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Abstract In swarm robotics, decentralized control is often proposed as a
more scalable and fault-tolerant alternative to centralized control. However,
centralized behaviors are often faster and more efficient than their decentral-
ized counterparts. In any given application, the goals and constraints of the
task being solved should guide the choice to use centralized control, decen-
tralized control, or a combination of the two. Currently, the tradeoffs that
exist between centralization and decentralization have not been thoroughly
studied. In this paper, we investigate these tradeoffs for multi-robot cover-
age, and find that they are more nuanced than expected. For instance, our
findings reinforce the expectation that more decentralized control will pro-
vide better scalability, but contradict the expectation that more decentralized
control will perform better in environments with randomized obstacles. Be-
ginning with a group of fully independent ground robots executing coverage,
we add unmanned aerial vehicles as supervisors and progressively increase the
degree to which the supervisors use centralized control, in terms of access to
global information and a central coordinating entity. We compare, using the
multi-robot physics-based simulation environment ARGoS, the following four
control approaches: decentralized control, hybrid control, centralized control,
and predetermined control. In comparing the ground robots performing the
coverage task, we assess the speed and efficiency advantages of centralization—
in terms of coverage completeness and coverage uniformity—and we assess the
scalability and fault tolerance advantages of decentralization. We also assess
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the energy expenditure disadvantages of centralization due to different energy
consumption rates of ground robots and unmanned aerial vehicles, according
to the specifications of robots available off-the-shelf.

Keywords Swarm robotics · Distributed control · Hybrid control · Hier-
archical control · Multi-robot systems · Coverage control · Area coverage ·
Environment monitoring

1 Introduction

In multi-robot systems, a fundamental design decision is whether to use cen-
tralized control, decentralized control, or some combination of the two. Fully
centralized control approaches are often high performing and efficient, but
can suffer from single points of failure and poor scalability, due to limitations
such as communication bottlenecks. Fully decentralized approaches do not
have these drawbacks, due to features such as redundancy and parallelization,
but may have lower speed and efficiency. The relative advantages and disad-
vantages of centralized and decentralized control are somehow well-accepted
common knowledge, but the precise trade-offs involved when considering spe-
cific tasks have not been fully characterized. Some research has studied the
relationship between controller structure and controller performance—e.g., in
network topology (Nedić et al. 2018) or controller architectures (Jovanović and
Dhingra 2016)—but these studies do not cover the full set of issues that can
arise during robot deployment, such as fault tolerance of group performance
after arbitrary robot failures, or physical interference when robots collide.

In this paper, we take a step towards comprehensive comparison between
centralized and decentralized control in multi-robot systems, by studying the
performance of these configurations in a coverage task, i.e., when an environ-
ment must be uniformly explored. We start by using a group of ground robots
and then we compare it to the same group, but enlarged with unmanned aerial
vehicle (UAV) supervisors, with progressively increased centralization.1 In all
methods, the coverage task is completed exclusively by the ground robots. The
UAVs are strictly supervisors; they observe the environment and send motion
instructions to ground robots. To make a fair comparison between methods,
we only change the sensing and communication capabilities of the UAV su-
pervisors, not of the ground robots. In this paper we consider multi-robot
coverage that would take place in large outdoor environments (e.g., search
and rescue, environment monitoring, or precision agriculture), and setup our
simulation experiments accordingly. We use UAV supervisors to provide the
ground robots with a mobile hub for communication, control, and position
tracking. A similar approach could also be applicable to small indoor environ-
ments, using external infrastructure such as cameras and local area networks
to add varying degrees of centralization.

1 All the experiments discussed in this paper have been run in simulation using the multi-
robot physics-based simulation environment ARGoS (Pinciroli et al. 2012).
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We consider (de)centralization in terms of two key categories: control struc-
ture and access to information. The control structure includes the topology of
the communication network, the distribution of control and decision-making
roles, and the processes by which the network is formed and the control roles
are allocated. Access to information includes the availability of information
about the environment (size, shape, and locations of boundaries) and each
robot (position and orientation) and the sensing process by which the infor-
mation is obtained. We compare four example control approaches, ranging
from fully reactive and decentralized to fully predetermined and centralized,
and evaluate their performance in simulated experiments.

We define perfect coverage performance as the uniform and complete ex-
ploration of an environment, and therefore evaluate the performance of the
four control approaches using two metrics: coverage uniformity and coverage
completeness. We define a scalable system as one without a communication
bottleneck, in which communication overhead increases linearly with the num-
ber of robots at a slow rate, interference between robots does not decrease
task performance, and task performance increases linearly or better with the

Adding centralization to coverage control
with UAV supervisors

Fully Decentralized
(randomized)

Hybrid Formation
(dynamic hierarchicy)

Centralized Formation
(central broadcast)

Predetermined 
(a priori knowledge)

Speed
Short-term accuracy
Long-term accuracy
Efficiency
Unknown obstacles
Single point of failure
Communication bottleneck
Fault-tolerance
Scalability of performance
Large environments
Energy expenditure

+++- - -
+ - - - -

+ - - - - - -
-- - -

+++ ++++

+++- - +++ ++++

++-
++++++++ - - - - - -
++++++++ - - - - - -

++ ++++
++ ++ ++++++

- -

+++ ++++
+- - - + ++

Fig. 1 Summary of the key findings of this paper. Relative advantages and disad-
vantages of adding centralization to coverage control, according to our experimental and
results and analysis. Worse performance is demarcated by more minus signs (-) and better
performance is demarcated by more plus signs (+). For instance, “ - - - ” indicates very poor
performance, “ + + + ” indicates very good performance, “ + + + + ” indicates excellent
performance, and “ + ” indicates performance that is mediocre but still relatively better
than other approaches. The last two rows (large environments and energy consumption)
depend on the use of UAVs.
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number of robots. We therefore evaluate scalability in terms of bottlenecks,
inter-robot interference, communication, and the impact of scaling on coverage
performance. We define a fault-tolerant system as one without a single point of
failure, in which arbitrary robot failures do not disrupt connectivity between
the remaining robots, and do not cause task performance to decrease worse
than linearly. We therefore evaluate fault tolerance in terms of connectivity
and performance after robot failures.

We also evaluate the limitations associated with increasing centralization
by adding mobile external infrastructure in the form of UAVs. When adding
UAV supervisors, energy consumption is a key metric to assess their added
value, because UAVs and ground vehicles usually have different rates of en-
ergy consumption, and therefore different operating times and travel distances.
We compare the coverage performance of the four example control methods
under the limitations of maximum operating time and maximum distance trav-
eled (which is proportional to the amount of used energy). We also compare
them under the limitation of a maximum energy consumption budget for the
whole multi-robot system. We conduct this analysis according to the listed
specifications of a number of real ground robots and UAVs that are available
off-the-shelf and suitable for experimentation in multi-robot systems (see the
Appendix).

One would expect more centralized and predetermined control to perform
well in terms of speed, accuracy, and efficiency, and not so well in terms of
fault tolerance and scalability. For more reactive and decentralized control, one
would expect the opposite. We would therefore anticipate that well-designed
hybrid control could potentially achieve better task performance than fully re-
active and decentralized control, and better fault tolerance and scalability than
fully predetermined and centralized control. One would also expect approaches
without UAV supervisors to perform better in terms of energy consumption.
However, our experimental results and analysis indicate that the relative ad-
vantages and disadvantages of (de)centralization are much more nuanced than
the assumed simple trade-offs (see Fig. 1).

For instance, our results show that the accuracy gap between centralized
and hybrid control is quite small, suggesting that features such as a central
coordinating entity do not necessarily deliver a substantial performance boost.
Our results further suggest that the somewhat better efficiency of the prede-
termined approach is due to its a priori knowledge of the environment, rather
than its central coordinating entity. As another example, one might expect de-
centralized approaches to be better suited to cluttered environments. However,
our results indicate that more centralized approaches perform quite well with
randomized obstacles, outperforming fully decentralized control. In terms of
scalability and fault tolerance, our results show that hybrid control can have
similar advantages to fully decentralized control. Some of the existing hybrid
approaches (e.g., using a dynamically elected leader) still suffer from setbacks
such as a bottleneck when scaling. It is therefore interesting to note that in the
hybrid approach tested in this paper, communication scales linearly and no
bottlenecks occur. Finally, in terms of energy consumption, one might expect
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the energy efficiency of UAV supervisors to be the most relevant limitation.
However, our analysis indicates that the limited operating time of UAVs is
more restrictive than their energy efficiency, and inefficient ground robots pose
more of a problem than inefficient UAVs. Overall, our results contradict some
expectations and progress towards a better understanding of the trade-offs
between centralization and decentralization in multi-robot systems.

2 Related work

Ideally, when designing a multi-robot system, one would be able to guarantee
that a selected control approach is the top performer for its objectives. Tools
have been proposed in swarm robotics to assess general performance (Hamann
2013) and specific aspects of performance (e.g., (Valentini et al. 2015)), and
in self-organizing software and embedded systems to assess general perfor-
mance (Kaddoum et al. 2010; Eberhardinger et al. 2017, 2018) and the de-
gree of self-organization (Tomforde et al. 2017). Although these contributions
progress towards general metrics for decentralization, they are not applicable
to centralized multi-robot systems. Therefore, the choice to use centralized or
decentralized control is often made intuitively and most of the time is discipline
dependent (e.g., decentralized control in the swarm robotics community).

