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ABSTRACT

The aim of this Licentiate is to advance the field of cooperative visual coverage path planners
for multiple Micro Aerial Vehicles (MAVs), while aiming for their real life adoption towards the
tasks of aerial infrastructure inspection. The fields that will be addressed are focusing in: a) the
collaborative perception of the environment, b) the collaborative visual inspection, and c) the
optimization of the aerial missions based on the remaining flying battery, camera constraints,
coverage constraints and other real life mission induced constraints.

Towards this envisioned aim, this Licentiate will present the following main theoretical
contributions: a) centralized and distributed Model Predictive Control (MPC) schemes for the
cooperative motion control of MAVs focusing in the establishing of a formation control architec-
ture to enable a dynamic visual sensor from monocular cameras towards a reconfigurable envi-
ronmental perception, b) revisiting the Cooperative Coverage Path Planning (C-CPP) problem
for the inspection of complex infrastructures, c) developing a holistic approach to the problems
of 2-D area coverage with MAVs for polygon areas, while considering the camera footprint, and
d) designing of a scheme to estimate the Remaining Useful Life (RUL) of the battery during a
flight mission, a fact that directly effects the flying capabilities of the MAVs. The theoretical
contributions of this licentiate have been extensively evaluated in simulation and real life large
scale field trials, a direction that adds another contribution of the suggested framework towards
the massive insertion of the aerial platforms as aerial tools in the close future.

In the first part of this Licentiate, the vision, motivation, open challenges, contributions,
and future works are discussed, while in the second part the full articles connected to the
presented contributions are presented in the annex.
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CHAPTER 1

Introduction

Unmanned Aerial Vehicles (UAVs) are platforms that have received a great attention during the
last decade and they have the potential to provide leading solutions in a wide set of fields and
applications. The potential benefits of deploying aerial platforms include access to unreachable,
complex, dark and dangerous locations, monitoring personnel in unsafe areas, accurate inspec-
tion, minimized service times, etc. Figure 1.1 depicts the inspection scenario for two cases of a
wind turbine and a mine tunnel. In the first case, the wind turbine considers a large complex
structure with multiple branches and in the second case the mine has a narrow area, uneven
surfaces and low illuminations.

In both of the cases the need for guaranteeing a full coverage, robustness against wind
gusts, limited flight time, collaboration between agents, online collision avoidance, etc. are
open challenges for the completion of a successful aerial inspection.

(a) Inspection of wind turbine with two UAVs. (b) Inspection of mine with the UAV.

Figure 1.1: Different scenarios of aerial inspection.

Towards this vision, the goal of this Licentiate is to develop a team of collaborative aerial
systems, equipped with environmental perception and collaboration capabilities for the envi-
sioned scenario of aerial inspection. This Licentiate contributes in: 1) developing a cooperative
formation control strategy, 2) establishing a 3D visual area coverage path planner for multi
agents, 3) proposing a novel 2D coverage system by covering a polygonal region with a fixed
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camera footprint, and 4) proposing estimation methods for the remaining useful life of battery.
The presented methods are demonstrated in a specific type of UAVs, known as MAVs. MAVs
are small size aerial robots usually equipped with either four, six or eight rotors. Additionally,
MAVs equipped with remote sensing instrumentation are emerging in the last years due to
their mechanical simplicity, agility, stability and outstanding autonomy in performing complex
manoeuvres [1]. These features make them suitable for executing different tasks in order to
decrease the human life risk and to increase the performance of the overall procedure.

This Licentiate is structured as a collection of articles and has the following structure.
Chapter 1 of Part I presents the motivation, open challenges and contributions. Chapter 2 of
Part I provides a discussion about the future work, which will be the continuation of the PhD,
finally part II presents the discussed articles.

1.1 Motivation

The annual investments on the infrastructure sector represent a significant percentage of the
Gross Domestic Product (GDP) in both developed and developing countries. For instance 3.9%
of the GDP for the old European states, 5.07% of the GDP for the new European states and
9% of the GDP for China [2]. Towards these inspection tasks, a variety of approaches have
been adopted to address the challenges of the infrastructure inspection. Some examples of
these approaches are the specialized personnel that perform visual inspection, nondestructive
testing and maintenance tasks using scaffolds, roping or even manned helicopters in order to
obtain access to the sites of interest. According to the Helicopter Association International [3]
and the “Utilities, Patrol and Construction Committee (UPAC) for Safety Guide for Helicopter
Operators, 2009” [4] thousands of flight hours are accumulated each day conducting manned
aerial work, in support of utilities infrastructure (electricity, gas, water), as it is now well-
understood that such aerial works bring down the cost and time requirements.

In order to decrease the human life risk and to increase the performance of the overall
inspection procedure, autonomous ground, aerial or maritime vehicles are employed for execut-
ing inspection tasks. Examples of these applications include the power-line monitoring using
autonomous mobile robots [5], bridge inspection [6], boiler power-plant 3D reconstruction [7],
urban structure coverage [8], forest fire inspection [9], aerial manipulation [10] using MAVs,
and inspection of underwater structures [11] by the utilization of autonomous underwater vehi-
cles. In most of these scenarios, there is a priori knowledge about the infrastructure, where the
available 2D-3D models can be derived by utilizing classical CAD software, sensor based re-
construction missions, civil engineering instrumentation and Geographical Information System
(GIS) data.

In these applications, a variety of remote sensors, such as visual sensors, lasers, sonar,
thermal, etc. could be mounted on the MAV, while the acquired information from the MAV’s
mission can be analyzed and used to produce sparse or dense surface models, hazard maps,
investigate access issues, and other area characteristics. However, three remaining challenges
in these approaches are: 1) control synthesis between the agents, 2) guarantee the full coverage
of the area; a fundamental problem that is directly related to the autonomous path planning
of the MAVs, and 3) develop reliable and online methods for monitoring the state of MAV’s
battery, since regardless which advancement is used, all batteries have a fixed capacity and
after some time, the batteries would drain out.
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As an example, consider the task of inspecting a wind turbine with a team of MAVs, as
depicted in Figure 1.2. The MAVs are battery-powered and thus the current batteries, as a
core part of the overall system, depend on the vehicle’s types, payload, and wind conditions,
while in the best of the cases batteries can enable only flights up to 30min for a hexacopter [12].
This can limit the usage of these MAVs for long time missions, such as the inspection of the
wind turbines. Thus, the MAVs should inspect the structure cooperatively to reduce the overall
coverage time considering the flying times of all MAVs. Additionally, the agent should recognize
branches of the structure to assign specific areas to each agent, assure a field of view directed
towards the structure surface, consider the safety distance between each other and the structure,
and compensate to the external disturbances, such as wind gusts. The proposed team of MAVs,
can be summarized by the term of Aerial Robotic Worker (ARW). Towards this vision, ARWs
will be capable of autonomously inspecting infrastructure facilities and acting to execute a
maintenance task by means of aerial manipulation and exploiting multi-robot collaboration.

Figure 1.2: Schematic representation of the inspection of a wind turbine with a team of MAVs.

In the field of control synthesis between MAVs, centralized and distributed Model Predictive
Control (MPC) has been developed for the cooperative motion control of multiple MAVs. In
this approach, the MAVs with six DoFs should reach to their destinations, while avoiding
collisions with each other. Afterwards, the MPC scheme has been developed for establishing a
dynamic visual sensor from monocular cameras. In certain applications, such as infrastructure
inspection and monitoring, as well as object tracking, visual feedback is essential. However,
depth perception in far ranges is a challenging task for the camera sensors, especially in the case
of the stereo cameras, as the depth perception is bounded by the predefined baseline, which
degenerates them to monocular cameras [13]. Varying baseline approaches could be addressed
when scene-depth estimation is challenging. In this particular case, multiple cameras will form a
global flexible sensor, where the distance between the MAVs will correspond to the new flexible
baseline. To support these attributes, control strategies and vision schemes are important
factors. In this application, the main control objective is to control the MAVs for tracking the
desired path, while guaranteeing a common field of view.

Towards coverage and path planing, firstly, this Licentiate addresses the inspection problem
of a complex 3D infrastructure using multiple MAVs. A mathematical framework for solving the
coverage problem by considering branches of the structure and safety distances in the algorithm
has been established. The proposed framework provides a path for accomplishing a full coverage
of the infrastructure, without simplifications, in contrast to many existing approaches that
simplify the infrastructure to an area of interest and solve it by various optimization methods;
methods that could not be applied, mainly due to the inherent NP-hard complexity of the
problem.
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Additionally, guaranteeing full coverage, coupled with camera footprints, is one of the most
challenging tasks, thus, this Licentiate addresses the NP-hard problem of covering polygon
areas with camera footprints in the case of a downward looking camera for a single MAV,
where the problem is formulated mathematically and it is solved by different meta-heuristic
algorithms.

Finally, in order to define feasible missions, it is essential to study the physical constraints
of the MAVs. One of the most important components of the MAVs is batteries with their
limited capacity. Thus, this Licentiate studies the estimation of the remaining useful life of the
batteries under different flight conditions in order to extend the flying time window.

1.1.1 Motion and Formation Control for MAVs

One of the major characteristic of MAVs is their lightweight chassis. However, that limits
the maximum payload capacity for each platform. For the environmental perception, many
mapping algorithms employed laser range finders for environment reconstruction, while the
downside of these sensors is the lacking of a visual feedback for the operator. Another type
of a sensor, widely used in these applications, is the stereo or the RGB-D cameras. However,
their fixed baseline restricts their depth perception capabilities [14]. In order to overcome these
limitations, the concept of a dynamic stereo rig is proposed as depicted in Figure 1.3.

Figure 1.3: Schematic of flexible stereo rig.

Towards this direction, two MAVs are equipped with monocular cameras in order to obtain
the desired formation with a common field of view. This setup enables the concept of the aerial
flexible visual sensor. Furthermore, to guarantee the formation and vision constraints while
flying, a MPC is implemented.

The latest developments in the area of multi-agent formation control is currently considered
as one of the most actively studied topics [15]. Various strategies and approaches were studied
for solving the motion coordination and formation control problems, which can be classified in
three categories as follows: a) leader-follower approach [16], b) virtual structure approach [17],
and c) behavior based approach [18]. Except from the above strategies, MPC has been utilized
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for motion coordination and formation control problems. Many works have been done on
cooperative control, where most of them implemented and simulated aerial vehicle controllers
in a two dimensional space or did not consider the attitude problem of the aerial vehicle. In
general, only few works considered the nonlinear model of the MAV in a three dimensional
space but still those works focused only on one agent or they did not consider the formation
between agents [19]. Moreover, previous MAVs modelings have mainly modeled the MAV
by Euler angles, which suffers from singularities and cannot define certain orientations [20].
This restriction can cause failures on the MAVs controller. However, there are few works on
quaternion modeling and controlling of MAVs [20], but their approaches are implemented for
a single agent and without considering constraints.

Based on the aforementioned state of the art, the identified challenges in this research
direction that have been addressed were:

• Formation control for two or more agents, while guaranteeing the common field of view
and a constant or varying baseline.

• Avoidance of the inherent geometrical singularity when representing rigid body dynamics
with Euler angles.

• Real time performance to satisfy position and orientation constraints.

These achievements have been reported at Paper A and B that present a Distributed and
Centralized MPC motion control for MAVs and a flexible virtual stereo rig based on MPC
respectively. The proposed approach delivers the framework for adjustable depth perception
of the platforms by using the concept of a varying baseline. The agents are controlled through
the MPC to guarantee the overlapping field of view and formulate the visual sensor according
to the application needs.

1.1.2 Cooperative Coverage Path Planning for Visual Inspection

In general, the task of Coverage Path Planning (CPP) [21] has received significant attention
over the last years. However, there are very few CPP approaches in the field of aerial robotics;
especially when CPP concept is extended to the Collaborative approach (C-CPP). In C-CCP,
the utilization of multiple aerial agents has the potential to dramatically reduce the overall
coverage time by considering the flying times of all MAVs [12] and their levels of autonomy.

In the related literature there have been many works that addressed the CPP problem in
2D spaces [22] and fewer approaches that addressed the coverage of 3D spaces. In [21], a
complete survey on CPP methods in 2D and 3D was presented. Towards the 3D CPP, Atkar
et al. [23] offered an off-line 3D CPP method for the spray painting of automotive parts. Their
method used a CAD model and the resulting CPP could satisfy certain requirements for paint
decomposition. In [24], the authors suggested a CPP with real time re-planning for inspection
of 3D underwater structures, where the planning assumed a priori knowledge of a bathymetric
map by using an autonomous underwater vehicle, while their overall approach contained no
branches. The authors in [25] introduced a new algorithm for producing paths that covered
complex 3D environments. The algorithm was based on off-line sampling for autonomous ship
hull inspection and was able to generate paths for structures with unprecedented complexity.

In the area of aerial inspection, [8] presented a time-optimal MAV trajectory planning for
a 3D urban structure coverage. In this approach, the structures to be covered (buildings)
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were initially simplified into hemispheres and cylinders and in a later stage the trajectories
were planned to cover these simple surfaces. In [26], the authors studied the problem of 3D
CPP via viewpoint re-sampling and tour optimization for aerial robots. More specifically, they
presented a method that supports the integration of multiple sensors with different fields of view
and considered the motion constraints on aerial robots. Moreover, in the area of multi-robot
coverage for aerial robotics in [27], a coverage algorithm with multiple MAVs for remote sensing
in agriculture was proposed. The target area in the proposed approach was partitioned into
k ∈ N non-overlapping sub-tasks. In order to avoid collisions, different altitudes were assigned
to each MAV and security zones were defined to the area that the vehicles were not allowed to
enter.

Based on the aforementioned state of the art, the identified challenges in this research
direction were:

• Generating Path for inspecting non-convex structures and recognizing the branches of the
structures.

• Providing heading references to assure a field of view directed towards the structure
surface.

• Generating collision free paths for each agent. The agent should have safety distance
between each other and the structure.

• Overlapping visual inspection area that will enable the off-line cooperative reconstruction.

• Equally distributing the agents to reduce the inspection time. In the case that one agent
could not complete the mission in large structures due to the limited flying time.

• Experimental real life evaluation of the proposed path planner in large scale structures
e.g. a case depicted in Figure 1.

Figure 1.4: Hexacopter during outdoors coverage task.
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These contributions were reported in Papers C and D; where the aim was to establish a
C-CPP method that was based on a priori knowledge of the infrastructure (e.g. a CAD model)
and will have the ability to generate proper way points by considering multiple agents, while
ensuring a full coverage and an overall collision avoidance among the flying agents.

1.1.3 2D Visual Area Coverage

The acquired set of images from the MAV’s mission can be analyzed and used to produce
sparse or dense surface models, hazard maps, investigate access issues, and other area charac-
teristics [28]. 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. Toward this direction, the problem of the coverage path planning should
be mathematically formulated to be coupled with the camera frustum, while maximizing the
area coverage, in relation to the camera movement. This problem is well-known in the liter-
ature to be NP-hard and thus there is a need of a numerical solution to provide a close to
optimal solution. In the specific case of 2D area coverage, with a downward-looking camera
and fixed altitude, the camera frustum can be modeled by fixed size rectangles, of size wi × hi,
(wi, hi) ∈ R2 as it is shown in Figure 1.5.

Figure 1.5: Schematic of the camera field of view in the case of a MAV.

In the related literature, the problem of covering the target area with fixed size rectangles has
been addressed multiple times, while this typical problem is known to be NP-complete [29,30]
and one of the several computationally difficult decomposition problems [31]. Additionally,
apart from the coverage approaches for visual inspection, covering the target area has several
important practical applications, such as in VLSI layout design, pattern recognition, computer
graphics, databases, image processing, etc. Thus, one of the objective of this Licentiate is to
establish an algorithm to segment the target area in relation to the camera’s position (x, y) in
an offline approach.

On the specific topic of covering polygons with rectangles, most of the works consider a
varying size of the rectangles’ area [32] or the target area is considered to be convex, rectilinear
or a union of convex polygons [32]. Furthermore, most of the previous contributions formulate
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the problem mathematically, without presenting its numerical solution, while it should be
highlighted that the problem is proven to be NP-hard for the case of the fixed size rectangles [33].

In most of the CPP methods for covering a target area in 2D, the underlying algorithms
decompose the area in sub-regions. Thus, coverage algorithms can be categorized by the type
of decomposition into: a) classical exact cellular decomposition [34], where the decomposition
of the area breaks down to simple non-overlapping regions and a robot sweeps these regions,
b) Morse-based cellular decomposition [35], in which the area is decomposed based on critical
points of Morse functions [36] and a motion planner algorithm that guarantees to encounter all
the critical points in the target area, c) landmark-based topological coverage [37], with the area
decomposed based on natural landmarks, d) contact sensor-based coverage of rectilinear envi-
ronments [38], where the robot follows a cyclic path while building up a cellular decomposition
of the area, e) grid-based methods [39] that the target area is decomposed into a collection of
uniform grid cells, and f) graph-based methods [40] for environments that can be presented as
a graph which is able to be updated based on robot’s sensors, while performing coverage.

The aforementioned methods decompose the area without consideration of the mobile
agent’s sensor, which can affect the coverage quality. Towards aerial coverage and visual in-
spection, it is assumed that a top level procedure handles the area segmentation [28,41], 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 or
lawn-mower problems, the target area is decomposed into a collection of uniform 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, they suffer from exponential growth of memory usage and the
resolution does not depend on the complexity of the area. Furthermore, in the case of the art
gallery problem [42], the problem is to determine the minimum number of guards for observ-
ing the whole gallery. This results to static coverage problems, which focus in finding a good
placement of the sensors, and is categorized under the surveillance problems.

The main challenges addressed in this research field were:

• Guarantee full coverage of the target area.

• Mathematic formulation of the path planner coupled with camera footprint.

• Decomposition of the target area, while considering the camera motion of the MAV with
two DoF.

• Numerical solution that requires inexpensive computational sources.

These findings have been reported at Paper E that presents the covering of the target area,
coupled with camera footprint, which is different from the previous approaches and solutions
found in the related literature. In the presented approach, the camera footprint is coupled with
the MAV position and the area is decomposed, while maximizing the covered area.

1.1.4 Remaining Useful Battery Life Prediction

The current batteries, as a core part of a flying system, depend on the aerial vehicle’s type,
payload, and wind conditions and nowadays can enable only flights up to 30min for MAVs [12],
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a fact that can dramatically limit the usage of these MAVs for long time missions. Moreover, a
failure in a battery can cause catastrophic events [43] apart from affecting the overall function-
ality and performance of the system. Thus, it is essential that the batteries are operated safely
and reliably under a wide range of payload and weather conditions, with the operator having a
clear view of the time left before he/she needs to land the MAV, however, it is hard to estimate
the amount of battery charge. In any case the ultimate goal of the predictive algorithms for
batteries monitoring, is to estimate the time till the End of Discharge (EOD) and End of Life
(EOL) [44]. Such an estimation is usually referred as the estimation of the Remaining Useful
Life (RUL) [45]. In reality, instead of the actual EOD, a threshold just before failure (discharge
in our case) is used for the estimation of RUL, ensuring in this way the safe operation of the
battery.

The most common taxonomy for describing the RUL prediction methods are as follow: the
Physics-of-Failure (PoF)-based approach [46] and the data-driven approach [47]. The PoF-
based prognostic methods, as its name implies, relies on the expert knowledge of the under-
lying mechanisms and results into model based methods. However, since the Li-ion battery is
a dynamic, time-varying and nonlinear electrochemical system, the internal physical evolving
mechanisms and failure modes are very complicated [48]. Therefore, model based methods tend
to be computationally complex thus making their applicability to real life settings question-
able [49, 50]. On the other hand, data-driven approaches do not require extensive knowledge
on battery chemical composition and failure mechanisms but they do require a representative
set of data instead [51]. Machine Learning (ML) [52], filtering [53] and stochastic process [54]
are the three main data-driven methodologies for RUL estimation.

The main challenges addressed in this research field were:

• Reliable and accurate model of the battery.

• Robust estimation of remaining useful life of the battery in the presence of external
disturbances and flight conditions, such as wind gust, load, etc.

• General applicability and adaptation to any kind of MAVs, equipped with same kind of
batteries.

These contributions have been reported at Paper F where the specific case of Li-ion batteries
is considered. Li-ion batteries are used in a wide range of applications, due to their desirable
properties, such as high energy density, high efficiency, slow material degradation, lack of
memory effect, low self-discharge, and minimal maintenance requirements [55]. The aim of the
established scheme is to estimate the RUL of the battery during a flight mission. Unlike most
studies encountered in the literature that focus on the prediction of SOC [56, 57], the RUL
prediction in our case is based on the measurement of the terminal voltage. As it was pointed
out in [58], “most battery powered systems have a cutoff based on battery voltage and not
SOC”, which makes it a more natural choice to track the actual variable that defines the EOL.
It should also be noted that the RUL refers to the time left for an individual cycle (estimating
in other words the EOD) and not to the available remaining charging cycles.

Four different prediction machine learning methods were used for the RUL estimation: Least
Absolute Shrinkage and Selection (LASSO) [59], Multi-Layer Perceptron (MLP) [60], Least
Squares Support Vector machines for Regression (LS-SVR) [61], and Gradient Boosted Trees
(GBTs) [62]. Their selection was done in order to cover the most prominent methods of ML.
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LASSO gives rise to linear models, which however unlike conventional linear regression models
are the outcome of an optimization process that produces sparse models leading generally to
increased generalization performance and can be used as a baseline method for comparison with
non-linear approaches. The LS-SVR was selected as a member of the kernel based methods
family, which has been a very popular tool over the past twenty years, providing nonlinear
mapping capabilities along with a guarantee of globally optimal solutions. The MLP is probably
the most well known method from the field of ML and recently is living a renaissance with the
deep learning paradigm. Finally the GBTs represent the family of ensemble learning methods,
which perform remarkably well for a variety of problems (e.g. [63] competitions).

1.2 Contributions

This chapter summarizes the key contributions of this Licentiate. Based on the identified state
of the art and the identified requirements for approaching the concept of ARWs, the Licentiate
contains five published articles, from which four have appeared in the following international
conferences: International Federation of Automatic Control (IFAC), Field and Service Robotics
(FSR), Mediterranean Conference on Control and Automation (MED), and the Workshop
on Research, Education and Development of Unmanned Aerial Systems (RED-UAS) and one
journal published in the journal of Control Engineering Practice. Finally, Figure 1.6 depicts
various scientific areas which are required for the development of an ARW and highlights the
focus of the research directions in this Licentiate.
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Figure 1.6: Overview of scientific areas which are required for the development of an ARW.
The contribution fields of this Licentiate are highlighted with blue color.

