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Abstract. In this work we consider an environment exploration and mapping task
for a group of heterogeneous mobile robots. We propose a range of methods tied
together in a hierarchical two-level control system. The distinguished features of
the proposed system are the use of subdefinite models for robot localization as
well as an original mechanism for local interaction. We present both theoretical
and experimental results. On the experimental side of the study we conduct both
simulation experiments as well as a real robotic swarm system investigation.
Keywords: collective robotics · exploration · mapping · subdefinite models ·
multi-robot systems.
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Introduction

Multi-robot systems have become a hot research topic due to the fact that many practical applications such as environment monitoring [1], technical inspection [2], search
and surveillance [3] and several others can not be solved by a single robot. Many of
these tasks can be formally expressed as various multi-robot exploration and mapping
problems [3, 4, 5], which in turn can be decomposed into localization and mapping,
path planning (obstacle avoidance) and multi-robot interaction (communication) problems.
Localization and mapping are traditionally viewed as a single coupled problem, e.g.
SLAM problem, and various techniques and methods of solving this problem are
known. Typically these methods rely on a Kalman filter [7], particle filter [8], graphs
[9], etc. One should note that the vast majority of SLAM algorithms relies on accurate
sensor measurements and meticulous odometry. This restricts the application of existing approaches to some well-defined classes of tasks and makes them unsuitable for
other classes (for example, indoor SLAM methods are not good in outdoor navigation
and vice versa). However, in general SLAM can perform well (or satisfactorily) if the
*
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SLAM pipeline is appropriately chosen in accordance with the features of specific tasks
and robots.
In this paper we describe an approach of solving the multi-robot exploration and
mapping problem which has the following distinctive features. Firstly, we rely on a
well-established SLAM methods but consider the output (a robot location and a local
map) to be not error-free (which is a realistic assumption) and we augment this output
with a topological map of the environment constructed using subdefinite models. Secondly, we rely only on the local robot interaction and use inter-robot communication to
guide the path planning. As for the environment, we consider it to be partially known
to the robots, e.g. we consider particular distinctive markers to be present (although
neither their absolute, nor relative position is known a priori).
The paper is organized as follows. In section 2 we present methods that are used to
solve the multi-robot mapping and exploration task. In section 3.1 we present the results
of the modeled experiments. Section 3.2 is devoted to the investigation of the real robot
case in indoor mapping scenarios.

2

Models and Algorithms

We consider the control system of each mobile robot involved in group exploration
and mapping task to be decomposed into two hierarchical levels: strategic (high) and
tactical (low). Navigation modules of the strategic level perform fuzzy localization of
the robot using predefined markers and characteristic objects. A schematic map is constructed on this level via recognition methods based on subdefinite models calculations.
Modules residing on the tactical layer deal with obstacle avoidance, trajectory following, etc. In this work we examine only the strategic level of the system, e.g. the methods
that are used to localize a robot (by using subdefinite calculations and fuzzy spatial
models), methods of map refining, mapping methods for a single robot being part of
the group and, finally, map merging techniques and strategies.
Problem statement. We consider a group of robots, each of which has the ability to
determine its location and to mark obstacles on a map. Communication among the robots is strictly local — each one can talk only with its nearest neighbors. Therefore, the
robots are equipped with transceivers with limited range. The goal of the robot group
is to jointly construct a map of the environment.
As already mentioned, group or joint mapping tasks can be reduced to the problem
of investigation of a map fragment by a single robot and global map construction from
several such fragments obtained via communication between robots. The map fragment
exchange task requires, as a rule, existence of a stable and broad communication channel. The communication system structure, in general, doesn't limit the robots’ capability
to transmit information to all accessible neighbors [10], [11]. However, the use of a
fully connected topology is too bulky, despite its logical simplicity.
The global map construction can be reduced to the task of fragment integration,
which consists of comparison of each part, similar areas detection and overlaying fragments correctly. Without the unified coordinates’ binding it becomes a nontrivial task
of searching for common subgraphs.