In this paper, we present for the first time a comprehensive comparison of
control structures in multi-robot systems, which includes comparison of speed,
accuracy, efficiency, scalability, fault tolerance, and energy consumption. As
mentioned above, we are not aware of any published attempt to formalize com-
prehensive and systematic metrics to assess both centralized and decentralized
control, which would enable their direct comparison.

Whether centralization or decentralization is better for a given application
will evidently depend on the scenario. Decentralization can address limitations
such as unavailability of global communication in search and rescue (Almad-
houn et al. 2019), single points of failure in object transport (Tuci et al. 2018),
and poor fault tolerance in task allocation (Khamis et al. 2015). However,
downsides to decentralization are unavoidable—for instance, in collective deci-
sion making, accurate decisions tend to have long convergence times (Valentini
et al. 2015). Recently proposed methods could enable a multi-robot system to
switch between centralized and decentralized control on demand (e.g., merge-
able nervous systems (Mathews et al. 2017; Zhu et al. 2020)), which is crucial
for the future of swarm robotics (Dorigo et al. 2020). To be useful, autonomous
reorganization would need to be based on a systematic understanding of the
relationship between task performance and control structure.

In this paper, we study the task of coverage as an example case, and com-
pare different control structures. This paper builds upon our previous work, in
which we proposed mergeable nervous systems (MNS) (Mathews et al. 2017;
Zhu et al. 2020) to be an appropriate hybrid control approach for multi-robot
coverage (Jamshidpey et al. 2020).
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2.1 Coverage control

Multi-robot coverage targets the systematic, uniform observation of an envi-
ronment. It is part of environment monitoring, and any other application in
which more uniform observation would improve performance. For instance,
in adaptive sensor networks, more efficient coverage in the exploration phase
could improve the positions chosen by mobile sensors (Luo and Sycara 2018;
Siligardi et al. 2019; Santos et al. 2019). In robot swarms and multi-robot
systems, more efficient observation of the environment could improve perfor-
mance during, e.g., task allocation (Jamshidpey and Afsharchi 2015), collec-
tive decision making (Valentini et al. 2015; Strobel et al. 2018), collective
perception (Schmickl et al. 2006), search and rescue (Baxter et al. 2007), or
foraging (Lima and Oliveira 2017). In short, developing better solutions to
coverage could improve performance in many other tasks.

2.1.1 Centralized approaches

When using a single robot, the goal of coverage control is to quickly and
efficiently collect information that comprehensively represents an environ-
ment (Galceran and Carreras 2013; Juliá et al. 2012), for instance by sweeping
the environment using boustrophedon (i.e., “back-and-forth”) motion (Almad-
houn et al. 2019; Avellar et al. 2015). To speed up the process, multiple robots
can be centrally organized into a formation such as a line (Liu and Bucknall
2018) and sweep the environment together, or be assigned to different zones
for single robots to sweep individually (e.g., Rekleitis et al. 2008; Scherer et al.
2015). When robots sweep individually, the environment is often decomposed
into zones using centralized control. Coverage is then executed using offline or
online path planning, depending on whether the environment is decomposed
a priori or not (Almadhoun et al. 2019). In offline decomposition, results can
be improved through multi-robot path planning strategies, e.g., using particle
swarm optimization (Thabit and Mohades 2018), genetic algorithms (Nazara-
hari et al. 2019), or graph-based heuristics (Yu and LaValle 2016)). In this
paper, for centralized and predetermined coverage, we use a priori decompo-
sition and offline path planning.

In online decomposition, aspects of decentralization are often used, in com-
bination with robots building a shared reference map of the environment (Al-
madhoun et al. 2019). The map is built either before coverage begins (Mirzaei
et al. 2011), or during coverage using broadcasting (Miki et al. 2018; Ge and
Fua 2005). Shared reference maps are also used without strict decomposition
into zones, with maps updated by single-broadcast (Marjovi et al. 2009) or
somewhat less efficiently by multi-broadcast (Albani et al. 2017). All of the
approaches using shared reference maps are mostly decentralized, but their
centralized aspects are sufficient to hinder scalability, and perhaps also fault
tolerance. In these hybrid approaches, efficient performance and system scal-
ability are not necessarily balanced, and the trade-offs between centralization
and decentralization are not studied directly.
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2.1.2 Decentralized approaches

Fully decentralized coverage can be completed using independent randomized
motion with simple obstacle and collision avoidance (Ichikawa and Hara 1999;
McGuire et al. 2019; Huang et al. 2019), but the approach is highly inefficient.
Many studies have improved upon random walk strategies to increase overall
coverage performance, e.g., by optimizing step lengths in Brownian motion and
Lévy flight (Pang et al. 2021), improving the scalability of Lévy walk (Khaluf
et al. 2018), or proposing a new style of random walk (Pang et al. 2019). These
approaches can achieve very high coverage completeness in unknown environ-
ments (up to 97% reported, Pang et al. 2021), if the available time is long
enough and the swarm is large enough (Ichikawa and Hara 1999). Random-
ized motion is also expected to eventually reach high coverage completeness in
environments cluttered with obstacles Almadhoun et al. (2019). However, inef-
ficiency is very high, as robots often repeat coverage of areas already explored
by their peers (Zia et al. 2017; Huang et al. 2019). In other words, there is
a presumed trade-off in decentralized approaches between coverage efficiency
and environment difficulty (Almadhoun et al. 2019), which has not yet been
precisely characterized. In this paper, for basic decentralized coverage, we use
simple diffusive motion based on random billiards (Comets et al. 2009)—where
each agent has constant velocity until reflecting off a boundary in a random
direction—combined with obstacle avoidance.

One fault-tolerant approach to improving coordination and efficiency in
decentralized coverage is to leave ant-inspired artificial pheromones in the en-
vironment (Koenig and Liu 2001). However, both randomized motion and
pheromone-based approaches have shown poor scalability in terms of speedup
(Huang et al. 2019; Koenig and Liu 2001). As the swarm scales, new robots
provide diminishing returns—i.e., each added robot provides increasingly less
speedup in overall coverage. In Koenig and Liu (2001), adding a sixth robot to
a swarm of five, for instance, barely reduces the total coverage time. Param-
eters of pheromone-based coverage approaches have been tuned for efficiency
when using with Lévy flight (Schroeder et al. 2017) or a combination of Lévy
flight and Brownian motion (Deshpande et al. 2017), but it is not clear if scal-
ability in terms of speedup has been improved. Currently there are no studies
directly comparing the coverage performance of pheromone-based approaches
to simpler randomized motion approaches.

Some decentralized approaches include aspects of centralization by leav-
ing robots in the environment to act as static beacons, either permanently
before coverage begins (Maftuleac et al. 2015), or temporarily during cover-
age (Stirling et al. 2010). In the approach of Stirling et al. (2010), some robots
temporarily park themselves while the swarm explores as a group. In a 5 x
5 analysis grid in a 15 m x 15 m environment with obstacles, the approach
achieves mean coverage completeness of 99.7%, and also demonstrate scala-
bility. Repeated coverage and fault tolerance are not directly measured. The
approach of Stirling et al. (2010) is comparable to the formation approaches
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in this paper, in that some robots act as supervisors while others perform
coverage by staying together in a group.

2.1.3 Formation approaches

If robots sweep the environment as a group, their coordination can be improved
by using formation control strategies (Liu and Bucknall 2018) to manage mo-
tion control and relative positions. Formation control is often cited as a good
approach for coverage applications such as search and rescue (Liu and Buck-
nall 2018; Campbell et al. 2012), but the coverage performance of the various
strategies has not been directly compared. Of the common formation shape
types (cf. Campbell et al. 2012), line formations are considered suitable for
sweeping and mapping tasks (Liu and Bucknall 2018). In the two formation
approaches considered in this paper, we use a line formation. We offset the
robot positions slightly, into a zigzag line (see Fig. 3, to better avoid inter-
robot collisions during obstacle avoidance.

Formation control can be fully centralized, or can incorporate aspects of
decentralized control, such as a potential field for local collision avoidance (Liu
and Bucknall 2018). In centralized approaches, robots share a common refer-
ence via broadcast, for instance a predetermined leader (Wang 1991) or a
dynamically selected navigator and virtual leader (Din et al. 2018). In this pa-
per, we use basic leader-follower formation control with a predetermined leader
for our centralized formation approach. Formation control can also be accom-
plished without centralized communication, by instead using a self-organized
ad-hoc communication network (Zhu et al. 2020). In this paper, for our hybrid
formation approach, we use a self-organized network and hierarchical control,
based on mergeable nervous systems (Mathews et al. 2017; Zhu et al. 2020)
and hierarchical frameworks (Zhang et al. 2021).

