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Abstract—This paper tackles the problem of planning
minimum-energy coverage paths for multiple UAVs. The ad-
dressed Multi-UAV Coverage Path Planning (mCPP) is a crucial
problem for many UAV applications such as inspection and aerial
survey. However, the typical path-length objective of existing
approaches does not directly minimize the energy consumption,
nor allows for constraining energy of individual paths by the
battery capacity. To this end, we propose a novel mCPP method
that uses the optimal flight speed for minimizing energy con-
sumption per traveled distance and a simple yet precise energy
consumption estimation algorithm that is utilized during the
mCPP planning phase. The method decomposes a given area
with boustrophedon decomposition and represents the mCPP as
an instance of Multiple Set Traveling Salesman Problem with a
minimum energy objective and energy consumption constraint.
The proposed method is shown to outperform state-of-the-art
methods in terms of computational time and energy efficiency
of produced paths. The experimental results show that the
accuracy of the energy consumption estimation is on average
97% compared to real flight consumption. The feasibility of
the proposed method was verified in a real-world coverage
experiment with two UAVs.

Index Terms—Aerial Systems: Applications; Path Planning for
Multiple Mobile Robots or Agents; Planning, Scheduling and
Coordination

SUPPLEMENTARY MATERIAL
Video: https://youtu.be/S8kjqZp-G-0
Code: https://github.com/ctu-mrs/Energy AwareMCPP

I. INTRODUCTION

HE Coverage Path Planning (CPP) is frequently needed

for deployment of autonomous Unmanned Aerial Vehi-
cles (UAVs) in applications including agriculture [1], animal
population counting [2], post-earthquake assessment [3], dis-
aster management [4], and structure inspection [5]. The goal
of the CPP is to find paths that cover the entirety of a given
Area Of Interest (AOI) with the onboard sensor’s footprint.
This means covering AOI with the field of view of a camera
sensor or, for example, covering the area with sufficiently
dense measurements from LiDAR.
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Fig. 1: Stitched images taken by two UAVs in a real-
world experiment of the proposed energy-aware coverage path
planning method together with the photos of used UAVs. The
white polygon represents the area of interest, the red triangle
is a no-fly zone and the green lines are the flown trajectories
of the UAVs.

Most common optimized objective of CPP with UAVs is the
path length [6]. However, one of the main limitations of multi-
rotor UAVs is the restricted battery capacity, thus limited flight
time. Path length minimization does not directly minimize the
energy consumption, as short coverage trajectories with lots of
turns require more acceleration, thus energy, than trajectories
with mainly straight segments. Selection of suitable velocity
is also important, as low velocities lead to energy wasted
to defy gravity without covering much distance, while high
velocities leads to increased aerodynamic drag. Optimizing the
energy consumption can lead to shorter overall mission times
and/or fewer battery replacements, essential in time-limited
applications [2]. While few existing approaches minimize
energy consumption [7], [8], they only consider single-UAV
CPP, do not operate with arbitrary AOI, and require many
measurements to estimate the energy consumption for a spe-
cific UAV. This is due to the complexity of calculating energy
consumption, which is a limiting factor for quick evaluation
of many possible paths needed for the CPP planning.

The CPP problem can be represented as the well-known NP-
hard Traveling Salesman Problem (TSP) to minimize a path
that visits individual cells of decomposed AOI [9]. Therefore,
solution approximations are necessary to reach reasonable
computation times for large areas. Most recent algorithms [6]
decompose the area into smaller sub-polygons or into a grid



pattern. Despite that, the CPP is still a challenging problem,
especially for the energy-aware CPP with multiple robots.
Each decomposed sub-polygon has to be covered with a
trajectory minimizing energy consumption, which depends on
the flight speed and an angle of the back-and-forth coverage
trajectory pattern. The decomposition has to account for the
sub-polygons’ coverage energy, as their distribution among
multiple UAVs and the order of visit affect the final energy
consumption. These dependencies between the CPP stages
(i.e. the area decomposition, back-and-forth trajectory plan-
ning, multi-UAV sub-polygon allocation, and sub-polygons’
visit ordering), make the energy-aware Multi-UAV CPP a
challenging problem. The allocation and ordering problems
can be (for a number of trajectories in each sub-polygon)
naturally represented as Multiple Set Traveling Salesman
Problem (MS-TSP) [10], which is a multi-robot and budget-
constrained extension of the Generalized Traveling Salesman
Problem (GTSP) [11].

