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Abstract—1In the context of asset inspection, the size of the
environment to be covered can be large. Mobile robotic systems
are capable of acquiring more extensive data than static sensors,
but the capacity of the robotic platform used can be limited
by its autonomy and sensing capabilities. This is why multi-
robot systems are interesting in such applications. However,
scaling up to larger robot team sizes requires coordination
among robots to be carried out efficiently. In this work, we
investigate a hybrid coordination strategy with a team of micro-
aerial vehicles, where a ground station centrally assigns tasks in
real time to the robots, and the robots distributively coordinate
their trajectories to carry out the coverage of a known asset.
In particular, we perform the benchmarking and experimental
validation of such a strategy. Several variants of the strategy are
implemented by adapting existing state-of-the-art solutions to
this context. Extensive simulation experiments are carried out in
various environments to benchmark each variant and evaluate
how their performance scales with the robot team size. The
results show that the strategy scales well for larger robot teams,
thanks to its efficient task generation process. Notably, despite
its relatively simple but efficient task generation technique,
it outperforms or is comparable to other methods employing
more complex schemes (such as information gain or frontiers).
Finally, we validated the proposed strategy with teams of up
to three robots in physical experiments.

I. INTRODUCTION

Multi-robot systems, composed in particular of rotary-
wing Micro Aerial Vehicles (MAVs), present exciting quali-
ties for inspection applications, where large-scale objects are
often encountered, and the coverage requirements go beyond
the capabilities of a single robot (due for instance to limited
battery life or embedded sensors limitations). A common
approach to deploy a team of MAVs for the coverage
of a given asset is to use Coverage Path Planning (CPP)
algorithms [1], where CPP is the process of covering an asset
or environment by determining a set of locations to visit. In
the literature, several works leverage the knowledge of the
environment to generate viewpoints and solve some version
of the Traveling Salesperson Problem (TSP) to generate
paths offline for a single or multiple robots to follow [2],
[3], [4]. Thus, these fall into the category of model-based
approaches. However, model-free approaches remove this
assumption, which requires the environment to be explored
and discovered. They can be further subdivided into several
subcategories, namely, frontier-based (where the interface
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Fig. 1: (a) Physical experiment where a team of three MAVs
perform the coverage of the asset. (b) Asset coverage over time
(with a targeted coverage completion of 95%). (¢) Map built from
the asset at 10 cm resolution, along with the resulting trajectories
of the three robots with time encoded by a darker to brighter color
gradient.

between known and unknown space is identified and ex-
plored [5], [6]), volume-based (where unknown volumes
in the environment are used to drive the exploration, most
commonly implemented as Next-Best-View (NBV) methods
[7], [8]) and surface-based (can be seen as a subset of
the volume-based approaches, where surfaces are explicitly
represented, e.g., as Truncated Signed Distance Field [9],
[10]). Applying such approaches to multi-robot systems is
non-trivial, as sharing map information can represent large
amount of data and ensuring synchronization among the
robot team can be challenging. More specifically on multi-
robot solutions, most of them require offline computation and
optimization of the coverage paths and do not accommodate
online replanning in case of unforeseen events [4], [11], [12].
Some distributed online coverage approaches have been pro-
posed [13], but they require sharing dense map information
between robots and require extensive onboard computations.
More generally, in the context of inspection tasks, it is
reasonable to assume knowledge about the environment is
available, as such tasks are often carried out repetitively
throughout the lifetime of the asset. For this reason, model-
based methods can be employed to leverage this knowledge
and drive coverage more efficiently.

In our previous work [14], we proposed a real-time model-
based multi-robot hybrid coverage scheme that distributes re-
sponsibilities between a ground station serving as centralized
task assigner, and the robot team, responsible for coordinat-
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ing individual trajectories in a distributed fashion. Although
model-based approaches often precompute the paths that
robots will execute [2], [3], [4], our previous approach lets
the robots compute their trajectories in real time, with the
advantage of offering robustness against individual robot
failures and unforeseen events, as well as allowing dynamic
robot team sizes. Furthermore, leveraging the knowledge
of the environment, as in model-based methods, allows
the robots to carry out coverage more efficiently without
requiring stochastic exploration of the volume, as opposed
to some model-free methods. However, task generation must
be fast to compute, as it is performed sequentially for each
robot in a centralized way. Slow task generation will result
in scalability challenges as the number of robots increases,
which we addressed using the PH-tree data structure [15].