In the following, the main research contributions of this Licentiate will be presented.

Contribution 1: Motion and Formation Control for MAVs
(Papers A and B)

Establishing centralized and distributed Model Predictive Control (MPC) schemes, for the
cooperative motion control of MAVs and establishing of a dynamic visual sensor from monocular
cameras to enable a reconfigurable environmental perception. In this case, the cameras were
mounted on MAVs that were coordinated by a Model Predictive Control (MPC) scheme to
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retain the stereo sensing capabilities. The proposed collaborative control framework had two
aims: a) retaining the formation of two MAVs, and b) guaranteeing a common field of view,
which is a necessary factor for the existence of the flexible stereo rig. Moreover, the proposed
configurable sensor builds a global sparse map that includes the 3D positions of the surrounding
area, based on a Structure from Motion approach. The efficiency of the suggested flexible
visual sensor was demonstrated in simulation results, which highlighted the novel concept of
cooperative flying cameras and their 3D reconstruction capabilities.

Contribution 2: Cooperative Coverage Path Planning for
Visual Inspection (Papers C and D)

The inspection problem of a complex 3D infrastructure using multiple MAVs was studied. The
main novelty of the proposed scheme stems from the establishment of a theoretical framework
capable of providing a path for accomplishing a full coverage of the infrastructure, without any
further simplifications (number of considered representation points), by slicing it by horizontal
planes to identify branches and assign specific areas to each agent, as a solution to an overall
optimization problem. Furthermore, the image streams collected during the coverage task are
post-processed using Structure from Motion [64], stereo SLAM [65] and mesh reconstruction al-
gorithms [66,67], while the resulting 3D mesh can be used for further visual inspection purposes.
The performance of the proposed C-CPP has been experimentally evaluated in multiple indoor
and realistic outdoor infrastructure inspection experiments and, as such, it is also contributing
significantly towards real life applications for MAVs.

Contribution 3: 2D Visual Area Coverage (Paper E)

MAVs 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 where in the
presented approach, a coverage for the inspection of 2D areas is established, a two Degree of
Freedom (DoF) camera movement was considered. The proposed novel algorithmic scheme
required an a priori 2D model of the target area, while it tried to maximize the coverage with
a minimum number of camera footprints. Finally, multiple simulation results were presented
that proved the efficacy of the proposed scheme.

Contribution 4: Remaining Useful Battery Life Prediction (Pa-
per F)

MAVs are becoming part of many industrial applications, while the advancements in battery
technologies played a crucial part for this trend. However, no matter what the advancements
are, all batteries have a fixed capacity and after some time drain out. In order to extend
the flying time window, the prediction of the time that the battery will no longer be able
to support a flying condition is crucial. In fact, this can be cast as a standard remaining
useful life prognostic problem, similarly encountered in many fields. The problem of remaining
useful life estimation of a battery, under different flight conditions, has been tackled using four
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machine learning techniques: a linear sparse model, a variant of support vector regression,
a multilayer perceptron and an advanced tree based algorithm. The efficiency of the overall
proposed machine learning techniques, in the field of batteries prognostics, was evaluated based
on multiple experimental data from different flight conditions.
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Conclusions

The Licentiate identified and contributed in the areas of: a) multi-agent formation control, b)
cooperative coverage path planning for complex structures, c) 2D visual area coverage, and d)
estimation of the remaining useful life of the MAVs battery.

The first contribution was to establish of a flexible virtual stereo rig consisted of MPC
controlled MAVs. The proposed framework provided adjustable depth perception by indepen-
dently moving cameras with varying baseline. The proposed configurable sensor provided a
global 3D reconstruction of the surrounding area.

The second contribution, addressed the C-CPP for the inspection of complex infrastruc-
tures by utilizing multiple agents. The proposed theoretical framework provided a path for
accomplishing a full coverage of the infrastructure, without simplifications. In addition, this
Licentiate has demonstrated the direct applicability and feasibility of coverage by multiple
MAVs in field trials, while indicating the pros and cons when performing real life tests.

The third contribution was the development of a holistic approach to the problems of area
coverage and path planning with MAV for polygon areas. In the presented approach, the area
coverage of polygons is (approximately) solved using metaheuristics and the presented methods
have been tested in different convex and non-convex polygons and in all the examined scenarios,
a very satisfactory coverage.

Finally, the last contribution examined the ML approaches for the online, prediction of the
RUL of a Li-ion battery using only the voltage measurements. The results indicate that non-
linear methods usually outperform linear ones, even if the latter comes from an optimization
procedure such as LASSO.

2.1 Future Directions

This Licentiate addresses few challenges towards the visual coverage path planners for aerial
platforms. However, many challenging open questions in this topic still exist. In the following,
some natural extensions of the presented work are discussed.

• Expansion of the MPC formation control will be the experimental evaluation of the pro-
posed controller, analyzing the stability, efficiency, robustness of the method and extend
the number of agents from two MAVs to n agents in an unknown environment.
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• The cooperative coverage path planner could be extended towards an online approach,
and for partially known structures. In this approach the method should update and adopt
the paths based on structure, dynamic or static obstacles. The research in this direction
should investigate the effect of time-varying areas with multiple agents and the quality
of the obtained image stream for further analyses of 3D reconstruction.

• Toward 2D visual area coverage, the specific path generation problem needs more inves-
tigation since there are multiple choices for the resulting path, based on the considered
dynamics of the MAV and the corresponding constraints, e.g. minimum energy consump-
tion, minimum time coverage, etc. Future work will focus towards the investigation of
the effect of changing the MAV’s altitude, which can cause time varying areas of camera
footprint in an on-line approach and also investigate the possibility of an online execution
of the presented algorithms, while considering six DoF in MAVs.

• For the 3D visual structure coverage coupled with camera footprint, the future work
formulation should consider six DoF movement in MAVs and the quality of the obtained
images. Additionally, the method should be adaptive to different types of sensors and to
consider safety criteria.

• Another major research path will be the utilization of machine learning methods and deep
learning for path planning of the MAVs in an unknown environment. In this matter, the
MAV will navigate through the environment, based on the visual feedback and image
quality. This direction could reduce the computation time for the optimization problem
of path planning, coupled with the camera footprint, in 3D unknown environment.

• Regarding RUL estimation, in future work the time length of the involved window will be
optimized and more elaborated schemes for the selection of inputs to ML will be explored
for finding the “optimal” setting for RUL prediction. Moreover since other parameters,
like current, ambient temperature and MAV load, convey useful information regarding
the RUL, a multi parametric input will also be considered. Additionally, the required
processing power and power consumption aspects of each algorithm will be evaluated
to assess its applicability on the MAV’s embedded processor. Finally, the proposed ap-
proach can be integrated with a MPC framework, which will result to economic position
controllers of multiple MAVs.
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1 Introduction

Multi-agent systems is gaining more and more attention since they can be utilized in a wide
range of applications, such as search and rescue missions [1], space exploration [2], security
patrols [3, 4], traffic control [5, 6], agricultural vehicles [7], garbage collection [8], mapping and
land mine removal [9, 10].

For example, the utilization of multiple ground and/or aerials vehicles can be critical during
a rescue mission or for example in more complicated missions where a fleet of Unmanned
Aerial Vehicles (UAVs) could potentially provide an aerial map for Unmanned Ground Vehicles
(UGVs) to complete the rescue mission [11]. In this cases a good cooperation strategy is an
important factor to complete the task successfully; as in this case, each agent should fulfill
its own sub-task, while sharing sufficient information with the other agents so that the whole
system can complete the task. Previous work found in literature and is going to be reviewed
in Section 1.1, have already implemented and simulated UAV controllers in a two dimensional
space or have not considered the nonlinear behavior of the UAV dynamical model (or utilized an
oversimplified model of unit point dynamics). However, one of the most important contributions
in this article is the proposal of a centralized and distributed Model Predictive Control (MPC)
scheme for UAVs by utilizing a 6-DOF full nonlinear model and by considering a free motion
in a 3-Dimensional space.

1.1 Related Work

In the area of multi-agent systems, formation control, which consists in controlling multiple
agents to achieve their goal and meet their constraints, is one of the most actively studied
topics [12]. Various strategies and approaches were studied for solving the motion coordina-
tion and formation control problems, which can be classified in three categories as it follows:
1. leader-follower approach [13–16], [17], 2. virtual structure approach [18], [19], 3. behav-
ior based approach [20], [21], and [22]. Except from the above strategies, Model Predictive
Control (MPC) [23], have been utilized for motion coordination and formation control prob-
lems [24], [25], [26] and [27]. In these approaches, MPC determined the optimal future control
profile according to a prediction of the system behavior over a receding time horizon, while
the control actions were computed repetitively by solving a constrained online optimal control
problem, over a receding horizon, every time a state measurement or estimate became available.
However, on of the drawbacks of the MPC scheme is the fact that it needs an accurate model
and its stability becomes one of the main problems, while to guarantee control stability, many
approaches have been investigated as those in [28] and [29].

Furthermore, UAVs’ path planning has been widely investigated in the research community,
where the main idea is to find the optimum path from the origin to the destination, while
avoiding collisions with obstactles and meeting the UAV performance constraints [30]. Previous
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works in this area utilized different methods for solving this issue, for example in [31], the
controller was implemented for each UAV to search the environment and identify the maximum
number of targets at the end of the search. Their model gain was based on maximizing the
expected number of targets found. Furthermore, Richards and Jonathan How [32] implemented
a Decentralized Model Predictive Control (DMPC) for a team of cooperating UAVs and used
coupled constraints to avoid collisions. The above works and many others like the ones in [33],
[34], [35], [36], [37], [30] and [38] made one assumption for simplicity or for collision avoidance;
that each UAV had a constant altitude (moves on a 2 dimensional plane) or each aerial vehicle
moved on different altitudes, an assumption that is restricting the generalisation of the presented
approaches.

The 3 dimensional approach, the real flying test case, for UAVs have been however studied
in other works on cooperative control for UAVs, like the ones in [39], [40] and [41], where
the authors implemented a MPC for the position and heading tracking problem of multiple
UAVs in a three-dimensional space, modeled by a lumped parameter approach with 4 degrees
of freedom. Their presented MPC scheme presented a better performance when compared to
the conventional multi-loop Proportional Derivative (PD) control scheme, while in recent years,
several additional research works focused on the implementation of MPC schemes for UAVs in
a three dimensional space.

For example, in [42], a distributed linear MPC approach was implemented to solve the
trajectory planning problem for rotary wing UAVs, with an objective to form a communication
network of multiple targets. In this case, the UAV model was a linear relation between position
and velocity, while the attitude of the UAV was not considered and thus the authors did not
consider the nonlinear behavior of the UAV. Furthermore, Monteriù et al. in [43], implemented
a Nonlinear Decentralized MPC for UAVs focusing in formation based on leader-following
approach, where a nonlinear model, based on kinematic equations was obtained describing the
motion of a body with six degrees of freedom. Their proposed solution was fully decentralized
and was able to take into account the saturation constraints for the control inputs as well as the
collision avoidance constraints. Furthermore, in [44], the authors proposed a decentralized MPC
and a consensus based control for cooperative formation control strategy for multiple UAVs.
In this case and for a flying formation in a three dimensional space, consensus-based control
algorithms were applied, while for avoiding collisions, an optimization problem with coupled
constraints was solved. Each decoupled UAV was able to create decisions independently and
in parallel to other UAVs actions, while the proposed scheme was developed on the linearized
model of the quadrotors and their simulation results showed that the proposed control algorithm
is effective for formation flying while avoiding collisions.

As mentioned above, there have been many works on cooperative control of UAVs, where
most of them implemented and simulated UAV controllers in a two dimensional space as in
( [31], [45], [32], [33], [34], [35], [36], [37], [30], [38] and [32]). Few of them utilized a three
dimensional space but the authors used a simple linear model or did not consider the attitude
problem of the UAV ( [42], [44], [46]). In general, only few works considered the nonlinear
model in a three dimensional space but still the authors, in this approaches have not considered
cooperation strategies and focused only on one UAV control problem ( [39], [40], [41]and [43]).
Thus, one of the main contributions of this article is the fact that the MPC is implemented for
motion control of the team of UAVs that are modelled by nonlinear system dynamics with 6
degrees of freedom. Furthermore, the MPC is utilized for motion control and collision avoidance,
while the main advantages of the proposed scheme are: a) the handling of constraints on input
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and on the states, and b) the utilization of future states, which can be used to avoid collision
in the path planning.

In the presented control strategies, two different control architectures are studied, which are:
a) the centeralized and b) the distributed MPCs. In the case of the centralized MPC, the UAVs
are being modelled as an overall system with all the control inputs and actions to be taken
under consideration in one overall optimization problem, where the size of the system is mainly
dependent on the number of agents and the computation time is increased also by the number
of agents and the adopted prediction horizons. In the presented article the centralized system
of UAVs is being decomposed into smaller subsystems and a corresponding distributed MPC
scheme is proposed, where each subsystem is controlled individually and shares the most recent
information with the other agents, while it is assumed that the state variables and constraints
are decoupled, but with coupled cost functions.

The remaining of this paper is organized as follow: first the aerial vehicle is modelled in
Section 2. Different control architectures are studied in Section 3, while simulation results that
prove the efficiency of the proposed scheme and simulation results are depicted in Sections 3
and 5 respectively.

2 Aerial Vehicle Modeling

Before developing the motion equation for the UAV, it is important to initially specify the
coordinate systems, thus one coordinate system is fixed to the aerial vehicle and is called the
body frame, while the other one is called the fixed (or inertial) frame and it is fixed to the
Earth (see Fig. 1). The corresponding coordinates are denoted as x1, y1, z1 for the fixed frame

�� 
�� 

�� 
Fixed frame 

�� 

�� 
�� 

Body frame 

P 

R Q 

� 

Figure 1: Body and fixed frames.

and xb, yb, zb for the body frame, while u, v and w are the longitudinal, lateral and vertical
velocities correspondingly. P , Q and R are the angular velocities of rolling, pitching and yawing
respectively.

The equation for the motion is obtained for the fixed frame [47], while the orientation of
the aerial vehicle can be determined by the following three rotations, while prior to applying
the following rotation, it is assumed that the aerial vehicle’s axis system is in parallel to the
fixed frame axis and xf , yf , zf are the axes of the frame:
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1) Rotate xf , yf , zf frame through yaw angle ψ to x1, y1, z1 frame, 2) Rotate x1, y1, z1
frame through pitch angle θ to x2, y2, z2 frame, 3) Rotate x2, y2, z2 frame through roll angle Φ
to x3, y3, z3 frame.

Furthermore, the velocity components can be determined relatively to the fixed frame. By
assuming that the velocity along the xf , yf , zf frame is dx

dt
, dy

dt
and dz

dt
respectively, it can be

extracted that:

dx

dt
= U1 cosψ − U1 sinψ (1)

dy

dt
= U1 sinψ − V1 cosψ (2)

dz

dt
= W1 (3)

The angular and longitudinal velocities can be expressed as follows:

U1 =U2 cos θ +W2 sin θ

V1 =V2

W1 =− U2 sin θ +W2 cos θ

U2 =U2

V2 =V cos θ −W sinΦ

W2 =V sinψ +W cosψ

(4)

For reducing the notations, the sin θ, sinψ and cosψ representations are being substituted by
Sθ, Sψ and Cψ.

From the previous equations’ a relation between the linear velocities ẋ, ẏ, ż and the u, v,
w velocity components can be extracted, where ẋ, ẏ, ż are measured in the fixed frame and U ,
V and W are measured in the body frame.

⎡
⎣
ẋ
ẏ
ż

⎤
⎦ =

⎡
⎣
CθCψ SφSθCψ − CφSψ CΦSθCψ + SφSψ
CθSψ SφSθSψ + CφCψ CφSθSψ + SφCψ
−Sθ SθCθ CφCθ

⎤
⎦
⎡
⎣
U
V
W

⎤
⎦ (5)

Also, the relation between the angular velocity in the body frame (P , Q, and R) to the Euler
rates (derivative of angles) can be obtained as it follows:⎡

⎣φ̇θ̇
ψ̇

⎤
⎦ =

⎡
⎣ 1 Sφ tanθ Cφ tanθ

0 SφCφ −Sφ

0 Sφ secθ Cφ secθ

⎤
⎦
⎡
⎣PQ
R

⎤
⎦ (6)

The dynamics of the aerial vehicle can be described by (5) and (6), while the states of the sys-
tem are represented by the [x, y, z, φ, θ, ψ]T vector. The system has 6 inputs [U, V,W, P,Q,R]T ,
where U , V , W are measured in m s−1 and P , Q, R in rad s−1. For more details about the
modeling, it is suggested to look at [47], [48] and [49].

3 Control Design

.
The main objective in this article is to control the agents in an unknown environment

to reach their goals, deal with actuator limitations, while avoiding collisions and reducing
their energy consumption. One advanced controller that can deal with the actual control
objectives and operating constraints is Model Predictive Control (MPC). MPC has been popular
in practical applications as well as it can be encountered in various control architectures, such
as Centralized, Distributed and Decentralized MPCs.
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3.1 Centralized MPC

The classical architecture for the MPC scheme is a centralized control architecture, where one
controller is responsible for the whole system as it is depicted in Fig. 2. In general, MPC
contains two interacting components: the optimizer and the model. The objective function
passed to the optimizer reflects the goal to be attained, and the optimizer uses the model to
find the optimal future control sequence without violating the constraints. The way that MPC
determines the optimal future control profile is by predicting the system behavior over a receding
time horizon. The control actions are computed online by repetitively solving a constrained
optimal control problem over a receding horizon every time when a state measurement or
estimate becomes available from system. In multi-agent problems, the MPC is responsible for
controlling the longitudinal and angular velocities, while satisfying the constraints. In general
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Desire behavior 
and constraints 

Figure 2: Centralized MPC.

any optimization problem is represented by an objective/cost function that reflects the goals
to be attained. Usually it is a minimization (maximization) of some quantity through which
different goals can be formulated, such as minimization of energy consumption, maximization
of product amount, minimization of raw materials consumption, set-point tracking etc.

At the same time, all real-life processes are operated under some constraints. There can be
different reasons for these constraints, such as physical limitations or performance specifications.
In any case, constraints should be also taken into account and considered in the solution of an
optimization problem.

The objective function of this article is defined as the path tracking and corresponding
constraints are defined as collision avoidance and actuator limits. In the followings, we assume
that we have m agents, where Xi,k = (xi,k, yi,k, zi,k, φi,k, θi,k, ψi,k) represent the states of the ith

agent in the kth horizon, ui is the control vector that is assigned to the ith agent, D is the
minimum accepted distance of each agent and Xi = (xd

i , y
d
i , z

d
i ) is the desired destination of

the ith agent. In this article we are interested in the point mass trajectory of the UAV, while
the attitude at which the UAVs may reach at the destination is not taken into account for the
objective function. This corresponding problem can then be formulated as:

minimize

Np∑
k=1

m∑
i=1

wX,iTi + wu,iΔui (7)

subject to g(x) ≤ 0 (8)

ẋi = f(xi, ui) (9)

u ∈ U (10)

x ∈ X (11)
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Where Ti is the cost function for motion control and is defined as a quadratic cost:

Ti = (xi,k − xd
i )

2 + (yi,k − ydi )
2 + (zi,k − zdi )

2 (12)

Np is the prediction horizon, with wX,i and wu,i the cost weights, while the presence of the
terms with the Δ operator corresponds to the manipulated variables. These terms are included
in order to have influence on the smoothness or aggressiveness of obtained control action.
Furthermore, x ∈ X stands for feasibility of obtained solution and usually used as an additional
constraint in the approaches where system model, due to parametrization, is directly included
in the optimization routine and g(x) is the constraints of the optimization. In the presented
approach, three constraints are defined as it follows:

• Collision Constraints: To avoid collision between the UAVs, the following constraint
is imposed. ∥∥Xi −XP

j

∥∥
2
≤ D i �= j (13)

The distance of each UAV should not be less than D, while the distance between UAV i
and UAV j, with the position of (xi, yi, zi) and (xj, yj, zj), is calculated as:

‖Xi −Xj‖2 = (14)

2

√
(xi − xj)2 + (yi − yj)2 + (zi − zj)2 (15)

The constraint ‖Xi −Xj‖∞ ≤ D can be defined in a quadratic form as (‖Xi −Xj‖∞−D)2

and placed in the objective function, but it is necessary to add a weight for this term
and tune it. Also it is suggested to assign an “if-condition” so this term is not taken into
account in the objective function, as long as the distance is less than D (If the distance
is less than D then add (‖Xi −Xj‖∞ − D)2 to the objective function). The collision
avoidance term can be calculated for all the prediction horizons but the drawback of this
method is the direct increasing of the complexity, the amount of shared information and
the computation time. To overcome this complexity, it is assumed that the prediction
states of other UAVs are needed only up to a certain stage, while in this article, this
constraint must only be satisfied in the first control horizon.

• Velocity Constraints: Assume that the longitudinal and angular velocities have the
maximum values of Umax, Vmax, Wmax, Pmax, Qmax and Rmax. So the constraint on
velocity of the ith agent is defined as:⎡

⎣−Umax
−Vmax
−Wmax
−Pmax
−Qmax
−Rmax

⎤
⎦ ≤

⎡
⎣ Ui

Vi
Wi
Pi
Qi

−Rmax

⎤
⎦ ≤

⎡
⎣Umax
Vmax
Wmax
Pmax
Qmax
Rmax

⎤
⎦ (16)

• Acceleration Constraints: It should be considered that the rate of the velocity vector
is bounded too. Let’s assume the velocity vector of the ith UAV is called vi. So the
following constraint for each UAV is defined:

− a ≤ vi(t)− vi(t− 1)

t
≤ a (17)

Where t is the time and a is the maximum allowable rate of change.
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The prediction horizon NP stands for the length of the time interval during which the system
behavior is predicted; long prediction horizons are required for closed-loop stability and good
performance. The length of the prediction horizon is recommended to be chosen in a way that
it covers the slowest system’s mode and the sampling time is recommended to be shorter than
the fastest system’s mode so that MPC could react timely to disturbances.

The Implementation of the MPC as a single agent-based controller generally gives the best
performances [50]. In large-scale and complex systems such as power, water distribution, traffic,
manufacturing and economic systems, however, undesirable properties (robustness, reliability,
scalability, and responsiveness), technical issues (communication delays and computational re-
quirements), commercial, legal, and political issues (unavailability of information and restricted
control access) can restrict the usage of a centralized controller. It has been shown that these
issues can be solved or at least relieved by breaking the system into sub-systems and using
a distributed or a decentralized control scheme [50], where local control inputs are computed
using local measurements and reduced-order models of the local dynamics. [51].