This letter proposes an energy-aware multi-UAV CPP al-
gorithm that optimizes the energy consumption of vehicle
trajectories. We calculate an optimal flight velocity that max-
imizes traveled distance [12] for a given UAV based on its
physical parameters. The energy consumption of the multi-
UAV CPP solution is minimized by using the optimal velocity
for the coverage trajectories, and by using our fast algorithm
for estimating trajectory energy during the CPP planning. The
algorithm uses boustrophedon cellular decomposition [13],
back-and-forth sweeping patterns in each sub-polygon, the
MS-TSP representation of the multi-UAV CPP problem and
proposed heuristic solver of the MS-TSP. By using energy
estimation during the planning, we can both minimize the
energy consumption and account for the energy consumption
constraint imposed by the battery capacity.

Contributions of this letter are as follows. We propose
path energy consumption as an objective in multi-UAV cov-
erage path planning by utilizing optimal flight speed [12].
We introduce a reduction of the CPP problem to MS-TSP
formulation. To the best of our knowledge, this is the first
method that directly considers battery capacity constraints
during the CPP planning phase to create feasible and energy-
efficient multi-UAV missions. We verify the method in real-
world experiments with multiple UAVs in a visual-coverage
experiment depicted in Figure 1, and we show that the
energy consumption estimation of produced trajectories has
on average 97% precision. Moreover, our method outperforms
the state-of-the-art methods [9], [14], [15] both in minimizing
energy consumption and computational time, although they
solve a similar problem without considering optimal speed,
energy-aware planning or even no-fly-zones [15]. Finally, all
the methods described here are open-sourced.

II. RELATED WORK

Various methods for solving the CPP have been surveyed
in [16], and for CPP with UAV applications more recently
in [6]. They can be classified by different methods of area
decomposition. Some methods use exact cellular decomposi-
tion combined with coverage patterns such as sweeping [9]

or spiral paths [8], while others [2] use approximate cellular
decomposition and form a graph from the resulting cells.
The utilized boustrophedon cellular decomposition [13] offers
advantages, as shown in [9], due to usually fewer sub-polygons
being decomposed and thus smaller overhead on traveling
between them is needed.

The optimization objective of CPP in UAV applications can
vary. Some works optimize total flight path length [2], [9], [14]
as in the Capacited Vehicle Routing Problem (CVRP) [17],
total vehicle flight time [9], number of vehicle path turns [18]
or the vehicle energy consumed by the UAV moving along
the optimized path [8]. In long-duration CPP flights, proper
energy consumption estimation is needed both to fully utilize
the vehicle flight budget and to eliminate mission preemption
due to low battery charge. While some works focus on power
consumption in hover conditions, e.g. [19], [20], we opted
to utilize the method for estimation of energy consumption
during a fast flight [12] which minimizes the energy per
covered distance.

Multi-vehicle generalizations of CPP are the Cooperative
Coverage Path Planning (CCPP) [21] for 3D visual inspection
and the multi-vehicle Coverage Path Planning (mCPP) [14]
for area coverage. The latter utilizes Minimum Spanning
Tree (MST) to approximate cellular decomposition into a
square grid together with minimizing the number of turns
for energy-efficient paths. The algorithm uses Divide Areas
based on Robot’s initial Positions (DARP) algorithm [22]
for the area decomposition. A recent work presents a Path
Optimization for Population Counting with Overhead Robotic
Networks (POPCORN) [2] for mCPP. The approach uses exact
cellular decomposition with problem representation as a series
of satisfiability modulo theory instances formulated similarly
to [23]. The main objective of the algorithm is to minimize
vehicle path lengths. The work [2] was extended more recently
in [15], where a similar approach is used, but the original
AOI is firstly split to reduce computation times. The new
approach, Split And Link Tiles (SALT) [15], allows planning
for large environments in a reasonable time as it is the number
of instances that grows instead of their complexity. However,
splitting the area and coverage of each sub-area separately
leads to worse results in terms of path length due to the
constrained set of solutions.

A single-UAV approach that utilizes an exact cellular de-
composition and back and forth sweeping patterns is presented
in [9], where multitude of coverage paths are generated for
each sub-cell. The problem of deciding which paths to select
in each sub-cell and in which order to connect them is
converted to an instance of a Generalized Traveling Salesman
Problem (GTSP) [11], which is solved exactly. The objective
of the algorithm is to minimize vehicle flight time, assuming
UAV stops at each turning point with immediate acceleration
change and a trapezoidal speed profile.