We introduce several technical improvements to our origi-
nal pipeline in [14] to make it applicable to physical real-time
multi-robot systems:

o We bring some adjustments to the pipeline to improve
coordination among robots and overall reliability, in-
cluding adjustments to the task generation, more effi-
cient ray-tracing, trajectory collision checks with cap-
tured point cloud, and a deadlock handling mechanism.

« We generalize the observability check introduced in
[14], allowing us to apply the method to more varied
geometries (see simulated experiments).

We extend the experimental validation of the method:

o« We adapt several state-of-the-art approaches to the
framework in [14] for comparison.

o We perform extensive simulation tests and compare the
performance of the method with other state-of-the-art
approaches, focusing in particular on the scalability with
respect to larger robot team sizes.

o We perform physical experiments with a team of up to
three robots to validate the applicability of the method
to real robots.

The remainder of this manuscript is structured as fol-
lows. We recall our previous method [14] and review the
improvements introduced in this work, as well as the state-
of-the-art methods implemented, in Section II, describe the
experimental setup in Section III, report on the obtained
results in Section IV, and discuss them in Section V.

II. METHODS

We first recall our original method proposed in [14] and
then introduce several technical improvements that enable
a safer deployment of the method to real robots. We then
introduce several variants of the method, adapted from
various state-of-the-art approaches, which we will use for
comparison.

A. Original Method

A ground station generates observation tasks centrally
and assigns them to a team of MAVs. The environment is
represented as a fixed resolution discrete voxel grid map. An
avoidance map is derived from it by expanding the obstacles
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Fig. 2: Pipeline overview with centralized task generation and
assignment to each robot, and distributed coordination for the
execution of the tasks by the robot team.

and is used by the ground station and the robots to enforce a
minimal distance between the robots and the obstacles in the
environment. An important design element is that the map
is shared with each robots before the mission start and is no
longer exchanged afterwards. Regarding sensing data, they
can be either broadcasted in real-time, or stored onboard
each robot during the mission, depending on the needs of
the mission and available communication bandwidth. In fact,
the ground station only needs to know the position and
heading at which an observation was carried out to deduce
which regions were observed, given known intrinsic and
extrinsic parameters of the sensors onboard the MAVs. A
PH-tree [15] is used to reference uncovered voxels in the
Region Of Interest (ROI) and query them efficiently by the
ground station, offering efficient k-Nearest-Neighbors (KNN)
and box query functionalities. Each voxel in the ROI stores
information about its observation status, as well as the status
of its individual faces, which are used to select voxel and face
pairs to be observed during the task generation process. More
concretely, tasks are constructed by performing a KNN query
centered at the current robot position on the voxels within
the ROI that have not been observed so far. For each voxel
candidate returned, a face is selected based on its orientation
relative to the robot’s and observation status (i.e., whether it
is observed or obstructed), and a set of viewpoints with a
line of sight to the face is generated. The resulting voxel,
face and viewpoints triplet, to be sent as a task to the robot,
is selected based on simple distance heuristics relative to the
robot’s position and heading. This process is summarized in
Alg. 1. The robots coordinate their trajectories to perform
their assigned task and report to the ground station when a
task is completed or aborted, communicating as well their
position and heading at the time of completion. With this
information, the ground station systematically updates the
observation status of the map and generates a new task for
each robot reporting a completed or aborted task. Robots
continuously share with each other their current position and
planned path, which prevents the generation of potentially
unsafe intersecting trajectories. The overall architecture is
illustrated in Fig. 2.

B. Pipeline Improvements

We propose the following improvements to the pipeline in
[14]. While these changes do not fundamentally change the
pipeline’s behavior, they significantly improve its reliability.
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Algorithm 1 Task generation algorithm from [14]. We add in this
work the condition at line 7.

