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Coverage Planning for Unmanned Aerial Vehicles

Kevin L. Yu

(ABSTRACT)

This dissertation investigates how to plan paths for Unmanned Aerial Vehicles (UAV) for the

task of covering an environment. Three increasingly complex coverage problems based on the

environment that needs to be covered are studied. The dissertation starts with a 2D point

coverage problem where the UAV needs to visit a set of sites on the ground plane by flying

on a fixed altitude plane parallel to the ground. The UAV has limited battery capacity which

may make it infeasible to visit all the points. A novel symbiotic UAV and Unmanned Ground

Vehicle (UGV) system where the UGV acts as a mobile recharging station is proposed. A

practical, efficient algorithm for solving this problem using Generalized Traveling Salesperson

Problem (GTSP) solver is presented. Then the algorithm is extended to a coverage problem

that covers 2D regions on the ground with a UAV that can operate in fixed-wing or multi-

rotor mode. The algorithm is demonstrated through proof-of-concept experiments. Then

this algorithm is applied to covering 2D regions, not all of which lie on the same plane.

This is motivated by bridge inspection application, where the UAV is tasked with visually

inspecting planar regions on the bridge. Finally, a general version of the problem where the

UAV is allowed to fly in complete 3D space and the environment to be covered is in 3D as

well is presented. An algorithm that clusters viewpoints on the surface of a 3D structure

and has an UAV autonomously plan online paths to visit all viewpoints is presented. These

online paths are re-planned in real time as the UAV obtains new information on the structure

and strives to obtain an optimal 3D coverage path.



Coverage Planning for Unmanned Aerial Vehicles

Kevin L. Yu

(GENERAL AUDIENCE ABSTRACT)

This dissertation investigates how to plan paths for Unmanned Aerial Vehicles (UAV). Three

increasingly complex coverage problems based on the environment that needs to be covered

are studied. The dissertation starts with a 2D point coverage problem where the UAV

needs to visit a set of sites on the ground by flying at a fixed altitude. The UAV has limited

battery capacity which may make it impossible to visit all the points. A novel symbiotic UAV

and Unmanned Ground Vehicle (UGV) system where the UGV acts as a mobile recharging

station is proposed. A practical, efficient algorithm for solving this problem using Generalized

Traveling Salesperson Problem (GTSP) solver is presented. Then the algorithm is extended

to coverage of 2D regions on the ground with a hybrid UAV. The algorithm is demonstrated

through proof-of-concept experiments. Then this algorithm is applied to covering 2D regions

on 3D structures. This is motivated by bridge inspection application, where the UAV is

tasked with visually inspecting regions on the bridge. Finally, a general version of the

problem where the UAV is allowed to fly in 3D space and the environment to be covered is

in 3D as well is presented. An algorithm that clusters points on the surface of a 3D structure

and has an UAV autonomously plan online paths to visit all viewpoints is presented. These

online paths are re-planned in real time as the UAV obtains new information on the structure

and strives to obtain an optimal 3D coverage path.
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Chapter 1

Introduction

UAVs are starting to be used in a plethora of applications such as package delivery [110],

surveillance [76], environmental monitoring [38, 70, 87], precision agriculture [30, 111], search

and rescue [100, 107], and infrastructure inspection [83]. UAVs can benefit such applications

by making the operations safer, faster, and more cost-efficient [59, 78]. Current methods

for integrating UAVs into these applications require skilled pilots to manually fly the UAV.

However to fully exploit the advantages we need autonomous UAV operations [29, 82]. Specif-

ically, high-level planners and coordination algorithms are needed for UAVs working with

other autonomous vehicles or even humans. In this dissertation, planning and coordina-

tion algorithms are developed with a particular focus on coverage tasks that occur in the

previously mentioned applications.

Figure 1.1: 2D point coverage: In surveillance applications, UAVs may be tasked with visiting
a set of points (e.g., hotspots) so that they can monitor the environment [39].

1



2 Chapter 1. Introduction

Figure 1.2: 2D area coverage: In environmental monitoring and precision agriculture ap-
plications, the UAV may be tasked with covering areas on the ground to gather scientific
data [117].

Consider the following applications where autonomous planning with UAVs can be beneficial

for area coverage. In environmental monitoring applications, UAVs can be equipped with a

variety of sensors such as thermal camera, RGB camera, and air pollutant sensors to monitor

the temperature, wild life, and pollutants in the air [68]. UAVs can gather data by flying

over the regions of interest. We may be able to cover larger areas which can be critical

in applications such as precision agriculture and search-and-rescue, as shown in Figures 1.1

and 1.2. Unlike manual data collection, UAVs can operate persistently and collect data at

unprecedented spatiotemporal scales [33, 114].

Depending on the application, the sites to be covered by the UAV may be specific points

of interest on the ground or 2D regions on the ground. Figure 1.1 shows an example of

surveillance where the UAV is tasked with monitoring a specific set of points of interest

on the ground plane [76, 110, 122]. Figure 1.2 shows an example of precision agriculture

where a UAV can be used to monitor a set of plots in a farm. In these applications, the

UAV is covering points or areas on the ground plane. However, there are other applications



3

Figure 1.3: UAV conducting 3D visual inspection of a bridge.

where UAVs may be required to conduct 3D coverage. For example, consider the application

of UAVs for inspecting infrastructure, e.g., bridges, for defects such as cracks, spawls, and

rust [5]. UAVs equipped with sensor suites containing thermal cameras and RGB cameras

can help inspect the bridges for such defects. This requires 3D coverage from multiple angles

and not only an overhead view. 3D coverage planning requires taking into account the

visibility constraints due to the environment itself.

Motivated by these use cases, in this dissertation three types of coverage problems are stud-

ied: 2D point coverage, 2D area coverage, and 3D visual coverage. While similar problems

have been studied in the past [68, 83, 110], this dissertation focuses on addressing specific

challenges as described in the next section.



4 Chapter 1. Introduction

1.1 Challenges

In the following, the challenges associated with deploying UAVs for coverage are highlighted.

Particularly this dissertation is motivated by applications such as environmental monitor-

ing that may require persistent operations and infrastructure inspection that may require

operations in cluttered, complex, and partially unknown environments.

A Limited Battery Capacity

Most small multi-rotor UAVs have a limited battery capacity (typically < 30 minutes) which

prevents them from being used for long-term or large-scale missions. When conducting some

of the applications mentioned it is unrealistic to expect that they will be finished within this

30 minute time frame. This would require frequent battery swapping which is undesirable

in many of these applications, since it requires a human operator to supervise the UAV.

Manually swapping the batteries will need round-the-clock human presence for persistent

operations. Alternatively, multiple UAVs may be needed which adds to the cost and mainte-

nance requirements. There has been significant work that focuses on extending the lifetime

of UAVs through new energy harvesting designs [80], automated battery swapping [112],

stationary charging stations [8, 60, 97], swapping UAVs [60], low-level energy-efficient con-

trollers [51], and low-level path planning [79].

An alternative is to place stationary recharging stations where the UAVs can periodically

land to recharge. This dissertation shows how to plan the coverage paths when stationary

recharging stations are placed in the environment. This is further extended to study how

to plan persistent monitoring paths when an UGV is used as a mobile recharging station.

The UAV can land on the UGV and the UGV can transport it to the next take-off site

while recharging along the way. This behavior has been termed as symbiotic UAV-UGV
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system [111]. This dissertation shows how to plan coverage paths with such a system.

B Lack of Prior Information

Often, planning efficient coverage paths requires prior knowledge of the environment. A

major challenge is planning in environments where there is no prior information. Online

planning algorithms to conduct 3D coverage of environments using information gathered

in real-time are needed. A typical approach for online exploration uses the notion of fron-

tiers [31, 127]. A frontier is the boundary between the known and the unknown regions

in the environment. Various criteria such as nearest frontier and entropy/mutual informa-

tion can be used to decide which frontier to drive to next. While frontier-based exploration

can conduct 3D coverage, they do not focus coverage on regions-of-interest. For example,

when inspecting a bridge, the UAV needs to focus only on the part of the environment that

contains the bridge and ignore regions that do not contain the bridge. These algorithms

also typically do not give guarantees on the performance. This dissertation investigates how

to fuse the image data with the LiDAR data to conduct 3D semantic segmentation of the

structure, so that exploration of regions of interest are the only focus. Better guarantees on

the performance of the algorithm are given as well.

C Safe Operations in Practice

There are practical challenges for large-scale area coverage. These include flying without

line-of-sight, especially along bridges and under the deck; hovering in place for long periods

of time in windy conditions; and operating without GPS and compass measurements [42]. In

many scenarios the GPS reception is typically noisy, if not completely absent. Furthermore,

compass can be unreliable due to infrastructure surfaces or erroneous magnetic fields making
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it even harder for operators to fly the UAV. The focus of this dissertation is on high-level

path planning problems. Nevertheless, we design several algorithms that complement and

use low-level routines that can address these practical challenges. The performance of the

algorithms is demonstrated through proof-of-concept deployments.

1.2 Contributions

Table 1.1: Overview of the dissertation.

Dissertation Overview
Region of Coverage UAV Workspace

Ch. 2 [121, 122] Points on the ground plane Fixed altitude plane parallel to the
ground

Ch. 3 [123] Regions on the ground plane Fixed altitude plane parallel to the
ground

Ch. 4 [98, 124] Surface area in 3D 3D planes parallel to the surface area
to be covered

Ch. 5 [125] Surface area in 3D 3D space

In this dissertation the three problems of point coverage, area coverage, and 3D coverage

are studied. In the first two problems, point coverage and area coverage, covering sites of

interest or 2D areas of interest on the ground plane using UAVs flying above them is the

main focus (e.g., using downwards-facing sensors). In these problems, we focus specifically on

overcoming the energy limitations of UAVs. The third problem that we study is 3D coverage.

Here we focus on overcoming the challenges associated with lack of prior knowledge of the

environment and safety constraints, when performing coverage in cluttered environments.

In Chapter 2, this dissertation starts with the problem of covering points of interest on the

ground plane with a UAV with limited battery capacity. The limited battery capacity may

prevent the UAV from covering all the points. The scenario where a UGV can act as a
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Figure 1.4: Point coverage of an environment.

mobile charging station for the UAV is considered. We design an algorithm that chooses

when, where, and how much to recharge the battery of a UAV. The algorithm minimizes the

total time it takes for the UAV to cover all points. This includes flight time, time to land and

take-off, and recharging time. The problem is reduced to the GTSP [122] and a GTSP solver,

GLNS [102], is used to find the optimal solution. We study variants of the algorithm where a

stationary charging stations can be placed and multiple mobile recharging UGVs can be used.

We carry out proof-of-concept experiments that involve fully autonomous UAV landings on

the UGV and last over 30 minutes (Figure 1.4). The work reported in this chapter was

presented at ICRA ’18 [121] and later published in the Journal of Field Robotics [122].

In Chapter 3, we extend the work in Chapter 2 to UAVs conducting 2D area coverage. The

input consists of a set of boustrophedon cells — rectangular strips whose width is equal to

the field-of-view of the sensor on the UAV. The goal is to find a coordinated strategy for
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Figure 1.5: Area coverage of an environment.

the UAV and UGV that visits and covers all cells in minimum time, while optimally finding

how much to recharge, where to recharge, and when to recharge the battery. This includes

flight time for visiting and covering all cells, recharging time, as well as the take-off and

landing times. Similar to the point coverage problem, we show how to reduce this to a

GTSP instance. Given an optimal GTSP solver, the approach finds the optimal coverage

paths for the UAV and UGV. The formulation models multi-rotor UAVs as well as hybrid

UAVs that can operate in fixed-wing and Vertical Take-off and Landing modes. We evaluate

the algorithm through simulations and proof-of-concept experiments (Figure 1.5). This work

was presented at ICRA ’19 [123] and is in submission at a journal.

In Chapter 4, we expand the work to 3D surface area coverage, with infrastructure inspection

as the motivation. We first show how to solve the inspection problem, when the model of

the environment is known, by reducing it to the 2D area coverage problem. Instead of all

boustrophedon cells on the ground, here, the cells are planar surfaces on the bridge that
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Figure 1.6: 3D surface for coverage of a structure.

need to be covered. Not all cells are on the same plane, thus the planner needs to take into

account the 3D flight cost. When navigating close to a bridge, GPS and compass data may be

unreliable. Therefore, a low-level controller that uses LiDAR data to cover a boustrophedon

cell is developed. We show how to adapt the 2D area coverage high-level planner to use these

low-level routines. Lastly, an algorithm that flies along planner surfaces of infrastructures to

allow for autonomous flight along planes on the infrastructure is implemented (Figure 1.7).

This work was presented in ISER ’19 [98] and a journal version is in revision.

In Chapter 5, the work in Chapter 4 is expanded upon to investigate a more general approach

to 3D inspection. Unlike previous cases, the model of the environment is not known a priori.

Thus, an online planner is developed. As described earlier, the coverage planner must focus

only on regions that are of interest. We study the problem of visually inspecting the surface

of a bridge using an UAV for defects. We do not assume that the geometric model of the

bridge is known. The UAV is equipped with a LiDAR and RGB sensor that is used to build

a 3D semantic map of the environment. Our planner, termed GATSBI, plans in an online

fashion a path that is targeted towards inspecting all points on the surface of the bridge.
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Figure 1.7: 3D surface for inspection of a bridge.

The input to GATSBI consists of a 3D occupancy grid map of the part of the environment

seen by the UAV so far. We use semantic segmentation to segment the voxels into those

that are part of the bridge and the surroundings. Inspecting a bridge voxel requires the

UAV to take images from a desired viewing angle and distance. We then create a GTSP

instance to cluster candidate viewpoints for inspecting the bridge voxels and use an off-the-

shelf GTSP solver to find the optimal path for the given instance. As more parts of the

environment are seen, we replan the path. We evaluate the performance of GATSBI through

high-fidelity simulations conducted in Gazebo. We compare the performance of GATSBI

with a frontier exploration algorithm. Our evaluation reveals that targeting the inspection

to only the segmented bridge voxels and planning carefully using a GTSP solver leads to

more efficient inspection than the baseline algorithms. This work is under review at IROS

’21 [125].



Chapter 2

2D Point Coverage with a Symbiotic

UAV+UGV System

We study the problem of planning a tour for an energy-limited UAV to visit a set of sites

in the least amount of time. We envision scenarios where the UAV can be recharged at a

site or along an edge either by landing on stationary recharging stations or on UGVs acting

as mobile recharging stations. This leads to a new variant of the Traveling Salesperson

Problem (TSP) with mobile recharging stations. We present an algorithm that finds not

only the order in which to visit the sites but also when and where to land on the charging

stations to recharge. The algorithm plans tours for the UGVs as well as determines the best

locations to place stationary charging stations.

We study three variants for charging: multiple stationary charging stations; single mobile

charging station; and multiple mobile charging stations. While the problems we study are

NP-Hard, we present a practical solution using Generalized TSP that finds the optimal

solution that minimizes the total time, subject to discretization of battery levels. If the

UGVs are slower than the UAVs, the algorithm also finds the minimum number of UGVs

required to support the UAV mission such that the UAV is not required to wait for the

UGV. The simulation results show that the running time is acceptable for reasonably sized

instances in practice. We evaluate the performance of the algorithm through simulations and

proof-of-concept field experiments with a fully autonomous system of one UAV and UGV.

11
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Figure 2.1: DJI F450 with Pixhawk autopilot running APM with onboard Jetson TX1 along
with the Clearpath Husky UGV used for the field experiments.

The rest of the chapter is organized as follows. We begin with a discussion of the related work

in Section 2.1. We describe the problem formulation and assumptions in Section 2.2. The

algorithm is described in Section 2.3. We evaluate the performance of the algorithm through

simulations reported in Section 2.4 and through proof-of-concept experiments reported in

Section 2.5. We conclude with a summary of this chapter.

2.1 Related Work

In this section we briefly describe the work related to UAV recharging stations.

A Recharging and Replacing UAV Batteries

A number of solutions for autonomous charging of UAVs have been proposed in the recent

past. Cocchioni et al. presented a vision system to align the UAV with a stationary charging

station [23]. A similar design was presented by Mulgaonkar and Kumar including magnetic

contact points which improved the landing of the UAV [81]. There are also commercial
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products (e.g., the SkySense system [10]) that provide similar capabilities.

The alternative to recharging a discharged battery is to swap it with a charged one. Swieringa

et al. presented a “cold” swap system for exchanging the batteries for one or more helicopters,

which is where the system is turned off and the battery is swapped out [109]. The authors

evaluated their system through simulations with three helicopters where they demonstrated

an increase in system lifetime from six minutes to thirty two minutes. Toksoz et al. presented

the design of a stationary battery swapping station for multi-rotor systems [112]. Their

design has a “dual-drum structure” that can hold a maximum of eight batteries which can

be “hot” swapped. “Hot” swapping being the changing of batteries without shutting down

the system.

Kemper et al. investigated the needs of consumers and design constraints for battery recharg-

ing stations for helicopters [58]. They performed a cost-analysis of existing designs and con-

sumer needs for recharging and swapping of batteries. Suzuki et al. followed up on this

work [108] by further analyzing two types of landing platforms proposed in [58].

The work presented in this chapter is complementary to these hardware designs — any of

the existing systems could be leveraged. Instead we show how to optimize the performance

by careful placement of charging stations or planning of paths for mobile charging stations.

B Planning for Energy Limited UAVs

A typical strategy to deal with limited battery capacity of UAVs is to use multiple robots

with possible redundancy built in. Derenick et al. presented a control strategy to carry out

persistent coverage missions with robot teams which balances a weighted sum of mission

performance and the safety of the UAVs [32]. The UAVs reconfigure based on their energy

levels and coverage performance. Mitchell et al. presented an online approach for maintaining
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formations while substituting UAVs running low on charge with recharged UAVs [77].

There have been work on planning the paths for UAVs using multiple stationary recharging

stations [8, 60, 97]. Kim et al. used Mixed Integer Linear Programing (MILP) to allow

teams of robots to trade off the task objective within the team when some UAVs are low on

energy [60]. Shakhatreh et al. studied the problem of maintaining persistent coverage of an

area by partitioning the coverage tour amongst the UAVs [97]. Ahmed et al. presented a

method to discretize the state space which allows for an algorithm to minimize the energy

used by UAVs for longer missions [8]. Liu and Michael presented a matching algorithm for

assigning UAVs with UGVs acting as recharging stations [69].

Our work falls broadly in the category of area coverage with energy-limited UAVs. Franco

et al. presented an algorithm that reduces the energy consumption of a UAV while sat-

isfying coverage and resolution requirements [34]. Sipahioglu et al. considered a similar

problem [101]. Their algorithm first finds a route that ensures complete coverage and then

partitions the route among multiple robots by considering respective energy capacities. Most

recently, Wei and Isler presented a approximation algorithm for covering a polygonal grid

environment where the UAV is allowed to return back to a fixed basestation multiple times

for recharging [115]. However, they do not address the problem of optimizing the recharging

locations.

In the previous work [111], it is shown how to plan tours for a symbiotic UAV+UGV where

the UGV can mule the UAV between two deployment locations such that the UAV does

not spend any energy. However, the previous work did not model the capability of UGV

recharging the UAV along the way. Consequently, the goal was to maximize the number of

sites that can be visited in a single charge. This results in a variant of an NP-Hard problem

known as orienteering [16]. In the current work, a more general model which has the added

complication of keeping track of the energy level of the UAV as well as deciding where and
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how much to charge along the tour is allowed.

