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N. Ergin Özkucur and H. Levent Akın

Boğaziçi University, Department of Computer Engineering,
Artificial Intelligence Laboratory, 34342 Istanbul, Turkey

{nezih.ozkucur,akin}@boun.edu.tr

Abstract. Multi-robot map merging is an essential task for cooperative
robot navigation. In the realistic case, the robots do not know the ini-
tial positions of the others and this adds extra challenges to the problem.
Some approaches search transformation parameters using the local maps
and some approaches assume the robots will observe each other and use
robot to robot observations. This work extends a previous work which
is based on EKF-SLAM to the Fast-SLAM algorithm. The robots can
observe each other and non-unique landmarks using visual sensors and
merge maps by propagating uncertainty. Another contribution is the cal-
ibration of noise parameters with supervised data using the Evolutionary
Strategies method. The developed algorithms are tested in both simu-
lated and real robot experiments and the improvements and applicability
of the developed methods are shown with the results.

1 Introduction

One of the problems in robot navigation is the simultaneous localization and
mapping problem (SLAM). The problem addresses a robot generating a map of
an unknown environment and localizing itself in this map. The RoboCup @Home
and Rescue [1] leagues already require exploration and map building for the high
level planning tasks. On the other hand, localization in the soccer leagues like
Standard Platform and Middle Size gets harder due to decreasing number of
unique landmarks, so the problem moves towards the SLAM problem. Since the
environment is unknown, landmark observations do not include identity informa-
tion. This ambiguity adds an extra challenge and is called the data association
problem. In multi-robot systems, the cooperative map building task introduces
additional challenges. The robots should transform and merge their own maps
and resolve ambiguities. The problem attracts researchers because the solution
provides more autonomy to robots and allows them to operate in more realistic
application domains.

The single-robot SLAM problem is a more or less solved problem. In the EKF-
SLAM algorithm [2,3], the landmark positions and the robot pose (position and
orientation) form an augmented state where the belief state is represented as a
Gaussian distribution and is updated using Extended Kalman Filter (EKF) [2].
Another well-known solution method called Fast-SLAM [4,5] uses the fact that
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given the robot pose, the landmark positions are independent. The belief state
in this case is a set of particles where each particle is a robot pose and the asso-
ciated map hypothesis. In both algorithms, the uncertainty in the odometry and
the observations is assumed to have a Gaussian distribution [6]. The performance
of the methods highly depends on the parameters of the actual noise distribu-
tions, which are generally unknown. In [7], the problem is solved with the least
square approach and in [8], the optimal parameters are found with Expectation
Maximization. In this paper we propose employing Evolutionary Strategies to
search for the optimal parameter set, using the robot’s ground truth position
information.

In multi-robot systems, current solution methods can be categorized with re-
spect to their assumptions. The most simplistic assumption is that the robots
know their initial positions. In this case, the single-robot solutions can easily
be extended for the cooperative case [9]. In more realistic cases, the robots do
not know or observe the positions of others. In [10,11,12,13], the transformation
parameters are searched with different heuristics using only the local maps of
the robots. In [14,15], the idea is about localizing the robots within the maps of
the other robots and finding the transformation hypothesis. In another assump-
tion category, the robots can observe each other and are expected to meet at
some point. In this case, the problem reduces to finding suitable transformation
parameters using the robot to robot observations. In [9], the robots record their
observation history and provide it to the other robots when they meet, so that
the other robots can use the history to build the map of unexplored areas using
Fast-SLAM algorithm. In [16], similar to the previous method, the transforma-
tion parameters are found with robot to robot observations, and instead of using
observation history, current map estimations are merged.

This work is an extension of the map merging algorithm based on EKF-SLAM
in [16] to the Fast-SLAM algorithm. The map merging is performed when robots
meet using the robot to robot observations. However, uncertainty propagation
in Fast-SLAM differs from the EKF-SLAM case because each particle has its
own map estimation instead of single map estimation. In [9], this problem is
addressed differently by recording the observation history. In this paper, we
exploit the Markovian assumption of state representation and merge the most
recent map estimations.