Require: p, € R (Robot position) , 8, € R (Robot heading) ,
PH-tree (Initialized PH-tree) , C (cache of viewpoints
for {voxel, face} pairs)

> Voxel and face selection

V<[] > empty {voxel, face} pairs priority queue

: for all v € PH-tree KNN(p,) do > voxel KNN query
f < SELECT_FACE(v, p;)

L V.push({v.f}) > Add {voxel, face} pair to priority queue

bl S

> Sorted task list generation
T+« [] > Empty list of tasks
: for all {v,f} €V do > Generate viewpoints for each pair
if {v,f} is currently assigned then
| continue
9: if C.contains({v,f}) then
| We Cget{n.fh
11: else
12: W < VIEWPOINTS_GENERATION(V,f)
13: L C.push({v.f}, W) > Cache the viewpoints W
14: T.append(t(v,f,W)) > Append the {v,f} pair and view-
. points W as a new task T to T
15: T < sort(T) > Sort tasks according to effective viewpoints W,

robot position p, and heading 6,

A

> Use cached viewpoints

> Task assignment
16: for all T T do
17: if 7 ¢ B, then > Tusk 7 is not in the robot’s task buffer B,
18: B,.push(t) > Add the task to the robot’s task buffer
19:
20: B, .clear()

Send task 7 to robot r and exit
> Empty the robot’s task buffer
21: Send first task 7 in T to robot r and exit

1) Task Generation: When originally performing the
KNN query, the {voxel, face} pairs are sorted in the priority
queue in Alg. 1, line 4, according to the distance from the
voxel to the current position of the robot, and the alignment
of the current robot heading with the normal direction of the
face. However, this overlooks the fact that a voxel located
further away could yield viewpoints closer to the current
position of the robot, compared to the closest voxels. For this
reason, we compute the theoretical viewpoint at the desired
observation distance directly facing the voxel face and apply
the same heuristic to the viewpoint. To keep the evaluation
efficient, we do not perform any collision or line-of-sight
check on the viewpoint and assume that it is valid.

Finally, when compiling tasks from the {voxel, face} pairs,
we only create a task if the pair is currently not assigned
to any other robot. The corresponding check is reported in
Alg. 1, line 7. This simple yet effective check allows us to
minimize redundant task assignments and reduce the risk of
assigning conflicting tasks to robots.

2) Efficient Ray Tracing: Instead of the naive ray tracing
employed in [14] that traces a predetermined series of rays,
we leverage the fact that the environment is known and use
the PH-tree’s box query to only trace the necessary rays from
the unobserved voxels within the robot’s FoV. Concretely, we
perform a box query centered on the robot’s position within
an axis-aligned cube with edge length equal to twice the
sensor range, discard voxels within this box that do not fall
within the sensor’s FoV, and trace rays from the remaining
voxels to the robot’s position to check for line of sight. This
allows us to efficiently update the map upon task completion

before reassigning a new task to the robot.

3) Trajectory Collision Check: The robots use the point
cloud data captured by their ToF camera to assess whether
their planned trajectory is in collision with the environment
(due to inaccurate environment modeling, communication
failure between robots, or drift from the intended path),
requiring to recompute a safe trajectory. We filter the raw
point cloud of the sensor using a voxel grid filter to enforce
an upper bound on the point density and filter out sensor
noise, sample the trajectory from the current position at
five evenly spaced locations in time over a three-second
horizon, and fit a second-order polynomial. Locally fitting
the trajectory in this way allows us to efficiently compute
the distance between any point and the polynomial in closed
form and efficiently detect collisions.

4) Deadlock Handling: Some MAVs may end up in a
deadlock, where they fail to complete a task for the same
reason several times in a row (typically due to another
robot blocking the assigned goal). We implement a sim-
ple deadlock resolution method, where if a given robot
repeatedly reports aborted tasks for the same reason (we set
the threshold to five), it is assigned a random task in the
environment.

5) Observability Check: We extend the offline observabil-
ity check proposed in [14], used to preprocess the ROI and
identify observable voxels within it. In the original approach,
the observability check consists in sampling poses along the
surfaces of the environment’s bounding box, verifying which
voxels are visible by performing KNN queries on the PH-
tree from these locations, and checking for a line of sight
to the returned voxels. In our new version, we grow an
RRT* tree within the avoidance map from a feasible seed
position to ensure the validity of the sampled poses, but also
their connectivity, thus ensuring that they are reachable. This
approach allows us to identify observable voxels for any
environment geometry. During the line-of-sight check, we
use the camera model of the sensor to assess which voxels
can fall within its FoV. We assume that the MAVs can rotate
at 360° and thus we only check the sensor’s vertical FoV
and range. We illustrate the end result of this process in Fig.
3 in the apartment environment in Fig. 5c.

