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SUMMARY

The field of robotics has received significant attention in our society due to the extensive use of robotic
manipulators; however, recent advances in the research on autonomous vehicles have demonstrated
a broader range of applications, such as exploration, surveillance, and environmental monitoring.
In this sense, the problem of efficiently building a model of the environment using cooperative
mobile robots is critical. Finding routes that are either length or time-optimized is essential for real-
world applications of small autonomous robots. This paper addresses the problem of multi-robot area
coverage path planning for geophysical surveys. Such surveys have many applications in mineral
exploration, geology, archeology, and oceanography, among other fields. We propose a methodology
that segments the environment into hexagonal cells and allocates groups of robots to different clusters
of non-obstructed cells to acquire data. Cells can be covered by lawnmower, square or centroid patterns
with specific configurations to address the constraints of magneto-metric surveys. Several trials were
executed in a simulated environment, and a statistical investigation of the results is provided. We
also report the results of experiments that were performed with real Unmanned Aerial Vehicles in an
outdoor setting.
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1. Introduction

Interest in and research on Unmanned Aerial Vehicles (UAVs) have grown steadily, especially due to
the decreases in the cost, weight, size, and performance of actuators, sensors, and processors. UAVs
have a niche that covers a broad set of applications that cannot be fulfilled by other types of mobile
robots.

In robotics, autonomous mapping can be defined as the process of acquiring a model of the
environment using autonomous mobile robots.! There are still several open challenges when using
mobile agents for mapping with broad area coverage, and good algorithmic solutions are still needed.
Geophysical maps, including magnetic, gravitational and textured digital elevation maps, can be used
in different situations. Some practical applications that benefit from such maps are: (i) in geology,
robot cooperation, and area coverage enable the detection of minerals of commercial interest beneath
the ground; (ii) the military can use these maps to find unexploded ordnance (UXOs), sunken ships
and submarines at sea; (iii) in telecommunications, these maps can be used to measure the fingerprints
of wireless signals; (iv) in archeology, they are used to create maps of sub-surface buried artifacts.

Aerial mapping is one of the most versatile mapping methods. Aerial surveys can use a wide variety
of sensors, such as cameras, lasers, radio receptors, barometers, and magnetometers. Currently, most
aerial surveys are created using manned aircrafts with expensive and special equipment, making

* Corresponding author. E-mail: hector.azpurua@itv.org

https://doi.org/10.1017/50263574718000292 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574718000292

Multi-robot coverage path planning 1145

them high-cost and time-consuming tasks, as they generally must be performed over large areas.
Thus, autonomous aerial robots can provide many benefits to workers and companies. Mapping with
autonomous robots can reduce the risk to human lives and the economic costs of the task.

Here, we consider the use of teams of small autonomous aerial vehicles that can be easily replaced
if necessary and have lower costs than their manned counterparts. Multi-robot systems provide several
advantages over single-robot operations, including increases in efficiency, flexibility, and robustness.
For example, available robots can be reallocated to perform tasks previously allocated to robots that
become unresponsive or damaged. Additionally, several simultaneous robots can be configured to
survey using different resolutions, heights, and coverage patterns thereby, improving the quality of
the resulting map.

In this work, we consider the area coverage problem, which can be defined as the maximization
of the total area covered by the robot sensors.? Despite being a classical problem tackled in robotics,
there are still open challenges to overcome, especially when considering multi-robot systems and
cooperative strategies. Some of the open challenges remain open such as task allocation, complete
collaborative coverage, failure tolerance, decentralized cooperation, etc. In particular, this work
focuses on overcoming the limitations of previous works on a fast method for multi-robot coverage
that can be used on geophysical surveys. The proposed method is mainly developed to perform
magnetometric acquisitions, and to such, it supports different coverage angles, regions with different
height, obstacle avoidance and a mixture of sensors and coverage patterns.

This paper proposes an area coverage methodology using multiple aerial vehicles that minimize
survey time and is easily customized for different types of aerial surveys, vehicles, and resolutions. The
technique consists of segregating the environment into hexagonal cells, which are then grouped and
allocated to different teams of robots. A path-planning algorithm has also been developed to generate
efficient coverage routes within each cell. The principal use cases explored here include a magnetic
survey and a photometric mapping application using small autonomous quadrotors.> The approach
has been thoroughly evaluated in different simulated and real-world experiments, thus, validating the
efficiency and reliability of the technique.

The remainder of this paper is structured as follows: A discussion of related works is presented in the
next section, followed by Section 3, in which we describe the proposed methodology for cooperative
area coverage. The experiments and results are presented in Section 4, and finally, in Section 5, we
draw our conclusions and discuss paths for future investigation.

2. Related Work

Path planning is a fundamental task for autonomous mobile robots. The quality and efficiency of a
mapping task (e.g., resolution, energy consumption, and execution time) are highly dependent on
efficient area coverage. Designing efficient coverage routes is required or at least highly desirable in
many scenarios, including aerial surveys, landmine deployment or clearance, recognition of changes
in terrain, and learning tasks, among others.

2.1. Area coverage

The coverage problem is a classical problem in robotics. This problem is related to the Covering
Salesman Problem (CSP), which can be defined as a variant of the classical Traveling Salesman
Problem (TSP),* where instead of visiting each city, the salesman has to visit a neighborhood in every
city such that the total distance is minimized.> The main difference between the CSP and the coverage
problem is that in the case of area coverage, the agent must go through all of the points that belong to
the environment instead of visiting all of the neighborhoods. In the literature, different approaches to
the coverage problem have been developed, including comparisons of this problem to the Art Gallery
Problem® and the Watchman Route Problem.” Some of the best-known approaches to area coverage
in robotics are distance transforms cell decomposition, spanning trees, the use of template models,
and neural networks.’