The work by Rathinam et al. studies how to plan paths for mobile charging stations [106].

The authors of this paper study the problem of planning UAV paths with fuel constraints

and stationary refueling locations. The algorithms that the author presents allow for the

planning of multiple UAVs to visit every site. This paper is slightly different than the work

in this chapter in the sense that the refueling stations are stationary and the UAV has to

adjust to the refueling station. In this chapter we allow the refueling station to be mobile

and adjust for the UAV allowing for shorter tour times.

The work most closely related to ours is that of Maini and Sujit. They present an algorithm

that plans paths for one UAV and one recharging UGV to carry out surveillance in an

area [72]. The UGV moves on a road network. The authors create an initial path for the

UGV and then create a path for the UAV. In this chapter, we simultaneously create paths

for the UAV and UGV. We compare the empirical performance of the algorithm with that

from [72] in Section 2.4. We find that the presented algorithm outperforms this baseline.

Additionally, we guarantee that the algorithm finds the optimal solution for the problem,

conditioned on the discretization unlike that from [72].

C Vehicle Routing Problems

The algorithm is based on a solution to the Generalized Traveling Salesperson Problem.

Both, GTSP and TSP, belong to the class of vehicle routing problems [63]. Variants of TSP

have been used for many robotic applications such as routing [63], surveillance [96], and

patrolling [88]. Solutions to GTSP have been used in applications such as location-routing,

loop material flow system design, post-box collection, stochastic vehicle routing and arc

routing [64].
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Both, TSP and GTSP are NP-Hard problems. If the costs are Euclidean distances, then

there exists an efficient polynomial time approximation scheme for solving TSP [85]. How-

ever, there does not exist a constant-factor approximation for solving Euclidean GTSP.

Nevertheless, a number of solvers have been developed that can find good solutions for

TSP and GTSP in practice [11, 102]. In this chapter, we use two state-of-the-art solvers,

concorde [11] and GLNS [102], for solving TSP and GTSP respectively.

D Autonomous UAV Landing

There are many studies on controls and planning techniques for autonomous landing of aerial

vehicles. Kong et al. surveyed various autonomous landing methods for five classes of aerial

vehicles (full-scale, medium-scale, small-scale, mini-scale, and micro) [61]. A common ap-

proach is to use vision-based autonomous landing [47, 65, 86]. Oh et al. presented a technique

for landing on a swaying ship in the ocean [86]. Kim et al. presented the design of a system

that can land on a mobile platform using color-based detection with an RGB camera [61].

This approach may not be robust due to inconsistent lighting conditions. Instead, we use an

IR-camera along with IR beacon for detection and landing on the recharging station. This

approach is robust to poor lighting conditions, indifferent to color, and can deal with other

IR sources when the exposure is adjusted correctly.

Goldin and Dougherty investigated the ability for quadrotors to land on inclined surfaces

(i.e., perching) [37, 43]. The system proposed by Dougherty used downward-facing laser

sensors to measure the distance to the landing platform and to detect the angle of the

platform [37]. The system was demonstrated to work for platforms with up to 30◦ incline.

Goldin presented a completely autonomous system that allows for real-time simultaneous

localization and mapping for perching with UAVs [43].
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Our main novelty is in jointly optimizing the routes for the UAV as well as the mobile

recharging stations (equivalently, placement of stationary recharging stations). The exact

formulation is defined in the next section.

2.2 Problem Formulation

The input to the algorithm is a set of n sites, xi, that must be visited by the UAV. We use

xi to refer to a site as well as the vector representing its coordinates. We start with a list of

common assumptions:

1. unit rate of discharge (1% per second);

2. UAV has an initial battery charge of 100%;

3. UAV and UGVs start at a common depot, d;

4. all the sites are at the same altitude;

5. UGVs have unlimited fuel/battery capacity;

6. UAV can fly between any two sites if it starts at 100% battery level.

All but assumption 5 are only for the sake of convenience and ease of presentation and can

be easily relaxed. Although UGVs cannot have unlimited operational time, it is a reasonable

assumption since UGVs can have much larger batteries or can be refueled quickly. In this

work, we only allow for the UAV to be recharged at a site or while being ferried between

two sites by the UGV. It is possible to extend the algorithm to also allow for recharging at

arbitrary sites, as we discuss in Section 2.6.

We also provide a list of standard terminology that will be used throughout this chapter:
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• xi denotes the ith site that must be visited1 by flying to a fixed altitude;

• r represents the time required to recharge the battery by a unit %;

• tTO is the time it takes to take off from the UGV;

• tL is the time it takes to land on the UGV;

• tUAV (xi, xj) and tUGV (xi, xj) give the time taken by the UAV and UGV to travel from

xi to xj.

Suppose Π is a path that visits the sites in the order given by σ : {1, . . . , n} → {1, . . . , n}

where σ(j) = i implies xi is the jth point visited along Π. The cost of an edge from xσ(j) to

xσ(j+1) along Π depends on whether the UAV flies between the two sites or if it is muled by

the UGV between the two sites while being recharged (denoted as a Type II edge, defined

formally in Section A). Let k and k′ be the battery levels at σ(j) and σ(j + 1). Therefore,

T (j, j + 1) =


tUAV (xσ(j), xσ(j+1))

max{tUGV (xσ(j), xσ(j+1)), r(k
′ − k)}

(2.1)

In addition, there are non-zero node costs if the UAV is charged from battery level k to k′

at a site xi rather than along an edge:

T (j) = r(k′ − k). (2.2)

Therefore, the total path cost is given by,

T (Π) = T (1) +
n−1∑
j=1

T (j + 1) + T (j, j + 1) (2.3)

1Note that xi does not mean that is the ith point that will be visited. The order of visiting the points is
determined by the algorithm.
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We are now ready to define the problems studied in this chapter.

Problem 1 (Multiple Stationary Charging Stations (MSCS)). Given a set of sites, xi, to be

visited by the UAV, find a path Π∗ for the UAV that visits all the sites as well as selects one

or more sites (if needed) to place recharging stations so as to minimize the total time given

by Equation 2.3 under the assumptions 1–6 given above.

Problem 2 (Single Mobile Charging Station (SMCS)). Given a set of sites, xi, to be visited

by the UAV, find a path Π∗ for the UAV that visits all the sites as well as another path for

the UGV acting as a mobile basestation so as to minimize the total time given by Equation

2.3 under the assumptions 1–5 given above. Assume that the UAV and UGV travel at the

same speed and must travel the same distance between any two sites.

The assumption that the UGV is as fast as the UAV is not necessary to find a solution; it is

required to guarantee optimality for one UGV. If the UGV is slower than the UAV, we can

still use the paths returned by the algorithm for one UGV, but the UAV may have to wait.

An alternative is to minimize the number of UGVs required to ensure the UAV never has to

wait for a recharging station.

Problem 3 (Multiple Mobile Charging Stations (MMCS)). Given a path, Π∗, for a UAV

and a set of charging sites as well as Type II edges for the UGVs, find the minimum number

of slower UGVs necessary to service the UAV, without the UAV having to wait for a UGV

under the assumptions 1–5 given above. The input to MMCS is obtained by solving SMCS,

without assuming the single UGV in SMCS is as fast as the UAV. The paths for the UGVs

are allowed to start at any site.

Our main contribution is a GTSP-based algorithm that solves the first two problems op-

timally and an Integer Linear Programming (ILP)-based algorithm that solves Problem 3.

As mentioned previously, Problems 1 and 2 are NP-Hard and consequently finding optimal
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algorithms with running time polynomial in n is infeasible under standard assumptions. In-

stead, we provide a practical solution that is able to solve the three problems in reasonable

time (quantified in Section 2.4).

2.3 GTSP-Based Algorithm

In this section we show how to formulate Problems 1 and 2 as GTSP instances [85]. We

first formally define GTSP. Let G be a graph (can be directed) with vertices V and edges

E. Each edge e ∈ E has a corresponding cost c. The vertices are grouped into m mutually

exclusive clusters. An edge exists only between vertices belonging to different clusters. The

Generalized Traveling Salesperson Problem asks for a minimum cost cycle which includes

exactly one vertex from each cluster. When each cluster contains only one vertex, the GTSP

reduces to TSP.

Solving GTSP is at least as hard as solving TSP. However, Noon and Bean [85] presented a

technique to convert any GTSP input instance into an equivalent TSP instance on a modified

graph such that finding the optimal TSP tour in the modified graph yields the optimal GTSP

tour in the original graph. We can solve GTSP by solving TSP optimally using a numerical

solver and we use concorde [11], which is the state-of-the-art TSP solver or GLNS [102], that

is a heuristics-based GTSP solver. The results in Section 2.4 show that GLNS is significantly

faster than concorde. However, only the concorde approach is guaranteed to find the optimal

solution.

We start by showing how to formulate the SMCS and MSCS problems as GTSP instances.

After obtaining an output, we can convert the TSP solution back into a GTSP solution,

then into a solution for the SMCS or MSCS problems. The process of converting SMCS and

MSCS into TSP is the same. Only the process of converting the solution of TSP to solutions
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of SMCS and MSCS differ.

A Transforming SMCS/MSCS to GTSP

Given an SMCS or MSCS instance, we show how to create a GTSP instance consisting of a

directed graph where the vertices are partitioned into non-overlapping clusters. We create

one cluster, gi, for each input site xi. Each cluster, gi has m vertices, each one corresponding

to a discretized battery level. That is, gi = {xk
i | ∀i ∈ [1 : n], ∀k ∈ {1, 2, . . . ,m}}. xk

i repre-

sents the UAV reaching site xi with k
100%
m

battery remaining. m is an input discretization

parameter. Figure 2.2 shows the six clusters for six input sites with m = 5.

Figure 2.2: Different types of edges that are created. Type I are the edges where the UAV
flies directly between the two sites and the battery level strictly decreases.

Type II are the edges where the UGV carries and recharges the UAV. Lastly, Type III are
the edges where the UAV and UGV meet up to charge at a site. The depot station d is

shown on the graph. Note that only a subset of all possible edges are shown.

Next we describe how to create the edges amongst the vertices in the n clusters. We create

three types of edges. Type I edge between xk
i and xk′

j models the case where the UAV directly

flies from xi to xj. The cost of a Type I edge is given by:

TI(x
k
i , x

k′

j ) = tUAV (xi, xj)

A Type I edge exists between xk
i and xk′

j if and only if k − k′ equals the distance between xi
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and xj. For ease of exposition, we assume that taking-off and landing energy consumption is

negligible. Nevertheless, we can easily incorporate this in the edge definitions. These types

of edges are shown in Figure 2.2-left.

A Type II edge from xk
i to xk′

j models the UAV landing on the UGV at xi and recharging

while being muled to xj by the UGV. The cost of a Type II edge is given by:

TII(x
k
i , x

k′

j ) = max(r(k′ − k), tUGV (xi, xj)) + tTO + tL

The cost is the maximum of the time taken to recharge from k to k′ and the time it takes

the UGV to travel from xi to xj. Note that a Type II edge exists only if k′ ≥ k. Type II edges

are shown in Figure 2.2-middle.

Finally, there are Type III edges that represent the UAV flying from xi to xj and then landing

on the UGV at xj and recharging up to k′ battery level. The cost of a Type III edge is given

by:

TIII(x
k
i , x

k′

j ) = tUAV (xi, xj) + r(k′ − k + ||xi − xj||2) + tTO + tL

A Type III edge exists if and only if k′ ≥ k − ||xi − xj||2. Figure 2.2-right shows the Type III

edges.

Only Type I and Type III edges exist when solving MSCS whereas all three edges are possible

when solving MMCS. Note that Type II and Type III edges require the UAV to take off and

land at every site. This prevents the UAV from not taking off between two consecutive Type

II edges. This is because in order to visit a site it must fly to a fixed altitude to consider the

site visited.

There are certain pairs of vertices for which more than one type of edge may be allowed. In

such a case, we pick the minimum of the three edge costs (assuming the edge cost is ∞ if
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the edge does not exist) and assign the minimum cost for the edge. That is, the edge cost

T (xk
i , x

k′
j ) is given by:

T (xk
i , x

k′

j ) = min{TI(x
k
i , x

k′

j ), TII(x
k
i , x

k′

j ), TIII(x
k
i , x

k′

j )}

We also create an n+ 1th cluster containing a dummy vertex called the depot, d. We add a

zero cost edge from d to all vertices, xk
i , with k = m and edges from all vertices back to d.

The reason to create a depot node is that the TSP solver finds a closed tour whereas we are

interested in finding paths.2 The depot node serves to ensure that we can find a closed tour

without charging for the extra edges.

B Converting Optimal TSP Tour to UAV and UGV Paths

An optimal TSP tour immediately yields an optimal GTSP solution. The order in which

the clusters are visited gives the sequence of vertices on the UAV paths. What remains is

deciding the UGV path for SMCS and recharging station placements for MSCS.

In MSCS, we only have Type I and Type III edges. If a Type III edge, say from xk
i to xk′

j ,

appears in the GTSP solution, then we will place a recharging station at the site xj. No

recharging stations are placed for Type I edges in the solution.

In MMCS, all three edges are possible, whereas only Type I and Type II in SMCS. We check

the type of each edge in the GTSP solution, one by one. If a Type I edge appears in the

GTSP solution, then it does not affect the UGV tour. If a Type II edge, say from xk
i to xk′

j ,

appears in the GTSP solution, we add xi and xj to the UGV path (in this order). If a Type

III edge, say from xk
i to xk′

j , appears in the GTSP solution we add only xj to the UGV path.

2A path visits a vertex exactly once whereas a tour has the same starting and ending vertices.
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The UGV path, as a result, visits a subset of the input sites. If the UGV is slower than the

UAV, then it is possible that the UAV will reach a site before the UGV does and will be

forced to wait. We implement an ILP that allows me to solve for the minimum number of

UGVs necessary to service the UAV without waiting (shown in Section C).

Theorem 2.1. The GTSP-Based algorithm finds the optimal solution for SMCS and MSCS

assuming that there exists an optimal TSP solution.

The proof follows directly from the proof of optimality of the GTSP reduction given by Noon

and Bean [85].

Problem 2 assumes that the UGV is as fast as the UAV, and therefore only one UGV suffices.

Next, we show how to address the case when the UGV is slower than the UAV. Multiple

UGVs may be required. We show how to minimize the number of UGVs.

C Solution for Problem 3

We present a solution to the MMCS problem based on an ILP formulation. The input is

obtained by solving Problem 2, where a UAV path, a set of UGV sites and Type II edges

are given. The UGV path visits only a subset of the sites in {xi}. We denote these sites by

{g1, g2, . . . , gl}, where l ≤ n. For each directed edge from gi to gj, where j > i, we associate

a binary decision variable yij. The solution to Problem 3 will assign binary values to all yij.

If yij equals 1, then some UGV will travel from gi to gj. If yij equals 0, then no UGV will

travel from gi to gj. Note that j does not necessarily have to be i+1 but must satisfy j > i.

If there is a site ge such that a solution has one incoming edge yde = 1 and one outgoing

edge yef = 1, then the same UGV can be used for both edges (Figure 2.3). That is, the site

ge is in the middle of some UGV path. If there is a site gc such that the solution has an
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Figure 2.3: Example case of UGV path with site and edge labels. The binary decision
variables that are equal to 1 are shown; all other yij are returned as 0 by the solver. g2 has
no incoming or outgoing edge selected and requires a separate UGV. g1 and g4 have only
one outgoing edge selected and therefore indicate the start of a new UGV path. Similarly,
g3 and g7 have only one incoming edge and are therefore the end of a UGV path. g5 and
g6 have incoming and outgoing edges and are therefore in the middle of a path. The edge
between g6 and g7 is Type II and therefore y67 is forced to be selected always.

incoming edge yac = 1 or a site ga such that the solution has an outgoing edge yac = 1 but

not both, then the corresponding UGV path either ends or starts at gc or ga respectively.

If there is a site gb such that a solution has no incoming or outgoing edge selected, then

the corresponding UGV path visits only gb and no other site. The number of distinct UGV

paths selected is given by l minus the total number of edges selected. Therefore, to minimize

the number of UGVs required, we maximize the number of edges selected.

Also associated with each edge is the time to come for the UAV and UGV denoted by

TΠ∗
(gi, gj) and tUGV (gi, gj) respectively. Here TΠ∗

(gi, gj) is the time taken by the UAV to

fly the subpath of Π∗ from gi to gj, which may contain some intermediate sites. tUGV (gi, gj),

on the other hand is the time for the UGV to directly go from gi to gj.

Using the above notation we present the following ILP formulation:

max
l−1∑
i=1

l∑
j=i+1

yij (2.4)
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subject to:
j−1∑
i=1

yij ≤ 1 ∀ j, (2.5)

l∑
j=i+1

yij ≤ 1 ∀ j, (2.6)

yij = 0 if TΠ∗
(gi, gj) < tUGV (gi, gj), and (2.7)

yij = 1 if yij is Type II edge. (2.8)

Equation 2.5 and 2.6 only allow a maximum of one incoming edge and a maximum of one

outgoing edge. The constraint given by Equation 2.7 removes all UGV edges where the UAV

would have to wait for the UGV. Lastly Equation 2.8 forces the problem to use Type II edges

if present.

2.4 Simulations

In this section, we present simulation results using the proposed algorithm. The implemen-

tation is available online.3 We conduct four types of simulation studies. First, study the

effect of the input parameters and computational time for SMCS (MSCS has similar com-

putational cost as SMCS). Next, we compare the performance of the algorithm for SMCS

with that of [72]. Finally, we present simulation results for MMCS.

A Effect of the Parameters for SMCS

Figure 2.4 shows the outputs obtained for different configurations of the tTO, tL, r, tUGV

parameters for the same 20 input sites and with m = 10 battery levels. Each figure has the
3https://github.com/raaslab/Heterogeneous-Teams
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(a) UAV Tour and Cluster
{0,0,0,1} in order of visit.

(b) UAV Tour and Cluster
{0,0,0,4} in order of visit.

(c) UAV Tour and Cluster
{0,0,4,1} in order of visit.

(d) UAV Tour and Cluster
{4,4,0,1} in order of visit.

(e) UAV Tour and Cluster
{4,4,0,4} in order of visit.

(f) UAV Tour and Cluster
{4,4,4,4} in order of visit.

Figure 2.4: The above figures are multiple runs using the same initial points. We use 20
sites with 10 battery levels. Each figure has the vertex number in the GTSP input graph
and a set in the form {W,X,Y,Z} in the caption. This set {W,X,Y,Z} denotes: tTO = W ,
tL = X, r = Y , and tUGV = ZtUAV . The colors represent different edge types with blue
being only UAV travel, red being only UGV travel, green being UAV and UGV travel

separate, and dashed red being UAV+UGV travel together.

UAV+UGV tour with blue solid edges (only UAV), red solid edges (only UGV), green solid

edges (UAV and UGV separate), and red dashed edges (UAV+UGV together).

The following intuitive observations using the six cases are made, shown in Figure 2.4:

• tTO = 0, tL = 0 and r = 0: UAV does not differentiate between the type of the edge

because there is no penalty to recharge (Figure 2.4a);

• tTO + tL > 0: recharging has a penalty and as such the number of recharging stops are

reduced (Figures 2.4d, 2.4e and 2.4f);

• tTO = 0, tL = 0, r = 0 and tUGV > tUAV : the UAV will use Type III edges for charging
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because tUGV will make Type II edges higher cost (Figure 2.4b and 2.4e);

• tTO = 0, tL = 0, r > 0 and tUGV = tUAV : the UAV will use Type II edges for charging

instead of Type III edges (Figure 2.4c);

It is observed that the recharge time r and UGV speed tUGV affect which type of edges are

used. If the time it takes to recharge is much larger than tUGV then the UAV will favor Type

II edges and when the time it takes to recharge is much less than tUGV then the UAV will

favor Type III edges.

