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Abstract

Unmanned Aerial Vehicles (UAVs) equipped with visual sensors are widely used

in area coverage missions. Guaranteeing full coverage coupled with camera

footprint is one of the most challenging tasks, thus, in the presented novel

approach a coverage path planner for the inspection of 2D areas is established,

a 3 Degree of Freedom (DoF) camera movement is considered and the shortest

path from the taking off to the landing station is generated, while covering

the target area. The proposed scheme requires a priori information about the

boundaries of the target area and generates the paths in an offline process.

The efficacy and the overall performance of the proposed method has been

experimentally evaluated in multiple indoor inspection experiments with convex

and non convex areas. Furthermore, the image streams collected during the

coverage tasks were post-processed using image stitching for obtaining a single

overview of the covered scene.

Keywords: Area Coverage, Path Planning, Visual Inspection, UAVs, Camera

Footprint

1. Introduction

Unmanned Aerial Vehicles (UAVs) equipped with remote sensing instru-

mentation have been emerging in the last years due to their mechanical simplic-
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ity, agility, stability and outstanding autonomy in performing complex maneu-

vers [1, 2]. Furthermore, UAVs have the ability to offer numerous opportunities5

in a variety of applications, such as mapping [3], landslides [4], search and rescue

missions [5], forest fire inspection [6] and aerial manipulation [7]. One of the

most common remote sensors is the visual sensor, either monocular or stereo,

while the acquired set of images from the UAV’s mission can be analyzed and

used to produce sparse or dense surface models, hazard maps, investigate access10

issues, and other area characteristics [8]. However, the main problem in these

approaches is to guarantee the full coverage of the area, a fundamental problem

that is directly related to the autonomous path planning of the aerial vehicles. In

order to guarantee the full coverage, the problem of the coverage path planning

should be mathematically formulated to be coupled with the camera frustum,15

while maximizing the area coverage, in relation to the camera movement and

the corresponding orientation. This problem is well-known in the literature to

be NP-hard and thus there is a need of a numerical solution to provide a close

to optimal solution. Moreover, in all the coverage path planning methods, there

are constraints on the length of the path, as it is desired to follow the shortest20

one and this can directly affect the overall mission, mainly due to the UAVs

limited flight time [9]. Finally, the coverage path planning approach should be

evaluated in real-life scenarios, which would add an important overall techno-

logical contribution of the established approach. In the presented approach, it is

assumed, without loss of generality, that during the operation, the UAV has the25

ability to retain a closed loop fixed altitude, while having a downward-looking

camera. In this specific case, the camera frustum can be modeled by fixed size

rectangles, of size wi × hi, (wi, hi) ∈ R2 as it is indicated in Figure 1.

In the related literature, the problem of covering the target area with fixed

size rectangles has been addressed multiple times, while this typical problem30

is known to be NP-complete [10, 11] and one of the several computationally

difficult decomposition problems [12]. Additionally, apart from the coverage

approaches for visual inspection, it has several important practical applica-

tions, such as in VLSI layout design, pattern recognition, computer graphics,
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Figure 1: Schematic of the field of view in the case of UAV.

databases, image processing, etc.. Thus, inspired by this vision, the main ob-35

jective of this article is to establish an algorithm to segment the target area in

relation to the camera’s position and orientation (x, y, ψ) in an offline approach;

in the sequel the UAV will be able to plan its shortest possible path through all

segments with a fixed take-off/landing area.

On the specific topic of covering polygons with rectangles, most of the works40

consider a varying size of the rectangles’ area [13] or the target area is considered

to be convex, rectilinear or a union of convex polygons [13]. Furthermore, most

of the previous contributions formulate the problem mathematically, without

presenting the numerical solution to the problem, while it should be highlighted

that the problem is proven to be NP-hard for the case of the fixed size rectan-45

gles [14].

For the Coverage Path Planning (CPP) problem, there have been many works

that address 2D spaces and fewer approaches that address coverage of 3D

spaces [15]. A survey on CPP methods in 2D can be found in [16]. In most of the

CPP methods for covering the target area, the underlying algorithms decompose50

the area in sub-regions. Thus, coverage algorithms can be categorized by the

type of decomposition into: a) classical exact cellular decomposition [17], where

the decomposition of the area breaks down to simple non-overlapping regions
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and a robot sweeps these regions, b) Morse-based cellular decomposition [18]

where the area is decomposed based on critical points of Morse functions [19]55

and a motion planner algorithm guarantees to encounter all the critical points

in the target area, c) landmark-based topological coverage [20], with the area

decomposed based on natural landmarks, d) contact sensor-based coverage of

rectilinear environments [21], where the robot follows a cyclic path while build-

ing up a cellular decomposition of the area, e) grid-based methods [22] where60

the target area is decomposed into a collection of uniform grid cells, and f)

graph-based methods [23] for environments that can be presented as a graph,

where the graph can be updated based on robot sensors, while performing cov-

erage. The aforementioned methods decompose the area without consideration

of the mobile agent’s sensor, which can affect the coverage quality. Towards65

aerial coverage and visual inspection, it is assumed that a top level procedure

handles the area segmentation [8, 24], while there has been no related work to

consider decomposition of the target area with relation to the camera footprint.