There are a few requirements to perform a proper coverage of a region with a robot: the robot needs
to be able to reach all the points that describe the area, needs to traverse the region using optimal
and simple paths without overlaps or repeats, and should avoid any obstacles.” Additionally, there are
other constraints related to the characteristics of specific robots and environments, such as autonomy
optimization and the availability of prior knowledge about the region. Execution time and vehicle

https://doi.org/10.1017/50263574718000292 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574718000292

1146 Multi-robot coverage path planning

autonomy can be critical in defining the type of trajectory that will be generated as small unmanned
robots may have very limited autonomy.

Coverage techniques that adhere to these requirements can be mainly classified as either online
or offline. Online coverage relies on the robot sensors, and the coverage path is updated in real time
given the information acquired by those sensors. Offline coverage relies on previous knowledge of
the scene, which is used to compute a path that the robot will follow. Other coverage classification
techniques consider the type of algorithm (exact, heuristic, and probabilistic approaches), how the
environment is evaluated (cellular decomposition, topological, grid, and graph-based methods), the
extent of the coverage (complete or incomplete), and information regarding the vehicles used (one
vehicle or multiple vehicles).!%!! In robotics, complete coverage can be defined as the guarantee that
if there is a robot available, the region of interest will be completely covered in a given amount of
time.

2.2. Single-vehicle area coverage

In the literature, several coverage patterns have been evaluated, and the lawnmower pattern has been
determined to be one of the most efficient methods.!>'4 This pattern is simple to implement, as it is
composed of several parallel straight lines separated by a space. Cell decomposition can also be used
in single-vehicle coverage production to allow for the avoidance of obstacles, in some cases reducing
the coverage time by generating paths that allow the robot to maintain their maximum speed for a
longer period.

The lawnmower pattern can be used in conjunction with cellular decomposition to increase the
coverage speed using holonomic robots, such as quadrotors. In Huang et al.,'3 the area to be covered
was sub-divided into different regions, and on every decomposed cell, the coverage trajectory can
change angles to allow the robot to maintain its maximum cruise velocity for more time, thus,
minimizing time-consuming turns.

Some studies have proposed the use of genetic algorithms for planning coverage strategies in
structured environments. In Jimenez et al.,'® the authors proposed a trapezoidal decomposition of the
environment and a subsequent optimization of the paths between cells to generate the shortest path.
Jan et al.'” proposed the use of vertical cellular decomposition with a convex hull to achieve area
coverage in real time. The proposed approach uses a Minimum Spanning Tree to find the cell visit
order and uses the lawnmower pattern for achieving coverage within the cells.

Other works have adapted ground coverage solutions for aerial coverage. Xu et al.'® proposed the
use of Boustrophedon cell decomposition'® on the region of interest to generate a Euler circuit for all
the connected cells, after which a lawnmower path is used to comb the cells. The authors proposed
a wavefront planner that uses square cell decomposition with a simple breadth-first search on the
resulting graph to generate the routes.

Lin et al.?® proposed a coverage algorithm using Mixture Gaussian Models. The authors
demonstrated a method to prioritize sub-regions in which the robot has a higher probability of finding
a human. The use of a spiral pattern is proposed to visit these regions, and a difficulty map its updated
with the probabilities of finding humans given the characteristics of the terrain.

Patents that address the cooperative coverage have been issued. Meuth et al.?! proposed a technique
for cellular decomposition using different approaches, including square, hexagonal, and Voronoi cells.
The system optimizes regions for heterogeneous robots while decreasing the coverage time. This
particular approach considers changing environmental conditions and robot capabilities and updates
the map in real time to account for such changes.

2.3. Multi-robot area coverage

Cooperation is a very important factor when dealing with large areas to be covered and small robots.
Robotic cooperation can be defined as a group of robots working together to perform one or several
tasks to increase the efficiency and robustness of the tasks.

Carneiro et al.>? proposed a complete coverage technique using space-filling curves with Worm and
Hilbert patterns.”? The authors divide routes among a group of robots, and the robots communicate
and share information when they are closer to other robots than to the edge of the region. In Rekleitis
et al.,”* the region of interest is divided using the Boustrophedon algorithm, and the technique is
extended for multiple robots. The algorithm considers robots with multiple behaviors (cover and
explore) to cover a cell, while an auction selects the most appropriate robots to engage tasks.
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The use of Spanning Trees is a typical approach in cooperative coverage generation. Gabriely
et al.® proposed sub-dividing a region of interest into cells and then allocating those cells using a
Spanning Tree. Hazon et al.?® proposed the use of Multiple Spanning Trees to allocate the paths
between the robots, a method that is robust to robot failure. Agmon et al.?’ used Spanning Trees
with optimal structures and improved the coverage time. Breitenmoser et al.?® proposed the use of
decentralized Voronoi cell segmentation for non-convex environments to produce area coverage.

Some studies have implemented biologically inspired techniques to tackle the cooperation problem
in coverage, such as neural networks or pheromone communication.?%-3°

2.4. Aerial coverage

Aerial cooperative coverage has been an area of great research interest over the last few years due to
the advances in and miniaturization of components and sensors.! In this context, the work of Maza
et al.* is one of the first to propose a cooperative coverage approach using such vehicles. This study
employed a polygonal area decomposition with heuristics to assign routes among robots considering
their autonomy limitations. Next, a collection of straight lines with the maximum possible length is
generated, with the assumption that robots do not waste time on curves and remain at full speed most
of the time.

Santamaria et al.** developed a path-planning algorithm for multiple UAVs based on cell
decomposition. The allocation of the cells depends on the sensor footprint of each aircraft. Jiao
et al.** sub-divided the region of interest with a greedy algorithm that minimizes the number of turns
inside every sub-area. The authors also proposed the generation of sweep lines with the longest length
possible, after which the visit order of the cells is calculated using an undirected graph.