A similar approach is also used in [24], where multi-regional
CPP is presented. The main distinction with the problem
presented herein is that regions may be spaced far apart from
each other. The problem is reduced to the Energy constrained
Multiple TSP-CPP (EMTSP-CPP) and two approaches for
solving the problem are presented: Branch and Bound and



Genetic Algorithm. The authors show multiple numerical
experiments with two objective functions: minimizing the sum
of route lengths and minimizing the maximum route length
among all the UAVs. However, the approach assumes constant
velocity coverage, and the energy constraint is only in the form
of limited path length.

In contrast, our method models the UAV up to limited
acceleration and uses the optimal velocity to minimize the
coverage energy for a given UAV. Moreover, through accurate
and fast energy consumption estimation used during CPP
planning, our method can directly use the energy constraints
of the battery. A comparison of the discussed approaches is
summarized in Table I. There, the main difference between
“Energy-efficient” and “Energy-aware” fields is that the former
means minimizing a metric related to energy consumption
(route length, number of turns etc.) while the latter means
taking into account energy consumption directly.

TABLE I: Qualitative comparison of the related methods

Our  POPCORN+SALT [15] MST [14] GTSP [9] Spiral (8]

Multi-UAV
Energy-efficient
Energy-aware
Path length constraint
Path energy constraint
Arbitrary AOI
No-fly-zones
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III. ENERGY-AWARE MULTI-UAV COVERAGE PLANNING

We first present the high-level description of the proposed
energy-aware multi-UAV CPP algorithm in Sec. III-A. Af-
terward, energy consumption estimation based on trajectory
generation and the novel fast energy consumption estima-
tion algorithms are described, both leveraging the pen-and-
paper algorithm for calculating the optimal speed per traveled
distance from [12]. Finally, each part of the path-planning
algorithm is described such as the area decomposition based
on Boustrophedon Cellular Decomposition (BCD) [25], the
novel problem conversion to MS-TSP instance, and the MS-
TSP solver extending the approach presented in [10].

A. CPP algorithm

The proposed CPP algorithm is designed to plan paths for a
specified amount of UAVs as well as to minimize the number
of paths (needed UAV flights) while the maximum path energy
stays below a user-defined limit. For the second case, the
planning is done several times, increasing the number of paths
generated until the constrained is met.

The method is summarized in Algorithm 1, where Nyay
is the number of UAVS, Eyoung is the upper bound on the
largest path energy, and N,,;, is the minimum number of
sub-polygons per UAV after decomposition. A single planning
step for a specified number of paths starts with a greedy
calculation of Ny, g1¢s best initial rotation angles for the input
polygon (see Section III-C). For each of those angles, an
initial AOI is rotated by that angle and decomposed using
Boustrophedon Cellular Decomposition (BCD) [25] into a set
of non-overlapping polygons. If the number of polygons is
smaller than the user-defined limit (Ny,;y, - Npaths), polygons
with the largest area are divided. For each of the resulting
polygons, different back-and-forth coverage paths with distinct

Algorithm 1: Energy-aware multi-UAV CPP

Input: AOI, Nyav, UAV_parameters, Epound, Nmin
Output: best_paths
1 best_paths = {}
2 Enax = +00
3 Npans = Nuav
4 while E,,ax > Fbvouna do

> maximum path energy from best_paths
> number of paths to generate

5 Emax = +OO, Elot = +o00

6 get best rotation angles best_angles (Sec. III-C)

7 for a € best_angles do

8 sub_polygons = BCD(rotate(AOL a))

9 divide sub_polygons into at least Nmin - Npas parts

10 MSTSP_nodes = {}

11 for polygon € sub_polygons do

12 paths. = get_coverage_paths(polygon, Npamns)

13 nodes_set = {}

14 for path € paths. do

15 | add path to nodes_set

16 add nodes_set to MSTSP_nodes

17 construct MSTSP_instance from MSTSP_nodes

18 paths = solve(MSTSP_instance, UAV_parameters)

19 E = maxpepuns path_energy(p)

20 if £ < Emax then

21 Fox = F

2 Eiot = 3~ e pans Path_energy(p) > sum of path
energies over generated paths

23 best_paths = paths

4 | Npaths = max{ceil(Elot/Ebound), Npaths + 1}

sweeping angle are generated. Each of these paths is then
represented by a node in a weighted graph with a weight
equal to the estimated energy consumption of a UAV following
that path. By grouping all the graph nodes corresponding to
the same sub-polygon into a set, we can generate directed
edges between each pair of nodes from different sets. The
weight of such edges is equal to the energy needed to move
from the last point of the source node path to the first point
of the destination node path. Finally, initial and end nodes
that represent UAVs’ initial and end positions are added. This
process is depicted in Figure 2.

