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Abstract
This paper focuses on Coverage Path Planning (CPP) methodologies, particularly in the context of multi-robot missions, 
to efficiently cover user-defined Regions of Interest (ROIs) using groups of UAVs, while emphasizing on the reduction of 
energy consumption and mission duration. Optimizing the efficiency of multi-robot CPP missions involves addressing criti-
cal factors such as path length, the number of turns, re-visitations, and launch positions. Achieving these goals, particularly 
in complex and concave ROIs with No-Go Zones, is a challenging task. This work introduces a novel approach to address 
these challenges, emphasizing the selection of launch points for UAVs. By optimizing launch points, the mission’s energy 
and time efficiency are significantly enhanced, leading to more efficient coverage of the selected ROIs. To further support 
our research and foster further exploration on this topic, we provide the open-source implementation of our algorithm and 
our evaluation mechanisms.

Keywords Multi coverage path planning · Unmanned aerial vehicles · Groups of UAVs · Path optimization · Tree-
structured parzen estimator · DARP

1 Introduction

Nowadays, a wide range of enterprise domains take advan-
tage of the remote sensing capabilities offered by Unmanned 
Air Vehicles (UAVs) to collect data for various purposes. 
The scope of applications that utilize UAVs for data col-
lection includes precision agriculture (Maes and Steppe 
2019; Krestenitis et al. 2024; Karatzinis et al. 2020; Raptis 

et al. 2023), infrastructure inspection (Máthé and Buşoniu 
2015; Shakhatreh et al. 2019), exploration (Cesare et al. 
2015; Renzaglia et al. 2020) and monitoring (Koutras et al. 
2020; Kapoutsis et al. 2019). To efficiently collect data in an 
automated way, Coverage Path Planning (CPP) methodolo-
gies (Galceran and Carreras 2013; Cabreira et al. 2019) are 
commonly utilized to calculate paths for the UAVs to cover 
a user-defined Region of Interest (ROI) completely. The 
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utilization of multiple UAVs to cover a ROI can introduce 
significant benefits in terms of the area that can be covered 
during the nominal operational duration of the vehicles used, 
or the amount of time needed to cover a certain ROI, two 
factors that may be critical in certain types of operations, 
such as the search and rescue missions. This kind of meth-
odology is known as multi-robot Coverage Path Planning 
(mCPP) (Almadhoun et al. 2019).

Using multiple unmanned vehicles can greatly decrease 
the duration required to carry out a specific mission. How-
ever, in order to fully maximize the potential benefits of 
unmanned vehicles, an mCPP approach must integrate char-
acteristics that promote overall efficiency in terms of time 
and energy usage.

The major factors that affect the efficiency of a CPP meth-
odology, are:

• The length of the path needed to scan a certain ROI,
• The number of turns introduced in the generated path,
• The number of re-visitations of specific parts of the ROI 

demanded to cover it completely, and
• The distance of the take-off and landing position from 

the starting and ending points of the path respectively. 
Cabreira et al. (2019).

Optimizing all of these parameters for energy and time 
efficiency while ensuring complete coverage is a chal-
lenging task, even for methods that only have to manage 
a single vehicle. The situation becomes even more intri-
cate when attempting to accomplish this task cooperatively 
with methods that require handling of multiple vehicles 
simultaneously.

The problem tackled in this work is the design of multi-
robot paths that can optimally cover any user-defined ROI, 
even the most complex-shaped, concave ones, including No-
Go-Zones (NGZs) inside of them. A distinct feature of this 
work is the selection of robots’ launch points by an optimiza-
tion procedure, in order to further increase the energy and 
time efficiency of the generated trajectories. This problem 
is of great importance, especially i) in cases that coverage 
missions are performed periodically in large areas and ii) in 
scenarios that completing the mission as quickly as possible 
is crucial.

In many such cases, the initial configuration of the group 
does not only correspond to the first waypoints of the mis-
sions but also indicates the optimal positions to establish 
bases (charging/refueling points) for the unmanned vehicles 
that periodically cover a specific ROI.

Two indicative examples of such missions are optimizing 
crop yield in precision agriculture and assessing changes in 
urban infrastructure. In precision agriculture, real-time mon-
itoring of crop health and nutrient levels is crucial for maxi-
mizing yield and minimizing resource use. Meanwhile, in 

urban infrastructure assessment, tracking long-term changes 
in building structures and city layouts is essential for effec-
tive planning and development.

1.1  Contributions

In this project, building upon the foundation established in 
Apostolidis et al. (2022), we are continuing the research pre-
viously conducted by our laboratory, introducing an opti-
mization scheme to search for the optimal initial configura-
tion of UAVs in a way that provides increased operational 
efficiency.

The base methodology already incorporates a set of features 
that maximizes the efficiency of the individual paths. In this 
project, we introduce an optimization procedure that not only 
reduces complexity in the shapes of the exclusive sub-regions, 
thereby minimizing the number of turns required in the multi-
robot solution, but also enhances energy and time efficiency 
for the multi-robot solution. At the same time it suggests the 
ideal points to setup launching/docking stations for long-term 
coverage operations. This is accomplished by precisely con-
trolling the launch points of each UAV. The efficiency of the 
proposed scheme is proved through extensive simulated evalu-
ations where the gains are quantified and measured.

As a significant contribution to the research community, 
we have open-sourced the repositories containing our algo-
rithms and evaluation mechanisms. This initiative is crucial 
in fostering collaboration, enabling researchers to replicate, 
validate, and build upon our work, thereby advancing the 
collective knowledge in this domain1.

1.2  Paper outline

The rest of the work is organized as follows: Sect. 2 presents 
a short literature overview of the relatively recent CPP works 
that focus on the efficiency of the generated trajectories, 
Sect. 3 strictly defines the specific problem that this work 
solves, Sect. 4 describes the methodology followed in an 
elaborate way, Sect. 5 presents the results of the simulated 
evaluation of the method and Sect. 6 provides an overview 
of the research and delves into its results and consequences.