Avellar et al.® proposed an algorithm that does not segment the environment. Initially, a collection
of waypoints is assigned to the boundary of the region of interest, and then a graph composed of these
waypoints is created. Finally, the original problem is formulated as the Vehicle Routing Problem
(VRP).?® The main contribution of this study is the incorporation of specific features that are relevant
in a real-world deployment, such as a setup time. However, the study does not consider cases where
the number of vehicles or their autonomy is not sufficient given the size of the area to be covered.

Franco et al.’” presented a method for deriving an energy model of an aerial quadrotor to calculate
the velocity that minimizes energy consumption during flight on a custom lawnmower coverage path.
This model also introduced fail-safe mechanisms that trigger with greater accuracy compared to
traditional mechanisms based on voltage thresholds.

2.5. Summary and comparison

The methodology proposed in the present work can be classified as a complete coverage approach using
a customized cell decomposition algorithm based on regular hexagons. The hexagons are clustered
and allocated to teams of robots. Our approach optimizes the inner and outer visiting points of the
sub-areas by modeling them as a graph problem. The main differences to other similar works can be
observed in Table I.

3. Methodology
Developing specific procedures to efficiently cover regions of interest is necessary due to the
limitations of small aerial vehicles, including low levels of autonomy and small payloads. The features
of the region of interest, for example, very large regions or regions with non-flyable zones, also have
direct impacts on the routes generated. Our main focus in this work is the development of efficient
and feasible routes given the particular constraints related to aerial magnetic surveys, such as flight
altitude, coverage angle, and speed.*> We propose this method, based on hexagonal segmentation
and different coverage patterns, as an extension of the magnetic surveying approach from a previous
study® examining multi-robot and cooperative scenarios.

A high-level diagram of the methodology steps is presented in Fig. 1. Each topic is further detailed
in the following sections.

3.1. Region definition

The first step in planning area coverage is the definition of a region of interest. This region is defined
by the list of its vertexes V = {vy, v, v3, ..., v,}. A closed list of vertexes generates a polygon
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Table I. Related work comparison.

Work Method Type Cooperative Complete Aerial
20 Heuristic Online .
16 Genetic algorithm Offline o

38 Cellular decomp. Offline

15 Cellular decomp. Offline °

21 Cellular decomp. Offline o o

18 Cellular decomp. Offline o

17 Cellular decomp. Offline o

2 Cellular decomp. Offline . °

32 Cellular decomp. Offline o o

3 Cellular decomp. Offline o o

2 Space filling curves Offline . °

39 Graph based Offline o o

40 Graph based Offline o

35 Graph based Offline o

2 Spanning tree Offline o o

26 Multiple spanning tree Online o o

4 MRFC Online . . .
Ours Hexagonal cellular decomp. Offline ° °

Robot

Region Region Sub-region _) Generation
' synchronizatio

definition | “: segmentation | “: allocation of paths

Fig. 1. High-level diagram of the methodology.

Fig. 2. A list of vertexes is used to define a polygon P.

P, which can be convex or non-convex. This polygon is generally defined manually by an experienced
user depending on the type of survey required. Figure 2 illustrates the vertexes that enclose the region
of interest.

3.2. Region segmentation
We propose the use of regular hexagons for decomposing the region of interest. This approach confers
several advantages compared to the other segmentation techniques mentioned previously, especially
in tasks involving surveys with height and orientation constraints like aerial magnetometric surveys.
The region segmentation process is described in Algorithm 1. First, a hexagonal grid is generated
by finding the minimum bounding rectangle that covers the convex hull of the desired region of interest
denoted by the P polygon. Then, the bounding rectangle is rotated to be parallel to the horizontal
plane. The hexagon tessellation begins from the upper left corner of the bounding box with a spacing
equal to the diameter of the desired hexagon size (2 * r where r is the desired hexagon radius). With
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the hexagon list, the intersections of the hexagons on the grid with P are then calculated. That hexagon
sub-group (H') is used as input for the next steps of the method.

Algorithm 1 Region segmentation(r, P)
1: Peonvex < getConvexHull(P)

2: BBox < getBoundingBox(Peonvex)
3: H < generateH exagonGrid(BBox)
4: H' < getlntersections(H, P)
5
6

: C < getCentroids(H')
: return H', C,

Generating cooperative coverage using robots with limited communication range and battery
autonomy requires efficient coverage patterns that improve communication and reduce the coverage
time. Regular structures, such as regular hexagons, make it easier to determine such routes since
the route only needs to be planned once for each set of hexagons. Some assumptions are taken into
consideration as real battery consumption depends on several factors such as wind, battery state,
sensors consumption, and environment influence. We consider that the autonomy of the robot is
directly related to the paths performed at one fixed altitude and there are no external environment
influences that affect this measurement.

A hexagonal grid best suits tasks that aim to cover a region with circles;* in our case, the circles
represent the communication range of the robots. In a field of wireless networks, it has been shown that
in comparison with other structures, such as squares, the use of hexagons requires a fewer polygons to
cover the same area.** In the present work, the hexagonal shape maximizes the level of communication
between the robots inside every coverage sub-region.

Hexagons are used in the generation of geodesic grids over squares. Square cells have the
disadvantage that their diagonal neighbors have different distances to their centroids than their other
direct neighbors.* Hexagons have the advantage of having a fixed distance to the centroids of their
six neighbors. Other types of grids, such as triangular grids, have the disadvantages in the orientation
of the polygons, which can add more complexity to the calculations. If required, the resolution of
the map using hexagons can be regulated using multiple resolution techniques, such as hierarchical
grids. 40

The selection of regular hexagons as the cellular shape for sub-dividing the region of interest is
supported by the following factors:

e For the coverage, we wish plane tiling with convex regular polygons—so that the centroid distance
is the same, no empty spaces, no need for rotation, one-time calculations.

e There are only three such polygons (hexagons, squares, and triangles). Out of the three of them,
hexagon shape is the most similar to the robot’s communication range (the error between tile and
communication area is minimized for the hexagons).