After the transformation to MS-TSP, the instance is solved
on the created graph representation. The solver uses Greedy
Randomized Adaptive Search Procedure [26] with Greedy
Random Search Procedure GRP for initial solution generation
followed by Tabu Search (TS) for searching for a better
solution. UAV paths are then recovered from the solution by
replacing solution nodes with corresponding coverage paths
and edges with a path connecting two adjacent paths.

B. Estimation of path energy consumption

The estimation of path energy consumption is based on
the pen-and-paper algorithm introduced in [12]. Based on the
UAV’s physical parameters, it can estimate the optimal speed
for maximizing the flight distance and power consumption
during either flying with such a speed or in hover conditions.
The optimal speed then minimizes the energy consumption
of traveling along a straight segment with a fixed distance.
However, for energy consumption during traveling along a
path with turns and speed drops, the model has to be extended.
We use two different energy consumption estimation methods
that are different in accuracy and computation time:
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Fig. 2: Problem transformation into an MS-TSP instance. Each value w,x corresponds to the energy needed to perform
sweeping pattern x. Each w, , denotes the energy needed to get from the last point of sweeping pattern x to the first point of
sweeping pattern y. Init and End nodes represent UAV’s initial and end positions.

« estimation by generating a trajectory with Time-Optimal
Path Parameterization Based on Reachability Analysis
(TOPPRA) [27],

e our proposed energy consumption estimation based on
path waypoints which does not require trajectory gener-
ation and allows real-time planning on large instances.

Energy consumption estimation with TOPPRA. Even
though the TOPPRA [27] is not originally designed for UAV
trajectory generation, it works well for our task under certain
assumptions. The energy consumption is estimated based on
the UAV trajectory generated for the coverage paths. In the
beginning, the method uses a cubic spline [28] interpolation
of the path. Then, a time parametrization is found using
the TOPPRA using the optimal speed as a speed limit. The
resulting trajectory is sampled and the energy is calculated
as the sum of kinetic energy differences between each pair of
neighboring points and the energy needed to keep moving with
the speed in each waypoint. The latter is calculated as either
the power spent on hover P, or during flight with the optimal
speed P, both calculated by the pen-and-paper algorithm [12].
For speeds between 0 and the optimal velocity, the power
consumption is approximated with the consumption in hover.
This is done due to the complexity of the speed-to-power
consumption relation and we show that this approximation
works well in real-world experiments described in section IV.

Energy consumption estimation without trajectory gener-
ation. As computing a trajectory of long coverage paths is
usually a time-consuming task, we introduce a novel energy
consumption estimation algorithm that does not perform any
trajectory generation. Accepting N waypoints as an input,
the algorithm has a time complexity of O(N), which allows
multiple runs during the path planning phase.

Firstly, the turning properties of each turn are calculated
considering the situation depicted in Figure 3. There, the red
vector, located along the y axis, is the speed vector before the
turn, the green one is the speed vector after the turn and the
gray vector represents the speed in the middle of the turn.
Speed is considered to change along the blue dashed line
during the turn. Value v, is the optimal speed for the longest
range, obtained from the pen-and-paper algorithm, v, is the
maximum possible speed before the turn, and v, is the speed
along y axis in the middle of the turn. In Fig. 3(b), the assumed
turn trajectory (green line) is shown, together with the original
path marked with a solid black line, and the allowed deviation
area marked with dotted lines.

@= Gz | a=—ap |
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Fig. 3: (a) velocity vectors during turn, (b) assumed turn
trajectory, (c) speed profile projected on path segment.
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The main constraint here is the maximum allowed path
deviation, which imposes a constraint on the speed in the
middle of the turn (gray vector in Fig. 3(a)). If it is large
enough, the speed can change from red to green vectors along
a line, but in case of smaller deviation allowed, the UAV needs
to slow down before turning to not break the constraint.