3 Methods

We investigate the advantages and limitations associated with varying degrees
of (de)centralization in a group of ground robots that may be supervised by
one or more UAVs. We assess four control approaches spanning from reac-
tive and fully decentralized control (i.e., all robots are acting autonomously)
to predetermined and fully centralized control (i.e., all robots are given fully
predetermined instructions by a central entity). In this section, we describe
the methods for our experiments. First, we define the coverage task. Then,
we present the implementation details for the four coverage approaches: fully
decentralized, hybrid formation, centralized formation, and predetermined. Fi-
nally, we describe the details of the simulation setup.

We define the coverage task as uniform and complete exploration of the
environment. If an environment is partitioned, the robots should collectively
visit all portions and should spend equal time visiting each portion. The ex-
periment arena is a 4× 4 m2 enclosed square, overlaid with a 16× 16 grid. For
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complete coverage, each of the 256 grid cells must be visited by the ground
robots. The difficulty of this task is increased by adding small 4 × 4 × 2 cm3

obstacles to the environment (see Fig. 2). In each run of an experiment, the
obstacle positions and orientations are defined randomly with uniform dis-
tribution. We test arenas with the following three obstacle difficulties: 100
obstacles for low difficulty (i.e., 1% of the environment surface occupied), 200
obstacles for medium difficulty, and 300 obstacles for high difficulty.

(a) 100 obstacles (b) 200 obstacles (c) 300 obstacles

Fig. 2 Obstacle size, density, and distribution in the simulated environment. 2D
plots of the environment, including the analysis grid and examples of randomized obstacle
distributions: (a) low difficulty, 100 obstacles; (b) medium difficulty, 200 obstacles; (c) high
difficulty, 300 obstacles. The obstacles, arena, and analysis grid are shown at their correct
relative sizes.

3.1 Coverage methods

We compare the following four types of coverage control, from most decentral-
ized to most centralized (see Fig. 3).

1. Decentralized. There are no UAV supervisors. The ground robots are
fully independent; there is no explicit communication and each robot con-
trols itself. The robots can locally detect objects in their environment. The
motion control strategy is basic diffusion with obstacle avoidance.

2. Hybrid formation control using mergeable nervous systems. UAVs
are limited to local onboard sensing, through which they can observe the
positions and orientations of ground robots and of environment boundaries,
within a certain range. UAVs have a limited communication range and send
motion control instructions to ground robots using a self-organized ad-hoc
communication network (for details, see the mergeable nervous systems
(MNS) approach described below). Motion control is based on a formation
shape designed for sweeping.

3. Centralized formation control. The single UAV has unlimited access to
all ground robots’ positions and orientations and can sense the environment
boundaries. The UAV has an unlimited communication range and directly



10 Aryo Jamshidpey et al.

Brain

Supervisor

Supervisor

D
ec

en
tr

al
iz

ed
H

yb
rid

 fo
rm

at
io

n
C

en
tr

al
iz

ed
 fo

rm
at

io
n

Pr
ed

et
er

m
in

ed
Control structure Path planning

Random billiards

Decomposed arena

Formation

Formation

Fig. 3 The four control approaches. Decentralized: Ground robots explore the environ-
ment independently via randomized motion control, without any UAV supervisors. Hybrid
formation: UAVs give motion instructions to ground robots in their limited fields of view,
using a self-organized hierarchical communication network. Centralized formation: One
UAV with unlimited field of view gives motion instructions to all ground robots using a pre-
determined centralized communication network. Predetermined: After the environment is
decomposed and paths are planned offline, one UAV gives ground robots the predetermined
motion instructions, using a predetermined centralized communication network.
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sends motion control instructions to all ground robots over a predetermined
star-graph communication network. Motion control is based on the same
formation shape as in the hybrid formation approach.

4. Predetermined control based on a priori knowledge. The UAV cal-
culates instructions for the ground robots before the task begins, based
on full a priori knowledge of the environment and the robots. The UAV
has the same unlimited communication range and predetermined network
topology as in the centralized formation approach. For motion control, the
UAV decomposes the environment into zones and calculates motion trajec-
tories offline, and then gives each ground robot its predetermined motion
trajectory to sweep its predetermined zone.

In all approaches, the ground robots execute reactive obstacle avoidance using
onboard sensing. The details of ground robot and UAV control for the four
approaches are given below.

3.1.1 Decentralized

For fully decentralized coverage, we use motion control based on random bil-
liards (Comets et al. 2009) and reactive obstacle avoidance. Each ground robot
independently follows a constant velocity unless it reflects off a boundary in a
random direction, or unless it turns to avoid an obstacle. The robots’ onboard
sensing can distinguish a boundary from an obstacle or robot. When avoiding
an obstacle, a robot turns in place until the obstacle is no longer near its head-
ing. The pseudocode for boundary reflection and obstacle avoidance is given
in Algorithm 1. The starting positions and headings of the robots are defined
randomly with uniform distribution.

3.1.2 Hybrid formation control using Mergeable Nervous Systems (MNS)

We use hybrid formation control based on remote ‘mergeable nervous systems’
(MNS) (Zhu et al. 2020). In MNS formation control, a heterogeneous swarm
can self-organize into a dynamic ad-hoc communication network with a hi-
erarchical structure (for full implementation details, see (Zhu et al. 2020)).
Using this hierarchy, robots report sensing events and cede their autonomy to
a temporary ‘brain’ robot (see Fig. 3). The brain robot determines its own
motion trajectory. As the brain moves, it acts as a motion reference for its
children (i.e., the brain acts as a reference coordinate frame used to calculate
the motion instructions sent to its children), which in turn act as motion ref-
erences for their children. The robots in an MNS can self-reconfigure into a
new communication network and control hierarchy on the fly, for instance, in
case of task change or brain failure (Zhu et al. 2020).

In our MNS formation control setup, there are some targets guiding the
self-organization of the network. The target communication network topology
is a caterpillar tree—i.e., a tree in which all inner nodes are on one central
path, to which each leaf node is connected. Ground robots try to become
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Algorithm 1: Fully decentralized: ground robot.

if an object is detected within 60◦ of the heading then
if the object is an environment boundary, not an obstacle then

turn to a random direction facing away from the boundary;
else

if the obstacle is located in the left side then
turn right with an angular velocity of 6.8 cm/s;

else
turn left with an angular velocity of 6.8 cm/s;

else
move forward with a linear velocity of 6.8 cm/s;

Algorithm 2: Hybrid formation (with MNS) and centralized formation methods:
ground robot.

if an obstacle is detected within 60◦ of the heading then
if the obstacle is located in the left side then

turn right with an angular velocity of 6.8 cm/s;
else

turn left with an angular velocity of 6.8 cm/s;

else
follow motion instructions received from a UAV;

Algorithm 3: Predetermined control: ground robot.

if an obstacle is detected within 60◦ of the heading then
follow a predetermined counterclockwise half-circle trajectory around the

obstacle;

else
follow motion instructions received from the UAV;

leaf nodes in the communication network. They complete the coverage task
and perform independent obstacle avoidance. The pseudocode for the ground
robots is given in Algorithm 2. UAV supervisors try to become inner nodes
or the brain node and act as motion references for their children. The UAVs
direct their ground robot children into a line-like formation, which is ideal
for sweeping an environment. The target line formation has a slight zigzag,
to reduce inter-robot collisions when ground robots perform obstacle avoid-
ance. The UAV that becomes the brain (see Zhu et al. (2020)) uses a reactive
perimeter-following behavior to sweep the environment counterclockwise, turn-
ing when it encounters a boundary. A behavior flowchart for all UAVs in the
MNS hybrid formation is given in Figure 4(a).

In each experiment run, the starting positions and headings of the ground
robots and UAVs are defined randomly with uniform distribution. When the
experiment begins, the robots self-organize into an MNS, according to the ap-
proach defined in (Zhu et al. 2020). Once the MNS is formed, the brain begins
its reactive sweeping behavior. The brain UAV moves at a constant speed,
irrespective of the speed of the other robots. The formation is maintained be-
cause the other robots adjust their motion according to the motion of their
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Fig. 4 Flowcharts for UAV behaviors in the MNS hybrid formation, centralized formation,
and predetermined methods.

parents. The perimeter-following behavior of the brain is deterministic, there-
fore each sweep of the environment by the robots takes the same amount of
time. Given the dimensions of the line formation and the arena, this simple
counter-clockwise path is sufficient to enable full coverage.
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3.1.3 Centralized formation control

For centralized formation control, we use a basic leader–follower approach
(Wang 1991), in which all robots follow one global leader that broadcasts
information. At the start of each experiment run, the starting positions and
headings of the ground robots are defined randomly with uniform distribution.
At initiation, they are already connected to a UAV hub in a star (i.e., spoke
and hub) communication network. The UAV acts as a single coordinating en-
tity, providing all ground robots with motion instructions. The ground robots
perform independent obstacle avoidance (see pseudocode in Algorithm 2), but
otherwise follow the UAV’s instructions. At initiation, the UAV immediately
directs the ground robots into the target formation—a line with a slight zigzag,
identical to the MNS formation—as shown in Fig. 3. Then, the UAV follows
the same reactive perimeter-following behavior used by the brain in the MNS
formation, sweeping the environment counterclockwise. A behavior flowchart
for the UAV is given in Figure 4(b).