Thus, this decoupling of coverage task and segmentation of the area can reduce

the generality of these approaches. Moreover, in case of grid-based methods or70

lawn-mower problems, the target area is decomposed into a collection of uni-

form grid cells. As a result, most grid-based methods completeness depends on

the resolution of the grid map. Although it is easy to create a grid map and

grid-based representations are the most widely used for coverage algorithms,

grid maps suffer from exponential growth of memory usage, while the resolution75

does not depend on the complexity of the area. Moreover this type of algorithms

does not consider rotation of the robot, and may yield into suboptimal paths.

Furthermore, in the case of the art gallery problem, the problem is to determine

the minimum number of guards for observing the whole gallery. This results

to static coverage problems, which are about finding a good placement of the80

sensors, and is categorized under surveillance problems. However, in this arti-

cle, coverage path planning coupled with area decomposition is studied, which

differs from the previous approaches and solutions. In the presented novel ap-

proach, the camera footprint is coupled with the UAV position and yaw angle

4



and the area is decomposed while maximizing the covered area. This approach85

is directly inspired by real life applications of UAVs and the mathematical for-

mulation of the overall problem consists of a novel consideration of the coverage

problem.

Preliminary and limited results from the proposed framework have been

presented in [25], while this work has been extended in this article with the90

following fundamental additional contributions: 1) 3 Degrees of Freedom (DoF)

(x, y, ψ) instead of 2 DoF (x, y) camera motion as a result of the natural move-

ment of the UAV, 2) integration of a path planner to provide the shortest path

among the centers of the identified rectangles, and 3) multiple experimental

verifications of the proposed methods with a comparison and analysis of the95

results. Based on the aforementioned state of the art, the main contribution of

this article is three-fold. Firstly, the problem of covering the polygonal target

area, while considering the camera’s footprint with 3 DoF is mathematically for-

mulated and solved approximately by three different well-known metaheuristic

techniques: the Pattern Search (PS), the Genetic Algorithm (GA) and the Par-100

ticle Swarm Optimization (PSO). Secondly, this article addresses the problem of

the segmentation of a polygonal region with fixed size rectangles for the coverage

and inspection tasks for the first time, to the best of the author’s knowledge.

Thirdly, it should be noted that the coverage path planner is evaluated through

multiple experimental trials, where the overview of the covered area is visually105

represented using an image stitching technique. Finally, it should be highlighted

that the main novelty of the proposed scheme stems from the establishment of

an overall framework for the path planning for convex and non-convex 2D ar-

eas. Thus, a novel mathematical framework for solving the coverage problem

by segmentation of the target area and calculating the shortest path will be110

established. As a fundamental difference, in the proposed approach the cities

that the TSP should visit are calculated in order to maximize the covered area.

The established theoretical framework has the novelty of providing a path for

maximizing the coverage of the area, while considering for the first time, to

the authors best knowledge, the camera footprint position and orientation, in115
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contrast to many existing approaches that simplify the effect of the camera

footprint in the target area segmentation. Moreover, this article provides an

near optimal solution for the well-known NP-hard problem of covering polygons

with rectangles. Finally, one of the fundamental technological contributions of

this article is the fact that the proposed framework has demonstrated the di-120

rect real life applicability and feasibility of coverage in an indoor experiment.

The established coverage framework is able to integrate and adapt fundamental

principles from the areas of control, image processing, and computer science, in

a fully functional and efficient approach that enables the penetration of aerial

robotics in real life applications and more specifically in the field of aerial in-125

spection. It should be highlighted that in this approach the camera movement

and yaw orientation is coupled with the UAV, while in cameras with gimbals,

the camera remains horizontal, regardless of the motion around them and there

is no closed loop controller between gimbals and the UAV orientations, a fact

that limits the DoFs of the camera motion in relation to the UAV. Addition-130

ally, the usage of gimbal is limited, as lightweight UAVs have strong payload

constraints.

The rest of the article is structured as follows. The mathematical establish-

ment of the proposed problem is presented in Section 2, followed by the pre-

sentation of the selected algorithms for solving the problem in Section 3. Then135

the path generation is explained in 4, which is followed by the image stitching

technique in Section 5. In Section 6 multiple simulation and experimentation

results are presented with a corresponding comparison and discussion. Finally

the article concludes in Section 7.

2. Problem Statement140

The UAVs should be able to understand the area to be inspected, ensure

complete coverage and an accurate reconstruction of the inspected area. Relying

on accurate state estimation, as well as on dense reconstruction capabilities,

algorithms for the autonomous inspection planning should be designed to ensure
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full coverage. In the following, the problem is formulated for the coverage of145

2D target areas with a camera that has 3 DoF in x, y and ψ and the camera

frustum is modeled by fixed size rectangles, of a wi × hi ∈ R2+.

The given region can be presented by Ω ⊂ R2. Additionally the finite set of

rectangles is denoted as:

Λ = {Ri : i ∈ In = {1, 2, . . . , n}} (1)

where rectangles can be defined by:

Ri =

{
(xi, yi) ∈ R2 :

−wi
2
≤ xi ≤

wi
2
,
−hi

2
≤ yi ≤

hi
2

}
. (2)

Each rectangle can be identified by its center position (xi, yi), orientation of

the center ψi, the width wi and the length hi. More specifically the position of

the camera is at the center of the rectangle. The width and the length of the

rectangle can be obtained through (3) from the altitude, and the Horizontal and

Vertical Fields of View (HFOV and FOV) of the camera as depicted in Figure 2.

wi = 2Hi tan−1 α,

hi = 2Hi tan−1 β
(3)

where Hi, α and β are the height, horizontal and vertical FOVs of the camera.