For each turn, knowing the turning angle ¢, values of v;,
and vy, are calculated as follows:

Gz = Gmaz - c0S(¢/2), Ay = Amag - SIN(0/2),

90° — -

dv, = min(v/2 - dmaz Gz, M),

dvy = tan(¢/2) - dvy,
dvy

UVym = T 7o

"= tan(9/2)

where d,,., 1S the maximal allowed deviation, a,,q, is the

acceleration limit, a, and a, are the accelerations along x

and y axes respectively, dv, and dv, are differences between
red and grey vectors along x and y axes, respectively.

(1)

Vin = Uym + de,

For each path segment between two turns, the speed of the
UAV projected on a path segment is assumed to have the
profile depicted in Fig. 3(c). From this assumption, depending
on the specific situation (UAV can reach the optimal speed on
the segment, UAV can reach max(vin1, Vin2), but not v, etc.),
the flight time and energy consumption are found. For speeds
between 0 and v,, the power consumption is approximated
with the energy in hover similarly to the estimation with
TOPPRA trajectories.

Here it can be seen that due to considering instant accelera-
tion change and ignoring the exact UAV position during turns



that may lead to more complicated trajectories, the algorithm
has errors in energy consumption estimation. For example, if
on a path segment, the UAV can not reach the v,,, speed
before the turn, it influences the initial speed on the next
segment and further ones. By taking into account each turn
and segment separately, these relations are ignored in the
proposed algorithm. Nevertheless, the approximation is fast
which allows using it during the planning of CPP, and it is also
accurate enough as shown in real-world experiments described
in section IV.

C. Area decomposition

The first step of the proposed CPP algorithm previously
summarized in Sec. III-A is the area decomposition. For
this purpose, the boustrophedon cellular decomposition (BCD)
[25] is used. As the algorithm implies traversing the AOI
points from left to right and creating vertical lines, the
rotation of the original AOI before decomposition leads to
different decomposition results. For estimation of the best
initial rotation, the method described in [9] is used. The area
is decomposed using each of the boundary segment’s rotation
as the initial one, and each decomposition is evaluated using
the cost function

m
w = Z Ymazx,i = Ymin, i, )
i=1
where m is the number of sub-polygons, Ymin,; and Ymaaz,i
are y coordinates of lowermost and uppermost boundary points
of i-th segment correspondingly. Best N, ;¢ initial rotations
minimizing the cost function are then selected, and the whole
path planning algorithm is run for each of them separately.
The Ngngies 1s a user-defined parameter and can vary from 1
to the number of AOI boundary segments.

After the initial rotation is fixed, the AOI is again decom-
posed using BCD. In the output, the number of sub-polygons
m should be m > Nyav - Ninin, Where Nyay is the number
of UAVs and N,,;, is the minimum number of sub-polygons
per UAYV, set by the user. If and until this condition is not met,
the largest sub-polygons are divided into smaller ones.

The value N,,;, is selected and tuned by the user for each
specific planning task. Setting it too large results in too many
polygons after the decomposition and sub-optimal coverage
due to increased time of travel and overlapping coverage
between adjacent sub-polygons. On the other hand, setting
it too low can result in uneven work distribution among the
UAVs.

D. Sub-polygons coverage

Having the AOI decomposed into sub-polygons, multiple
sweeping coverage paths are generated for each of them. This
algorithm step is based on a statistical analysis showing that
the most energy-efficient paths usually have sweeping lines
along the longest edge of the polygon. Therefore, for the
i-th sub-polygon 4 - min(N; feas, Ne) sweeping patterns are
generated along min(N; feas, Ne) longest edges in feasible
sweeping directions. The V; e, is the number of ¢-th feasible

polygon sweeping edges, and the NN, is the maximum number
of sweeping rotations in each sub-polygon.

When creating sweeping paths along the chosen edge, the
two possible start points are located at each end of that edge at
the distance § from it, where s is the sweeping step. This leads
to two corresponding end locations that can also serve as start
locations by changing each path’s direction, leading to four
possible sweeping paths. The sweeping direction is feasible
if vertical lines along this direction don’t leave polygon area
(see Figure 2 for an example).

E. Conversion of the Multi-UAV CPP problem to MS-TSP
instance

After having multiple sweeping coverage paths for sub-
polygons, each is assigned one graph node, where the weight
of the node is equal to the energy needed to fly along it. All
of the nodes associated with same sub-polygon are grouped
into the same set. Edges connecting each pair of nodes from
different sets are added with the weight of an edge equal to
the energy spent to travel from the last point of the sweeping
pattern associated with the source node to the first point of the
sweeping pattern associated with the destination node. This
process is depicted in Figure 2.