2  Related work

The energy consumption and the operational duration of cov-
erage missions are problems that have attracted the interest 
of several researchers, resulting in various studies present-
ing diverse approaches to address these challenges. This 

1 The repositories can be found under https:// github. com/ emmar apt/ 
RealW orld2 AirSim- DARP  and  https:// github. com/ alice- st/ DARP_ 
Optim al_ Initi al_ Posit ions

https://github.com/emmarapt/RealWorld2AirSim-DARP
https://github.com/emmarapt/RealWorld2AirSim-DARP
https://github.com/alice-st/DARP_Optimal_Initial_Positions
https://github.com/alice-st/DARP_Optimal_Initial_Positions
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sub-section presents some of these works that manage to stand 
out, either by introducing innovative solutions to these prob-
lems or by delivering interesting/promising results.

In Choset and Pignon (1998); Bähnemann et al. (2021), the 
authors present a path planner for low-altitude terrain coverage 
in known environments utilizing a single unmanned rotary-
wing micro aerial vehicle. The power of the proposed meth-
odology lies in the fact that it can achieve complete coverage 
of ROIs of any shape and size, which may include a various 
number of no-fly zones inside it. The introduced approach 
extends boustrophedon coverage planning by optimizing dif-
ferent sweep combinations to find the optimal sweep path. 
It can operate using three optimization criteria, that include 
minimizing time, path length, and the number of turns. While 
this approach stands out as one of the most effective in terms 
of complete coverage in demanding ROIs, the strictness of the 
complete coverage limitation impacts the optimality in terms 
of time and energy efficiency that can be achieved.

Vandermeulen et al. (2019) presents an approach to solve 
the mCPP problem, intending to minimize the mission time, 
with a particular focus on factoring in the impact of the num-
ber of turns in the generated paths. To solve this problem, 
the presented methodology partitions the environment into 
a set of ranks which are long thin rectangles (having the 
width of the robot’s coverage tool). These ranks are oriented 
in a way that minimizes the occurrence of turns. As a next 
step, multiple traveling salesperson problems (m-TSP) are 
solved on the set of ranks, that intend to reduce the robots’ 
mission time. The coverage plan that is generated, accord-
ing to the authors, provides complete coverage of the ROI. 
This method is mainly focused on ground vehicles used to 
vacuum indoor environments. However, it could be easily 
applied in other coverage missions with minor modifica-
tions. It should be noted that the generated paths present 
intersecting points among different vehicles, introducing 
increased probability for collisions and unnecessary over-
laps, which leads to redundant multiple coverage of certain 
parts of the ROI, thus decreasing the overall operational 
efficiency.

In Ramesh et al. (2022), the authors introduce a meth-
odology that tackles the same problem and presents 
results very similar (at least optically) to Vandermeulen 
et al. (2019), however, for a single vehicle. As the authors 
claim, their heuristic method for finding the number of 
ranks guarantees optimality. As in the previous work, the 
generated path has an unnecessary overlap to connect the 
sub-parts of the region, leading to multiple coverage of 
specific areas and consequently leading to decreased over-
all efficiency.

Skorobogatov et al. (2021) introduces an open-source 
solution for splitting areas of any shape for mCPP mis-
sions, tailored to UAVs. It assumes certain parameters such 
as the number of vehicles, the requirements of the area to 

be covered by each UAV, and, optionally, the initial posi-
tion of each UAV. The target of the splitting procedure is to 
maximize the "compactness" of the generated sub-polygons. 
By adopting the aforementioned approach, the resulting 
trajectories exhibit a decreased number of turns, leading 
to a reduction in coverage duration. While this work pre-
sents an approach with increased efficiency for the mCPP 
missions, it possesses two significant disadvantages (also 
presented in Vandermeulen et al. (2019), but with a more 
pronounced impact in the context of UAV utilization). The 
first one is that the generated trajectories overlap and prsent 
several intersecting points in the marginal regions of the sub-
polygons. As already mentioned, this may lead to unneces-
sary overlapping coverage of various parts of the ROI, thus 
reducing the overall efficiency. Still, most importantly, the 
intersecting points increase the risk of collisions among the 
UAVs, which is considered a major safety issue. In addition 
to that, due to the back-and-forth pattern used, the initial 
positions for the UAVs are required to be near the margins 
of the ROI, significantly limiting the options to establish 
bases in cases that the coverage missions are required to be 
performed regularly.

Kapoutsis et  al. (2017) investigates an area division 
approach to decompose a ROI into an as-many-as-the-vehi-
cles number of sub-regions. It proceeds to address the mCPP 
problem by solving individual single-robot CPP problems, 
employing the STC algorithm (Gabriely and Rimon 2001) 
for each sub-region. The presented methodology effectively 
resolves the mCPP problem in a computationally efficient 
way. At the same time, it also inherits some features of STC 
that can lead to increased operational efficiency (e.g., it 
eliminates the need for backtracking and avoids unnecessary 
movements that do not contribute to the coverage process).

Gao et al. (2018) uses (Kapoutsis et al. 2017) as a basis 
and, by utilizing an improved ant colony optimization (ACO) 
algorithm, it attempts to construct the best-spanning trees 
to obtain paths with the minimal number of turns, which 
contributes to minimizing the energy/time consumption. 
This, combined with the features inherited by STC, leads 
to a method that presents increased operational efficiency 
when applied to a single robot. However, due to the complex 
shapes that the generated sub-regions showcase, the number 
of turns, and thus the overall efficiency, may not reach its 
optimal level when multiple vehicles are employed.

