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PhD Dissertation

Optimizing and Automating Mission Execution in Drone-based Systems

Georgios Polychronis

Abstract

During the last years, unmanned aerial vehicles (drones), polycopters in particular, are
used in an increasing number of civilian applications. This trend is expected to continue
thanks to rapidly decreasing acquisition costs, simple deployment, high maneuverability and
significant customization potential. Namely, drones can be equipped with various sensors and
actuators, they can feature Wi-Fi, 4/5G and custom RF modules for the wireless communica-
tion with base-stations and servers that are nearby or in the cloud, and they can carry different
embedded platforms to perform computations and data processing onboard, according to the
requirements of the application at hand.

This thesis focuses on autonomous drones that visit a set of pre-specified locations of
interest to perform a sensing task, and, if needed, an additional action (further sensing or
some actuation) on the spot. To decide whether such an action is needed, the drones must
process the sensed data to detect objects or situations that are relevant for the application at
hand. The respective computations can be done locally using an onboard computer, or they
can be offloaded to a more powerful server.

We study how to minimize the completion time (makespan) of such missions by (i) re-
ducing the flight time of the drones, (i1) reducing the hovering time over the points of interest
due to waiting for the computation to complete, and (iii) offloading computations to nearby
edge servers to accelerate data processing. These problems become more challenging when
considering the limited autonomy of drones and the need to recharge or switch batteries dur-
ing the mission. Additionally, the shared servers used by drones to offload computations may
have limited computational resources thus requiring suitable scheduling for computation of-
floading in conjunction with path planning. Furthermore, there may be uncertainty regarding
the drones’ flight and processing times, introducing changes in the mission plan and server us-
age. We capture these problems in a formal way, propose solutions and evaluate them through
a wide range of simulation experiments, configured using realistic parameters obtained from
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Xiv Abstract

corresponding software-in-the-loop setups as well as real drone behavior in field tests.

Last but not least, we propose a modular software architecture for an autonomous re-
mote sensing system based on drones, which fully automates the entire cycle of operation,
including handling of user requests, mission planning, take-off, navigation, sensing, landing,
charging and processing the data collected by the drones. Notably, the software can split the
mission into parts that can be executed in parallel by multiple drones, with adaptive planning
in case a drone experiences an issue and must land earlier than anticipated. The complete
software has been tested using software-in-the-loop simulations but also in the field using a

real drone which takes-off and lands from/on an automatically controlled hangar.

Keywords

Drones; path planning; edge-computing; offload scheduling; mission execution; runtime de-

cisions; system automation; remote sensing; algorithms; system architectures.
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AdakTopikn Alatpifin

Beltiotomoinon kor Avtoportonoinon Extéleong ATootoh®v o€

Yvompoto pe Mn-Eravopopévae Evaépra Oyfqpota

I'eopyrog Morvypovng

IHepiinyn

Ta tedevtaio xpovia, Ta un enavopopéva evaéplo oynuata (drones), Kot dtaitepa To TO-
AVKOTTEPQ, YPNCILOTOIOVVTOL GE OAO KOl TEPIGGOTEPES LN OTPOATIOTIKEG EPAPUOYES. AVTY|
N TAGN OVOUEVETOL VO GUVEYLIOTEL YAPT GTN GLVEXTN TTMOGCT TOL KOGTOVG KTINONG TOVG, TNV
€VKOALD XPONG TOVS, TNV IKOVOTNTA TOVS Y10, EAYHOVS KOt TIG ONUAVTIKEG OLVOTOTNTES TPO-
GOPUOYNG TOVG. ZVYKEKPILEVA, TO drones Pmopovv va eE0TAGTOVV e S1APpopovs acONTPES
KOl EVEPYOTOINTES, Ltopovv va dtabétovy Wi-Fi, 4/5G kar e1dikég cvokevég RF yio v acvp-
LT EMKOWV®Via e oTaBpovg BAomg Kot SIKOUIGTEG TOL BPIGKOVTOL GE KOVTIVI] OOGTOCN
N oto vépog (cloud), kat propodv vo S1oBETovy SLUPOPES EVOOUATOUEVEG TAATOOPLLES V10!
TNV EKTELECT] VTOAOYIGUMV KOL TV ENeEePYaTia OEGOUEVMOV, COLPMOVA LLE TIG OTALTIGELS TG
EKAGTOTE EQPAPLOYTG.

Avt 1 datpPn eotidlel oe avtdvopo drones Tov EMCKETTOVTIOL £V GOVOAO TPOKAOO-
PIOUEVOV TOTODECIDOV EVOLPEPOVTOC Y10l VO EKTEAEGOLV LIl EPYACIN OVIXVELONG KO, EAV
yperdleTat, o Tpochet) evépyela (TEPAITEP® aViXVELON 1] KATOlM EVEPYOTOINGT) EXITOTOV.
INo va amopacicovv eqv yperdletal pa tétota evépyeta, ta drones tpémet va ene&epyalovron
T 6edopéva mov cLVELEEOV Atd TOLG UGONTAPEG Yo VO S1OKPIVOLY OVTIKEILEVO 1] KOTO-
otdoelg mov oyetiCovron pe v epappoyn. Ot avticToryol LTOAOYIGHOL UTOPOVV Va Yivouv
TOTIKA YPNOIUOTOIDVTOS £VOV EVOOUUTOUEVO DTOAOYIGTH 1| LWITOPOVV VO EKPOPT®OHOVV GE
évav o 1oyvpd SUKOUIOTY.