Cellular segmentation can also allow some interesting surveying approaches that meet many
constraints in geophysical applications:

e Allows for the avoidance of flights over certain cells. This can be used to avoid obstacles or to
prevent flying over hazards (Fig. 3(c)).

e Allows for the easy configuration of different heights, increasing the surveying resolution if needed
in specific regions, as illustrated in Fig. 3(a). It also allows for the generation of paths that follow
the inclination of the terrain, as shown in Fig. 3(b).

e Sinceitis possible to directly estimate the battery consumption of a robot covering a hexagonal sub-
region, the size of the hexagonal cells can be defined to better accommodate the flight autonomy
of the robots.

e When conducting cooperative flights, the cells allocated to robots that become inoperative can be
reallocated to the remaining available robots, thus, guaranteeing complete coverage when at least
one additional robot is in operation.
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Fig. 3. (a) Different heights can be configured for every cell, e.g., following the descent of a hill. (b) Sub-regions
can be configured to have different angles. (c) Certain regions can be configured as no-fly zones (black cells).

. . o . ° @ o . ) .
° ° o ° ° &
. ° . ) . @ . °
(b) (c)

(d) (e) ()

Fig. 4. Clustering steps. (a) The C centroids of the hexagons in H'. (b) The C centroids are used as input for
the K-means algorithm. (c) The clustering algorithm returns k clusters. (d) The classification is used to label
the hexagons in H'. (¢) The centroids are used as visit points for a TSP solver. (f) The hexagons are labeled
according to their visiting sequence.

3.3. Sub-region allocation

To equally divide the hexagons between the k robot teams, we use the K-means*’ clustering algorithm.
This algorithm groups or labels the elements closer to the k seeds S = {sy, s2, . .., s}, updating their
positions at every iteration until the seeds are stabilized.

The proposed method uses the C centroids (Fig. 4a) as an observation group in a two-dimensional
(2D) matrix (Fig. 4b). The K-means algorithm is applied to these data 100 times, and the most
homogeneous solution is chosen (Figs. 4c and d). For each cluster, a graph is modeled as an instance
of the TSP. The solution to the TSP is the minimum Euler path that visits all points, and this is used
as input in the next step.

3.4. Generation of paths

In many different geophysical applications, the use of multiple, and possible heterogeneous robots,
allows the possibility for the execution of different coverage patterns with different sensors. Those
sensors could vary in accuracy, size, weight, and type, thus, allowing a more valuable data acquisition.
In this work, we consider the use of a team of one, two, or three robots. Multiple robots per team
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Fig. 6. Example of hexagon rotations. (a) 90°. (b) 50°. (c) 180°.

allows a better sensor fusion during the map generation phase, reducing noise, and improving the
quality of the survey.

Initially, we discuss the simpler case in which the team is composed of a single robot, after which
we consider teams of multiple robots.

3.4.1. Single-robot teams. When the T teams of robots are composed of one robot (y = 1), the
lawnmower pattern is chosen as the basic coverage pattern (Fig. 5). This pattern can completely cover
aregion and has an efficient coverage time.'?>~!432 In this work, we present a version of the lawnmower
pattern generation that represents an improvement over that in Perez-imaz et al.*®

The first step is to define the width of the parallel coverage lines (the 4 value). This value depends
on the type of the survey and must be chosen by an expert. This choice must account for aspects
such as sample velocity, flight altitude, and sensor coverage. For example, in aerial photogrammetry,
the angle of view and height dictate an acceptable value of 4. In aerial magnetometry, the size of
the expected magnetic anomaly will dictate the A value: for small anomalies, such as landmines, a
very small value of &, such as 1-2 m, will be necessary. When surveying large areas to find ferrous
minerals, larger sizes of & are recommended.*?

After selecting 4, the next step is the hexagon rotation angle calculation. For time constrained
surveys, we propose a method to automatically generate the set of angles (one angle for every hexagon)
that minimize the coverage path. This angle optimization allows the robot to reduce the time spent
when changing cells in broader regions of interest. The optimization is more relevant when the size
of the hexagons is small; this usually means that there are a significant number of cells to visit. In this
work, we consider a hexagon rotation as a rotation of the hexagon coverage path among its centroid
by a multiple of 10° (Fig. 6).

Those different angle rotation configurations are desirable depending on the survey restrictions.
For example, for magnetic surveys, following a specific North—South or East—West orientation when
surveying is recommended,*” as the influence of the magnetic field of the Earth changes depending
on the hour and the latitude/longitude of the region.

To generate the lawnmower patterns at a fixed angle the Algorithm 2 is executed. r is the hexagon
radius, o the desired rotation angle for all the hexagons, and % is the lawnmower distance between
parallel lines.