Apostolidis et al. (2022) also builts uppon (Kapoutsis 
et al. 2017) and presents an end-to-end platform for multi-
UAV remote sensing coverage missions, focusing on real-
life applicability and efficiency. One of the most significant 
contributions of this work is the optimization procedure 
introduced to calculate the optimal grid, which maximizes 
coverage in real-life problems for grid-based methodologies. 
Furthermore, a turns reduction procedure is applied on the 
individual STC paths, leading in a substantial decrease in 
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both the number of turns and the overall operational time. 
This method also inherits the nice-to-have features that STC 
paths provide; However, as Gao et al. (2018), it also suffers 
from the complexity of the sub-regions shapes that intro-
duce multiple turns to the paths, when multiple vehicles are 
deployed.

Finally, Luna et al. (2022) deals with the problem of fast 
mCPP for UAVs. The presented work is packed to ensure 
that it is easily usable by first responder. To solve the mCPP 
problem, three different methods are utilized. Out of them, 
"POWELL-BINPAT" is the most efficient regarding the mis-
sion’s duration. Contrary to the aforementioned works, this 
methodology ensures that there are no overlapping trajecto-
ries in the generated mission’s paths. In addition to that, the 
authors put forth a solution that involves flying each UAV 
at different altitudes, from the launching point to the first 
mission’s waypoint and from the last waypoint back to the 
ground, to eliminate the risk of collisions and provide safety 
for multi-UAV operations. However, once again, the paths’ 
initial points are challenging to control, limiting the possi-
ble positions significantly to establish charging points inside 
the operational area in cases where coverage missions are 
performed regularly.

Out of the works presented above, Choset and Pignon 
(1998); Bähnemann et al. (2021); Apostolidis et al. (2022); 
Luna et al. (2022) are the most mature ones, in terms of 
real-life operation readiness. All of the works described pro-
pose interesting ideas to reduce operational time and energy 
consumption, however, they also seem to incorporate sev-
eral disadvantages. Specifically, none of the above works 
manage to integrate all of the essential features required to 
achieve optimal operational efficiency in the context of long-
term, real-world coverage operations. They do not gener-
ate paths with minimized length, reduced number of turns, 
decreased operational time, and lower energy consumption, 
both for the single and multi-robot solutions. Moreover, 
they do not guarantee the safety of vehicles by preventing 
trajectory intersections and they do not facilitate the place-
ment of launching and docking stations within the region of 
interest without adding unnecessary distance for vehicles to 
traverse when reaching the first and returning from the last 
waypoints.

3  Problem formulation

Let’s consider a Region of Interest (ROI), which may include 
no-go-zones (NGZs) and obstacles, that needs to be fully 
covered using a group of UAVs. The objective for this group 
of UAVs is to work collaboratively in order to achieve com-
plete coverage of the ROI in the shortest possible time, effec-
tively maximizing the utilization of all available resources. 
For this reason, meticulous path planning for the group 

during the mCPP mission is essential. Our goal is to gener-
ate mCPP trajectories which ensure that each UAV operates 
efficiently, avoiding collisions with obstacles and staying 
clear of NGZs. Additionally, the designed trajectories should 
prioritize efficiency, in terms of both time and operational 
resources. By carefully optimizing the paths, we not only 
intend to maximize the coverage of the area of interest, but 
also make the most effective use of available resources, lead-
ing to an effective and resource-efficient mission execution.

The methodology presented in this work, builds upon 
some previous works from our lab, that have already solved 
the problems of (i) efficiently representing a region on a 
grid, taking into consideration the parameters that affect the 
effectiveness of real-world operations, (ii) task allocation 
of the overall problem, so that each member of the UAV 
group can undertake a specific part of the overall ROI to 
cover, and (iii) generation of trajectories for each of them, 
to fulfill their objective and cover their exclusive sub-part 
of the ROI. The following sub-section shortly presents these 
steps, while more technical details about them can be found 
in Appendix A.

3.1  ROI representation on grid, task allocation 
and path planning

Given as input: (i) the user-defined ROI and NGZs, format-
ted in the WGS84 coordinate system (Cai et al. 2011), (ii) 
the desired distance between sequential trajectories (scan-
ning density - ds ), (iii) the number of UAVs, and (iv) their 
initial positions in the operational area, the following steps 
take place:

• The ROI is represented on a grid, with the size of the grid 
and the length of its cells depending on the ds . Each cell 
of the grid acquires a state that can be "Obstacle," "Free 
Space," or "Launch Point".

• DARP algorithm (Kapoutsis et al. 2017), using as input 
the representation of the ROI on grid, runs to generate 
exclusive sub-regions for each UAV to cover.

• STC algorithm (Gabriely and Rimon 2001) is utilized to 
generate coverage trajectories for each UAV to follow, so 
that it completely covers its operational sub-region.

3.2  Path execution

The UAVs navigate through the designed paths within 
the ROI, described using intermediate nodes in the grid. 
The aforementioned paths are defined using the following 
Equation:



Improving time and energy efficiency in multi‑UAV coverage operations by optimizing the UAVs’…

In Eq. 1, (p0, ..., pn) ∈ P are the paths that each one of the 
UAVs will navigate through, (n0

0
, n1

0
, ..., nl

0
) and (n0

n
, n1

n
..., nk

n
) 

are the intermediate nodes that the UAVs will pass through 
to execute their assigned path, with l, k set equally due to the 
equal distribution of coverage areas among UAVs. There-
fore, n0

i
∈ pi, i = 0, ...n denotes the launch points in the grid 

for the ith UAV.

3.3  Evaluation metrics

To assess the effectiveness of the designed paths and their 
energy efficiency, we introduce the following evaluation 
metric:

In Eq. 2, tmission represents the total mission time for the 
UAV group, P is the set of paths assigned to the group, 
pi, i = 1, ..., n is the path assigned to the ith UAV in the group 
and pi(t) is the time it takes for the ith UAV to complete its 
designated path.