3.1.4 Predetermined control based on a priori knowledge

For predetermined coverage control, we decompose the environment offline
into zones for robots to sweep individually (e.g., Rekleitis et al. 2008; Scherer
et al. 2015). As in the centralized formation approach, ground robots receive
instructions from one UAV over a predetermined central communication net-
work. Unlike in the centralized formation approach, the UAV does not use
reactive control to update ground robots’ motion instructions in real time—
rather, the UAV uses a priori knowledge to decompose the environment and
calculate predetermined motion trajectories for the ground robots before they
begin the task. The motion trajectories for the ground robots are based on
boustrophedon (i.e., “back-and-forth”) motion (cf. Avellar et al. 2015) to sweep
their zones. Based on this trajectory, the ground robots are also given a prede-
termined path to circumnavigate obstacles (see pseudocode in Algorithm 3).
The UAV supervisor in this approach has access to all information about the
environment (shape, size, and boundaries) and robots (number of robots, po-
sitions, orientations), and at initialization is connected to all ground robots as
the hub of a star network (the same as the centralized formation approach).
The UAV decomposes the environment into lanes that are suitable for the
number of ground robots, boustrophedon motion style, and the dimensions of
the environment and the analysis grid (see Fig. 3). To sweep every cell of the
analysis grid in its lane, a ground robot only needs to change direction once.
At initialization, the starting positions and headings of the ground robots are
defined randomly with uniform distribution. The UAV, which hovers in a sta-
tionary position during the experiment, immediately gives the ground robots
predetermined trajectories to drive to the starting positions of their lanes and
sweep them.
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3.2 Simulation setup

The experiments are conducted in the ARGoS simulator (Pinciroli et al. 2012),
with robot models implemented using a plugin for prototyping new robots (All-
wright et al. 2018a,b). All four approaches complete the coverage task with
nine ground robots. In addition, the predetermined control and centralized for-
mation control approaches each have one UAV supervisor, whereas the MNS
hybrid formation control approach has three UAV supervisors, one of which
is the MNS ‘brain’ (see Fig. 3). The simulated ground robot is based on the
e-puck ground robot. It uses differential wheeled drive, with an average speed
of 6.8 cm/sec, and is equipped with a ring of 12 short-range proximity sen-
sors. The ground robots can detect obstacles, other ground robots, and the
boundaries of the environment at a distance of 5 cm. The simulated UAV is a
quadrotor restricted to a maximum speed of 7.4 cm/sec (such that the ground
robots are able to follow the UAVs at their avergae speed), and is equipped
with a downward-facing camera. Obstacles cannot be detected by the UAVs,
only by the ground robots. Both simulated ground robots and UAVs are rep-
resented by simple 2.5 cm radius cylinders.

Fiducial markers encoding unique IDs sit atop the ground robots. The
UAVs detect these markers, tracking the relative positions and orientations
of the ground robots in order to give them motion instructions. UAVs can
establish a communication link with ground robots that lie within their field of
view. In centralized formation control and predetermined control, the UAV can
view the full arena and communicate with all ground robots. In MNS hybrid
formation control, the UAVs fly at a constant altitude and each UAV can
view ground robots in an approx. 1.5× 1.75 m2 rectangular ground area (for
details, see Zhu et al. 2020). Three UAVs are required in order to keep all
ground robots in their collective view when in a line formation. In the MNS,
two UAVs can establish a communication link when they can see the same
ground robot (for details, see Zhu et al. 2020).

At the start of each experiment, the 4×4×2 cm3 obstacles are distributed
randomly throughout the 4 m2 arena, with a 15 cm buffer to the outer bound-
ary and a 15 cm buffer between separated obstacles. The buffers ensure that
it is always possible for the ground robots to sweep the environment without
becoming stuck. Also at the start, the robots are randomly distributed in a
1.0× 1.25 m2 rectangular area against the perimeter of the arena.

For the MNS hybrid formation, centralized formation, and predetermined
control approaches, we define a round as one complete sweep of the environ-
ment. These experiments are terminated at the completion of the round. A
round takes the same amount of time in the hybrid and centralized formation
approaches, because the reactive controller that the UAVs use for perimeter
following is deterministic. The decentralized approach does not perform a com-
parable sweep, therefore we define its round end to be at the same time step as
the round ends of the hybrid and centralized approaches, to enable direct com-
parisons between the approaches. In the decentralized approach experiments,
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we continue to collect data after the round end, terminating the experiments
at time step 11000.

4 Results

To assess the impact of (de)centralization on coverage control, we run exper-
iments that test the coverage performance of all four approaches: fully de-
centralized, MNS hybrid formation control, centralized formation control, and
predetermined control. Existing coverage approaches with high performance
incorporate some degree of centralization, and most have not been tested for
fault tolerance and scalability. We run experiments testing the fault tolerance
and scalability of the MNS hybrid formation control approach, and conduct
analysis to compare these results to the fault tolerance and scalability of the
other approaches.

To assess the costs and limitations associated with adding UAV supervisors,
we analyze the performance results of the four approaches according to energy
consumption. We base our analysis on the energy consumption and efficiency
of state-of-the-art mobile robots and drones. (See the Appendix for tables
reporting the specifications of eleven autonomous ground vehicles and five
UAVs currently available off-the-shelf.)

4.1 Performance

In high-performing and efficient multi-robot coverage, robots cover a high per-
centage of the environment with a low rate of repeated coverage. We assess the
performance of the four approaches in terms of coverage completeness (i.e., the
percentage of grid cells visited) and coverage uniformity (i.e., the variability
of time that robots collectively spend visiting each cell). We complete 50 runs
for each control approach, in each of the three obstacle setups (100, 200, and
300 obstacles), for a total of 600 runs.

4.1.1 Coverage completeness

At the end of one round, the predetermined control approach outperforms
all other approaches in terms of coverage completeness, for all obstacle dif-
ficulties (see Table 1 and Fig. 6). More in general, the higher the degree of
centralization, the higher the coverage completeness. The predetermined con-
trol approach outperforms the centralized formation and hybrid formation ap-
proaches by a relatively small margin, compared to the decentralized approach.
For example, in the setup with 100 obstacles, the centralized formation and
hybrid formation approaches only omit an additional 1.1% and 2.5% of the
arena, respectively, while the fully decentralized approach misses an additional
18.2%.
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(a) Low difficulty: 100 obstacles
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(b) High difficulty: 300 obstacles

Fig. 5 Average coverage completeness of each approach over time (50 runs each), according
to environment difficulty (i.e., number of obstacles). The predetermined control, centralized
formation, and hybrid formation experiments end at the completion of one round. The
decentralized experiments end at 11000 time steps.

As the number of obstacles increases, the difference in average coverage
completeness between the predetermined control approach and the other ap-
proaches grows larger (see Table 2). All four approaches are impeded by ob-
stacles, and all four suffer a reduction in average coverage completeness as
the number of obstacles increases. The lower the degree of centralization, the
greater the suffered reduction.

The predetermined control approach takes less time to complete one round
than the centralized formation and hybrid formation approaches (see Fig. 5).
However, as the number of obstacles increases, the time advantage of the
predetermined control approach decreases. In the setup with 100 obstacles,
the predetermined control approach is approximately 1000 time steps faster
(see Fig. 5-a), but in the setup with 300 obstacles, it is only approx. 280
time steps faster (see Fig. 5-b). If the decentralized approach continues past
the completion of one round, it eventually reaches a coverage completeness
comparable to that of the other approaches (see Fig. 5), but it takes more
than twice the amount of time to reach that completeness.

4.1.2 Coverage uniformity

We define coverage uniformity as a measure of the variability of cell visits.
The best performing coverage approach would be one without any repeated
coverage—there would be no variability in cell visits, so uniformity would be
0. For each run, vi ∈ v is defined as the total time spent by all robots in cell
i. The coverage uniformity p is the norm of v, calculated as follows:

p =

∑c
i=1

√
|vi −M(v)|
c

, (1)

where M(v) is the median of v, and c is the number of cells. The smaller the
value of p, the more uniformity between cells; the most uniform case is p = 0.
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Table 1 Average coverage completeness (%) and coverage uniformity (p) achieved in one
round (50 runs each). The best completeness would be the highest percentage (i.e., 100%)
and the best uniformity would be the lowest variability (i.e., p = 0, see Eq. 1).

Hybrid Centralized
Decentralized formation formation Predetermined

100 Completeness : 81.3% Comp. : 97.0% Comp. : 98.4% Comp. : 99.5%
obstacles Uniformity (p) : 9.56 Unif. : 8.29 Unif. : 7.93 Unif. : 4.95

200 Completeness : 75.5% Comp. : 95.7% Comp. : 97.4% Comp. : 99.1%
obstacles Uniformity (p) : 9.99 Unif. : 8.47 Unif. : 8.12 Unif. : 6.17

300 Completeness : 70.1% Comp. : 93.1% Comp. : 95.8% Comp. : 98.6%
obstacles Uniformity (p) : 10.23 Unif. : 8.73 Unif. : 8.37 Unif. : 6.87

Performance differences compared to the Predetermined approach
100 Completeness : -18.2% Comp. : -2.5% Comp. : -1.1%

obstacles Uniformity (p) : 4.61 Unif. : 3.34 Unif. : 2.98
200 Completeness : -23.6% Comp. : -3.4% Comp. : -1.7%

obstacles Uniformity (p) : 3.82 Unif. : 2.30 Unif. : 1.95
300 Completeness : -28.5% Comp. : -5.5% Comp. : -2.8%

obstacles Uniformity (p) : 3.36 Unif. : 1.86 Unif. : 1.50

Table 2 Average change in coverage completeness and coverage uniformity achieved during
one round (50 runs each), when increasing the number of obstacles by 100.