Meletdpe mmdg PTopoVLE VO ELUYLGTOTOUCOVLE TOV YPOVO OAOKAN PGS TETOI®V OLTO-
oTOADV (1) HEW®VOVTOG TOV XpOvo TTong TV drones, (il) HELOVOVTOG TOV XPOVO OLMPTONG
TOVG TOV® oo T GNUELR EVOLULPEPOVTOG AOYM OVOLLLOVIG Y10, TNV OAOKANP®GCT TWV VITOAOYL-
oU®V, Kal (1i1) EKPOPTDOVOVTOS VTOAOYICUOVS GE KOVTIVOUS O10KOMGTEG TOL PBpickovTol oTa
dKpo Tov d1kTVOVL (edge) Yo TNV emTAYLVOT TG EMEEEPYUTING OEOOUEV®DVY. AVTA TOL TPOPAN-

pota yivovtot 1o dVGKOAN OTaV AUPAVETOL LTOYNMV 1) TEPLOPIGUEVT] avTovopia Twv drones

XV
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Xvi Hepiinymn

KOL 1 OVAYKT ETOVOQOPTIONG 1 AALOYNG UTOTOPLOV KOTO TNV O1dpKela TG amootoAns. Emi-
TAE0V, 01 KOVOYPNOTOL OLKOULGTES TTOV YPNGLLOTO0VVTOL 0O Ta drones yio Tnv eKeopTmoN
VTOAOYICUAOV UTOPEL VAL EXOVV TEPLOPLGUEVOVS VITOAOYIGTIKOVG TOPOVS, OTOTE OOLTEITON KO-
TAAANAOG TPOYPOUUOTIGUOG Y10 TV EKPOPTOGT VTOAOYICUMOV GE GLVOLOGO LLE TOV GYEOLOL-
oUO O1adpop®V. AKOa, evOEyeTaL VoL LITAPYEL AREPAIOTNTA CYETIKA LLE TOVG YPOVOVG TTTHONG
tov drones kot g eneepyaciog dedouEvVMV, E16AYOVTAG AAANYEG GTO TAGVO TNG OITOGTOANG
Kol 6T (PN on Tov daxkopotdv. Opilovpe avtd ta TpofAnpata pe enionyo tpoOmTo, TPoTei-
vovpe AGeLg Ko TIG aloAoyovpe pHEGo amd Eva evpl PAGLO TEPAUATOV TPOGOUOIMOTG,
7oV £Y0VV SLUUOPP®OEL ¥PNOILOTOLDOVTOG PEAMOTIKEG TAPAUETPOVS O 0TTO1EG AapPavovTon
a0 AVTIGTOLYEG TPOCOUOIDGELG OOV YPTGLUOTOLEITOL TO TPAYUOTIKO AOYIGUIKO GUGTHLLOTOG
(software-in-the-loop) kaBmg Kot amd TV TPAYUATIKY] CLUTEPIPOPA £VOG drone Ge SOKLUES
010 medio.

TéLog, mpoteivovpe pia apBpmTN OPYITEKTOVIKT AOYIGUIKOD Y10 £VOL QVTOVOUO GOGTNLLOL
ATTOLLOKPLGUEVTG aviyveLonS (TNAEmoKOTNONG) TOL YPNoyLonolel drones, To 0Toio AVTOLLa-
TOTOLEL TAN PO OAOKAN PO TOV KUKAO AEITOVPYIOG, CUUTEPIAAUPAVOUEVOL TOV YEPICUOD TV
OUTNUATOV TOV ¥PNOTIH, TOL GYEOOGHOD TNG OTOGTOANG, TG OMOYEI®MONG, TNG TAONYNONG,
™g aviyvevong, g mpooyeimong, g eOpTIoNS Kot TEAOG NG emelepyaciog dedopévmv mov
ovAAéyovtat amd ta drones. A&iler va onuelmBel 6ti 1o Loyiopkd pmopel va ympicel TV amro-
OTOAN| GE UEPT] TTOV UTOPOVV VO, EKTEAEGTOVV TTaPAAANAa otd TOAAG drones, pe duvatdTnTa
OVOTTPOCAPLOYNE TOV TAAVOL GE TEPITTMOT OV KAmOolo drone avTIUETOTIGEL TPOPAN O Kot
npénel va Tpocyelwbel vopitepa amd 1o avapevopevo. To TApeg Loyiopkd £xel SOKIUAOTEL
YPNOLOTOIDOVTOG TPOCOUOIMGELS Software-in-the-loop aAAd kol 6To TEdIO0 YPNGYLOTOUDVTOG
éva Tpaypatikd drone mov amoyEIMVETOL KOl TPOGYEIMVETOL 0d/GE £va. QVTOUOTO EAEYYO-

pevo vooteyo (Bdon eOAAENG/ POPTIONG).