The algorithm starts by calculating the point of a regular hexagon by a given radius
(generateHexagon function). Then, this hexagon is rotated by « degrees to simplify the lawnmower
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Algorithm 2 Generate lawnmower at fixed angle(r, «, h)
1: P < generateH exagon(r)

2: P < rotate(P, o)

3 Xmax»> Xmins Ymax> Ymin <—getMaxMinBoundaries(P)
© Ydiff <= Ymax — Ymin

. segments <— Yt/ h

: points < getLinelntersections(Xuyin, h, segments)
R < {}

i< 0

: while i < |segments| do

10:  p < points;

11:  if i+ 1 < |segments| then

N-JE- IR - NEV RN

12: p < P U points;

13: i+=2

14:  else

15: i+=1

16: for je{l,...,|p|}do

17: intersect < getlntersection(P, Xpin, Xmax)
18: if |intersect| > O then

19: ipoints <— getlnternalPoints(intersect, h)
20: if (i + j)mod2 == 0 then

21: ipoints <— reverse(ipoints)

22: R <~ R U ipoints

23: R < rotate(R, —a)

24: return R

path generation. Then, the hexagon is divided into small segments of / distance, and for every segment,
the maximum upper and lower bounds that lie inside the hexagon are calculated. Every segment is
sub-divided in & smaller sections using the Bresenham algorithm. Those smaller portions help the
drone to know where to acquire the magnetic information. In our implementation, the drone must
capture sensor data every new waypoint or segment start.

As stated before, if the survey is time constrained, we can evaluate the possible rotation of every
lawnmower path inside the hexagons to determine the configuration that has the shortest path between
every pair of contiguous cells in L;. This problem was modeled as a graph G = (W, N), in which all
the possible rotation configurations of every hexagonin L; | i € {1, ..., k} represent the vertexes V,
and the edges between two vertexes (i, v) are the Euclidean distances between the exit point in «# and
the entry point in v after their respective rotations, as seen in Fig. 7. The entry and exit points are the
start and end of the lawnmower path of a hexagon. The possible rotation angles are defined in the list
® = {oy, 02, ..., 0;}, where every element o; is a different rotation angle and z is the total number of
rotation angles.

Once each hexagon is labeled with a coverage angle, Algorithm 2 is then used to acquire the
lawnmower path.

To verify whether the path can be effectively executed by the robot, the use of Algorithm 3 is
proposed. This algorithm uses the list of cells of a robot (Cell), the capacity of a robot Autonomy,
the battery consumption to visit a hexagon p, and the location home position Home as inputs. The
algorithm iteratively tests if the robot can perform a total coverage of the cell list. If at one point, the
robot cannot cover a cell completely, it returns home to change batteries. If the robot autonomy is not
sufficient to go back and return to the coverage, then that path cannot be performed. The algorithm
returns a boolean value that identifies whether the robot can complete the entire path or not and a list
of the positions where the robot needs to go back to the home position and recharge batteries. The
CalcDist function calculates the Euclidean distance between the two parameters.

3.4.2. Multi-robot teams. Some types of surveys, including aero magnetometric surveys, require
modification to comply with the limitations of small autonomous robots. This work proposes the
use of different coverage patterns with the insight that the integration of all acquired data improves
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Fig. 7. Example of angle optimization for smaller total paths. (a) A non-optimized set of angles. (b) The same
hexagon topology with the angles rotated to minimize inter-cell distance.

Algorithm 3 Route verification(Cell, Autonomy, p, Home)

1:i=0

2: j=0

3: remaining = Autonomy

4: return_points < {}

5: while i < size(Cell) do

6:  dgq < calculate the distance from home to complete cell i
7:  dhome < calculate distance from the end of cell i and home location
8: if d1 4+ d2 > remaining then

9: return False, return_points

10:  else:

11: remaining -= deey

12: j=i+1

13: while j < size(Cell) do

14: dpext = distance from end of hexagon i to complete next hexagon j
15: dhext home = distance from end of hexagon j to home
16: if remaining < dyext + dpext home then

17: return_points.append (i)

18: break

19: else:

20: remaining -= (dyext + P)

21: J++

22: i=j

23:  remaining < battery
24: return T'rue, return_points

mapping quality. This quality improvement is achieved by minimizing the noise impact through the
fusion of different readings, allowing for a differential measuring scheme that also reduces influences
from the environment, especially in tasks considering the Earth’s magnetic field. The use of several
coverage patterns helps to overcome payload and autonomy limitations since routes could adapt to
the used sensors.

When the T teams of robots have more than one robot, we propose the use of different coverage
patterns simultaneously. The coverage patterns are depicted in Fig. 8.

Two new types of patterns were added, (i) a coverage pattern following a square shape (ii) and a
fixed visit to the center of the hexagon. The visit to the centroids serves as a reference to the map
(the base value). This robot will stay at the center C of every hexagon, capturing data until the other
robots have finished their internal paths in that hexagon. The square coverage pattern is inspired by
the control lines for magnetic surveying,** over which the robot will perform a slower square path,
while another robot performs a faster lawnmower coverage pattern. In this work, we assume that a
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(a) (b) ()

Fig. 8. Coverage patterns: (a) Lawnmower, (b) Square pattern, and (c) Hexagon centroid.
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3 Get next set
of waypoints
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local waypoints local waypoints
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are waiting too point
Local waypoints
are over
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Fig. 9. Finite state machine allowing the synchronization of a team with multiple robots. The red lines are the
transitions when there are no more waypoints on the list.

route other than the default lawnmower coverage path will add more sensing points over the region
and will thus improve the map quality when interpolating the data.
Therefore, the entire set of paths can be defined depending on the team size:

e 1 robot: Only the lawnmower pattern is used.
e 2 robots: The lawnmower and square patterns are used.
e 3 robots: All the patterns are used simultaneously.

3.5. Robot synchronization

The synchronization of the start of cell coverage between robots is mandatory for aeromagnetic
surveys as small variations in the magnetic field of the Earth can introduce unexpected noise in the
measurements. Coverage in the same time window will reduce these consistency problems in the data.

We propose a finite state machine (FSM) to coordinate the simultaneous coverage of the hexagons.
The proposed FSM can be seen in Fig. 9.