B Computational Time for SMCS

We use two solvers for the SMCS (and MSCS) problem. When using concorde an optimal

solution is obtained, but with more computational time. Therefore, it can only solve smaller

instances. The GLNS solver can solve larger instances, but cannot always guarantee opti-

mality. Nevertheless, it is observed that the GLNS was able to find the optimal solution for

all of the cases reported in Figure 2.5.

Figure 2.5 shows a direct comparison of the computational time of the two methods. We

compared the two methods by first varying the amount of input sites (Figure 2.5a), with

m = 4, and then comparing the two by varying the amount of battery levels (Figure 2.5b),

given n = 12. We ran 10 trials with random input sites. We plot the average value along

with the maximum and minimum value.

Due to limitations in concorde, larger instances were not able to be run, but GLNS could

run larger instances, as shown in Figure 2.6. We show the effect of incrementing n from 20

to 50 and m from 50 to 150 in Figure 2.6. We ran 5 random instances and plot the average

of the 5 instances with the maximum and minimum value. The simulations show that GLNS
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Figure 2.5: Comparison of computational times of the GTSP to TSP transformation [85]
solved using concorde and the direct GTSP solver, GLNS [102] on the default “medium”
setting. The output costs for the concorde and GLNS solutions were the same for the given
instances, but may differ for larger instances. This was done over 10 trials.

is able to solve larger sized instances in reasonable amount of time.

C Comparison With Baseline Algorithm for SMCS

We compare the proposed GTSP-based algorithm with the method presented by Maini and

Sujit [72]. We refer to the algorithm presented in [72] as the baseline method. There are some

minor differences in the two problem formulations. The method proposed overcomes many

of the limitations in the baseline method. In the baseline method, the UGV is restricted to

navigate only on a given road network which is assumed to be a tree. The UGV must remain

stationary while recharging the UAV in the baseline method whereas we allow for the UGV

to recharge the UAV while carrying it to the next deploying site. Furthermore, it is implicitly

assumed that the UAV’s battery is fully recharged every time it lands on the UGV whereas
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Figure 2.6: The computational time of GLNS for larger instances. This was done for 5
random instances with the average, max, and min plotted as well. These problem instances
could not be solved by concorde.

we provide as output the charging schedule as well. The method proposed keeps track of

the UAV’s battery level, thereby allowing it to recharge at any level (not necessarily when

fully depleted) and potentially not recharge to 100%, if it is not needed. As a result, the

method proposed produces paths that visit the set of input sites in lesser time. We present

the empirical results next.

Figure 2.7 shows a sample output from the baseline method. The method starts by dis-

cretizing the edges of the UGV roadmap. A disk of radius B/2 is placed at each discretized

point, where B is the energy budget (assuming unit rate of discharge and unit speed). A

hitting set problem is then solved to find the minimum number of disks required to cover all

the sites that need to be visited by the UAV. The UAV then visits all the sites within each

chosen disk, while the UGV waits at the center of the disks. The UAV may return to the

center multiple times, if the tour within a disk is longer than B. The UGV’s path is found

using depth-first search over the roadmap to visit all the chosen disk centers.
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(a) First UAV flight. (b) Second UAV flight.

(c) Third UAV flight. (d) Fourth UAV flight.

(e) UGV path using DFS. (f) UGV path using TSP.

Figure 2.7: Representative output of the baseline method [72]. The number of sites randomly
chosen were 50 with 100 battery levels and 150 meter budget (assuming unit rate of discharge
and unit speed).



32 Chapter 2. 2D Point Coverage with a Symbiotic UAV+UGV System

25 30 35 40 45 50 55

Number of Random Input Sites

600

800

1000

1200

1400

1600

1800

2000

2200

2400

2600

C
o
s
t 
(U

A
V

 T
ra

v
e
l 
T

im
e
)

Comparison of Proposed and Baseline Methods

Proposed Method

Baseline Method

(a) Depth First Search method.

25 30 35 40 45 50 55

Number of Random Input Sites

600

800

1000

1200

1400

1600

1800

2000

2200

C
o

s
t 

(U
A

V
 T

ra
v
e

l 
T

im
e

)

Comparison of Proposed and Baseline Methods

Proposed Method

Baseline Method

(b) TSP method.

Figure 2.8: Comparison between the method proposed in this chapter and the baseline
method [72]. We also consider a variant of the baseline method that uses a TSP solver to
calculate the UGV path instead of depth first search. All graphs show mean and variance of
10 random trials. We kept the number of battery levels the same at 100 and allow an energy
budget of 150 meters.

Since the algorithm does not take a UGV roadmap as input, we create such a roadmap by

constructing a minimum spanning tree of all the input sites. We use concorde to solve for

the UAV tours within each disk and add detours to visit the center if the tour exceeds the

budget B (green edges in Figure 2.7). We find the minimum hitting set by greedily choosing

the disk that contains the most uncovered sites and continuing until all sites are covered.

In addition to using depth-first search for finding the UGV path, we also find a TSP tour

of the chosen disk centers which results in shorter paths. Nevertheless, the baseline method

still results in longer tours as compared to the method proposed.

Figure 2.8 shows the cost of tours generated by the baseline method (with DFS and TSP) and

the method proposed. The figures show the total cost of the UAV tour which includes the

UAV flight time as well as the time it would take to return to the UGV, land, recharge, take-

off, and then return to the path. The sites are generated randomly in an area of 300× 110

meters. The energy budget is set to B = 150. The baseline method returns path that take
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almost twice as long as the method proposed. We attribute this to the fact that we allow

the UGV to recharge while carrying the UAV and not always recharge to 100% or recharge

only when completely depleted.

D Number of UGVs required in MMCS
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Figure 2.9: Minimum number of UGVs necessary to service an UAV with multiple UGV
speeds. The UGV speed in this figure is in meters/second. The input was the same 5
random trails that were used for m = 50 data from Figure 2.6.

For Problem 3, we study the effects of a slower UGV on the number of UGVs required to

service the same set of sites. The ILP was solved using the Integer Programming toolbox

in MATLAB. Figure 2.9 shows the minimum number of UGVs necessary to service a single

UAV as a function of the relative speeds. We used the same m = 50 data set that was

used to create Figure 2.6. As expected, the ILP solution uses only one UGV when the UAV

and UGV have equal speeds. As the relative speed of the UGV decreases, more UGVs are

required on an average. The actual trend depends on the specific configuration of sites.
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2.5 Field Experiments

We evaluated the proposed algorithm through proof-of-concept experiments using a custom

UAV and a Clearpath Husky UGV (Figure 2.1). The UAV is capable of flying fully au-

tonomous missions aided by GPS. The UAV is based on a DJI Flame Wheel F450 frame and

uses the APM firmware running on a Pixhawk autopilot. The onboard computer (Nvidia

Jetson TX1) interfaces with the autopilot using the mavros package [73] of the Robotic Op-

erating System [94]. The Jetson TX1 runs the high-level mission algorithm and sends the

list of waypoints to the autopilot.

The mission to be executed by the UAV and UGV is computed offline. The mission is

decomposed into subpaths; each subpath consists of a single take-off, visiting one or more

waypoints, and land sequence. While the UAV is executing the subpath, the UGV directly

navigates to the landing site. Once at the final site on the subpath, the UAV lands on the

UGV using a precision landing method that is implemented via IR-Lock (Figure 2.10a).

IR-Lock [53] is an off-the-shelf system integrated in APM firmware. It gives a landing

accuracy of up to 30cm in ideal conditions. The experiments suggest that the UAV is

capable of landing directly on top of the Husky (59cm x 73cm) in normal conditions. In

windy conditions, a larger platform of size 91cm x 122cm (Figure 2.10c) was mounted on

top of the Husky. The UAV was repeatedly successful in landing on the platform.

The IR-Lock sensor has 3.6mm lens giving horizontal and vertical viewing angles of ap-

proximately 60◦ and 35◦. The MarkOne Beacon was used as the IR emitter, which has a

detection range of 15m+ and a beam angle of 65◦. During the experiments, the UAV flew

at an altitude of 10m. Therefore, the UAV can detect the UGV within a 17m horizontal and

7m vertical footprint.

Once the UAV lands on the UGV, the UGV travel to the take-off site on the next subpath.
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We manually “cold-swapped” the battery of the UAV everytime it landed on the UGV.

This part of the system can be completely automated using existing solutions such as those

presented in [10, 81].

This next take-off site could be a new site due to Type II edge or the same site due to Type

III edge. The UAV then detects if it is at the next take-off point by comparing its current

GPS position with the GPS coordinates of the next take-off point. This process loops until

the UAV reaches its final site whereupon the UAV would autonomously land on the ground.

A video of the system in action can be seen in the multimedia submission.

(a) IR-Lock camera mounted
on the UAV, viewed from the
bottom.

(b) IR-Lock camera mounted
on the UAV, viewed from the
top.

(c) IR-Beacon mounted on top
of the landing platform on the
UGV.

Figure 2.10: The IR-Lock system consists of a camera mounted on the UAV and an IR
beacon mounted on the UGV. The system enables precision landing of the UAV on the
UGV.

Figure 2.11a shows the 50 sites used for the proof-of-concept experiments of the SMCS

problem. The sites were randomly generated in an area of 300× 110 meters. The path was

found using the GLNS solver with m = 100 battery levels, tTO = 4, tL = 4, r = 0, and

tUGV = tUAV . For this particular path, a single UGV was sufficient even though it is slower

than the UAV. Regardless, the implementation will make the UAV hover over the landing

site until the UGV reaches it. In the experiments, the UGV always reached the landing site

before the UAV. The outputs for the UAV tour and UGV tour are shown in Figure 2.11a.

Figure 2.11b shows the output data from the Pixhawk flight controller.
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The total time for the experiment was approximately 23 minutes. We conducted multiple

sets of experiments with similar results (additional experiments can be found in [122]).

(a) Final MATLAB plot of UAV and UGV
path. (b) GPS trace of the UAV.

Figure 2.11: Experiments were performed at Kentland Farms in Blacksburg VA. The input
was 50 sites in a 300 × 110 meters area with 100 battery levels. tTO = 4, tL = 4, r = 0,
and tUGV = tUAV . For the experiment the UAV autonomously took off, traversed sites, and
landed. The blue subpaths are UAV-only, the red subpaths are UAV+UGV edges. The
UGV operated autonomously between landing and take-off sites.

2.6 Conclusion

In this chapter, we present an algorithm for routing a battery-limited UAV and a mobile

recharging station to visit a set of sites of interest. We specifically consider scenarios where

the UGV can recharge the UAV while being ferried to the next deployment location. We

examine different combinations of input parameters that help dictate different methods to

recharge in Section 2.4. We evaluate the assumptions through proof-of-concept experiments

lasting about 30 minutes and rigorous simulations.



Chapter 3

2D Area Coverage with Symbiotic

UAV+UGV System

In the previous chapter, we presented an algorithm for the 2D point coverage problem. In this

chapter, we extend point coverage to 2D area coverage. The key challenge we address in this

chapter is how to cover large environments with an energy-constrained UAV. Particularly,

we are interested in scenarios where the coverage is expected to take longer than the battery

capacity of the UAV.

One way of addressing energy constraints is by choosing a better platform. Multi-rotor UAVs

have limited battery runtime, typically less than 30 minutes [40]. As a result, surveying large

areas with a single vehicle may require frequent stops to recharge or replace batteries. Fixed-

wing UAVs have longer runtimes, typically less than 90 minutes, but cannot take-off and

land vertically or hover in place. The latter characteristic may be essential for visual cov-

erage. Fixed-wing UAVs also have the steering constraints that limit their maneuverability.

Hybrid UAVs seek to achieve the best of both worlds — higher maneuverability of a multi-

rotor and longer endurance of a fixed-wing. Such hybrid UAVs are commercially available

for coverage applications such as precision agriculture [6], environmental monitoring [116]

reconnaissance [7] that involve visual coverage of large areas.

While fixed-wing and hybrid UAVs can mitigate some of the energy limitations, there may

still be environments that are too large or need persistent monitoring beyond the runtime of

37
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the UAV. To address this inherit limitation, we propose a solution that uses UGVs as mobile

recharging stations similar to the previous chapter. In this chapter, we generalize this to area

coverage using hybrid UAVs. Hybrid UAVs add the challenges of handling multiple modes of

flight, Dubins’ steering constraints when executing fixed-wing flight, and the different energy

discharge rates dependent on the flight mode.

The input to the planner is a set of boustrophedon cells — rectangular regions whose width

is equal to the footprint of the UAV’s sensor. The boustrophedon cells can be obtained

by decomposing regions that need to be covered [21, 74]. Figure 3.1 shows a motivating

example of surveying crops in four fields. Here, each boustrophedon cells corresponds to a

row of crops that need to be imaged by the UAV.

A boustrophedon cell can be covered by the UAV entering from either end and exiting from

the other — the planner must find the optimal sequence in which to cover the boustrophedon

cells as well as the corresponding entry and exit sites for each boustrophedon cells.

We consider scenarios where the UAV can land on the UGV and either recharge in-place

or recharge while the UGV transports the UAV to the next take-off site. We present an

algorithm that plans a tour for the UAV and a path for the UGV, such that the UAV can

cover an area in the minimum time while never running out of charge. This includes not only

the flight time of the UAV but also the time it takes to recharge as well as the taking-off and

landing times. The output tour given by the planner specifies not only the order in which to

cover the boustrophedon cells but also the charging schedule and flight mode that the UAV

will be in. In particular, the planner outputs where and how to recharge the battery, how

much to recharge by, and whether to fly in multi-rotor flight mode or fixed-wing flight mode.

This problem is a generalization of the NP-hard TSP [13]. The solution is based on reduc-

ing the coverage problem to the GTSP [85]. Specifically, we present an algorithm that is
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guaranteed to find the optimal coverage tour for the UAV, as long the GTSP solver pro-

duces optimal tours. While no polynomial-time optimal algorithms are believed to exist for

NP-hard problems, there are solvers that find optimal solutions to many instances in reason-

able amounts of time in practice. One such solver, Generalized Large Neighborhood Search

(GLNS) [102], that finds optimal solutions for GTSP instances is used. We empirically

evaluate the performance of the algorithm using the GLNS solver.

This chapter, extends the method in the previous chapter for covering a set of points to

covering a set of boustrophedon cells. We could use the previous method to cover boustro-

phedon cells by discretizing the whole environment and creating a set of points that need to

be covered by the UAV. However, this becomes computationally expensive for larger areas

and scales poorly. We also account for hybrid UAVs in this chapter. This chapter focuses

on the task of a single hybrid UAV handling multiple modes of flight, Dubins steering con-

straints when executing fixed-wing flight, and the different energy discharge rates dependent

on the flight mode.

The contributions of this chapter are as follows: we introduce a new area coverage problem

formulation for a hybrid UAV using a UGV as a mobile charging platform; we design a cov-

erage method that uses eighteen uniqe edges for UAV and UGV traversal of boustrophedon

cells; and conduct an extensive evaluation of the method presented in this chapter.

3.1 Related Work

Environmental coverage is a well-studied problem in robotics [20, 41]. Choset [20] provides

a survey of coverage using robots, including heuristic, approximate, partial-approximate,

and exact cellular decomposition algorithms. The variant most closely related to the one we

study is that of decomposing a known environment into various cells and then finding a route
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to sweep (i.e., cover) each cell [17, 19, 44, 52, 120]. In this work, we assume that the first

step (cell decomposition) has been solved and focus on the problem of routing the UAV to

cover the cells in minimal time, while keeping track of the battery level and flight mode. We

introduce a novel means of environmental coverage using a hybrid UAV, which can leverage

aspects of a multi-rotor UAV, such as vertical take-off and landing, and fixed-wing UAV,

such as long flight times. Specifically, we take as input a boustrophedon cell decomposition

which can be found using techniques given by [74].

A number of algorithms have also been developed for the second step, i.e., routing to cover

all cells, under various constraints. In particular, Karapetyan et al. presented a multi-robot

coverage algorithm for boustrophedon cell decomposition for point robots [56]. Yu et al.

presented a coverage algorithm for a single robot with Dubins steering constraints [126].

Lewis et al. later proved that the problem is NP-hard, and showed how to reduce the graph

to obtain practical solutions [66]. Bochkarev and Smith present a method for decomposing

an environment to minimize the number of turns needed to cover an area, but do not consider

energy-limited robots and consequently, do not need to keep track of the battery level of the

robot [17]. Most recently, Karapetyan et al. presented two techniques to cover a collection

of cells with multiple Dubins vehicles [57].

The underlying ideas in the aforementioned works are similar — reduce the problem of

covering all cells to a variant of the TSP, solve the TSP, and convert the resulting solution

back to a tour for the robots. The approach extends these ideas for the case of a robot with

limited energy capacity which can be recharged along the way and a robot with multiple

flight modes, taking advantage of both multi-rotor and fixed-wing modalities. This requires

me to keep track of energy level of the robot along the tour and the flight modes, which

further complicates the problem. Nevertheless, we show that by reducing it to GTSP, we

can obtain optimal solutions in reasonable amounts of time.
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Many other works also analyze the coverage problem using fixed-wing UAVs, but do not

have the advantages of a hybrid system. Paull et al. considered area coverage using onboard

sensors for a fixed-wing UAV [89]. However the authors take an online approach, leading to

solutions that are sub-optimal for environmental coverage. Xu et al. present an algorithm

for optimal terrain coverage using fixed-wing UAV [118]. Their method considers minimizing

overlapping areas of coverage, the method in this work does not allow for any overlapping

coverage. Also experiments that utilize charging stations are provided as well as an imple-

mentation of a hybrid system. Coombes et al. use a fixed-wing UAV for survey coverage

path planning in windy environments [25]. This approach studies the effects of wind on a

fixed-wing system and proposes algorithms that solve for paths that take into account the

wind patterns of the environment.

There have been algorithms for assigning and routing with one or more stationary recharging

stations [8, 60, 69]. Kim et al. present a Mixed Integer Linear Programming approach

for assigning UAVs to stationary recharging stations while taking into account the task

objective [60]. Liu and Michael presented a method for assigning UAVs to UGVs acting as

recharging stations [69]. Gramajo and Shankar [45] studied energy-constrained UAVs for

search and coverage. That approach maximizes the area covered based on the amount of

energy, but does not allow for recharging.

In previous works [111, 121, 123], the problem of visiting a set of boustrophedon cells (rect-

angles with the width of the field-of-view (FOV) of the sensor in a 2D plane) using an

energy-limited UAV with only one mode of flight was studied. In [111], it was shown how

to maximize the number of sites visited in a single charge when the UAV is allowed to land

on the UGV and let the UGV transport it to the next take-off site, without recharging the

UAV, and without the UAV expending energy. In [121], this is extended to also allow for

the UGV to recharge the UAV either while stationary or while being transported to the next
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Figure 3.1: The problem of covering a set of boustrophedon cells using a UAV which has
limited battery capacity is studied. In a precision agriculture scenario, a boustrophedon cell
may correspond to a row of crops that must be monitored using a downward-facing camera
on the UAV.

deployment site. In [123], the work is further extended from [121] to conduct coverage of

boustrophedon cells. This chapter extends the prior chapter from merely having a single

mode of flight to having multiple modes of flight. As a result, the planner must decide not

only the order in which the boustrophedon cells should be visited but also the directions in

which to cover them and what is the optimal flight mode to use.