Keywords

Mn emavopopéva evaépla. OxNUATo, oXEOOGHOG LOVOTTATIMV, VITOAOYIGUOS OT GKPO TOV
SIKTOOV, TPOYPUUUATIGHOS EKPOPTMCNG VITOALOYICUMV, EKTEAEGT] AITOGTOAMY, AP ATOPd-
CEMV KOTA TNV EKTEAEGT, OVTOUATIGUOC CLGTNUATMOV, OTOUUKPVGUEVT] Ovixvevor) / TnAEmL-

OKOTNGT, AAYOPIOLOL, OPYITEKTOVIKT] GUGTNUATOV.
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Chapter 1

Introduction

1.1 Context

In recent years, drones have become an increasingly popular trend in various civilian
applications. Their contribution to both everyday life and industry has led to their adoption
as a key tool in many fields. Photography, agriculture, construction sites, mapping and 3D
modeling, search and rescue missions, deliveries are some of these fields where drones have
become or are quickly becoming irreplaceable. What is more, the ongoing advancements
in battery technology, sensors and telecommunications, are contributing to the growth and
increased versatility of drones. These advancements enhance the capabilities of the drones
and allow them to perform more complex tasks, further reinforcing their role. The popular-
ity of civilian drones is also reflected in terms of business with significant financial value.
According to Business Research [1], in 2023 the global civilian drone market size was val-
ued at 8.89 billion USD and is expected to reach 41.31 billion USD by 2032, growing with
an impressive 18.6% compound annual growth rate (CAGR). It is clear that drones are not
only becoming a key component of next-generation systems that will support a wide range
of civilian applications, but will also play an important role in the economy.

There are different types of drones, with different pros and cons. The most common types
are fixed-wing drones and rotary/polycopter drones. Fixed-wing drones resemble typical air-
planes, while polycopter drones have multiple vertical propellers (quadcopters and hexa-
copters being the most popular variants). On the one hand, fixed-wing drones are able to
efficiently glide through the air and thus can cover larger distances with less energy, result-

ing in greater operational autonomy. On the other hand, polycopter drones offer much greater

1
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2 Chapter 1. Introduction

maneuverability, allowing for better control, which allows them to navigate safely in areas
with obstacles or hover steadily above specific points of interest. Furthermore, polycopter
drones can take off and land vertically, thus can be easily deployed from various locations
without the need for extra infrastructure or a lot of space. In contrast, fixed-wing drones

require a runway (or a catapult) to build up sufficient speed to take-off but also to land.

Thanks to software and autopilots provided by various parties, both open-source and com-
mercial, drones can be easily controlled and operated through high-level commands instead
of direct manipulation of the drone’s flight controls. The typical case is for such control com-
mands to be issued interactively by a person through a dedicated remote control device or
an off-the-shelf handheld computer such as a tablet or even a smartphone. However, this
still requires direct human involvement, which raises issues of availability, attention-span,
casual errors and possibly even unmanageable complexity especially in cases where multi-
ple drones must be engaged concurrently. An alternative approach, which does not require
constant manual control, is to issue control commands to the drone using software, through
so-called driver programs that communicate with the autopilot through suitable APIs [2]. In
the case of autonomous drones, the driver program can run on a companion computer on
board the drone itself, which communicates directly with the drone’s autopilot over a serial
or local network connection. Another option is to run such driver programs on nearby edge
servers or ground station, in which case the control commands can be sent to the drone using

different wireless technologies such as RF, Wi-Fi or 4G/5G.

Such an automated, program-based control of drones can be highly desirable, both cost-
wise and risk-wise, since any human intervention can introduce significant overhead in the
deployment and mission execution. Also, manual control can lead to operational mistakes
due to tiredness, carelessness or the sheer complexity of the mission at hand. The need for
automation is amplified when the drone must execute the same mission periodically, per-
haps several times in a day, or when multiple drones need to operate in an area at the same
time, where some high-level coordination may be needed to achieve the desired result or to

minimize the probability of interference and collisions.

It is important to note that the existence of accurate simulation tools considerably helps
in the development of such driver programs or other higher-level software for drone-based
systems. This is crucially important given that tests in the field require extensive preparation,

are very time-consuming, and also prone to delays or even full cancellations due to unforeseen
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1.2 Focus 3

and changing weather conditions. Moreover, tests in the real world unavoidably come with
the risk of failures and malfunctions, which, in turn, may lead to crashes causing material
damages that take time to repair also at a significant cost. Fortunately, thanks to software-
in-the-loop (SITL) configurations of autopilots, one may test mission control software for a
wide range of scenarios in a cheap, efficient, reproducible and completely safe way, using

the same high-level software stack that will run on the real drone.