This FSM is applied to every robot. Each team member shares its actual state with its teammates.
The FSM begins in the “start” state, and if the robots have been assigned visit points, they separate and
prepare to visit in the “visit point” state. If the robot has finished visiting the different points, it will
wait for its teammates to finish their visits in the “wait” state, and when all robots have finished, this
process is repeated for the next hexagon. When the robots have finished, they proceed to the “finish”
state, and the FSM ends.
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Fig. 10. Example from the simulation framework. In this example, we consider four single-robot teams, each
with predefined coverage angles (North to South).

4. Experiments

In this section, we evaluate our methodology as applied in two groups of experiments: simulated and
real experiments. The simulated experiments analyze how each of the parameters of the algorithm
affects the coverage time. The real experiments analyze the behavior of the methodology using real
quadrotors in an outdoor environment.

4.1. Simulated experiments
For the initial phase of the experiments, a simulation framework was developed to facilitate a
quantitative analysis. This framework allows for the modification of all the available parameters
in the method and the evaluation of the coverage time and behavior of the cooperative teams in real
time. The set of simulated experiments will be described in the following sub-sections.

To better visualize the experiments, we initially present an example considering four teams, each
comprising a single robot. As a constraint, the robots cover each sub-region following a North—South
path. Figure 10 shows a screenshot of the result obtained in the simulated environment."

4.1.1. Distance between parallel coverage lines. The distance between the coverage lines inside the
hexagons has a direct influence on the total traveled path length. In this experiment, / is modified,
and the time for a complete coverage is measured. This test was done using k = 1 robots and a size
of r = 25(pixel) for every hexagon, with no battery restriction (b = 00). As previously mentioned,
on a real task such value may be defined by a specialist.

As shown in Fig. 11, the coverage time is inversely proportional to the size of 4: when 4 is smaller
the coverage time increases. The increase in time when £ is lower is due to the risen number of turns
and lines.

4.1.2. Number of robots. A suitable assumption is that coverage time will decrease with the use of
multiple robots. The main objective of this experiment is to verify whether this statement remains true
regardless of the number of robots. The experiment was conducted using areas with different sizes:
one area was covered by 43 hexagons (dotted blue line), and the other was covered by 110 hexagons
(solid red line). Each team is formed by a single robot, and the lawnmower path was used with angle
optimization between the hexagons with no battery restrictions (b = 00).

A video of the execution of the simulation is available at: https://youtu.be/BMIQe4Xj IOk
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Fig. 11. Results of the experiment of the variation of / vs. coverage time.
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Fig. 12. Experiment varying the number of robot teams. The dotted blue line represents an area with 43 hexagons,
and the solid red line represents an area with 110 hexagons.

When the number of robots increases, the coverage time decreases, as shown in Fig. 12. However,
there is a clear reduction in improvement when the area to map is small or there is a large number of
robots. There is a non-linear relation between the hexagon quantity and the area covered. Since the
number of hexagons was modified by reducing and augmenting the radius of the hexagons over the

same region of interest, on the experiment with fewer hexagons, cells have a bigger size than the ones
of the test with more hexagons.
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Fig. 13. Experiment comparing the optimization of the coverage angles with random selection of angles.

4.1.3. Coverage angle optimization. The angle optimization between hexagons tries to minimize the
path length between the ending point of a hexagon and the start point of the next one by rotating the
polygons until the minimum path is found between them.

This experiment compares the reduction gain over a set of randomly selected angles when the
optimization is used. The optimization algorithm was executed 30 times for every instance of the test
and the mean value is calculated.

As shown in Fig. 13, in a mean of 30 experiments, there is a gain of 11% over the paths that do
not use optimization and use a random allocation of rotation angles. Despite the number of hexagons
was greatly modified for this test (between 5 and 100 hexagons), the gains are maintained between
9% and 15%. This could be because, with the random selection of rotation angles, the choices will
not be inefficient all the time.

4.1.4. Hexagon size and battery. The size of the hexagons and the aircraft autonomy have a direct
impact on the total coverage time when the robot needs to come back to the original point to charge
its batteries. This experiment uses the list of return points calculated with the Algorithm 3 to allow
the robot to decide when to go back to the starting point and charge batteries. This method allows the
robots to cover a larger area than when robots are limited to a single path without a battery charge.
The total coverage time for each run is compared to the robot teams, varying the battery autonomy
and the size of the hexagons.

As presented in Fig. 14, hexagons with a bigger radius will also require robots with an increased
battery autonomy. If the hexagons are too big, the robot will not be able to cover one of the hexagons
completely with a single battery charge, and thus a valid path cannot be created for the robot. The
coverage time also decreases with larger hexagons since the distances between the cells will also
decrease (having fewer hexagons decreases inter-total hexagon distances). So, it is paramount to find
an equilibrium in hexagon radius and battery autonomy to complete the coverage without wasting
resources.

Similar to the results of the previous experiment, selecting the correct parameters, such as the level
of autonomy (selection of an appropriate robot or batteries) and the size of hexagons, is fundamental
to obtaining the best performance. Furthermore, these parameters have a direct impact on the total
coverage time as well as the overall feasibility of the mission.

4.1.5. Route generation with non-flyable zones. In this experiment, we evaluate how the robots
performed with obstacles or non-flyable zones defined by the operator manually. We generated

https://doi.org/10.1017/50263574718000292 Published online by Cambridge University Press


https://doi.org/10.1017/S0263574718000292

1158 Multi-robot coverage path planning

300 ; ; ; ; ; i i
: : : : : | e -e r=10 (pixels)
* -« =15 (pixels)
s : : 5 : r=25 (pixels)
*\ & -A r=30 (pixels)
— PN : : : z ;
0200 F ‘\ ............. R Ee Fe e L
< : : : : : :
S
)
v : : : : : : :
£ 150 : ; : : SRS S e
= : : : : : :
100 ~ _~*\‘-.-_--.---"
: Tl = e = = =
+ : ~ !‘-*--g-:‘i

50 1 1 1 1 1 1 1
700 750 800 850 900 950 1000 1050 1100
Battery autonomy (autonomy is represented by virtual units)

Fig. 14. Results obtained with variations in hexagon size and robot battery autonomy. Each color represents a
different hexagon size.

different routes for one, two, and three teams of robots, with and without obstacles. The obstacles are
defined by the black cells. As seen on Fig. 15, the method generated feasible routes for the different
teams and reallocated the remaining non-occupied cells gracefully among the robots.