3.4  Path time calculation

In mCPP problems, it is a common simplification to assume 
that all robots travel at the same speed. This assumption 
serves in estimating task completion times, which is valuable 
for mission planning, scheduling and optimization purposes. 
Thus, the time required for a single UAV to execute its desig-
nated path depends on the time it takes for the UAV to travel 
along its assigned path and the time it takes to execute the 
turns within the path, as expressed in the following equation:

In Eq. 3, tstraight is the time required for the UAV to execute 
the straight segment of its path, nturns are number of turns 
along the path and tturn is the time required to complete one 
turn, which includes the time needed for the UAV to slow 
down before taking the turn and accelerate again after com-
pleting it.

3.5  Minimizing mission time

From Eqs. 2 and 3, it becomes clear that in order to mini-
mize the total time spent on the mission, the variables we 
need to take under consideration are the time needed for the 
UAVs in the group to execute the straight portion of their 

(1)P =

⎧
⎪⎨⎪⎩

p0 = [n0
0
, n1

0
, ..., nl

0
]

⋮

pn = [n0
n
, n1

n
..., nk

n
]

(2)tmission = max
p∈P

(pi(t))

(3)tUAV = tstraight + nturnstturn,

assigned paths and the total number of turns nturns in each 
one of the UAVs’ paths.

At each cell, the UAV has two options: to travel straight, 
resulting in two edges per cell, or to turn, which also results 
in two edges per cell. Since the designated area is equally 
divided among the UAVs, each UAV is assigned an equal 
number of cells. Consequently, the path length is deemed 
identical among all UAVs in the group. Thus, the less the 
total number of turns in the resulted path, the less time takes 
for the UAV to complete it. Fewer turns also means that real 
robots get stuck less often and have improved localization 
(I. Vandermeulen and Kolling 2019).

3.6  Controllable variables

Inheriting the DARP optimality about the resulting paths 
(Kapoutsis et al. 2017), the only open variable that seems 
to affect the number of turns and therefore the overall per-
formance in the mCPP problem is the launch points of the 
UAVs, defined as follows:

In Eq. 4, lp is the set Launch Points of the UAVs in the group 
within the grid.

The resulting paths are guaranteed by the DARP algo-
rithm to be optimal, according to the division of the area 
that it achieves (Kapoutsis et al. 2017). However, different 
Launch Points for the UAVs within the Grid result to differ-
ent area division, which strongly affects the morphology of 
the resulted paths, and thus, the execution time of mCPP the 
mission, as depicted in Fig. 1.

3.7  Decision variables

The overall mission duration for the group strongly depends 
on the highest count of turns observed among the designated 
paths of the UAVs and can be expressed as:

(4)lp = n0
i
∀i ∈ [1, ..., n]

Fig. 1  Different Launch points may result in paths that contain differ-
ent number of turns



 A. Stefanopoulou et al.

In Eq. 5, ni,= 1,… , n denotes the turns present in each 
respective path.

Given a finite set of paths, P , our optimization objective 
is to select a set of paths that result in the minimum execu-
tion time of the mission. Thus, this optimization problem is 
described in the following Equation:

In Eq. 6, J(Tmission) signifies the objective of minimizing 
the mission execution time Tmission , and argminP denotes the 
selection of paths from the finite set P that achieves this 
minimum mission time.

3.8  Operational constraints

Applying the decision vector lp derived from Eq. 4 on the 
DARP algorithm (Kapoutsis et al. 2017) results in a fair area 
division between the UAVs and a resulting path of equal 
total length for each UAV that ensures complete coverage 
of its assigned area.

Moreover, the set of nonlinear constraints in Eq. 4, which 
must be held for each new robots’ configuration, include the 
following: 

1. All UAVs should remain within the operational area 
boundaries, i.e. within [xmin, xmax] and [ymin, ymax] in 
the x-and y-axes, respectively.

2. The launch point of each UAV should be different 
from the positions of the other UAVs in the group, i.e. 
∀i, j ∈ UAVsi,j, i ≠ j, lpi ≠ lpj.

3. The launch point of each UAV should not be 
on areas of the grid that are either occupied by 
static obstacles or considered no-fly zones, i.e. 
∀i, j ∈ UAVsi,j,∀O ∈ grid, i ≠ j, LPi ≠ O , where O rep-
resents an occupied cell on the grid.

3.9  Optimization problem

Given the mathematical description presented above, the 
problem of choosing the launch points for a multi-UAV 
system to minimize the maximum number of turns can 
be described by the following constrained optimization 
problem:

The optimization mentioned above cannot be tackled using 
traditional gradient-based algorithms because the explicit 
form of the J function is unavailable. As a result, we are 

(5)Tmission = max(ni)tturn + tstraight, i = 1,… , n

(6)J(Tmission) = argminP(Tmission)

(7)
minimize(6)

subject to 1., 2., 3.

dealing with a non-linear, nonconvex, integer programming 
optimization problem.

4  Methodology

After applying the DARP methodology in the mCPP setup, 
the problem is translated to the optimization problem that is 
defined in Eq. 7. Since the problem we are dealing with is 
typically met in the real world, the goal is to obtain a Pareto 
optimal solution within a given evaluation budget. Gener-
ally, objective functions for real-world problems, such as the 
one described in Eq. 7, like greedy search algorithms, are not 
time-efficient and require thousands of evaluations to con-
verge. Additionally, utilizing a random search to find optimal 
parameters does not ensure convergence within a limited 
evaluation budget. Therefore it is crucial to approach such 
problems using more computationally efficient algorithms 
that are more likely to converge in a reasonable number of 
evaluations.

