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Optimized Multi-Unmanned 
Aerial Vehicle Coverage Path 
Planning for Efficient Solar Panel 
Cleaning: A Rectilinear and 
Vehicle Routing Problem-Based 
Approach
This study proposes a novel methodology for efficient multi-unmanned aerial vehicle (UAV) 
coverage path planning (CPP) tailored to solar panel cleaning applications. The approach 
incorporates rectilinear path planning and vehicle routing problem (VRP) strategies, 
enabling optimized and coordinated multi-UAV operations for large-scale solar farms. By 
systematically dividing the target area into rows and assigning optimized routes to UAVs, the 
methodology minimizes mission time and maximizes cleaning efficiency. The proposed CPP 
approach integrates realistic constraints such as UAV battery life, flight time, and operator 
limitations, ensuring practicality and robustness. Comprehensive evaluations, including 
simulations using the Gazebo platform and real-world tests with UAVs, validate the 
effectiveness of the methodology. The results demonstrate significant improvements in path 
optimization, energy efficiency, and area coverage, confirming its applicability to solar 
panel maintenance and other large-scale coverage tasks. [DOI: 10.1115/1.4070721] 
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1 Introduction

Solar photovoltaic systems are critical to the global shift toward 
renewable energy, offering clean, sustainable, and cost-effective 
alternatives to traditional energy sources. However, the perform
ance and efficiency of solar panels are significantly hindered by 
environmental contaminants such as dust, dirt, and debris. Studies 
show that dust accumulation alone can reduce panel efficiency by up 
to 40%, leading to energy losses and increased operational costs 
[1,2]. This challenge is particularly pronounced in arid and dusty 
regions, where frequent dust storms exacerbate the problem [3]. 
Consequently, ensuring the cleanliness of solar panels is essential to 
maintain optimal energy output.

Traditional cleaning methods, such as manual cleaning and 
robotic systems, face limitations in terms of scalability, cost, and 
accessibility. Manual cleaning is laborious and time-consuming for 
large-scale solar farms, while automated water-based systems are 
impractical in regions with water scarcity [4,5]. To address these 
challenges, UAVs have emerged as a promising solution for the 

maintenance of solar panels. UAVs with specialized payloads, 
including spray systems, aerodynamic cleaning mechanisms, or 
robotic manipulators, provide efficient, flexible, and scalable 
cleaning operations [6,7].

However, the effectiveness of UAVs is limited by their limited 
payload capacity, flight time, and operational range from ground 
control stations. As a result, flights are often interrupted for battery 
recharging or payload adjustments. In tasks requiring large-scale 
operations, such as cleaning a solar farm, multiple UAVs become 
inevitable [8–10]. The deployment of multiple UAVs in a 
coordinated manner introduces additional challenges, such as 
communication, collision avoidance, and path optimization. To 
address these issues, multi-UAVs CPP strategies are employed to 
ensure efficient, systematic, and collision-free area coverage 
[11–13].

One of the fundamental challenges in the deployment of multiple 
UAVs is to efficiently cover a given area while minimizing 
redundancy and maximizing the effectiveness of exploration. 
Multi-UAVs CPP addresses this challenge by enabling a team of 
UAVs to collaborate and navigate intelligently, optimizing 
coverage efficiency and achieving comprehensive exploration. 
The use of multiple UAVs offers several advantages over single- 
agent approaches. Firstly, it significantly reduces the overall 
coverage time as multiple UAVs can work simultaneously, 
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exploring different regions of the area of interest. Secondly, 
cooperative CPP enables seamless coordination and collaboration 
between UAVs, ensuring efficient allocation of tasks, sharing of 
information, and avoidance of redundant coverage. Furthermore, 
multi-UAVs CPP enhances fault tolerance, as the failure of one 
UAV does not halt the entire operation but can be compensated for 
by other functioning UAVs.