Hybrid Centralized
Decentralized formation formation Predetermined

Change in
- 5.6% - 2.0% - 1.3% - 0.5%

Completeness
Change in

+ 0.34 + 0.22 + 0.22 + 0.96
Uniformity (p)

At the end of one round, the predetermined control approach has a better
coverage uniformity (p) than all other approaches, for all obstacle difficulties
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Fig. 6 Coverage completeness achieved by each approach during one round (50 runs each).
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Fig. 7 Coverage uniformity of each approach (50 runs each), according to environment
difficulty (i.e., number of obstacles). The lowest p value is the most uniform case, and
therefore the most efficient. (a) Uniformity of all approaches at the end of one round. (b)
Uniformity of the decentralized approach over time (where the earliest time step is the end
of one round).

(see Table 1). The higher the degree of centralization, the better the coverage
uniformity. However, as the obstacle difficulty increases, the coverage unifor-
mity of the predetermined control approach worsens at a faster rate than the
other approaches—approximately twice as fast as the fully decentralized ap-
proach and four times as fast as the formation approaches (see Table 2 and
Fig. 7-a). In the 300 obstacle setup, the coverage uniformity of the centralized
and hybrid formation approaches are worse than the predetermined control
approach by margins of only 1.5 and 1.66, respectively (see Table 1).

Similar to coverage completeness, the fully decentralized approach has sub-
stantially worse uniformity than the other approaches (see Fig. 7-a). However,
unlike coverage completeness, the uniformity of the decentralized approach
does not improve if it continues past the end of a round (see Fig. 7-b). For
instance, in the 300 obstacle setup, if the fully decentralized approach contin-
ues long enough to achieve coverage completeness that is comparable to the
other approaches, its uniformity becomes worse by an additional margin of
approximately 3.4.

In all approaches, at the end of one round, there is low variability of cov-
erage uniformity between runs (see Fig. 7-a). The variability in the formation
approaches is slightly lower than in the other two. However, after round com-
pletion, the variability of uniformity in the fully decentralized approach grows
substantially (see Fig. 7-b).

4.2 Fault tolerance

We assess the fault tolerance of coverage control in terms of the impact that
robot failures have on coverage completeness. For the MNS hybrid formation
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Fig. 8 Fault tolerance and scalability in the hybrid formation control approach.
(a) Scalability according to number of messages exchanged over time. (b) Scalability accord-
ing to number of inter-robot collisions over time. (c) Average overage completeness over time,
with varying number of ground robots. (d) Fault tolerance in terms of the number of runs
with a permanent disconnection between the brain UAV and another UAV, according to
number of ground robot failures.

control approach, we test this experimentally. For the other approaches, we
conduct analysis to assess the impact of failures.

A common vulnerability in multi-robot systems is the presence of single
points of failure. The fully decentralized approach is not susceptible to this
problem, because it does not have a central coordinating entity. By contrast,
a failure of the UAV in either the predetermined or centralized formation ap-
proaches results in a system-wide failure—neither approach can autonomously
replace the failed UAV in order to recover. The MNS hybrid formation ap-
proach also has a central coordinating entity—however, if the robot fulfilling
this role fails, then another robot can substitute it on the fly, because the role
is defined dynamically through self-organization. Previous work has already
shown the fault tolerance of MNS formation control in terms of replacing a
failed robot (even the brain) and reconfiguring the formation accordingly (Zhu
et al. 2020). In short, the predetermined control and centralized formation
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Table 3 Fault tolerance of performance: comparative analysis between the four methods.
Estimated average coverage completeness achieved at the end of one round, if failure occurs
near the start of the round (at time step 400).

Estimate for Estimate for
Estimate for Hybrid Centralized Fully

Decentralized formation formation centralized

No failure
Total : 82.0% T. : 96.9% T. : 98.4% T. : 99.6%

Per robot : 9.1% P. : 10.8% P. : 10.9% P. : 11.1%

3 failures
Total : 65% T. : 82.1% T. : 83% T. : 77%

Per robot : 11% P. : 13.7% P. : 14% P. : 13%

5 failures
Total : 52% T. : 69.5% T. : 71% T. : 55%

Per robot : 14% P. : 17.4% P. : 18% P. : 14%

7 failures
Total : 36% T. : 41.0% T. : 46% T. : 32%

Per robot : 18% P. : 20.5% P. : 23% P. : 16%

Table 4 Scalability of performance: comparative analysis between the four methods. Esti-
mated performance speedup from the addition of one ground robot, in terms of the average
coverage completeness per 1000 time steps achieved during one round.

Estimate for Estimate for
Estimate for Hybrid Centralized Fully

Decentralized formation formation centralized

4th robot + 1.8% (per 1000 steps) + 2.7% + 2.8% + 3.6%

6th robot + 1.5% (per 1000 steps) + 1.4% + 1.5% + 3.6%

8th robot + 1.3% (per 1000 steps) + 1.3% + 1.3% + 3.6%

Table 5 Scalability of communication: comparative analysis between the four methods.
Maximum messages per time step for the robot with the greatest communication load.

Hybrid Centralized Fully
Decentralized formation formation centralized

Maximum
0 10

2 per 2 per
messages ground robot ground robot

control approaches suffer from a single point of failure, while the fully decen-
tralized and MNS hybrid formation control approaches do not.

Another key possibility is failure of robots that are responsible for the task
and that cannot be replaced during runtime. Here, we test the impact on cover-
age completeness when failures of ground robots reduce the size of the system.
In the MNS hybrid formation control approach, performance depends in part
on maintaining the ad-hoc communication network. We therefore evaluate the
impact of failures on both coverage completeness and connectivity. We run
the fault tolerance experiments in the setup with 100 obstacles and allow the
MNS hybrid formation control approach to complete one round. At time step
400, we impose failure on either one, three, five, seven, or eight out of the nine
total ground robots. We complete 10 runs for each number of failing robots.

The MNS hybrid formation results show that the performance drop per
robot failure is fairly consistent for 1, 3, or 5 failures—coverage completeness
drops at a rate of approximately 5% per robot failure (see Fig. 8-c). When
there are more than 5 failures, the performance drop per robot failure approx-
imately doubles (see Fig. 8-c). This pattern of performance occurs because
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the brain UAV is capable of maintaining connectivity with its children UAVs
whenever there are 5 or fewer failures (i.e., 56% or less of ground robots fail),
but sometimes experiences disconnections when there are more failures (see
Fig. 8-d). When there are 7 or 8 failures, the brain UAV might additionally
lose contact with some of the remaining ground robots, causing the observed
increase in performance drop.

We compare the MNS hybrid formation results to the other approaches
using analysis (see Table 3), based on the assumption that no approach is
permitted to adapt its coverage strategy during runtime (e.g., the formation
approaches cannot adapt their path planning and the predetermined control
approach cannot adapt its environment decomposition). As in the MNS hy-
brid formation approach, the fully decentralized and centralized formation
approaches both include some inter-robot redundancy and interference, so we
calculate the impact of failures based on the results of the MNS approach, tak-
ing into account the respective differences in coverage uniformity.2 By contrast,
robots are confined to their own lanes in the predetermined control approach,
so any variability in uniformity is due to self-redundant coverage. We calcu-
late the impact of failures by simply subtracting the coverage achieved by the
failed robots after time step 400. The predetermined control approach expe-
riences the largest drop in overall coverage completeness due to robot failures
(see Table 3), because the remaining robots have no opportunity to cover the
zones assigned to the failed robots. In the other approaches, overall perfor-
mance drops more slowly with fewer failures and more quickly with more fail-
ures. This change appears in the decentralized approach because robots have
a higher chance of redundancy in a larger group, and it appears in the forma-
tion approaches because the redundancy between two robots depends on their
positions in the formation. The decentralized approach experiences smaller
performance drops overall, because it has more inter-robot redundancy. How-
ever, the decentralized approach never outperforms the formation approaches
at the end of a round (see Table 3), because in the decentralized approach a
robot has more self-redundant coverage. The centralized formation approach
maintains a slight advantage over the MNS hybrid formation, up to 5 failures.
With more failures, the centralized formation approach more substantially out-
performs the MNS hybrid formation approach (see Table 3), because at these
failure rates the MNS formation may lose contact with the remaining ground
robots.