In our pursuit of searching for the optimal UAVs’ launch 
points for this work, we found ourselves faced with the cru-
cial decision of selecting the most suitable optimization 
algorithm. After careful consideration and a thorough review 
of the available options, we made the deliberate choice to 
employ a tree-structured Parzen estimator (TPE) (Bergstra 
et al. 2011) as our primary tool to assist in this task.

Our selection of TPE (Bergstra et al. 2011), was driven 
by several compelling reasons. First and foremost, TPE is 
knowm for its effectiveness in machine learning method-
ologies and Neural Architecture Search (NAS). Its track 
record of success in these domains made it a natural con-
tender for our study. One of the most important features of 
TPE is its ability to significantly reduce the total number 
of evaluations of the objective function. This is of utmost 
significance, as exhaustive evaluation of parameter configu-
rations can be very time-consuming and resource-intensive. 
TPE accomplishes this efficiency by dedicating more time 
to configuring and evaluating the most promising sets of 
input parameters, guided by the insights gained from previ-
ous evaluations. This strategy allows us to converge towards 
optimal launch points with fewer iterations, making the opti-
mal mCPP objective more time-efficient and cost-effective.

Another remarkable attribute of TPE is its versatility in 
handling various types of parameters, including discrete, 
which is the specific scenario we encounter in our case. Cen-
tral to TPE’s success is its utilization of a surrogate function. 
This function serves as a probabilistic representation of the 
objective function we intend to optimize. It is constructed 
using information gathered from previous evaluations, ena-
bling us to make informed decisions about which parameter 
configurations are most likely to yield the launch points that 
result in the minimum number of turns in the mCPP mission.
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4.1  Selection function

In our work, we utilize TPE so as to maximize the 
Expected Improvement concerning a set of launch points 
for the UAVs. Expected Improvement is the expectation 
that under our model M of f ∶ lp → ℜN , that f (lp) will 
exceed a threshold of turns T∗ , as described in the follow-
ing Equation:

In Eq. 8, T∗ is a threshold value of the objective function, lp 
(launch points) are the selected launch points of the UAVs, 
T  is the actual number of Turns using parameters lp , and 
pM(T|lp) is the surrogate probability model, expressing the 
probability of T  turns given the selected launch points lp.

In Eq.  8, pM(T|lp) is not directly represented, but 
instead, we use:

In Eq. 9, p(lp|T) is the probability of the launch points given 
the number of turns, T , in the paths that the DARP algorithm 
generates.

Assuming a set of observations that takes {(lp(1) , T (1)

),..., ( lp(k) , T (k))}, p(lp|T) can be expressed by two prob-
ability density functions:

In Eq. 10, T < T∗ is the lower value of the objective func-
tion than the threshold, l(lp) is the probability density func-
tion formed using the observed variables { lp(i) } such that 
T∗ > T (i) and g(lp) is the probability density function using 
the remaining observations. These two models are tree-
structured hierarchical processes constructed using adaptive 
Parzen estimators, as presented in Bergstra et al. (2011).

The probability that T  (the number of turns) is less than 
T∗ , � , is defined as:

and by construction:

Therefore,
∫ T∗

−∞
(T∗ − T)p(lp|T)p(T)dT = l(lp) ∫ T∗

−∞
(T∗ − T)p(T)dT

= �T∗l(lp) − l(lp) ∫ T∗

−∞
p(T)dT

As a result, Expected Improvement for the Tree-struc-
tured Parzen Estimator can be expressed as:

(8)EIT∗ (lp) ∶= ∫
∞

−∞

max(T∗ − T , 0)pM(T|lp)dT

(9)p(T|lp) = p(lp|T)p(T)
p(lp)

(10)p(lp|T) =
{

l(lp) if T < T∗

g(lp) if T ≥ T∗

(11)𝛾 = p(T < T∗)

(12)p(lp) = ∫
ℜ

p(lp|T)p(T)dT = �l(lp) + (1 − �)g(lp)

Equation 13 proves that for the Expected Improvement to 
be maximized, points with high probability under l(lp) and 
low probability under g(lp) should be taken into considera-
tion. Thus, on each iteration, the algorithm suggests a set 
of candidate launch points, lp∗ , with the greatest Expected 
Improvement and, therefore, the minimum number of 
resulted turns in the designed paths.

5  Evaluation results

In this section, our proposed optimization scheme is evalu-
ated via a simu-realistic pipeline exposing a number of UAV 
agents to a set of challenging CPP operations with i) the 
standard approach with pre-defined initial configurations and 
ii) the proposed methodology with optimal initial configura-
tions while incorporating real-world geographic data and a 
high-fidelity simulator. For every experiment, the perfor-
mance of each UAV is assessed towards a set of quality-of-
flight (QoF) metrics such as the total energy consumption, 
the flight time, and the average distance traveled.

To enable robust simulations for autonomous UAVs 
and quantify their real-time performance, Air Learning 
(Krishnan et al. 2021), a high-fidelity open-source simu-
lator, was utilized. Air Learning is a photo-realistic envi-
ronment built on top of Unreal Engine 4 (UE4) with the 
usage of the AirSim (Shah et al. 2018) plugin to simulate 
the UAV’s physics and dynamics accurately. In the context 
of our benchmark comparison, all the experiments were car-
ried out within Air Learning’s environment upon real-world 
geographic data by utilizing all the key features of our CPP 
methodology. The input coordinates of the polygon ROI 
and the initial UAV’s positions were transformed from the 
WGS84 to a local NED system (Cai et al. 2011) supported 
by Air Learning. We used real-world data to create a form 
of a real-time simulation to a degree indistinguishable from 
“true" reality that allows us to understand how the UAVs 
will respond in terms of QoF metrics without risking experi-
ments on real robot platforms.