1.2 Focus

Our work focuses on polycopter drones, primarily due to their flexibility of deployment
and maneuverability. Polycopters are also relatively straightforward to design/build so that
they can carry a wide range of payloads, such as different sensors (e.g., RGB camera, ther-
mal camera, LIDAR etc) and actuators (e.g. packet/object release mechanisms, sprayers etc).
They can also be easily equipped with a variety of computing platforms and communication
interfaces, which can be used to run local computations to process data and to interact with

other systems.

This renders polycopter drones suitable for a wide variety of missions. Such missions
usually consist of visiting certain points of interest where the drone needs to perform one or
more tasks. The simplest case is for the drone to collect data via it’s on-board sensors, which
is then processed offline. However, a mission can be data-driven, in which case the drone
may need to perform an additional, follow-up task, depending on data collected. Notably,
this decision must be taken at runtime. The required data processing can take place either
locally using an onboard computer or be offloaded to a more powerful server at the edge or
the cloud.

In the following, we give some indicative examples of such application scenarios from the
literature. In [3], the mission is to visit a set of waypoints in order to take pictures and perform
a person detection computation. If a person is detected with low confidence then the drone
descends for a picture from a lower altitude. If on the other hand, the confidence is high, the
image is sent to the ground crew for verification. The crew may subsequently command the
drone to go to the location where the person was detected, to take another picture from lower
altitude. A sea patrol application scenario is considered in [4] where the drone scans an area to

detect people in the sea. If a person is detected, the drone sends a signal to the corresponding
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4 Chapter 1. Introduction

authorities and delivers a supply kit. [5] discusses a precision agriculture application, where
a drone is used to identify the type of disease in plants. When the drone detects an infected
area, it will go there and use the right type and volume of pesticide to spray. In [6], obscure
fires are detected with the usage of a drone, while [7] reports work on designing firefighting
drones that can throw fire extinguishing balls. One could combine these capabilities using
drones that both detect and control (or even extinguish) fires before any manned vehicle or
ground force arrives at the respective locations.

Each of these scenarios includes a sensing and data processing task in order to detect a
specific event or situation of interest (a person in need, an infected area in the crops, or a
fire). If so, the drone proceeds with an actuation or further sensing task. Note that the action
to be taken, if the situation of interest is detected, is typically of high priority and should be

ideally performed before continuing with the rest of the mission.

1.3 Challenges

A key objective when planning and executing such missions is to complete the mission
at hand as soon as possible. However, in order to achieve this goal one is faced with several
challenges.

First of all, polycopters typically have limited autonomy. If the mission is large, the drone
will be required to make intermediate stops at specific locations to recharge or swap its bat-
teries. It is important to plan such stops ahead of time, without taking the risk of the drone
exhausting its energy reserves mid-flight and having to perform an emergency landing. Aside
from causing extra delays in the mission, since someone from the crew must go at the location
where the drone has landed to retrieve it, an emergency landing at the wrong location may
cause material damages to the drone itself or other infrastructure/property; in the worst case,
it might even cause injuries to casual bystanders.

Another aspect that must be addressed are unforeseen delays or increased energy con-
sumption during the mission. Weather conditions such as local wind currents or gusts, maneu-
vers to avoid obstacles or perhaps other nearby flying drones, as well as battery degradation,
are some examples that may cause deviations from the initial plan. In turn, such deviations
may render the initial plan suboptimal or even infeasible (thereby leading to an emergency

landing, which is highly undesirable for the reasons explained above). In order to address this
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1.4 Contribution 5

issue, the state of the drone must be continuously monitored, and if necessary, the path plan
or mission schedule should be dynamically adjusted accordingly.

In data-driven missions, it may not be necessary for the drone to perform a follow-up
action at every single point of interest. The drone must have the intelligence to recognize if
such an action is indeed needed at a given point of interest, or if it should continue the mission
without further delay. Depending on the complexity of the data processing, such computations
can be quite time consuming if they take place on the drone’s companion board, introducing
additional delays in the mission as the drone waits for the result to decide whether a follow-
up action is needed. To reduce this delay, the drone can choose to offload the computation
to a more powerful nearby server. Still, the server may have limited resources and multiple
drones may operate in the same area at the same time, leading to resource pressure and extra
delays in the computation at hand. This raises the need for suitable scheduling that ensures
fair resource sharing. Moreover, if one considers uncertainties in the drone’s flight times (see

above), this schedule cannot be static but must be dynamically adapted as needed at runtime.

1.4 Contribution

The overall scope of this thesis concerns the efficient planning and automated execution
of the aforementioned types of drone-based applications with the objective of minimizing the
mission time while tackling the above challenges. The main contributions of this thesis are

as follows:

1. Path planning for multiple drones. We consider the limited energy of the drones so
that the computed paths are safe and feasible. Additionally, the paths are dynamically
adapted to deal with any deviations from the initial plan, due to unforeseen delays or

increased energy consumption.

2. Joint path planning and computation offloading. We schedule the data processing that
must be performed for each drone by choosing whether and where (which edge server
to use) to offload the respective computations when visiting each point of interest.
The decisions are affected by the location of the drone and the current server load
(edge servers have both limited resources and coverage). Path planning and resource

usage are interrelated, creating the need to plan schedules that address both problems
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6 Chapter 1. Introduction

jointly. Similar to the pure path-planning problem, when the drones are flying with

uncertainties, such schedules must be adapted dynamically.