4.3 Scalability

We assess scalability in terms of the number of messages exchanged between
the robots, the number of inter-robot collisions, and the performance speedup

2 For each failure rate, we scale the difference in performance recorded in the MNS hybrid
formation experiments for fault tolerance, according to the difference between the MNS hy-
brid formation approach and the compared approach in terms of average absolute deviation,
based on p.
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achieved by the addition of one robot. We test the MNS hybrid formation
approach experimentally and conduct analysis to compare to the other ap-
proaches.

We assess the performance speedup associated with adding one ground
robot, regardless of the number of UAV supervisors. For the MNS hybrid for-
mation approach, we base our analysis on the data obtained in the fault toler-
ance experiments (i.e., in the 100 obstacle setup) after time step 400. Similar
to the fault tolerance analysis, for the fully decentralized and centralized for-
mation approaches we calculate the performance speedup based on the results
of the MNS approach, taking into account the respective differences in cov-
erage uniformity.3 We calculate performance speedup for the predetermined
control approach based on the assumption that before runtime the supervisor
UAV calculates the environment decomposition according to the number of
ground robots. In the predetermined control approach, the speedup in cov-
erage completeness per time step is the same for each additional robot (see
Table 4). In the predetermined control approach, the overall coverage com-
pleteness does not increase as the system scales—rather, the time required to
complete a round decreases. In the other approaches, the speedup provided
by one additional robot gets smaller as the system grows in size (see Table 4).
Overall, the speedups in the fully decentralized approach are the lowest, be-
cause its inter-robot redundancy is highest and because its overall coverage
completeness at the end of a round is lowest.

To test the scalability of communication and inter-robot collisions in the
MNS hybrid formation approach, we run experiments without obstacles in the
environment, with the following three heterogeneous system sizes: 1) two UAVs
and four ground robots, 2) four UAVs and eight ground robots, and 3) six
UAVs and twelve ground robots. We complete 10 runs per system size. For each
system size, we keep the same type of communication topology and formation
shape (i.e., caterpillar tree communication network, and linear formation with
a slight zigzag).

In the MNS hybrid formation approach, the total number of messages
exchanged is expected to scale linearly, because the robots communicate only
with those they are connected to in the network. The experimental results
confirm this expectation (see Fig. 8-a): at time step 5 000, the total messages
passed is approximately 5 × 104 in the 6-robot system, 13.5 × 104 in the 12-
robot system, and 22 × 104 in the 18-robot system. Based on the field of
view, the maximum number of children for one UAV is 5. We can therefore
conclude that, in the MNS hybrid formation approach, the maximum number
of messages passed by one robot in one time step is 10, no matter the size
of the system. Just as in the fully decentralized approach, no communication
bottleneck will appear in larger systems in the MNS formation approach (see
Table 5). By contrast, in the centralized formation and predetermined control

3 For each number of ground robots, we scale the difference in performance recorded after
time step 400 in the MNS hybrid formation experiments for fault tolerance, according to
the difference between the MNS hybrid formation approach and the compared approach in
terms of average absolute deviation, based on p.
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approaches, the maximum number of messages passed by one robot in one
time step is dependent on the number of ground robots (i.e., the supervisor
UAV passes 2 messages per ground robot). Therefore, the scalability limit of
these approaches depends on the maximum communication load of the UAV.

In all four approaches, inter-robot collisions can occur due to obstacles in
the environment. Here, we only assess interference between robots in terms of
collisions caused by the control approach. In the MNS formation, it is expected
that inter-robot collisions will only occur during the formation establishment
phase, which is confirmed by the experiment results (see Fig. 8-b). In the fully
decentralized approach, inter-robot collisions are not considered to be interfer-
ence, because changes in direction help the robots cover the environment. In
both the centralized formation and predetermined control approaches, robots
start the experiment by moving to their target positions before proceeding
with coverage. However, in these approaches, it is possible for the supervisor
UAV to calculate paths for all robots that prevent collision.

5 Analysis of energy consumption

When UAV supervisors are added to a group of ground robots, any improve-
ments in performance need to be assessed in the context of the new limitations
they introduce to the system. We identify two primary limitations introduced
by the addition of UAV supervisors:

1. reduced operating time for the system during a single battery charge,
due to the quicker energy exhaustion of the UAVs, and

2. increased total energy consumption if UAVs are added to the system,
and the number of ground robots remains unchanged.

Under these limitations, we determine the highest performing approach in
terms of coverage completeness. We also compare the performance of the MNS
hybrid formation and decentralized approaches even if they are not the highest
performers, because they are more comparable in terms of scalability and fault
tolerance, in that they do not have a single point of failure or a communication
bottleneck.

First, we analyze coverage completeness under the constraint of energy
exhaustion. Although the state of the art includes a few robots that charge
themselves continuously (e.g., using solar power), the majority require their
batteries to be recharged separately from operation. We consider the coverage
completeness that would be possible before energy exhaustion, with a single
charge of both ground robots and UAVs (cf. off-the-shelf robots listed in the
Appendix). Second, we analyze coverage completeness under the constraint of
total energy consumption. UAVs and ground robots can have substantially dif-
ferent rates of energy consumption, so we consider the coverage completeness
that would be possible for certain energy budgets and energy consumption
ratios (cf. off-the-shelf robots listed in the Appendix).

We base our analysis calculations on the coverage completeness results
obtained in Sec. 4.1.1 (i.e., from experiments with nine ground robots in a
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Fig. 9 Average coverage completeness, according to the average distance that ground robots
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Fig. 10 Performance shifts at energy exhaustion thresholds. Analysis of relative
coverage completeness achieved by each approach when limited by one battery charge for
(a) ground robots and (b) UAVs. The shaded areas indicate relative performance at the
given environment size, according to ground robot limitations of speed and distance. From
darkest to lightest, the shaded areas indicate: 1) the fully decentralized approach is the top
performer; 2) the centralized formation control approach is the top performer; 3) the prede-
termined control approach is the top performer; and 4) the predetermined control approach
is still the top performer, but the MNS hybrid formation control approach outperforms the
fully decentralized approach. Results also given in Table 6.

square 4 × 4 m2 arena with obstacles, with three UAVs for the MNS hybrid
formation approach, and one UAV for both the centralized formation and
predetermined control approaches).

5.1 Energy exhaustion

We analyze the coverage completeness achieved by each method under the
constraint of energy exhaustion (i.e., limited operation). Although the exper-
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Table 6 Analysis of relative coverage completeness achieved by each approach in one bat-
tery charge. Environment sizes that result in a certain relative performance, according to
maximum ground robot distances per charge, as currently available in off-the-shelf robots,
or according to maximum ground robot speeds, as currently available in off-the-shelf robots.
Results also given in Fig. 10.

Area per robot (sqm)
Ground robot

distance Top performer: Top performer: Top performer: Hybrid form.
per charge, or Decentralized Centralized Fully outperforms
max. speed formation centralized decentralized

2 km > 2,000 1,000–2,000 < 1,000 < 800
10 km > 10,000 6,000–10,000 < 6,000 < 4,000
25 km > 30,000 15,000–30,000 < 15,000 < 10,000
50 km > 60,000 30,000–60,000 < 30,000 < 20,000

0.15 m/s > 300 150–300 < 150 < 100
0.5 m/s > 1,000 500–1,000 < 500 < 350
1.0 m/s > 2,000 1,000–2,000 < 1,000 < 700
10.0 m/s > 20,000 10,000–20,000 < 10,000 < 7,000

iment results for coverage completeness show that the predetermined control
approach is the highest performing overall, the other methods outperform it
in the initial 1 000 time steps (see Fig. 5). We analyze the robot, UAV, and en-
vironment constraints under which a system would be limited to those initial
performance results.

To analyze the constraint of robot distance traveled, Fig. 9 gives the aver-
age coverage completeness according to the total meters traveled by all ground
robots, in one square meter of the environment. Fig. 9 shows that the decen-
tralized method is the top performer until 0.87 m traveled per sqm, then
the centralized formation method is the top performer until 1.64 m traveled
per sqm, after which the predetermined control approach is the top performer.
Fig. 9 also shows that the decentralized method outperforms the MNS method
until 2.61 m traveled per sqm.

The point at which a robot’s energy is exhausted during a coverage task will
depend on the power and efficiency of the robots, and on the size of the environ-
ment. These conditions can vary greatly, so it is relevant to better characterize
performance according to energy exhaustion. To assess the limit imposed by
ground robot exhaustion, we calculate the average coverage completeness de-
pending on the maximum distance a ground robot can travel in one charge.
To assess the limit imposed by typical UAV exhaustion (i.e., 30 minutes in one
charge), we also calculate the average coverage completeness depending on the
maximum speed of the ground robot. Because the maximum speed of the UAV
will always be higher, it is not a limitation. We consider environment sizes of
up to 100 000 square meters per ground robot. Such an environment is large
enough to assess the performance shifts for ground robots with a maximum
travel distance from 1.5 km to 100 km per robot per charge and a maximum
speed from 0.1 m/s to 50 m/s (under the condition of 30 minutes of UAV flight
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time). These ranges are representative of ground robots available off-the-shelf
(and the flight time is representative of the average UAV), as listed in the
Appendix.