3.2 Problem Formulation

The input to the algorithm proposed is a set of n boustrophedon cells that need to be

covered by the UAV. We do not split the areas into boustrophedon cells, but instead rely on

previous work [66] that optimize how areas are split into boustrophedon cells for coverage.

A boustrophedon cell is a rectangular strip whose width is equal to the diameter of the FOV

of the sensor onboard the robot. An example is shown in Figure 3.2 and a larger example is

shown in Figure 3.1.
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Figure 3.2: Example boustrophedon cells. Each boustrophedon cell is a rectangle whose
width is equal to the footprint of the UAV’s sensor. A boustrophedon cell i is characterized
by two sites, ai and bi, on either end. The algorithm must choose which one acts as the
entry site and how to traverse the boustrophedon cell.

Each boustrophedon cell is described by two sites, ai and bi, where i is the index of the bous-

trophedon cell. These sites are placed at two ends of the rectangular strip. A boustrophedon

cell is said to be covered if the UAV travels in a straight line from ai to bi or from bi to ai.

The UAV can enter a boustrophedon cell from either site, ai or bi. However, once the UAV

has entered a boustrophedon cell it is required to cover the entire boustrophedon cell and

exit from the other site. The coverage algorithm must choose one of the sites as the entry

site as well as how to traverse the boustrophedon cell. We slightly generalize the traditional

notion of a boustrophedon cell by allowing them to be oriented in different directions. That

is, we do not require the boustrophedon cells to be parallel to each other.

We make the following assumptions:

• the UAV has an initial battery charge of 100%;

• the UAV flies at a fixed-altitude plane when covering a boustrophedon cell;
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• the battery discharge at a unit rage (one unit per unit distance traveled);

• the UGV has unlimited fuel/battery capacity;

• boustrophedon cells do not overlap, however, paths may intersect while the UAV is

transitioning;

• the UAV ignores transition costs between multi-rotor and fixed-wing mode;

• the UAV is fixed to one flight mode while covering a boustrophedon cell;

• edges can only conduct recharging if they correspond with sites the UGV can visit.

Note that the UGV can be a large vehicle such as the Clearpath Moose [4] which can run

for 6 hours. This is significantly longer than the UAV mission time and therefore, it can be

assumed that the UGV will not run out of charge during the mission. Even if the mission

is longer than 6 hours, a quick battery swap for the UGV can double the run time. also

note that the multi-rotor mode for the UAV is not required to be slower than the fixed-wing

mode.

We use tTO and tL to represent the time taken by the UAV to take-off from the UGV to

reach the fixed-altitude plane and land from this plane onto the UGV, respectively. Dmax

represents the total distance a UAV can travel with 100% battery capacity in multi-rotor

mode.1 We discretize the battery capacity into C levels. r represents the rate the battery

gets recharged per unit time. fRatio represents the ratio of multi-rotor to fixed-wing battery

consumption. This is above 1 if the fixed-wing consumes less battery than the multi-rotor

over a fixed distance. We define the turn radius of the fixed-wing as TR. When the UAV is

in fixed-wing mode it will obey the constraints of a Dubins vehicle. This means that when
1Strictly speaking, we maintain a reserve battery capacity to take-off from ground to reach the fixed

altitude plane and land from the fixed-altitude plane on the ground. In this work, when we refer to 100%
battery capacity, it excludes this reserve battery for taking-off and landing.
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the UAV is flying from the exit site of one boustrophedon cell to the entry site of another

boustrophedon cell it will have to abide by the turn radius and therefore the cost to travel

is dependent on the turn radius.

Let γ(i) ∈ {ai, bi} denote the site chosen by a coverage algorithm to be the entry site of the

ith boustrophedon cell in the order in which they are to be visited. Correspondingly, γ(i)

denotes the site chosen to be the exit site of the boustrophedon cell, i.e., γ(i) = {ai, bi}\γ(i).

σ(j) denotes the order in which the boustrophedon cells are to be visited. That is, σ(j) ∈

{1, . . . , n} gives the jth boustrophedon cell that is visited.

We use γi, γi, and γi+1 to denote γ(σ(i)), γ(σ(i)), and γ(σ(i+ 1)), respectively. We denote

by tG(γj, γj+1) the time it takes for the UGV to travel along the ground from the exit site

of jth boustrophedon cell to the entry site of the next visited boustrophedon cell. We use

tM(γj, γj+1) to represent the time it takes for the UAV to travel in multi-rotor mode from

the exit site of the jth boustrophedon cell to the entry site of the next boustrophedon cell

visited. Similarly, tM(γj, γj) gives the time taken by the UAV in multi-rotor mode to cover

the jth boustrophedon cell. We use tF (γj, γj+1) to represent the time it takes for the UAV to

travel in fixed-wing mode from the exit site of the jth boustrophedon cell to the entry site of

the next boustrophedon cell visited. Similarly, tF (γj, γj) gives the time taken by the UAV in

fixed-wing mode to cover the jth boustrophedon cell. When calculating these times, we take

into consideration the constraints on the UAV’s motion. In particular, when in fixed-wing

mode, we take into account the longer flight distance due to the turn radius constraint.

Suppose π is a path that visits every boustrophedon cell in the order given by σ and with

entry and exit sites given by γ. The cost of the path depends on how the UAV travels

between consecutive boustrophedon cells. Consider traveling from γj to γj and then on to

γj+1 along π. We have the following components for this part of the path:
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• The UAV must fly from γj to γj. The time taken is given by tM(γj, γj) or tF (γj, γj).

Let I1(γj, γj) be an indicator function that denotes whether the UAV chooses to fly in

multi-rotor or fixed-wing mode.

• It can then choose to land on the UGV at γj, recharge in-place, and take-off to reach

the fixed-altitude plane at γj. Let I2(γj) be an indicator function that denotes whether

the UAV chooses to do this or not.

• It can then choose to either fly from γj to γj+1 or land on the UGV at γj, recharge

while being carried by the UGV to the next site, then take-off at γj+1 to reach the

fixed-altitude plane. Let I3(γj) be an indicator function denoting whether the UAV

travels with the UGV or not. Note that if UAV chooses flight then the indicator

function I1(γj, γj+1) is also used to denote true for multi-rotor or false for fixed-wing

flight.

• It can then choose to land on the UGV at γj+1, recharge in-place, and take-off to reach

the fixed-altitude plane at γj+1. Let I2(γj+1) be an indicator function that denotes

whether the UAV chooses to do this or not.

Based on these choices, the cost of traveling from γj to γj+1 is given by:

T (j, j + 1) = I1(γj, γj)tM(γj, γj) + (1− I1(γj, γj))tF (γj, γj) + I2(γj)(tL + r · b(γj, γj) + tTO)

+ (1− I3(γj))I1(γj, γj+1)tM(γj, γj+1) + (1− I3(γj))(1− I1(γj, γj+1))tF (γj, γj+1)

+ I3(γj)(max{tG(γj, γj+1), r · b(γj, γj+1)}+ tL + tTO) + I2(γj+1)(tL + r · b(γj+1, γj+1) + tTO).

(3.1)

Here, b(·) is a function which gives the amount by which the battery should be recharged

between two sites.
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Therefore, we can define the cost of the path π as:

T (π) =
n−1∑
j=1

T (γj, γj+1) + min{tM(γn, γn), tF (γn, γn)} (3.2)

At the end of π we take the minimum of tM and tF because at the last site the UAV will

not need to conduct any type of charging and therefore will only need to cover the site. The

problem is now ready to be defined.

Problem 4 (Multiple Polygon Coverage). Given a set of boustrophedon cells to be covered,

find a path π∗, which contains σ(·), γ(·), I2(·), I3(·), I1(·) and b(·), for the UAV that visits

and covers all of the boustrophedon cells, while minimizing the cost (Equation 3.2), and

ensuring that the UAV does not run out of battery capacity. The path π∗ must specify the

order in which to visit the boustrophedon cells, σ(·), the entry site for each boustrophedon

cell, γ(·), the recharging indicator functions, I2(·), I3(·) and I1(·), the amount of recharging

at a site, b(·), and when to change flight modes during coverage.

Note that finding a path for the UAV necessitates finding a path for the UGV that supports

the UAV recharging schedule.

3.3 GTSP-based Algorithm

We solve the polygon coverage problem by reducing it to GTSP. In this section, we describe

in detail the reduction to GTSP. The input to GTSP is a directed weighted graph where

the vertices are partitioned into clusters. The objective is to find a minimum cost tour that

visits exactly one vertex in each cluster. If all the clusters contain exactly one vertex, then

GTSP trivially reduces to TSP. We show how to create the clusters, the edges between the

clusters and then show how to convert the solution for GTSP into tours for the UAV and
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the UGV. Algorithm 1 summarizes the process in pseudocode.

Algorithm 1 Overview of the approach.
1: Initialize graph G
2: for i = 1, 2, . . . , n do
3: for k = 1, 2, . . . , C do
4: Add vkai and vkbi to G
5: end for
6: Create cluster i containing {v1ai , v

1
bi
, . . . vCai , v

C
bi
}

7: end for
8: T ← {M-M,F-F,M-F,F-M,M-DTU,F-DTU,

M-MDU,F-FDU,M-FDU,F-MDU,M-DUM,
F-DUF,M-DUF,F-DUM}

9: for each vertex v ∈ G do
10: for each vertex w ∈ G do
11: if v ̸= w then
12: d←∞
13: for each edge type t ∈ T do
14: c← cost of edge type t from v to w
15: d← min{d, c}
16: end for
17: Create edge v → w with weight d in G
18: end if
19: end for
20: end for
21: Solve GTSP with graph G and clusters 1, . . . , n.
22: Extract UAV tour from GTSP solution.
23: Extract UGV tour from GTSP solution.

A Vertices and Clusters

We discretize the battery’s charge states into C levels. We create C vertices, one correspond-

ing to each discretized battery level, for each site ai and bi corresponding to boustrophedon

cell i, shown in line 4 in Algorithm 1. The vertex represents coverage of a boustrophedon cell

and is denoted by vkai or vkbi , where k corresponds to the discretized battery level and ai or

bi corresponds to the entry site. Thus there are 2nC total vertices in the graph. We create
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one cluster per boustrophedon cell, shown in line 6 in Algorithm 1. This cluster contains 2C

vertices, C of them corresponding to ai and C of them corresponding to bi.

B Edges

We create an edge between every pair of vertices that do not belong to the same cluster

(i.e., do not belong to the same boustrophedon cell). Recall that a vertex corresponds to the

entry site for the corresponding boustrophedon cell. Therefore, an edge between two vertices

represents the UAV starting at the entry site of the first boustrophedon cell and ending at

the entry site of the next boustrophedon cell. This includes two travel legs: coverage of

the first boustrophedon cell and then traveling from the exit site of the first boustrophedon

cell towards the second boustrophedon cell. Recall that the UAV must always fly the first

leg, either in multi-rotor or fixed-wing mode without switching between mode; however, the

second leg can be a combination of recharging, flying, and/or recharging while traveling on

the UGV. The UAV can only switch between flight modes when at a vertex, not along an

edge.

When creating edges the UAV has to respect the Dubins constraints of a fixed-wing aircraft.

The Dubins constraint of a fixed-wing UAV means that the UAV has a minimum turn radius

when executing turns. The Dubins constraints will only affect the costs of the UAV when in

the fixed-wing mode. With this in mind, the edges that utilize the UAV’s fixed-wing mode

have to take into account the cost of the Dubins constraints when executing turns. Since the

starting orientation of the UAV is known at a site and the ending orientation of the UAV at

the next site, the minimum cost path to travel for the UAV can be calculated [71].

Equation 3.1 gives the cost of traveling between two entry sites of different boustrophedon

cells. The actual cost depends on the five binary indicator variables: I1(γj, γj), I2(γj), I3(γj),
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I1(γj, γj+1), and I2(γj+1). This gives a total of 25 possible travel options. However, fourteen

of these thirty-two options are redundant. Specifically, if the UAV chooses to recharge

while traveling on the UGV, then also recharging on either end of this leg is redundant

and, in fact, more time-consuming since it will have to take-off and land more than once.

Formally, if I3(γj) = 1, then the optimal algorithm will never set I2(γj) = 1 nor I2(γj+1) = 1.

Also if I3(γj) = 1 then what I1(γj, γj) and I1(γj, γj+1) is equal to does not matter and

those possibilities can be eliminated as well. We leave two states where I1(γj, γj) = 1 and

I1(γj, γj) = 0 to handle the state in which the UAV will use the UGV as a transport.

Therefore, of these 25 possibilities, fourteen can be eliminated, leaving a total of eighteen

possibilities. These are shown in Figures 3.3, 3.4, 3.5, 3.6, 3.7. Note that since the UAV

starts with 100% battery capacity, it will never recharge at the first entry site.

The eighteen edge combinations are donated using the notation: M = Multi-rotor, F =

Fixed-wing, D = Down/Land, U = Up/Take-off, and T = Transit. The first leg is always

the UAV flying to cover the boustrophedon cell. The actual edge costs are described in the

remainder of this section.

In the following, it is shown how to compute the edge cost between vertices vkiai and v
kj
aj . As

a reminder ai, bi, aj, and bj represent potential entry/exit sites for the ith and jth boustro-

phedon cell. This is line 14 in Algorithm 1. In the algorithm we use v and w to represent

the possible vkiai , v
kj
aj , vkibi , and v

kj
bj

. k′
i denotes the battery at v

k′i
bi

if going from vkiai and v
kj
aj .

Note that there will also be edges between vkibi and v
kj
aj , vkiai and v

kj
bj

, and vkibi and v
kj
bj

. The

costs for these edges can be obtained using the same formula just by swapping a with b and

vice-versa.

The cost of the M-M, F-F, M-F, and F-M type of edges, Figure 3.3, between vkiai and v
kj
aj is

∞ if the energy required to go from ai to bi and then to aj is more than kj − ki. Else, the
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Figure 3.3: M-M, F-F, M-F, F-M.

Figure 3.4: M-DTU, F-DTU.

edge cost is given by:

TM-M(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tM(v

k′i
bi
, vkjaj ), (3.3)

TF-F(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tF (v

k′i
bi
, vkjaj ). (3.4)

TM-F(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tF (v

k′i
bi
, vkjaj ), (3.5)

TF-M(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tM(v

k′i
bi
, vkjaj ), (3.6)

The cost of the M-DTU and F-DTU type of edges, Figure 3.4, between vkiai and v
kj
aj is equal

to ∞ if the energy required to go from ai to bi is more than k′
i − ki. Else, the edge cost is
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Figure 3.5: M-MDU, F-FDU, M-FDU, F-MDU.

given by:

TM-DTU(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tL + max(tG(v

k′i
bi
, vkjaj ), r · e) + tTO, (3.7)

TF-DTU(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tL + max(tG(v

k′i
bi
, vkjaj ), r · e) + tTO, (3.8)

where e = max{0, kj − (k′
i − ∥bi − aj∥2)} gives the recharging amount.

The cost of the M-MDU, F-FDU, M-FDU, and F-MDU type of edges, Figure 3.5, between vkiai

and v
kj
aj is ∞ if the energy required to go from ai to bi and then to aj is more than kj − ki.

Else, the edge cost is:

TM-MDU(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tM(v

k′i
bi
, vkjaj ) + tL + r · e+ tTO, (3.9)

TF-FDU(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tF (v

k′i
bi
, vkjaj ) + tL + r · e+ tTO, (3.10)
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Figure 3.6: M-DUM, F-DUF, M-DUF, F-DUM.

TM-FDU(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tF (v

k′i
bi
, vkjaj ) + tL + r · e+ tTO, (3.11)

TF-MDU(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tM(v

k′i
bi
, vkjaj ) + tL + r · e+ tTO, (3.12)

where e = max{0, kj − (ki − (∥ai − bi∥2 + ∥bi − aj∥2))} gives the recharging amount.

The cost of the M-DUM, F-DUF, M-DUF, and F-DUM type of edges, Figure 3.6, between

vkiai and v
kj
aj is equal to ∞ if the energy required to go from ai to bi is more than k′

i − ki and

then bi to aj is more than kj − k′
i. Else, the edge cost is given by:

TM-DUM(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tL + r · e+ tTO + tM(v

k′i
bi
, vkjaj ), (3.13)

TF-DUF(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tL + r · e+ tTO + tF (v

k′i
bi
, vkjaj ), (3.14)

TM-DUF(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tL + r · e+ tTO + tF (v

k′i
bi
, vkjaj ), (3.15)



54 Chapter 3. 2D Area Coverage with Symbiotic UAV+UGV System

Figure 3.7: M-DUMDU, F-DUFDU, M-DUFDU, F-DUMDU.

TF-DUM(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tL + r · e+ tTO + tM(v

k′i
bi
, vkjaj ), (3.16)

where e = max{0, k′
i − (ki − ∥ai − bi∥2)} gives the recharging amount.

The cost of the M-DUMDU, F-DUFDU, M-DUFDU, and F-DUMDU type of edges, Figure 3.7,

between vkiai and v
kj
aj is equal to ∞ if the energy required to go from ai to bi is more than

k′
i − ki and then bi to aj is more than kj − k′

i. Else, the edge cost is given by:

TM-DUMDU(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tL + r · e1 + tTO + tM(v

k′i
bi
, vkjaj ) + tL + r · e2 + tTO,

(3.17)

TF-DUFDU(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tL + r · e1 + tTO + tF (v

k′i
bi
, vkjaj ) + tL + r · e2 + tTO, (3.18)

TM-DUFDU(v
ki
ai
, vkjaj ) = tM(vkiai , v

k′i
bi
) + tL + r · e1 + tTO + tF (v

k′i
bi
, vkjaj ) + tL + r · e2 + tTO, (3.19)

TF-DUMDU(v
ki
ai
, vkjaj ) = tF (v

ki
ai
, v

k′i
bi
) + tL + r · e1 + tTO + tM(v

k′i
bi
, vkjaj ) + tL + r · e2 + tTO, (3.20)
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where e1 = max{0, k′
i − (ki − ∥ai − bi∥2)} and e2 = max{0, kj − (k′

i − ∥bi − aj∥2)} gives the

recharging amount for e1 and e2, respectively.

The actual edge cost between vkiai and v
kj
aj is the minimum of all eighteen types. This is done

in the for loop starting on line 13 in Algorithm 1. Specifically, the final edge cost is given

by:

T (vkiai , v
kj
aj
) = min{TM-M, TF-F, TM-F, TF-M, TM-DTU, TF-DTU, TM-MDU, TF-FDU, TM-FDU,

TF-MDU, TM-DUM, TF-DUF, TM-DUF, TF-DUM, TM-DUMDU, TF-DUFDU, TM-DUFDU, TF-DUMDU}.
(3.21)

The algorithm also keeps track of which type of edge gives the final edge cost. This is used

when converting the GTSP tour into a solution for the original problem.

C Solving GTSP

The GTSP instance is solved using the GLNS solver [102], in line 21 in Algorithm 1. GLNS

uses a neighborhood search heuristic to find the optimal solution for the given GTSP instance.

GLNS also allows for finding feasible solutions in lesser time, potentially at the expense of

optimality.