The field of area coverage has seen a wide range of approaches in 
published research, and recent work that provides a complete 
examination of numerous strategies can be found in Refs. [14–18]. 
The division of the target area into a more significant number of 
smaller parts or cells that need to be visited and covered is a 
component shared by all these tactics. Choset proposed a 
comprehensive strategy for the deconstruction of cellular structures 
created expressly for coverage problems [19]. This technology 
generates convex sections within the environment that can be 
navigated by moving in a back-and-forth motion between two 
locations. To find a solution to the coverage issue, a graph search is 
performed to establish the proper sequence in which the cells should 
be covered. After that, the UAV moves around inside each cell in a 
circular motion, covering all the available space by traveling from 
one side to the other in the previously specified order. This approach 
was improved by Acar et al. [20] to function with a smooth 
polygonal workspace. Their technique is designed to identify shifts 
in the connectivity inside the workspace rather than searching for 
individual vertices. They improved the system by categorizing cells 
as narrow or wide [21]. Wide cells enable back-and-forth motions, 
and the width of each coverage row can be changed depending on the 
sensor footprint of the UAV.

However, the UAV modifies its behavior when entering narrow 
cells and then follows the generalized Voronoi diagram that 
corresponds to it while using its sensor to cover the area. The 
determination of the order of cell coverage is the primary task 
involved in optimization using these methods. Path optimization is a 
crucial feature that includes choosing the path for back-and-forth 
motions within each cell. This is only one example of how path 
optimization can be used. This optimization seeks to reduce the total 
number of turns along the route and limit the acceleration and 
deceleration of the vehicle associated with each turn [22]. This 
optimization was further advanced by Li et al. [23], who expanded 
the approach by incorporating considerations for cell connections. 
They showed that a route with fewer turns is more efficient for UAVs 
in terms of length, time it takes to complete the route, and energy 
required. Optimizing the sweep direction is another strategy that has 
been implemented in a variety of UAV systems [24]. When this 
occurs, each convex polygon is given to a different UAV, which 
covers it with an optimum back-and-forth pattern aligned with the 
sweep direction.

This research suggests a strategy for the deployment of a swarm of 
UAVs to efficiently and thoroughly survey large solar farms. The 
technique considers realistic operational factors, including the 
limited number of human operators responsible for monitoring 
UAVs. In practical field deployments, multiple UAVs cannot 
always be launched simultaneously due to operator workload and 
setup requirements. Therefore, setup or initialization time becomes 
a critical factor that must be included in mission planning.

The conceptual integration of CPP and the VRP has been 
previously explored in domains such as agricultural monitoring, 
search-and-rescue, and environmental mapping [13,25,26]. How
ever, most of these studies focus primarily on optimizing route 
allocation or coverage efficiency in simplified environments, often 
neglecting key operational constraints that affect real-world 
deployment. In contrast, the present study extends the CPP–VRP 
framework specifically to the solar-panel cleaning domain, where 
UAVs must operate under realistic conditions such as limited flight 
endurance, operator setup time, and the geometric alignment of solar 
arrays. By incorporating these practical considerations, the 
proposed approach establishes a more accurate, scalable, and 
deployable coordination model for multi-UAV operations in 
structured industrial settings.

The primary contribution of this work is the formulation of a 
hybrid CPP–VRP model that jointly optimizes coverage and route 
allocation within a unified mathematical framework. The model is 
expressed as a linearized min–max optimization problem that 
minimizes total mission time while ensuring complete, nonoverlap
ping coverage of the cleaning area. A key innovation of this study 
lies in the explicit inclusion of operator setup time within the 
optimization process—an often-overlooked factor in the prior CPP 
literature but one that has a decisive impact on field performance. 
This factor captures the sequential preparation period required for 
each UAV before takeoff, thus influencing both mission scheduling 
and total operational efficiency. Unlike conventional multi-UAV 
CPP approaches that assume ideal and fully synchronized launches, 
the proposed framework dynamically balances the number of 
available human operators with UAV scheduling constraints. This 
enables the system to automatically determine not only the optimal 
routes, but also the effective number of UAVs that minimize total 
mission time under realistic operational conditions.