The installed camera on the UAV has three dimensions of orientation, however,

without loss of generality, in the case of a downward looking camera, only one

orientation ψ around the z-axis is considered. Additionally, the positions of the

vertices of the ith rectangle, as depicted in Figure 2, can be obtained from the
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Figure 2: Schematic of the relation between the rectangle and altitude, horizontal and vertical

Field of View (FOV) of the camera.

center (xi, yi) and orientation (ψi) of the camera by (4) as it follows:x1i
y1i

 =

xi
yi

+
1

2
T (ψi)

wi
hi


x2i
y2i

 =

xi
yi

+
1

2
T (ψi)

−wi
hi


x3i
y3i

 =

xi
yi

+
1

2
T (ψi)

−wi
−hi


x4i
y4i

 =

xi
yi

+
1

2
T (ψi)

 wi
−hi



(4)

where [·]1, [·]2, [·]3 and [·]4 are the positions of the four vertices of the rectangles

and T (ψi) is the rotation matrix with respect to the orientation of the camera:

T (ψi) =

cosψi − sinψi

sinψi cosψi

 (5)

The placement of the rectangles Ri in a constant altitude is defined by the

translation vector ui = (xi, yi) and the orientation vector ψi, i ∈ In, while the

set of the translated and orientated rectangles Ri(ui, ψi) is expressed by Λ(u, ψ),
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where u = {u1, u2, . . . , un} ∈ R2n and o = {ψ1, ψ2, . . . , ψn} ∈ [0, 2π]n.

The polygonal

P (ui, ψi, n) =
⋃
i∈In

Ri(ui, ψi) (6)

represents the region covered by the union of the rectangles Ri, while Λ∗ is a

cover of Ω if there exist vectors such that:

Ω ⊂ P (ui, ψi, n) =
⋃
i∈In

Ri(ui, ψi) (7)

Therefore, the search procedure tries to find the position and orientation of

each rectangle through the translation, the orientation vectors ui, ψi and the

total number of rectangles n. Thus, the goal is to define whether there exist150

vectors u ∈ R2n and o ∈ [0, 2π]n, such that Λ(u, o) is a cover of Ω. The general

schematic concept of the problem is presented in Figure 3.

Figure 3: Schematic of the problem statement.

In order to mathematically formulate the described problem, the following
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optimization problem is defined:

min
u,ψ,n

|A (P (ui, ψi, n) ∩ Ω)−A(Ω)|︸ ︷︷ ︸
maximizing coverage

+ γn︸︷︷︸
minimizing # rectangles

s.t.

ul ≤ u ≤ uu

0 ≤ ψ ≤ 2π

P (ui, ψi, n) =

n⋃
i=1

Ri(ui, ψi)

n ∈ N

(8)

where A is the function that calculates the area of polygons, uu and ul are

the upper and lower bounds of the translation vector that is defined by the

boundaries of the target area Ω, γ is a scalar weight to penalize the number of

rectangles in the objective function and n is the number of rectangles. Therefore

the optimization is a mixed integer programming problem. However, the number

of rectangles n can be provided by a rough estimation, e.g. by calculating a

relation between the rectangle’s area and the target area (dA(Ω)/A(Ri)e). In

this way, the first part of optimization will be solved with an initial guess of the

number of rectangles. In the next step the number of rectangles will be updated

based on the remaining area until the ”optimal” number in relation to the

covered area is obtained. Hence in this article the second term of optimization

is omitted to reduce complexity. Moreover, several cases arise in the interaction

between two rectangles Ri(ui, ψi) and Rj(uj , ψj) with i 6= j , ui = (xi, yi) and

uj = (xj , yj), that are determined by:

Ri(ui, ψi) ∩Rj(uj , ψj) = ∅

Ri(ui, ψi) ∩Rj(uj , ψj) 6= ∅
(9)

While solving the problem, based on the shape of the target area Ω, different

overlapping scenarios occur that can be any of the two cases in (9). However, it155

should be highlighted that the cases of Ri(ui, ψi) ⊂ Rj(uj , ψj) and Rj(uj , ψj) ⊂

Ri(ui, ψi) are not considered when dealing with the coverage problem and should
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be ommitted. In general, the proposed problem statement is considered to be an

NP-hard problem thus in the sequel metaheuristic optimization algorithms will

be utilized for deriving a solution. At this point, it should be highlighted that160

the metaheuristics do not guarantee to locate the optimal solution and thus it

is not suggested to use metaheuristics for solving problems where efficient exact

algorithms are available. However, for NP-hard problems as the once considered

in this article, metaheuristics (or heuristics) are the only viable option for finding

a ”good enough” (or near optimal) solution. Thus in this paper, the notation165

”optimal” is used to highlight that solution is not always the actual (unknown)

optimal solution.

In Section 3, three different numerical methods are presented for solving (8).