Common alternatives for finding the optimal GTSP solution are Integer Programming or

reducing GTSP to TSP [85] and then using a TSP solver such as Concorde [11]. In previous

work [122], we showed that GLNS finds the optimal solution for a similar class of GTSP

instances in times that are at least an order of magnitude faster than the other approaches.

As a result, only GLNS is used for solving the GTSP instances in this chapter.
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D Converting the GTSP solution to a Coverage Tour

The optimal tour obtained from the GTSP solver is a tour that visits exactly one vertex in

each cluster. Recall that one cluster corresponds to one boustrophedon cell. The optimal

tour will visit only one vertex within a cluster. The chosen vertex corresponds specifies the

entry site for the boustrophedon cell as well as the corresponding battery level.

For example, if the edge between vkiai and v
kj
bj

is selected, then this implies the UAV will cover

the ith boustrophedon cell with ai as the entry site and bi as the exit site. Then, the UAV

will travel from bi to the entry site of the next boustrophedon cell which is chosen to be bj.

The actual mode of transportation between vkiai and v
kj
bj

depends on the type of the edge,

denoted by the eighteen edges in Figures 3.3, 3.4, 3.5, 3.6, 3.7. Depending the type, the

algorithm constructs the actual tour and recharging schedule for the UAV. See line 22 in

Algorithm 1.

The UGV path can be determined based on the type of edges chosen by considering the

edges in the order they appear in the optimal GTSP tour. For a M-M, M-F, F-M, F-F edge,

the UGV is not required. For an M-DUM, F-DUF, M-DUF, F-DUM edge, the exit site of

the first boustrophedon cell is added to the UGV tour. Similarly, for an M-MDU, F-FDU,

M-FDU, F-MDU, the entry site of the second boustrophedon cell is added to the UGV tour.

Finally, for M-DUMDU, F-DUFDU, M-DUFDU, F-DUMDU, M-DTU, and F-DTU edges, the

exit site of the first boustrophedon cell and the entry site of the second one are both added

to the UGV tour. This is done in line 23 in Algorithm 1.

E Performance Guarantees

If the GTSP solver finds the optimal tour, then the corresponding UAV tour is also the

optimal solution to Problem 4 with the additional assumption that the UGV is as fast as



3.4. Simulations 57

the UAV. If the UAV is faster than the UGV, then it is possible that the solution yields

paths where the UAV reaches a landing site before the UGV. In such cases, one possibility

is to have more than one UGV that can support the UAV tour. In the previous work [122],

an Integer Programming solution is presented to minimizes the number of slower UGVs

required to support the UAV tour. As a note, there is a chance that the GLNS solver finds

a sub-optimal solution which depends on the settings used in GLNS that trade-off time and

solution quality. The optimally guarantee is further explained in the paper by Smith and

Imeson [102]. In Algorithm 1, all lines except line 21 run in O(max (n2, nC)) time. For

line 21, a bound cannot be given on the time complexity since the number of iterations in

GLNS [102] can be non-deterministic and unbounded. Nevertheless, we find that GLNS

returns near optimal solutions in limited time. We present empirical results in the next

section to discuss this further.

3.4 Simulations

In this section, we compare the results with an optimal solution as well as we present quali-

tative and quantitative results to evaluate the proposed algorithm. In particular, we analyze

the effect of various parameters on the tour cost and the computational time of the algo-

rithm. The experiments were run on an Ubuntu 16.04 computer with an Intel i7-8750H CPU

running at 2.2GHz, with 6 physical cores, 32GB of RAM, and a GTX 1070 GPU.

A Mixed Integer Linear Programming (MILP) vs GLNS

For the rest of the paper we use GLNS to solve the GTSP instances. GLNS is the state-of-

the-art GTSP solver [102], however it may not always yield the optimal solution. We compare
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the solution obtained from GLNS with that obtained directly using a Mixed Integer Linear

Programming (MILP) formulation.

We report results for all three modes of operation (slow, medium, and fast) for GLNS. We

used Gurobi [46] to solve the MILP instance directly. We set the BarConvTol parameter to

0, which implies that Gurobi will terminate only after obtaining an optimal solution.

We create ten random instances of four boustrophedon cells with four battery levels. The

results are shown in Table 3.1. We report the ratio between the final costs of GLNS/Gurobi

for all three modes of GLNS, as well as the time taken of GLNS in all three modes and

Gurobi. We observe that in the fast mode, GLNS is indeed faster than Gurobi but has a

higher cost ratio. The medium mode takes comparable time to Gurobi and the slow mode is

much slower. However, the medium mode and the slow mode has a similar cost ratio. Smith

and Imeson [102] report that GLNS in the medium mode has an the average percentage gap

from the best known solution of 6.97%. The medium mode is also the default mode, which we

use for the rest of the simulations in this chapter. Gurobi was unable to solve instances larger

than those with four boustrophedon cells and four battery levels with Gurobi. Specifically,

Gurobi would crash before obtaining a solution running out of memory. We suspect this

is due to the fact that the MILP formulation consists of a much larger number of decision

variables than the GTSP formulation. However, as it will be shown shortly, GLNS is able

to handle larger instances with the same computing hardware.

B Qualitative Examples

We use the boustrophedon cells given in Figure 3.1 as the input. There are a total of 66

boustrophedon cells. The solution is shown in Figure 3.8. The boustrophedon cells are

marked with rectangles. The input parameters were set to: tTO = 5, tL = 45, r = 2,
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average min max std
Cost Ratio Slow (GLNS/Gurobi) 1.23 1.14 1.39 0.07
Cost Ratio Medium (GLNS/Gurobi) 1.23 1.14 1.39 0.07
Cost Ratio Fast (GLNS/Gurobi) 1.36 1.14 1.67 0.14
GLNS Solve Time Slow (seconds) 0.10 0.09 0.12 0.01
GLNS Solve Time Medium (seconds) 0.03 0.02 0.04 0.01
GLNS Solve Time Fast (seconds) 0.01 0.01 0.01 0.00
Gurobi Solve Time (seconds) 0.02 0.02 0.02 0.00

Table 3.1: Summary of Gurobi solver vs GLNS solver in all three modes.

0 200 400 600 800 1000 1200 1400 1600

0

100

200

300

400

500

600

700

800

Output Tour

M

F

G

Figure 3.8: Solution obtained by the algorithm showing how the UAV will traverse the input
instance given in Figure 3.1. The bolded black sites represent stationary recharging.

Dmax = 1800, C = 20, fRatio = 3, and TR = 3. The UGV speed was set to be 20% as that

of the UAV.

We compare the results of the algorithm proposed with a naive baseline. The baseline

approach visits each boustrophedon cell in multi-rotor mode in the same order in which they

appear along the boundary of the polygon. The UAV lands to recharge on the UGV only

when covering the next boustrophedon cell would deplete it of the remaining energy. Once

on the UGV, the UAV recharges to maximum capacity. The baseline approach produces a
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Figure Input Parameters Unique Quality Output Change Total Path Cost (meters)
Figure 3.10a Enough battery capacity No UGV necessary 99
Figure 3.10b Enough battery capacity No UGV necessary 207
Figure 3.10c UGV is slower and Dmax is small UAV charges in place 253
Figure 3.10d UGV is slower and Dmax is small UAV charges in place 251
Figure 3.10e UGV is slower and Dmax is small UAV charges in place 419
Figure 3.10f UGV is not slower than UAV UAV uses UGV as mobile recharging station 242

Table 3.2: Summary of Figure 3.10.

tour which requires 29564 seconds for completion (as given by Equation 3.2) where as the

proposed algorithm produces a tour which requires 25595 seconds.

Figures 3.10a– 3.10f presents additional qualitative examples that show the effect of changing

multiple input parameters on the solution for the input given in Figure 3.9. These input

parameters were chosen intuitively to simulate certain behaviors from the UAV/UGV system.

These input parameters are intended to characterize different behaviors in the system and

keep the findings general to understand the behaviors of the system. In addition, in Table 3.2

we summarize the effects of specific parameter inputs as well as highlight the total path cost.

It is observed that if the UAV has enough energy capacity Dmax then the final tour does

not use the UGV (Figure 3.10a and Figure 3.10b). One effective way to obtain the value

for Dmax would be to conduct an energy calibration flight test where the UAV is flown from

100% to 0% energy. If the UGV is significantly slower than the UAV and Dmax is small, then

the UAV only recharges in-place (Figure 3.10c, Figure 3.10d, and Figure 3.10e) and does

not use M-DTU or F-DTU edges. However, if the UGV is not as slow, then the tour will

use M-DTU and F-DTU edges (Figure 3.10f). In Figure 3.8 and 3.10e the UAV uses both

multi-rotor and fixed-wing flight modes as well as recharges on the UGV. Figure 3.11 shows

Figure 3.10e with the proper Dubins paths plotted. For all cases, it is always possible to

find a feasible solution since the graph is fully connected and obeys the assumptions given

in Section 3.2. We present quantitative evaluation of these parameters next.
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C Effect of Changing Dmax on the Tour Cost

Next, we study the effect of changing the total battery capacity, i.e., changing Dmax, on the

total tour time. We randomly generate 15 boustrophedon cells in a 100m × 100m environ-

ment such that no two boustrophedon cells intersect with each other and each boustrophedon

cell is no more than 10 meters long. Figure 3.12a shows one example.

We vary Dmax from 10 meters to 50 meters. We use the same set of 15 boustrophedon cells

for each value of Dmax. Figure 3.12b shows the average, minimum, and maximum value of

the optimal tour cost. It is observed that the tour cost decreases as Dmax increases, as is

expected. It is also observe a step decrease in the minimum and maximum tour costs as

Dmax increases. This can be attributed to the fact that as Dmax increases the UAV can

travel a larger distance without running out of energy. Therefore, it may need to land/take-

off fewer number of times. Each landing and taking-off operation costs a fixed amount of

time. Therefore, it is seen that a step decrease in the tour cost as Dmax increases is observed.

D Effect on the Computational Time

Next, we empirically analyze the computational time as a function of some of the input

parameters.

Figure 3.13a shows the effect of increasing the number of input boustrophedon cells on the

computational time. The input number of boustrophedon cells is varied from 10 to 50 in

steps of 1. The figure shows the average, minimum, and maximum computational times

for 10 random instances. The input parameters for these experiments were kept the same:

tTO = 100, tL = 100, r = 2, C = 20, fRatio = 3, and TR = 1.

Figure 3.13b shows the effect of increasing the battery level, i.e., C, on the computational
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time. We vary C from 10 to 100 in steps of 10. The input parameters for these experiments

were: tTO = 100, tL = 100, r = 2, fRatio = 3, and TR = 1. The figure shows the average,

minimum, and maximum computational time for 10 random instances with 15 boustrophedon

cells each.

It is observed that the computational time increases (perhaps, exponentially) with increasing

the number of input boustrophedon cells and battery level. Nevertheless, the computational

time is still small enough (less than 50 minutes) for moderately sized instances (50 boustro-

phedon cells).

3.5 Field Experiments

We conducted proof-of-concept field experiments using the UAV and UGV shown in Fig-

ure 3.14c. The UAV is a DJI 450 frame [9] with a Pixhawk 2.1 [48] flight controller running

the APM firmware [12] and the UGV is a Clearpath Husky [22]. The UAV is equipped with

dual GPSs, a downwards facing LiDAR (for relative altitude estimation) and the IR-Lock

infrared camera [53]. The UGV is fitted with infrared LED beacons. The IR-Lock sys-

tem [53] allows for precision landing on the UGV with up to 10cm accuracy in nominal wind

conditions. More details on the system are reported in the prior work [122].

Figure 3.14a shows the input boustrophedon cells for the proof-of-concept experiment con-

ducted at Kentland Farms at Virginia Tech. The motion of the UGV is restricted to only

those sites that lie on the road. Specifically, edges that correspond with sites are on the

road are allowed to conduct recharging. These sites are marked in red in Figure 3.14a. The

output tour for the UAV is shown in Figure 3.14b. The following parameters were used

as input to the outdoor field experiments: tTO = 100, tL = 100, r = 2, Dmax = 1000, 13

boustrophedon cells, C = 100, fRatio = 0.5, and TR = 3. Since the platform is a multi-
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rotor, we set fRatio < 1. This forces the fixed-wing flights to be more expensive than the

multi-rotor ones. With the addition of TR, the algorithm will never use any edges that use

the fixed-wing mode.

The GPS trace of the UAV and the UGV are shown in Figures 3.14d and 3.14e. Both

robots were fully autonomous during the trial that lasted 12 minutes, including taking-off

and landing from the ground robot. The trial provides a proof-of-concept demonstration of

the algorithm.

3.6 Conclusion

We present an algorithm for optimal coverage of boustrophedon cells with an energy-limited

UAV and a UGV. The UGV acts as a mobile recharging station that can mule the UAV be-

tween sites, while the UAV can switch between multi-rotor and fixed-wing flight modes. We

analyze the effects of various input parameters on the total tour cost as well as the computa-

tional time. We show six different sets of input parameters that exhibit different behaviors of

the system such as no recharging, stationary recharging only, and mobile recharging as well

as choosing between either multi-rotor and fixed-wing modes. Additionally, we show that

the algorithm outperforms a baseline approach by finding an optimal tour in significantly

less time than the baseline. We evaluate the algorithm through field experiments.

If the UGV is slower, it is possible that the UAV may reach a site before the UGV. In [123],

we showed how find the minimum number of UGVs required to ensure that the UAV can

execute its tour without having to wait for the UGV. A possible extension is to find a tour

for a fixed number of slower UGVs that still ensures that the UAV does not need to wait

for the UGV. We restrict the UAV to land and take-off only from the entry/exit sites of a

boustrophedon cell. A possible extension would be to relax this assumption which can result



3.6. Conclusion 65

in even shorter tours. To reduce the total computational time we could investigate methods

similar to those of Lewis et al. [66] that study how to optimize the number of boustrophedon

cells used for coverage. Another avenue for future work would be to extend this chapters

work to account for multiple UAVs. With multiple UAVs, there would be more complications

with the scheduling of the UAVs and coordination with UGVs. This would require optimizing

the wait time of the UAVs, optimizing the wait time of the UGV, and creating paths for

the UAV to minimize the driving distance of the UGV. Due to the increased complexity of

multiple UAVs, we focus on the unsolved problem of a single hybrid UAV and UGV team

for persistent missions.
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(a) Multi-rotor only with in-
put tTO = 5, tL = 45, r = 2,
Dmax = 200, UGV speed is
one-fifth of the UAV, C = 20,
fRatio = 1, and TR = 5

(b) Fixed-wing only with in-
put tTO = 5, tL = 45, r = 2,
Dmax = 10, UGV speed is
one-fifth of the UAV, C = 20,
fRatio = 50, and TR = 1

(c) Multi-rotor with station-
ary recharging only with in-
put tTO = 5, tL = 45, r = 2,
Dmax = 50, UGV speed is
one-fiftieth of the UAV, C =
20, fRatio = 1, and TR = 5

(d) Fixed-wing with station-
ary recharging only with in-
put tTO = 5, tL = 45, r =
2, Dmax = 20, UGV speed
is one-hundredth of the UAV,
C = 50, fRatio = 6, and
TR = 0.5

(e) Mixed flight with station-
ary recharging only with in-
put tTO = 5, tL = 45, r = 2,
Dmax = 20, UGV speed is
one-fiftieth of the UAV, C =
20, fRatio = 3, and TR = 1

(f) UGV recharging only with
input tTO = 5, tL = 45, r =
2, Dmax = 50, UGV speed is
one-fifth of the UAV, C = 20,
fRatio = 1, and TR = 5

Figure 3.10: 3.9 Input for qualitative examples to help explain input parameters and the
effects. 3.10a results in a tour that uses only the UAV in the multi-rotor configuration. 3.10b
results in a tour that uses only the UAV in the fixed-wing configuration. 3.10c Minimum
number of landings/take-offs in place for the given input parameters while staying in the
multi-rotor configuration. 3.10d Minimum number of landings/take-offs in place for the given
input parameters while staying in the fixed-wing configuration. 3.10e Minimum number
of landings/take-offs in place for the given input parameters. 3.10f Minimum number of
landings/take-offs using the UGV to recharge for the given input parameters. In each figure
bolded black sites represent stationary recharging and bolded blue sites represent the start
end end sites of the tour. Note that the flight along the last boustrophedon cell can be either
multi-rotor or fixed-wing because there is no cost for switching between flight modes and the
UAV will not have to charge at the last location.
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Figure 3.11: Figure 3.10e with Dubins paths for all transitions between boustrophedon cells
in the fixed-wing mode.
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Figure 3.12: 3.12a Example input boustrophedon cells for the 10 trials used for generat-
ing 3.12b. We randomly create 15 non-overlapping boustrophedon cells, each no more than
10m. 3.12b Tour cost vs. flight budget, Dmax. We vary the total budget as well as the dis-
tance per battery level. The input parameters were: tTO = 1000, tL = 1000, r = 2, C = 20,
fRatio = 3, and TR = 3. The UGV is 5 times slower than the UAV.
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Figure 3.13: Input parameters: tTO = 100, tL = 100, r = 2, UGV speed is one-fifth that
of the UAV, fRatio = 3, TR = 1 for both plots. 10 random sets of input boustrophedon
cells were randomly generated in a 100m× 100m environment. We set C = 20 with varying
boustrophedon cells for 3.13a and vary C with 15 boustrophedon cells for 3.13b.
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(a) Input (b) Output

(c) Robots (d) UAV Path

(e) UGV Path

Figure 3.14: Proof-of-concept Experiment with 13 boustrophedon cells. The input parame-
ters were: Dmax = 1000, C = 100, tTO = 100, tL = 100, r = 2, UGV speed is one-fifth that
of the UAV, fRatio = 0.5, and TR = 3. The UGV is also restricted to the road network
(red sites).



Chapter 4

3D Area Coverage Applications to

Infrastructure Inspection

In this chapter, we apply the 2D area coverage algorithm for inspecting planar surfaces of a

3D structure. Specifically, we focus on the application of inspecting infrastructures, such as

a bridge, using the 2D algorithm. Here the 2D areas that need to be explored are not all on

the same plane. Instead, these are 2D planar surfaces on the bridge (Figure 4.2a) that are

provided as input. The GTSP algorithm from the previous chapter can be applied here to

find the order in which to inspect the surfaces as well as the entry and exit points.

The challenge we focus on here is safe execution of the planned path. In the 2D case, the

UAV flew on a fixed altitude plane without any obstacles in the environment. During bridge

inspection, the UAV may not always have access to GPS information. The UAV may not

have an accurate model of the environment. Therefore we propose a combination of a high-

level planner and a low-level controller to address these challenges. The low-level controller

uses LiDAR information to conduct coverage of a 2D region. The high-level planner finds

the sequence of visiting the 2D regions.

4.1 System Description

In this section, we describe the hardware and the software architecture of the system.

70
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A Hardware Description

We use the DJI S900 [35] as the UAV platform (Fig. 4.1). This UAV has a hexarotor design.

Six motors provide a maximum thrust of 2.5Kg. The UAV is powered by a 6S 10000mAh

Lithium-polymer battery and weighs 3.5kg without any payload.

We use the Pixhawk autopilot as the main flight controller [93]. The Pixhawk autopilot

has an in-built IMU, compass, accelerometers, and gyroscopes. The Pixhawk runs the PX4

firmware version 1.7.3v [75] for low-level flight control. The UAV is also equipped with an

Nvidia Jetson TX2 for high-level control. The software on the Jetson runs on Ubuntu 16.04

and uses ROS (Robot Operating System) Kinetic 1.12.13. The Nvidia Jetson TX2 is used for

processing sensor data and publishing the desired velocity to the Pixhawk flight controller.