In the following section we describe the navigation task solution on the strategic
level. Firstly, a mechanism that allows a robot to determine its location relying on a
given schematic environmental map is described. After determining its approximate
location, the robot should define the map more precisely. Then the movement trajectory
planning mechanism is described, and finally the problem of group mapping and navigation is discussed.
2.1

Robot Localization

The robot localization system relies on data from a video camera (for landmarkbased navigation) and from ultrasonic range sensors (for obstacle detection). Sub-definite procedures [12] are at the heart of the localization methods. These procedures are
extensively used when the variables used to model some domain can not be determined
precisely but only determined as probability interval estimates, which is our case. We
represent robot’s and markers’ locations as sub-definite variables. It is also assumed
within the approach under consideration that the interpolation functions that bind the
variables’ values with each other do exist. In addition, an iteration procedure is implemented that narrows the variables’ domains at each step. Thus we work with a computational model which consequently narrows the area of indeterminacy of investigated
variables’ values, e.g. the robot’s and markers’ locations.
We use a well-known spatial model — a regular grid composed of square cells of
identical size that represents the map. This representation is convenient and frequently
used in such type of tasks, for example in [13]. As long as the localization system is
based on landmarks (Fig. 1a), another approach is frequently encountered: along with
registering cells on a map, objects and relations between them are also registered, for
example [14] and [15]. We use two-component color markers and marine signs of definite shapes as the landmarks (Fig. 1b). A recognition system was developed that is
capable of estimating such attributes of the objects as color, form, size and orientation
in space. An identification of objects was implemented that relies on a composition of
various attributes.

a)

b)

Fig. 1. a) Combined map, objects and relations, b) Used markers

To identify the robot’s location on a map we use a voting method. Suppose there
exist several functions that determine possible locations of the robot based on several
criteria: computer vision, sensor data, previous positions history, global navigation, etc.

The robot’s location in this case is identified by a distribution of candidate-cells rij on
the map.
𝑓𝑚 (𝑋𝑡) = 𝑅𝑡𝑚 ={𝑟𝑖𝑗,𝑟𝑖𝑘,…} ,

(1)

where Xt is the input data at a moment t. Let the method 1 give the distribution R1,
method 2 — the distribution R2, etc. Then the robot location is determined as follows:
𝑅𝑡 = 𝑘1 𝑅𝑡1 ⨁ 𝑘2 𝑅𝑡2 ⨁ … ⨁𝑘𝑀 𝑅𝑡𝑀 ,

(2)

where the operation  is a superposition of two distributions that in a simple case match
a value to the amount of times the cell is presented in sets Rm, km — the weighting
coefficient utilized for increasing influence of a criteria against the remainder.
𝑅𝑡 = {𝑐𝑖𝑗 𝑟𝑖𝑗 , 𝑐𝑖𝑘 𝑟𝑖𝑗 , … } ,

(3)

where cij is the amount of times the corresponding cell is encountered with their
weighting coefficients in distributions Rm. We will denote the value c in the following
as the vote of this cell, and the function fm — as a voting method. The system has three
methods of voting implemented:
1. The cells from which the current scene can be seen are determined. In other words,
for every cell the following condition is examined:
|𝑑𝑖𝑠𝑡(𝑟(𝑂𝑖 ), 𝑟0 )𝐿(𝑂𝑖 ) − 𝑑𝑖𝑠𝑡(𝑟(𝑂𝑗 ), 𝑟0 )𝐿(𝑂𝑗 )| < 𝛿, ∀ 𝑂𝑖 , 𝑂𝑗 ∈ 𝑂(𝑡) ,

(4)

where Oi is a current scene object O(t), r(Oi) is a map cell, containing an object Oi,
r0 — a verified cell, dist(r1, r2) — the distance between the r1 and r2 cells, 𝛿 — an
established error, L(O1) — the О1 object's height on the image. The cells fitting this
condition receive a voice.
2. An approximate distance from the robot to an object is determined based on the information about the approximate sizes of objects for every object. All cells positioned at this distance also receive a voice.
3. We assume that the robot can not change its position rapidly between two sequential
observations. Thus, the cell, in which the robot was located in the previous moment
of time, as well as neighboring cells, receives a voice in every step of the algorithm.
Consequently, we consider that the robot is located in the cell with the maximum
amount of voices. A few cells could satisfy this criterion, so we choose only one using
a mean value or using additional qualifying criteria. Let us describe the mechanism of
voting in terms of subdefinite models (further SD-models). The robot position in this
case is an Н-value, i.e. some set, belonging to a whole range of definition. In this case
the SD-expansion is the cells the map was divided into, and the range of definition
accordingly is the whole set of map cells.
𝑑11
𝐷𝑁𝑀 = { …
𝑑𝑁1

…
…
…

𝑑1𝑀
… }
𝑑𝑁𝑀

(5)

Let us use an SD-variable, determining a possible robot location as a cells set.
𝑋 = {𝑑𝑖𝑗 … 𝑑𝑘𝑝 }

(6)

The main idea of using SD-models is gradually decreasing the field of indeterminacy. The transformation of sets is performed using SD-operations.
𝑓𝑖 ∶ 𝑋1 → 𝑋2

(7)