Additionally, it should be highlighted that the optimization problem of the area

segmentation does not consider overlapping between rectangles, as finding the170

optimal ratio of the overlapping area further increases the computational com-

plexity. Nevertheless, omitting the overlapping factor from the optimization

step, does not restrict the performance of the stitching algorithm, which requires

substantial overlapping, since without a loss of generality, the aerial agent se-

quentially records the video streaming from the visual sensor, while following175

the generated coverage path. In this manner, the post-processing of the data

will provide the necessary overlapping (according to the application require-

ments) between the rectangles for the coverage problem, as it is presented in

Figure 4. To be more specific, after the position (xi, yi) and orientation ψi of

each rectangle is obtained, the“shortest” path is generated which passes through180

the center of each rectangle as described in Section 4. The generated path pro-

vides overlapping between rectangles as it is shown in Figure 4, which depicts an

intermediate acquired image with a red rectangle. Furthermore, Figure 5 pro-

vides the schematic relation between image frame Ii and camera footprint Ri,

which is described in Section 5. This figure depicts that the distance between185

footprint Ri and frame Ii includes two components, the camera focal length f ,

where f is the distance from the image plane to the camera lens, and Hi, where

Hi is the distance from the camera to the ground plane.
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Figure 4: Schematic of the overall proposed method.

Figure 5: Schematic relation between image frame Ii and camera footprint Ri.
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3. Numerical Methods

In engineering practice many optimization problems arise, which are proven190

to require a non-realistic amount of time to be solved. For these cases, engineers

do not have the luxury to search for the overall optimal solution and they

are willing to trade optimality for ”good enough” solutions within a realistic

amount of time and computational recourses spent. To this end, a number of

”global” metaheuristic optimization algorithms have been proposed [26]. These195

algorithms either rely on engineering intuition or are inspired by optimization

mechanisms encountered in nature. One of the first such algorithms is the GA

optimization procedure [27], and since its introduction in the 70’s, a plethora

of other algorithms, either completely novel or variations of existing ones, have

been proposed [28].200

Among the different algorithms, this article investigates the use of three very

popular and successful paradigms for tackling the hard optimization problem

described in the previous section. All of them can deal with non-differentiable

functions (derivative free) and have mechanisms to escape local minima (max-

ima). The first investigated algorithm is the Pattern Search (PS), which is the205

oldest among the three methods [29]. Due to its simplicity, this algorithm is

used as a benchmark for comparison of the other two more recent and more

advanced methods. It belongs to the family of single-solution based algorithms,

which means that at each iteration a single solution is retained and used to seed

the search for the next iteration. The other two algorithms are the GA, and210

the PSO, which rely on the evolution of a set of solutions, thus belonging to

the family of population-based methods. Retaining a pool of candidate solu-

tions can help these algorithms search larger portions of the search space and

also escape local minima, utilizing an exploration-exploitation mechanism. GA

performs the evolution of solutions using a set of operators (selection, mutation215

and combination) directly inspired by the operations that are taking place in

the cells of living organisms. GA is probably the most used method from the

family of evolutionary methods and has found numerous applications in engi-
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neering optimization problems. Therefore, GA is usually ”the method to beat”,

for every new proposed algorithm. PSO, the third of the tested algorithms, is220

the newest among the three, and many variants have been proposed since its

initial introduction [30]. It has proven to be both efficient and easy to imple-

ment. Although initially devised to simulate the flying of birds, it was soon

turned into a method for efficiently searching over complex function landscapes.

Unlike GA, in PSO solutions tend to interact with each other communicating225

information about the quality of search areas, guiding the search of the whole

”swarm” of solutions. Each of the algorithms is briefly presented in the following

subsections.

3.1. Pattern Search

PS [29] belongs to a family of numerical optimization methods called direct230

search methods [31] (e.g. the Nedler Maed simplex method also belongs to this

family [32]) that do not require the gradient of the problem. These methods,

although they are over half a century old, are still popular within the engineering

community for one specific reason, they work well in practice [33]. For the case

of PS, which is based on exploratory moves around a point, the building block235

is the pattern that is a predefined set of vectors, which controls the search

directions of the algorithm.

In PS each iteration is characterized by an optional global search step and

poll step. In the search step, the objective function f is evaluated at a finite

number of points, lying on the current mesh Mk, in an attempt to try to find240

a new point with a better function value than the incumbent. In the poll step,

a positive spanning set Dk ⊂ D is chosen in order to construct the poll set.

The poll set Pk = {uk + ∆kd ∈ U : d ∈ Dk} is constructed, as the neighboring

mesh points in each of the directions surrounding the current solution uk, with

∆k > 0 depending on the fitness of the mesh. Then the function f is evaluated245

at the points in Pk, until all the points have been evaluated, or until one with

a lower objective function value is found.

In case that the search or the poll step is successful, then the ∆k+1 is updated
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as:

∆k+1 = τm
+
k ∆k (10)

where τ > 1 and m+
k is the fixed integer, while if the search and poll both fail

to find an improved mesh point then the following rule applies:

∆k+1 = τm
−
k ∆k (11)

where m−k satisfies mmin ≤ m−k ≤ −1. The Algorithm for PS is presented

in Algorithm 1 Moreover a full reference on pattern search mathematics and

algorithms can be found in [34].