4.1.6. Comparative coverage time analysis. In this experiment, the coverage time is compared with
a traditional approach for cooperative robots. An algorithm proposed by Maza et al.3? was developed
(Fig. 16), where instead of using the polygon segmentation approach presented in ref. [49], we use
Voronoi cellular decomposition.

The Voronoi seeds are separated by dividing the total number of points that define the border of
the P polygon (the border of the region of interest) between the k teams when |P| > k. The (x, y) of
every point are obtained by

Di = Pypjiysi- (1)

This experiment used a region of interest of fixed size for both algorithms, varying the size and
number of hexagons only in the evaluation of the methodology by this work. The distance between
the parallel lines of the lawnmower pattern (/) is equal in both algorithms.

A comparison of the results with varying hexagon sizes are presented in Fig. 17. The results show
that the algorithm presented in Maza et al.* results in a significantly lower coverage time. This is
because the algorithm does not cover any extra area, which is a consequence of the use of hexagon
segmentation, as illustrated in Fig. 18. Additionally, robots do not need to move between sub-regions.
As mentioned previously, it is critical to determine an appropriate hexagon radius value.

A comparison of the results of the experiments with different numbers of teams (each team
comprising one robot) is presented in Fig. 19. In this experiment, the hexagon size was set to r = 30
(pixels). The coverage time decreases with an increase in the number of robots for both techniques,
with the technique developed in Maza et al.’? presenting better results. However, as can be seen, the
performance difference is minimized with a higher numbers of teams.

Although the proposed method results in higher coverage times than those resulting from the
method presented in Maza et al.,? an important advantage of the proposed method is that it supports
both convex and non-convex regions, including regions with obstacles. The technique proposed in
Maza et al.3? only supports convex regions and does not include a mechanism to avoid obstacles.

The proposed methodology also offers more flexibility since it can support different altitudes,
resolutions, and coverage angles, and makes it possible to cover more area than the autonomy of one
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Fig. 15. Route generation with non-flyable zones or obstacles. (a) and (d) Routes for one team. (b) and (e) Routes
for two teams. (¢) and (f) Routes for three teams.

3

Fig. 16. Example result for the coverage algorithm proposed in Maza et al.?

robot and one battery allows since the robots can visit the starting point to change/charge batteries
and continue with their task. The Maza et al. proposal only supports the best coverage angle that
minimizes turns, and does not propose any method to fix the angles to a specified position, also since
the area covered by that method is bigger for every robot, a detailed terrain following with the robots
can be difficult if a height is defined only by cell altitude.

4.1.7. Comparative sensing analysis. This experiment compared the reconstruction quality of
simulated magnetic anomalies between the approach presented in Maza et al.3> and the proposed
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Fig. 17. Comparison of the coverage time between the algorithm used in Maza et al.3? and the proposed method.
Both techniques cover the same region. The dark orange bars show the coverage time for one robot covering
the full area, and the light orange bars show the coverage time for the proposed method with area segmentation
varying hexagon sizes.
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(a) Small hexagons. (b) Large hexagons.

Fig. 18. Extra area covered by the hexagons in a region of the same shape and size. The wavy region is the
region of interest to be surveyed. The red region is the extra area covered by the hexagons. (a) Small hexagons.
(b) Large hexagons.

methodology. The main objective is to identify whether the use of teams of robots is beneficial in
mapping reconstructions.

An environment was created with various simulated magnetic anomalies, which are represented
by a Gaussian distribution. A matrix with the original Gaussians is used as a ground truth for the
magnetic samples, as shown in Fig. 20. In the simulation, every robot obtains small samples of that
matrix with the addition of white Gaussian Noise with a standard deviation of 0.25. If several robots
have samples of the same location, the mean of those values is calculated.

All robots have a fixed sampling frequency (a sample every 30 pixels) and a sample size of 5 x 5
pixels. The robot that performs the visit path to the centroids has a larger sample size of 15 x 15 pixels
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Fig. 20. Gaussians in a 2D plane with dimensions of 600 x 800. These Gaussians are used as ground truths for
the simulated magnetic survey.

owing to the insight that a robot moving slowly will have a greater sensing range than one traveling
at greater speeds.

The samples obtained by the robots are smoothed using a Gaussian filter with o = 3. This minimizes
the effects of holes between magnetic samples. Finally, the samples are normalized to a range of 0-255,
and a histogram of the samples is generated. These histograms are compared using the Bhattacharyya
distance measure’®3! to find the histogram that is most similar to that of the ground truth. The
algorithm returns O when the histograms are equal and a value greater than 0 when the values differ.

The comparison between the samples and the ground truth data show that the method proposed in
this work generates a more representative map in every case. The quality of the reconstruction also
increases when more robots are used, as shown in Fig. 21.

The increased quality of the reconstruction owes to the fact that with an increased quantity of robots,
more data is generated, and in the case of the proposed methodology, the extra area covered helped
acquire more samples. The quality of the reconstruction is also higher when the distance between
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Fig. 21. Difference between the reconstructed map and the ground truth using the proposed methodology with
1, 2, and 3 robots and the method presented in Maza et al.*

(a) (b) (c) (d)

Fig. 22. Results of the magnetic map reconstruction with a distance of 40 pixels between coverage lines. The
proposed method with (a) 1 robot (lawnmower pattern); (b) 2 robots (lawnmower and square })attems); and (c¢)
3 robots (lawnmower, square and centroid patterns). (d) The method proposed in Maza et al.’

coverage lines is smaller, resulting in robots traveling between closer points and producing more
overlap in the samples.

