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Abstract: In recent years, the rapid advancement of robotics and autonomous systems has
revolutionized various fields, including search and rescue operations, environmental monitoring,
and industrial automation. One crucial challenge in these applications is the exploration
and mapping of unknown environments using multiple robots. Multi-robot exploration holds
immense potential for efficient and thorough coverage of vast and complex areas, enabling
enhanced situational awareness and improved decision-making capabilities. The objective of this
work was to propose a solution to the map merging of multi-robot systems when in rendezvous
via inter-robot communications. The robot measurements are in the form of pose estimation
of fiducial markers and refinement by Iterative Closest Point. Experiments to validate the
methodology were conducted with results of successful merging of octree-based maps generated
by two robots.

Keywords: multi-robot systems, map merging, ArUco marker, OctoMap

1. INTRODUCTION

The advent of multi-robot systems has revolutionized
various fields, including exploration, mapping, and au-
tonomous navigation. In scenarios where human interven-
tion is limited or risky, multi-robot systems provide a
versatile solution for efficient data collection, collaborative
mapping, and exploration of unknown environments. In
the context of exploration of unknown environments, many
problems can become very challenging, such as incomplete
or unreliable sensor data, limited communication, and
potential hazards. Multi-robot systems offer advantages
over single-robot counterparts by enabling simultaneous
exploration of different areas, sharing information, and
collaborative decision-making (Chang et al., 2021; Junior
et al., 2021).

Simultaneous Localization and Mapping (SLAM) tech-
niques play a pivotal role in enabling robots to au-
tonomously navigate and construct accurate maps of un-
known environments. SLAM algorithms allow robots to
simultaneously estimate their own poses (i.e., localization)
and construct a consistent map of the environment. By
leveraging sensor data such as lidar, cameras, or depth
sensors, SLAM enables robots to explore and map their
surroundings, even in the absence of prior knowledge
(Filho and Júnior, 2022).

Map merging plays a crucial role in multi-robot systems as
it facilitates the integration of maps generated by different
robots into a consistent representation of the environment.
It involves aligning and fusing multiple partial maps while
maintaining global consistency. Map merging allows robots
to combine their knowledge and observations, resulting in
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a more comprehensive and accurate representation of the
environment (Jang et al., 2021).

2. PROBLEM STATEMENT

The main objective of this work is to address the problem
of merging three-dimensional (3D) maps in multi-robot
systems, with emphasis on utilizing RGBD cameras as
the primary sensor. To achieve successful map merging,
coordinate frame transformations must be applied to bring
the maps into a common global frame (Birk and Carpin,
2006). The work of Andersone (2010) classify the task of
map merging in one of the following scenarios:

(1) The relative information of the robots are know at
all times during the task. This case is the most
simple regarding the computation of the map merging
process, transformations between local frames can
be computed in a very straightforward manner via
geometric relations between the robots position.

(2) The relative information of the robots are know
during the mapping process. It is assumed the robots
will eventually meet and determine their relative
positions, falling into the computations of the first
case. The strategy the robots need to meet to merge
maps is known as the rendezvous case.

(3) The relative information of the robots is unknown. In
this case, the robots cannot determine their relative
positions during mapping, which leads to different
methods of determining the transformation between
local reference frames.

The first scenario is unrealistic in most SLAM-related
autonomy, since the robots are estimating their positions
in their respective maps. In recent works, the third scenario
concerns the fact that robots cannot communicate with
each other or are unable to measure each other. Related
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Figure 1. Transformations in 3D space between two robots.

work for this subject, such as Drwi ↪ega (2021); Zhang et al.
(2022); Birk and Carpin (2006), investigated the use of
matching overlapped regions detected in both maps to
compute the transformation according to an evaluation
metric.

The rendezvous case was the strategy chosen in this work,
as the robots meet in certain conditions, their sensors
must perform inter-robot measurements to determine the
relative position between them and therefore, enabling
the computation of the frame transformation. In Fig. 1
shows the case for a rendezvous of two robots. The trans-
formations are denoted as T , to compute the complete
transformation T12 and choosing robot1 frame as the global
frame, the robots must observe each other and generate a
transformation Tr, the process is summarized as shown in
(1).

T12 = T1TrT
−1
2 (1)

All the individual transformations are in matrix form
representing rigid 3D motion. The robots transformations
are obtained by their individual estimates, to compute
the middle component, measurements that produce range
and bearing information can be used to define the relative
transformation Tr. Using this approach, an computation
of T12 can be performed directly from Tr or indirectly by
using an estimate of Tr to refine the complete transforma-
tion.