Algorithm 1 Pattern Search

Require u0

1. Calculate M0 ⊂ U by ∆0 > 0 and u0

2. Repeat for k = 0, 1, 2, . . . kmax

(a) Mesh Step create a mesh of points around the current point

(b) Poll Step poll the mesh points looking for an improved location

(c) Update if a better position is found (successful polling), move to

that position and expand, otherwise (unsuccessful polling) contract

the mesh centered at the current location

250

3.2. Genetic Algorithm

The GA [35] is an optimization and search technique based on the prin-

ciples of genetics and natural selection and belongs to the broader family of

evolutionary algorithms. A GA allows a population composed of many indi-

viduals to evolve under specified selection rules to a state that maximizes the255

”fitness” [36]. First, the set of candidate solutions /chromosomes (population)

is evaluated against a given fitness function. Based on their fitness function,

solutions are selected for mating, i.e. for the creation of new candidate solu-

tions through a process that is usually called crossover. The produced solutions

are further altered through the mutation process. Finally part of the generated260

15



offsprings are used to update the genetic pool of the GA. This procedure is

repeated for quite many iterations (generations in the GA literature) till either

a maximum number of iterations is reached or an individual that meets a pre-

defined criterion emerges. Overall, the algorithm is presented in Algorithm 2 .

Algorithm 2 Genetic Algorithm

1. Randomly initialize the population with u candidate solutions.

2. Repeat until best individual is good enough or maximum number of

generations has been reached

(a) Population evaluation determine the fitness of each member of

the population f(u)

(b) Selection select parents from population stochastically according

to their fitness for recombination

(c) Mating perform mating using the crossover operator on parents

creating new offsprings/candidate solutions

(d) Mutation with a mutation probability mutate the new offspring

(e) Population updating update the population using the newly cre-

ated solutions and the old ones, using a predefined selection mech-

anism

265

3.3. Particle Swarm Optimization

PSO belongs to the swarm intelligence family [37] and is a derivative-free

optimization method [38]. PSO is also a population based method, which uses

a set (swarm) of particles (potential solutions) that search for the ”optimal”

location of the complex function landscape. The movement of the particles is

influenced by the particles own memories as well as the memories of its peers.

Each time the particle is attracted by its best position so far (exploitation) and

by the best position so far (exploration) found by the particles in its neighbor.

Depending on the formation of the neighborhood, different variants arise. If the
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neighbor consists of the whole population, then the PSO variant is known as

the gbest (global best) PSO. The basic gbest PSO algorithm is provided by the

following equations:

vi(n+ 1) = ζ(n)vi(n) + η1c1[pi − υi(n)] + η2c2[pg(n) − υi(n)]

ui(n+ 1) = u(n) + vi(n+ 1)
(12)

where i is the particle index, vi(n) is the current velocity of the ith particle, ζ(n)

is an inertia function (usually a linearly decreasing one), υi(t) is the current

position of the ith particle, pi is the position with the best fitness value, found

by the ith particle so far, g(n) is the particle with the best fitness among all270

particles (best position found so far - global version of the PSO [39]), c1, c2 are

positive constants that control the cognitive and social behavior of the particle

and η1, η2 are random numbers uniformly distributed in [0, 1],which introduce

stochasticity in the algorithm. The algorithm is presented in Algorithm 3.

Algorithm 3 Particle Swarm Optimization

1. Initialize the swarm (usually randomly but uniformly across the search

space) positions and velocities u

2. Repeat until best individual is good enough or maximum number of

iterations has been reached

(a) Velocity update the velocities of all particles

(b) Position update the positions of all particles

(c) Best update the personal best positions and the global best position

of the swarm

4. Path Planner275

In the specific application of aerial vehicles, the vehicle should have a mission

trajectory with a fixed initial and final position and pass through the center

(xi, yi) of all obtained rectangles. This problem can be treated as a Traveling
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Salesman Problem (TSP) [40], where the goal is to find the shortest path to

visit all rectangles once and return to the origin position.280

There are many formulations of TSP available in the literature and the

recent survey [41] presents a detailed analysis. In this article the mathematical

formulation for symmetric TSP of Dantzig et. al. [42] is used. Let the center of

rectangles V = {(xi, yi) ∈ R2 : i ∈ In} from Λ = {Ri : i ∈ In = {1, 2, . . . , n}} be

a set of areas that should be visited, E = {((xi, yi), (xj , yj)) : (xi, yi), (xj , yj) ∈

V, i 6= j, {i, j} ∈ In} be the edge set, and ci,j = cj,i be a cost measure associated

with edge (xi, yi), (xj , yj) ∈ E. Thus the TSP can be defined on a complete

undirected graph G = (V,E) and the cost ci,j is the Euclidean distance between

edges, defined as:

ci,j =
√

(xi − xj)2 + (yi − yj)2 (13)

The formulation of TSP is presented in (14).

min
∑
i 6=j

ci,jxi,j

subject to:

n∑
j=1,i6=j

xi,j = 1 (i ∈ V )

n∑
i=1,j 6=i

xi,j = 1 (j ∈ V )

∑
i,j∈S,i 6=j

xi,j ≤ |S| − 1 (S ⊂ V, 2 ≤ |S|)

(14)

where xi,j is a binary variable for each edge (i, j), which is equal to 1 if and only

if the edge appears in the optimal tour. Additionally, the first set of equalities

requires (
∑n
i=1,i6=j xi,j = 1) that guarantees that only one path leads to each

area and the second set of equalities (
∑
j=1,j 6=i xi,j = 1) requires that only one

path departures from each area or:

xi,j =

1 if path goes from i to j

0 otherwise

(15)
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It should be noted that the generated path provides overlapping while mov-

ing from the center of one rectangle to the next one as it is shown in Figure 4.