3.2 Distributed & Decentralized MPC

In Distributed & Decentralized MPC instead of a single MPC for the overall system, there are
multiple MPCs for each subsystem; see Fig. 3 and 4. In multi-agent problems, the system
can be divided into separate agents with different controllers that may/may not share the
information.
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Figure 3: Decentralized MPC
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Figure 4: Distributed MPC

In decentralized MPC each subsystem is controlled independently, without interchanging
of information between the subsystems, which can result in a significant loss of information,
when the interactions between subsystems are strong or the controllers may be opposing one
another’s action, for example in multi-agent problems finding the optimal control input without
the information of the position of the other agent can cause collisions. In [32], the authors
implemented a Decentralized MPC for cooperative UAVs, but also for avoiding collisions, where
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the agents needed the information of other agents. In their algorithm in each iteration, they
solve only once each sub problem respectively and use the information about the latest known
intentions of other vehicles. In Figure 3 the arrows between agents denotes the relation between
agents, for example sensor or vision information of each agent.

In distributed MPC, on the other hand, each MPC solves a problem by using both local
information and the interactions among the systems [50–52]. The controllers can communicate
about the action they would like to perform and share the future states, while reaching to the
optimal control inputs. The connection between MPCs in Figure 4 denotes the information that
optimizers are shared, as in this case this is the future position of the agents. The Distributed
MPC, which is implemented here, has ben inspired by the algorithms in [22], [25] and [53] .
For each agent, the optimization problem is:

minimize

Np∑
k=1

{wx,iTi + wu,iΔui}+GD (18)

subject to gi(x) ≤ 0 (19)

ẋi = f(xi, ui) (20)

ui ∈ Ui (21)

xi ∈ Xi (22)

Where Ti is the quadratic cost for motion control and is defined the same way as before,
while GD is the quadratic cost to avoid collisions and is calculated as:

GD =

{
wi,j(||Xi −XP

j ||2)2 distance < D

0 otherwise
(23)

In the presented approach, all MPCs for each agent only transfer the future state but do
not share their costs. The XP

j is the prediction states of the other agents, which remain con-
stant during each optimization. The term wi,j(||Xi − XP

j || − D)2 is only calculated for the
first horizon to reduce complexity and computation time, where wi,j is the weight for collision
avoidance and gi(x) is the constraints for the ith UAV. As the collision avoidance is placed in
the objective function, only the velocity and acceleration constraints are considered. In the
sequel, it is assumed that u∗i and x∗i are the optimal control input and state for the agent i
respectively. Then the following algorithm is could be utilized:

Algorithm:
Given u0

i , xi(k), 0 ≤ wu,i, 0 ≤ wx,i, 0 ≤ wi,j, 0 ≤ wi ≤ 1, 0 < Pmax and ε > 0
P ← 1, Ki ← T , T � 1
While Ki > ε and P ≤ Pmax

Do ∀1 ≤ i ≤ M
Find u

∗(P )
i

uP
i = wiu

∗(P )
i + (1− wi)u

P−1
i

Transmit x
∗(P )
i to other agents i �= j.

Ki ←
∥∥uP

i − uP−1
i

∥∥
∞

end(Do)
end(While)
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Where Pmax is the maximum number of permissible iterations and it can be called design
limitation, Ki is the change acceptance of the input and wi is an update parameter.

4 Simulation Results

In order to evaluate the Centralized and Distributed MPC, a set of scenarios were considered.
For all the scenarios, it was assumed to have the same decoupled dynamics for each UAV.
The physical constraints used in these simulation have been gathered from [43], which are
used for the quadrotor vehicles. The linear velocities were between −2.5m s−1 and 2.5m s−1,
the angular velocities were between −0.075 rad s−1 and 0.075 rad s−1. Furthermore, the rate of
the linear velocity is between −0.25m2 s−1 and 0.25m2 s−1 and the angular acceleration range
is from −0.005 rad2

s
to 0.005 rad2

s
. The controller parameters are shown in Table 1. First

Table 1: Control Parameters

Parameter Value Parameter Value

wx 10 Nc 1

wy 10 Tc 0.2 s

wz 10 Ki 1

wu 1 Pmax 5

wi,j 1000 ε 0.1

Np 3 D dm

two to five UAVs are controlled by Centralized and Distributed MPCs. Different scenarios
are implemented with different origin and destination. Then the computation time and the
flight time of each controller are compared. These simulations were tested on a PC with 4 GB
RAM and a core i5-3210M 2.5 GHz. It is assumed that each UAV does not move during the
computation of the next control input.

Motion Control

First two UAVs are controlled. The origin of the first and second UAVs are [0, 0, 0] and [20, 0, 0]
respectively and the destinations are [20, 20, 20] and [0, 20, 20] correspondingly. The simulation
results for the two UAVs, which are controlled by Centralized and Distributed MPCs are shown
in Figures 5 and 5.

In the sequel, the third UAV is added with the origin of [20, 20, 0] and the destination of
[0, 0, 20]. In Figures 7 and 9 the trajectory of each agent is shown. In Figures 8 and 10 the
distance between three UAVs are shown and as it can be observed in both control scheme the
distance was below 2m.

A forth agent has been added with an origin in [0, 20, 0] and a targeted destination at
[20, 20, 0]. In this case the four UAVs were located on the vertices of the square in the xy
plane and their paths were at the diagonal of the cube with the volume of 8000m3. The
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Figure 5: Centralized MPC for moving two UAVs.

Figure 6: Distributed MPC for moving two UAVs.

Figure 7: Centralized MPC for moving three UAVs.

Figure 8: Distance between three UAVs with Centralized MPC.
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Figure 9: Distributed MPC for moving three UAVs.

Figure 10: Distance between three UAVs with Distributed MPC.

movement of the agents is being depicted in Figures 11 and 13, while the distance between the
UAVs are shown in 12 and 14. The fifth UAV is located in the middle of the xy square

Figure 11: Centralized MPC for moving four UAVs.

with the vertices of the other four UAVs so the origin of it is [10, 10, 0] and the destination is
[10, 10, 20]. The fifth UAV must move vertically to reach its goal. But in this scenario to avoid
the collision it is diverted (See Figures 15, 16, 17 and 18). In all above scenarios all UAVs
reached to their destination, while avoiding collisions. It can be also observed that each agent
instead of following the straight line to destination, diverted to avoid collision. By increasing
the number of UAVs, these diversion of the movement is naturally also increasing. The “Fish
hooks” behavior of the UAVs path can be caused because of: 1) collision avoidance, 2) initial
condition for angular position and 3) prediction horizon.
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Figure 12: Distance between four UAVs with Centralized MPC.

Figure 13: Distributed MPC for moving four UAVs.

Figure 14: Distance between four UAVs with Distributed MPC.

Figure 15: Centralized MPC for moving five UAVs.
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Figure 16: Distance between five UAVs with Centralized MPC.

Figure 17: Distributed MPC for moving five UAVs.

Figure 18: Distance between five UAVs with Distributed MPC.
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Computation Time

Another factor, which is important to take in to account, is computation time. The maximum,
minimum, average and standard deviation of each controller is provided in Table 2. From the
obtained results, It can be seen that the computation time of Centralized MPC is increasing
by increasing correspondingly the number of UAVs. When the number of agents is two, the
difference between two controllers is not considerable, but by increasing the number of agents
to more than two, the Distributed MPC offers a considerably less computational time in com-
parison to the Centralized MPC. For example when the number of agents is 5, the average
computation time for Distributed MPC is 7 times faster than the Centralized MPC. However,
it should be considered that Pmax and ε, the control parameters of Distributed MPC, have a
direct relation to the computation time, since the larger Pmax and smaller ε is increasing the
computation time. In Table 19, the computation time of each controller is presented. By

Table 2: Computation Times

Number of UAVs

Computation Time [s]

Min Mean Max Std. Dev

Centralized MPC

2 0.42 6.8 12.42 3.53

3 .89 18.09 47.6 15.2

4 1.51 34.54 88.76 23.03

5 2.32 64.29 349.12 54.44

Distributed MPC

2 0.54 3.47 9.48 1.82

3 1.75 6.25 16.54 3.77

4 1.54 7.9 21.51 4.71

5 2.23 9.7 35.5 7.9

applying curve fitting, the equation for each computation time is obtained. The centralized
MPC is O(n2) and the distributed MPC is O(n). The O notation is the growth rate of the
computation time as the number of UAVs is increased. Fro the obtained results, it can be
directly concluded that the distributed MPC algorithm is more efficient for bigger numbers of
UAVs.

Flight Time

Finally, in Table 3 the overall flight time of each proposed controller is being compared. As
it can be seen, by increasing the number of UAVs the flight time is also increasing and this
was due to the fact that the collision avoidance was active and in general the Centralized
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Figure 19: Computation time mean for Centralized & Distributed MPCs.

MPC managed to have smaller flight time in comparison to Distributed MPC. As it is men-
tioned before, implementing a MPC scheme as a single agent-based controller generally gives
the best performances, however, undesirable properties (robustness, reliability, scalability, and
responsiveness), technical issues (communication delays and computational requirements), com-
mercial, legal, and political issues (unavailability of information and restricted control access)
are the main restrictions of its usage.

Table 3: Flight Time Comparison

Number of UAVs
Flight Time [s]

Centralized MPC Distributed MPC

2 8.8 8.8

3 8.8 9

4 9 9.6

5 9.2 9.8

5 Conclusion & Future Works

In this paper a Centralized and Distributed MPC scheme has been implemented for cooperative
motion control. Centralized and Distributed MPCs determined the optimal future control
profile, while the controller satisfied the control objectives and the operating constraints. First,
the nonlinear model of the UAV with 6 degrees of freedom has been obtained. Afterwards, the
Centralized, Distributed MPCs have been implemented for controlling two of the five UAVs for
motion control. In this scenario, the UAVs reached their destination, while avoiding collision
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with each other. The number of UAVs were increased to increase the chance of collision and
to compare the performance of the controllers. As it has been indicated, the communication
between UAVs was critical to avoid collision. Thus, UAVs shared their future positions with
each other. For reducing complexity, only one step ahead prediction of position was shared
between the UAVs. From simulations, both control architectures were able to achieve the
objective, while guaranteeing the constraint, while the Distributed approach had a significant
less computation time when the number of agents is increased to more than 2. Finally, it was
shown that the computation time of the centralized MPC was O(n2) and for the distributed
MPC was O(n) so the distributed MPC algorithm was more efficient for more numbers of UAVs.
On the other hand Centralized MPC was able to have a little less flight time in comparison to
Distributed MPC.
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1 Introduction

Micro Aerial Vehicles and especially multi rotors are gaining more and more attention for
accomplishing complex tasks, considering their simple mechanical design and their versatile
movement. Their ability to hover over a target or fly close to an object make them suitable
for a wide range of applications, such as environment inspection mission [1], as well as aerial
manipulation tasks [2].

Advanced perception capabilities towards autonomous aerial agents could play a major role
for a successful mission accomplishment. Conventionally, these tasks are handled by laser range
finders, stereo/monocular and RGB-D cameras. In certain applications such as infrastructure
inspection and monitoring as well as object tracking, visual feedback is essential, which can be
provided by vision based sensors. However, depth perception in far ranges is challenging for
camera sensors, specially in stereo cameras as the depth perception is bounded by the predefined
baseline which degenerates them to monocular cameras [3]. For the monocular camera case
sufficient parallax between camera frames is needed to provide accurate depth information.
Varying baseline approaches could be addressed when scene-depth estimation is challenging.
In this particular case, multiple cameras will form a global flexible sensor, where the distance
between the UAVs will correspond to the new flexible baseline. To support these attributes
control strategies and vision schemes are an important factor.

In the field of vision for aerial robotics, the concept of scene perception and tracking based
on monocular stereo rigs has not been extensively investigated before. The main reason is due
to the mathematical complexity in combining cooperative vision, with cooperative aerial agent
navigation. Nonetheless, there exist a few approaches that study flexible stereo visual rigs
formed by cooperative monocular cameras. In [4], a multi-camera feature based collaborative
localization and mapping scheme in static and dynamic environments has been developed. In
this study collaborative pose estimation, map construction as well as camera group management
issues were addressed. In [5] the relative pose estimation of two MAVs in an absolute scale to
form a flexible stereo rig, has been proposed. In this approach, the extracted information from
the monocular cameras was fused with inertial sensors in an error state Extended Kalman Filter
(EKF), to resolve the scaling ambiguity. However, in this article there has been no synchronous
flying, one UAV per time, while there has been no contribution towards the controlling of the
UAVs and the corresponding sparse reconstruction from the proposed scheme. In [6], a central-
ized system, where each agent performed pose estimation using monocular visual odometry was
introduced. In this approach the information extracted from individual platforms was merged
by a mapping ground station to create a global consistent map. Finally, in [7] a framework for
multi-agent cooperative navigation and mapping has been introduced. The main idea in this
approach was based on monocular SLAM using RGB-D sensors for solving the scaling prob-
lems and Inertial Measurement Unit (IMU) for data fusion. The UAVs were capable of high
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rate pose estimation as well as sparse and dense environment reconstruction. These works are
mainly focused in the performance of odometry and mapping but were not considering posing
specific vision constraints in the corresponding control cost functions.

Based on the presented state of the art, the main contribution of this article is the introduc-
tion and establishment of the flexible virtual stereo rig based on MPC controlled MAVs. The
proposed approach delivers the framework for adjustable depth perception of the platforms by
using the concept of varying baseline. The main sensory system for this approach are monocular
cameras, thus retaining a low payload and low computational processing. The second contri-
bution of the proposed scheme is a modified SfM approach for sparse reconstruction, which is
adopted for the flexible stereo rig concept. Finally, the third contribution consists the evalua-
tion of the proposed scheme in multiple close to reality simulations where the agents navigate
using model based control while guaranteeing the overlapping field of view and formulate the
visual sensor according to the application needs.

The rest of the article is organized as follows. Firstly, the establishment of the novel coop-
erative virtual stereo rig is presented in Section 2, while the proposed control scheme is studied
in Section 3. Section 3 presents the extended simulation results that prove the efficiency of the
proposed scheme and finally concluding remarks are drawn in Section 5.

2 Dynamic Visual Sensor

This Section describes the establishment of the dynamic visual sensor formulated by monocular
cameras. This multi-camera system is treated as a global sensor with independently moving
components used for relative motion estimation and structure reconstruction. The key idea
of this approach stems from conventional feature based Structure from Motion (SfM) [8], ad-
justed for a virtual stereo rig with a varying baseline. Within this research the reconstruction
capabilities of the cooperative flexible rig are the main focus.

Before describing the methodology for the sensor some important assumptions are estab-
lished. Firstly, the cameras are calibrated with known intrinsic (K) and distortion (d) param-
eters. Additionally, the sensor operates when the cameras share a common field of view. As
mentioned in Section 3, the controller regulates the quadrotors’ attitude to guarantee an over-
lapping field of view for the cameras. Furthermore, a smooth camera trajectory is considered
to avoid abrupt movements that will deteriorate the sensor performance. In this approach the
left camera’s coordinate frame is considered as the origin of the sensor. The camera frames
are synchonised to maintain the epipolar constraint. Finally, the system does not consider
any metric information about the environment, like 3D landmark positions or actual distances
between objects. In the remaining part of this section two major steps are presented: a) the
camera relative pose estimation, and b) the global structure and motion calculation.

2.1 Relative Pose Estimation

The first step towards building the 3D map of the environment, is to group spatially the cam-
eras with overlapping field of views under a global stereo sensor. It is necessary to estimate
the relative distance t and the orientation R between the cameras employing epipolar geome-
try [9] calculations. Figure 1 depicts the main idea for relative pose estimation among different
viewpoints.
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Figure 1: Flexible Stereo Rig schematic.

The proposed approach is feature based, thus distinctive points need to be extracted from
the background and matched across different viewpoints. Various methods have been proposed
to track these salient features (points, shapes, lines etc.) in each view. Considering M input
images Il (l #images), the set W (where Wl = {(xj, fj)| j #features}) should include feature
locations xj ∈ R2 described in descriptor fj. In this study, the Oriented Fast Rotated Brief
(ORB) feature extractor [10] is used, since it is a fast binary descriptor with rotation in-variance,
which is important for the performance in wide baselines [11]. Furthermore, the detected
features stored in sets Wl are matched with candidate sets within their local neighborhood
from different viewpoints that define overlapping parts of the scene. More specifically, the
matching process is based on the nearest neighborhood search technique described in [12],
while the output of this process will be used to retrieve 3D positions of the detected features
that have enough disparity for triangulation.

This appearance-based feature matching process is prone to outliers, without guaranteeing
that the 2D points in the image plane correspond to the same 3D point in the world frame.
Thus, to filter the induced outliers, an additional step is followed that verifies the geometric
consistency satisfying the epipolar constraint [13].

In order to acquire the relative camera pose, a transformation matrix that maps points from
different views is required. In the proposed approach the cameras are calibrated and loosely
coupled, therefore the transformation that describes the geometry relation on each image pair
is expressed through the essential matrix E [9]. Given N homogeneous points m1, m2 ∈ R3

in 2 different views and the estimated intrinsic camera matrices K1 and K2 the geometric
verification is showed in the following equation:

m̂T
2Em̂1 = 0 (1)

where m̂2 = K−1
2 m2 and m̂1 = K−1

1 m1 are the normalized points respectively. The essential
matrix E includes the relative rotation R and the relative translation D defined as:

E = R× t = R[t]x (2)
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with

[t]x =

⎡
⎣ 0 −tz ty

tz 0 −tx
−ty tx 0

⎤
⎦ (3)

and E is estimated from point correspondences by utilizing a 5-point algorithm proposed by [14]
with good performance in general purpose applications. In the sequel, Singular Value Decom-
position (SVD) [15] is employed to recover the rotation matrix R and the translation vector t.
The decomposition of the essential matrix provides a rotation estimation without any ambiguity
but position is estimated up to a scale. The scaling problem is a well known issue for monocular
cameras and it is inherited in this flexible configuration, since the cameras are freely moving
with no knowledge about the environment. Thus, the scale is propagating among views and re-
quires a solid estimation scheme. Within this article, and without a generality loss, the scaling
issue is assumed solved using information from external sources, e.g. a motion capture system
or other on-board sensor fusion. Thus the main focus is to establish a controlled aerial stereo rig
where Figure 1 depicts the general camera spatial configuration for the epipolar geometry. This
algorithm continuously tracks the identified features in sequential overlapping frames. The pair
of frames where the number of tracked features is below a threshold, are considered the new
keyframes and the feature extraction as well as the relative pose estimation steps are repeated.
In this manner, the scene is constantly updated when new points are identified. Algorithm 1
describes the aforementioned procedure.

Algorithm 1 Relative Pose

Require: I1, I2, K1, K2, d1, d2 � d1, d2 are distortion parameters
function RelativePose(I1, I2, K1, K2, d1, d2)

Detect features in frames I1, I2 → (x1,j, f1,j), (x2,j, f2,j)
Nearest neighborhood matching between f1 and f2 → (x1, x2) � Matched features
Remove false matches → inlier matches (x̂1, x̂2) � Geometric Verification
5-point algorithm(I1, I2, x̂1, x̂2) → E � Essential Matrix
SVD(E) → R, s · t � scaled relative camera pose
Retrieve scale =s � external sources

return R, t
end function

2.2 3D Structure Calculation

This subsection describes the process where the structure is retrieved from a set of points
X3D = {X3D

j ∈ R3| j #points}. The overall mapping framework consists of two layers. Firstly,
an initial map is created and afterwards, a sequential map refinement is performed. Moreover, to
estimate the relative pose pairwise, camera projection matrices P = K[R|t] are defined. These
matrices express the projection from the Euclidean R3 to the image R2 space. An initialization
of the position of the identified points in the image pairs is performed using Direct Linear
Triangulation [16]. As the visual system moves around, new parts of the scene are introduced
and added to the global map. The absolute pose of the resulting virtual sensor in a global
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coordinate frame at each instance k can be calculated (Equation 4).

Rk = Rk−1Rk−1,k
tk = tk−1 +Rk−1tk−1,k

(4)

The obtained map M is defined as:

M = (X3D, Ik) (5)

where Ik is the keyframe that contains the detected points.
Triangulation is a process where uncertainties in the camera poses propagate to estimated

points. This algorithm drifts fast to a non recoverable condition when there is lack of absolute
measurements. Given a set of camera and world points local Bundle Adjustment [17] is em-
ployed in the current keyframes’ neighborhood to optimize both the camera poses and 3D map
points. The main idea behind this optimization step is the minimization of the re-projection
error of the identified world points into the camera image plane under the assumption that are
corrupted by Gaussian noise. The optimization is formulated in Equation 6.

X3D∗ = argmin
X3D

2N∑
j=1

(‖xj − π(X3D
j , P )‖2) (6)

In the sequel, the calculated 3D landmark positions are assembled in a compact pointcloud
form for further processing in order to be merged to a global map. More specifically, for each
keyframe a pointcloud is generated and is compared with the previous one to minimize the
relative pose, while the Iterative Closest Point method [18] is used to align the two clouds.
In this way a global pointcloud is incrementally registered. The resulting map consists of the
positions of the detected features, therefore it is sparse. The overall pipeline is briefly presented
in the Algorithm 2.

Algorithm 2 3D reconstruction

function Reconstruction(I1, I2,K1, K2, d1, d2)
Import keyframes I1, I2 → RELATIVEPOSE(I1, I2, K1, K2, d1, d2)
Projection matrices P1,P2 → P1 = [I|0], P2 = [R|t]
Triangulate(I1, I2,x̂1, x̂2,P1,P2) → X3D � 3D points
Bundle Adjustment(x̂1, x̂2,P1,P2,X

3D) → M
end function
Initialize RECONSTRUCTION
for each image pair (I1, I2) do

track identified features in sequential frames → ftracked
if ftracked < threshold then

break
end if
update keyframes I1,new, I2,new
RECONSTRUCTION(I1,new, I2,new,K1, K2, d1, d2)
if new map MK generated then

ICP(MK−1,MK)
Update global map M

end if
end for
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3 Model Predictive Control for Flexible Stereo Rig

The model of the UAV is extracted by representing the quadrotor as a solid body evolving in
the 3D space. In this case, the translation and the rotation are the two components of the
motion of a rigid body and the following equations are obtained.⎡

⎢⎣ẍÿ
z̈

⎤
⎥⎦ =

⎡
⎢⎣ 0

0

−g

⎤
⎥⎦+

T

m

⎡
⎢⎣ 2(q0q2 + q1q3)

2(q2q3 − q0q1)

q20 − q21 − q22 + q23

⎤
⎥⎦ (7)

where m is the quadrotor mass, T is the total thrust and qi express rotation in quaternions.
The rotational dynamics can be summarized as:

ẇ = −I−1[w × Iw] + I−1

⎡
⎣τxτy
τz

⎤
⎦ (8)

where I is the inertia matrix, τx, τy and τz are related to the rotations of the quadrotor and ẇ
represent the angular velocities.