5.1  Quality of flight metrics

To quantify and assess the performance of the UAVs during 
the experiments, we considered the following Air Learn-
ing’s metrics:

– Energy Consumed: The total energy, in kilojoules (kJ), 
spent per UAV during its mission. Energy consumption, 
based on UAV’s velocity and acceleration (Tseng et al. 

(13)

EIT∗ (lp) =
�T∗l(lp) − l(lp) ∫ T∗

−∞
p(T)dT

�l(lp) + (1 − �)g(lp)
∝ (� +

g(lp)

l(lp)
(1 − �))
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2017; Boroujerdian et al. 2018), is estimated using the 
Columb counter method (Kumar et al. 2016), a technique 
used to track the capacity of a battery by measuring the 
active flowing current continuously over time to calculate 
the total sum of energy entering or leaving the battery 
pack.

– Flight Time: The total flight time, in minutes (min), 
spent per UAV during its mission. Time is measured as 
the simulated run-time that orchestrates the overall mis-
sion execution.

– Distance Traveled: The total distance, in meters (m), 
traveled per UAV during its mission. Distance is meas-
ured as the average length of the trajectory.

Using the aforementioned metrics, Air Learning allows us to 
continuously monitor the UAVs’ performance while operat-
ing over real-world geographic areas within the simulated 
world. It must be noted, that the QoF measurements for each 
UAV start and end at their initial positions.

5.2  Multi‑UAV experimental setup

For the multi-UAV path planning experimental setup, Air-
Sim’s UAV simulation model and the default simple_flight 
controller were utilized. Two different scenarios were con-
sidered, with the first scenario comprising an obstacle-free 
area, while the second scenario involved three obstacles of 
arbitrary size and shape, located at random positions. In 
both scenarios, a predetermined polygon of approximately 
170 acres was selected. The evaluation was performed by 
conducting ten experiments for each scenario, which were 
divided into two distinct groups called “Standard" and 
“Proposed". The first group consisted of five experiments 
utilizing pre-defined initial positions distributed at vari-
ous locations within the polygon, while the second group 
involved five experiments using optimized initial positions 
for the UAVs. Each group of experiments was conducted 
with varying numbers of UAVs, including 3, 7, 11, 15, and 
19, respectively, as depicted in Fig. 2.

Figure 2 presents a comparative analysis of the resulting 
trajectories of the mCPP for both experimental scenarios 
(with and without obstacles) based on the number of UAVs 
deployed during the trials. The first and third columns depict 
the outcomes when the UAVs’ initial positions were pre-
defined, while the second and fourth columns exhibit the 
results when the UAVs’ positions were optimally placed at 
the beginning of each run based on the proposed optimiza-
tion scheme. Upon comparing the performance of the CPP 
missions for each UAV, it becomes apparent that optimal 
initial positions exhibit superior alignment with the ROI 
while minimizing the total number of turns. Air Learning 
simulator, as depicted in Fig. 3, was employed to launch 

the UAVs and execute the experiments, all flying at a fixed 
velocity of 5 m/s.

This comprehensive experimental design allowed us to 
investigate the impact of both pre-defined and optimal initial 
positions on the efficiency of the performance of each UAV 
in terms of QoF in challenging scenarios and evaluate the 
scalability by varying the number of UAVs.

5.2.1  Scenario #1: obstacle‑free area

More specifically, regarding scenario #1, the diagrams 
depicted in Fig. 4a, b, present the improved performance on 
the average Flight Time and Energy Consumption values as 
a function of the number of UAVs in the conducted trials. It 
is evident that regardless of the number of UAVs in each trial 
(x-axis), the performance of these two metrics in the case 
where the proposed approach has been applied consistently 
exceeds the performance of the standard approach. Addition-
ally, as demonstrated by Fig. 4c, our proposed optimization 
approach ensures that the resulting trajectories are modi-
fied in their shape rather than their length to align with the 
specific ROI. This feature is of paramount importance, as 
our optimization schema establishes the initial positions in 
a manner that preserves the length of the extracted CPP mis-
sions and their coverage capabilities, while simultaneously 
minimizing the mission execution time and energy consump-
tion, ultimately leading to improved overall performance.

5.2.2  Scenario #2: obstacle area

Shifting to scenario #2, in the area featuring three obstacles 
possessing varied and irregular geometries and dimensions, 
the improved performance of the average Flight Time and 
Energy Consumption values as a function of the number 
of UAVs is depicted in Fig. 4d and e. Similar to the first 
scenario, the performance of these two metrics consistently 
outperforms the standard approach across all experiments. 
Similarly to the previous case, Fig. 4f representing the dis-
tance traveled by the drones illustrates that the proposed 
optimization method ensures that the resulting flight paths 
align with the corresponding regions, regardless of the arbi-
trary shape and size of the ROI.

Additional information regarding the distribution of the 
QoF metric for each UAV and their improved performance 
for both scenarios is provided in Appendix B.

6  Conclusions

The results obtained from the evaluation of our proposed 
optimization scheme demonstrate its ability to improve the 
quality of flight (QoF) metrics in challenging multi-UAV 
coverage path planning (mCPP) scenarios. We examined two 
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Fig. 2  Resulting trajectories for each experimental scenario based on their initial positions represented by the red scatter points
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distinct scenarios: one in an obstacle-free area and another in 
an area containing obstacles. In both cases, the optimization 
scheme achieved a notable enhancement in mission execu-
tion by aligning the trajectories with the region of interest 
(ROI) while minimizing the total number of turns.

In the obstacle-free scenario, the optimization scheme 
consistently improved the QoF metrics, resulting in reduced 
flight times, energy consumption, and distances traveled by 
the UAVs. The optimization scheme ensured that the UAVs’ 
trajectories adhered to the ROI’s shape, which is essential in 
scenarios like remote sensing and surveillance, where con-
sistent data quality and resolution are crucial.