Fig. 3: Observability check example, where the RRT* algorithm
is used to grow a tree (shown in red) from a feasible location in
the environment to be inspected of Fig. Sc and discover observable
voxels (shown in green) within the ROI, given obstacle and sensor
characteristics constraints.
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C. Benchmarking

We benchmark our coverage strategy with alternative
state-of-the-art variants. We fully implement each alternative
coverage method and do not rely on open-source imple-
mentations to ensure proper and fair integration within our
framework, where tasks are generated centrally by the ground
station. Thus, each method presented here alters how the
task generation process is handled on the ground station, but
does not alter the robots behavior. We selected the methods
listed hereafter, including NBV and Frontiers approaches.
Although these approaches were initially designed for the
exploration of unknown environments, they offer relevant
mechanisms for the coverage of known assets as well. Fron-
tiers will enforce a more progressive coverage, while NBV
should produce more optimal viewpoints since information
gain is considered. For a fairer comparison, we introduce a
version of NBV where the knowledge of the environment is
leveraged to achieve more efficient viewpoint sampling (see
Section II-C.4).

1) PH-Tree + Distance Heuristics (DH, this method):
This constitutes the base method, as described in Section II-
A, where the PH-tree is used to perform KNN voxel queries
around the robots’ location to generate tasks, using simple
distance heuristics as per [14].

2) PH-tree + Information Gain (IG): The method is
identical to the original one, but instead of using distance
heuristics between the closest viewpoint and the robot’s
position and heading when sorting tasks in Alg. 1, line 15, we
calculate and use the information gain a {voxel, face} pair
would yield if selected, as the number of uncovered voxels
[7] that would be visible from the corresponding viewpoint.
The tasks are thus sorted according to their information gain,
instead of the default distance heuristic.

3) Next-Best-View (NBV): This follows the algorithm pro-
posed by Bircher et al. [7]. Here, an RRT* tree is grown from
the current location of the robot. Up to 50 nodes are added to
the tree. Once the tree is created, the headings are uniformly
sampled for each node. Then, the information gain for each
node is calculated (as the number of uncovered voxels visible
from that node’s position and heading), to which is added
the node’s parent’s gain in a cumulative fashion. The branch
with the highest gain is then selected, and the first node is
sent as a target to the robot. Fig. 4 shows a resulting tree
with the best branch highlighted in red. As in [7], we retain
the best branch and use it to initialize the tree in the next task
generation and recompute the gains of the preserved branch
before regrowing the tree. In case of deadlock, all branches
in the tree are discarded.

4) NBV + Assisted Heading (AH): The same approach is
used as in the NBV method, but the heading is computed
from the direction towards the weighted center of mass of
nearby voxels, using weights inversely proportional to the
distance between the robot and the voxels. The nearby voxels
are queried using the PH-tree box query, similarly to the
query proposed for the ray-tracing approach described in
Section II-B.2. We apply the following exponential decay
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Fig. 4: RRT* tree in the NBV method. Edges (in green) and nodes
(in blue) are constructed for each task generation and the branch
with the highest gain spanning from the robot position is selected
(red nodes). The remaining unobserved voxels in the ROI are shown
in green.

weighting scheme:

wy =exp(—[le, —prl)) M
where the voxel v is assigned the weight w,, given its center
position ¢, € R? and the position p, € R* of robot r.

5) Frontiers: We follow the frontier principle proposed
in [5]. We keep track of the subset of unobserved voxels
directly adjacent to observed voxels and restrict the PH-tree
KNN queries in Alg. 1, line 2 to this set, performing task
selection as in the PH-tree+DH method. If this set is empty
(e.g., due to discontinuous regions), we default to the global
KNN queries of the PH-tree+DH method until the frontier
set is non-empty.

