5.1 Implementation

We have implemented the schema described in the previous section using, in
each robot, a 3-D fuzzy position grid to represent self-localization, and a 2-D
position grid to represent the ball position.2

The computation of the global ball position from observations is done ac-
cording to an optimized version of algorithm (4). We exploit the fact that for
every cell p in the ball grid we only need to look at the cells q in the self
grid at a distance ρ from p. This is equivalent to saying that we only need
to evaluate the cells in the circle with center p and radius ρ. To do so, we
use an adaptation of Bresenham’s algorithm for plotting 2D circles in a digital
grid [2].

2 The self-localization grid is actually implemented using a 2 1
2 -D grid to allow for

efficient real-time computation, as detailed in [3].
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Fig. 7. Four examples of cooperative object localization in the RoboCup domain. The
arrows show the individual position estimates produced by the two robots (est1, est2)
and the fused estimate. The four cases are described in the text

The other expensive element of our schema is the transmission of the ball
grids between robots. In order to preserve bandwidth, we convert each cell value
to one byte and treat the grid as a gray-scale image. We then compress the
grid using a simple run length encoding scheme. The ball grid is sent only
if it contains information which is newer or of better quality than the one
last sent.

5.2 Static Robots

A first set of experiments were performed to assess the quality of our fusion tech-
nique under static conditions. In these experiments, we used two robots standing
at fixed positions and we put the ball at various known locations in order to eval-
uate the accuracy of object localization. The robots were alternatively looking
at the landmarks in the field in order to self-localize, and at the ball in order to
assess its position.

Two sample cases taken from these experiments are shown in Fig. 7 (a,b).
The figure shows the fused object position grid resulting from the fusion of the
two individual object grids (not shown). The three small circles represent the
point estimates of the ball position according to each robot alone (marked ’est1’
and ’est2’) and as a result of the fusion (marked ’fused’).
Case 1 (Fig. 7 a). Both robots can see the ball, and have accurate self-localization.
Both the individual estimates and the fused estimate are very close to the real
position of the ball (see quantitative data below).
Case 2 (Fig. 7 b). Both robots can see the ball, but while robot 1 is well localized,
robot 2 is not. The result of the fusion in this case is almost identical to the
information provided by robot 1, while the information provided by robot 2 is
discounted since it is unreliable due to poor self-localization. This is similar to
the case illustrated in Fig. 6.
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5.3 Moving Robots

When robots move during a real game, self-localization may become very poor
due to several factors: legged locomotion is poorly modeled; the tilting and rolling
of the robot’s body introduces inaccuracies in perception; and the robots are busy
tracking the ball, and may note see the field landmarks very often. We performed
a second set of experiments in which we used two constantly moving robots, and
we placed the ball at various known positions. The following is a sample case
taken from these experiments.

Case 3 (Fig. 7 c). Both robots have rather poor self-localization. Because of this,
the estimates of the ball position are very inaccurate and quite different from
each other. When intersecting the corresponding fuzzy position grids, however,
we obtain a fairly accurate fused estimate of the ball position. Note that this
position does not lie between the two individual estimates, and hence could not
have been obtained by averaging (e.g. using a Kalman filter).

5.4 Blind Robot

In a last set of experiments we tested the ability of robots which do not see the
ball to use information provided by other robots. The following case illustrates
a typical situation taken from these experiments.

Case 4 (Fig. 7 d). The ball is behind robot 1, so only robot 2 can see it. In ad-
dition, the self-localization of both robots is rather poor. The fused information
is similar to that provided by robot 2 alone. While this information suffers from
poor self-localization, it is still made available to robot 1, who would otherwise
have no knowledge of the ball position.

5.5 Results

In each experiment we have measured five quantities: the error in the self-location
estimate for each robot, denoted by ∆1

self and ∆2
self ; the error in the ball position

estimate produced by each robot individually, denoted by ∆1
ball and ∆2

ball; and
the error in the ball position estimate obtained by our fusion technique, denoted
by ∆fuzzy

ball . Errors were measured by comparing the center of gravity of the fuzzy
location sets with the ground truth. The results for the above four cases are
summarized in the following table. All errors are given in mm.3

Case ∆1
self ∆2

self ∆1
ball ∆2

ball ∆fuzzy
ball

1 110 230 78 103 85
2 186 439 117 609 106
3 n/a n/a 940 502 180
4 312 566 n/a 842 862

3 When the robots are moving (case 3) a source of ground truth of the robot positions
was not available.
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These results show that the estimates obtained by our fusion approach are,
in practice, at least as good as the best individual estimate. When both robots
gave good estimates (case 1) the fused estimate was as good as these. When
one robot had a bad estimate due to localization errors (case 2), that robot’s
estimate was discounted in the fusion process, and the result was mostly in-
fluenced by the other robot’s estimate. When both robots suffered from large
localization errors (case 3), the fused estimate was at least as good as the in-
dividual estimates, and it was sometimes much better. When only one robot
could see the object (case 4) the fused estimate was similar to the one from
that robot.

The next table compares the error obtained by our fuzzy fusion technique
with the error obtained by taking a simple average or a weighted average of the
individual estimates (denoted by ∆avg

ball and ∆wavg
ball , respectively). The weights

in the latter case were given by the respective measure of reliability in self-
localization. The errors refer to Case 3, above. As it can be seen, fuzzy fusion
substantially outperformed averaging techniques in this situation.

∆1
ball ∆2

ball ∆avg
ball ∆wavg

ball ∆fuzzy
ball

940 502 339 354 180

6 Conclusions

Our technique for multi-robot cooperative object localization has a number of
advantages: it provides each robot with estimates which are, in practice, at least
as good as the best ones available to any individual robot; it can effectively
discount unreliable information; and there are no parameters to tune. The dis-
tinctive points of our approach are:

– The use of a sound technique to propagate the uncertainty in the self-
localization of each robot to the uncertainty in object locations, and

– The use of an agreement seeking (fuzzy) operator instead of an averag-
ing (e.g. probabilistic) operator to fuse the information provided by dif-
ferent robots.

We are currently using this technique in our RoboCup team [4]. Sharing
ball information greatly improves the performance of robots in this domain. All
robots can know the position of the ball if at least one member of the team sees
it. Moreover, the fact that all the robots in the team have the same information
about the ball position makes team coordination easier and more effective. The
experiments reported here show that our technique produces useful results, even
in the presence of high uncertainty. We are currently running a more systematic
experimental evaluation of our approach, which includes empirical comparisons
with other techniques.

Our future work is aimed at improving several aspects of our technique. First,
our current approach is relatively demanding in terms of computation and band-
width. Although we can run our algorithms in real time on the AIBO robots and
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using the limited bandwidth allowed by the RoboCup rules, it might be interest-
ing to devise approximations of our technique which reduce the computational
burden and/or the amount of information exchanged. Second, we would like to
extend our technique to include sharing of information about multiple objects
(e.g. opponent robots). Finally, we plan to investigate the extension of our ap-
proach to include cooperative self-localization, by merging the self-location grid
of each robot with position grids from observing robots.
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