In case of the represented system, the SD-operations are voting methods, transferring
all definition range to SD-values. Consequently, possessing a set of voting methods fi
and sequentially applying them to the initial set, we get a set of possible locations Xi
for every method.
𝑓𝑖 ∶ 𝐷 → 𝑋𝑖

(8)

After that a superposition operator is applied, which leaves only the cells with the
maximum amount of votes.
𝐹: 𝑋1 … 𝑋𝑖 → 𝑋𝐹

(9)

The set represents possible robot locations. In the following, the averaging operation
can be applied and one location among all others can be selected.
𝑓 ̅ ∶ 𝑋𝐹 → 𝑥
2.2

(10)

Map Refinement

A map refinement procedure is triggered at each step of the navigation algorithm to
update a partially known map in accordance with the new sensor measurements, e.g.
measurements produced by the ultrasonic rangefinders. Each map cell is characterized
by its weight w, which initially equals to zero and increases in case an obstacle is detected in that cell (so the cell is considered untraversable for the robot, see Fig. 2).

Fig. 2. Marking untraversable cells on a grid representation of the map.

As the location of the robot is subject to errors, the same is true for the obstacles. To
handle this problem the following approach is adopted.

1. A degradation function FD is introduced. This function decreases the weight of the
cells over time in case these weights are below some predefined threshold. It means
that cells with high probabilities of being blocked, e.g. the cells that are consequently
reported as untraversable by the navigation system, will not lose their weight. At the
same time, obstacles that were put on the grid map by mistake will tend to disappear.
In the simplest case, a linear function can be used for cells weight degradation:
𝐹𝐷 (𝑤) = 𝑤 − 𝑘𝐷

(11)

Here kD is the degradation coefficient.
In case the current weight value is lower than the initial value (zero) the degradation
procedure is not performed for this cell.
2. All possible untraversable cells (taking into account the robot’s localization error)
are marked so, but the weight for each cell is calculated by the following formula:
𝑤𝑡 = 𝑤𝑡−1 +

𝑘0
𝑁2

,

(12)

where N is the number of possible robot’s locations. Values of the coefficients k0
and kD are set in accordance with the following inequalities:
𝑘0 >

𝑘𝐷

𝑘0 <

𝑘𝐷

𝑁2
𝑁2

, 𝑓𝑜𝑟 𝑙𝑎𝑟𝑔𝑒 𝑁 ,

(13)

, 𝑓𝑜𝑟 𝑠𝑚𝑎𝑙𝑙 𝑁 .

Thus, map refinement functions by receiving measurements of the rangefinders and
a robot location on a grid map as the input and producing a marked grid as the output.
2.3

Individual Mapping and Map Merging

As written above, grids are used as environment models for each member of the
group of mobile robots. Path planning for each robot is based on the following approach. Consider a grid area sized N×M:
F = (s1, s2, …, sNxM) ,

(14)

Each element of the working area (grid cell) si is assigned the value of a potential I
which defines the attractiveness of that map area for a robot. Negative values are considered to be attractive for the robot, while positive — distractive. Movement direction
in this case is defined as the direction of the whole field:
𝐸 = − ∑𝑁×𝑀
ℎ𝑖 ,
𝑖

(15)

Here hi is the derivative of the potential i which in the simplest case can be calculated
in the following way:
|ℎ𝑖 | =

𝜑𝑖
𝑟𝑖,𝑟𝑜𝑏𝑜𝑡 𝑘

,

(16)

where ri, robot is the distance between the robot and the considered (i-th) cell.
Unexplored regions of the working area are considered to be of high attractiveness
for a robot initially and while it explores them they lose their attractiveness. During the
exploration the robot always moves towards the area with the minimum sum of potentials. A merging procedure is triggered after all individual exploration tasks are finished. To merge maps, all robots must form a topology which we call a static swarm
[16] and then start communicating with each other and exchanging maps and routes.
To increase efficiency of the group exploration and mapping task we also suggest using
local interaction.
Robots interaction. If the robots are planning their paths to stay far from each other,
unnecessary duplication of mapping effort (two or more robots mapping the same area)
can be avoided. Thus, it can be beneficial to generate an “avoid me” signal so that the
other robot that receives the signal knows that the area he is moving to has already been
explored. At the same time, when the configuration of obstacles is not trivial, it can be
beneficial to perform multiple examinations of such working area by different robots
to obtain a consistent map model. In such cases, a communication command “approach
me” should be utilized.
In accordance with the path planning strategy presented above “avoid me” and “approach me” signals can be implemented as changing the potential values of the corresponding grid cells, e.g. grid cell that are occupied by the robots generating the signals.
For a robot’s “avoid me” signal, the value of the cell’s potential is increased (repulsing
other robots) and vice versa. It should be emphasized, that these changes of the potential
field are registered by each robot on its local map, depending on the cell that the signal
was registered in by the robot. On the other hand, interaction between robots is implemented using explicit communication: robots broadcast messages to all their neighbours.