The resulting waypoints are then converted into position-velocity-yaw trajec-

tories, which can be directly provided to the utilized linear model predictive

controller cascaded [43] over an attitude-thrust controller.285

5. Image Stitching

The achieved coverage of the proposed algorithm is visually assessed through

the stitching [44] of acquired images, creating a global image of the covered

workspace. All resources described in the previous Sections lead to a trajectory

that the aerial platform is following above the area of interest. During the flight,290

the aerial platform visits specific waypoints where image frames, with substan-

tial overlapping, are captured from the downward-looking camera. Processing

the obtained frames in a joint manner, a single overview of the covered area is

provided and can be further used for inspection purposes. Overall, the mission

planner computes the coverage path for a target area and the image stitching295

component processes the visual information obtained along the designed path

to generate the overview of the area in a single image.

In a nutshell, the stitching algorithm provides the global image using feature-

based image registration technique, including a) feature extraction and match-

ing between image pairs, b) projection transform estimation and c) image warp300

and blending to map and overlay images in a single representation. The im-

plemented algorithm adopts a keyframe-based approach, that processes specific

frames along the path, assuming the camera footprint (Section 2) as depicted in

Figure 4. Assuming simple pinhole camera model for each frame Ii holds that

Ii = g(Ri), where g is the projection from footprint to camera frame.305

Moreover, the generated trajectory is designed in a way to keep the height

of the platform constant during the operation, to preserve the overlap ratios of

the acquired frames, assuming planar scene. Considering the aforementioned

assumptions, a pair of overlapping frames I1, I2 are connected through a linear
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projective transformation, expressed with matrixH known as homography. This310

matrix transfers two corresponding points b1 and b2 from one frame to the other

respectively, as shown in the following equation.

b1 = 1H2 b2 (16)

where bi = [s1, s2, 1]T are homogeneous cordinates in the image frame. The

homography is used to align consecutive frames into a single image. Initially,

distinct features are extracted and matched across the image pairs. The estima-315

tion of the homography H is performed using the corresponding points identified

in the pair with M-estimator Sample Consensus (MSAC) [45] algorithm, which

is robust to outliers. The process selects a root frame for the stitching outcome

and sequentially processes the remaining frames in pairs. Once all images are

registered by concatenating the relative homographies (17), the final stitched320

frame is obtained.

1Hj = 1H2
2H3 · · · j−1Hj (17)

Finally, the resulting stitched image is processed with a multi-band blending

algorithm [46] to remove visual artifacts induced from the combined images. The

following algorithm provides an overview of the implemented image stitching

method.

Algorithm 4 Stitching workflow

1. Acquire Image frames

2. Image Description (Feature extraction)

3. Root frame selection

4. Calculation iHj for image pair (Ii, Ij)

5. Relative homographies concatenation

6. Image blending to process the stitching artifacts

325
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6. Results

This section presents the experimental verification of the proposed scheme,

followed by the necessary discussion, analysis and comparisons that prove the

efficiency of the proposed framework.

6.1. Experimental Setup330

The proposed method has been evaluated with the utilization of the As-

cending Technologies NEO hexacopter, depicted in Figure 6. The platform has

a diameter of 0.59 m and height of 0.24 m. The length of each propeller is 0.28 m

as depicted in Figure 6. This platform is capable of providing a flight time of

26 min, which can reach a maximun airspeed of 15 m/s and a maximum climb335

rate of 8 m/s, with maximum payload capacity up to 2 kg. It has an onboard

Intel NUC computer with a Core i7-5557U and 8 GB of RAM. The NUC runs

Ubuntu Server 14.04 with Robotic Operating System (ROS) installed. ROS is

a collection of software libraries and tools used for developing robotic applica-

tions [47]. Additionally, multiple external sensory systems (e.g. cameras, laser340

scanners, etc.) can be operated in this setup.

Figure 6: AscTec NEO platform with the downside monocular camera attached.

21



Regarding the onboard sensory system, the monocular camera (weight of

0.05 kg.) (Figure 6) is attached below the hexacopter with a 90 ◦ tilt from the

horizontal plane. The monocular camera provides footprint of .5× .6m2 in the

height of 1 m, while it has been operated in 20 fps with a resolution of 640x480345

pixels.

trajectory
linear MPC

position

controller

EKF

sensor fusion

attitude/thrust

commands

imu data

pose

parameters

twist

pose

video stream

MATLAB ROS

stitchingpath planner

Aerial Robot

AscTec Neo

target area in 2D
Vicon

Figure 7: Software and hardware components used for conducting inspections.