The Nvidia Jetson TX2 has a 256-core Pascal GPU, quad-core ARMv8 processor rev3, 8GB

of DDR4 memory, 32GB of memory, and uses a maximum of 15W of power.

The UAV is equipped with two Scanse Sweep 2D LiDAR sensors [105] and a GoPro Hero7

Black Camera. The two LiDARs are placed in a horizontal and vertical arrangement. Both

LiDARs are used for estimating the distance to the bridge structure and enable autonomous

navigation. These sensors have a maximum range of 40m, maximum resolution of 1cm,

sample rate of up to 10Hz, 360◦ field of view, use 5V@650mA, and weigh 120g each. GoPro

Hero7 Black Camera is used to collect images of the bridge structure for defect identification.

The GoPro Hero7 Black shoots 4K 60FPS video with an aspect ratio of 16:9. This camera

can be replaced by a higher resolution inspection-grade camera.

We use the Pixhawk to run PX4 firmware along with the mavros package [73]. Mavros is

a ROS package that allows for communication between the PX4 firmware and the onboard

Nvidia Jetson TX2. The Jetson TX2 runs software associated with the local navigation

routines and the higher-level supervisor. The software is modular with separate ROS nodes
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Figure 4.1: UAV for bridge inspection.

running in ROS Kinetic. The individual modules are explained in Section B. ROS nodes

allow for the publishing and subscribing of data. The supervisor and local navigation routines

communicate with each other through publishing and subscribing to figure out what velocity

commands need to be sent to the flight controller. Once the correct velocity is figured out

the give velocity is broadcast to the UAV flight controller through mavros.
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B Algorithm Description

Our current approach for complete inspection coverage of all bridge surfaces is to au-

tonomously execute a series of maneuvers from a library of navigation routines (Fig. 4.4a).

While the UAV autonomously navigates the bridge, an onboard camera records images of

the bridge that can be examined for defects in real time and/or used for post-processing.

The algorithm consists of three modules:

1. global planner to find the sequence of local navigation routines needed for complete

visual coverage of the bridge;

2. local navigation routines for real-time, low-level, LiDAR based navigation; and

3. supervisor to determine if the UAV has completed a local navigation routine and can

progress to the next one using LiDAR data.

We describe each of the three modules in details next.

Global Planner

The first step in the proposed algorithm is to find a global tour that the UAV must follow

for full visual coverage of the bridge. In this work, we focus on inspecting box girder bridges

(shown in Figure 4.2a), in particular all the external surfaces of the bridge (girder, column,

deck, etc.).

We first partition the bridge surfaces into a set of planar surfaces, as shown in Fig. 4.2a.

Each planar surface can be approximated by a polygon. The UAV can fully inspect the

bridge by finding a route that inspects each of the surfaces. This decomposition makes it

easier to find a global plan as well as make it easier for the operator to understand the plan.
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To inspect each surface, the UAV needs to visually cover the corresponding polygon. The

local navigation controller ensures that the robot moves in such a way so as to visually cover

each polygon. Therefore, the goal of the planner is to find the sequence in which to visit the

polygons as well as the entry and exit points for each polygon. Here, we take advantage of

the specific structure of the box girder bridge. We associate with each polygon two points,

which will represent coverage of the polygon from both directions. This means that one of

the nodes will be chosen as the entry node to the planar surface and the other node is chosen

as the exit node. The local navigation routine controller will ensure navigation between the

entry and exit nodes and ensure visual coverage of the bridge surface. Since there are no

physical markings on the bridge surface, the supervisor will identify when the exit node of the

current polygon/entry node of the next polygon has been reached and pick the appropriate

local navigation routine to continue rest of the visual inspection tour.

The visual coverage problem is that of finding the sequence in which the bridge surfaces must

be traversed, as well as determining the entry node for each of the polygons representing the

surfaces. We formulate visual coverage as a GTSP [85]. The input to GTSP is a graph where

the nodes are partitioned into disjoint clusters. The goal is to find the minimum cost tour that

visits at least one node in each cluster. GTSP generalizes the NP-Hard Traveling Salesperson

Problem, and therefore is NP-Hard as well. Nevertheless, there are good numerical solvers

present [102] that can be used to find the optimal solution for reasonably-sized instances.

We convert the visual coverage problem into a GTSP instance as follows. We create one

cluster for each of the polygons. Each cluster contains the two nodes associated with that

polygon, as shown in Fig. 4.2b. One of the two nodes will be chosen as the entry node and

the other will be chosen as an exit node by the algorithm. An edge is created between every

pair of nodes that belong to separate clusters. These edges are the combination of coverage

of the cluster and then traveling to another cluster. In Fig. 4.2b if the UAV were to go from
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node 1 to node 7, the UAV would have to cover cluster A and then go to node 7 by going

from node 1 to node 6 then to node 7. Once that is done the algorithm filters out edges that

cannot be traversed by one of the local navigation routines.

For any cluster X, let X1 and X2 represent its entry and exit nodes respectively. Then, the

cost on an edge from node A1 in cluster A to node B1 in cluster B is given by,

C(A1, B1) = D(A1, A2) +D(A2, B1)

where D(A2, B1) represents the distance between nodes A2 and B1 in 3D space, i.e., the cost

is the sum of the distance to cover the current polygon (surface) and the distance to reach the

entry node of the next polygon from the exit node of the current polygon. When conducting

experiments, a picture of the bridge is used to obtain an estimate of distances. Using rough

estimates of the distances between entrance and exit nodes for each planar surface will still

allow me to obtain an accurate solution as long as it is to scale.

Instead of using the actual 3D distances (which will not be known because there is no 3D

model of the bridge), distances can be estimated. In this work, we use a side-view image of

the bridge to find the scaled distances (in pixel units) between the nodes.

This is the input to the GTSP solver. We use the Generalized Large Neighborhood Search

(GLNS) solver [102] which is the state-of-the-art for GTSP instances. Once a solution from

the GLNS solver is obtained, the full tour to be visited by the UAV can be constructed. The

GLNS solver will give me a solution in the GTSP instance of the problem. To convert that

back to the original problem we examine the order in which the clusters are visited and the

entry points, which both are given by the solver. In Fig. 4.2b if the output from the GLNS

solver was 1, 2, 8, 4, 5 then we know that the clusters are visited in the order of A, B, C,

D, E. However, we need to transform the output from the GLNS solver into something that
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the UAV can use for navigation along the bridge surface. To do this we take each point in

the output from GLNS and add the corresponding exit point. For the algorithms output

we would change the output to 1, 6, 2, 7, 8, 3, 4, 9, 5, 10, with the bolded values as the

original GLNS output. Now that we have the output the UAV can execute full traversal

of the bridge. By using a GTSP formulation, we can guarantee that the UAV visits every

cluster exactly once, which implies the UAV visit each polygon surface that needs to be

inspected exactly once. The local navigation routine ensures that each surface is inspected

as required.

(a) (b)

Figure 4.2: (a) Bridge partitioned into surfaces with entry/exit nodes (green dots). (b)
GTSP clusters with entry/exit nodes (green dots) corresponding to Fig. 4.2a.

Local Navigation Routines

For safe and accurate autonomous traversal of bridge surfaces, we employ an algorithm that

must be fast enough to run in real-time as well as robust to factors such as wind disturbances,

unreliable GPS, and inaccurate compass measurements. When examining girder style bridges

there are four main parts that need to be traversed the girder, column, bottom, and top,

shown in Fig. 4.3. To traverse all of these parts of the bridge there is a total of eight local

navigation routines. To traverse the girder of a bridge there are two methods that need to

be employed and for traversal of the column there are two. Also when inspecting the top
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and bottom of the bridge surface there are two methods for each of them. For girder flight,

Fig. 4.3, a right and left local navigation routine and for column flight, Fig. 4.3, up and

down local navigation need to be executed. Similar to the girder local navigation routines

the top flight and bottom flight, Fig. 4.3, of the bridge needs right and left local navigation

routines. In total that leaves me with girder right(GR), girder left(GL), column up(CU),

column down(CD), bottom right(BR), bottom left(BL), top right(TR), and top left(TL).

For this chapter we focus on coverage of one side face of the bridge. Through the rest of the

chapter we will be using the above notation. Due to this we only use four local navigation

routines (GR, GL, CU, and CD).

We employ 2D LiDAR (a rotating 1D LiDAR) based local control for this purpose. By using

two 2D LiDARs, one placed horizontally and one placed vertically, we can obtain real-time

data as well as have robust navigation. We implement all routines for traversing along the

girder of the bridge and along the columns of the bridge. The four local navigation routines

only use the two 2D LiDARs, allowing the UAV to navigate in environments that contain

no GPS signal. We exploit the geometry inherent to bridges and treat the bridge surfaces

as planes. A 2D LiDAR scan of a plane shows up as a line as shown in Fig. 4.4b.

A Hough Transform based approach is used to find the best fit line that approximates a

bridge surface. We implement a PID control to fly the UAV parallel to the bridge surface,

maintaining a fixed distance as well as a specific distance from the top and side of the girder

and column respectively. The software architecture is illustrated in Fig. 4.5. A more detailed

description of Estimation and Control is provided below.



78 Chapter 4. 3D Area Coverage Applications to Infrastructure Inspection

Figure 4.3: Bridge showing the different possible local navigation routines. For girder flight
it extends along the full bridge and is replicated for the opposite side. Bottom flight is along
all bottom portions of the bridge as well as top flight is along the full top of the bridge.
Column flight is also duplicated along all column surfaces.

Estimation

To understand how bridge surfaces are estimated, consider, the problem of estimating the

vertical span of the bridge girder surface (highlighted in red in Fig. 4.6a). We start by

obtaining the 2D point cloud data from the vertical LiDAR. Once we get the data the

vertical span of the bridge girder surface is estimated. The following are the steps involved

(explained with reference to Figs. 4.6a, 4.6b & 4.6c). Data points that are very close to

the body of the UAV and very far from the body of the UAV (ground plane, distant trees,

etc.) are initially filtered out (circled in blue in Fig. 4.6c). Then a Hough Transform to

extract lines from the filtered data is executed. Lets make the assumption that the three

lines as shown in Figs. 4.6a & 4.6c are found with enough confidence. The confidence is

directly related to the number of raw data points that fall on the extracted lines. The UAV
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(a) (b)

Figure 4.4: (a) Illustration of some useful navigation routines. (b) White dots: LiDAR data;
Red line: best fit using Hough Transform.

Figure 4.5: Software architecture for autonomous navigation.

is interested in extracting only the red line which approximates the vertical span of the bridge

girder surface. The UAV expects this line to have the characteristics of ≈ 90◦ and width

3 − 5m. Due to this, the yellow line with slope ≈ 10◦ and the green line with width ≈ 1m

will be filtered out because the characteristics do not match up with the expected vertical

span of the bridge (Figs. 4.6a & 4.6c). These expectations are specific based on what bridge

is being traversed and will need to be changed based on the current bridge. However, the

UAV does not need to know these accurately and only needs an estimate to allow for the

UAV to navigate the bridge.
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(a) (b) (c)

Figure 4.6: (a) The bridge girder surface highlighted in red. (b) Steps involved in the Hough
Transform based Line Extraction process. (c) Visualization (rviz) of filtered out points and
extracted lines.

Control

The goal of the algorithm is for the UAV to fly parallel to the (estimated) bridge surfaces.

This involves implementing two independent PID loops along two perpendicular axes to

maintain position with respect to the bridge surfaces. For GR and GL flight, the UAV

maintains altitude and distance relative to the bridge. For CU and CD, flight the UAV

maintains distance from the column edge and distance relative to the bridge. Dependent on

the desired local navigation routine a constant nominal velocity along the axis of movement

maneuvers the UAV parallel to the bridge surface, right and left for girder flight and up and

down for column flight.

As an example, for the flight GR (Fig. 4.7):

• One PID loop maintains the desired distance along the axis perpendicular to the girder

surface (green axis).
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Figure 4.7: Independent PID loops maintain position along the red and green axes, while a
constant velocity is given along the blue axis.
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• The second PID loop maintains altitude w.r.t the top of the bridge girder (red axis).

• A nominal velocity drives the UAV along the axis parallel to the girder surface (blue

axis).

Supervisor

The role of the supervisor is to make the decision of when to switch between local navigation

routines. The supervisor executes autonomous switching between local navigation routines

in the order that is given by the planner, described in Section B.

When making the decision to switch between local navigation routines the structure for

special characteristics in the data from the two 2D LiDARs is examined. This allows the

UAV to identify when to switch between local navigation routines. For instance, consider the

scenario where the UAV is traversing up a bridge column using the local navigation routine

CU, as shown in Figs. 4.8(a)(b). When analyzing this behavior, the horizontal LiDAR data

is used to determine if the UAV can switch routines. When executing CU along the column

of the bridge the horizontal LiDAR data is constant. However, when encountering the

bridge girder, the number of data points from the horizontal LiDAR increases dramatically

as shown in Figs. 4.8(c)(d). Due to this behavior, the supervisor knows that the UAV can

autonomously switch from CU routine to the either GR or GL routines.

A coarse estimation of the global position can be used to better inform the supervisor. If the

global position of the UAV was known then the UAV could use that information to decide

when to switch. However, due to the inaccuracy of GPS around bridge structures, all GPS

data was removed for the simulations and experiments.

It is to be noted that the supervisor need not necessarily be fully automated even though

a fully autonomous method is implemented. Currently the supervisor executes fully au-
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Figure 4.8: Switching from column follow to girder follow.

tonomous flight for 2D surfaces at a time, for instance one surface of the bridge containing

multiple sections of girders and columns. Once the UAV has completed coverage of one

bridge surface using the local navigation routines, a human operator would then switch the

UAV to another bridge surface. This can be done if needed and in tricky scenarios such as

switching from flight under the bridge to flight beside the bridge. This allows execution of

3D coverage of the bridge autonomously with a minimum human operator intervention.
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4.2 Experiments and Results

A Individual Routines

We conducted experimental flights at the Virginia Tech Transportation Institute (VTTI)

Smart Road Bridge, which is 53m tall, 609m long, 5 span, variable height concrete box

girder bridge (Fig. 4.9). We tested LiDAR based autonomous flight (no GPS) with a GoPro

camera onboard collecting images of the bridge.

Figure 4.9: Experiment at the VTTI Smart Road Bridge.

Flight beside bridge girder

The objective of the experiment was to have the UAV fly alongside the bridge (i.e., GR) with

a nominal velocity of 0.5m/s maintaining a horizontal separation of 4.5m to the girder. The

LiDAR scan (rotation) rate was 2Hz, and hence the control signal (velocity in the direction
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perpendicular to the bridge) was also issued at 2Hz. The LiDAR can scan at up to 10Hz, and

a higher control rate can be employed, for instance, in windy conditions. The algorithmic

computations only take approximately 1ms. Fig. 4.10a shows the control signal driving the

UAV to the desired separation of 4.5m from the structure. Hence, we could experimentally

verify that accurate flight alongside the bridge at a fixed horizontal distance is feasible, which

is helpful for consistent data (image) collection during flight.

Maintaining the correct altitude with respect to the bridge structure proved to be more

challenging. Since the terrain around the bridge is not even, using a downward facing

LiDAR is not an option for maintaining altitude. The UAV could not rely on the barometer

alone, not only because of barometric drifts and inaccuracies, but also because the bridge

may slope up or down. Hence, the UAV needs some method to hold position w.r.t. the

bridge structure itself. For this purpose, the UAV uses the vertical cut from the 2D LiDAR

rotating in the vertical plane that gives me a cross-section of the bridge. The vertical cut

was used to maintain an altitude of 2.5m below the top of the girder as shown in Fig. 4.10b.

Flight along bridge column

The objective of this experiment was to have the UAV execute CU and CD along the bridge

column with a vertical nominal velocity of 0.5m/s or -0.5m/s, while compensating in the

horizontal direction. The UAV maintains a separation of 4.5m w.r.t. the column. The

experimental results in Figs. 4.10c & 4.10d show the control algorithm compensating to

maintain the center and the desired distance to the column.
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(a) (b)

(c) (d)

Figure 4.10: (a) Correction velocity in the direction perpendicular to the bridge structure
maintaining the desired distance of 4.5m from it. (b) Correction velocity in the vertical
direction maintaining the desired altitude of 2.5m below the top of the girder. (c) Correction
velocity in the direction tangential to the bridge column centering the UAV w.r.t the column.
(d) Correction velocity in the direction perpendicular to the bridge structure maintaining
the desired distance of 4.5m from it.

B Full Scale Sims

In addition to conducting experiments for the individual routines, we conduct simulation

experiments on full scale bridges. These bridges are modeled in Gazebo 7. We start by

creating a bridge in SketchUp and exporting a .dae file to create a model in Gazebo. In

Fig. 4.11 we show the full image of the bridge with annotations to represent individual

sections. In Fig. 4.11 the green nodes represent possible locations of switching and the red

outlines represent the polygons created. We obtain the optimal tour output from the GTSP

planner. As a reminder the planner is initially fed a set of planar surfaces, shown in Fig. 4.11.

We use Fig. 4.11 to obtain a rough estimate of the distances between entrance and exit nodes
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for each planner surface. This means that the edge costs are not the actual bridge distances,

but a scaled version. The reason for a non-exact measurement is to replicate what a human

inspector/operator might have on hand at a work site. Since inspectors do not always have

access to exact specifications of a bridge they might have to take an overview picture and

then make rough estimates on the relationships between entrance and exit nodes in the

picture.

Figure 4.11: Bridge used for full scale simulations split into planner surfaces. The red letters
represent the polygon surfaces and black numbers are the ID of the green nodes representing
the coverage of each planner surfaces. GL and GR local navigation routines can be executed
on polygon surfaces B, D, F, H, and J. CU and CD local navigation routines can be executed
on polygon surfaces A, C, E, G, I, and K.

We start by converting the instance shown in Fig. 4.11 into a GTSP instance, shown in

Fig. 4.12. In Fig. 4.12 we show the clusters created as well as a subset of edges created and

the costs. When creating the GTSP instance a fully connected graph is created and then

edges are pruned out. The edges that are removed are inter-cluster edges and edges that are

deemed impossible because the UAV would lose reference to the bridge structure, not being

able to navigate correctly. Once this GTSP instance is created the input can be given to a

GTSP solver, GLNS, and an output is obtained.

Once the output of the order in which the UAV should visit from the planner is obtained,

shown in Fig. 4.13, it is given it to the supervisor. Fig. 4.13 shows the output from the

planner. Each cluster is shown with the ID letter from Fig. 4.13 matching the ones in

Fig. 4.11 as well as the node ID numbers. Once the supervisor has the output from the
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Figure 4.12: Input to GTSP solver. The red letters correspond to the polygon identification
numbers in Fig. 4.11 and the black numbers correspond to the green nodes created for each
polygon to signify the direction of coverage in Fig. 4.11. Here is a subset of the edges that
are created as input to the GTSP solver. We do not display all edges for readability.

planner it is able to execute the full coverage of the bridge’s planner surface. For the bridge

in Fig. 4.11 the planner took 1.92s and gave me the solution of CU on column K, GL on

girder J, CD on column I, and then repeating this until column A is reached. This order of

local navigation routines is given to the supervisor and executed in real time.