FE. MS-TSP solver

Considering that the number of nodes in generated graph
may be large and that the algorithm should obtain a solution
in a short time just before the flight, we utilize a meta-
heuristic algorithm to quickly find possibly only a sub-optimal
solution. This algorithm is a modification of the Greedy
Random Adaptive Search Procedure (GRASP) meta-heuristics
described in [10].

Both the total energy consumption and the maximum energy
spent by any of the UAVs may be considered as a cost
function for MS-TSP. However, both have their respective
drawbacks. The first can easily lead to uneven workload
distribution among the vehicles, while the second function
might lead to multiple solutions having the same cost, making
the exploitation part of the optimization procedure difficult.
For this reason, both cost functions, referred to as a tuple
(max_path_cost, average_path_cost), are used in tandem.
The maximum energy consumption is used for initial cost
comparison, and the average energy consumption is used in
the case of two solutions having the same cost.

Algorithm 2: MS-TSP solver

Input: problem_instance

Output: instance_solution

Securrent = GRASP(problem_instance)

Sbest =S

i=20

Thist = {S }

while ¢ < imax do
N = solution_neighbourhood(S)
Scurrent = arg minge v\ 7, cost(S)
if cost(Securrent) < cost(Shes) then

L Sbesl = Scurrem

> iterations without update
> tabu list
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Fig. 4: Scenarios used for experimental evaluation of the proposed method. Shade of-green polygons represent fly-zones, red
polygons are no-fly-zones, and red dot markers represent UAVs’ initial positions. All values in the scales are in meters.

The first step of the MS-TSP solver presented in Al-
gorithm 2 is the Greedy Random search Procedure (GRP)
described in detail in [10]. It is used as the initial solution
generator where the solution is represented as a list of paths
with one path for every UAV. Each path is a list of graph
nodes representing the sweeping patterns and their ordering.
Adaptive Tabu Search (TS) is then used to improve the initial
solution using four moves that search through the solution
neighborhood. The solution neighborhood generation uses
randomly one of the following four moves:

1) Random shift: randomly choose a node and move it into
a random position among all paths.

2) Best shift: Randomly choose a node. Iteratively find the
best position for it and move it there.

3) Best swap: Randomly choose a node. Iteratively find the
best node to swap it with and swap them.

4) Change direction: Randomly choose a node and replace
it with a random node from the same set.

After applying move procedures 1-3, the moved nodes are
replaced with the best (minimizing the cost function) nodes
from the same set.

IV. RESULTS

For verification of the proposed method, experiments in
simulation and in the real world were performed. We first com-
pare our approach with state-of-the-art methods in simulation.
Even though our method is the first and only one directly
minimizing energy consumption, the other methods mini-
mize related metrics such as the path length, that indirectly
minimizes the consumption as well. The same simulation
experiments are also used to show the accuracy of the proposed
energy consumption estimation algorithm when compared to
the estimation based on the trajectory generation approach.
Second, by conducting a series of real-world experiments, we
verify the accuracy of the path energy consumption estimation
based on generated trajectory combined with pen-and-paper
algorithm for power consumption calculation from [12].

All simulations were done on a computer with an Intel Core
i7-10750H CPU with 16 GB of RAM and Ubuntu 20.04 OS.
A custom build UAV based on Tarot T650! frame (see Fig-
ure 1 and [29]) was used for both real-world and simulation
experiments. The calculated optimal speed for the used UAV

TUAV details - http://mrs.felk.cvut.cz/research/micro-aerial-vehicles

is 8.39m/s, which is close to the maximum speed at which
the UAV with the MRS system [30] can fly autonomously. It
was also used in every simulation experiment as the maximum
allowed speed input to the trajectory generation algorithm. Val-
ues for motor and propeller efficiency (needed for calculating
the optimal speed and energy consumption [12]) were taken
from previous tests of the installed motor and propeller combi-
nation (Tarot 4114 320KV motor with Tarot 1555 carbon fiber
propeller)®. As a result, for the energy estimation algorithm,
the following parameters were used: v, = 8.39m/s, P, =
426.03 W, P, = 465.23 W, calculated with the pen-and-paper
algorithm, and a,,.; = 2m/s? As for other top-level
algorithm parameters, Nypgies = 7, and the tuple (Nyyip, Ne)
was set to (4,4), (2, 2), (1, 3), (4, 3), (4,3), (1, 5) for scenarios
in Table II in this order.