D. Metrics

To analyze the performance of the system, we rely on the
following metrics.

o Task Generation Duration [s]: The total time elapsed
while executing the task generation in Alg. 1.

o Observation Efficiency [voxels]: Number of newly ob-
served voxels for each completed task.

e Mission Duration [min]: The total elapsed time between
the first and last tasks performed.

e Robot Trajectory Length [m]: The length of the trajec-
tory performed by a robot.

o Activity Rate [%]: The ratio of the time spent processing
and performing tasks by a robot to the total duration of
the mission.

Except for the Task Generation Duration and Mission Du-
ration metrics, these metrics are computed individually for
each robot and aggregated when presenting the results.

III. EXPERIMENTAL SETUP

We perform extensive simulation experiments to bench-
mark the methods mentioned above and validate our ap-
proach with up to three real robots in physical experiments.
We use the ROS1 middleware and employ its capabilities
for inter-robot and robot-ground station communications. We
adopt a single-master approach, where the ground station
serves as such.

A. Simulated Experiments

We run our simulated experiments on a desktop computer
equipped with a sixteen cores 11th Gen Intel Core i9-11900
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CPU. We use the open-source, high-fidelity simulator Webots
[16] to perform our experiments, which provides realistic
rigid-body physics, sensor emulation, and a simple propeller
model. We run a custom autopilot controller for each robot
(see the modeled robot in Fig. 5d), emulating the PX4 control
stack and its MAVROS interface. Thus, the code running in
the simulation is identical to the one running on board the
real drones.

For our experiments, we used three different environ-
ments, shown in Fig. 5. The tank wagon in Fig. 5a is
the simplest environment with a nearly convex shape. We
define a 6.6 x 3.3 x 4.2 m® ROI at a resolution of 10 cm
with 12°081 voxels, corresponding to half of the tank. The
transmission tower in Fig. 5b represents a slightly more
challenging environment due to its more complex overall
geometry. We define a 10.2 x 1.9 x 9.7 m? ROI starting at a
height of 12 m corresponding to the upper part of the tower
at a resolution of 10 cm with 10’718 voxels. Finally, the
apartment environment in Fig. 5c is the most challenging,
with cluttered rooms and narrow passages. The ROI spans
12.7 x 13.4 x 1 m? at a height of 1 m above the apartment
floor. We used a resolution of 10 cm with 28’773 voxels.

We tested the five methods introduced in Section II-C
in each environment. Furthermore, we evaluated them with
different robot team sizes, specifically, teams of 1, 3, 6 and 10
robots. Finally, we performed five trials for each combination
of environment, method, and number of robots, resulting in
a total of 5 x 3 x5 x4 =300 simulation runs. We stop each
simulation run when the coverage reaches 90%, as the last
coverage percentages take significantly longer to execute due
to the sparsity and spread of the remaining unobserved voxels
in the ROL

In all experiments, robots start grouped from the same
location nearby or within the asset, and the PH-tree+DH
method is used to generate the first task of each robot, so
that all methods start with a comparable configuration in
each run. Although we do not modify the initial conditions
of the experiments, each experimental run yields slightly
different results even for the same environment, team size,
and method, as several independent processes run concur-
rently during a simulation, and thus no hard synchronicity is
enforced.

B. Physical Experiments

We perform physical experiments in our flying arena of
dimensions 12 x 10 x 5 m?, equipped with a Motion Capture
System (MCS), produced by Motion Analysis, providing
millimeter-level tracking accuracy. We use a laptop as ground
station, with an eight-core Intel Core i7-10510U CPU,
serving as ROS master. The ground station uses a wired
connection to the modem that delivers the local network,
and the robots use a 5GHz Wi-Fi connection. We perform
experiments with teams of one, two, and three robots, using
our method, where the robot team must cover an asset located
in the middle of the flying arena and reach a coverage of
95%. We perform three experiments for each robot team size,
for a total of nine experiments (see Fig. 1 showing one of

the experiments performed).

1) Real Asset: We use wooden structures, displayed in
Fig. 6a, in our flying arena to emulate an asset, occu-
pying a 5x4.9 x 1.4 m® volume. We map the asset by
manually flying one of the MAVs shown in Fig. 7 and
capturing point cloud data generated by the onboard ToF
camera. We accurately track the pose of the robot with
our MCS to transform the measured point clouds into the
frame of the MCS. We model occupancy following the log-
odds occupancy formulation of [17] and perform offline a
denoising step by removing any voxel with less than two
direct neighbors, resulting in the map shown in Fig. 6b.