3. Stay or go decision. The above line of work minimizes the mission time by reducing
the data processing time via offloading (faster computation). Complementary to this,
we tackle the problem of deciding whether to wait for a computation to finish in order
to decide if further action is needed at the given point of interest before moving to next
point, or start moving to the next point as soon as the sensing is complete. To take good
decisions, the drone must effectively learn whether it is likely that a follow-up action

will be needed at each point of interest.

4. Drone-based remote sensing system architecture. We explore the full automation of
drone-based missions for remote sensing systems. More specifically, we design a sys-
tem that supports the whole cycle of operation, from take-off, mission execution and
monitoring, landing, and offline processing, for one or more drones. This is done in a
fully transparent way, hiding the complexity of planning and mission execution, with-

out requiring a pilot nor any involvement from the administrator.

1.5 Outline

Chapter 2 investigates the case where multiple drones are used to visit a set of points of
interest. We formulate the corresponding path-planning problem in a formal way and propose
an offline algorithm that builds paths for each drone of the swarm. Additionally, we propose
an online algorithm that dynamically updates these paths in case of unforeseen delays. The
goal of this work, is to efficiently build each drone’s path and adapt it if needed, so that the
mission time is minimized. The first chapter does not consider any computations. This work
resulted in the publications [8], [9] and [10].

In Chapter 3 we introduce computations in the mission. More precisely, multiple drones,
each performing its own mission, visit a set of points of interest, perform a sensing task and
process the sensed data while hovering above the spot. We formally formulate this problem
and propose different heuristics that jointly plan the paths and make decisions for the com-
putations of each drone. As discussed, the computations can either be processed locally on
the drone, or offloaded to nearby resource-limited edge servers. Similarly to the previous

problem, the goal is to minimize the mission time of each drone. Furthermore, we propose an
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1.5 Outline 7

online decentralized protocol, that adapts the offline schedule produced by these heuristics,
in order to deal with any uncertainties during the mission. The work of this chapter, leverage
faster computation resources to reduce the time waiting for a computation to complete, and
as a result the mission time. This work resulted in the publications [11], [12], [13] and [14]

Chapter 4 focuses in the mission of a single drone. Here, the mission type is the same as
in the previous problem. The difference is that, instead of always waiting for the computation
to complete in order to decide if a further action is needed, or not, it can continue with the rest
of the mission while the data are being processed. For this problem, we propose a learning
approach so that the drone can take smart decisions. The drone gains experience from its past
missions, learning about the likeliness for an action to be actually needed on each waypoint.
As aresult it can take informed decisions about whether to wait for a computation to complete
or not. Taking good/correct decisions helps the drone to further reduce the waiting time, and
so the mission time. This research resulted in publication [15].

Chapter 5 studies the problem of the automation of the mission of one or multiple drones.
In this chapter we designed and implemented a system to control the whole operation of one
or more drones. The system’s architecture is modular allowing its flexible customization ac-
cording to the application’s requirements. In other words, we can easily replace the system’s
modules so that different algorithms plan the mission or to introduce/implement various be-
haviors depending the mission’s needs. Part of this work is described in publication [16].

Finally, Chapter 6 summarizes the outcomes of the thesis and points to further research

directions.

Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:36:07 EEST - 216.73.216.250



Institutional Repository - Library & Information Centre - University of Thessaly
11/09/2026 19:36:07 EEST - 216.73.216.250



Chapter 2

Drone Path Planning with Flight Time

Uncertainties

2.1 Introduction

In this chapter, we focus in missions that require the visitation of some pre-specified
points of interest by a fleet of drones (e.g. to gather data by its onboard sensors, deliver
goods/supplies or perform another action). The main problem we tackle in this context is to
build multiple paths dividing the mission in different parts and to assign each path to one of
the drones. The objective is to minimize the total mission time, i.e., to minimize the operation
time of the drone that will finish its part of the mission last. Besides the simpler, deterministic
path planning problem, we also focus on scenarios where the drones operate with uncertainty
on the energy and time that needs to be spent in order to move between two points of interest,
requiring the dynamic adaptation of these paths.

The main contributions of this chapter are: (1) We formally formulate and present the prob-
lem as a multiple vehicle routing problem (mVRP). The formulation is general and includes
both the drones’ energy limitations and the mentioned uncertainties. However, to tackle the
problem we develop our approach incrementally. (ii)) We propose a tournament selection
heuristic with a large neighborhood search method that is used to build the drones’ initial
paths. This algorithm does not consider any energy constraints or uncertainties, so it typi-
cally solves a multiple traveling salesman problem (mTSP). For this reason (ii1) we evaluate
it in a wide variety of benchmarks for the mTSP problem. Then we extend this algorithm

to consider the energy and (iv) propose an online heuristic for the dynamic path adaptation

9
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10 Chapter 2. Drone Path Planning with Flight Time Uncertainties

when the drones operate under uncertainties. This algorithm changes the paths and optimizes
the plan at runtime considering the actual costs experienced during the mission. (v) Finally
we extensively evaluate it over a wide range of scenarios, varying the placement of battery
changing stations, the uncertainty of the travel costs and the size of the fleet.