In the case of single quadrotor the controller takes as input the position and orientaion
references and generates T , τx, τy and τz. For simplicity, instead of T, τx, τy, τz the vector
U = {u1, u2, u3, u4} is used, while u1, u2, u3, u4 can be converted to rotor velocities. Equations
7 and 8 are utilized as the dynamic model to formulate the MPC, while the decision variables are
u1, u2, u3 and u4. The corresponding problem can be mathematically formulated by Equation
9 for both quadrotors. The set of control inputs is called U = {u1, u2, u3, u4} and the states are
X = [x, ẋ, y, ẏ, z, ż, wx, wy, wz, q].

min
U

J(k)

subject to g(X) ≤ 0

Ẋ = f(X, u)

u ∈ U

X ∈ Xspace

(9)

where J(k) is the cost function for the motion control and it is defined as a quadratic cost:

J(k) =

Np∑
i=1

[x(k + i|k)− xr(k + i|k)]TQx[x(k + i|k)− xr(k + i|k)]

+ [y(k + i|k)− yr(k + i|k)]TQy[yk+i|k − yr(k + i|k)]
+ [z(k + i|k)− zr(k + i|k)]TQz[zk+i|k − zr(k + i|k)]
+ Δu(k + i|k)TRΔu(k + i|k)

(10)

where x(k+i|k), y(k+i|k) and z(k+i|k) are the predicted position of the quadrotor at the time
k + i in the time k and xr, yr, and zr are the desired destination for the quadrotors. The first
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quadrotor act as a leader following the predefined path, while the second quadrotor follows the
predicted position of the first quadrotor with constant offset in the y direction. Furthermore,
Np is the prediction horizon, Qx, Qy, Qz are the state error weights and R is the weight for rate
of change of control inputs. The term Δ corresponds to the manipulated variables that can
effect the smoothness or aggressiveness of the obtained control action. Additionally, X ∈ Xspace

stands for the feasibility of the obtained solution and g(X) represents the constraints of the
optimization. The following constraints are defined for this approach:

1. Input Constraint: The angular velocities of the quadrotor are bounded between min-
imum (Ωmin = 0) and maximum values (Ωmax). Thus the input values are bounded and
result in the following constraints:

0 ≤ u1 ≤ 4bΩ2
max

−bΩ2
max ≤ u2 ≤ bΩ2

max

−bΩ2
max ≤ u3 ≤ bΩ2

max

−2dΩ2
max ≤ u4 ≤ 2dΩ2

max

(11)

where b, d are the thrust and drag coefficients.

2. Velocity Constraints: The longitudinal and angular velocities are bounded between
vmin, vmax and wmin, wmax respectively and thus the following constraint for each quadro-
tor can be defined:

vmin ≤ẋ, ẏ, ż ≤ vmax

wmin ≤wx, wy, wz ≤ wmax

(12)

3. Vision Constraints: It is necessary that all quadrotors have a common field of view
and thus the agents should have the same direction of monocular cameras, which can be
established by the following constraints:

qr ⊗ q1
∗
= ε

q1∗ ⊗ q2 = ε
(13)

where qr is the reference orientation for the first quadrotor, q1
∗
is the conjugate of the

first quadrotor orientation and q1∗ is the predicted quaternion value of the first quadrotor
(q1∗ = [q1∗0 , q1∗1 , q1∗2 , q1∗3 ]T ).

In the MPC formulation, the prediction horizon NP (NP ≥ 1) stands for the length of the
time interval that the system behavior is predicted. For stability and good performance a long
prediction horizon in required. Moreover, the length of the horizon should cover the slowest
system’s dynamic. The sampling time is recommended to be shorter than the fastest system’s
dynamic so that the MPC could react to external disturbances.

4 Evaluation Results

The proposed method has been evaluated in the simulation environment Gazebo along with
the Robot Operating System (ROS) framework. The Ascending Technologies Hummingbird
quadrotor [19] has been selected for the simulations. The simulation environment provides
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multiple external sensory systems (e.g. cameras, laser scanners, odometry sensor etc.) that can
be mounted on the agents, while each quadrotor is equipped with a monocular camera. The
overall dynamic parameters of the Hummingbird considered in the controller part are depicted
in Table 1. The simulation studies contain two components: a) the global dynamic sensor

Table 1: Quadrotor dynamic parameters.

Par. Value Par. Value

ms 0.51 kg b 2.9× 10−5 Ns2

Ixx 5× 10−3 kgm2 d 1.1× 10−6 Nms2

Iyy 5× 10−3 kgm2

Izz 8.9× 10−2 kgm2

(monocular cameras) and b) the quadrotor control. The dynamic visual sensor is implemented
using OpenCV, OpenGV and PCL libraries, while the controller is implemented within ROS
framework. The proper interactions among the simulation environments have been implemented
as indicated in Figure 2. Generally, the proposed global sensor is applicable with any kind

Follower

Leader

Follower

Leader

MPC

MPC

Xi
m

X1*

1
i

2
i

Dynamic 
 Sensor

image
stream

image
stream

Figure 2: Overall system architecture scheme.

of robotic platform as long as field of view overlap is guaranteed. Within this paper, the
simulation scenario considers the formulation of the global sensor from two MAVs that follow
a sinusoidal movement keeping constant distance Dy among them. Additionally, the camera
streams are synchronised through ROS framework. The designed virtual world consists of cubes
with volume 1m3 placed in columns with different heights for visualization purposes during the
3D reconstruction. In Figure 3 the utilized Gazebo simulated virtual world is presented.
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Figure 3: The utilized flying virtual world in Gazebo.

The initial conditions for each quadrotor are [01×6, 1,01×3]T and [−4, 0,−2,01×3, 0.7, 0, 0, 0.7]T

respectively. It is assumed that the second quadrotor starts with different position and differ-
ent yaw angle (π/2) and the vision constraints for the second quadrotor will be activated after
obtaining the formation. The controller parameters are presented in Table 2. The linear and
angular velocity bounds are assumed to be same in all directions without losing the generality.
The prediction horizon Np = 4 is assigned for both inner and outer loop controllers, while the
control horizon time is 0.1 s.

Table 2: Controller parameters.

Par. Value Par. Value

wmin −0.5 rad/s Ωmax 250 rad/s

wmax 0.5 rad/s Qx, Qy, Qz 10

vmin −3m/s R 1

vmax 3m/s dy 1m

Ωmin 0 rad/s

The established MPC scheme needs a full state feedback and thus in the presented scenario
it is assumed that both quadrotors provide the corresponding orientation, translation and their
derivatives, without a loss of generality using a generic odometry sensor supported from the
simulation environment.

The resulting sinusoidal path that the two quadrotors followed, based on the MPC is de-
picted in Figure 4. The reference path is assigned to the first quadrotor while the second
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quadrotor starting with different orientation (yaw) from a different position initially takes off
and follows the optimal path until it reaches the constant distance with desired orientation
relative to the leader quadrotor.
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Figure 4: 3D displacement of both quadrotors in the coordinated motion.

Figure 5: 3D reconstruction during sinusoidal motion with the MPC constrained relative dis-
tance at 1m.

In this case, the second quadrotor tries to follow the leader considering the vision posed
constraints as described in Section 3. These constraints play a major role in the perception
of the camera and the performance of the dynamic virtual rig. Therefore the dynamic sensing
part is activated the moment both UAVs move in formation and guarantee overlapping field of
views. In this manner it is feasible for the feature based algorithm to provide a sparse global map
from distinctive landmarks of the scene. In the performed simulations, the virtual cameras were
chosen to provide a resolution of 640×480 with a frame rate of 20Hz. Furthermore, the cameras
were located in front of the aerial vehicles with 5 ◦ inclination to the Y -axis. Before multiple
simulations were performed in various configurations for the cameras to identify problems and
constraints of the approach presented.

In Figure 5 the resulting sparse 3D reconstruction during the cooperative flight of the two
quadrotors and the utilization of the flexible cooperative rig based on the MPC is being depicted
for the case of a constrained relative distance of 1m. From the obtained results, the overall
established scheme is able to provide a sparse reconstruction of the environment constituting
the collaborative stereo rig functional. It should be also highlighted that the UAVs moved
towards the virtual structure capturing mainly one part of it. Generally, the more passes the
quadrotors are making over the object from different perspectives during the inspection task,
the more points are registered to the global scene reconstruction and the more consistent the
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map will be. Overall, the requirement for the online execution of the sparse reconstruction and
the corresponding induced time delay in the point cloud processing, creates a trade off in the
mapping accuracy, while a sequential further refinement is needed to be performed offline for
producing a dense map, from the presented sparse points. The mean absolute error between φ,
θ, and ψ of the two quadrotors was calculated 0.02 rad, 0.02 rad and 0.07 rad correspondingly,
guaranteeing continuous overlapping field of view among the cameras making the global sensor
functional throughout the whole exploration time.

5 Conclusions

In this article a collaborative visual sensor was constructed based on monocular flying cameras
being coordinated to retain a flexible stereo rig by a MPC. The proposed collaborative control
scheme had two aims: a) to retain the formation of two UAVs, while the distance between
two quadrotors remains constant, and b) to guarantee a common field of view, which was a
necessary factor for the existence of the flexible stereo rig. Based on the proposed scheme,
during the flight, the cameras provided a sparse reconstruction of the environment to prove
the efficiency and the overall concept of the proposed collaborative scheme. Future work on
this topic consist the experimental evaluation of the scheme addressing challenges like scaling,
measurement noise, processing time and disturbances.
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Cooperative Coverage Path Planning for Visual
Inspection

Sina Sharif Mansouri, Christoforos Kanellakis, Emil Fresk, Dariusz Kominiak, George
Nikolakopoulos

1 Introduction

The annual investments in the infrastructure sector represent a significant percentage of the
Gross Domestic Product (GDP) of the developed and developing countries, e.g. 3.9% of the
GDP for the old European states, 5.07% of the GDP for the new European states and 9% of the
GDP for China [1]. In order to reduce the risks to human lives and to increase the performance of
the overall inspection procedure, autonomous ground, aerial or maritime vehicles are employed
for executing inspection tasks. A few examples of applications are the following: power-line
monitoring using autonomous mobile robots [2], bridge inspection [3], boiler power-plant 3D
reconstruction [4], urban structure coverage [5], forest fire inspection using UAVs [6], and the
inspection of underwater structures or ship hulls as in [7] and [8] respectively by the utilization
of autonomous underwater vehicles. In most of these scenarios, there is an a priori knowledge
about the infrastructure, where the available 2D-3D models can be derived by utilizing classical
CAD software, sensor based reconstruction missions, civil engineering instrumentation and
Geographical Information System (GIS) data.

In general, the task of Coverage Path Planning (CPP) [9] has received significant attention
over the last years. However, there are very few CPP approaches in the field of aerial robotics;
especially when CPP concept is extended to the Collaborative approach (C-CPP). In C-CCP,
the utilization of multiple aerial agents has the potential to dramatically reduce the overall
coverage time considering the flying times of all UAVs [10] and the levels of autonomicity.
Thus, inspired by this vision, the main objective of this article is to establish a C-CPP method
that is based on a priori knowledge of the infrastructure (e.g. a CAD model) and will have
the ability to generate proper way points by considering multiple agents, while ensuring full
coverage and overall collision avoidance among the flying agents. The proposed novel scheme
creates a sub-coverage path planning for cooperative inspection of the whole infrastructure,
while having the capability to detect branches of complicated infrastructures, which can be
assigned to different agents. Additionally to the coverage task, monocular or stereo based 3D
reconstruction routines will be applied to build a 3D mesh of the structure. The image data
captured during the task are processed using as basis existing technologies to generate sparse
dense point clouds and 3D detailed models, combined in global representation areas covered
by individual agents. In this manner the inspection process is automated to a great extent,
demonstrating its real life applicability.

In the related literature there have been many works that addressed the CPP problem in
2D spaces [11] and fewer approaches that addressed coverage of 3D spaces. In [9], a complete
survey was presented on CPP methods in 2D and 3D. Towards the 3D CPP, Atkar et al. [12]
presented an off-line 3D CPP method for the spray painting of automotive parts. Their method
used a CAD model and the resulting CPP could satisfy certain requirements for paint decom-
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position. In [13], the authors presented a CPP with real time re-planning for inspection of 3D
underwater structures, where the planning assumed a priori knowledge of a bathymetric map
using an autonomous underwater vehicle, while their overall approach contained no branches.
The authors in [8] introduced a new algorithm for producing paths that cover complex 3D en-
vironments. The algorithm was based on off-line sampling for autonomous ship hull inspection,
while the presented algorithm was able to generate paths for structures with unprecedented
complexity.

In the area of aerial inspection, [5] presented a time-optimal UAV trajectory planning for
3D urban structure coverage. In this approach, the structures to be covered (buildings) were
initially simplified into hemispheres and cylinders and in a later stage the trajectories were
planned to cover these simple surfaces. In [14], the authors studied the problem of 3D CPP
via viewpoint re-sampling and tour optimization for aerial robots. More specifically, they
presented a method that supports the integration of multiple sensors with different fields of
view and considered the motion constraints on aerial robots. Moreover, in the area of multi-
robot coverage for aerial robotics in [15], a coverage algorithm with multiple UAVs for remote
sensing in agriculture was proposed, where the target area was partitioned into k ∈ N non-
overlapping sub-tasks and in order to avoid collision, both different altitudes were assigned to
each UAV and security zones were defined, where the vehicles were not allowed to enter.

Based on the aforementioned state of the art, the main contribution of this article is two-
fold. The first significant contribution stems from the establishment of a theoretical framework,
capable of providing a path for accomplishing a full coverage of the infrastructure, without
a further shape simplification (number of considered representation points), by slicing it by
horizontal planes to identify branches and assign specific areas to each agent, as a solution to
an overall optimization problem, while the overall scheme is being presented for the case of
multiple UAVs. This contribution comes in contrast to many existing approaches that simplify
the infrastructure to an area of interest and solve it by various optimization methods; methods
that could not be applied otherwise due to the inherent NP-hard complexity of the problem [16].
More specifically, the method presented in [17] has been implemented for only one agent and
does not consider branches of the structure, an issue that have been considered in the proposed
approach in this article. In the proposed framework, the a priori coverage path is divided and
assigned to each agent based on the infrastructure architectural characteristics. Furthermore,
to guarantee a full coverage and 3D reconstruction, the introduced path planning for each
agent creates an overlapping visual inspection area that will enable the off-line cooperative
reconstruction. In the novel established C-CPP scheme, the introduced algorithm takes into
account the non-convex structure and identifies its branches. The algorithm, additionally to
the position references, provides yaw references for each agent to assure a field of view, directed
towards the structure surface.

The second major contribution stems from the direct demonstration of the applicability and
feasibility of the overall novel C-CPP scheme for both indoors (simple structure) and outdoors
(complex structure) by multiple aerial agents for reducing the inspection time in extended
experimental trials. This demonstration has significant novelty and impact as an enabler for
a continuation of research efforts towards the real-life aerial cooperative inspection of aging
infrastructure, a concept that has never been presented before, to the authors best knowledge,
outdoors and with a real infrastructure as a test case.

In the outdoor demonstrations, a case depicted in Figure 1 is considered, where the collabo-
rative inspection UAVs have been autonomously operated based on odometry information from
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visual and inertial sensor fusion and without any other support on localization (e.g. motion
capturing system), which adds complexity and highlights the impact of the acquired results.
In this real-life application scenario, the image and pose data on board the UAV were post

Figure 1: Hexacopter during outdoors coverage task.

processed to build a 3D representation of the structure.
The rest of the article is structured as follows. The proposed C-CPP method is presented in

Section 4, which is followed by a brief description of the 3D reconstruction part from multiple
agents in Section 3. In Section 4 multiple simulation and experimental results are presented
that prove the efficiency of the established scheme. Finally, the article is concluded in Section 5.

2 Coverage Path Planning of 3D Maps

For the establishment of the C-CPP, initially the general case of a robot equipped with a
limited Field of View (FOV) sensor was considered, determined by an aperture angle α and a
maximum range rmax, as depicted in Figure 2. Furthermore, Ω ∈ R+ is the user-defined offset
distance (Ω < rmax), from the infrastructure’s target surface and Δλ is the distance between
each slice plane. Δλ is equal to Ω

2
tanα/2 based on Figure 2. In order to guarantee overlapping,

the parameter β ∈ [1,+∞) was introduced and substituted in Δλ formulation that resulted
to Δλ = Ω

β
tanα/2, where β represents the ratio of overlapping. This means that in the case

where β = 1, it results in a minimum overlapping and when β → +∞, it reaches the maximum
overlapping between each slice.

The proposed C-CPP method operates off line and it assumes that the 3D shape of the
infrastructure is known a priori. The execution of the proposed cooperative inspection scheme is
characterized by the following six steps: 1) slicing and intersection, 2) clustering, 3) adding offset
from the infrastructure’s surface, 4) path assignment for each UAV, 5) trajectory generation,
and 6) online collision avoidance. This algorithmic approach is depicted in Figure 3. It should
be noted that this scheme has extended the approaches presented in [12] and [17] to multiple
robots. Additionally, it should be highlighted that the main scope of the paper is not to find
the optimal path but rather to solve the problem of cooperative coverage under geometric
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Figure 2: UAV based FOV (regenerated from [7]).

Figure 3: Block Diagram of the overall proposed C-CPP scheme.
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approaches. This problem could be formulated as a Mixed-Integer nonlinear programming one
that has been already studied in the literature and it is well known as the Multiple Traveling
Salesman problem. This is an Non-deterministic Polynomial-time hardness (NP-hard) problem,
where the complexity is exponentially increased by the number of cities/points. Thus, solving
the complete problem is non-feasible and is not studied in this article.

2.1 Slicing and Intersection

The 3D map of the infrastructure is provided as a set S with a finite collection of points, denoted
as S = {pi}, where i ∈ N and pi = [xi, yi, zi]

� ∈ R3. To be more specific, S represents a point
cloud of the 3D object under inspection, where the points pi, i ∈ N, are defined by x, y and z
coordinates and can be extracted from CAD or a 3D model of the structure. Additionally, in the
concept of aerial inspection and based on all the use case scenarios that have been examined,
there is always a practical way in approaching an infrastructure with a simpler geometrical
3D shape. This assumption can be applied to almost all man-made structures without loss of
generality, while the dimensions of this 3D shape simplistic approach can be realized based on
in situ simple measurements or by blueprints. As it will be presented in the reconstruction
results, the initial assumption of the 3D shapes is needed only for the determination of the
path planning, while the final reconstructed results and point clouds have the required quality
for creating a detailed and dense reconstruction. Thus, in the field of aerial inspection, even
in the case that a detailed 3D model of the structure is provided, the structure model can be
further simplified in order to assist the generation of the flight paths for the UAVs.
As an illustrative example, in the complicated case of a wind turbine, the structure could be
modeled by five different cylinder shapes for the tower, the hub and the three blades. This
geometrical assumption does not reduce the generality of the geometric approach; at the same
time it can be indirectly utilized as a means to create flying paths with an inherent level of
safety for avoiding collisions with the infrastructure.

The map S is then sliced by multiple horizontal planes, defined as λi, with i ∈ N. The value
of λi started from minz S(x, y, z) +Δλ and ended with maxzS(x, y, z)−Δλ, thus in this case,
the horizontal plane translates vertically along the z-axis, while increasing the distance from
the current slice, until reaching the maximum value. The intersection between the 3D shape
and the slice can be calculated as follows:

Σi = {(x, y, z) ∈ R3 :< �n,S(x, y, z) > −λi = 0} (1)

where Σi(x, y, z) are the points of the intersection of the plane, S, �n ∈ R3 is the vector
perpendicular to the plane, λi defines the location of the plane and < ., . > is the inner
product operation. In the examined case, for simplicity the planes are chosen to be horizontal
�n = [0, 0, 1]�. The slicing and intersection scheme is presented in Algorithm 3, while the overall
concept is depicted in Figure 4.

2.2 Clustering

In the case of convex infrastructures, there is at most one cluster of points in any slice, while
for complex structures there will be more than one clusters in each slice. A cluster is defined by
the number of branches of the structure e.g. Figure 5 shows the intersection points Σi(x, y, z)
of the non-convex object with multiple branches in 2D which results in a maximum of 3 clusters
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Algorithm 3 Slicing and Intersection

Require: Points of 3D shape S(x, y, z), Δλ
1: λ = minzS(x, y, z) + Δλ
2: while λi ≤ maxzS(x, y, z) do
3: Σi = {(x, y, z) ∈ R3 :< �n,S(x, y, z) > −λi = 0}
4: Clustering() ; see Section 2.2
5: λi+1 = λi +Δλ
6: end while

Figure 4: Concept of plane slicing and intersection points.

in λi−k. The set of points in Σi(x, y, z) (as obtained from Algorithm 3) is multi-modal. Thus,
in order to complete the overall C-CPP task, it is critical to recognize the number of clusters
and group the data elements (via clustering) for further task assignments of the agents.

Figure 5: Intersection points of non-convex object with multiple branches.

Number of clusters

Clusters in Σi(x, y, z) are defined through connectivity by calculating the number of paths that
exist between each pair of points. For some points to belong to the same cluster, they should
be highly connected to each other. As shown in Figure 5 they can be connected based on their
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distances. In order to obtain the number of clusters, graph theory [18] will be utilized, thus
initially the adjacency matrix A is generated. The adjacency matrix A is formed based on
the euclidean distance ||d|| of the points. If the distance of two points is less than dmin, then
the points are connected. Moreover, for selecting the value of dmin, the size of the agent is
considered; if the agent cannot pass through two points, they are assumed to be connected.
In the next step, the degree matrix D(a, b) is generated, which is the diagonal matrix and
the elements of the diagonal D(a, a) show the number of connected points to the ath point.
Later on, the Laplacian matrix L is calculated from the subtraction of the adjacency matrix
and the degree matrix A − D. Finally, the eigenvalues of L are calculated. The number of
zero eigenvalue corresponds to the number of the connected graphs. The detailed process is
presented in Algorithm 4.