In addition to these contributions, the proposed method employs a 
rectilinear sweep-based area division aligned with the geometric 
structure of solar-panel arrays, effectively reducing unnecessary 
turns, improving energy efficiency, and ensuring uniform cleaning 
coverage. The performance and scalability of the framework are 
rigorously evaluated through MATLAB simulations, GAZEBO/ROS 

virtual tests, and real-world multi-UAV field trials. Experimental 
results confirm that the proposed CPP–VRP framework significantly 
reduces total mission time, improves coordination among UAVs, 
and increases energy efficiency compared to conventional CPP 
methods. In general, the framework offers a practical and scalable 
solution for the maintenance of large solar-farms and has strong 
potential for broader UAV applications such as inspection, 
surveillance, and precision agriculture.

Section 2 presents the problem statement and explains the 
situation in detail. Section 3 outlines the process and strategy for 
solving the problem and provides the suggested solution. Section 4 
displays the result of the proposed method in simulations and real- 
world experiments. and finally, Sec. 5 explains the conclusion of the 
proposed method.

2 Problem Definition

It is possible to adapt the cleaning path patterns to utilize multiple 
UAVs for solar panel cleaning while considering CPP to meet the 
requirements of coordinating and collaborating with multiple 
UAVs. Cleaning path planning is a commonly used technique in 
UAV operations to generate efficient paths for systematic cleaning 
of solar panels. These paths ensure complete cleaning coverage 
while optimizing energy use, reducing mission time, and preventing 
redundancy.

The choice of cleaning patterns can vary depending on the specific 
layout of the solar farm and the level of dirt accumulation on the 
panels. Various cleaning patterns can be applied, each with its own 
characteristics in terms of efficiency, coverage, and energy 
consumption. Once the cleaning pattern is selected, a CPP algorithm 
determines the optimal paths for UAVs to follow during the cleaning 
process. These paths aim to ensure continuous and efficient cleaning 
of solar panels, guaranteeing complete coverage and effective dirt 
removal.

In CPP multi-UAVs solar panel cleaning, the cleaning pattern 
enables efficient and synchronized operations across multiple 
UAVs. The cleaning paths are adjusted to facilitate the coordinated 
movement of the UAVs and optimize the cleaning process. One 
approach to incorporating multi-UAV coordination is to divide the 
solar farm into regions or zones. Each UAV is assigned specific 
zones to clean, and the cleaning paths are customized accordingly. 
Strategic planning of the cleaning paths within each zone minimizes 
overlap between the UAVs, ensures complete coverage of the 
panels, and reduces total cleaning time. In the context of CPP, 
choosing an appropriate path is crucial to ensure efficient and 
effective cleaning of solar panels in a target area. In this study, the 
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CPP is approached using the rectilinear method, as shown in Fig. 1. 
This method involves selecting a path composed of straight-line 
segments that systematically traverse solar panel arrays, facilitating 
comprehensive coverage. The choice of the rectilinear method for 
CPP offers several advantages. First, its simplicity allows for 
straightforward implementation and planning, making it suitable for 
large-scale solar farms. In addition, the rectilinear path facilitates 
efficient cleaning coverage by systematically traversing the panels 
without unnecessary overlaps or missed areas. Moreover, the 
rectilinear method seamlessly integrates with solar panel cleaning 
tasks, optimizing resource use and minimizing mission time while 
maintaining thorough and consistent cleaning performance.

In Sec. 3, a detailed explanation of the CPP methodology will be 
presented, encompassing the rectilinear path and its associated line 
patterns. The use of the rectilinear method and the calculated line 
spacing forms a critical component of the methodology used in this 
research. This approach enables precise planning, execution, and 
analysis of the coverage path, which ultimately contributes to 
thorough cleaning and evaluation of overall cleaning performance. 
The cleaning pattern is customized according to the assigned zones, 
communication between the UAVs and the capabilities of the 
individual UAVs, ensuring optimal performance, and successful 
completion of the solar panel cleaning process.