=

T

(a) Real asset, constituted of various  (b) Captured map at 10 cm resolu-
wooden structures. tion.

Fig. 6: Structure used for real world experiments and the resulting
map.

2) Micro Aerial Vehicles: We use the Starlingl platform
produced by ModalAl Inc., equipped with a VOXL-Flight
board fitted with a Snapdragon 821 quad-core CPU and a
Flight Core PX4 flight controller [18]. It spans 190 mm
diagonally and weighs slightly more than 300 g. The MAV
runs the PX4 autopilot and is interfaced over ROS1 using
MAVROS. State estimation is performed by onboard monoc-
ular VIO, using a 45° downward looking global shutter
wide-angle camera, running Qualcomm’s proprietary VIO
solution mvVISLAM. Alternatively, the VIO estimate can be
substituted with the pose measured by our MCS for better
state stability. The MAV is equipped with a forward-facing
ToF camera with horizontal and vertical FoV of, respectively,
85.1° and 106.5°, able to measure distances in the range
[0.5,4] m.

Fig. 7: Team of three Starlingl MAVs used for the physical
experiments.

3) State Estimation: We use two modalities for on-board
state estimation. When performing experiments with one or
two robots, we use the VIO estimate produced by the MAVs.
This estimate has its origin set to where it is initialized and
is used by the autopilot for stabilization. Thus, we use the
MCS to localize this origin and express the MAV’s pose
in the arena, allowing us to transform poses between the
odometry frame and the frame in which the environment is
expressed. Alternatively, when using three robots, we disable
the VIO pipeline and directly fuse the MCS-tracked pose into
the onboard state estimate. This was necessary as the VIO
estimate became too unreliable when running concurrently
with the planning logic (due to the computational load
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with
easily

(a) Tank wagon environment, with
roughly convex topology.

(b) Tower
highly non-convex but
traversable topology.

environment,

(c) Apartment environment, diffi-
cult to navigate due to clutter and
narrow passages between rooms.

(d) Simulated Starling MAV in the
Webots simulator [16].

Fig. 5: (a)-(c) Simulation environments in increasing order of complexity and (d) simulated MAV model.

induced by the increased complexity in navigation linked
to more robots generating more clutter in the environment
and requiring more complex navigation paths to be found).

IV. RESULTS

In this section, we first present the results from the
simulated experiments and then follow up with the results
from the physical experiments.

A. Simulation Experiments

We first gather the Task Generation Durations from the
300 experiments and report them as violin plots in Fig. 8 for
each method, with median, min, and max values. We see that
the PH-tree+DH (ours) and Frontiers methods outperforms
the other methods, with a median generation time of only
82 and 66 ms, respectively. Furthermore, the worst-case
durations for these methods is comparable to the median
generation time of the NBV methods.

Task Generation Durations

5.00 1
— 2241
w0

27100
-2 0.50

or

Durat
o
R

0.00 1

PH-treetDH PH-treetIG  NBV NBVHAH  Frontiers

Fig. 8: Task generation durations for each method in seconds, with
reported median, min and max values. A linear scale is applied
within the range [0,0.5] s and is made logarithmic for durations
above 0.5 s (interface marked by the dashed line).

We then examine the Observation Efficiency metric of
the methods in the first row of Fig. 9. All methods show
comparable performance. However, the only method that
tends to outperform all others in each environment is the
PH-tree+IG method. The median number of newly covered
voxels per observation is on average 360 +55% higher than
with any other method. Observing better efficiency here is
not surprising, as this method leverages both the known
environment and optimizes task selection based on informa-
tion gain. However, due to information gain calculations, the
PH-tree+IG method takes significantly longer to generate

tasks than the PH-tree+DH and Frontiers methods (see Fig.
8). The NBV methods that also use information gain do
not (fully) take advantage of the fact that the environment
is known and explore stochastically, producing less effi-
cient coverage. However, these methods outperform the PH-
tree+DH and Frontiers for the tower environment (Fig. 5b).
This can be explained by the topology of the structure, where
more numerous distant voxels can be seen at once, favoring
NBYV approaches, while still being outperformed by the PH-
tree+1G method.