The proposed generated path, established in Sections 2, 4 ( (8) and (14)),

has been entirely implemented in MATLAB. The inputs for the method are

the target area Ω, the number of rectangles n and the footprint size (wi, hi).

The generated paths are sent to the NEO platforms through the utilization of350

the ROS framework. The stitching process has been implemented in OpenCV

library with input the captured frames from the UAV. All the simulations have

been performed in MATLAB on a computer with an Intel Core i7-6600U CPU,

2.6GHz and 8GB RAM.

The platform contains three main components to provide autonomous flight,355

which are a Vicon motion capture system, a Multi-Sensor-Fusion Extended

Kalman Filter (MSF-EKF) [48] and a linear Model Predictive Control (MPC)

position controller [49, 43]. Vicon provides pose information and the MSF-EKF

component fuses the obtained pose information and the NEO IMU [50] measure-

ments. This consists of an error state Kalman filter, based on inertial odometry,360

performing sensor fusion as a generic software package; it has the unique fea-

ture of being able to handle delayed and multi-rate measurements, while staying
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within computational bounds. The linear MPC position controller [51] gener-

ates attitude and thrust references for the NEO predefined low level attitude

controller. In Figure 8 the components of the controller are shown. Positions,365

velocity, and trajectory are sent to a Linear MPC position controller, which

provides roll φd, pitch θd and mass normalized thrust T commands for the inner

loop. From the initial control tuning experiments, it was proven that the low

level attitude controller is able to track the desired roll, pitch and yaw trajectory

and to calculate the corresponding n1, n2, . . . , n6 rotor speeds for the vehicle.370

More details about the controller scheme and parameters are provided in [51].

Figure 8: Controller scheme for NEO (regenerated from [51]).

The image stream from the overall experiment is processed using the dis-

cussed method in Section 5, while the overall schematic of the experimental

setup is presented in Figure 7.

6.2. Experimental Results375

In this Section different scenarios are presented in order to evaluate the

performance of the proposed method and for comparison of the three different

metaheuristic algorithms adopted. The initial positions of the rectangles are

generated randomly, while in order to reduce the complexity of the problem, the

integer part of the objective function is omitted and the number of rectangles is380

provided to the algorithm and updated based on the covered area. Furthermore,

in all scenarios the landing and taking off position are fixed and the TSP is solved
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in order to pass from all the centers of rectangles in an optimized manner. After

the path is obtained, the waypoints are converted to trajectory and sent back to

the NEO. In the presented experimental results, the desired trajectory has been385

indicated with blue color. The agent takes a video stream during the mission; in

this case without loss of generality the overlapping between camera footprints

is guaranteed. In all the examined cases the algorithm stops if the average

relative change of the best solution is less than a threshold and the landing spot

is shown by black rectangle. Due to the stochastic nature of the algorithms,390

each experiment was repeated ten times. However in the following figures only

one execution of the experiment will be presented without loss of generality.

For demonstrating the applicability of the method, an indoor artificial 2D

target area was assembled as depicted in Figure 9 that has been visualized

through the resulting stitched image. The flying arena covers a volume of 5 ×395

5 × 3 [m3] and the initial and final position of the UAV is [1.5, 1.2, 0]. In all

the experimental trials the position tracking error for the UAV is below 0.1 m,

0.08 m. 0.15 m in x, y, z axises respectively. The stitching results cannot be

merged to the followed path as there is no unit in the presented pictures. It

should be highlighted that sequential frames captured during flight are used to400

provide stitching, however, more investigation should be done to improve the

final stitching result and reduce the tracking error.

In the first scenario, the target area is considered to be a rectangle with a

size of 3×2.4 m that can be filled by 24 rectangles with a fixed size of .5× .6 m.

Figure 10 presents the obtained results and the corresponding path is depicted405

for the inspection of the area, while Figure 11 depicts the resulting image after

stitching together the corresponding captured frames. Additionally, Figures 12

and 13 present the values of the ten runs and the average of the first term of

the objective function respectively.

In the second scenario, an octagonal polygon with an area of 1.8 m2 is410

covered by 8 rectangles. The result of the coverage and the individual values

and the average of the objective function are depicted in Figures 14, 16 and 17

respectively. Likewise, a generated path through the center of the rectangles is
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Figure 9: Experimental target area.
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Figure 11: Visual overview of the covered scene with 24 rectangles.
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Figure 12: Objective function value for each method and for the 10 runs in the case 1.
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Figure 13: Average objective function for each metaheuristic method in first scenario.

obtained. The visual overview of the covered scene is demonstrated in Figure 15.

415

Furthermore, Figures 18, 20, 21 and 19 present the final placement and

the individual values and average of the objective function and overall stitched

image respectively. In this case a complex non-convex polygon is considered and

it is filled by 14 rectangles. Additionally, the H and C shape environments are

studied and they are filled by 22 and 14 rectangles respectively. The Figures 22420

and 23 present the final placement of the camera footprints, reference path and

trajectory which is followed by the UAV correspondingly.

Table 1 summarizes the mean percentage of coverage of the target area. As

it can be seen the coverage is higher than 96 % for all five cases and all three

metaheuristic methods.425

Additionally, the Root-Mean-Square Error (RMSE) between the reference

and the trajectory which is followed by the UAV, is provided in the Table 2.