The rest of this paper is organized as follows. In Section 2, our methodology
and assumptions are detailed. In Section 3, the experiment setups in both sim-
ulation and real world are explained and results are discussed. Finally Section 4
summarizes and concludes our work and points out some possible future work.

2 Proposed Approach

2.1 Map-Merging

For the simplicity of illustration of the methods, in the multi-robot case, we
assume that there are two robots, exploring some part of the environment and
eventually meet at some point where they can observe each other. When they
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meet, they inform each other and share knowledge to merge the map of the
other robot with their own-map. In the map-merging case, we only focus on the
instant where a robot receives the estimation of the other robot and since our
method is distributed, we will consider the situation from the point of view of
only one robot.

The message from the other robot includes:

– Mother : the map estimation of the other robot. Each entity mother ,i contains
the position pother ,i and a 2x2 covariance matrix Σother ,i of the ith landmark.

– pother : the pose of the other robot. Note that pother is the other robots pose
and pother ,i is the position of the ith landmark of other robot.

– zother ,self = {lother,self , θother ,self } is the observation of the other robot to
self robot.

In the map estimation Mother , the correlation between the landmarks are omitted
except the 2x2 covariances of landmark positions. Extracting this information
from the EKF-SLAM is trivial, however in the Fast-SLAM, we take the weighted
mean of the map estimation of particles with the importance weight.

When the robot receives the message from the other robot, it first calculates
the transformation matrix between the coordinate frames:

T =

⎡
⎣

cos(trθ) − sin(trθ) trx

sin(trθ) cos(trθ) try

0 0 1

⎤
⎦ (1)

which has the translation parameters {trx, try} and the rotation parameter trθ.
Figure 1 illustrates the geometric configuration of coordinate frames and param-
eters in the information sharing step. Calculating the transformation parameters
is an analytic geometry problem so it is skipped for simplicity. With the transfor-
mation matrix, each entity in the incoming map is transformed with the following
equations:
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Fig. 1. The configuration and parameters when robots observe each other
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Fig. 2. Diagram of multi-robot map merging algorithm with the Fast-SLAM method
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Σother ,i′ = T T Σother ,iT (3)

After transforming, the incoming map is merged into the map of each particle.
Figure 2 gives the summary of the transformation and the merging operation
in the Fast-SLAM algorithm. If N is the number of particles and M is the
number of landmarks, the complexity of the merging step is O(NM2) with a
naive implementation.

Nearest neighbor method is used to find duplicate landmarks when merging
the map of the other robot with a single particle’s map. If a landmark is a new
landmark, it simply is added to the map. If the landmark is also known by itself,
the other robot’s estimation is considered as an evidence and the resulting state
is calculated as:

Σmerged = Σself − Σself [Σself + Σother ′]−1 Σself (4)

pmerged = pself + Σself [Σself + Σother ′]−1 (pother ′ − pself ) (5)

The merging of two Gaussians is displayed in Figure 3. Note that the uncertainty
decreases in the resulting Gaussian.

2.2 Parameter Calibration of the Kalman Filter

The parameters of the Kalman Filter are the initial uncertainty, odometry read-
ing noise and the observation noise. In the SLAM application, the state vector
size is 3 + 2L where three for robot pose {px, py, pθ} and two for each landmark
mi = {pi

x, pi
y} in the map M with size L. The initial uncertainty has a covari-

ance matrix P with size (3 + 2L) × (3 + 2L). An observation is represented as
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(a) Two Gaussian (b) Merged Gaussian