Examples of map reconstructions are presented in Fig. 22 (a distance of 40 pixels between coverage
lines) and in Fig. 23 (a distance of 5 pixels between coverage lines). A correlation between /& and
map quality can be seen in the reconstructed maps. When the proximity between the coverage lines
is increased, the reconstruction is very similar to the ground truth, but the method proposed in Maza
et al.*? exhibits less similarity.

4.2. Real experiments

We also conducted different proof-of-concept experiments to demonstrate the feasibility of the planned
paths in real-world conditions. These experiments consist of real quadrotors executing calculated paths
in an outdoor environment. A group of two Hummingbird quadrotors® was used, and the framework
was developed on top of the ROS® platform. The robots performed the mission autonomously using

@ Ascending Technologies, http://www.asctec.de/
®Robot Operating System, http://www.ros.org/
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Fig. 23. Results of the magnetic map reconstruction with a distance of 5 pixels between coverage lines. The

proposed method with (a) 1 robot (lawnmower pattern); (b) 2 robots (lawnmower and square })zatterns); and (c)

3 robots (lawnmower, square and centroids patterns). (d) The method proposed in Maza et al.

(a) Planned path. (b) Executed path.

Fig. 24. Real-world experiment 1: Cooperation between a single team of two robots. The red line denotes the
lawnmower pattern, the blue line denotes the square coverage pattern. (a) Planned path. (b) Executed path.

waypoints. Communication with the quadrotors was performed in real-time through a Xbee connection,
and a base system that controls the location of every robot via GPS coordinates was developed. The
velocity of the robots was set to 1.5 m/s.

Two types of experiments were executed:

1. Same-team cooperation: When a team has more than one robot, the proposed FSM must be used
(Fig. 9) to synchronize the paths between the robots within an hexagon.

2. Different-team cooperation: When there is more than one team, the robots must cover different
sub-regions simultaneously.

Two robots were used in the experiment with same-team cooperation, one using the lawnmower
pattern and another using the square pattern, as shown in Fig. 24b. The results of this experiment
can be seen in Fig. 24. The results are promising, showing that the FSM approach allows several
aerial robots to perform simultaneous tasks and that the use of different heights to avoid collision is
a reasonable approach.

In these experiments, collisions were avoided by defining a different height for every robot in a
team. In this case, the height difference was 1.5 m between the robots.

The planned path for the experiment with two single-robot teams is shown in Fig. 25a. The
performed path can be seen in Fig. 25b. We verified that the proposed methodology can be used
with different sub-regions with the possibility of extending the method to support more area than one
battery charge will allow.

The real-world experiments demonstrate that the influence of the environment on small aircraft
decreases the performance of the robots. Depending on the available aircraft and the controller used, it
is important to fly in conditions with less environmental disturbance. In our case, we used commercial,
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(a) Planned path. (b) Executed path.

Fig. 25. Real experiment 2: Cooperation between two different teams. Each robot has to perform a lawnmower
path inside its cluster. (a) Planned path. (b) Executed path.

off-the-shelf autopilot software without any tuning of the parameters, which is reflected in the path
following performance.

5. Conclusions and Future Work

5.1. Conclusions

In this work, we proposed a methodology for planning complete and cooperative region coverage
paths for multiple autonomous aerial robots. We approached the coverage problem using polygonal
segmentation based on regular hexagons. The internal paths and the visit order of the paths are
optimized depending on the type of survey.

Simulated experiments were executed to quantitatively evaluate the proposed method. As expected,
the coverage time decreases with the use of multiple vehicles. The size of the hexagons also has a direct
influence on the survey time. Experiments showed that larger hexagons have a fewer inter-hexagon
paths, thus, decreasing the survey time. The distance between coverage lines also has a direct impact
on the survey time: when the 4 distance is smaller, the coverage time increases due to the increased
number of turns and coverage lines.

Although the proposed methodology exhibited an increased survey time when compared to other
cooperative approaches, such as that proposed in Maza et al.,*? it offers several advantages. In
simulated sensing experiments, the proposed method generated a map more similar to the ground
truth than that produced by the method introduced in Maza et al. As this method allows for equally
separated sub-regions, cooperation between different coverage patterns and the possibility of different
angle and height configurations, it can generate higher quality data in several types of geophysical
surveys. The proposed method also allows small robots with very limited autonomy to fly and cover
larger areas by returning home and changing batteries.

In real experiments, small quadrotors with a few minutes of flight time were used to recreate the
simulated paths. It was demonstrated that the generated routes could be performed by real robots
despite their noisy sensors and the influence of the environment.

5.2. Future work
Though this work can be implemented in real robots in its current state, it can also be extended to
further decrease the coverage time and to support heterogeneous teams of robots.

Finding the best configuration or balance between the size of the hexagons and robot autonomy will
considerably decrease the survey time. As observed in Fig. 14, there is a stabilization in the coverage
time, which must be found to decrease extra coverage time. Choosing the correct parameters for the
algorithm, such as the £ distance and the hexagon radius, could also be automatized using machine
learning or optimization techniques.

Future research directions include the following: (i) the development of robust techniques to detect
robot failures and reallocate tasks between the remaining robots; (ii) updating the coverage path in
real time using active sensing techniques, (iii) the use of more precise GPS systems, such as DGPS,
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and (iv) improve the route verification algorithm including more parameters such as hovering time,
real consumption of the aircraft and weather information.
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