In general, the analysis results indicate that more centralization performs
better if maximum distances or maximum speeds are higher, while more de-
centralization performs better if operating areas are larger (see Fig. 10). For
indoor environments, even in the most limited robots available off-the-shelf
(see the Appendix), the environment size in which the decentralized approach
would be the best performer is somewhat large (see Table 6). For example, for
e-puck2 or Thymio II robots designed for indoor research, for a group of nine
ground robots, the decentralized approach would only be the top performer in
environments larger than 50 × 50 m2. However, for applications such as out-
door search and rescue, the environment could easily be large enough to make
the decentralized approach the top performer (see Table 6). For example, for
a group of nine Boston Dynamics Spot robots, the decentralized approach will
be the top performer in any environment larger than 135× 135 m2.

5.2 Energy consumption: ratio of ground robots to UAVs

In some coverage applications, battery life could be increased or autonomous
recharging could be implemented. The energy efficiency of ground robots might
also be significantly different from the efficiency of UAVs. To characterize the
impact of energy efficiency on performance, we analyze the coverage complete-
ness achieved by each approach under an overall energy budget, regardless of
battery life. Basing our analysis on the results obtained in Sec. 4.1.1, we assign
the system a total energy consumption budget of either 200 or 300 kilojoules.
The budget is shared among all ground robots and UAVs used in that method
(i.e., nine ground robots for all methods, three UAVs for MNS hybrid forma-
tion, one UAV for both centralized formation and predetermined control, and
no UAVs for decentralized). We consider ground robots with energy consump-
tion rates from 3 joules/s to 70 j/s, and UAVs with energy consumption rates
from 6 j/s to 60 j/s. These ranges represent robots available off-the-shelf (see
the Appendix).

Under a constrained energy budget, in general, more centralization tends
to perform better if the ground robots are more efficient, and more decen-
tralization tends to perform better if the ground robots are less efficient (see
Fig. 11). In most of the analyzed energy consumption scenarios, the decentral-
ized approach is the top performer if the UAV has its highest possible energy
consumption rate (i.e., 60 j/s). All the approaches that have UAV supervisors
perform better if the UAVs are more efficient, but the MNS hybrid formation
approach benefits the most from efficient UAVs, because it has more of them.
As the energy budget increases, the performance of all approaches improves
(see Fig. 11). If the budget is unlimited, the performance rankings of the four
approaches will always be those seen at the end of a round in Sec. 4.1.1, re-
gardless of the energy consumption ratio between ground robots and UAVs.
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Fig. 11 Average coverage completeness achieved under the constraint of an overall energy
budget (kj), according to the relative energy consumption rates (j/s) of ground robots and
UAVs.

6 Discussion

It is generally expected that fully centralized and predetermined control ap-
proaches will have the highest possible performance, in terms of speed, effi-
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ciency, and accuracy. Decentralized approaches are often preferred only if the
environment or other conditions cannot be known a priori (cf. Almadhoun
et al. 2019; Liu and Bucknall 2018). As expected, our results show that the
predetermined control approach outperforms all other approaches, in terms
of both coverage completeness and coverage uniformity (see Table 1). The
performance gap between the predetermined control and fully decentralized
approach is quite large—up to a 28.5% gap for coverage completeness. Also,
as one would expect, the performance gap between the predetermined con-
trol and centralized formation control approaches is relatively small. However,
perhaps more surprisingly, the performance gap between the predetermined
control and hybrid formation control approaches is also relatively small—as
small as 2.5%, and not more than 5.5%. Centralized and predetermined con-
trol approaches are sometimes criticized for being impractical to implement.
Our results suggest that, beyond being impractical, some features commonly
used in various centralized approaches—e.g., having unlimited a priori knowl-
edge, unlimited communication ranges, and a central coordinating entity with
unlimited field of view—may not always deliver as substantial a performance
benefit as might be expected.

Decentralized approaches are expected to be much less efficient than other
approaches and to decrease in efficiency with longer running times, because
of inherent redundancy. This expectation is confirmed by our experimental
results in coverage uniformity (see Fig. 7). Existing decentralized approaches
often add more robots to speedup coverage completeness, but then repeated
coverage also worsens (Koenig and Liu 2001). Existing hybrid approaches
that achieve high coverage completeness also suffer from high repeated cover-
age (e.g., Stirling et al. 2010), compared to their fully centralized counterparts.
In our experimental results with the MNS hybrid formation approach, coverage
uniformity is noticeably worse than in the predetermined control approach, but
nearly the same as in the centralized formation control approach. This sug-
gests that a priori knowledge of the environment, rather than broadcasting
from a central coordinating entity, provides the benefit of decreased repeated
coverage.

As obstacle difficulty increases, it causes more disruption for all approaches.
The MNS hybrid formation approach also has the added risk that its brain
could lose contact with robots if blockage by obstacles is significant. Although
the MNS formation did not lose any robots in our performance experiments
(i.e., not fault tolerance experiments), it still might lose robots in more chal-
lenging environments than those tested. This risk could be alleviated by up-
grading the behavior of the brain UAV to be responsive to its ground robots,
waiting for them if they temporarily get disconnected.

Existing literature suggests that although decentralized approaches are less
efficient in open environments, they may be better suited to environments
cluttered with unknown objects (cf. Almadhoun et al. 2019). However, in the
tested obstacles difficulties, our results suggest that the predetermined control
approach is the most resilient to obstacles in terms of coverage completeness
(see Table 2). If the performance reduction rates for 100–300 obstacles are con-
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sistent at higher obstacle densities, then only the more centralized approaches
would be tenable for coverage completeness. For example, if there were 1000
obstacles, the predetermined control approach would achieve coverage com-
pleteness of 94.2% in one round, while the fully decentralized approach would
achieve only 32.5%. By contrast, at higher obstacle densities, the predeter-
mined control approach’s starting advantage in terms of coverage uniformity
would disappear (see Table 2). If there were 1000 obstacles, the MNS hybrid
formation control approach would achieve a coverage uniformity of 10.7, while
the predetermined control approach would achieve the much worse uniformity
of 14.03. Similarly, the predetermined control approach’s speed advantage over
the formation approaches begins to disappear at higher obstacle densities. In
summary, our results suggest that there is not necessarily a simple trade-off
between coverage efficiency and resilience to environment difficulty. Each of
the trends suggested by the current results could be further investigated, in a
variety of more challenging environments.

6.1 Fault tolerance and scalability

It is evident that the predetermined control and centralized formation control
approaches suffer from a single point of failure and a communication bottle-
neck when scaling. As would be expected, our analysis also suggests that the
predetermined control approach suffers much more from robot failures than
the other approaches (see Table 3). Perhaps less expected, our analysis sug-
gests that the MNS hybrid and centralized formation control approaches do
not suffer much more from robot failures than the decentralized approach.
These analysis results should be investigated further, in experimental setups
with a variety of failure types.

Many existing hybrid approaches use a dynamically elected leader to in-
crease fault tolerance and flexibility in an otherwise centralized approach (e.g.,
Din et al. 2018), but these approaches still suffer from a bottleneck when scal-
ing. It might be expected that the MNS hybrid formation control approach
would suffer from a similar bottleneck. However, our experimental results in-
dicate that communication in the MNS hybrid formation approach scales lin-
early (see Fig. 8), and that the communication load on the MNS brain does
not increase when scaling.

6.2 Energy consumption

In later time steps (e.g., after the first 1000 time steps in the main experiments,
see Fig. 5), the relative performance rankings of the four methods remain
consistent—in terms of coverage completeness, the ranking is: 1st predeter-
mined, 2nd centralized formation, 3rd MNS hybrid formation, and 4th fully
decentralized (see Fig. 5). However, these performance rankings are not rep-
resentative of earlier time steps. Although the coverage completeness in these
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earlier steps is low (e.g., 10% or 40%), our experiments use a high-resolution
analysis grid, where adjacent grid points are 25 cm apart. This matches a real-
world application in which, for instance, ground robots can sense a targeted
condition within a 12.5 cm radius. In scenarios where a ground robot’s sensing
range is much higher, then a low coverage completeness in our experiments
may be sufficient. For example, with a ground robot sensing range of 50 cm
radius, intuitively we would posit that a coverage completeness of 25% could
be sufficient for a monitoring application. This should be further investigated
experimentally, using different grid resolutions in a discrete environment or
using different sensor ranges. Similarly, all the analysis results in Sec. 5 need
to be further investigated to be confirmed as representative—for example, by
running experiments in larger arenas, up to 100 000 m2. Such experiments
would involve implementing new behaviors in some of the approaches. For in-
stance, in a larger environment, the formation approaches would need to use a
different path planning strategy such as boustrophedon motion (Almadhoun
et al. 2019; Avellar et al. 2015).

In general, our energy analysis results indicate that overall operation time
is a highly relevant constraint. In large environments or with tight energy bud-
gets, fully decentralized control may be the only feasible approach. In order
to achieve high coverage completeness in real applications, our results indi-
cate that the development of autonomous recharging is essential. Autonomous
recharging will likely be easier to implement in hybrid or predetermined con-
trol approaches, because localization and positioning is more challenging in
fully decentralized approaches. From among our tested approaches, the MNS
hybrid formation control approach may be the most suitable for autonomous
recharging, because it is already able to replace robots on the fly (Zhu et al.
2020).