The rest of the chapter is structured as follows. We start by giving a brief overview of
related work, in Section 2.2. Then, in Section 2.3, we formulate the problem. In Section 2.4,
we describe our proposed oftline heuristic, while in Section 2.5 we evaluate its performance.
Finally, Section 2.6 presents the proposed online heuristic for the path adaptation and Sec-

tion 2.7 its evaluation.

2.2 Related Work

2.2.1 Min-max multiple traveling salesman problem

The mTSP has been studied extensively and there is a wide literature on different solutions
for it. Indicative surveys can be found in [17],[18], [19]. In this work, we focus on the single
depot min-max variant of the problem, where all vehicles (or salesmen since we deal with
the problem as a mTSP) start from and have to return back to the same point, and where the
objective is to minimize the longest / most costly path. Next, we give an overview of the
various algorithms that have been proposed for this problem.

A popular method for tackling the mTSP are genetic algorithms. A genetic algorithm is
basically a metaheuristic that is inspired by the principle of natural selection. Genetic algo-
rithms start with an initial population, where each individual represent a different solution to
the problem. New solutions can be created either as the result of crossover operations between
two different solutions or by performing mutation operations on an individual solution. Given
that the population is not allowed to exceed a maximum number of solutions, only the fittest
ones are typically selected to remain in the population while the rest are dropped. In [20], the
two-part chromosome representation is proposed for the mTSP, where a solution is encoded
using a n-length part that is the order of cities together with a m-length part that corresponds
to the assignment of cities to the different salesmen. This encoding reduces the search space
of the problem compared to other representations. This representation is also used by [21] to
devise a new operator that generates a new solution by removing and reinserting genes (cities)

at each salesman separately while modifying the second part of the representation in a ran-
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2.2.1 Min-max multiple traveling salesman problem 11

dom way. This approach improves the search component of the algorithm. The group-based
genetic algorithmic principle was first introduced in [22] in combination with a two-part chro-
mosome, where the first part encodes a solution of the problem and the second part includes
the groups of the main part. The mutation and crossover operators are applied in the second
part. Based on this approach, [23] proposed a grouping generic algorithm for the mTSP with
a suitably adapted solution structure. Finally, [24] propose a grouping genetic algorithm with
a different solution representation, where the solutions are represented as m different routes
without any ordering or mapping to a specific salesman. This makes it possible to reduce the

redundant individuals in a population.

Several researchers have proposed nature-inspired methods. In [25], the authors propose
two metaheuristic solutions for the min-max mTSP, an artificial bee colony algorithm and
an invasive weed optimization algorithm (IWO). The former is an optimization technique
that simulates the foraging behaviour of honey bees. On the other hand, IWO is a technique
inspired by the weed colonization and distribution in the ecosystem. The algorithm starts
from an initial population of weeds, each representing a solution. Based on the fitness of
the currently available weeds, a number of new weeds is produced, which, in turn, join the
previous population. However, the number of weeds in the population must remain lower
than an upper bound, so there is strong similarity to the genetic algorithms where the fittest
individuals stay in the population. [26] and [27] approach the problem using an ant colony
optimization algorithm. This is a probabilistic technique, simulating an ant colony and the
pheromone used by ants to communicate with each other in order to find good paths toward
a food source. Simulated ants move to a customer/city/node randomly, but with a higher
chance to pick nodes with high pheromone trails. An approach based on neural networks is
proposed in [28]. In [29], the authors hybridize the neural network approach with different

metaheuristic techniques such as evolutionary algorithms and ant colony systems.

In [30] a memetic algorithm is proposed, based on variable neighbourhood descend. A
memetic algorithm is a hybridization of a genetic algorithm with a local search procedure.
Variable neighbourhood descend is a local search where multiple neighbourhoods of a so-
lution are checked until a local minimum is reached. Each neighbourhood corresponds to
a different mutation operator. [31] propose a general variable neighbourhood search. The
general variable neighbourhood search is a metaheuristic that starts from an initial feasible

solution (which at first is also the current solution), improves the current solution with a lo-
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12 Chapter 2. Drone Path Planning with Flight Time Uncertainties

cal search procedure (it usually uses multiple operators) and escapes local minimums with a
shaking function.

[32] and [33] propose a tabu search, which is a metaheuristic technique to escape local
minimums. The solution moves to the best neighbour solution and avoids cycling by keeping
a list of forbidden moves, the so called tabu list. [34] propose a task allocation strategy to
solve the mTSP. They present an algorithm that first partitions the graph to m subgraphs, and
then solve the 1-TSP for each subgraph.