Algorithm 4 Number of clusters

Require: Σi(x, y, z), dmin

1:

2: for a , b ∈ Σi do ;a,b are two pairs of points
3: ||d|| =√

(xa − xb)2 + (ya − yb)2

4:

5: if d < dmin then
6: A(a, b) = 1
7: end if
8: end for

9: D(a, b) =

{
# of ones in athrow ofA a == b

0 a �= b

10: L = A−D; Laplacian matrix
11: E = eig(L); eigen values of Laplacian matrix
12: k=# of E == 0; Number of clusters

Graph Clustering

The existing global clustering approaches are capable of dealing with up to a few million points
on sparse graphs [19]. More specifically, in global clustering, each point of the input graph is
assigned to a cluster in the output of the method. Mixed Integer Programming (MIP) clustering
and K-means clustering approaches can be used as a global method for graph clustering.

In general, the K-means method’s objective function can be solved in different approaches,
while in this article the minimization of the point’s distance to the center of the k clusters
is considered. This formulation can be solved by different optimization algorithms, such as
sequential quadratic programming [20] or MIP [21]. An alternative approach to this problem
is to formulate the optimization problem as a minimization of the diameter of the clusters
and solve it by MIP [22] or Brunch-and-Bound algorithms [23, 24]. Each method has its own
pros and cons that have been presented extensively in the relevant literature, e.g. in [19]
where it has been presented that explicit optimization techniques such as MIP or Branch and
bound (BnB) algorithms can be used for reducing the necessary enumerations, but even with
such savings, global searches remain impractical due to the fact that they are computationally
expensive and complete enumeration of every possible partition is not possible [25]. On the
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other hand, K-means algorithm can scan a large data set once and produces a clustering using
small memory buffers and thus it has been selected in the presented approach. In general the
clustering approach is a unique problem itself and it will not be considered in details in this
article, however K-means and MIP diameter clustering methods are studied and compared.

The challenge in using clustering algorithms is to determine the number of the clusters in a
data set (Algorithm 4). The K-means clustering algorithm is used with a priori knowledge of the
number of clusters k. The K-means clustering [26] is a combinatorial optimization problem that
assigns m sets to exactly one of k (k < m) clusters, while minimizing the sum of the distances
of each point in the cluster to its respective center. The utilization of the cluster algorithm
can categorize the points, independently of the order of them or the direction of slicing to the
object, while providing the center of each cluster, which is utilized for the calculation of the
reference yaw angle for the agents. The algorithm is presented in 5.

Algorithm 5 K-means

Require: Σi(x, y, z), k
1: Choose k initial cluster centers Ci.

2: Calculate min
Σi

k∑
i=1

∑
Σi

||[x, y, z]� − Ci||
3: Assign points to the closest cluster center.
4: Obtain knew centers by computing the average of the points in each cluster
5: Repeat lines 2 to 4 until cluster assignments do not change

Moreover, in the MIP diameter clustering method, the objective function is to minimize the
maximum diameter of the generated clusters with the goal of obtaining compact clusters. This
criterion was previously studied in [22]. It is assumed that the number of desired k clusters
is known from Section 2.2, while the mathematical formulation of the model MIP diameter, is
provided in the following Equation (2a).

min Dmax (2a)

s.t. Dc > dijxicxjc ∀i, j = 1, . . . , n, c = 1, . . . , k (2b)

c=k∑
c=1

xic = 1 (2c)

Dmax ≥ Dc ∀c = 1, ..., k (2d)

xic ∈ {0, 1} ∀i = 1, . . . , n, c = 1, . . . , k (2e)

Dc ≥ 0 ∀c = 1, . . . , k (2f)

where Dc is the diameter of the cluster c, Dmax is the maximum diameter among the generated
clusters, dij is the distance between two points, n is the total number of points, xic is the
binary decision variable that represents the assignment to a particular cluster, and equals 1
if i is assigned to c and 0 otherwise. Equation (2b) ensures that the diameter of cluster c is
allowed to be at least the maximum distance between any two data points in cluster c, while
Equation (2c) guarantees that each point is assigned to only one cluster and Equation (2d) sets
the variable Dmax equal to the value of the maximum diameter. The optimization has kn binary
variables and k + 1 continuous variables. As it is suggested in [22], a MIP CPLEX solver [27]
and a heuristic approach is used to solve the problem. In Figure 6, a dataset is presented where
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the global optimal solution for a clustering is known a priori. In each simulation a dataset
with different number of points n is studied and the corresponding performance of the MIP
clustering and K-means is compared. All the simulations have been performed in MATLAB
on a computer with an Intel Core i7-6600U CPU, 2.6GHz and 8GB RAM.
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Figure 6: Dataset for 4 clusters.

Furthermore, Figure 7 shows that the computational time of the MIP clustering method is
increasing exponentially with the number of points when compared to the K-means algorithm.
Thus, in this article, the K-means has been utilized, without loss of generality with an overall
aim for an online application of the proposed overall scheme and additionally, a case by case
comparison is presented in Section 4 with a corresponding discussion.
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Figure 7: Computation time of the MIP clustering method and the K-means compared to the
number of the points.

Convex Hull

It is important for the coverage algorithm that waypoints are not inside the object and guarantee
full surface inspection. In the case that the provided 3D model is not hollow, some waypoints
are located inside the object. These points are not reachable during coverage mission and
should not be considered. Therefore, a convex hull [28] algorithm is used to form the smallest
convex set that contains the points in R2. However, using the convex hull, without clustering
the point sets, results in a loss of some parts of the object in R2. Figure 8 depicts the result of
the convex hull before the generation of clustered point sets. In order to provide convex sets
without loss of generality the quickhull [28] algorithm is used 6.
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Figure 8: Convex hull example without clustering.

Algorithm 6 Quickhull for the convex hull in R2

Require: the set Clusteri of n points
function Quickhull
Find the points with minimum and maximum x coordinates pi = {(xmin, yi)}, pj =
{(xmax, yj)}.
Segment pipj divides the remaining (n− 2) points into 2 groups Gi and Gj

convexhull={pi, pj}
FINDHULL(Gi, pi, pj)
FINDHULL(Gj, pj, pi)
end function
function Findhull(Gk, pi, pj)

if Gk = {} then
Return

end if
Find the farthest point pf , from segment pipj
Add point pf to the convex hull at the location between pi and pj
Clusteri is divided into three subspaces by pi, pj, and pf .
convexhull=convexhull ∪{pf}
FINDHULL(Gi, pi, pf )
FINDHULL(Gj, pf , pj)
end function
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2.3 Adding Offset

In the proposed C-CPP scheme, the UAV should cover the offset surface, which has a fixed
distance Ω from the target surface, with the size of the agent also considered in Ω. A distance
that can be considered as a safety distance Ω is kept constant and it is continuously adapted
to the infrastructure’s characteristics. For a considered set of cluster C(x, y, z), its offset path
OP can be written as

OP (xj, yj, zj) = C(xj, yj, zj)± Ω�nj, (3)

where �nj is the normal vector at the jth point and ± presents the direction of the normal vector;
more details about the addition of the offset strategy can be found in [29]. Figure 9 shows some
examples in calculating OP ifor four different shapes of infrastructure, such as circular, square,
hexagonal and triangular. In each of these shapes, the desired offset path with Ω = 1m was
calculated, while in all the cases, the UAV flew parallel to the edges, with a constant distance
of Ω until the next vertex was reached and while keeping the Ω distance while flying to the
next edge.
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Figure 9: Example of adding offset to different shapes.

2.4 Path Assignment

For sharing the aerial infrastructure inspection to multiple UAVs, two different cases have been
considered; one where there is only one (m = 1) branch, and the other where there are multiple
branches (m > 1). In the first case, each agent should cover a part of the branch, while in the
case of two agents θa and θb have a difference of 180◦ for equal space between the points. In the
case of more than one branch, the UAVs should be equally distributed between the branches,
where the policy of assigning each agent to each branch is shown in Algorithm 7.

Algorithm 7 C-CPP based assignment of UAVs to branches policy

1: Assume to have n agents and m branches (n ≥ m).
2: if m == 1 then
3: All n agents go in the same slice.
4: end if
5: if m > 1 AND n > 1 then
6: n agent equally distributed.
7: end if
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2.5 Trajectory Generation

The resulting waypoints are then converted into position-velocity-yaw trajectories, which can
be directly provided to the utilized linear model predictive controller, cascaded [30] over an
attitude-thrust controller. This is done by taking into account the position controller’s sampling
time Ts and the desired velocity along the path �Vd. These trajectory points are obtained
by linear interpolation between the waypoints, in such a way that the distance between two
consecutive trajectory points equals the step size h = Ts||�Vd||. The velocities are then set
parallel to each waypoint segment and the yaw angles are also linearly interpolated with respect
to the position within the segment. The adopted trajectory generation that was used in the
experimental realization of the proposed C-CPP is depicted in Figure 10 with ||�Vd|| = 0.5m/s
and Ts = 1 s.
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Figure 10: Example application of the proposed waypoint-to-trajectory conversion algorithm.

2.6 Collision Avoidance

In order to avoid collisions, the following method is used to guarantee the maximum distance
between the UAVs. Assuming n agents and a set of points Pi(x, y, z) ⊂ Σi(x, y, z) assigned for
ith agent, the following optimization problem is solved sequentially for each agent to find the
points with a safety distance with respect to the other agents and the minimum distance to
the current position of the agent (Equation (4)). The collision avoidance scheme that will be
described later has been performed under the following assumptions: 1) the Ω is large enough
to avoid the collision of agents to the object, 2) the distance between the branches of the object
is more than the safety distance ds so the agents in separate branches cannot collide, and 3)
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entering and leaving of the agents, for each cluster, is a collision free path.

min
pi

||pi − p∗i ||
||�dj|| > ds

pi(xj, yj, zj) ∈ Pi

j ≥ 2

(4)

where pi is the current position, p∗i is the future position of the ith agent, ||�di|| contains the
distances of the ith agent from the rest of the agents.
The above optimization is an Integer Linear Programming problem, as the optimization pro-
cedure should find the (xj, yj) ∈ Pi for each agent in order to minimizes the distance of the
waypoints, guaranteeing collision free paths for each agent. The overall algorithm is also pre-
sented in 8, where the operator “\” denotes the relative complement calculation and is defined
as follows:

Pi \ pi = {(x, y, z) ∈ Pi| (x, y, z) �∈ pi} (5)

Algorithm 8 Collision avoidance between agent.

Require: pi,Pi(x, y, z), n, ds
1: for i = 2, . . . n do
2: Compute p∗i using (4)
3: pi ← p∗i
4: Pi ← Pi \ pi
5: end for

Moreover, when the agents have to change a branch, they may collide with the object as
the C-CPP only provides the initial point (xs, ys, zs) and the destination point (xd, yd, zd) for
moving the agent from one branch to another branch. Thus, in general, it is possible that the
intermediate points in this path are closer than the safety distance or inside the object. For
avoiding these cases, the line is produced by connecting the initial point and destination. If
the points of the line L(x, y, z) are closer than the safety distance dso to the object, an offset
value dof is added until the distance is larger than the safety distance (Algorithm 9). The
direction of adding the safety distance corresponds to the center of the cluster as calculated in
(Section 2.3).

3 Multiple agent Visual Inspection

As stated, the C-CPP method is targeting the case of autonomous cooperative inspection
by multiple aerial UAVs. Each aerial platform is equipped with a camera to record image
streams and provide a 3D reconstruction of the infrastructure. More specifically, two main
approaches have been considered to obtain the 3D model of the infrastructure, using either
stereo or monocular camera mapping. In both cases the aim is to merge the processed data
from multiple agents into a global representation. The selection between these two approaches
depends mainly on the application’s needs and the object’s structure. The perception of depth
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Algorithm 9 Collision avoidance to the object.

Require: initial point=(xs, ys, zs) and destination point=(xd, yd, zd)
1: L(x, y, z) = x−xs

xd−xs =
y−ys
yd−ys =

z−zs
zd−zs

2: for (xa, ya, za) ∈ L(x, y, z) do
3: ||d|| =√

(xa − xb)2 + (ya − yb)2 + (za − zb)2

4: where (xb, yb, zb) ∈ S(x, y, z)
5: if ||d|| < dso then
6: flag=1
7: else
8: Do NOTHING
9: end if
10: end for
11: if flag==1 then
12: Add offset value dof to (xs, ys, zs) and (xd, yd, zd) → (x′s, y

′
s, z

′
s) and (x′d, y

′
d, z

′
d)

13: L(x, y, z) = x−x′s
x′d−x′s

= y−y′s
y′d−y′s

= z−z′s
z′d−z′s

14: go to line 2
15: end if

using stereo cameras is bounded by the stereo baseline, essentially reducing the configuration
to monocular at far ranges. For the monocular case, the employed Structure from Motion
(SfM) approach, that provides a 3D reconstruction and camera poses using different camera
viewpoints, induces the need to solve a large optimization problem. In this article however,
both methods were used as a proof of concept and will be presented in Section 4.

3.1 Stereo Mapping

Generally, in the stereo visual mapping case, each robot provides an estimate of its pose and
a reconstruction of the environment in its local coordinate frame. In the developed case the
agents localize themselves in the coordinate frame of the global localization system (e.g. motion
capture system) and integrate this odometry information in the stereo SLAM [31] algorithm.
All the generated pointclouds, from the individual agents, are expressed in the coordinate
frame. In the case of n agents, each agent covers a specific area around the object of interest,
reconstructing a unique map. Thereafter, each of the n created maps are merged through
the Iterative Closest Point (ICP) [32] algorithm to form a global representation of the whole
structure. This technique takes two point sets as inputs, Ξ and Z (Algorithm 10) and calculates
the 3D transform τ that expresses the relative pose between them, using a set of filtered
corresponding points f(Ξ) and f(Z). The transform is estimated by minimizing the error
Eer =

∑N
j=1 (‖τ(ξj)− ζi‖2). Then, τ is applied to align the point sets in a common frame.

The output is a global point set M that represents the 3D reconstruction of the whole scene.
Thus, it is important that the agents cover a common part of the scene in order to align the
individual maps. The process is performed off-line.

The basis for the 3D reconstruction is a state of the art stereo mapping algorithm known
as RTABMap [33] SLAM. This algorithm is suitable for large scale operations and fits well for
complex structure mapping. More specifically, RTABMap is an appearance based Localization
and Mapping algorithm that consists of three parts: the visual odometry, the loop closure
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detection, and the graph optimization part.
Initially, the algorithm identifies features in images and builds a visual word vocabulary [34]

for loop closure processing. This process is used to determine if a new image location has been
previously visited. Then, the next step is to project the feature locations from the image to
3D using the depth measurements, through a filtering step to remove outliers. If features are
identified in previous frames, the frame is added as a node in the pose graph, while a Bayesian
filter keeps track of the loop closure cases. When loop closure is identified, the image location
is added in the graph that holds the map M i. Finally, pose graph optimization and Bundle
Adjustment are performed to refine the estimated location. The aforementioned process is
described in Algorithm 10.

Algorithm 10 Stereo 3D reconstruction

1: function ICP frame alignment
2: Map 1 point set Ξ = ξ1, ξ2, ξ3, · · · , ξN
3: Map 2 point set Z = ζ1, ζ2, ζ3, · · · , ζN
4: Extract point features (Ξ) → f(Ξ)
5: Extract point features (Z) → f(Z)
6: Match f(Ξ) and f(Z)
7: Filter false matches and remove outliers
8: min

τ
Eer =

∑n
j=1 (‖τ(ξj)− ζi‖2)

9: Apply transform τ and align point sets
10: end function
11: function Visual SLAM
12: Frame location initialization (Feature Detection, Visual word vocabulary)
13: Loop closure detection
14: Frame location to pose graph
15: Pose graph optimization
16: Pointcloud with corresponding pose → M
17: end function

Assume to have n agents
18: for agent i do
19: Visual SLAM → M i ; 3D map generated for each agent
20: end for
21: Merge Maps
22: for i : 1 : #maps do
23: ICP FRAME ALIGNMENT(M i)→ global map M ; Agents with common scene coverage
24: end for

3.2 Monocular Mapping

In the monocular mapping case, the incremental Structure from Motion (SfM) [35, 36] tech-
nique is used to build a reconstruction of the object under inspection. While the aerial agents
follow their assigned path around the object of interest, the image streams from the monocular
cameras of the agents are stored in a database. In the SfM process, different camera viewpoints
are used off-line to reconstruct the 3D structure. The process starts with the correspondence
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search step, which identifies overlapping scene parts among input images. During this stage,
feature extraction and algorithm matching between frames is performed to extract information
about image scene coverage. Following this, the geometric verification using the epipolar geom-
etry [37] to remove false matches takes place. In this approach, it is crucial to select an initial
image pair I1 and I2 with enough parallax to perform two-view reconstruction, before incre-
mentally registering new frames. Firstly, the algorithm recovers the sets of matched features f1
and f2 in both images. Next, it estimates the camera extrinsics for I1 and I2 using the 5-point
algorithm [38], decomposing the resulting Essential matrix Ees with Singular Value Decompo-
sition (SVD) and finally builds the projection matrices P i = [Ri|ti] that contain the estimated
rotation and translation for each frame. Then, using the relative pose information, the iden-
tified features are triangulated to recover their 3D position X3D. Afterwards, the two-frame
Bundle Adjustment refines the initial set of 3D points, minimizing the reprojection error. After
this initialization step, the remaining images are incrementally registered in the current camera
and point sets. More specifically, the frames that capture the largest amount of the recovered
3D points are processed by the Perspective-n-Point (PnP) [39]. This algorithm uses 2D feature
correspondences to 3D points to extract their pose. Furthermore, the newly registered images
will extend the existing set of the 3D scene (X3D) using multi-view triangulation. Finally, a
global Bundle Adjustment is performed on the entire model to correct drifts in the process.
The aforementioned process is described in the algorithm 11. During the coverage tasks, the
agents fly autonomously based on visual inertial odometry (Section 4). The absolute scale of
the reconstructed object can be recovered by combining full-pose annotated images from the
on-board localization of the camera.

Algorithm 11 Monocular 3D reconstruction

1: function Two-View Reconstruction
2: Detect features (f1, f2) in frames (I1, I2)
3: Match f1 and f2 between I1 and I2

4: Remove false matches → inlier matches (f̂1, f̂2) ; Geometric Verification
5: 5-point(I1, I2,f1, f2) → Es ; Essential Matrix
6: SVD(Es) → R, t ; Relative Camera Pose
7: Projection matrices P 1,P 2 → P 1 = [I|0], P 2 = [R|t] Triangulate(I1, I2,f1, f2,P 1,P 2) →

X3D ; 3D points
8: Bundle Adjustment(f1, f2,P 1,P 2,X

3D)
9: end function
10: Import initial pair I1, I2

11: TWO-VIEW RECONSTRUCTION(I1, I2,X
3D)

12: for i : 1 : #frames do
13: Import new camera frame Ii
14: PnP(I i,X

3D) → P i ; ith projection matrix, new frame registered
15: Multi-view Triangulation →X3D

new = X3D,X3D
i,k ; Augment existing 3D structure.

16: Bundle adjustment(fi, P i,X
3D
new)

17: end for
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4 Results

4.1 Experimental Setup

The proposed method has been evaluated with the utilization of the Ascending Technologies
NEO hexacopter, depicted in Figure 1. The platform has a diameter of 0.59m and height of
0.24m. The length of each propeller is 0.28m as depicted in Figure 1. This platform is capable
of providing a flight time of 26min, which can reach a maximun airspeed of 15m/s and a
maximum climb rate of 8m/s, with maximum payload capacity up to 2 kg. It has an on-board
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 applications [40]. Additionally, multiple external sensory
systems (e.g. cameras, laser scanners, etc.) can be operated in this setup. Regarding the on-

Figure 11: AscTec NEO platform with the VI sensor attached.

board sensory system, the Visual-Inertial (VI) sensor (weight of 0.117 kg Figure 1) developed
by Skybotix AG is attached below the hexacopter with a 45 ◦ tilt from the horizontal plane.
The VI sensor is a monochrome global shutter stereo camera with 78 ◦ FOV, housing an Inertial
Measurement Unit (IMU). Both the cameras and the IMU [41] are tightly aligned and hardware
synchronized. The camera was operated in 20 fps with a resolution of 752x480 pixels, while the
depth range of the stereo camera lies between 0.4 and 6m.

The proposed C-CPP method, established in Section 4, has been entirely implemented in
MATLAB. The inputs for the method are a 3D approximate model of the object of interest
and specific parameters, which are the number of agents n, the offset distance from the object
Ω, the FOV of the camera α, the desired velocity of the aerial robot Vd and the position
controller sampling time Ts. The generated paths are sent to the NEO platforms through the
ROS framework.

The platform contains three main components to provide autonomous flight: a visual-inertial
odometry, a Multi-Sensor-Fusion Extended Kalman Filter (MSF-EKF) [42] and a linear Model
Predictive Control (MPC) position controller [30,43,44]. The visual-inertial odometry is based
on the Robust Visual Inertial Odometry (Rovio) [45] algorithm for the pose estimation. It
consists of an EKF filter that uses inertial measurements from the VI IMU (accelerometer and
gyroscope) during the state propagation and the visual information is utilized during the filter
correction step. The outcome of the visual inertial odometry is the position-orientation (pose)
and the velocity (twist) of the aerial robot. Afterwards, the MSF-EKF component fuses the
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Figure 12: Software and hardware components used for conducting inspections.

obtained pose information and the NEO IMU measurements. This consists of an error state
Kalman filter, based on inertial odometry, performing sensor fusion as a generic software pack-
age, while it has the unique feature of being able to handle delayed and multi-rate measurements
while staying within computational bounds. The linear MPC position controller [44] generates
attitude and thrust references for the NEO predefined low level attitude controller. In Figure 13
the components of the controller are shown. Positions, 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. Details about the
controller scheme and parameters’ tuning can be found in [44].

Figure 13: Controller scheme for NEO (regenerated from [44]).

The image stream from the overall experiment is processed using the method described in
Section 3, while the overall schematic of the experimental setup is presented in Figure 2.
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4.2 Simulation and Experimental Evaluation

In this section, simulation and experimental results are presented to prove the concept of the
proposed method. In the following cases the offset distance Ω from the inspection objects is
2m in simulation, and 1m and 3m in indoor and outdoor experimental trials, respectively.