In the obstacle-containing scenario, the optimization 
scheme continued to demonstrate its effectiveness. The QoF 
metrics improved across the experiments, again leading to 
reduced flight times, energy consumption, and distances 
traveled. These results highlight the robustness and adapt-
ability of the proposed optimization scheme in scenarios 
with complex obstacles.

By optimizing the initial launch points for UAVs in a 
multi-UAV coverage path planning problem, our proposed 

scheme maximizes the utilization of available resources 
while minimizing the mission execution time and energy 
consumption. This approach ensures that each UAV 
operates efficiently, avoids collisions with obstacles, and 
adheres to the no-fly zones, making it a valuable tool for 
real-world applications.

The effectiveness of the proposed optimization scheme 
lies in its ability to generate launch points that lead to 
paths with minimal turns, which is a key factor in mini-
mizing mission time. By focusing on these controllable 
variables, we achieve efficient multi-UAV coverage path 
planning, even in the presence of obstacles or complex 
ROI shapes.

Overall, the results of the evaluation indicate that 
our proposed optimization scheme is a valuable tool for 
enhancing the performance of multi-UAV coverage path 
planning missions. It aligns trajectories with the ROI, 
reduces the number of turns, and improves QoF metrics, 
making it a promising approach for various real-world 
applications in surveillance, agriculture, and environmen-
tal monitoring, among others.

Fig. 3  Air Learning simu-real-
istic environment supported by 
AirSim’s plugin
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7  Future work

In our future research, we will aim to involve the dynamic 
adaptation of our optimization scheme to changing environ-
ments, taking into consideration real-time updates prompted 
by evolving obstacles or shifts in the region of interest (ROI). 
This entails developing algorithms capable of adjusting the 
optimization process to unexpected alterations in the opera-
tional landscape. Furthermore, our research will focus on 
practical implementation and validation of the adapted opti-
mization scheme in real-world settings. This involves conduct-
ing extensive field tests to assess the scheme’s performance 
under diverse conditions, such as geographical landscapes and 
mission-specific requirements. The goal is to bridge the gap 
between theoretical advancements and practical applicability, 
ensuring that the optimization scheme remains effective and 
reliable in the dynamic and unpredictable environments where 
multi-UAV coverage path planning missions are conducted.

Appendix A

This appendix shortly explains key components from other 
works, essential for comprehending the methodology pre-
sented in this work. Specifically, it explains aspects like 

the efficient representation of a ROI on grid, so that a grid-
based CPP method can be applied efficiently to real-world 
operations (Apostolidis et al. 2022, 2023), the division of 
the overall ROI to exclusive sub-regions, so that a region 
can be covered cooperatively by multiple unmanned vehicles 
(Kapoutsis et al. 2017), and finally some technical details 
about the STC algorithm (Gabriely and Rimon 2001), one 
of the most popular CPP approaches, that is used in all of the 
aforementioned and this newly introduced work.

The main objectives of the work presented in Apostolidis 
et al. (2022) is to deploy real-world multi-UAV coverage 
missions, following an approach that (i) ensures safe and 
efficient paths, (ii) respects the operational capabilities and 
motion limitations of the vehicles used, and (iii) ensures a 
high percentage of coverage for any shape and size of ROI, 
that may also include NGZs inside it. The methodology pre-
sented in Apostolidis et al. (2022) receives as input:

• A user defined polygon ROI, of any shape, that may also 
include NGZs inside it, formatted in the WGS84 coordi-
nate system (Cai et al. 2011).

• The desired scanning density ( ds ) for the mission, in 
meters, representing the distance between two sequen-
tial trajectories. This quantity is calculated auto-
matically based on the the desired Ground Sampling 

Fig. 4  Average QoF metrics for the testing scenarios. The solid blue lines 
refer to the trials conducted using the standard approach, whereas the solid 
orange lines represent the experiments employing the proposed approach. 

In both scenarios, either in the obstacle-free area or in the obstacle area, 
the proposed approach leads to higher performance, implying a more 
accurate alignment of the UAV paths in the examined area
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Distance (GSD), determined by the sensor’s specifica-
tions and the flight’s altitude, and the desired sidelap 
between sequential images, a quantity that is usually 
dictated by the method that will later be used for data 
processing (Fig. 5). More information and formulas 
regarding the calculation of ds can be found in both 
(Apostolidis et al. 2022, 2023).

• The number of UAVs, un , that will participate in the 
mission.

• The initial positions of the UAVs in the operational 
area, real, user-defined, or random, formatted in 
WGS84 coordinates as well.

Given this input variables, the following steps take 
place:

Step 1: All coordinates are transformed to a local NED 
system (Cai et al. 2011), using a common reference point, 
to facilitate the calculations and transformations that will 
take place in the following steps.

Step 2: The ROI is represented on a grid, so that a 
grid-based mCPP method can be applied later on. For the 
representation of the ROI on grid, Apostolidis et al. (2022) 
uses a simplistic approach, where a check of whether the 
center of a grid’s cell is placed inside the polygon of the 
ROI, and outside of the defined NGZs, is performed. 
However, an optimization procedure for the calculation 
of an optimal for this purpose grid is introduced, that by 
rotating and shifting a grid over two axis manages to sig-
nificantly improve the performance of the method in real-
world operations (Fig. 6), as proved by extensive simulated 
evaluations. It should be noted that the discritization scale 
(size of the grids’ cells) is determined only by the user-
defined ds , since it directly corresponds to the density of 
the designed coverage trajectories in the real-world.

Step 3: In this step, each of the grid’s cells acquires 
a status that can be "Free Space", "Obstacle", or "Initial 
Position".