Future work could also investigate the implications of monetary costs. If
many robots are added, the area per robot can be kept smaller, even in larger
environments. However, in outdoor environments, suitable robots are expen-
sive and the monetary cost of adding ground robots can be very high (see
the Appendix). The cost of adding UAV supervisors is low in comparison, so
adding UAV supervisors may sometimes be a more effective way to increase
coverage completeness, depending on task conditions.

7 Conclusion

We have tested four approaches to multi-robot coverage with varying degrees of
(de)centralization, and compared them using experiments and analysis. The
predetermined control approach unsurprisingly achieves the highest perfor-
mance. However, the performance of the hybrid approach is much closer to
that of the centralized approaches than might be expected. Our results also
indicate that the hybrid approach displays scalability and fault tolerance sim-
ilar to the fully decentralized approach. In terms of resilience to challenging
environments, our results indicate that more centralized approaches might per-
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form better than expected in messy environments with randomized obstacles,
outperforming the fully decentralized approach. In terms of the possible limita-
tions associated with UAV supervisors, we find that the limited operating time
of UAVs is more restrictive than their energy efficiency. Perhaps surprisingly,
we also find that inefficient ground robots pose more of a problem than ineffi-
cient UAVs for the centralized approaches, and that in order for any approach
to achieve coverage completeness in large outdoor environments, autonomous
recharging will be necessary. These results provide a better understanding of
the task conditions and constraints that are relevant when selecting the degree
of (de)centralization for multi-robot coverage control. Although our ad-hoc
comparisons are task-specific, they are an initial step towards better charac-
terizing the assumed trade-offs between centralization and decentralization in
multi-robot systems.
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Appendix: Robots Available in Practice

Given that energy consumption is mostly a practical consideration, we catalog
the performance and capabilities of several robot options that are currently
available off-the-shelf4. Although this catalog is an ad-hoc summary of avail-
able products, the spread of these products is one way to assess the scope of
energy consumption and efficiency of mobile robots and drones at the technical
state of the art.

For ground robots, we catalog the e-puck25, Thymio II6, TurtleBot3 Burger7,
iRobot Roomba e8, Clearpath robotics Husky9, Clearpath robotics Warthog10,
ECA Group Cameleon C11, Autonomous Solutions Inc. (ASI) Chaos12, SMP
Robotics Rover S5 PTZ13, Mattro Rovo 214, and Boston Dynamics Sopt Ex-
plorer15. The relevant product specifications listed by the manufacturer are
given in Table 7. The approximate energy metrics, calculated from the product
specifications in Table 7, are given in Table 9. We calculate the approximate
energy metrics for ground robots according to energy consumption correspond-
ing to distance traveled.

For drones, we consider those with cameras, LiDAR, or other imaging ca-
pabilities suitable for a supervisor role. We do not consider fixed-wing drones,
as they are not suitable for slow speeds or hovering. We catalog the DJI Mini
216 DJI Mavic 2 Pro17, Force1 U49WF FPV Camera Drone18, Skydio 219,
and Autel Evo II20. The relevant product specifications listed by the man-
ufacturer are given in Table 8. The approximate energy metrics, calculated
from the product specifications in Table 8, are given in Table 10. We calculate
the approximate energy metrics for drones according to energy consumption
corresponding to flight time.

4 When the monetary cost is not listed by the manufacturer, the listed cost is from the
distributor Generation Robots: generationrobots.com.

5 https://www.gctronic.com/doc/index.php/e-puck2
6 I.e., Thymio Wireless, http://wiki.thymio.org/en:thymiospecifications
7 https://emanual.robotis.com/docs/en/platform/turtlebot3/features/

#specifications
8 https://www.irobot.com/roomba/e-series
9 https://clearpathrobotics.com/husky-unmanned-ground-vehicle-robot/

10 https://clearpathrobotics.com/warthog-unmanned-ground-vehicle-robot/
11 https://www.ecagroup.com/en/solutions/cameleon-c-ugv-unmanned-ground-

vehicle
12 https://asirobots.com/platforms/chaos/
13 https://smprobotics.com/products_autonomous_ugv/area-and-perimeter-gas-

monitoring-robot/
14 https://www.mattro.com/en/the-rovo/technical-specifications
15 https://shop.bostondynamics.com/spot
16 https://www.dji.com/be/mini-2
17 https://store.dji.com/be/product/mavic-2
18 https://force1rc.com/products/u49w-blue-heron-wifi-drone-with-camera-fpv-

drone-w-live-video-altitude-hold
19 https://www.skydio.com/pages/skydio-2
20 https://auteldrones.com/pages/evo-ii-detail
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Table 7 Listed product specifications for mobile robots, unmanned ground vehicles
(UGVs), and autonomous ground vehicles (AGVs) that are currently available off-the-shelf.

Locomotion, Estimated Estimated Listed
Product estimated operating time, hourly energy monetary

name max. speed charging time consumption cost

e-puck2 two-wheeled, 3 h, 600mAh 850 CHF
0.154 m/s 2.5 h 3.7V

Thymio II two-wheeled, 4 h, 375mAh 140 EUR
0.14 m/s 1.5 h 3.7V

TurtleBot3 two-wheeled, 2.5 h, 720mAh 580 EUR
Burger 0.22 m/s 2.5 h 11.1V
iRobot two-wheeled, 1.5 h, 1200mAh 400 EUR

Roomba e 0.5 m/s 3 h 14.4V
Clearpath four-wheeled, 3 h, 6500mAh 22000 EUR

Husky 1 m/s 4 h 24V
Clearpath four-wheeled, 3 h, 36500mAh 90000 EUR
Warthog 5 m/s 4 h 48V

ECA Group tracked, 4 h, - -
Cameleon C 1.7 m/s - -
ASI Chaos tracked, 3 h, - -

2.2 m/s - -
SMP Rover four-wheeled, 12 h, 10000mAh -

S5 PTZ 1.8 m/s 4 h 12V
Mattro tracked, 8 h, 11000mAh -
Rovo 2 8.3 m/s 3.25 h 100V
Spot quadruped, 1.5 h, 7000mAh 75000 USD

Explorer 1.6 m/s 2 h 58V

Table 8 Listed product specifications for camera or mapping drones or unmanned aerial
vehicles (UAVs) that are currently available off-the-shelf.

Locomotion, Estimated Estimated Listed
Product estimated flight time, hourly energy monetary

name max. speed charging time consumption cost

DJI quadrotor, 31 minuntes, 1160mAh 1500 EUR
Mini 2 16 m/s - 7.7V

DJI quadrotor, 31 minuntes, 1990mAh 1500 EUR
Mavic 2 20 m/s - 15.4V
U49WF quadrotor, 25 minutes, 830mAh 100 USD

FPV - - 7.4V
Skydio 2 quadrotor, 23 minutes, 1640mAh 1000 USD

16.1 m/s - 11.4V
Autel quadrotor, 40 minutes, 4730mAh 1500 USD
Evo II 20.1 m/s 1.5 h 11.55V
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Table 9 Metrics of energy consumption, energy efficiency, and cost efficiency for ground
robots listed in Table 7.

Approximate Approximate Approximate Approximate
maximum energy energy robot cost

Product distance consumption consumption by distance
name per charge (at 0.068 m/s) by distance per charge

e-puck2 1.7 km 2.9 joules/s 43 joules/m 0.50 EUR/m
Thymio II 2 km 2.7 joules/s 40 joules/m 0.07 EUR/m
TurtleBot3 2 km 6.2 joules/s 91 joules/m 0.29 EUR/m

Burger
iRobot 3 km 3.5 joules/s 52 joules/m 0.15 EUR/m

Roomba e
Clearpath 11 km 32.0 joules/s 470 joules/m 2.04 EUR/m

Husky
Clearpath 55 km 71.4 joules/s 1050 joules/m 1.67 EUR/m
Warthog

ECA Group 25 km - - -
Cameleon C
ASI Chaos 25 km - - -
SMP Rover 80 km 54.4 joules/s 800 joules/m -

S5 PTZ
Mattro 240 km 72.1 joules/s 1060 joules/m -
Rovo 2
Spot 9 km 25.8 joules/s 380 joules/m 7.26 EUR/m

Explorer

Table 10 Metrics of energy consumption, energy efficiency, and cost efficiency for drones
listed in Table 8.

Approximate Approximate Approximate Approximate
maximum energy energy robot cost

Product distance consumption consumption by distance
name per charge during flight by distance per charge

(at 0.074 m/s) (at 0.074 m/s) (at 0.074 m/s)

DJI 140 m 8.9 joules/s 120 joules/m 10.71 EUR/m
Mini 2

DJI 140 m 30.6 joules/s 410 joules/m 10.71 EUR/m
Mavic 2
U49WF 110 m 6.1 joules/s 82 joules/m 0.76 EUR/m

FPV
Skydio 2 100 m 18.7 joules/s 250 joules/m 8.36 EUR/m

Autel 180 m 54.6 joules/s 740 joules/m 6.97 EUR/m
Evo II