Initially, in order to evaluate the performance of the method, a wind turbine, a 3D complex
structure with multiple branches, is selected for simulation purposes. The tower diameter is 4m
at the base, 1m at the top and its height is 40m. The blade length is 27m with Cord length
at the root of 2m, cord length at the tip of 0.2m and the volume of the hub and nacelle are
4× 5× 4m3. In Figure 14 the paths, which are generated for one, two and three UAVs for the
cooperative aerial inspection, are depicted. This structure has up to three branches as depicted
in Figure 15, which can be recognized by the C-CPP. More specifically, the tower is considered
to have one branch (green) until the height that two blades virtually intersect the horizontal
plane of the tower. From that point, the structure is considered to have three branches (red),
which are the two blades and the remaining part of the tower. Finally the nacelle and the
third blade of the structure are considered as one branch (blue). In Figure ( 14 left), the whole
structure is covered by one agent, while in the case of more than one agents (middle and right),
the branches are assigned to each agent and in the case of a single branch, the area is shared
between multiple agents. As a result, the inspection time is significantly reduced as presented
in Table 1.

Table 1: Inspection time for windmill inspection.

Number of agents 1 2 3

Inspection time [min] 24.86 17.63 11.36

Due to the lack of texture in the simulation, the quality of the reconstruction result from
the recorded data is low and is therefore not included and more emphasis will be placed to the
real-life experimental trials.

Figure 16 presents the yaw references, which have been provided for each agent in different
scenarios. As the number of agents increases, the coverage task is completed faster thus the
yaw changes more frequently, as is indicated by the provided simulation results.

To demonstrate the applicability of the method, two inspection scenarios have been per-
formed. For the first scenario, an indoor artificial substructure was assembled as depicted in
Figure 17. The structure consisted of 6 boxes with dimensions of 0.57×0.4×0.3m with unique
patterns and without any branches. In this case, two aerial agents were assigned to cover the
structure. In these experiments, the Vicon Motion-capture (Mo-cap) system was used for the
precise object localization. This information was utilized by the NEO for the autonomous
flight. After the end of the experiment, the pose data from the Mo-cap system and the stereo
stream were used by the mapping algorithm. The actual and the reconstructed structures are
depicted in Figure 17.

Furthermore, Figure 18 presents the actual and reference trajectories that the two agents
followed. Moreover, the Mean Absolute Error (MAE) is summarized in the following table 2.

Additionally, the starting position of each has 180 ◦ difference and the agents completed
the mission in 166 s instead of 327 s. The average velocity along the path was 0.2m/s and the
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Figure 14: Generated path for different scenarios.

g

Figure 15: Wind turbine with identified branches.

Table 2: Mean Absolute Error (MAE) of the trajectory followed by first and second agents for
the indoor experiment.

MAE x [m] y [m] z [m]

1st agent 0.02 0.02 0.05

2nd agent 0.03 0.02 0.06
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Figure 16: Yaw references for each scenario.

Figure 17: On the left is the simple indoor structure to be reconstructed and, on the right, the
cooperative pointcloud of the structure.
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Figure 18: Trajectories which are followed in indoor experiment.
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points were fed to the agents in such a way as to guarantee the maximum distance and avoid
collision.

To retrieve the 3D mesh of the structure, the Autodesk ReCap 360 was used [46]. ReCap
360 is an online photogrammetry software suited for accurate 3D modeling. The reconstructed
surface obtained from the image data is shown in Figure 19.

Figure 19: Cooperative 3D mesh of the indoor structure.

To evaluate the performance of the method for a real autonomous inspection task, an
outdoor experiment was conducted. For this purpose the Lule̊a University’s campus fountain
was selected to represent the actual infrastructure for the cooperative aerial inspection. The
fountain has a radius of 2.8m and height of 10.1m without branches. Since in the outdoor
experiments, motion capturing systems are rarely available, the localization of the UAV relied
only on the on-board sensory system, in order to achieve a fully autonomous flight. Thus, the
UAVs followed the assigned paths with complete on-board execution, based on visual inertial
odometry localization. The actual and reference trajectories followed by both platforms are
depicted in Figure 3, while the MAE is provided in the Table 3.

Figure 20: Trajectories which are followed in outdoor experiment.

For the reconstruction, the image streams from both aerial agents were combined and pro-
cessed by the SfM algorithm as described in Section 3. The fountain and its sparse 3D model
are presented in Figure 4.
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Table 3: Mean Absolute Error (MAE) of the trajectory followed by first and second agents for
the outdoor experiment.

MAE x [m] y [m] z [m]

1st agent 0.19 0.21 0.29

2nd agent 0.21 0.23 0.31

Figure 21: On the left is the Lule̊a University’s outdoor fountain, and, on the right, the coop-
erative pointcloud of the structure with estimated flight trajectories.
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In the proposed experiment the same strategy as the indoor experiment is followed for two
agents. The starting position of each of them has the maximum of distance with 180 ◦ difference.
The overall flight time is reduced from 370 s to 189 s and the average velocity along the path was
0.5m/s. The sparse reconstruction provided in Figure 4 cannot be used for inspection tasks,
since it lacks texture information and contains noise. Similarly to the indoor experiment, the
reconstructed surface obtained from image data is shown in Figure 5. The results show that
the collaborative scheme of the path planner could be successfully integrated for automating
inspection tasks (https://youtu.be/IUfCrDHL-Dc).

Figure 22: Cooperative 3D mesh of the outdoor structure.

4.3 Quantification of the Design Choices

In this article, three different inspection scenarios were studied: Case 1) simulation results
from a wind turbine inspection, Case 2) an inspection of artificial indoor structure, and Case
3) a real-world outdoor infrastructure inspection. In all the cases there have been multiple
limitations and challenges. The initial a priori information for enabling the aerial inspection
of infrastructure needed is to have a 3D model of the structure. In cases that a non-detailed
information can be obtained (e.g. blueprint or CAD model), as has been presented, the infras-
tructure can be approached by connected simple geometrical shapes without a loss of generality.
For all these experimental test cases and from a practical point of view there are multiple lim-
itations mainly due to: 1) the experimental setup and 2) the surrounding environment. The
limitations in the experimental setup are mainly related to the utilized hardware and soft-
ware that can directly affect the inspection mission. In the proposed experiment the following
components are critical for the successful mission: 1) localization, 2) control configuration, 3)
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visual processing and 4) flight time. Additionally, from a practical perspective, important fac-
tors that influence the aerial coverage task in field trials are the heavy wind gusts (e.g. near
wind turbines) that distort the followed path, direct sunlight that immediately degrades the
performance of the vision algorithms, and increased humidity levels and low temperatures that
cause malfunctions in the platform electronics. Finally the need for a complete no rain environ-
ment and temperatures above +4C should be highlighted. Except for these limitation factors,
later, the available design choices and the corresponding effect on the results will be discussed.
Safety distance: the safety distance between the agents and the infrastructure is a critical factor
for the experiment, as this selection directly affects the safety of the mission and the overall
quality of the obtained images. For safety reasons and collision avoidance, it is preferable to
have a proper safety margin from the structure. This margin can provide enough time for the
safety pilot to avoid collisions in case of an accident. Additionally, the larger value of the Ω
results in a larger camera footprint area. This has a direct effect on creating shorter paths for
the UAVs that are now capable of covering bigger areas. However, the larger the value for Ω
is, the more the quality of the images is reduced. This can be overcome by utilizing better
cameras with a higher resolution. In the case of the indoor experiment, the safety distance was
set to 1 m, as the flying area was limited, while in the outdoor experiment the Ω was set as
3 m, as there are extra disturbances to the system (such as wind gust) and the localization
system was accurate in a few centimeters.
Field of view: this parameter is dependent on the hardware that will be used in the experiment
and in most cases it is considered and modeled as a constant. This value directly affects the
camera footprint. To be more specific, the larger the FOV value is, the larger the camera
footprint area becomes. However, the FOV and the camera resolution has a direct impact on
the image quality. In this article a camera with a visual sensor with a 78 ◦ FOV was used.
Number of agents: the number of agents has a direct relation to the size of the structure and
the flight time of the platform. For example, in the case of the wind turbine inspection it
is almost impossible to do the inspection with one agent as the flight time is 25 min. Thus,
multiple agents are assigned for the inspection and the flight time is reduced to 12 min for each
agent in the case of three agents. From another point of view, the more the agents there, the
longer time the optimization algorithm takes for creating the multiple UAV paths.
Controller: In this article MPC is used as the position controller. There are multiple parame-
ters that can affect the performance of the control scheme such as: 1) weights of the objective
function terms, since the larger value of the weights are, the smaller the error in those terms
are. To be more specific, in the case of the position error in the objective function, a higher
weight results in a smaller positioning error, and 2) constraints: each platform has physical
constraints such as maximum velocity, maximum acceleration, bound on propellers velocities,
boundaries on angles, etc. During the experiments, it was observed that in the case of the
outdoor trials, mainly due to the existence of the wind gusts, the MPC should have larger
bounds on angles and thus these were changed from 15 ◦ to 45 ◦, which resulted in a better
path tracking and wind gust compensation. It should also be highlighted that the error in the
position and orientation may result in a different camera footprint area from the desired one,
with a direct impact on the quality of the achieved inspection and reconstruction.
Velocity of the agent: this parameter is selected based on the experiment and hardware setup.
The velocity of the agent should not be larger than the camera frames rate, which will result
in blurred images. Additionally, the velocity of the UAV should be higher than the wind gust
in order to compensate for it and due to safety reasons the velocity should be also reasonable
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for the safety pilot to be able to take control of the UAV in unpleasant scenarios. Thus, in this
article the velocity is chosen as 0.2m/s for thr indoors experiment and 0.5m/s for the outdoors
experiment.
Overlapping: Multi-view algorithms require the processing of the same surface, captured in mul-
tiple frames from different viewpoints, to provide a proper reconstruction. More specifically,
a substantial overlapping between frames is considered. The absolute minimum overlapping
required for each observed 3D point is only 2 frames. For increased robustness, practical im-
plementations consider at least 3 images. In the presented manuscript the generated paths in
the experimental trials considered at least 3 overlapping images for the reconstructed points.
Additionally, 40% overlapping between slices was chosen.
Number of features: The basis of the SfM algorithms is mainly the correspondence search
among frames. The correspondence step includes feature extraction (distinctive points in 2D
frame), feature matching and additional verification to filter out outliers. Generally, the feature
extraction step identifies a high number of features, e.g. 500, but they are decreased after the
matching and validation steps. Therefore, the number of inlier features in every frame is not
fixed and varies depending on the extraction algorithm, the occlusions, and the object geom-
etry. In the performed experimental trials, a mean value for every frame was around 200-300
features.
Camera frames: Multi-view algorithms can handle increased frame rates with proper view se-
lection, when considering the data capturing. For the indoors and outdoors experimental trials
the frame rate was fixed at 20 Hz. However, this parameter is highly connected with the image
resolution, where with a higher resolution the algorithms can reconstruct in more details, since
there exist fewer ambiguous matches in the captured frames. Generally, a higher resolution is
preferred over higher frame rates.
Clustering: as it has been discussed in Section 2.2, in addition to the K-means, the MIP clus-
tering was also investigated in the presented test cases. Thus, all the calculations, as stated
before, have been performed on a computer with an Intel Core i7-6600U CPU, 2.6GHz and
8GB RAM and were implemented in MATLAB. In each scenario, both methods were evaluated
and the computation time is provided in Table 4. In the first case the number of points in each
slice is between 500 and 8000, and the number of clusters is 1 or 3. The average computation
time for K-means was 0.2 s and the average computation time for the MIP clustering method
with CPLEX solver and heuristic approaches were 75 s and 80 s respectively. The computation
time of the MIP clustering method can be reduced further by increasing the processing power,
down sampling the structure, or utilizing different optimization solvers. In the second and third
cases there was only one branch and the number of points in each slice was between 60 and
150. Overall, the MIP clustering method provides a global solution but the computation power
is still the main restriction to real-life applications. However, if the utilization of MIP is not
causing problems in the realization of the proposed approach, this method could be utilized for
performing the necessary clustering.

5 Conclusions

This article addresses the C-CPP for the inspection of complex infrastructures by utilizing
multiple agents. The novelty of the proposed scheme stems from the establishment of an
overall framework for the path planning of multiple UAVs to solve the coverage problem in
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Table 4: Computation time for clustering methods in different scenarios.

Cases
K-means MIP CPLEX solver MIP heuristic approach

avg. max avg. max avg. max
1 0.2 s 0.45 s 75 s 100 s 80 s 170 s
2 0.10 s 0.24 s 2.4 s 3.4 s 5.3 s 16.2 s
3 0.14 s 0.32 s 3.5 s 4.2 s 6.6 s 18.1 s

complicated structures. A mathematical framework for solving the coverage problem by the
introduction of branches and safety distances in the algorithm has been established. The
established theoretical framework provides a path for accomplishing a full coverage of the
infrastructure, without simplification of the infrastructure (number of considered representation
points), in contrast to many existing approaches that simplify the infrastructure to an area of
interest and solve it by various optimization methods; methods that could not be applied
otherwise due to the inherent NP-hard complexity of the problem. In addition, this article
has demonstrated the direct applicability and feasibility of coverage by multiple UAVs in field
trials, while indicating the pros and cons when performing real life tests. This effort, integrated
and adapted fundamental principles from control, image processing, and computer science, in a
fully functional and efficient approach. Furthermore, the extended field trials, the comparison
with the indoor experiments and the sharing of knowledge during the field trials in the form
of lessons learned is another outcome of this work. From an application point of view, this
article has contributed in presenting a complete cooperative aerial coverage system that can be
directly applied in any kind of infrastructure, with the reported limitations.
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Nikolakopoulos

1 Introduction

The annual investments on the infrastructure sector represent a significant percentage of the
Gross Domestic Product (GDP) of developed and developing countries e.g. 3.9% of the GDP for
the old European states, 5.07% of the GDP for the new European states and 9% of the GDP for
China [1]. Towards these inspection tasks, a variety of methods and approaches are adopted to
address the challenges of infrastructure inspection, where as an example specialized personnel
performs visual inspection, nondestructive testing and maintenance tasks using scaffolds, roping
or even manned helicopters in order to obtain access to the sites of interest. According to the
Helicopter Association International and the “Utilities, Patrol and Construction Committee
(UPAC) for Safety Guide for Helicopter Operators, 2009” [2] thousands of flight hours are
accumulated each day conducting manned aerial work, in support of Utilities Infrastructure
(electricity, gas, water), as it is now well-understood that such aerial works bring down the cost
and time requirements.

In order to decrease the human life risk and to increase the performance of the overall proce-
dure, autonomous ground, aerial or maritime vehicles are employed for executing the inspection
tasks. As an example, for these applications it can be mentioned the power-line monitoring
using autonomous mobile robots [3], bridge inspection [4], boiler power-plant 3D reconstruc-
tion [5], urban structure coverage [6], forest fire inspection [7], aerial manipulation [8] using
UAVs, inspection of underwater structures in [9] by the utilization of autonomous underwater
vehicles and cooperative sensing [10]. In most of these scenarios, there is an a priori knowledge
about the infrastructure, while the 3D or 2D models are available or can be derived using CAD
software.

Unmanned Aerial Vehicles (UAVs) equipped with remote sensing instrumentation are emerg-
ing in the last years due to their mechanical simplicity, agility, stability and outstanding au-
tonomy in performing complex manoeuvres etc [11]. A variety of remote sensors such as visual
sensors, lasers, sonar, thermal, etc. could be mounted, while the acquired information from the
UAV’s mission can be analyzed and used to produce sparse or dense surface models, hazard
maps, investigate access issues, and other area characteristics. 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.

This article demonstrates the novelty of an aerial sensor for the inspection of complex 3D
structures with multiple agents. In this approach, the a priori coverage path is divided and
assigned to each agent, based on the infrastructure architectural characteristics in order to
reduce the inspection time. Furthermore, to guarantee a full coverage and a 3D reconstruction,
the introduced path planning for each agent creates an overlapping visual inspection area,
that will enable the off-line cooperative reconstruction. Based on the aforementioned state of
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the art, the major contribution stems from the direct demonstration of the applicability and
feasibility of the overall cooperative coverage and inspection scheme with the UAVs for outdoors
scenarios without the utilization of any external reference system, e.g. motion capture systems.
This demonstration has a significant novelty and impact as an enabler for a continuation of
research efforts towards the real-life aerial cooperative inspection of the aging infrastructure, a
concept that has never been presented before to the authors best knowledge, in outdoor and
with a real infrastructure as a test case. In the outdoors demonstrations, the UAVs have been
autonomously operated based on odometry information from visual and inertial sensor fusion
and without any other support on localization, which adds more complexity and impact on the
acquired results. The image and pose data on board the platform were post processed to build
a 3D representation of the structure.

The rest of the article is structured as follows. First a brief review on related works is
presented in Section 2. Then the general formulation of the problem is described in Section 3.
Later on, the proposed method is presented in Section 4, which follows with a brief description
on the 3D reconstruction from multiple agents. In Sections 5 and 4 the hardware for autonomous
navigation and multiple simulation and experimental results are presented respectively. Finally
the article concludes in Section 5.

2 Related Work

Navigation of multi-agent systems for infrastructure inspection, is an area of increasing interest
both from a research, as well as an application viewpoint. In recent years, multiple approaches
have been proposed regarding obstacle free path generation for robotic platforms. The appli-
cation of potential field-based methods has been explored [12], [13] as a promising research
direction for such algorithms. Coverage Path Planning (CPP) is the task of determining a
path that passes over all points of an area or volume of interest while avoiding obstacles [14].
The task of coverage is fundamental in many robotic applications, such as, visual inspection of
complex structure [15], painter robots [16], wall climbing robots for inspection [17], inspection
of complex underwater structures [18], vacuum cleaning robots [19], etc. In [14] a complete
survey was presented on CPP methods in 2D and 3D. This article is mainly focused on the
application of CPP in aerial robotics for infrastructure inspection, providing simultaneously
the required theoretical background.

The task of CPP has received significant attention over the last years in the different appli-
cation scenarios, however still there are limited CPP approaches in the case of aerial robotics
and fewer approaches that addressed coverage of 3D spaces [20]. Especially in the case that
the CPP concept is extended in the Collaborative approach (C-CPP), by the utilization of
multiple aerial agents, instead of a single one, the overall coverage time has the potential to
be dramatically reduced, while it can be achieved realistically by multiple UAVs, when taken
under consideration the flying times and the levels of autonomy. Thus, inspired by this vision,
the main objective of this article is to establish a C-CPP method that is based on an a priori
knowledge of the infrastructure (e.g. a CAD model) and it will have the ability to generate
proper way points by considering multiple agents, while ensuring full coverage and the overall
collision avoidance among the flying agents. As it will be presented, the proposed novel scheme
will create a sub-coverage path planning for cooperative inspection of the whole infrastructure,
while having the capability to detect branches of complicated infrastructures, which can be
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assigned to different agents. In the sequel, supplementary, 3D reconstruction routines can be
performed to provide an updated 3D mesh of the structure by using either the monocular or
the stereo cameras.

Towards the 3D CPP, Atkar et al. [16] presented an offline 3D CPP method for spray-
painting of automotive parts. Their method used a CAD model and the resulting CPP should
satisfy certain requirements for paint decomposition. In [21], the authors presented a CPP with
real time re-planning for inspection of 3D underwater structures, where the planning assumed
an a prior knowledge of a bathymetric map and they adapted their methodology for the case of
an autonomous underwater vehicle, while their overall approach was containing no branches.
The authors in [18] introduced a new algorithm for producing paths that cover complex 3D
environments. In this case, the algorithm was based on off-line sampling with the application
of autonomous ship hull inspection, while the presented algorithm was able to generate paths
for structures with unprecedented complexity.

In the area of aerial inspection, [6] presented a time-optimal UAV trajectory planning for
3D urban structure coverage. In this approach, initially the structures to be covered (buildings)
were simplified into hemispheres and cylinders and in a later stage the trajectories were planned
to cover these simple surfaces. In [22], the authors studied the problem of 3D CPP via viewpoint
re-sampling and tour optimization for aerial robots. More specifically, they presented a method
that supports the integration of multiple sensors with different fields of view and considered the
motion constraints on aerial robots. Moreover, in the area of multi-robot coverage for aer,ial
robotics in [23], a coverage algorithm with multiple UAVs for remote sensing in agriculture has
been proposed, where the target area was partitioned into k non-overlapping sub-tasks and in
order to avoid collision both different altitudes have been assigned to each UAV and security
zones were defined, where the vehicles are not allowed to enter.

3 Problem Statement

Multiple aerial robots will be employed and will address the problem of autonomous, complete,
and efficient execution of infrastructure inspection and maintenance operations. To facilitate
the necessary primitive functionalities, an inspection path-planner that can guide a team of
UAVs to efficiently and completely inspect a structure will be implemented. The collaborative
team of UAVs should be able to understand the area to be inspected, ensure complete coverage
and an accurate 3D reconstruction to accomplish complex infrastructure inspection. Relying on
the accurate state estimation as well as the dense reconstruction capabilities of the collaborative
aerial team, algorithms for the autonomous inspection planning should be designed to ensure
full coverage.

It should be highlighted that, this work is an extension of our preliminary work presented
in [24] which studied the problem formulation in 2D. Let assume Ω ⊂ R3 be a given region that
can have multi-connected components (complex structure), while we also consider the finite set

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

of cells
Ci =

{
(xi, yi, zi) ∈ R3 : (x, y, z) ∼ camera specification and position

}
. (2)

The placement of the cells Ci can be defined by the translation vector ui = (xi, yi, zi) and
orientation vector o = {φ, θ, ψi}, i ∈ In, while the set of translated and orientated cells Ci(ui, oi)
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is expressed by Λ(u, o), where u = {u1, u2, . . . , un} ∈ R3n and o = {o1, o2, . . . , on} ∈ R3n : 0 ≤
oi ≤ 2π.

The 3D polygonal

P (ui, oi, n) =
n⋃

i=1

Ci(ui, oi) (3)

represents the region covered by the union of the cells Ci, while Λ
∗ is a cover of Ω if there exist

a solution such that

Ω ⊂ P (ui, oi, n) =
⋃
i∈In

Ci(ui, oi) (4)

Moreover, several cases arise in the interaction between two cells Ci(ui, oi) and Cj(uj, oj) with
i �= j , ui = (xi, yi, zi), oi = (φi, θi, ψi) , uj = (xj, yj, zj) and oj = (φj, θj, ψj) , where mainly
determined by:

Ci(ui, oi) ∩ Cj(uj, oj) = ∅
Ci(ui, oi) ∩ Cj(uj, oj) �= ∅ (5)

Additionally the cases of Ci(ui, oi) ⊂ Cj(uj, oj) and Cj(uj, oj) ⊂ Ci(ui, oi) are not considered
when dealing with the coverage problem, because it is contrary to optimality of the path to
have a substantial overlapping for visual processing and cover the whole surface of the under
inspection object.