3

Experimental Evaluation

3.1

Model Experiments

Both in simulation and in real robot experiments the map was divided into a 30 by
50 grid of cells. Grids used in the experiments had 5% to 30% filling rate, meaning that
5% – 30% of the cells were untraversable (occupied by the obstacles). Each experiment
involved 16 robots. For each task, two communication profiles were used: with local
communication while mapping and without such communication. As one can see from
the Table 1, using the suggested local communication method significantly (an order
of magnitude) increases the time efficiency of the mapping routine.

Table 1. Mapping time comparison

5%

Blockage percentage
10%
15%
20%
25%

30%

Average
mapping
time (steps)

With
communication
Without
communication

29,58

30,28

31,48

32,47

33,75

35,46

326,63

334,07

343,65

353,79

364,47

376,02

A step of simulation corresponds to the time a robot moves from a cell to an adjacent
cell. One can note that the mapping time increases with the increase of the number of
obstacles. It happens because a robot’s path becomes more complicated when a larger
number of obstacles is present. It could probably be possible to decrease the overall
computation cost by using more advanced path planning techniques.
We would also like to note that, due to localization errors, the mapping method without local communication tends to detect more obstacles than actually exist. For example, for maps with 30% blocked cells, the number of detected obstacles is one third
times as much again than it should be. Using local communication while mapping positively influences this problem. In this case the number of detected obstacles almost
equals the actual number.
3.2

Field Experiments

Field experiments were carried out using a DrRobot X80 Pro platform [17]. This
robot is a two-wheeled mobile platform with a differential drive equipped with ultrasonic and infrared (IR) rangefinders as well as a Wi-Fi camera (Fig. 3a).
The control system was implemented within the ROS framework: ROS Indigo [18]
on a GNU/Linux Kubuntu 14.04 personal computer (installed on each robot). Control
of a robot is based on automata techniques. All commands — both low-level (movement forward, backward etc.) and high-level (exploration, mapping etc.) are modeled
as Mealy machines. CV system based on the OpenCV library is used for marker-based
robot localization while ultrasonic range-finders data is used to detect obstacles and
construct a local map. The global map is updated each time local maps are shared by
the group.
The local communication was implemented on IR connection based on RC5 protocol. The aim of the local communication is the identification of the nearest robots that
are considered neighbours and their relative position. Four transmitters and receivers
are located on a robot facing different directions at a 90° angle. The robot transmitted
its own unique ID number in four directions simultaneously through a standard RC5
command using four IR diodes.
Experiments were carried out on a polygon (Fig. 3) sized 10x20 meters with four
robots involved. A virtual model of the polygon was created beforehand using Gazebo
simulation software [19] in the ROS framework.

a)

b)

c)

Fig. 3. a) DrRobot X80Pro Platform used in the experiments, b) Fragment of the polygon used
in experiments, c) Virtual model in Gazebo

Twelve markers were placed in different locations on a polygon. Each marker is a
cylinder with a marine navigation sign (unique for each marker) painted on the surface.
The highest precision of localization was achieved when different markers were detected in a single image of the CV video stream. However due to the polygon large size,
such situations occurred rarely. In this case, robots behaved in the following way. First
robot performed a full rotation scanning all the markers and trying to localize itself by
narrowing the ambiguity region. If this region still remained too large, then robot started
to move in a random direction just following a trajectory created by the path planner
and relying on encoders’ measurements.
In case the markers are not unique, the localization error becomes much higher as
the ambiguity region significantly enlarges. At this point, we would like to mention that
a robot’s location is composed of two components: a grid cell (x and y coordinates) and
a heading angle (orientation). When the size of the grid cell was large (more than the
diameter of a robot footprint), most of the errors occurred in the heading angle estimation. By latter we mean that the x and y coordinates’ estimation error was much lower
than the heading estimation error. This is due to the geometrical aspects of calculations
as well as the low level of orientation discretization (8 values).

4

Summary

Conducted experiments showed the applicability of the proposed methods in exploration and mapping tasks. At the same time, the results of the simulated experiments
only partially correspond to the real world experiments. This is due to the observation
methodology of the experiments that allows giving only qualitative estimates.
Directions of the future work include but are not limited to the following. Firstly, the
environment should become more complex by adding additional obstacles and active
objects — intruders. In addition, a system of precise tracking of a robot’s location on
the polygon is needed. Existence of such a system will allow to obtain not only qualitative estimates but quantitative measurements, too.
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