3. SOLUTION PROPOSAL

3.1 Fiducial markers

The proposed solution for the problem consist in the use
of fiducial markers installed in visible places on the robot
body, to make possible the detection by others using RGB
cameras. Among the many types of markers, ArUco tags
are vastly used for their performance on pose estimation
and robustness to occlusions (Garrido-Jurado et al., 2014;
Kalaitzakis et al., 2021; Zhou et al., 2021). ArUco are
squared-shaped tags capable of encoding data up to 1000
different values, in this context, each value can represent
an ID for a different robot. Figure 3 shows an example of
an ArUco marker.

Figure 2. Example of Aruco marker.

To perform the inter-robot measurement, each robot
equipped with a camera initiates with an image process-
ing algorithm designed to detect markers, which is then
succeeded by an image-to-model matching procedure to
identify the detected markers. Finally, a Perspective-n-
Point (PnP) solver is employed to leverage the established
2D-3D point correspondences for accurate pose estimation
Szeliski (2022). PnP solvers aim to compute the trans-
formation Tw from a world point in space to a pixel in
image coordinates, the problem is modeled as in 2. Points
expressed in the world frame [Xw, Yw, Zw] are projected
into the image plane [u, v] using the perspective projection
model Π and the camera intrinsic parameters matrix K.

[
u
v
1

]
= KΠTw

Xw

Yw

Zw

1

 (2)

Using this procedure, an estimate of the transformation
Tr is computed. The accuracy of this estimate depends
on many factors, such as camera calibration or the size of
marker to pixel resolution ratio.

3.2 OctoMap

The 3D map representation proposed in the solution, is an
octree-based occupancy grid known as OctoMap (Hornung
et al., 2013). This representation is compared to full voxel
grid representations, but without the memory overhead
and query inefficiency. The octree is a hierarchical data
structure that discretizes space into cubic voxels. These
voxels are subsequently divided into eight sub-volumes re-
cursively until the desired resolution is achieved. OctoMap
is an octree in which each spatial subdivision (node) carries
the occupancy probability of its corresponding volume
(Jessup et al., 2014a).

A log-odds representation on the probability P (n) of a
node’s occupancy, L(n) is used, where:

L(n) = log

[
P (n)

1− P (n)

]
. (3)

Equation 3 enables the update of a node’s occupancy by
adding the previous occupancy with the current one given
the new measurement, .

3.3 Iterative Closest Point (ICP)

The estimate of the inter-robot measurement Tr can be
inaccurate if used as a direct transformation, to prevent
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Figure 3. Different levels of resolution of the same map by
limiting the octree depth (Hornung et al., 2013).

unsuccessful merging, a technique to refine the transfor-
mation is usually needed (Zhou et al., 2021; Jessup et al.,
2014b, 2017). The method proposed to achieve a better
transformation is the ICP algorithm (Besl and McKay,
1992). This method uses an initial guess of transformation
to match two rigid entities, iteratively minimizing an error
metric.

In this work, the transfomation Tr is used as an initial
guess for the ICP algorithm applied to the OctoMap.
Jessup et al. (2014b) approach the transformation of
OctoMaps by first reducing the structure to its voxel nodes
in the form of a point cloud, where each 3D point is the
centroid of a voxel, when bringing the transformed point
cloud to the desired coordinate frame and reconstructing
the voxels, intersecting voxels are updated by the log-odds
equation as a new measurement.

The algorithm presented in Algorithm 1 shows a generic
approach to align a source to a target point cloud using
ICP as originally proposed by Besl and McKay (1992).

Algorithm 1 Iterative Closest Point (ICP) Algorithm

Require:
1: P : Point cloud from the source
2: Q : Point cloud from the target
3: T : Initial transformation matrix

Ensure:
4: T : Refined transformation matrix
5: function ICP(P,Q, T )
6: repeat
7: Find correspondences between points in P and

Q using a nearest neighbor search
8: Estimate the transformation T that aligns P to

Q
9: Transform P using T

10: until convergence criteria are met
11: return T
12: end function

The convergence criteria adopted for this work are the
following:

• the number of iterations has reached the maximum
user imposed number of iterations;

• the difference between the previous transformation
and the current estimated transformation is smaller
than an user imposed value;

• the sum of Euclidean squared errors is smaller than a
user defined threshold;

(a) Indoor environment model.

(b) Outdoor environment model.

Figure 4. Gazebo world models used in the experiments.