4 Methodology

Collaborative UAVs can be deployed, equipped with advanced environmental perception and
3D reconstruction, intelligent task planning, and multi-agent collaboration capabilities. Such
a team of UAVs should be capable of autonomously inspecting infrastructure facilities, while
this Section presents an experimental setup, towards multi-robot collaboration, path-planning,
localization, as well as cooperative environmental perception and reconstruction. Furthermore,
the mission-oriented planning algorithms will be integrated with the control and localization
components of the platform in outdoor environments. A major component that affects the
overall performance of the inspection task, is the Path planning strategy. In this work an
extended version of CPP is implemented in a collaborative manner (C-CPP) by the utilization
of multiple aerial agents, instead of a single one. The attributes of this approach are the full
coverage of a complex structure and the reduced mission time [25] for the overall coverage, by
considering the level of autonomy and flight times for each agent. A full reference on developed
C-CPP can be found in [15]

Briefly, the established C-CPPmethod is based on an a priori knowledge of the infrastructure
(e.g. a CAD model) and it has the ability to generate proper way points by considering multiple
agents, while ensuring collision avoidance among the flying agents. The implemented method
will create a sub-coverage path planning for cooperative inspection of the whole infrastructure,
while having the capability to detect branches of complicated infrastructures, which can be
assigned to different agents. In the sequel, supplementary, 3D reconstruction routines can
be performed to provide an updated 3D mesh of the structure by using various sensors, like
cameras or lidars. Additionally, the generated waypoints guarantee enough overlapping Field
of View in order to build the structure 3D model from the processed sensor data.
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The resulting waypoints are then converted into position-velocity-yaw trajectories, which
can be directly provided to the utilized linear model predictive controller cascaded [26] over
an attitude-thrust controller. This is done by taking into account the position controller’s
sampling time Ts and the desired velocity along the path �Vd. These trajectory points are
obtained by linear interpolation between the waypoints, in such a way that the distance between
two consecutive trajectory points equals the step size h = Ts||�Vd||. The velocities are then set
parallel to each waypoint segment and the yaw angles are also linearly interpolated with respect
to the position within the segment. The adopted trajectory generation that was used in the
experimental realization of the proposed C-CPP.

As stated throughout this article, the C-CPP method addresses the case of autonomous co-
operative inspection by multiple aerial UAVs. Each aerial platform is equipped with a camera
to record image streams and provide a 3D reconstruction of the infrastructure [11]. More specif-
ically, Monocular mapping is considered to obtain the 3D model of the infrastructure, while the
overall aim is to merge the processed data from multiple agents into a global representation.
Structure from Motion (SfM) approach is used to provide a 3D reconstruction. While, the
aerial agents follow their assigned path around the object of interest the image streams from
the monocular cameras of all agents are stored in a database.

The process starts with the correspondence search step, which identifies overlapping scene
parts among input images. During this stage, feature extraction and matching algorithms
between frames are performed to extract information about image scene coverage. Next, a
filtering step is implemented to remove outliers using epipolar geometry [27]. The algorithm
requires an initial image pair I1 and I2 with enough parallax as the starting point and then
to incrementally register new frames. Briefly, image matches are extracted and the camera
extrinsics for I1 and I2 using the 5-point algorithm [28]. Then projection matrices, including
the relative pose between frames, are estimated and used for triangulation of the detected image
points, to recover their 3D position X3D. Afterwards, the two-frame Bundle Adjustment refines
the initial set of 3D points minimizing the reprojection error.

The aforementioned process consist of the initialization step. The remaining images of the
dataset are incrementally registered in the current camera and point sets using Perspective-n-
Point (PnP) [29]. The newly extracted points are triangulated and are processed from a global
Bundle Adjustment to correct drifts in the process. The absolute scale of the reconstructed ob-
ject can be recovered by combining the full-pose annotated images from the onboard localization
of the camera systems.

5 Setup for Autonomous Navigation

The proposed method has been evaluated with the utilization of the Ascending Technologies
NEO hexacopter, depicted in Figure 1. The platform has a diameter of 0.59m and height
of 0.24m. The length of each propeller is 0.28m as depicted in Figure 1. This platform is
capable of providing a flight time of 26min, which can reach a maximun airspeed of 15m/s
and a maximum climb rate of 8m/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 Operatic System (ROS) installed. ROS is a collection of software
libraries and tools used for developing robotic applications [30]. Additionally, multiple external
sensory systems (e.g. cameras, laser scanners, etc.) can be operated in this setup. Regarding
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Figure 1: AscTec NEO platform with the VI sensor attached.

the onboard sensory system, the Visual-Inertial (VI) sensor (weight of 0.117 kg.) (Figure 1)
developed by Skybotix AG is attached below the hexacopter with a 45 ◦ tilt from the horizontal
plane. The VI sensor is a monochrome global shutter stereo camera with 78 ◦ FOV, housing
an Inertial Measurement Unit (IMU) [31]. Both cameras and IMU are tightly aligned and
hardware synchronized. The camera was operated in 20 fps with a resolution of 752x480 pixels,
while the depth range of the stereo camera lies between 0.4 and 6m.
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Figure 2: Software and hardware components used for conducting inspections.

The proposed C-CPP method, established in Section 4, has been entirely implemented in
MATLAB. The inputs for the method are a 3D approximate model of the object of interest
and specific parameters, which are the number of agents (n), the offset distance from the object
(Ω), the FOV of the camera (α), the desired velocity of the aerial robot (Vd) and the position
controller sampling time (Ts). The generated paths are sent to the NEO platforms through the
utilization of the ROS framework.

The platform contains three main components to provide autonomous flight, which are a
visual-inertial odometry, a Multi-Sensor-Fusion Extended Kalman Filter (MSF-EKF) [32] and
a linear Model Predictive Control (MPC) position controller [26, 33, 34]. The visual-inertial
odometry is based on the Robust Visual Inertial Odometry (Rovio) [35] algorithm for the
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pose estimation. It consists of an EKF filter that uses inertial measurements from the VI
IMU (accelerometer and gyroscope) during the state propagation and the visual information
is utilized during the filter correction step. The outcome of the visual inertial odometry are
the position-orientation (pose) and the velocity (twist) of the aerial robot. Afterwards, the
MSF-EKF component fuses the obtained pose information and the NEO IMU measurements.
This consists of an error state Kalman filter, based on inertial odometry, performing sensor
fusion as a generic software package, while it has the unique feature of being able to handle
delayed and multi-rate measurements, while staying withing computational bounds. The linear
MPC position controller [34] generates attitude and thrust references for the NEO predefined
low level attitude controller. The image stream from the overall experiment is processed using
the discussed method in Section 4, while the overall schematic of the experimental setup is
presented in Figure 2.

6 Experimental Results

To evaluate the performance of the method, in a real autonomous inspection task, an outdoors
experiment was conducted. For this purpose the Lule̊a University’s campus fountain has been
selected to represent the actual infrastructure for the cooperative aerial inspection. The fountain
has a radius of 2.8m and height 10.1m without branches. The area is considered rural, while
surrounded by multiple buildings and also vegetated in some places. The UAV navigated in
a constrained area around the Fountain, for safety purposes 2m away from the structure and
the experiment was bounded in a cylindrical area with radius of 10m. In order to achieve a
full autonomous flight, the localization of the UAV relied only on the onboard sensory system.
Thus, the UAVs followed the assigned paths, based on visual-inertial odometry localization.
Before the beginning of the experiment an initialization process was followed to fix the origin
of the coordinate frame of UAVs close to the base of the fountain. This initialization step was
considered for simplicity purposes due to the robocentric approach of the localization component
that fixes the origin at the position where the algorithm is initiated. It should be noted that
there was little wind during the described flight tests and the background was mainly static.
However, people were passing or standing to observe the experiment, which were considered to
be dynamic. Overall, the localization algorithm shows promising results despite to these small
variations in environment. This can be resulted from enough texture in the inspected structure.
The starting point has 180 ◦ difference and the cooperative scheme reduce the flight time from
327 s in case of one agent to 166 s with two agents. The average velocity along the path was
0.2m/s and the points fed to the agents in a way to guarantee the maximum distance and avoid
collision. It should be highlighted that during the experiment all processes were executed on
board the aerial platform, while the 3D mesh was build offline from a ground station. During
the experiment, the UAVs took-off manually and when they reached specific height switched
to autonomous navigation. Similar strategy was followed for the landing of the vehicles. This
steps are mainly done for safety reasons of landing and taking off. The actual and reference
trajectories followed by both platforms are depicted in Figure 3.

The 3D model of the structure was build offline using the dataset collected from both aerial
agents. The extracted images were combined and processed by the SfM algorithm as described
in Section 4. The fountain and its sparse 3D model are presented in Figure 4.

In the proposed experiment the same strategy as indoor experiment is followed for two
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Figure 3: Trajectories which are followed in outdoor experiment.

Figure 4: On the left is the Lule̊a University outdoor fountain, and, on the right, the cooperative
pointcloud of the structure with estimated flight trajectories.
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agents. The starting position of each of them has the maximum of distance with 180 ◦ difference.
The overall flight time is reduced from 370 s to 189 s and the average velocity along the path was
0.5m/s. The sparse reconstruction provides an initial insight regarding the object to inspect,
while an extra step is followed to create a 3d mesh. To retrieve the 3D mesh of the structure
Autodesk ReCap 360 was used [36]. ReCap 360 is an online photogrammetry software suited for
accurate 3D modeling. The reconstructed surface obtained from image data, is shown in Figure
5. The results show that the collaborative scheme of the path planner could be successfully
integrated for automating inspection tasks (https://youtu.be/c4q2T5eqYRk).

Figure 5: Cooperative 3D mesh of the outdoor structure.

7 Conclusions

This article presents an aerial tool towards the autonomous cooperative coverage and inspec-
tion of a 3D infrastructure using multiple Unmanned Aerial Vehicles (UAVs). The proposed
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approach deploys multiple aerial robots and generates collision free trajectories for the inspec-
tion of the 3D structure. The aim of this application is to assign different parts of the scene to
each agent for complete structure coverage in short time, considering the agents navigate au-
tonomously. The visual information collected from the aerial team is collaboratively processed
to create the dense 3D model, which can be used for inspection purposes. The experimental
evaluation of the proposed inspection system demonstrated substantial performance in realistic
outdoor cases that could act as an enabler for further developments.
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1 Introduction

Unmanned Aerial Vehicles (UAVs) equipped with remote sensing instrumentation are emerging
in the last years due to their mechanical simplicity, agility, stability and outstanding autonomy
in performing complex manoeuvres etc. [1, 2]. Furthermore, UAVs have the ability to offer
numerous opportunities in a variety of applications, such as as mapping [3], landslides [4],
search and rescue missions [5], and forest fire inspection [6]. One of the most common remote
sensor is the visual sensor, in monocular or stereo versions, 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 access issues, and other area characteristics [7]. 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 the presented approach, it is assumed that during the UAV operation, the later has
the ability to retain a closed loop fixed altitude with the downside camera, without loss of
generality. In this specific case, the camera frustrum can be modeled by fixed size rectangles,
of a wi × hi ∈ R2+, as it is indicated in Figure 1.

Figure 1: Schematic of the field of view in the case of UAV.

In the case that the altitude of the UAV is varying, then this problem is transformed to
the problem of on-line covering a predefined region with rectangles of varying size, a problem
that is not addressed in previous works based on the authors’ best knowledge. In the related
literature, the problem of covering the target area with fixed size rectangles has been addressed
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multiple times, while this typical problem is known to be NP-complete [8–10] and one of the
several computationally difficult decomposition problems [11]. Additionally, it has a number of
important practical applications except from the coverage approaches for visual inspection, such
as VLSI layout, pattern recognition, computer graphics, databases, image processing, etc. [12].
Thus, inspired by this vision, the main objective of this article is to establish an algorithm to
segment the target area in relation to the camera’s field of view in an off-line approach. Based
on this partition, the UAV in the sequel will be able to plan its path by e.g. following the
center of gravity of the rectangles in the partitioned space.

On the specific topic of covering polygons with rectangles, most of the works considered a
varying size of the rectangles’ area [11, 13, 14] or the target area is considered to be convex,
rectilinear or a union of convex polygons [14]. Additionally, most of the previous contributions
formulate the problem mathematically, while the numerical solution to the problem is still
lacking, while it should be highlighted that the problem is proven to be NP-hard for the fixed
size rectangles [10]. Likewise, in the scope of aerial coverage and visual inspection, it is assumed
that a top level procedure handles the area segmentation, and there is no work to consider
decomposition of the target area with the relation to the coverage task. Thus, this decoupling
of coverage task and segmentation of the area may reduce the generality of the approaches.

Based on the aforementioned state of the art, the main contribution of this article is double-
fold. Firstly, to mathematically formulate the problem and approach the NP-complete problem
of covering a polygonal regions with fixed sized rectangles by different metaheuristic techniques
such as: pattern search, genetic algorithm and particle swarm optimization. Secondly, this
paper addresses the problem of the covering a polygonal region with fixed size rectangles for
the coverage and inspection tasks for the first time based on the author’s best of knowledge.
Finally, it should be noted that the representation can maximize the coverage of the target area
while the rectangles are representing the camera frustum in 2D. The method is evaluated with
multiple case studies.

The rest of the article is structured as follows. The mathematical establishment of the pro-
posed problem is presented in Section 2, followed by the presentation of the selected algorithms
for solving the problem in Section 3. In Section 4 multiple simulation results are presented with
a corresponding comparison and discussion on them. Finally the article concludes in Section 5.

2 Problem Statement

Let Ω ⊂ R2 be a given region that can have multi-connected components, while the finite set

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

of rectangles

Ri = {(xi, yi) ∈ R2 :
−wi

2
≤ xi ≤ wi

2
,
−hi

2
≤ yi ≤ hi

2
} (2)

is considered. Each rectangle can be identified by its position in the lower left corner (xi, yi)
and the width wi and the length hi. The placement of the rectangles Ri is defined by the
translation vector ui = (xi, yi), i ∈ In, while the set of translated rectangles Ri(ui) is expressed
by Λ(u), where u = {u1, u2, . . . , un} ∈ R2n. The polygonal

P (ui, n) =
n⋃

i=1

Ri(ui) (3)
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represents the region covered by the union of the rectangles Ri, while Λ
∗ is a cover of Ω if there

exist a solution such that

Ω ⊂ P (ui, n) =
⋃
i∈In

Ri(ui) (4)

Therefore, the search is to find the position of each rectangle through the translation vector ui

and the total number of rectangles n. Thus, the goal is to define whether there exists a vector
u ∈ R2n, such that Λ(u) is a cover of Ω. The general schematic of the problem is presented in
Figure 2.

Figure 2: Schematic of the problem statement.

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

min
u,n

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

+ α
n∑
i

wihi︸ ︷︷ ︸
minimizing # rectangles

s.t.

ul ≤ u ≤ uu

P (ui, n) =
n⋃

i=1

Ri(ui)

n ∈ N

(5)

where A is 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, α is the weight for the number of
rectangles in the objective function, wihi is the area of each rectangle and n is the number of
rectangles that is member of a natural number N. In general, the proposed problem statement is
considered to be an NP-hard problem thus in the sequel mataheuristic optimization algorithms
will be utilized for the solution.
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3 Tools for solving the problem

When it comes to solving hard optimization problems, either discrete NP-hard problems or
continuous non-convex with many local minima, a very common solution involves the use
of metaheuristic optimization algorithms. These algorithms even though do not guarantee
optimality, they usually lead to “good enough” solutions, within reasonable amount of time.
Therefore they have attracted lot of attention with new algorithms proposed every day. However
most of them are variations of well established themes.

In this article, representative members of three characteristic families of metaheuristic op-
timization, are investigated and compared for their utility for this specific problem, namely:
the Pattern Search (PS), the Genetic Algorithm (GA) and the Particle Swarm Optimization
(PSO). PS is one of the oldest metaheuristic methods that does not rely on the use a population
of solutions, rather it evolves a single one using a systematic approach, and it was selected to
serve as the base comparison method. GA and PSO both belong to the family of population
based methods, which evolve a number of solutions simultaneously. GA is probably the most
used one method from the family of evolutionary methods that relies on the concept of com-
bining and altering potential solutions using operations that were inspired from actual genetic
operations, with numerous applications in engineering applications. Nowadays, the GA has
become the benchmark algorithm to compare against any new proposed metaheuristic method.
PSO is the newest of the three investigated methods. It is also a population based method,
relying on a completely different approach than the GA. The popularity of PSO stems from
the fact that apart from its efficiency, it is relatively easy to be implemented.

3.1 Pattern Search

PS [15] is a family of numerical optimization methods that do not require the gradient of a
function. Lets consider the following optimization setting:

min
u∈U

f(u) (6)

where f : U → R ∪ {inf}, U = {u ∈ R2n : Ul ≤ Au ≤ uu}, A ∈ Rm×n is a real matrix,
ul, uu ∈ (R∪± inf)n, and l < u. A PS is a direction-based method, where convergence theory is
based on searching in directions that form a positive spanning set. Thus, a finite set of positive
spanning directions D is used to construct a mesh Mk. The mesh Mk is defined as:

Mk = {uk +ΔDz ∈ U : z ∈ Z|D|+ } (7)

where uk is the current iterate, Δk > 0 is a parameter for fitness of the mesh, and Z+ is the set
of nonnegative integers. The Algorithm for PS is presented in 12. Moreover a full reference on
PS formulations and algorithms can be found in [16].

3.2 Genetic Algorithm

The GA [17] is an optimization and search technique based on the principles of genetics and
natural selection. Overall, the algorithm is presented in 13.
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Algorithm 12 Pattern Search

Require u0

1. Calculate M0 ⊂ U by Δ0 > 0 and u0

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

(a) Search Step seeking for an improved mesh point (f(uk+1 < f(uk))

(b) Poll Step if f(uk+1 > f(uk), improve mesh point uk+1

(c) Update if both (a) and (b) steps failed

update uk+1 and set Δk+1 ≥ Δk according to Δk+1 = τm
+
kΔk

else, set uk+1 = uk and set Δk+1 < Δk according to Δk+1 = τm
−
k Δk

Algorithm 13 Genetic Algorithm

1. randomly initialize population u

2. repeat until best individual is good enough or maximum number of generations has been
reached

(a) Fitness determine fitness of population f(u)

(b) Selection select parents from population according to their fitness

(c) Crossover perform crossover on parents creating population

(d) Mutation With a mutation probability mutate new offspring

(e) Accepting Place new offspring in a new population

3.3 Particle Swarm Optimization

PSO is probably the most prominent member of the swarm intelligence family [18]. The Basic
PSO algorithm consists of the velocity and position equation:

vi(t+ 1) = φ(t)vi(t) + η1r[pi − ui(t)] + η2r[pg(t) − xi(t)]

ui(t+ 1) = u(t) + vi(t)
(8)

where i is the particle index, vi(t) is the current velocity of the ith particle, φ(t) is an inertia
function (usually a linearly decreasing one), ui(t) is the current position of the ith particle, pi
is the position with the best fitness value, visited by the ith particle, g(t) is the particle with
the best fitness among all particles (best position found so far - global version of the PSO [19]),
r is a positive constant called acceleration constant and η1, η2 are random numbers uniformly
distributed in [0, 1]. Overall, the algorithm is presented in 14.

4 Simulation Results

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 the initial value for the
number of rectangles is �A(Ω)/A(R)�. Moreover, it should be highlighted that the number
of rectangles is inversely related to the term α in the objective function. A larger value of α
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Algorithm 14 Particle Swarm Optimization

1. randomly initialize population u

2. repeat until best individual is good enough or maximum number of iterations has been
reached

(a) Velocity update velocities of all particles

(b) Position update positions of all particles

(c) Best perform crossover and global best positions and values

results in a lower value for the number of rectangles. Furthermore, from the obtained result, in
each scenario, the path for the UAV can be obtained as the one that passes through the center
of rectangles. In all cases the algorithm stops if the average relative change in the best fitness
function value is less than threshold and for illustration purposes the value of first term of the
objective function is shown in the following. Due to the stochastic nature of the algorithms,
each experiment was repeated ten times.

In the first scenario, the target area is considered to be a rectangle with a size of 20×10 that
can be filled by 8 rectangles with a fixed size of 5 × 5. Figure 3 presents the obtained results
and the corresponding path is depicted for the inspection of the area. Additionally, Figures 3
and 5 present the value and the average of the first term of the objective function respectively.
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Figure 3: Covering a convex polygons with 8 rectangles.

In the second scenario, the non-convex target area is covered with four fixed size rectangles.
The corresponding results from this optimization are presented in Figure 6, extended with an
indicative example of the path that can be followed by the UAV. Furthermore, the value and
average of the first term of the objective function in 10 runs is depicted in Figures 7 and 8. In
this case all three investigated methods managed to cover the whole are. Moreover, it should be
additionally mentioned that different initial positions, for each algorithm, resulted in different
convergence rate of the objective function while this does not effect the final solution.
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Figure 4: Objective function value of maximizing coverage of each method for 10 run in first
case.
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Figure 5: Average objective function of maximizing coverage for each metaheuristic method in
first scenario.



118 Paper E

0 5 10 15

0

5

10

15

Figure 6: Covering a non-convex area with 4 rectangles.
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Figure 7: Objective function value of maximizing coverage of each method for 10 runs in the
second case.
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Figure 8: Average of objective function value of maximizing coverage for each metaheuristic
method in second scenario.

In the third scenario, the octagonal polygon with an area of 181 is covered by 9 rectangles.
The result of the coverage and the value and average of the first part of the objective function
are depicted in Figures 9, 10 and 11 respectively. Likewise, a path through the center of the
rectangles is obtained.

Furthermore, Figures 12, 13 and 14 present the final placement and the value and average of
the first term of the objective function respectively. In this case a complex non-convex polygon
is considered and it is filled by 8 rectangles.

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 four scenarios and all three metaheuristic methods.

Table 1: Coverage percentage for the different scenarios and methods.

Cases

Methods 1 2 3 4

Pattern Search 99.9% 99.9% 96.3% 98.6%

Genetic Algorithm 99.9% 99.9% 97.5% 97.7%

Particle Swarm Optimization 99.9% 99.9% 97.0% 99.0%
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Figure 9: Covering an octagonal polygons with 9 rectangles .
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Figure 10: Objective function value of maximizing coverage of each method for 10 runs in the
third case.
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Figure 11: Average of Objective function value of maximizing coverage value for each meta-
heuristic in the third case.
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Figure 12: Covering a complex polygon with 8 rectangles.
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Figure 13: Objective function value of maximizing coverage of each method for 10 runs in the
forth case.
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Figure 14: Average of objective function value of maximizing coverage for each metaheuristic
in the forth case.
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5 Discussion and Conclusions

This article addressed the NP-hard problem of coverage of polygons with fixed size rectangles.
Initially, the problem is formulated mathematically and it is solved by different metaheuristic
algorithms using an approximation approach. The presented methods have been tested in
different convex and non-convex polygons and in all the examined scenarios, a very satisfactory
coverage of a level above 96% has been obtained. Total coverage could be achieved using more
conservative approaches (using more rectangles). For the specific scenarios no single method
seems to overwhelmingly outperform all others. This, on one hand, shows that the metaheuristic
approaches can provide good solutions in general while, on the other hand suggests that more
experiments should be conducted before safer conclusions can be reached.