In this scenario, a collection of UAVs, comprising k units, is 
deployed to clean solar panels. These UAVs operate at the same 
altitude and cover a polygonal convex region in the R2 

space, 
defined by a set of points P, and all units take off from a common 
base station. The cleaning area is divided into distinct zones and the 
UAVs are tasked with systematically covering these zones while 
avoiding overlaps and ensuring complete coverage. A critical factor 

in determining the parameters for each operation is the sequence of 
waypoints, as illustrated in Fig. 2. Waypoints represent specific 
points within the defined cleaning zones that UAVs must traverse to 
achieve efficient and effective cleaning. These waypoints are 
calculated to optimize coverage while taking into account the 
constraints of UAV operation. Each UAV’s maximum flight time is 
fixed and known in advance, introducing additional challenges 
related to energy management and task allocation. Effective 
strategies to address these challenges, including optimizing way
point sequences, dynamic reallocation tasks between UAVs, and 
managing energy consumption, will be explored in Sec. 3. These 
strategies aim to ensure seamless operation, minimize mission time, 
and maximize cleaning efficiency for solar panel deployment.

3 Methodology

This section presents the proposed hybrid CPP–VRP framework 
developed to optimize multi-UAV operations for solar-panel 
cleaning missions. The methodology integrates area decomposition, 
temporal and routing constraints, and optimization through a mixed 
integer linear programing (MILP) formulation. The approach builds 
on existing CPP and VRP methods [27,28], while introducing new 
constraints and solver enhancements tailored to UAV-based 
cleaning applications.

3.1 Overall Framework. The proposed methodology consists 
of two major stages. First, the target cleaning area is partitioned into 
systematic sweeping rows to ensure full coverage (Fig. 3). Second, 
the resulting row-endpoints are assigned to UAVs using a VRP- 
based optimization model that minimizes total mission time under 
operator and flight constraints. Each UAV is modeled as a vehicle 
and each sweeping row endpoint as a customer node in the VRP 
structure. This hybridization enables coordinated multi-UAV route 
planning while maintaining complete coverage of the solar farm.

Simplified UAV dynamics. In this study, UAV motion is simplified 
by assuming a constant cruise velocity during straight-line flight 
segments. This assumption is justified because multirotor UAVs use 
closed-loop flight controllers that maintain nearly constant speed 
during forward motion. The simplification allows the optimization 
model to focus on path allocation and scheduling at the mission- 
level rather than the dynamics at the low-level. Energy consumption 
and transient effects such as acceleration, drag, and wind 
disturbances are neglected but can be integrated in future work 
using empirical power or physics-based flight models.

3.2 Mathematical Definition of Area Division. Before defin
ing the time and routing constraints, the cleaning area is mathemati
cally represented and divided into systematic sweeping rows to 
ensure complete and nonoverlapping coverage. The target cleaning 
area A is assumed to be convex and discretized into parallel 
sweeping rows separated by a constant interval dr , determined by the 
effective cleaning width ws of each UAV. The row spacing is defined 
as 

Fig. 1 Rectilinear method 

Fig. 2 Path of the multidrone 
Fig. 3 Rectilinear sweeping strategy used for solar-panel 
cleaning area division
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dr ¼ wsð1 − gÞ (1)  

where g 2 ½0, 0:1� represents a small overlap ratio (typically 5–10%) 
to guaranty complete cleaning coverage [29]. Each sweep row i is 
defined by a pair of boundary waypoints Pi1, Pi2f g corresponding to 
the intersection points between the sweep line and the polygonal 
boundary of A. The sweep direction hs is aligned with the longer 
edge of the solar-panel array (i.e., hs ¼ 0 deg in this study) to 
minimize turns and improve energy efficiency.

3.3 Constraints With Time. The objective is to minimize the 
total mission time required for complete coverage, taking into 
account the delays in the setup of the UAV and the endurance limits. 
The total time spent by UAV k is expressed as [30] 

Tk ¼
XN

i¼1

XN

j¼1

Cij

Vk
ij

Xk
ij þ dk (2)  

where Cij is the edge traversal cost between nodes i and j, Xk
ij 2

0, 1f g is a binary decision variable indicating whether the kth UAV 
travels from node i to node j, Vk

ij is the flight speed on that segment, 
and dk is the setup time required to launch the UAV k. The 
optimization goal is to minimize the maximum total mission time 
among all UAVs. An auxiliary variable � is introduced to linearize 
the min–max objective 

XN

i¼1

XN

j¼1

Cij

Vk
ij

Xk
ij þ dk � �, k ¼ 1, …, M (3)  

This ensures that the mission time of each UAV Tk does not exceed 
�, allowing the nonlinear structure min maxkTk to be expressed as an 
MILP formulation. The total duration of a UAV’s flight is bounded 
by its endurance limit Lk 

XN

i¼1

XN

j¼1

Cij

Vk
ij

Xk
ij þ dk � Lk, k ¼ 1, …, M (4)  

The energy consumed during setup is assumed to be negligible 
compared to the flight energy.

