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Abstract: Robot mapping and exploration is basic to many robotic applications such as search and
rescue operations in disaster scenarios, warehouse management, service robotics, patrolling and
autonomous driving. With recent advances in robot navigation and sensor compactness, single robot
systems can accurately model the environment and perform complex autonomous navigation tasks.
On the other hand, multi-robot systems can speed up mapping and exploration tasks in emergency
situations, such as rescue missions, by making use of distributed sensors, thereby increasing the
range of exploration tasks to an extent that is not possible with a single robot. Each robot explores
and maps different areas of the same environment that are finally merged and connected to make
a global map. To build a map of an unknown environment, each robot must perform SLAM, or
Simultaneous Localization and Mapping. A big challenge with a multi-robot SLAM system is the
transfer of shared map information between multiple robots. There is a possibility of transferring
individual measurement errors to the global map, resulting in excess computation and memory
required to store such maps. To overcome this problem, we propose to use topological feature map
representation that can store information into nodes and edges and does not have any large memory
requirements. We present a combined metric-topological mapping approach to multi-robot SLAM.
This method maintains a topological pose graph with sensor information stored in nodes and edges
that can be optimized globally with reduced information sharing. By combining local metric and
topological maps built by individual robots, the reduced graph structure can be merged and extended
to map large areas effectively. To robustly merge local maps into global one, we used visual features
from each robot that are matched in a distributed system. The graph node-edge structure is used
for path planning and navigation. At the same time information sharing between robots results in
optimized task distribution between multi-robots.
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1. Introduction

Simultaneous Localization and Mapping, or SLAM, is an essential skill for a robot to navigate in
unknown environments. The SLAM problem is the backbone for the modern autonomous driving
industry and is used for many applications including warehouse robotics, search and rescue and
infrastructure maintenance. Single robot SLAM has been extensively studied over the last 20 years
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and many solutions to the problem have been proposed. Many of these techniques formulate the
SLAM problem with probabilistic filters such as the Kalman filter or information filters where the
robot poses and features are stored in a large state vector which is continuously updated as the robot
explores the area and new landmarks are added to the vector [1,2]. The landmarks can be represented
as simple points such as corners, or as defined features such as lines, planes and in the case of cameras
as keypoint features that are extracted from the camera images. The complexity of the SLAM problem
increases with the type of environment (static and dynamic), and kind of features that are used to
determine the environment [3–5]. For mapping in indoor environments, a common method is to
represent the environment as metric maps, particularly occupied grid maps, where the obstacles and
navigable spaces are represented in the grid as occupied or unoccupied cells. SLAM with occupancy
grid maps has been presented as fastSLAM, which uses a Rao-blackwellized particle filter [6]. Other
methods include representing the environment as features, e.g., lines, planes or point features [7–9].
Recently graph based approaches to solving the problem are gaining popularity amongst SLAM
researchers [10]. In graph SLAM, the robot’s poses are presented as nodes and edges and the problem
is divided into front and back end. While the local SLAM and map corrections are done at the front
end, the global optimization is performed as a graph optimization problem at the back end. A brief
overview of recent advances in SLAM is presented in [11].

In case of multi-robot systems, the SLAM problem can be regarded as a distributed problem,
where each robot performs its own SLAM and their individual maps are finally merged using some
method to combine all the features [12–14]. The problem is challenging because constraints and errors
arising from individual robots will result in a corrupted map and failed localization [15]. Secondly, the
computational power required to handle such a complex process of combining maps and correcting
pose errors from individual robots into a global map is very high [16]. Communication between the
robots is also challenging and algorithms need to be designed such that messages can be transferred
seamlessly between the robots [17,18].

Topological maps are another way to represent the environment and have been used by many
researchers in the past [19,20]. Topological maps are the simplest of maps where the map information
is stored in simple nodes connected by edges. The representation is similar to that of a graph where
nodes and edges are used to represent the robot poses and their relations. Another advantage of using
topological maps is that the nodes can be used to represent more information about the environment
such as semantic features and objects that can be stored into the nodes. Moreover, the memory required
to store such topological nodes is very small as compared to metric or graph maps [21].

In this work, we tried to combine the two kinds of information from the map (metric and
topological) and used it to solve the multi-robot SLAM problem. Our method uses a reduced graph
node structure where the map information is transferred between the robots, resulting in faster map
convergence and more consistent maps. We present our results in a simulation environment with
two robots equipped with range sensor and camera. Features from the camera are used for semantic
representation of the environment, further enhancing the confidence in merging maps.

2. Single Robot Graph Measurement

Each robot in our multi-robot system runs its own pose-graph based approach. The problem
reduces to calculating the robot’s position along its trajectory x = (x1, x2, · · · , xn). Each of the poses is
represented as a graph connected by edges which represents the constraints between the two poses [22].
Each of the nodes also stores sensor information such as lidar scans. An edge between two poses
share odometric measurements coming from wheel encoders. These measurements are represented as
Gaussian variable and each of the measurements between the node xi and xj by its mean zij, (i, j) ∈ N
and information matrix Ψ. The estimated error can be represented as:

eij(xi, xj) = zij − ẑij (1)
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Here, zij is the sensor measurement, and ẑij = h(xi, xj) gives the expected measurement between
the two nodes (pose and orientation). The goal of the graph SLAM then becomes a maximum likelihood
function whose goal is to minimize the node configuration in the graph given as [23]:

x∗ = arg minG(x) (2)

G(x) = ∑
(ij∈N)

eT
ijΨijeij (3)

This is a non-linear problem that is solved using a standard optimization algorithm, such as the
Levenberg–Marquardt algorithm or the Gauss–Newton method [23].