Finally, from the obtained results, the corresponding indicative path that can be assigned to
the aerial vehicles for remote visual sensing is generated. However, this specific path generation
problem needs more investigation as depicted in Figure 15, 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. The future work is related
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, as well as the extended experimentation
of the overall suggested scheme.
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Figure 15: Multiple path generation.
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Remaining Useful Battery Life Prediction for UAVs
based on Machine Learning

Sina Sharif Mansouri, Petros Karvelis, George Georgoulas, George Nikolakopoulos

1 Introduction

Unmanned Aerial Vehicles (UAVs) are gaining more and more attention, since they can be
utilized in a wide range of applications, such as search and rescue missions, space exploration,
security patrols, traffic control, agricultural vehicles, forest fire inspection, mapping and land
mine removal. Moreover, recent developments have enabled miniaturized UAVs, such as quadro-
tors to become available for research and commercial applications [1,2]. These UAVs could be
used in outdoor and indoor experiments due to their mobility, safety and low cost [3, 4]. A
first fundamental step towards this vision is the development of reliable, online, methods for
monitoring the state of the UAV’s battery.

However, current batteries as a core part of the system depending on vehicle, payload, and
wind conditions enable only flights up to 30min for quadrotors [5], which can limit the usage
of these UAVs for long time missions and experiments. Moreover, failure in battery can cause
catastrophic events [6] apart from affecting the overall functionality and performance of the
system. Thus, it is essential that the batteries are operated safely and reliably under a wide
range of payload and weather conditions, with the operator having a clear view of the time left
before he needs to land the UAV.

In general, there are different quantities that measure the state of a battery, with the State-
of-Charge (SOC), which measures the amount of charge remaining in a battery, being one of the
most common ones. Its estimation however is not an easy task. In any case the ultimate goal of
predictive algorithms for batteries monitoring is to estimate the time till the End of Discharge
(EOD) and End of Life (EOL). Such an estimation, which aims to find the EOD or EOL of
a component is usually referred as the estimation of the Remaining Useful Life (RUL) [7]. In
reality instead of the actual EOD, a threshold just before failure (discharge in our case) is used
for the estimation of RUL, ensuring in this way the safe operation of the battery.

The most common taxonomy for describing the RUL prediction methods is the following:
the Physics-of-Failure (PoF)-based approach and the data-driven approach. The PoF-based
prognostic methods, as its name implies, relies on the expert knowledge of the underlying mech-
anisms and result into what is also known as model based methods. However, since the Li-ion
battery is a dynamic, time-varying and nonlinear electrochemical system, the internal physi-
cal evolving mechanisms and failure modes are very complicated [8]. Therefore, model based
methods tend to be computationally complex making their applicability to real life settings
questionable. On the other hand, data-driven approaches do not require extensive knowledge
on battery chemical composition and failure mechanisms but they do require a representative
set of data instead [9]. Machine Learning (ML) [10], filtering [11] and stochastic process [12]
are the three main data-driven methodologies for RUL estimation, with the first one being
under-explored.

In this article, the specific case of Li-ion batteries is considered, as they are used in wide
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range of applications, mainly due to some desirable properties, such as high energy density, high
efficiency, slow material degradation, lack of memory effect, low self-discharge, and minimal
maintenance requirements [13]. The main contributions of the article are the following. Firstly,
the aim of the established scheme is to estimate the RUL of the battery during a flight mission.
Unlike most studies encountered in the literature that focus on the prediction of SOC [14–16],
the RUL prediction in our case is based on the measurement of the terminal voltage. As it
was pointed out in [17], “most battery powered systems have a cutoff based on battery voltage
and not SOC”, which makes it a more natural choice to track the actual variable that defines
the EOL. It should also be noted that the RUL refers to the time left for an individual cycle
(estimating in other words the EOD) and not to the available remaining charging cycles.

Four different prediction methods from the field of ML are used for the RUL estimation:
Least Absolute Shrinkage and Selection (LASSO) [18], Multi-Layer Perceptron (MLP) [19],
Least Squares Support Vector machines for Regression (LS-SVR) [20], and Gradient Boosted
Trees (GBTs) [21]. Their selection was done in order to cover the most prominent methods
of ML. LASSO gives rise to linear models, which however unlike conventional linear regres-
sion models are the outcome of an optimization process that produces sparse models leading
generally to increased generalization performance and can be used as a baseline method for
comparison with non-linear approaches. The LS-SVR was selected as a member of the kernel
based methods family, which have been a very popular tool over the past twenty years, provid-
ing nonlinear mapping capabilities along with a guarantee of globally optimal solutions. The
MLP is probably the most well known method from the field of ML and recently is living a
renaissance with the deep learning paradigm. Finally the GBTs represent the family of en-
semble learning methods, which perform remarkably well for a variety of problems (e.g. [22]
competitions).

An additional contribution of this article is the fact that among the different methods, the
GBTs are used for the first time in the related literature, achieving overall higher performance
compared to the rest of the methods, suggesting that this method should be further explored.
The final contribution stems from the utilization of information coming only from the voltage
reading, contrary to other methods that use more than one measurements [16, 17, 23].

The rest of the paper is structured as follows: Section 2 describes in brief the four ML
methods. Section 3 presents the experimental test-bed as well as the process followed for the
prediction of the RUL and the achieved results. Finally Section 4 concludes the paper offering
also some guidelines for future research.

2 The Machine Learning Algorithms for RUL estimation

When it comes to RUL estimation two paths can be followed [24]: a) a model is built that tries
to capture the evolution of the measured quantity (the quantity that quantifies the degradation
of the system) and then it is recursively applied to propagate that quantity in time till it
crosses a predefined threshold or b) a model is built that directly estimates the RUL based on
measurements coming from different sources/sensors usually over a predefined time interval [25].
In both cases historical data is needed.

In this work the second path is followed, or in other words the RUL estimation is cast as
a regression problem: a two minute sliding window with the present voltage measurement, as
well as past voltage measurements are processed and used as an input to the ML model, which
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in the sequel tries to estimate the RUL at this point in time. In the rest of this section the
theoretical background of all four methods is briefly presented.

Formally speaking, consider a training set of l pairs of samples {xi, yi|i = 1, ..., l} with
i ∈ Z+, where each xi ∈ Rn are the input and yi ∈ R are the corresponding prediction values.

Regression is the problem of finding a transformation f such that Xn×m
f−→ Yn×1 in the best

possible way. In our case the input is a set of processed voltage measurements and the output
is the corresponding RUL.

2.1 Least Absolute Shrinkage and Selection Operator - LASSO

The LASSO is a method that performs both variable selection and regularization, which is also
known as the basis pursuit in signal processing literature [18,26]. In general, the lasso estimate
is defined by:

β̂lasso =argmin
β

{1
2

N∑
i=1

(yi − β0 −
p∑

j=1

xijβj) + λ

p∑
j=1

|βj|}

s.t.
p∑

j=1

|βj| ≤ t

(1)

where βj are unknown parameters or coefficients, y is the N -vector of outputs in the training
set and λ ≥ 0 is a complexity parameter that controls the amount of shrinkage (the larger the
value of λ, the greater the amount of shrinkage). The constant β0 can be re-parametrized by
standardizing the predictors and the solution for β̂0 is ȳ = 1

N

∑N
1 yi, therefore, the model is

fitted without an intercept. The LASSO problem can be re-written in the following equivalent
Lagrangian form as:

β̂lasso = argmin
β

{1
2

N∑
i=1

(yi − β0 −
p∑

j=1

xijβj)
2 + λ

p∑
j=1

|βj|} (2)

where the penalty term of
∑p

j=1 |βj| is replaced in the minimization with the LASSO compu-
tation to be a quadratic programming problem.

2.2 Multi-Layer Perceptron - MLP

Multi-layer perceptron (MLP) neural networks are well known universal approximators [27],
while they are often utilized as estimation tools in place of the classical statistical methods.
The MLP consists of a number of interconnected processing elements, which are called neurons.
The neurons connect with each other through weighted connections and they are arranged in
one or more layers. The data is fed to the MLP in an input layer and finally an output layer
holds the response of the network to the input values. The most simpler case of a neural
network is a 1-hidden layer with a number of neurons that maps a d-vector to an m-vector as:

y = b+W tanh(s+ V x), (3)

where x is the d-vector (input), V is a k × d matrix, s is a k dimensional vector, which is used
to store the hidden units biases, b is an m dimensional vector that is used to store the output
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units biases, W is an m × h matrix and tanh is the inverse hyperbolic function. In order to
train an MLP, we learn all parameters (biases and weights) of the model using the well-known
back-propagation algorithm or some of its quicker variants [28].

2.3 Least Square Support Vector machines for Regression – LSSVR

SVMs are a very popular method in ML. They can be used both for classification and regres-
sion. For the regression case, LS-SVR, a variant of SVR, can be described as a Quadratic
Programming problem and can be cast as the following minimization problem: [29]:

min J(w, b, ξ) =
1

2
wTw +

C

2

l∑
i=1

ξ2i

s.t.

yi − [wTπ(xi) + b] = ξi, i = 1, ..., l

(4)

where w is the normal of the hyperplane, ξi is the error of the ith training sample, π(xi) is
a nonlinear function that maps xi to a high dimensional space, C is a regularized parameter,
provided by the user, that regulates the smoothness of the regression function. A large C
reduces the training error but increases the model complexity, and therefore the training time
and possibly generalization ability. A smaller C results in a less complex model with a higher
mean square training error but possibly resulting in better generalization and b is a bias term.
The Lagrangian of the previous constraint optimization problem is:

L(w, b, ξ, a) = J(w, b, ξ)−
l∑

i=1

ai{wTπ(xi) + b+ ξi − yi}, (5)

where ai are the Lagrangian multipliers.
Thus one could try to find the solution to the following system of linear equations:(

0 eT

e Ω + I
C

)(
b
a

)
=

(
0
Y

)
(6)

where I ∈ Rl×l is an identity matrix,

Y = (y1, y2, ..., yl)
T ,

a = (a1, a2, ..., al)
T ,

e = (1, 1, ..., 1)T ,

Ω = (ΩT
ij) = (k(xi, xj))

k(xi, xj) = 〈π(xi), π(xj)〉

(7)

2.4 Gradient Boosted Trees - GBT

Among the various ML algorithms tree based methods, which partition the feature space into a
set of disjoint regions Rj, j = 1, 2, ..., K and then fit a model in each one them, are among the
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most popular methods in data mining [30]. For the case of regression, the simplest and most
common model assigns a constant value to each region as:

x ∈ Rj ⇒ f(X) = cj (8)

Therefore, formally a tree can be expressed as

T (x) =
J∑

j=1

cjI(x ∈ Rj) (9)

where I(.) is the indicator function.
Their popularity stems from a number of properties that all tree based algorithms poses:

they can handle data of mixed type (continues, categorical, etc.) as well as data with missing
values, they are immune to the presence of outliers as well as to the presence of irrelevant
inputs and on top of that they scale nicely [18]. On the other hand, their predictive power is
usually inferior compared to other state of the art ML algorithms, such as neural networks and
SVMs [18].

However tree based methods can produce high accurate predictions if grouped together in
the form of an ensemble. One such approach is to use of the boosting principle, to create
gradient boosted machines [31]. The approach starts by building a simple model and then
stagewise adds models that aim to “explain” observations that are modeled poorly by the
existing trees of the ensemble ending up with a model of the form:

fM(x) =
M∑

m=1

Tm(x) (10)

where M is the total number trees comprising the ensemble and Tm is the mth member of
the ensemble. The GBTs algorithm is summarized in the following Algorithm 15 (adopted
from [18])

3 Experimental Results

The proposed methods are evaluated with the utilization of the Ascending Technologies NEO
hexacopter. This platform has an onboard Intel NUC computer utilizing a Core i7-5557U
combined with 8 GB of RAM and is capable of providing a flight time of 26min. The system
is equipped with 4 × 4.2V lithium polymer batteries and the voltage is measured by onboard
sensor. The UAV flight in different indoor and outdoor experiments and the battery voltage is
stored. The indoor experiment has the volume of 5× 5× 3m and the outdoor experiment has
the volume of 3× 3× 11m.

Six data sets were collected, all of them coming from different batteries, with the recordings
of the output voltage as a function of time. As it can be observed in Figure 1, the voltage
fluctuates constantly around an underlying exponential like trend. This fluctuation on one
hand can pose an extra challenge during the modeling process while on the other hand could
mask the underlying trend which is in fact the quantity that is of more interest. To eliminate
this fluctuations the raw measurements are averaged over non overlapping three second windows
and they are filtered using a Finite Impulse Response (FIR) filter. As it can be seen in Figure 1
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Algorithm 15 Gradient Boosted Trees Algorithm

1. Initialize f0 = argminc

∑N
i=1 L(yi, c)

2. For m= 1 to M

(a) For i = 1, 2, ..., N compute

rim = −[
∂L(yi, f(xi))

∂f(xi)
]f=fm−1

(b) Fit a regression tree to the targets rim giving terminal regions Rjm, j = 1, 2, ..., Jm

(c) For j = 1, 2, ..., Jm compute

cjm = argmin
c

∑
xi∈Rjm

L(yi, fm−1(xi) + c)

(d) Update fm(x) = fm−1(x) +
∑Jm

j=1 cjmI(x ∈ Rjm)

3. Output f̂(x) = fM(x)
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Figure 1: The actual measured voltage compared to the processed quantity.
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the proposed procedure, captures the underlying discharge trend eliminating the non-essential
fluctuations.The processed signal is used as input to each one of the aforementioned ML models.
Therefore the overall procedure can be summarized as follows :

• The raw voltage measurement contained in a sliding two minute window is replaced (one
could say “downsampled” without however the strict definition) by the average values
over non overlapping three second windows.

• The new signal is passed through a 10th order low-pass FIR filter.

• The output of the FIR filter forms the input vector (xi) (of dimension 40 - two minutes
divided into three second windows) for the ML methods, which provide as output a single
(ŷi) estimate of the RUL

Figure 2: Schematic of the proposed method.

Since none of the aforementioned methods is parameter-free, each time five of the recordings
were used for tuning and training the models and then the trained model was applied for the
prediction of the RUL of the recording which was left out. In other words the standard leave
one out method was applied for the estimation of the performance of each model. The tuning
was done using only training data completely decoupling the tuning from the estimation process
to eliminate potential bias [32].

The minimum and the maximum voltages are 14V and 16.8V respectively, which means
that the effective voltage range is 2.8. In all experiments the UAV was grounded before the
battery was completely depleted. In the failure prognosis literature, the prognostic algorithm is
triggered after the diagnosis of a fault. In our case the discharging process is a natural occurring
phenomenon and therefore no fault is taking place. Instead in order to initiate the prediction
process, a threshold set equal to the minimum voltage plus 50% of the voltage range is used to
trigger the prediction process. Accordingly to define the RUL and in order to make sure that a
catastrophic event is avoided (crash of the UAV) a threshold set equal to the minimum voltage
plus 15% of the voltage range is treated as the minimum acceptable voltage value.

The performance of the four algorithms is graphically depicted in Figure 3 and also quanti-
fied using Precision (11) and Mean Absolute Percentage Error (MAPER) (12), which are two
popular, yet not the only available, measures [33]. The results indicate that GBTs are perform-
ing the best for this study, with the LASSO performing the worse. In fact LASSO continuously
overestimates the RUL which can lead to catastrophic events. In the one case that LASSO
seems to accurately predict the RUL at the beginning of the prediction horizon when it gets
closer to the actual EOD it starts making unrealistic optimistic predictions. From the other
methods the MLP manifests relatively good prediction performance, while the LS-SVR shows
signs of over fitting, creating unstable predictions.
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Figure 3: The results of the RUL prediction for the six data sets using the four ML methods.
The closer the line to the ground truth RUL (black line) the better. The linear model in all
but one cases overestimates heavily the RUL.

Precision =

√∑N
t=1(y(t)− ŷ(t))2

N − 1
(11)

MAPER =
1

N

N∑
t=1

∣∣∣∣ 100ŷ(t)

RULactual(t)

∣∣∣∣ (12)

4 Conclusion

This work presented ML approaches for the online, during flight, prediction of the RUL of a Li-
ion battery using only the voltage measurements. The results indicate that non-linear methods
usually outperform linear ones, even if the latter comes from an optimization procedure such
as LASSO. Among the nonlinear models the GBTs performed the best. GBTs have recently
become very popular due to their winning in various data mining competitions [22]. The
results confirm that GBTs are very powerful nonlinear approximators that can be used for the
prediction of the RUL of batteries.

On the other hand we must note that this was a preliminary investigation. In future
work the time length of the involved window will be optimized and more elaborate schemes
for the selection of inputs to ML will be explored for finding the “optimal” setting for RUL
prediction. Moreover since other parameters, like current, ambient temperature and UAV load,
convey useful information regarding the RUL, a multi parametric input will also be considered.
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Table 1: Precision of the methods.

# GBT LS-SVR MLP LASSO

1 0.48 0.54 0.31 4.11

2 0.62 0.64 0.68 4.34

3 0.29 0.58 0.55 3.67

4 0.65 1.44 0.95 3.38

5 0.77 1.86 0.71 3.13

6 2.26 5.49 3.47 2.09

Average 0.85 1.76 1.11 3.45

Table 2: Mean Absolute Percentage Error

# GBTs LS-SVR MLP LASSO

1 99.59 101.80 96.63 332.92

2 109.66 104.92 120.30 304.39

3 96.33 108.95 107.22 334.94

4 99.75 95.52 97.87 271.87

5 103.76 136.45 109.53 306.79

6 70.33 177.22 98.18 233.66

Average 96.57 120.81 104.95 297.43
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Moreover the required processing power and power consumption aspects of each algorithm will
be evaluated to assess its applicability on the UAV’s embedded processor. Finally as it was
stressed in Section 2 the ML methods were trained to automatically predict the RUL. However
there is a second path that involves the prediction of the quantity that it is actually measured.
This approach is more aligned to engineering reasoning and can be integrated within an Model
Predictive Control (MPC) framework. Therefore in future work the two approaches will be
compared using also more experimental data.

References

[1] D. Wuthier, D. Kominiak, C. Kanellakis, G. Andrikopoulos, M. Fumagalli, G. Schipper,
and G. Nikolakopoulos, “On the design, modeling and control of a novel compact aerial
manipulator,” in Control and Automation (MED), 2016 24th Mediterranean Conference
on. IEEE, 2016, pp. 665–670.

[2] S. S. Mansouri, G. Nikolakopoulos, and T. Gustafsson, “Distributed model predictive con-
trol for unmanned aerial vehicles,” in Research, Education and Development of Unmanned
Aerial Systems (RED-UAS), 2015 Workshop on. IEEE, 2015, pp. 152–161.

[3] K. Alexis, G. Nikolakopoulos, and A. Tzes, “Model predictive quadrotor control: attitude,
altitude and position experimental studies,” IET Control Theory & Applications, vol. 6,
no. 12, pp. 1812–1827, 2012.

[4] ——, “Experimental model predictive attitude tracking control of a quadrotor helicopter
subject to wind-gusts,” in Control & Automation (MED), 2010 18th Mediterranean Con-
ference on. IEEE, 2010, pp. 1461–1466.

[5] N. K. Ure, G. Chowdhary, T. Toksoz, J. P. How, M. A. Vavrina, and J. Vian, “An au-
tomated battery management system to enable persistent missions with multiple aerial
vehicles,” IEEE/ASME Transactions on Mechatronics, vol. 20, no. 1, pp. 275–286, 2015.

[6] C. Chen and M. Pecht, “Prognostics of lithium-ion batteries using model-based and data-
driven methods,” in Prognostics and System Health Management (PHM), 2012 IEEE Con-
ference on. IEEE, 2012, pp. 1–6.

[7] X.-S. Si, W. Wang, C.-H. Hu, and D.-H. Zhou, “Remaining useful life estimation–a review
on the statistical data driven approaches,” European Journal of Operational Research, vol.
213, no. 1, pp. 1–14, 2011.

[8] D. Liu, J. Zhou, D. Pan, Y. Peng, and X. Peng, “Lithium-ion battery remaining useful
life estimation with an optimized relevance vector machine algorithm with incremental
learning,” Measurement, vol. 63, pp. 143–151, 2015.

[9] B. Long, W. Xian, L. Jiang, and Z. Liu, “An improved autoregressive model by particle
swarm optimization for prognostics of lithium-ion batteries,” Microelectronics Reliability,
vol. 53, no. 6, pp. 821–831, 2013.



References 139

[10] A. Eddahech, O. Briat, N. Bertrand, J.-Y. Delétage, and J.-M. Vinassa, “Behavior and
state-of-health monitoring of li-ion batteries using impedance spectroscopy and recurrent
neural networks,” International Journal of Electrical Power & Energy Systems, vol. 42,
no. 1, pp. 487–494, 2012.

[11] M. E. Orchard, P. Hevia-Koch, B. Zhang, and L. Tang, “Risk measures for particle-
filtering-based state-of-charge prognosis in lithium-ion batteries,” IEEE Transactions on
Industrial Electronics, vol. 60, no. 11, pp. 5260–5269, 2013.

[12] D. Liu, J. Pang, J. Zhou, Y. Peng, and M. Pecht, “Prognostics for state of health estima-
tion of lithium-ion batteries based on combination gaussian process functional regression,”
Microelectronics Reliability, vol. 53, no. 6, pp. 832–839, 2013.

[13] A. Tulsyan, Y. Tsai, R. B. Gopaluni, and R. D. Braatz, “State-of-charge estimation in
lithium-ion batteries: A particle filter approach,” Journal of Power Sources, vol. 331, pp.
208–223, 2016.

[14] J. Zhang and J. Lee, “A review on prognostics and health monitoring of li-ion battery,”
Journal of Power Sources, vol. 196, no. 15, pp. 6007–6014, 2011.

[15] M. Charkhgard and M. Farrokhi, “State-of-charge estimation for lithium-ion batteries
using neural networks and ekf,” IEEE transactions on industrial electronics, vol. 57, no. 12,
pp. 4178–4187, 2010.
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