3.4 Constraints on Area Coverage. Each node (or sweeping 
row endpoint) must be assigned to exactly one UAV, ensuring 
complete and nonredundant coverage of the area. The area-coverage 
constraint is defined as 

XM

k¼1

XN

i¼1

Xk
ij ¼ 1, j ¼ 2, 3, …, N (5)  

and the flow conservation constraint for each UAV is 

XN

i¼1

Xk
ip −

XN

j¼1

Xk
pj ¼ 0, p ¼ 1, 2, …, N, k ¼ 1, …, M (6)  

3.5 Constraints on Routing. Routing constraints ensure con
tinuity and prevent UAVs from leaving the defined sweeping rows. 
For adjacent nodes, the following relationships maintain path 
consistency: 

XM

k¼1

Xk
i,iþ1 ¼

XM

k¼1

Xk
iþ1,i, i ¼ 2, 4, …, N (7)   

XM

k¼1

Xk
i,i−1 ¼

XM

k¼1

Xk
i−1,i, i ¼ 3, 5, …, N (8)  

These routing constraints guarantee smooth transitions between 
adjacent rows and prevent disjoint or redundant coverage.

3.6 Vehicle Routing Problem Solver and Implementation 
Details. The VRP formulated aims to minimize � (the maximum 
mission time across all UAVs) while satisfying all time and routing 
constraints. The optimization problem is implemented as an MILP 
and solved using MATLAB R2023a’s intlinprog solver, which 
applies a branch-and-bound strategy for binary and continuous 
decision variables. For small- to medium-scale instances (less than 
50 sweeping rows and 10 UAVs), global optimality is typically 
achieved in seconds. For larger-scale problems, a genetic algorithm- 
based heuristic can be adopted to improve computational efficiency. 
The genetic algorithm initializes candidate solutions via nearest- 
neighbor heuristics and iteratively refines them using crossover and 
mutation operators to achieve near-optimal solutions in reduced 
computation time. The resulting route assignments Rkf g are 
subsequently used in MATLAB/GAZEBO simulations and real-world 

Fig. 4 Flowchart of the proposed hybrid CPP–VRP algorithm 

implementation. Each block corresponds to a specific computa
tional or experimental stage.
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experiments to evaluate coverage efficiency, mission time, and 
inter-UAV coordination.

3.7 Algorithm Implementation and Flowchart. The general 
implementation process of the hybrid CPP–VRP framework is 
illustrated in Fig. 4. The flowchart outlines the computational 
sequence—from area discretization and MILP-based optimization 
to simulation and real-world validation.

During execution, the cleaning area is first divided into rows 
sweeping using Eq. (1). A cost matrix Cij is computed from pairwise 
distances, and the MILP-based VRP model is solved to minimize the 
maximum total mission time �. The optimized row assignments 
Rkf g are then validated through simulation and real-world testing. 

Performance metrics such as mission duration, path length, and 
energy usage are used to assess efficiency and scalability.

4 Simulations and Real-World Experiments

This section evaluates the proposed multi-UAV CPP–VRP 
framework through MATLAB-based simulations, GAZEBO/ROS virtual 
tests, and field trials. Our goals are to quantify mission time, path 
length, and energy consumption, assess robustness with respect to 
practical constraints (e.g., setup time, endurance), and examine 
scalability to larger fleets and areas.

4.1 Unmanned Aerial Vehicle Platform and Parameter 
Settings. The CPP–VRP algorithm was validated using a small 
multirotor platform. Table 1 summarizes the main operational 
parameters adopted consistently in both simulation and field 
experiments, representing a typical medium-size cleaning UAV 
with moderate endurance.