A. Validation in simulation

The performance of our method compared to the existing
approaches was validated in simulations, together with the
precision of the energy consumption estimation. Three exist-
ing implementations of the state-of-the-art approaches were
used for comparison: POPCORN+SALT algorithms from [15]
implemented as a Python library; GTSP approach described
in [9] and implemented as a Robotic Operating System (ROS)
node; and DARP+MST solution approach [14] implemented
in Java. Each algorithm was used to generate paths for each
of the test scenarios:

o Cape: one of AOI used in [2], Cape Crozier on Ross
Island in Antarctica, with the same parameters as in [2],

« Island: simple shape with one No-Fly-Zone (NFZ) in the
middle, 8m coverage footprint width,

o Rect: a rectangle with no NFZ, 8m coverage footprint
width,

o Complex 15: complex shape with a NFZ, 15m coverage
footprint width,

o Complex 10: same shape as in the previous one, but 10m
coverage footprint width,

« Simple: simple shape with no NFZ, 6m coverage footprint
width.

The graphical overview of the test scenarios together with
an example of planned paths using our method is shown
in Figure 4 with a scale in meters to give a size reference.

2Motor parameters - https://ctu-mrs.github.io/docs/hardware/motor_tests.html



TABLE II: Comparison of our method with state-of-the-art for scenarios with three UAVs

. Our POPCORN+SALT [15] DARP+MST [14]
Scenario Ey[Wh]
Eo[Wh] E(Wh] Ikm] tc[s] EoWh] E¢(Wh] Ikm] tec[s] EoWh] E(Wh] Ikm] tc[s]
Cape +o0 202.2 206.6 36.1 113 298.5 284.7 46.8 50.2 209.7 200.0 347 339
Island +oo 12.7 11.8 1.6 0.4 - - - - 13.3 12.2 1.5 54
Rectangle +o0 27.8 25.6 4.4 0.1 43.0 45.4 39 256 29.0 28.1 3.8 4.9
Complex 15 400 142.3 138.0 23.6 6.2 - - - - 133.9 131.0 20.1 326
Complex 10 +o0 205.0 208.0 34.7 7.8 - - - - 195.9 189.1 29.8 703
Simple +o0 65.1 62.5 10.5 0.0 132.5 1254 1.1 170.7 72.7 68.5 93 122
Complex 10 130 109.0 103.0 364 128 - - - - - - - -

TABLE III: Comparison of our method with state-of-the-art
for scenarios with one UAV

. Our GTSP [9]
Scenario
Eo[Wh] E¢Wh] lkm] tc[s] EoWh] E¢(Wh] Ikm] tc[s]
Cape 479.6 477.3 292 0.0 621.9 628.0 36.7 22
Island 319 30.8 1.4 0.1 36.5 353 1.6 0.4
Rectangle 71.9 65.4 39 0.0 67.5 63.2 3.7 0.1
Complex 15 381.3 3790 217 22 449.6 461.1 25.7 2.1
Complex 10 554.0 544.7 31.7 1.8 621.3 615.0 364 25
Simple 171.5 171.9 9.8 0.0 167.6 156.0 9.7 0.4

TABLE IV: Comparison of real and estimated energy con-
sumptions in real-world flights

Experiment  vimaq[m/s] t[s] Ewa[Wh] Eex[Wh] acc|%]
1 2m/s 132.0 14.65 15.06 97.27
2 4m/s 823 9.40 9.42 99.78
3 8m/s  58.0 6.60 6.89 95.79
4 10 m/s  41.8 4.80 5.19 92.48
5 2 m/s 204.0 23.14 23.27 99.44
6 4 m/s 107.0 12.25 12.26 99.90
7 8m/s 708 8.01 8.36 95.63

The simulation results are shown in Table II for scenarios
with three UAVs and Table III for one UAV. In the tables,
Ey is the energy budget of each UAV, E, is the maximum
energy consumption among all the produced trajectories esti-
mated by our fast method without trajectory generation, and
E; is the maximum energy consumption estimated with the
method based on trajectory generation. Variable [ denotes the
produced path length and ¢. is the computation time. Some
measurements for the SALT+POPCORN [15] algorithm are
skipped (marked °-’) as it is not possible to specify no-
fly-zones inside the AOI in the provided implementation.
The energy consumption was calculated with the same UAV
physical parameters as in the real-world experiments.