The proposed method provides an offline path planner in the case of a down-

ward looking camera for a single agent, where Figure 24 displays a comparison

for each method’s average computational time and for each scenario. From the430

obtained results, it is observed that the computational time of the GA is signif-
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Table 1: Coverage percentage for the different scenarios and methods.

Cases

Methods 1 2 3 4 5

Pattern Search 99.9% 96.3% 98.6% 99.9% 99.5%

Genetic Algorithm 99.9% 97.5% 97.7% 99.8% 99.1%

Particle Swarm Optimization 99.9% 97.0% 98.0% 99.7% 99.2%
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Figure 15: Visual overview of the covered scene with 9 rectangles.
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Figure 16: Objective function value for each method and for the 10 runs in the case 2.
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Figure 17: Average of Objective function value for each metaheuristic in the second case.
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Figure 19: Visual overview of the covered scene with 14 rectangles.

Figure 20: Objective function value for each method and for the 10 runs in the case 3.
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Figure 21: Average of objective function value for each metaheuristic in the forth case.
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Table 2: RMSE of the trajectory followed by UAV in each case.

RMSE Case 1 Case 2 Case 3 Case 4 Case 5

x m 0.04 0.03 0.05 0.08 0.10

y m 0.03 0.04 0.06 0.05 0.08

z m 0.15 0.060 0.8 0.11 0.12
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icantly higher than the PSO and PS methods in all the examined cases, due to

the more involved mechanism applied for generating a new set of solutions.
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Figure 24: Average computation time of each method for each scenario.

For comparison purposes, Table 3 summarizes the produced path length be-

tween the proposed path planner, the path generated by the grid based method435

and the method in [25]. In the cases of the grid-based method and the method

in [25], the UAV maneuvers with a fixed altitude of 1 m were considered, while

the UAV sweeps the grids with a minimum number of turns, to cover the target

area. As it has been presented, the proposed path planner reduces the length

of the path in all these cases, except for the case 1, which is a rectangle polygon440

and the result is the same in all the compared methods.

7. Discussion and Conclusions

This article presented a holistic approach to the problems of Area Coverage

and Path Planning with UAVs for Polygon Areas. The area coverage of polygons

is (approximately) solved using metaheuristics and the path planning problem445

is treated as a TSP. TSP algorithm optimizes the path through the target area.

All five investigated methods can lead to satisfactory coverages of different poly-

gon shape areas (both convex and non convex) and with an achieved coverage

level above 96 %. It should be noted that the total coverage could be achieved
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Table 3: The comparison of the path length between the proposed path planner and the path

from grid based method and method [25].

Case 1 Case 2 Case 3 Case 4 Case 5

Path from grid-based method

with fixed altitude of 1 m

12.4 m 5.5 m 7.8 m 15.22 m 7.09 m

Path from method [25]

with fixed altitude of 1 m

12.4 m 4.5 m 7.1 m 14.22 m 6.48 m

Proposed path planner 12.4 m 3.87 m 6.4 m 12.48 m 5.08 m

using more conservative approaches (using more rectangles). On average, the PS450

method seems to slightly outperform the other two as PSO and GA exploration

mechanism can sometimes lead them outside of the boundaries, However all of

them provide quite similar results with small variations because the objective

function has many (good) local minima corresponding to quite different posi-

tioning. Among the three, the GA has the slowest convergence, which however455

is not such a crucial factor at this stage, since the optimization is performed

offline.

Additionally, although experiments involving parallel computations were not

involved, two out of three of the proposed algorithms (PSO and GA as well as

any population based metaheuristics) can be implemented in parallel. On the460

other hand, this article considers the coverage problem without the overlapping

necessity, as the problems complexity would lead to an exponential growth of

the search space.

Furthermore, in the current approach the path planner operates offline,

which means that the parameter variations, such as wind or changes in the465

target area bounds, do not affect the planned path, however, these parameters

have a significant effect on the quality of the coverage. In the case of external
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disturbances, such as wind gusts or significant parameter variation, these al-

terations have a direct affect on the followed path during the online execution

of the path following and thus the better the control scheme is, the better the470

path following will be. However, in the case of varying target area bounds, the

optimization approach should solve the problem online or closer to real time to

update the path, while it should be linked with other online identification and

estimation schemes for capturing the time varying nature of the parameters, a

feature that currently is considered as future work.475

Finally, from the obtained results, the shortest path is generated for the

aerial vehicles for remote visual sensing. The performed experimental trials

demonstrate the covered scene using the image stitching method. For this

method the captured frames from the onboard sensory system of the UAV dur-

ing the coverage task were used. The provided path for the UAV led to frames480

with substantial overlapping, which is necessary for the algorithm to provide

the visual overview of the scene. However, this specific path generation prob-

lem needs more investigation since there are multiple choices for the resulting

path, based on the considered dynamics of the UAV and the corresponding

constraints, e.g. minimum energy consumption, minimum time coverage, etc.485

Moreover, the stitching result can be improved using camera with higher resolu-

tion, alternative target areas, enhanced image registration and reducing tracking

error during navigation. Future work will be focused towards the investigation

of the effect of changing the UAV’s altitude, which can cause time varying areas

of camera frustum in an on-line approach and also investigate the possibility of490

online execution of the presented algorithms.
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