Fig. 3. Merging two Gaussian

the distance and orientation zi = {li, θi} and therefore the observation noise
covariance matrix Q has size 2×2. The odometry reading is the displacement of
the robot in two dimensions and the change in the orientation u = {Δx, Δy, Δθ}
so the process noise covariance matrix R has size 3 × 3. These three covariance
matrices form a very large parameter set, however we can reduce the number of
parameters using some basic assumptions. The noise in all dimensions are as-
sumed to be independent, so the correlation values become all zero. In addition,
the noise on the x and y axes are assumed to be same. Finally, when we add the
process noise or the landmark location, the parameter set becomes:

Q =
(

ω1 0
0 ω2

)
, R =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎝

ω3 0 0 0 0 ...
0 ω3 0 0 0 ...
0 0 ω4 0 0 ...
0 0 0 ω5 0 ...
0 0 0 0 ω5 ...
. . . . . .
. . . . . .

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎠

, P =

⎛
⎜⎜⎜⎜⎜⎜⎝

ω6 0 0 0 ...
0 ω6 0 0 ...
0 0 ω7 0 ...
0 0 0 ω8 ...
. . . . .
. . . . .

⎞
⎟⎟⎟⎟⎟⎟⎠

(6)

where the vector ω = {ω1, ω2, ..., ω8} forms our actual parameter set to be es-
timated using Evolutionary Strategies [17]. A chromosome represents a possible
combination of these values. An episode is executed with the parameter set of
an individual to calculate the fitness value, which is the mean distance between
the robot pose estimation and the actual (ground truth) pose. If the error grows
very large, the episode is terminated to avoid unnecessary continuation and a
small fitness value is returned with respect to the episode. As new generations
are formed, they result with smaller errors on the robot position estimation.
Note that only the ground truth position information of the robot is used as the
supervised data.

In the Fast-SLAM method, the particles are sampled with a Gaussian distri-
bution using the odometry readings. The importance weight calculations with
the observations are also made with Gaussian likelihood function. For these rea-
sons, the parameter set we estimated can be explicitly used for the Fast-SLAM
algorithm. The only extra parameter is the number of particles which affects
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(a) Hand Tuned (b) Calibrated

Fig. 4. Path comparison of the hand tuned and calibrated parameters in a single
episode

the quality of the posterior distribution. In our method to select the number of
particles, we perform successive experiments with increasing number of particles
until performance convergences.

3 Experiments and Results

We used the Festo Robotino robot [18] as the hardware platform. It has omni-
directional locomotion ability and a webcam which provides RGB images with
dimensions 320x240 and 50 degrees field of view. We also equipped the robot
with a URG laser range finder device [19] to generate occupancy grid map and to
avoid obstacles. The laser range finder has 5 meters range and 270 degrees field
of view, however physical placement of the device allows 140 degrees of field
of view. We implemented the software with the Player/Stage framework [20],
which includes a 2D simulator and provides the ability to test our algorithms on
both simulation environment and real-world by only changing the configurations.
In the simulation environment, ground truth positions are directly accessed. In
the real world, we used an overhead camera system [21] to measure the global
position of the robots.

3.1 Parameter Calibration Results

The first experiment is designed to compare the hand-tuned and the calibrated
parameters in the simulation environment. The simulator provides perfect knowl-
edge, however we inject Gausian noise to both observations and the odometry.
The search for the optimal set is initiated from the hand tuned parameters. Fig-
ure 4 shows the result of the path and map estimations of both parameter sets.
The straight line is the exact path, the dots are the estimated path, the cross
marks are the exact location of the landmarks and the ellipses are the landmark
estimations. For the simulation scenarios, the robots followed a predefined path.
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(a) Path estimation error (b) Map estimation error

Fig. 5. Performance comparison of the hand tuned and calibrated parameters in a
single episode

(a) EKF-SLAM (b) Fast-SLAM

Fig. 6. Path and map estimation results in the simulated map-merging experiment

In Figure 5, the errors in landmark and path estimations are given. The path er-
ror plots show that the calibrated parameters bounded the odometric error more
accurately. The map estimation error is the mean error of known landmark estima-
tions. Another interesting result is that the accuracy of the map increases even if
we discard the orientation and landmark errors in the fitness function. This shows
that an accurate map estimation requires an accurate path estimation.