It can be seen from Table II and Table III that the proposed
fast energy consumption estimation does not deviate from the
method that uses trajectory generation by more than 10% in all
the cases. Moreover, for the CPP with one UAV (see Table III),
our method outperforms the GTSP [9] quite significantly in
energy consumption in four out of six test cases while having
very similar energy consumption in simple scenarios, which
can be mostly explained by the difference in implementation
of algorithm parts. At the same time, our method is faster in
computation in five out of six cases. The better performance
of our method compared to the similar GTSP [9] is caused
by minimizing the energy consumption directly inside the
algorithm instead of only after the CPP paths are used to create
flight trajectories.

Similarly, our algorithm with three UAVs (see Table II) is
better than the DARP+MST [14] method in terms of energy
consumption in four cases, while still being close in two
others. This shows our method’s limitation in effectively work-
ing with complex shapes. When the area has many complex

structures, the area decomposition may produce many small
sub polygons, and during coverage, some areas on the edges
of those will be covered twice. The DARP algorithm ensures
that the number of sub areas after decomposition equals the
number of UAVs and that each has a point close to the start.
Compared to POPCORN+SALT [15], the proposed method is
more energy-efficient in each of the three valid cases. One
of the advantages of our method is lower computation time
in all test cases. This is partially due to the cellular decom-
position approach, where the number of sub-polygons does
not necessarily grow with an increased AOI size or decreased
sweeping step. However, it should also be considered that
the open-source implementations are written using different
programming languages and frameworks. With the energy
constraint applied to one of the scenarios (last row of Table II),
our approach is the only one that can adaptively adjust the
number of produced paths (six in this case) to satisfy it.

B. Real world experiments

We performed two types of real-world experiments, first
to verify the energy estimation accuracy, and second, to test
the feasibility of the method in real deployment with multiple
UAVs. During the experiments, all CPP trajectories were
smoothed using the polynomial method described in [31].
After receiving trajectories, the flight was fully autonomous,
controlled by the MRS UAV system [29], [30], [32] using
linear Model Predictive Control [33], and running on the
onboard computer.

The precision of the energy estimation compared to the real
consumption was verified in a series of seven experiments
using coverage paths with different flight speeds. In each case,
a coverage path for a simple polygon was produced. While the
polygon for coverage was slightly different for experiments
number 1-3 and the path was significantly shorter in exper-
iment number 4, in experiments 5, 6 and 7 UAV followed
the same path. The results of these experiments are shown in
Table IV. There, vy,4, is the maximum speed bound, ¢ is the
time of following the trajectory, F,.,; is the measured energy
consumption using calibrated flight controller internal circuit,
E.s; is the estimated energy consumption, and acc is the esti-
mation accuracy calculated as acc = 100 - (1 — M)
The value of E.,; was estimated by sampling the UA\r/eatrajec-
tory produced by the polynomial method [34] and running the
algorithm described above. As can be seen from the results, the
average estimation accuracy was 97.18%, which we consider
to be accurate enough for real UAV deployment.

Finally, we test the feasibility of the proposed coverage
planning in real deployment with two UAVs. The overview



of the AOI, generated paths, and stitched images taken from
cameras mounted on UAVs is shown in Figure 1. Recording
of the experiment together with the description of our method
can be found in the linked video https://youtu.be/S8kjqZp-G-0.

V. CONCLUSIONS

We proposed a new energy-aware multi-UAV coverage path
planning algorithm based on exact cellular decomposition and
MS-TSP formulation. This is, to the best of our knowledge, the
first solution that directly minimize the energy consumption in
the multi-UAV CPP. By introducing energy awareness during
the coverage path planning phase and by using optimal flight
speed for coverage, the proposed method can both minimize
the energy consumption of the coverage paths and constrain
path energy consumption of a single path to allow realistic
missions with a limited battery capacity. We compared the
approach to the state-of-the-art methods on a set of simulation
experiments, where it outperformed them in a majority of
cases in terms of energy consumption with average energy
savings from 0.4% up to 40.4%. Our method also showed
better computational times in all but one test scenario. The
proposed energy consumption estimation was tested in real
flights, where in each test its accuracy was on average 97%.
Moreover, the feasibility of the proposed method was verified
in a real coverage experiment with two UAVs.
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