All simulations use the same parameters to ensure comparability 
with field trials. The tests were carried out under a calm wind; The 
UAVs flew at constant cruise speed v, consistent with the modeling 
assumptions in Sec. 3.

4.2 Coverage Path Planning With Constraints (Part 
I). Figure 5 illustrates a representative CPP trajectory produced by 
the proposed method under the time, coverage, and routing 
constraints defined in Sec. 3. The example demonstrates rectilinear 
rows with overlap-adjusted spacing dr ¼ wsð1 − gÞ and the assign
ment of row endpoints to UAVs via the VRP formulation. For 
completeness, Algorithm 1 sketches the high-level workflow used in 
simulation: area division, VRP solve, route construction, and timing 
evaluation. 

Algorithm 1: MULTI_UAV_CPP (high-level simulation workflow) 

Require: A: target area; K: #UAVs; Lk: endurance; dk: setup time

1: R divide into sweeping rowsðAÞ
2: P solve VRPðR, K, Lk , dkÞ �MILP (intlinprog) or GA heuristic
3: for k 2 1, …, Kf g do
4:  routek  construct routeðP, kÞ
5:  Tk  total timeðroutekÞ þ dk

6: end for
7: return routekf g

K
k¼1

, maxkTk

The internal subroutines utilized in Algorithm 1, including 
divide_into_sweeping_rows, solve_VRP, calcula
te_total_¯ight_time, and is_edge_allowed, follow 
the standard coverage path planning procedures reported in Ref. 
[8]. The result of the CPP process, considering the defined 
constraints, is illustrated in Fig. 6.

Fig. 5 Representative CPP trajectory under time/coverage/routing constraints 

Table 1 Key UAV parameters used in the experiments (GAZEBO/ 
ROS-based) 

Parameter Symbol Value Unit

Flight velocity (cruise) v 1.0 m/s
Flight altitude (cleaning) h 1 m
Payload mass p 0.5 kg

Battery capacity (equiv.) B 5200 mAh
Endurance (max flight time) Lk 10 min
Setup time before takeoff dk 6 min
Cleaning/coverage width ws 1.2 m
Average power consumption Pavg 220 W
Energy per mission (est.) E 36 Wh

Fig. 6 The result of the CPP with constraints 
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4.3 Simulations in Gazebo (Part II). GAZEBO 11 and ROS were 
used to visualize trajectories and test multi-UAV coordination with 
simple wind and sensor configurations. Figure 7 shows the initial 
and in-mission UAV poses and the final CPP execution snapshot.

Altitude deconfliction. The takeoff, transit-to-start and return to 
launch (RTL) phases used distinct altitude layers per UAV to avoid 
conflicts (Fig. 8); cleaning altitude was identical in the work area to 
maintain uniform footprint. Figure 9 presents a visualization of the 
results obtained from a simulation in Gazebo, which involved three 
quadcopters and implemented the CPP algorithm with constraints. 
Virtual tests confirm that (i) the VRP-based allocation avoids 
redundant row coverage, (ii) inter-UAV separation is maintained 
through route scheduling, and (iii) mission time decreases as tasks 
are parallelized subject to dk and Lk.

4.4 Real-World Tests (Part III). Field experiments with K ¼
3 quadcopters were conducted near Ankara, Turkey (39.828479 N, 
32.559464 E). The ambient temperature was 24�C; average wind 
speed was � 3 km/h with gusts up to 15 km/h; wind blew from north 
to south; 13 global navigation satellite system (GNSS) satellites 
were visible during the flights. The setup and coverage results are 
shown in Figs. 10 and 11.

Positioning accuracy and implications. Standard single- 
frequency global positioning system (GPS) was used, producing a 
typical horizontal uncertainty of 60:5 m. This may induce small 
lateral offsets between adjacent lanes, causing minor overlap or 
sparse gaps. Although not critical for route-following validation, it 
limits precise coverage-accuracy assessment. In future trials, real- 
time kinematic (RTK)-GNSS will be employed to achieve 
centimeter-level positioning accuracy, which is expected to reduce 

tracking errors and inter-UAV misalignment, enabling more 
rigorous quantitative coverage analysis.