3.2 Simulated Experiment Results

In the first experiment of map merging, we demonstrated the applied methods
for both the EKF-SLAM approach and the Fast-SLAM approach in the simula-
tion environment. In Figure 6, the path and map estimations are given for one
robot. The squared region in the path is the meeting point where map-merging
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(a) Pose Errors (b) Map Errors

Fig. 7. Pose and map errors for EKF-SLAM and Fast-SLAM methods in the simulated
map-merging experiment

occurred. The overlined landmarks also exists in the incoming message, so they
are merged, and underlined landmarks are added from the incoming message.
Note that the added landmarks have the same biased error. This is the effect of
the errors in position estimation and the robot observations in the map-merging
step. In Figure 7, the path and map estimation errors are given. The biased error
can be observed in the map estimation error. The error increases considerably
when the landmarks with biased error are added to the map.

3.3 Real World Experiment Results

We also performed real world experiments for the map-merging algorithm using
Fast-SLAM algorithm. In Figure 8, the experiment setup for the real-world is

Fig. 8. Experiment setup of the real-world map-merging experiment
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Fig. 9. Marker observation process. From left to right: raw image, color segmented
image, and formed blobs.

(a) State of robot 1 be-
fore merging

(b) State of robot 1 after
merging

(c) State of robot 2 be-
fore merging

(d) State of robot 2 af-
ter merging

Fig. 10. Map-merging result in the real world with Fast-SLAM method

given. The robots can observe colored landmarks around the world and start
facing opposite directions. They are also marked with colored paper in order to
enable robot to robot observations.
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Landmark Detection. We used two-colored markers as landmarks. The im-
ages taken from the camera are in RGB format. To recognize the regions in the
markers, we segmented the color space into four colors using the Generalized
Regression Neural Network (GRNN) [22]. After segmenting the pixels, mark-
ers are observed as regions of interested colors. The snapshots of these steps
are given in Figure 9. The robot has monocular camera and to calculate the
distance of the marker, we exploit the known size of the markers. We simply
calibrated a non-linear function of region size which gives the distance of the
marker.

The robots detect obstacles with the laser range finder in the direction of
movement. The detected obstacles are represented as a line formed by laser
readings. The robots always turn right as parallel to the obstacle line when they
encounter an obstacle. Since they start facing opposite directions, they explore
separate portions of the area and meet in the middle. In Figure 10, the states
of both robots are given before and after the merging steps. As stated before,
we also generate occupancy grid-world, which is visualized with intensity of the
grids. The other robot can be observed on the occupancy map of the both robots.
Before merging, the robots are not aware of all the landmarks, but after merging,
they know all of the landmarks.

4 Conclusions

In this paper, we have two notable contributions to the literature. First, we
calibrated the noise parameters of EKF-SLAM algorithm using Evolutionary
Strategies. The other contribution is that we adapted the map merging method
for EKF-SLAM method from the literature to the Fast-SLAM method. The main
difficulty in this adaptation is the representation of multiple maps in the Fast-
SLAM method. To overcome this, we extracted a single map estimation from the
Fast-SLAM belief state along with the uncertainty information and merged this
map with each particle’s map. This method also allows execution of different
SLAM algorithms on different robots. The exchanged map estimation between
robots has a common format, so the estimator of the incoming map estimation
is not important for the merger algorithms.

We tested the methods on simulation using data with artificially introduced
noise for evaluation and training. The algorithms are also implemented and
tested on autonomous robots in indoor environment. We showed that the multi-
robot map-merging method can also be applied to the Fast-SLAM algorithm
without loss of uncertainty knowledge.

The major obstacle between this work and a real life scalable multi-robot
SLAM application is the assumption of unique markers in the robots. With non-
unique robot markers, correspondence problem for robot observations makes the
problem ore complicated and should be addressed.
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