It can be seen in Fig. 4.14 the path taken by the UAV. A plot of the GPS location of the

UAV from the simulation in Matlab is shown and annotated in the figure. In the figure the

green nodes are where the UAV Scheduler switched between local navigation routines. The

black and red nodes represent the start and end of the UAVs path for coverage of the bridge.

This proof-of-concept implementation demonstrates the feasibility of the entire system.
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Figure 4.13: Output from GTSP solver. The red letters correspond to the polygon identi-
fication numbers in Fig. 4.11 and the black numbers correspond to the green nodes created
for each polygon to signify the direction of coverage in Fig. 4.11. The solver starts with
polygon K and moves from right to left. With this the output of the GTSP solver gives CU,
GL, CD and repeats until the last polygon A ending on CD.

4.3 Conclusion

We presented a fast LiDAR based approach for autonomous navigation using two 2D Li-

DARs scanning in horizontal and vertical planes. We described strategies to switch between

navigation routines to cover various bridge surfaces. We envision full coverage of the bridge

using a total of eight routines for UAV flight. GR, GL, CU, and CD have already been tested

and the rest, characterized in Section B, are conceptually similar to the ones already tested.

The LiDAR based approach can also be used to provide safety guarantees in assisted manual

flights. Operator (pilot) input can be rejected if it will result in the UAV getting too close to

the bridge structure. Adapting ideas from the present approach to different types of bridges

(which could require working with other sensors such as Stereo camera for navigation) is a
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Figure 4.14: Simulation data obtained from mavros of UAV flight on the bridge located in
Fig. 4.11. The blue line indicates the actual flight of the UAV and the orange lines represent
the bridge structure. The green nodes are locations when the UAV switched modes from
girder to column flight or CD to CU flight. The black and red nodes represent the starting
and end location of the UAV path, respectively.

future direction.



Chapter 5

3D Online Surface Inspection

In this chapter, we expand on the work on inspecting planar surfaces of a 3D structure to

executing online path planning for full 3D coverage of infrastructures. We focus on inspecting

infrastructures, such as a bridge, using an online algorithm that will replan a path for a UAV.

Here we do not require a previous map of the infrastructure and instead we will build a voxel

map (Figure 5.1) using onboard LIDAR and RGB data. The proposed algorithm, will use a

GTSP algorithm to cluster viewpoints that can see the same POI on the bridge to execute

faster and more cost effective 3D infrastructure coverage.

In the previous chapter, it is assumed a prior map of the 3D environment was given. There-

fore, the planner was an offline one. Here, this assumption is removed. Because a prior map

is not given, the UAV needs to segment out the structure of interest in real-time as well

as provide a flight path which can execute efficient 3D coverage. Here, the UAV can use

the RGB imagery to perform semantic segmentation. Figure 5.2 shows an example where

only the voxels corresponding to the bridge have been segmented out. We propose an online

algorithm that will replan paths for the UAV to fully cover the segmented 3D structure while

taking into account a safety buffer around all obstacles and plan only along the structure of

interest. By using a GTSP approach, we can improve the efficiency of the coverage paths

compared to baseline frontier-based exploration algorithms.

In this chapter, we will focus on the task of using UAVs for inspecting the surface of a bridge

for defects such as corrosion, rust, fatigue, cracks, etc. that can be inspected visually by

91
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Figure 5.1: Voxel map of a bridge.

Figure 5.2: Trimmed voxel map of a bridge in Figure 5.1.
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a human inspector. While UAVs are being used for bridge inspection, most operations are

manual [36]. This requires skillful piloting in high wind conditions. Besides navigational

challenges, visual inspection also requires careful planning of the viewpoints to obtain high-

resolution images covering all points on the surface of the bridge. This is challenging to

do manually for a large bridge where one may not always have visual-line-of-sight. To

overcome these issues, solutions for assisting manual flights for targeted bridge inspection

are developed [98]. In this chapter, we focus in particular on the issue of careful planning of

inspection paths for the UAV to ensure high-resolution images for all points on the surface

of the bridge.

A point is said to be inspected if at some point along the path of the UAV that point falls

within the viewing cone and viewing distance of the camera attached to the UAV (defined in

Section 5.2). The objective is to find a path of minimum length that guarantees inspection

of all points on the surface of the bridge.

Inspection is closely related to coverage and exploration, problems that have been well-

studied in the literature but, as we will show, are not necessarily the best approaches for

inspection. If the UAV is given a 3D model of the environment, (including the bridge), then

it can find a coverage path that covers all points on the bridge using an offline planner [54].

In practice, the UAV often does not have any prior model of the layout of the bridges. In

many cases, even if a prior 3D model is available, it may not be accurate due to changes in

the environment surrounding the bridge as well as structural changes that may have been

made to the bridge. As a result, we focus on the more general problem of inspecting a bridge

without any prior information about its geometry.

Frontier-based strategies [119] are typically used for exploring an initially unknown environ-

ment. A frontier is defined as the boundary between explored and unexplored regions. The

strategies choose which amongst the set of frontiers to visit (and which path to follow to get
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Figure 5.3: An example of viewP . The green box represents the face of a bridge voxel, the
blue cone represents the viewing cone, and the red band on the cone represents the viewing
distance.
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to the chosen frontier) to help speed up exploration. The algorithm terminates when there

are no more accessible unexplored regions. A bounding box can be placed around the bridge

to restrict exploration when operating in an open environment. Exploring the bridge does

not necessarily mean that the UAV will get inspection quality images. Instead, an inspection

planner that can take into account the viewing cone and distance constraints may be more

efficient. We present such a planner, termed GTSP-Based Algorithm for Targeted Surface

Bridge Inspection (GATSBI), and show that it outperforms the frontier-based exploration

strategies in terms of efficiently inspecting the bridge (Section 5.4).

GATSBI consists of several modules: 3D occupancy grid mapping using LiDAR data, a

semantic segmentation algorithm to find pixels that correspond to the surface of the bridge,

a GTSP solver for finding inspection paths for the UAV, and a navigation algorithm for

executing the planned path. We use off-the-shelf modules for occupancy grid mapping (Oc-

tomap [50]), solving GTSP (GLNS [102]), and point-to-point navigation (MoveIt [24]). The

key algorithmic contribution is to show how to reduce the inspection problem to a GTSP

instance and the full pipeline that outperforms baseline strategies. The technique takes into

account overlapping viewpoints that can view the same parts of the bridge and simultane-

ously selects where to take images as well as what order to visit those locations. We also

show when and how to replan as more information about the environment is obtained.

In summary, this chapter provides the following contributions:

• present an online algorithm, GATSBI, that plans paths to efficiently inspect bridges

when no prior information about them is present;

• provide a completeness guarantee for a variant of the GATSBI algorithm;

• evaluate GATSBI (and the effects of various parameters within the algorithm) through

numerous simulations in Gazebo using 3D models of bridges;
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• compare GATSBI to a baseline frontier-based exploration algorithm using metrics that

capture targeted inspection of bridges.

The rest of this chapter is organized as follows. In Section 5.1, we review previous work on

inspection, coverage, and exploration. In Section 5.2, we present the problem formulation

and in Section 5.3, we describe the solution. In Section 5.4, we present Gazebo simulation

results. Finally, in Section 5.5 we conclude with a discussion of future work.

5.1 Related Work

As described earlier, frontier-based exploration is a widely-used method for 3D exploration

of unknown environments [27, 84, 127]. Several variants of frontier exploration have been

proposed, in particular, focusing on which amongst the frontiers to choose to visit next [28,

99]. Another popular approach is to model the exploration problem as that of information

gathering and choosing a path (or a frontier) that maximizes the information gain [26, 92].

Additionally, there are Next-Best-View approaches [91] that, as the name suggests, plan the

next-best location to take an image from in order to explore the environment. We refer the

reader to a recent, comprehensive survey on multi-robot exploration by Quattrini-Li [67]

that covers a variety of exploration strategies.

As we show in the simulations, generic exploration strategies are inefficient when performing

targeted inspection. There has been work on designing inspection algorithms that plan paths

that take into account the viewpoint considerations [49, 90, 95, 104]. When prior information

is available, one can plan inspection paths carefully by taking into account the geometric

model of the environment. Typically, the prior information is a low resolution version of the

environment and the inspection path can be used to obtain high-resolution measurements

of the environment [90, 95]. Unlike these works, we consider a scenario where no prior
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information is given and the robot must plan on incrementally revealed information.

Bircher et al. [15] presented a receding horizon planner for both the exploration problem

as well as the inspection problem. The two algorithms are similar and use a Rapidly-

Exploring Random Tree to generate a set of candidate paths in the known, free space of the

environment. Then, one amongst these paths is selected based on a criterion that values how

much information a path gains about the environment. The planner is used in a receding

horizon fashion (repeatedly invoked as new information is gained). We follow a similar

approach; however, for the work by Bircher et al., the inspection surface is known a priori,

where in the work in this chapter the only requirement is a portion of the bridge be seen

at the start of inspection. The environment is not necessarily known; they test for both

known and unknown. GATSBI has no prior knowledge about the environment and minimal

knowledge of the target inspection surface.

Song et al. [104] recently proposed an online algorithm which consists of a high-level coverage

planner and a low-level inspection planner. The low-level planner takes into account the

viewpoint constraints and chooses a local path that gains additional information about the

structure under inspection. The work proposed differentiates by guaranteeing a quality of

inspection, not requiring a bounding box around the target infrastructure, and segmenting

the infrastructure of interest from the environment, guaranteeing inspection of only the

target infrastructure.

5.2 Problem Formulation

The overarching problem that we solve in this chapter can be described as follows.
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Problem 1 Given a UAV with a 3D LiDAR and RGB camera, find a path to inspect every

point on the bridge surface so as to minimize the total flight distance.

We consider the scenario where the geometric model of the bridge is unknown a priori. We

assume that the UAV is initialized at a location where at least some part of the bridge is

visible. In addition, we do not take into account the battery level of the UAV. Some of the

previous work studies how to account for the UAV’s battery level and supplement missions

with an UGV for mobile recharging [122, 123]. An inspection path is planned for the part

of the bridge that is visible. As more of the bridge is seen, the UAV replans. Problem 2

(defined shortly) focuses on finding a path for the UAV based on the partial information.

We solve the larger Problem 1 by repeatedly solving Problem 2 as new information is gain.

We use a 3D semantic, occupancy grid to represent the model of the bridge that is built

online. Each voxel in the occupancy grid will be assigned a semantic label. The label

indicates whether the voxel is free vF ∈ VF ; is occupied, part of the bridge, and previously

inspected vBI ∈ VBI ; is occupied, part of the bridge, but not yet inspected vBN ∈ VBN ; and

occupied but not a bridge voxel (i.e., obstacles) vO ∈ VO. The free voxels, VF , represent free

space where the UAV can fly. The inspected bridge voxels, VBI , are bridge voxels that have

already been inspected by the UAV. The non-inspected bridge voxels, VBN , represent bridge

voxels that have been added to the 3D occupancy map, but not yet inspected. Lastly, the

obstacle voxels, VO, represent occupied voxels that are not the bridge in the 3D occupancy

map. The goal is to inspect all the voxels that correspond to the bridge surface, i.e., to

ensure that VBN = ∅.

A voxel vBN ∈ VBN is said to be inspected if the UAV inspects at least one of its six faces.

A face is said to be inspected if the center of that face falls within a cone given apex angle

centered at the UAV camera and within a minimum and maximum range of the UAV camera.

The apex angle represents the field-of-view of the camera that is rigidly attached to the UAV.
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We first define a vector c⃗o from the center of the face of the voxel to be inspected to the

center of the optical axis. Then we define a vector o⃗c from the center of the optical axis to

the center of the face of the voxel to be inspected. The angle between c⃗o and the face of the

voxel has to be less than the viewing angle constraint. The angle created from o⃗c and lens

has to be less than the viewing angle constraint as well. Both of these angles have to be less

than the viewing angle constraint to consider the face to be inspected. The viewing distance

is comprised of a minimum and maximum distance that a bridge voxel should be inspected

from to ensure quality images for inspection. An example of viewing constraints can be

seen in Figure 5.3, where the green box represents a face of a bridge voxel, the blue cone

represents the viewing cone, and the red band on the cone represents the viewing distance.

For the rest of this chapter, we refer to viewing cone and distance as, viewP .

Problem 2 Given a 3D occupancy map consisting of four sets of voxels (VF , VBI , VBN , VO),

find a minimum length path that inspects every voxel in VBN .

In the following section we show how to model this problem as a GTSP-instance.

5.3 The GATSBI Planner

In this section, we give an overview of the GATSBI algorithm. The full pipeline is given in

Figure 5.4 and broadly consists of three modules: perception, planning, and execution. We

describe each in details next.
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Figure 5.4: Flow diagram of GATSBI. The yellow blocks represent segmentation of bridge
from environment, blue blocks represent voxel map generation, red blocks represent the
planner, and the purple block represents execution of path.

Figure 5.5: Left: Single image from the UAV RGB camera. Right: Binary mask created of
the image in left.
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Figure 5.6: Left: Full voxel map containing VBI ∪ VBN ∪ VO. Right: Segmented bridge voxel
map containing VBI ∪ VBN .

A Perception

GATSBI starts by segmenting the bridge from the environment using the LiDAR and RGB

sensor information. Each incoming image (Figure 5.5-left) undergoes semantic segmentation

to find pixels corresponding to the bridge.

Using the transformation matrix obtained by extrinsic LiDAR to RGB camera calibration,

the LiDAR data is projected on to the image with a mask. Figure 5.5-right shows a mask

from the color segmentation and Figure 5.7-row 2 shows masks from the neural network.

The 3D points that lie on the segmented bridge are classified as bridge points. The point

clouds obtained through segmentation using either the colored or neural net segmentors are

then fed to OctoMap [50] to create a 3D occupancy grid. The output of this module is

a set of voxels: free VF , bridge VBI , VBN , and obstacle VO. Only the segmented voxels

(VBI , VBN) shown in Figure 5.6-right are used to plan inspection paths. The other voxels VO

and VF are used only to plan collision-free paths and take into account viewing constraints.

Either color-based segmentation or neural network-based segmentation of the bridge can be

used for segmenting the bridge from the surrounding environment. Both methods are used

in the simulation (Section 5.4). The neural network-based segmentation method has been

previously shown to work robustly with real-world bridge images [14].
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Figure 5.7: Example images from neural net. The first row is example images, second row
the output mask, and thir row is the combined mask and image overlay.



5.3. The GATSBI Planner 103

B Planner

In order to inspect a bridge, all voxels in VBN need to be inspected (as described in Sec-

tion 5.2). The planner is repeatedly called over time. The VBI set keeps track of voxels

that have been inspected by the UAV previously. This avoids unnecessarily inspecting the

same voxel more than once (some are unavoidable). Specifically, each voxel in VBN must be

viewed from some point on the path of the UAV within viewP . We formulate this problem

as a GTSP instance.

The input to GTSP consists of a weighted graph where the vertices are partitioned into

clusters. The objective is to find a minimum weight tour that visits at least one vertex in each

cluster once. GTSP generalizes the Traveling Salesperson Problem and is NP-Hard [102]. In

the following, we describe how we generate the input graph, G, and clusters for GTSP.

Each vertex in G corresponds to a candidate viewpoint. We check all pairs of vF ∈ VF and

vBN ∈ VBN to see if vF lies within viewP of one of the faces of vBN . If so, we add a vertex in

the graph G corresponding to the pair vF and vBN . This vertex is also added to the cluster

corresponding to each vBN .

There can be multiple vertices in G corresponding to the same vF , but each such voxel will

belong to distinct clusters of G. If a vF does not lie within viewP of any vBN ∈ VBN , then

it does not get added to the graph G.

All free voxels that can inspect the same vBN will contribute one vertex each to the cluster

corresponding to vBN . The GTSP tour will ensure at least one viewpoint in this cluster is

visited.

Next, we create an edge between every pair of vertices in G. The cost for each of these

edges is the Euclidean distance between the two vertices. For vertices in the graph G that
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correspond to the same vF , the Euclidean distance will equal to zero. With the vertices,

edges, and clusters, we create a GTSP instance and use the GTSP solver, GLNS [102], to

find a path for the UAV. Note that GTSP will obtain a tour that returns back to the starting

vertex (i.e., current position of the UAV). But, the UAV does not need to execute the last

edge returning back to the start position of this tour.

C Execution

We use the navigation planner software MoveIt [24] to execute the GTSP path. Prior to

moving from one point to the next, the UAV checks the distance from the current location

of the UAV to the next vertex in the GTSP path. We use a point-to-point planner imple-

mented within the MoveIt software based on the work done by Köse [62]. The point-to-point

implementation uses an RRT connect solution for finding collision free paths for point-to-

point navigation. For the rest of this chapter we use the terminology MoveIt to describe

using the point-to-point planner. This distance is found using MoveIt [24] which takes into

account the obstacles in the occupancy grid. If the difference between this MoveIt distance

and the Euclidean distance is greater than DD (discrepancy distance), the UAV replans the

GTSP path. The UAV replans as many times as needed to ensure that the first edge in

the returned tour is within DD of the MoveIt distance. This is called a lazy evaluation of

edge costs. Computing the MoveIt distance (which is a more accurate approximation of the

actual travel distances) between every pair of vertices will be time consuming. By checking

the discrepancy lazily, we find a tour quickly while also not executing any edge where the

actual distance is significantly larger than the expected distance captured by the edge cost.

We keep track of each newly visited cluster during the path flight. Each of these newly visited

clusters may correspond to a non-inspected bridge voxel. They are moved from set VBN to
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VBI since they have now been inspected. We execute the plan until one of two conditions are

met: either a time limit (RPT ) elapses, or the UAV completes the path, whichever occurs

first. We also record the raw sensor data during the flight. The MoveIt planner uses this

new data for navigation. Once we complete navigation, we use the stored data to update

the bridge inspected and non-inspected voxels and replan. Once VBN is empty, the bridge is

considered inspected and GATSBI will terminate.

D Completeness Guarantee

In this section, we will show that GATSBI is a complete algorithm, i.e., it will ensure

that every voxel that can be inspected will eventually be inspected. This completeness

guarantee holds when the environment satisfies some additional requirements that we state

next. Nevertheless, the algorithm itself can be applied for environments that do not satisfy

this requirement. The simulation results demonstrate this.

For completeness to hold, we require that all voxels of the bridge have an adjacent bridge

voxel. That is, there are no isolated bridge voxels. We show the completeness by making

some minor changes to how GATSBI works. These changes make it easier to prove the

completeness; however, the actual implementation that we use in the experiments does not

need to accommodate these changes. The changes are as follows. Each GTSP tour is fully

executed before replanning. Inspecting a voxel requires the viewing cone’s apex, angle to

be 0◦, and the center of the face of the voxel, to be inspected, to create a line which is

perpendicular to the face of the voxel, being inspected. This requirement can easily be

relaxed albeit at the cost of making the proof more tedious.

In general, GATSBI can inspect a voxel from any point that satisfies the viewing require-

ments. For the sake of easier analysis, we restrict the movement of the UAV to what will be
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Figure 5.8: Two example VR shown as rectangles (red) on the top and side of the bridge
with an example cell (blue) representing the bridge voxel (green).
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called as Viewing Rectangles (VR). An example of a VR can be seen in Figure 5.8 as the

red rectangles. These VRs allow me to inspect the bridge surface from a specified distance

parallel to one of the three cardinal directions (i.e., parallel to the X,Y and Z axis of the

voxel grid).