In [35], a comparison is made between the min-sum and min-max mTSP. It is shown that
the length of the longest tour in the min-sum problem is at most m times longer than the length
of the longest tour in the min-max problem with m vehicles, whereas the total cost is at most
m times higher in the min-max than in the min-sum problem. The fact that min-sum mTSP
solutions can be highly suboptimal for the min-max mTSP justifies the design of heuristic
and metaheuristic algorithms specifically for the latter. But one should also keep in mind that
a min-max solution may result to higher aggregated cost compared to a min-sum solution.

The authors in [32], also propose two exact algorithms to tackle the min-max problem.
However, given the complexity of the problem, these are not practically applicable when the
number of cities is large and there are many alternative paths that can be followed by the

salesmen to visit them.

2.2.2 Vehicle routing problem with dynamic aspects

The vehicle routing problem (VRP) has been studied for different dynamic aspects. In-
dicative surveys can be found in [36, 37, 38]. Most studies focus on the dynamic arrival
of new targets, also commonly referred to as customers or customer requests. Some works
consider dynamic travel times while others address the problem of known customers with
uncertain service needs, which are revealed to the vehicles and the planning system when a
customer is actually visited. Below, we provide an overview of indicative approaches that
include the aspect of dynamic travel costs/times and are thus closer to the problem we deal
in our work.

In [39], the authors address the problem where new customer requests arrive online and
there is uncertainty regarding the travel times. Their online approach re-constructs the routes
of the vehicles by using the insertion heuristic, every time a new demand arrives or when the

travel times change. They further improve the solution with the Or-opt algorithm [40], where
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a segment of a route (a number of consecutive customers) is moved to a different position.

A genetic algorithm is proposed for the same problem in [41], where the routes of the vehi-
cles are periodically adjusted taking into account the new information that becomes available
regarding changes in the travel times and new customer requests. Another genetic algorithm
is presented in [42], which is used to produce the initial schedule as well as to perform any
adaptations at a later point in time. In this case, rescheduling occurs when the estimated travel
times for an edge is updated (once a vehicle reaches a customer) with the latest information

from a dynamic traffic simulator.

In the approach described in [43], every vehicle is allowed to visit the next customer with
some tolerance for delays beyond the expected arrival times. If this tolerance is exceeded,
the customer is removed from the current route and is reinserted in the best position in the
route of another vehicle. In a continuation of this work, the customer can also be added back
to the route from where it was removed [44]. In both cases, the paths after the insertions
are further improved with the CROSS exchange algorithm, which is proposed in [45] for
exchanging entire segments (consecutive customers) between routes. As a further extension,
[46] considers a continuous tracking of the vehicle, where unexpected delays are detected

earlier, before the tolerance is actually exhausted.

The authors of [47] also deal with the problem of newly arriving requests, in combination
with varying travel speeds. In this case, the speed of the vehicle is known as soon as it starts
its trip towards the next customer. The routes are adapted using four metaheuristics. The first
two approaches are based on a dynamic Variable Neighbourhood Search (VNS) algorithm,
based on static and stochastic information, respectively. Two additional metaheuristics are
presented, using a Multiple Scenario and a Multiple Plan approach, where multiple solutions
are pursued/maintained in parallel, based on static and stochastic costs, respectively. Both

approaches use as a search procedure the VNS algorithm.

A wider range of dynamic events is considered in [48], each one possibly necessitating an
adaptation of the scheduled routes. More specifically, these events are: late arrival of a vehicle
at a customer; timely arrival of the vehicle at a customer that is no longer valid; cancellation of
a customer request; generation of a new customer request; break-down of a vehicle; vehicles
being stuck in a traffic jam. Two operators are used to optimize the schedule. In the first case,
individual customers are removed from a route and it is attempted to insert them in another

route. In the second case, customers are exchanged in a pairwise fashion between routes. The
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14 Chapter 2. Drone Path Planning with Flight Time Uncertainties

customer insertions are done greedily. The authors also use a secondary objective function to
drive the local search so that it focuses on more promising neighbourhoods.

The main difference of our work is that it places a hard constraint on the energy capacity
of the vehicles. As a consequence, dynamic changes in travel costs have an impact not only
on the optimality but also on the feasibility of the schedule. Also, any adaptations that are
made to optimize the routes of the vehicles, must take this constraint into account in order to

produce schedules that are actually feasible.

2.2.3 Drone routing and placement problems

The routing and coordination of multiple UAVs have been researched for different appli-
cation scenarios, objectives and assumptions. Besides routing, some works study the place-
ment of drones in the mission area or on the cooperation between drones and trucks. A recent
survey on UAV/drone routing problems can be found in [49]. Next, we briefly outline work
that focuses on drones only.