A problem with directly transferring the node and edges or the graph to other robots in the
multi-robot system poses a lot of challenges, as stated earlier. Firstly, errors in an individual graph
can be translated as it is to other robots and a mismatch may result in a large deflection (error) in the
combined graph. Secondly, transferring all the nodes will result in a large graph that requires more
computation to optimize at backend, and in general would distort the graph. To solve this problem we
propose to use the graph nodes with topological format (information).

Topological Formulation

The topological map is represented as a graph tuple G = {N , E} made of nodes, (N =

n1, n2, · · · , np) and edges (E = e1, e2, · · · , ep) [19,21]. An additional change is that every node stored
in amathcalN stores more information about the type of edges and sensor information such as image
and image matching features and surroundings (room, corridor, etc.) classified by region geometry.
Every node in the topological node is unique and is assigned only once per node. A node can be
associated to different areas in the map for semantic representation. Other available information can
be added to the node depending on the region and its properties including objects. The drawback,
however, is an increase in the computation cost to store all nodes.

3. Multi-Robot SLAM

Once all the robots have built their own topological graph SLAM, information can be shared across
different robots. To reduce the burden of sharing all node information, a reduced graph approach is
proposed that can fasten the search and merging process. Only nodes that share similar properties
from the semantic information including robust matching of features such as SIFT or SURF are shared
among the encountered robots. Consider a situation as shown in Figure 1. Two robots A and B
explore different areas of the same map and run their own SLAM algorithm. When robot A comes
within the communication range of robot B, the information sharing is triggered by ping messages
between the two. Nodes are shared based on scan matching parameters of range sensor data. Image
matching between robot A and robot B is performed to check if the robot has seen the place before.
The topological information in nodes, and semantic information (e.g., whether the area is a corridor,
or a particular room) that is previously stored in the nodes are matched and confirmed. After enough
confidence is built across the two robots, they start to accept the nodes into their own graph and update
the overall graph through optimization where the transformation between the two robot (A and B)
poses are determined. Only nodes in the area of search are shared among the robots, thereby reducing
the number of nodes that are shared. This is done through our semantic topological node matching.
When the confidence level reaches the theshhold value that is set by the user, other nodes can be
shared to validate the missing information from the map. Optimization at this time takes place in both
the robots, such that each robot has the updated information about the environment. Our proposed
method allows the robots to share the information in real-time in wifi networks since the size of shared
information is within the limit of real-time performance. Each robot can use the shared graph for
robust localization using the merged pose graph and range sensor scan matching [8].
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Figure 1. Multi-robot Simultaneous Localization and Mapping (SLAM) process. Robots A and B
send the node information for sharing, shown in green. Their respective topological nodes are shown
as circles.

4. Results

To test the proposed idea, preliminary experiments were performed using two robots in a
simulated environment. The simulation environment consists of many room-like environments
connected by long corridors that resemble office areas. The environment was constructed using the
Gazebo simulator. All computations were performed on a single laptop PC with core i7 processor and
16 GB of RAM. The Robot Operating System (ROS) was used for programming and data collection. The
robots were equipped with range sensors and camera sensors, and wheel odometries from respective
robots were used to measure odometry.

Figure 2. Multi-robot experiment. Robot A’s nodes are presented in yellow and Robot B’s in blue.
The green nodes are the common or shared nodes between the two robots and the merged map is
presented as a grid map.

Each robot ran its own topological graph SLAM and the communication was set up to mimic a wifi
environment where the robots can share information once they are within each other’s communication
range. Robot A’s trajectory and topological graph nodes are shown in yellow and B’s are shown
in blue in Figure 2. Each robot started exploration at the opposite end of the map and run its own
mapping algorithm. The grid map representation of the environment is shown in Figure 2. Robot B
was programmed to enter into Robot A’s area at some point and the node sharing process was initiated.
The transformation was checked by matching image features and range sensor scan matching and,
based on this data, transformation between the two nodes was calculated and merged as common
nodes (shown in green). The final merged grid (metric) map is shown in the background as a complete
map. As can be seen from the Figure 2, the map is correctly merged and can be used for multi-robot
task coordination and task sharing [24]. The merging process takes instantly and all the information is
shared across different agents in the team. This allows the robots to share common resources, have
information about obstacles and closed areas in the map and ability to plan faster and optimum routes
when planning.
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5. Conclusions

This paper presents a method of multi-robot SLAM and exploration using a reduced graph and
topological information. Our proposed method matches and merges nodes coming from individual
robots into a reduced graph and outputs a merged optimized graph and map. The process only
considers nodes in the vicinity of the robot and therefore is computationally efficient. Results were
shown in the simulation environment and the results confirm the effectiveness of the proposed
framework. The results shown in this work are only in simulated environment with two or three
robots. From the preliminary tests, the algorithm works fine for small to medium size environment,
however more tests in complex and real environment is required to check the efficiency of our proposed
method. In the future, we will test the proposed idea in a real environment with actual robots.
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