Each VR is a rectangle formed by a group of 2D cells projected from the faces of the bridge

voxels at a specified distance. More specifically the set of VRs is, P = P1, P2, ..., Pn, where

n represents the number of unique VRs needed to fully inspect the bridge. These VRs are

created based on the viewing distance and number of voxels that represent the bridge.

Each VR consists of cells, cij, where j is the identifier of the cell on the VR i. j ranges from

0, ...,m, where m is the number of cells in the corresponding VR. We further require that the

bridge is such that there can always be a set of VRs such that visiting some subset of cells

in the VR is sufficient to ensure the full bridge surface is inspected. The cells in the VRs

have the same side length as the voxels. Therefore, there is a one-to-one mapping between

voxel faces that can be inspected and cells in the VRs. Figure 5.8 shows a cell, in blue,

representing the bridge voxel to be inspected, in green. Visiting these cells in some VR is

equivalent to inspecting the corresponding voxels.

With these requirements, whenever a UAV visits a cell that corresponds to a bridge voxel,

then the UAV will also determine which of the four neighbors of this cell also correspond to

bridge voxels. Therefore, inspecting a voxel is equivalent to visiting the corresponding cell,

and seeing but not inspecting a voxel is equivalent to visiting a cell that corresponds to one

of the neighbors of that voxel on the same VR. This holds trivially when the voxel resolution

is less than the radius of the base of the viewing cone and the straight line between a cell

and its corresponding voxel face is obstacle free. With the addition of VRs, the UAV has to

know when and where to transition between different VRs. When a UAV should transition

between VRs is when it has finished fully inspecting the current VR. To know where on the
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new VR the UAV should transition, the cells on the current VR are projected onto the VRs

that are adjacent to the current VR. Once these cells have been projected, the UAV finds

the closest cell that represents a bridge voxel, is not on the current VR and then transitions

to it. After the transition the UAV is now on a new un-inspected VR and since the VRs are

known prior to inspection, the UAV is able to transition between VRs if and when necessary.

Theorem 5.1. The modified version of GATSBI inspects all bridge voxels that are repre-

sented by VRs.

Proof. We prove the theorem by contradiction. Suppose the modified version of GATSBI

will not inspect all bridge voxels that are represented by VRs. Suppose there is a VR, Pi,

with a cell cij, that is not inspected on Pi. This means that cij is not seen. If cij was seen then

it would be inspected since the modified version of GATSBI will find a tour that visits all the

seen cells in a previous planning round. Since cij is not seen then that means all neighbors

of cij have not been inspected. This previous step can be repeated until all possible values of

j have been not seen on Pi. Since all values of j have not been seen on Pi then that means

the UAV has not transitioned from any other VR, due to the capability that the UAV can

transition between VRs.

5.4 Simulations

In this section, we present simulation results to evaluate the performance of GATSBI. We

first present a qualitative example of the inspection paths produced by GATSBI. Then,

we study the effect of varying the parameters on the performance of the algorithm. We

also evaluate the computational time for various subroutines within GATSBI. Finally, we

compare GATSBI with the baseline frontier-based exploration.
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Figure 5.9: From top to bottom, bridges 1, 2, 3, and 4.
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Setup We use Robot Operating System (ROS) Melodic on Ubuntu 18.04 and Gazebo

to carry out the simulations. The simulated UAV is equipped with a Velodyne VLP-16

3D LiDAR, an ASUS Xtion Pro RGB camera, and GPS. The 3D LiDAR generates around

300,000 points/sec. It also has a 360◦ horizontal field of view with ±15◦ vertical field of view.

The VLP-16 has a range of 100m [1]. The ASUS Xtion Pro has a resolution of 720x480.

Its field of view is 58◦ horizontal, 45◦ vertical, and 70◦ diagonal, and the distance that it

can be used for is from 0.8m to 3.5m [2]. The localization in simulations is perfect. In the

real world, off-the-shelf Visual Inertial Odometry along with GPS for localization along the

bridge surface can be used [55, 103].

For all experiments, we use a viewing cone with apex angle of 0◦ and a viewing distance

between 2 to 5 meters. We set the viewing cone to the strictest possibility — a straight line

from the camera. This is to ensure the highest quality of images captured for inspection.

We set the viewing distance based on [36], where they suggest a minimum flight distance

of 2 meters and a maximum of 5 meters to allow for the safe flight of the UAV as well as

accurate detection of faults on a bridge.

A Qualitative Example

We evaluate GATSBI on four bridges shown in in Figure 5.9. All bridges, except bridge three,

do not contain any other object in the environment except for the ground. The third bridge,

on the other hand, has other distractor objects such as the trees. The first and the third

bridge are the same model. The second and fourth bridges are qualitatively different than

the first. Nevertheless, they are all representative of box girder bridges, as in the previous

work [98].

First, we validate the neural network based segmentation algorithm. A neural network
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(a) Angled UAV flight path during GATSBI.
(b) Birdseye-view UAV flight path during
GATSBI.

Figure 5.10: UAV flight paths.

model from DeeplabV3+ with a ResNet101 backbone is implemented [18]. There were a

total of 439 images that were obtained from simulation bridges and were annotated using

labelme2016 [113]. The data was split into 10% validation and 90% training. The model

that was used was fine-tuned from a pre-trained ResNet101 model from PyTorch’s official

pre-trained model paths. Training took place using a Tesla V100 GPU. The model was

trained for 20 epochs with a validation f1-score of 97.2% and the jaccard-index of 94.7%.

This model has also been previously shown to work on real world images. For the rest of

the simulation, we use a simpler color based segmentation algorithm. However, the choice

of the segmentation algorithm does not affect the main contribution of this chapter, which

is the GATSBI planner.

Figure 5.10 shows the path followed by the UAV as given by GATSBI. Figure 5.11-left shows

the final voxel map containing only the VBI voxels. A sample RGB image obtained by the

UAV along the path is also shown in Figure 5.11-right. These results are for bridge 1;

the results for the other bridges are comparable. Next we present quantitative results on

GATSBI.
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Figure 5.11: Outputs from GATSBI. Left: Example output of the voxel map for bridge 1.
Right: Example inspection image of bridge 1.

B Effects of Varying the Parameters

Recall that the planner continues as long as |VBN | ̸= 0. Ideally, this would coincide when all

voxels that can be inspected, are inspected. However, it is possible that the algorithm may

terminate if the UAV finishes inspecting all bridge voxels it has seen so far, without having

seen the entirety of the bridge. There are two parameters in GATSBI: replanning trigger

time, RPT , and distance discrepancy, DD. In this section, we study the effect of varying

these parameters on the performance of the algorithm.

Figure 5.12 shows the effect of varying RPT on the number of total bridge voxels inspected

(|VBI | after the termination of the algorithm) and the total distance traveled by the UAV.

It is observed that the number of voxels inspected is not affected by RPT . The distance

traveled seems to grow linearly with RPT except when RPT = 150 seconds. This is expected

since larger RPT will let the UAV travel longer before taking into account new information

and triggering a replan. A shorter RPT , on the other hand, will force the UAV to replan

sooner, therefore leading to better optimized paths. We use RPT = 90 for the rest of the

simulations.
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Figure 5.12: Evaluation of RPT vs voxels inspected and RPT vs flight distance. We use
RPT = 90 for all other simulations.



114 Chapter 5. 3D Online Surface Inspection

0

10

20

30

40

50

60

5 10 15 20 25

B
ri
d
ge

 V
o
xe

ls
 I
n
sp

e
ct

e
d
 |
V

B
I|
 

Distance Discrepancy (meters)

Distance Discrepancy Threshold

Figure 5.13: Evaluation of DD. We use DD = 25 for all other simulations.



5.4. Simulations 115

0

500

1000

1500

2000

2500

3000

3500

0 200 400 600 800 1000 1200 1400 1600

Fl
ig

h
t 
D
is
ta

n
ce

 (
m

e
te

rs
)

Time (seconds)

Total Flight Distance

Flight Distance for Bridge 1

Flight Distance for Bridge 2

Flight Distance for Bridge 3

Flight Distance for Bridge 4

Euclidean Distance for Bridge 1

Euclidean Distance for Bridge 2

Euclidean Distance for Bridge 3

Euclidean Distance for Bridge 4

MoveIt Distance for Bridge 1

MoveIt Distance for Bridge 2

MoveIt Distance for Bridge 3

MoveIt Distance for Bridge 4

Figure 5.14: Travel distances for GATSBI.

Figure 5.13 shows the effect of the total number of bridge voxels inspected as we increase

DD. A consistent increasing trend can be seen. Therefore, we choose DD = 25 when

comparing the MoveIt distance and the Euclidean distance.

C Travel Distance

We also evaluate the total distance traveled by the UAV using GATSBI (Figure 5.14). We

report three distances: flight distance, Euclidean distance, and MoveIt distance. The flight

distance is computed by recording the actual position of the UAV during the inspection.

The Euclidean distance is the straight-line distance between the current position of the UAV

and the next point on the path returned by the GTSP solver. The MoveIt distance is the

expected travel distance given by MoveIt to the next point.
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It can be observed that the Euclidean and MoveIt distances are comparable to each other

(and are bounded by the DD parameter). However, the actual flight distance is larger than

the other two. This is likely because during the actual flight previously unseen obstacles

may be seen and need to be avoided; thereby increasing the gap in the actual flight distance

and the expected distance.

D Computational Time

We examine the time it takes for executing GATSBI. In Table 5.1, we report the average,

minimum, maximum, and standard deviation (std) of the time for all bridges. We report

three times: the time spent in the planner to create the GTSP instance (non-GTSP), the

time taken to solve the GTSP instance (GTSP), and the flight time before the planner is

called again (flight). It is seen that the time it takes GATSBI to perform segmentation

and create a GTSP instance takes a maximum of 0.26 seconds. The GTSP solver takes a

maximum of 6.15 seconds. Compared to the flight time (average of approximately 50s), the

time taken by the planner is not significant. This suggests that GATSBI is not a bottleneck

and is capable of running in real-time on UAVs that are executing 3D bridge inspection in

unknown environments.

E Comparison with Baseline

We compare the performance of GATSBI with a baseline frontier-based exploration algo-

rithm. Before comparison, we first found the best set of parameters that are used for the

baseline method. The results are reported in the appendix A. We tested 3 main parame-

ters. The first was the number of frontiers to visit before planning again. The second was

whether to go to the closest frontier or a random frontier. Lastly, we tested the use of a grid
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Bridge Component Average Min. Max. STD
Bridge 1 Non-GTSP 0.06s 0.04s 0.090s 0.02s
Bridge 1 GTSP 5.84s 5.50s 6.00s 0.19s
Bridge 1 Flight 50.49s 7.45s 104.25s 26.50s
Bridge 2 Non-GTSP 0.08s 0.05s 0.10s 0.02s
Bridge 2 GTSP 6.05s 5.95s 6.15s 0.08s
Bridge 2 Flight 50.23s 13.22s 101.90s 23.75s
Bridge 3 Non-GTSP 0.13s 0.05s 0.26s 0.07s
Bridge 3 GTSP 5.14s 4.79s 5.45s 0.23s
Bridge 3 Flight 50.98s 6.82s 117.23s 27.39s
Bridge 4 Non-GTSP 0.08s 0.03s 0.11s 0.03s
Bridge 4 GTSP 5.99s 5.75s 6.24s 0.17s
Bridge 4 Flight 53.42s 4.87s 100.79s 26.49s

Table 5.1: Table showing the time taken for each part of GATSBI over multiple replans.

parameter. This grid parameter checked whether the UAV had previously visited a frontier

in the same grid as the current target frontier. The parameter allowed any number of visits

per grid cell from 1 to ∞ (standard frontier exploration). From the evaluations, visiting 10

frontiers before replanning, choosing random frontiers to visit, and having no grid cell visit

restrictions is the best combination of parameters.

We compare GATSBI with the baseline method with these chosen parameters. Since the

baseline method does not directly count the number of inspected voxels, we implement a

package on top of the baseline to count the inspected voxels. This way we compare only

the inspected voxels not the covered voxels. It is seen in Figure 5.15 that the proposed

method does better than the baseline method when comparing the percentage of total bridge

voxels inspected. We obtain this value by dividing the inspected bridge voxels (|VBI |) upon

termination of the algorithm by the total bridge voxels. The total number of bridge voxels

are obtained by flying the UAV around the bridge and recording the number of bridge voxels.

Note that in the third case, this number is greater than 100% because of some false positive

bridge voxels reported in |VBI |.
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Figure 5.15: Percentage of voxels inspected over time for all bridges.

Nevertheless, it is observed that GATSBI achieves inspection of almost 100% voxels while the

baseline only achieves a maximum of 35.7%. We also evaluate the efficiency in inspection by

computing |VBI |/(|VBI |+|VBN |+|VO|). This ratio captures the fraction of all bridge inspected

voxels over occupied voxels. From Figure 5.16, it can be observed that GATSBI always has a

higher fraction than the baseline. This validates the claim that GATSBI targets inspection of

bridge surfaces instead of just covering the environment. We also see that GATSBI executes

inspection faster than the baseline. Therefore, we justify the claim that GATSBI is more

efficient in inspection compared to a frontier exploration algorithm.
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5.5 Conclusion

In this chapter, we present GATSBI, a method for 3D bridge inspection in an unknown

environment. We evaluate the performance of the algorithm through Gazebo simulations

with a UAV equipped with a 3D LiDAR and an RGB camera. The simulations show that

GATSBI outperforms frontier-based exploration algorithms. In particular, we show that the

algorithm is efficient in the sense that it targets voxels that are to be inspected, rather than

simply exploring a volume. The simulations also demonstrate that the algorithm can run in

real-time.



Chapter 6

Conclusion

The work presented in this dissertation solve the problems of a hybrid battery-limited UAV

being used for persistent missions of point coverage and area coverage; as well as using a

UAV for infrastructure inspection of bridges in an unknown and cluttered 3D environment.

In Chapters 2 and 3 the focus was on overcoming the energy limitations of UAVs while

covering sites of interest or 2D areas of interest on the ground plane. In Chapters 4 and 5

the focus was on overcoming the challenges associated with 3D inspection without any prior

knowledge of the environment and with safety constraints when performing inspection in

cluttered environments.

In Chapter 2 we started with the problem of point coverage on the ground plane. The UAV

had a limited battery capacity which may prevent it from covering all points of interest in the

environment. We presented a system which leveraged a UGV as a mobile charging stations

and allowed the UAV to either charge in place or charge while being muled to the next take-

off site. The work presented in this chapter minimized the total time it took a UAV to cover

all points, including the flight, take-off, landing, and recharge times. Multiple simulations

and proof-of-concept experiments were executed using this work and were presented at ICRA

’18 [121] and later published in the Journal of Field Robotics [122].

Following Chapter 2, Chapter 3 extended the work to solve the problem of area coverage on

the ground plane. In this chapter the hybrid UAV had to cover a set of boustrophedon cells

while taking into consideration it’s own battery life as well as what flight mode should be

121
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used for coverage. An algorithm was presented that found the optimal recharging decisions:

how much, where, and when to recharge the battery. In addition to these recharging decisions

the algorithm found the optimal flight mode to use for coverage of the boustrophedon cells.

The algorithm formulated models for multi-rotor UAVs as well as hybrid UAVs that could

fly in either fixed-wing or VTOL modes. This was also evaluated through simulations and

proof-of-concept experiments, and was presented at ICRA ’19 [123] and is in submission at

a journal.

In Chapter 4, we applied the 2D area coverage work to 3D surface area coverage. We solved

the problem of 3D surface area coverage by reducing it to the 2D area coverage problem.

Instead of having boustrophedon cells on the ground plane, they became planar surfaces on

the bridge. Since not all cells were on the same plane the planner had to account for the 3D

flight cost as well as how to transition between boustrophedon cells in the 3D environment.

Low-level and high-level controllers were implemented that use LiDAR data to localized

along the bridge surface to cover boustrophedon cells instead of GPS and compass data and

decided on the order to cover boustrophedon cells and when to switch between low-level

flight modes. This work was presented at ISER ’19 [98] and a journal version is in revision.

Lastly in Chapter 5, a more general approach to 3D inspection was presented. In this

chapter the work differentiated between coverage and inspection and focused on executing

3D inspection of bridges in an unknown and cluttered environment. An online planner

was developed for the UAV to handle inspecting regions of interest. Our planner termed

GATSBI plans online paths that are targeted towards inspecting all points on the surface

of a bridge. The input to GATSBI is a RGB images and 3D occupancy grid map. We use

semantic segmentation to segment the bridge voxels from the surrounding environment and

then cluster candidate viewpoints for inspecting the bridge into a GTSP instance. This work

is under review at IROS ’21 [125].
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In this dissertation the works presented focus on coverage in the 2D environment and then

coverage and inspection in the 3D environment. Each chapter presents an increasingly harder

problems that start with leveraging a UGV as a mobile charging stations, then working with

hybrid UAVs to extend coverage of points to areas, and finally using a UAV in a complex

and unknown environment to only inspect the structure of interest. Even with everything

that is introduced in this dissertation there are still areas of future work. The main avenues

for future work is improvements on the GATSBI algorithm presented in Chapter 5. We want

to execute hardware experiments using a UAV with GATSBI running onboard. To do this

we would need to implement the neural network segmentation, create a more robust method

for exploring the bridge, and improve on the point to point flight planner. For future work

we would also like to have GATSBI run in an assisted autonomy mode where an operator

could take manual control of the UAV to fly unplanned routes and then return control to

GATSBI to continue inspection of the structure of interest.
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A Choosing Baseline Parameters

Frontier-based exploration explores an environment using frontiers, which are free voxels on

the boundary of unknown and known space. We consider a general version of frontier explo-

ration where the workspace is divided into a grid with a cell size. The grid size parameter

was evaluated in previous work and the size we used, 13x13 cells, was found to have the

best results [3]. For potential target frontiers, the algorithm checks whether the robot has

previously explored the grid cell the target frontier is in. If it has visited it more than a

given threshold, it ignores that frontier and moves onto the next one. This prevents the

robot from exploring multiple frontiers in the same vicinity of frontiers that have already

been explored.

We create a bounding box surrounding the bridge and restrict the path of the UAV to

be inside this box. The parameters that may affect the outcome are the buffer volume

surrounding the bridge, the number of frontiers before replanning, the number of voxels per

grid cell for the grid-based exploration baseline, and choosing between random vs closest

frontiers. In Figure A.1, it shows the effect of the buffer distance on the ability of the UAV

to inspect bridge voxels. It is seen that a 5 meter buffer gives the best performance.

In Figure A.2, we show the effect of varying the number of frontiers that the UAV will

visit before replanning. It is seen that the number of frontiers that the UAV goes to before

replanning does not seem to directly affect the number of voxels inspected.

In Figure A.3 we evaluate the number of frontiers per grid cell before that grid cell is not

visited again. For the grid-based exploration baseline, we settle on 5 frontiers per cell. It

can be seen from the figure that 5 frontiers does the best.

The last parameter that we evaluate is whether to choose between random or closest frontier

exploration. It can be seen from Figure A.4 that the closest method may provide results
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Figure A.1: Evaluating the change of buffer distance from the bridge.
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Figure A.2: Evaluation of the number of frontiers the UAV goes to before replanning.
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Figure A.3: Evaluation of the number of frontiers per grid if a grid was overlaid on the
environment.

faster, but ends up terminating before the random method. Also, the random method does

inspect more bridge voxels. Because of this, no conclusions can be drawn between if random

or closest is the better method for bridge inspection and choose the random strategy for

comparisons with the GATSBI algorithm.
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