Step 4: Having a representation of the ROI on an optimal 
grid, along with the initial positions of the UAVs, DARP 
algorithm (Kapoutsis et al. 2017) undertakes to divide the 
overall region to sub-regions for each UAV to operate, ensur-
ing the following criteria:

• Generation of exclusive, spatially-connected regions for 
each UAV, to ensure collision free coverage operations.

• Each UAV’s initial position is included inside its exclu-
sive sub-region, eliminating redundant movements that 
do not contribute to the coverage procedure.

• The union of all sub-regions reconstructs the initial ROI 
(as represented on the grid), ensuring complete coverage 
of all ROI’s cells.

• The initial implementation (Kapoutsis et  al. 2017) 
ensures equal sub-areas for each UAV, while a modifica-
tion introduced in Apostolidis et al. (2022) allows for 
proportional areas’ allocation, according to the opera-
tional capabilities of each member of the group.

To achieve the area division and allocation, DARP performs 
a Voronoi partitioning, and iteratively builds a custom dis-
tance function, so that the area allocation fulfills the afore-
mentioned criteria. Figure 7 depicts an example of area allo-
cation during the execution of DARP, with Fig. 7a showing 
the initial Voronoi partitions, Fig. 7b showing the allocation 
during the execution of the algorithm, and Fig. 7c showing 
the final, converged state.

Step 5: Once each unmanned vehicle is assigned with 
an exclusive sub-region to operate, for each of them a sin-
gle-agent CPP problem is solved. In all the aforementioned 

Fig. 5  Scanning density 
explained
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Fig. 6  Node placement optimi-
zation procedure

Fig. 7  Area allocation during 
different time-steps of DARP 
execution

Fig. 8  Spanning Tree Coverage 
algorithm explained

works, STC algorithm is used for the trajectory generation, 
since the closed-loop paths allow the coverage procedure 
to start and end at any cell of the sub-region (facilitating to 
start the mission from the selected initial position, without 
compromising operational efficiency), and the guarantee of 
complete coverage and no-backtracking match the resource-
efficient nature of these works. At a glance, STC uses two 
different grids for the trajectory generation, with the one 
having two times the discretization scale of the other. The 
center of the cells in the grid with the larger discretization 
scale are used as nodes to generate a MST, and the centers 
of the cells with the smaller discretization scale are used as 
waypoints for the generation of a trajectory that circumnavi-
gates the MST. The result is a coverage trajectory for the 
given grid, that incorporates the features mentioned above. 

Figure 8 depicts the steps executed in STC to generate the 
coverage trajectory.

*While (Apostolidis et al. 2022) follows a more generic 
approach for the area representation on grid and a standard 
version of STC to generate trajectories, Apostolidis et al. 
(2023) applies certain modifications to Step 2 and Step 5, 
taking into consideration the specificities of the path plan-
ning method that is applied, eliminating this way the dis-
cretization issues that are usually met when applying grid-
based methods in real-world operations. To meet all possible 
requirements, it introduces three separate coverage modes - 
Geo-fenced Coverage Mode (GCM), Better Coverage Mode 
(BCM), and Complete Coverage Mode (CCM) - each of 
them incorporating features making them more appropriate 
for different types of real world-operations, but all of them 
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eliminating the implementation issues met in Apostolidis 
et al. (2022). Figure 9 shows an example of coverage trajec-
tories generated by Apostolidis et al. (2022) and Apostolidis 
et al. (2023) all coverage modes.

Step 6: Having generated the coverage trajectories in 
the rotated and shifted grids, one for each member of the 
UAVs’ group, the inverse transformations are applied for the 
generated trajectories, to bring them back to the initial plane, 
and the NED coordinates are converted back to the WGS84 
system to make them applicable in the real-world scenario.

Figure 10 depicts an example of a multi-UAV coverage 
mission generated by the core mCPP method used in this 
work. The method introduced in this work follows the pipe-
line described above, and specifically it performs equal area 
allocation, and is built upon (Apostolidis et al. 2023) GCM. 
This way, it inherits all of its features, making applicable 
and efficient for coverage operation even in very complex, 
non-convex ROIs that may include NGZs inside them, of 
any size. The main contribution of this work, however, is 
that instead of having real, user-defined, or random initial 

positions, that may lead to sub-regions of complex shapes, 
an optimization procedure is introduced, that by control-
ling the initial positions of the UAVs’ group forces DARP 
to generate sub-regions which lead to further increase of 
the operational efficiency, reducing the number of turns and 
overall operational duration, thus reducing the energy con-
sumption of the UAVs as well.

Appendix B

This appendix provides additional details on the applica-
tion of our proposed optimization scheme for every UAV 
within a collaborative framework, as well as the percentage 
of improvement in the Quality of Flight metric values (QoF) 
for both scenarios. Figures 11 and 12 illustrate the distribu-
tion of QoF metric values for each UAV in the conducted tri-
als, highlighting their performance in both scenarios. In both 
figures, the box plots use blue and orange colors to signify 
the standard and proposed approaches, with the percentage 
representing the improved performance in each experiment

As demonstrated by each comparative sub-box plot, 
the distribution of every QoF value is reduced when the 
optimization scheme is applied. Remarkably, the improved 
performance, represented as a percentage, associated 
with the Flight Time and Energy Consumption metrics 
is significantly high for every trial, implying that each 
UAV experienced favorable outcomes in terms of battery 
utilization, during its mission.

Fig. 9  Coverage modes 
introduced in Apostolidis et al. 
(2023)

Fig. 10  Coverage example with the base methodology - in a non-con-
vex polygon ROI - with NGZs - for 12 UAVs - with random initial 
positions
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Fig. 11  Distribution of each Quality of Flight metric value for every UAV in the conducted trials during the coverage of the obstacle-free area
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Fig. 12  Distribution of each Quality of Flight metric value for every UAV in the conducted trials during the coverage of the obstacle area
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