Repeatability. To assess robustness, multiple flights were 
performed under similar conditions (wind, temperature, satellite 
visibility). The trajectories exhibited consistent behavior, with a 
mission-time variance within a few percent and lateral path 
deviations below the 5% lane spacing, mainly due to gusts and 
GPS drift. For brevity, a representative run is reported; extended 
campaigns incorporating RTK and statistical summaries (e.g., 
variance in mission time and path error) are planned as future work.

A comprehensive analysis of the real-world performance 
demonstrated by three different drones is presented, as depicted in 
Figs. 12(a)–12(c). These visual representations offer a detailed 
insight into each drone.

4.5 Quantitative Comparison and Scalability Analysis. To 
provide quantitative evidence, the proposed multi-UAV CPP–VRP 
is compared against a single-UAV rectilinear CPP baseline under 
identical area and UAV parameters (Table 2). Total path length, 
mission time, estimated energy consumption, and coverage 
efficiency are reported; the simulations are mirrored in Gazebo.

The proposed framework reduces the total mission time by �
60% while maintaining full coverage. The slight increase in total 
path length arises from inter-UAV spacing and coordination, yet the 
workload distribution yields faster completion. The Per-UAV 
energy remains comparable because each vehicle covers a smaller 
portion with minimal redundant motion.

Scalability. Fleets of up to K ¼ 10 UAVs are simulated in areas up 
to 100� 100 m. The computation time grew approximately linearly 
with K, while the duration of the mission decreased sublinearly due 
to parallelization constrained by dk and Lk. This indicates good 

Fig. 7 GAZEBO/ROS simulation of three UAVs: (a) initial poses and (b) in-mission poses 

Fig. 8 Operational plan with altitude deconfliction (takeoff/ 
transit/RTL) and equal cleaning altitude Fig. 9 CPP execution snapshot in GAZEBO (part II) 
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scalability and stable optimization performance. Future work will 
extend these tests to larger fields with RTK positioning and higher- 
endurance platforms.

5 Conclusion

This study presented a comprehensive and experimentally 
validated framework to address the CPP problem in multi-UAV 

systems designed for solar-panel cleaning applications. The 
proposed methodology integrates rectilinear sweep-based area 
division with a VRP formulation, thereby ensuring efficient, 
coordinated, and nonoverlapping coverage of large solar-farm 
regions. The approach draws on established CPP and VRP 
formulations from Refs. [27] and [28], extending them by 
incorporating operational constraints such as flight endurance, 

Fig. 10 Field-test setup (part III) 

Fig. 11 Real-world CPP trajectories recorded from onboard logs 
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sequential operator setup time, and energy limitations—factors 
essential for real-world multi-UAV deployments.

Quantitative simulations and Gazebo-based virtual tests demon
strated that the proposed CPP–VRP framework effectively mini
mizes the total mission time while maintaining near-complete 
coverage efficiency. Specifically, mission duration was reduced by 
approximately 60% compared to single-UAVs CPP baselines, with 
energy consumption remaining nearly constant between UAVs. 
Real-world experiments with three UAV further validated the 
robustness of the framework, revealing consistent flight trajectories 
and inter-UAV coordination despite GPS uncertainty and mild 
environmental disturbances.

Although the current model assumes a convex, obstacle-free 
solar-farm layout, this simplification is in line with many real 
photovoltaic installations. Nevertheless, future research will extend 
the method to nonconvex and obstacle-rich environments through 
advanced cellular decomposition and obstacle-avoidance strategies. 
Additional work will focus on distributed and learning-based 
coordination, including reinforcement and graph-based optimiza
tion methods, to enhance adaptability under uncertain and dynamic 
environmental conditions. Integrating RTK positioning will further 
improve spatial accuracy and quantitative assessment of coverage 
efficiency.

In summary, the proposed CPP–VRP framework bridges the gap 
between theoretical optimization and practical implementation. By 
combining mathematical rigor, simulation-based verification, and 
real-world validation, this study provides a scalable, efficient, and 
field-applicable solution for UAV-based solar-panel cleaning. The 
framework also offers a transferable foundation for other multi- 
UAV applications, including inspection, surveillance, and 
precision agriculture, where coordinated and efficient area coverage 
is critical.
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