Finally, we summarize the Mission Duration, Robot Tra-
Jjectory Length and Activity Rates metrics in the remaining
rows of Fig. 9. It is clear the NBV-based methods do not
allow as efficient coverage of the environment, as can be seen
in the Mission Duration plots (second row in Fig. 9). The
slow task generations and stochastic exploration make them
scale poorly with the number of robots, while remaining
competitive with smaller robot team sizes. A distinct effect of
the duration of task generation can be seen with the Activity
Rate metric (bottom row in Fig. 9). Methods with slower task
generation take longer to reassign tasks to robots, causing
them to wait longer between tasks. The only methods that
scale well with robot team size are the PH-tree+DH and
Frontiers methods. Overall, individual robot path lengths are
relatively consistent across methods. Notably, the simplest
PH-tree+DH method performs at least as well as any other
method and shows good behavior in all metrics with respect
to the robot team size, with the exception of being outper-
formed only in the Tower environment by the PH-tree+IG
method on the Mission Duration metric.

B. Physical Experiments

In Fig. 10, we report the coverage of the asset as a function
of time for the various robot team sizes. Fig. 1 shows
an experiment with three robots in more detail. It is clear
that the multi-robot configurations outperform the single-
robot one. However, increasing the robot team from two to
three robots does not result in an equivalent enhancement in
performance as observed when transitioning from a single-
to a two-robot configuration. Regarding the rate at which
coverage progresses, it is evident that the presence of a larger
number of robots results in a more consistent coverage rate.
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Fig. 9: Simulation results for the three environments, totaling 300 runs, reporting the median, min, and max values for each data point.

A slow down towards the end of the mission is inevitable, as
remaining unobserved voxels are scarce and possibly spread
between various locations. Furthermore, only a few (often
only one) voxels are observed per observation towards the
end of the mission.
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Fig. 10: Real experiment coverage over time of our method with
teams of 1, 2 and 3 robots in our flying arena. Individual experi-
ments (three per team size) are reported with thinner lines, while
the thicker lines represent their average.

V. CONCLUSION

In this work, we conducted the benchmarking and valida-
tion of the various improvements of the method proposed in
[14]. This method proposes a hybrid approach with central-
ized and distributed coordination schemes for the coverage of
known assets or environments, where a ground station plans
high-level observation tasks for the robots, and the robots
coordinate their trajectories to carry out these tasks. We first
proposed several improvements to the method introduced in
[14] to extend its applicability and facilitate its deployment
on real robots. We then implemented variants of the method
by taking inspiration from or using state-of-the-art methods
that leverage different paradigms for the coverage of an
asset. We performed extensive experiments in simulations,
allowing us to get insights on the performance and trade-
offs of the tested variants compared to ours, as a function
of the robot team size and complexity of the environment.
Interestingly, our method, despite relying on simple distance
heuristics but providing fast task generations, either outper-
forms or remains competitive with other methods leveraging
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more complex principles such as information gain or frontier
monitoring. We also show the scaling capabilities offered by
the efficient task generation process for larger robot team
sizes. We performed physical experiments with various robot
team sizes with up to three robots, showing the applicability
of the method to real MAVs, where the MAVs were running
all computations fully onboard.

Several aspects could be explored in the future. For
example, while this method can reach 100% coverage of an
asset, it would be beneficial to study the effective quality of
the coverage produced and its applicability to different fields,
such as visual inspection, object reconstructions, or others,
which induce different types of coverage requirements. Since
this method directly stores information in the map voxels,
altering its behavior can be done by adjusting the information
that is stored in them. Tests on real large-scale assets should
be performed. In GNSS-available settings, MAVs could be
deployed around an asset with absolute localization. Chal-
lenges in terms of communication could then be explored,
and multi-hop network strategies may need to be introduced
to ensure connectivity with the ground station for certain
environments. In GNSS-denied settings, the robots would
need to localize themselves in an absolute fashion, which is
a non-trivial problem and remains mostly an open question.
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