4. EXPERIMENTS

To validate the proposed solution, experiments were con-
ducted in a simulated environment using two quadrotors
acting as the robots equipped with front-facing RGBD
cameras and able to receive velocity commands. Localiza-
tion for the robots are assumed exact for all experiments,
generating reliable OctoMaps for each robot. The naviga-
tion was manual to ensure the desired portion of the maps
to be acquired.

The software used for simulation was the Gazebo Simula-
tor (GAZEBO, 2023) running in a centralized setup, vastly
used in conjunction with the middle-ware ROS (Robot
Operating System) (Quigley et al., 2009) also used in this
work to handle software communication. The experiments
were performed in an indoor and a outdoor scenario,
the robots were manually controlled to be as smooth as
possible using linear resultant velocity of 0.1 m/s. The
environment models loaded in Gazebo are illustrated in
Fig. 4.

At the start of the simulation, the robots take off main-
taining the same altitude of 1.5 m, stabilized by a position
PID controller, as they explore the environment. The ex-
periments are terminated when a marker is detected in the
RGB image of any of the robots, meaning that inter-robot
measurements were performed and the relative transfor-
mation Tr is estimated. The ICP algorithm is conducted
using Tr as initial guess and the maps are merged. The
robots possess a cube mounted above its center of mass,
where each face is painted with a ArUco marker, as shown
in Fig. 5.

The experiment setup was planned in a manner to be
achievable in a real world counterpart in future works,
with localization and mapping handled by a Visual SLAM
algorithm.
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Figure 5. ArUco cube mounted above the experiment
drone.

Figure 6. OctoMap for robot 1.

Figure 7. OctoMap for robot 2.

4.1 Indoor Experiment

In the indoor experiment, robot 1 mapped the central part
of the environment as well as most of one wall, while robot 2
focused on two walls not perceived by robot 1. The marker
was detected and the maps were merged. Figures 6, 7 and
8 show the OctoMap for robot 1, robot 2 and merged maps,
respectively.

4.2 Outdoor Experiment

In the outdoor experiment, both robots started at the side
of the only building in the scenario, and started navigating
around in opposite sides, such that each of them mapped
a side wall of the building. The marker was detected when
they meet at the end, the maps were then merged. Figures
9, 10 and 11 show the OctoMap for robot 1, robot 2 and
merged maps, respectively.

Figure 8. OctoMap for the merged maps in the coordinate
system of robot 1.

Figure 9. OctoMap for robot 1.

Figure 10. OctoMap for robot 2.

The process of map merging in these experiments were
successful, validating the methodology and enabling the
development of a framework that will be applied in the
investigation on real world scenarios.

5. CONCLUSION

This work proposes a solution to the 3D map merging in
a multi-robot system when in rendezvous by inter-robot
measurements using pose estimation in fiducial mark-
ers. Experiments were conducted validate the methodol-
ogy and successfully merged OctoMaps generated by two
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Figure 11. OctoMap for the merged maps in the coordinate
system of robot 1.

robots in indoor and outdoor environments. For future
works:

• validate the workflow in an real world application
when the robots are performing a Visual SLAM
technique;

• perform the merging pairwise when multiple robots
are detected at once in rendezvous;

• validate in different 3D map representations, such as
mesh, point cloud, etc;

REFERENCES

Andersone, I. (2010). The characteristics of the map
merging methods: A survey. Scientific Journal of
Riga Technical University, 41, 113–121. doi:10.2478/
v10143-010-0032-8.

Besl, P. and McKay, N.D. (1992). A method for regis-
tration of 3-d shapes. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 14(2), 239–256. doi:
10.1109/34.121791.

Birk, A. and Carpin, S. (2006). Merging occupancy grid
maps from multiple robots. Proceedings of the IEEE,
94(7), 1384–1397. doi:10.1109/JPROC.2006.876965.

Chang, Y., Tian, Y., How, J.P., and Carlone, L. (2021).
Kimera-multi: a system for distributed multi-robot
metric-semantic simultaneous localization and mapping.
In 2021 IEEE International Conference on Robotics
and Automation (ICRA), 11210–11218. doi:10.1109/
ICRA48506.2021.9561090.

Drwi ↪ega, M. (2021). 3d maps integration based on overlap-
ping regions matching. Journal of Automation Mobile
Robotics and Intelligent Systems, Vol. 15, No. 3, 70–80.

Filho, L.E.S.A. and Júnior, C.L.N. (2022). Multi-robot
autonomous exploration and map merging in unknown
environments. In 2022 IEEE International Systems
Conference (SysCon), 1–8. doi:10.1109/SysCon53536.
2022.9773929.
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