The use of drones to assess the damage due to extreme weather conditions is studied
in [50]. Initially, assuming stochastic weather events, the start positions of the drones are de-
cided so as to cover a given target area while minimizing the total setup cost. When an event
occurs, the paths to be followed by the drones are planned so as to minimize the operating
cost and the mission time. Another placement problem is studied in [51], where a number of
provisioning facilities have to be placed in the mission area in order to maximize the delivery
of supplies to a set of target locations while respecting the capacity of each facility and the
flight range of the drones. During the mission, the drones visit one location at a time, return-
ing each time to a facility, until their battery is exhausted. To cope with energy consumption
uncertainty, only a percentage of the drone’s battery capacity is utilized. In [52], multiple
drones are controlled by different ground stations in order to perform a set of tasks. The ob-
jective is to complete the mission under certain constraints, such as fuel tank capacity, flight
time, maximum number of drones per ground station, while optimizing various objectives,
like the total fuel consumption, the number of drones used, the total travel distance and mis-
sion time as well as the risk of the mission. The latter depends on several factors, including
having drones that run low on fuel during the mission.

The work in [53] considers drones carrying supplies to several target locations. Apart

from the energy constraints, drones also have payload limitations and must return to depot
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2.3 Problem Formulation 15

stations in order to reload. The goal is to minimize the total distance, time or cost of the
routes while supplying the target locations giving priority to the ones with the greater needs.
A similar problem is studied in [54], where the drone’s energy consumption is a function of
its current weight (frame, battery and payload) and the objective is to minimize the opera-
tional cost given a delivery deadline, or to minimize the delivery time given a hard budget.
[55] tackles the same problem for specific delivery time windows while using a more ac-
curate model to estimate the drone’s energy consumption. Yet another energy consumption
model is introduced in [56], which is derived based on data taken from a power measurement
module on a real drone in conjunction with the flight distance, speed and turn angles. The
model’s estimates are used in a path planning algorithm that minimizes the maximum en-
ergy consumption over all drones. The algorithm initially divides the target area in different
regions, one for each drone, and then proceeds to plan the path for each drone separately.
There is also work on more dynamic aspects of drone planning/routing. The authors
in [57] focus on drones that perform monitoring missions with a required frequency with
the objective to minimize travel costs and avoiding penalties due to not meeting the mon-
itoring requirements. Each path is associated with a different monitoring frequency, which
may change dynamically in a deterministic or stochastic way. The placement/scheduling of
drones in order to monitor both static and moving targets is studied in [58], so as to minimize
the number of drones needed or the total energy consumption. The dial-and-ride problem is
studied in [59] for drones that can swap their batteries at specific stations, with the objective
to avoid having drones that run out of battery and to minimize delivery time and unneces-
sary movements. A similar problem is considered in [60] for a heterogeneous fleet of drones,
taking into account the capacity, the energy and the maximum speed of each drone.
Although some works, like [52] and [51], acknowledge the issue of uncertainty regarding

the energy consumption of drones, they do not deal with this issue during the mission.

2.3 Problem Formulation

Our work is motivated by drone-based applications, in particular polycopter drones, such
as quadcopters and hexacopters, which have limited autonomy. Still, the problem we study
holds for other types of drones or even conventional vehicles as well. Therefore, we formulate

the problem as a general multi vehicle routing problem.
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16 Chapter 2. Drone Path Planning with Flight Time Uncertainties

2.3.1 Mission topology

The target area where the mission is being executed is modeled as a directed graph G =
(N, E). N is the set of nodes n; each representing a different point/location, while £ is the
set of edges. Each edge e; ; represents the ability of a vehicle to move directly from node n;

to node n;.

In order for a vehicle to move, it has to spend some of its energy, but it can also gain
energy at the so-called depot nodes. These depot nodes represent battery switching or charg-
ing/refueling stations. Let D be the set of depot nodes, D C N. Without loss of generality,
we assume that the set of depot nodes D is disjoint from the set of points of interest, let V),
that have to be visited by the vehicles, DNV = (). The nodes in the graph G include both the
nodes to be visited and the depot nodes, N' = V U D.

2.3.2 Energy costs and gains

Each vehicle has a maximum energy capacity 5. This represents the capacity of its battery
(or the size of its fuel tank). The vehicle’s energy reserves change as it moves between nodes.
More specifically, when the vehicle traverses an edge ¢; ;, the remaining energy is reduced.
Let ¢; ; be the energy cost for the hop from n; to n;. Conversely, when a vehicle is on a depot
node n; € D it restores its energy to the full capacity B. We assume that the depots can

always fully restore the energy reserves of any vehicle.

Let b be the energy/battery reserves of the vehicle at a given point in time. Then, the

energy that remains available if the vehicle moves from node n; to n; is:

reml(b,n;,n;) =b—c; (2.1

Note that if the start node is a depot, n; € D, the vehicle will perform this hop starting with
the maximum energy reserves b = B. If rem1(b, n;,n;) < 0 then the vehicle has exhausted
its energy and stops operating without completing the hop. The energy gain at the destination
node n; (if this is a depot) is not taken into account in Equation 2.1 because it cannot be used
to perform the hop in question. However, once the depot has been reached, it can be exploited

by the vehicle to restore its energy reserves before attempting the next hop.
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2.3.3  Paths and time aspects 17

2.3.3 Paths and time aspects

We model a path p as a node sequence p[k], 1 < k < |p|, where p[k] is a node of A/ and
|p| is the number of nodes in p. A path is non-empty if it includes at least one hop, |p| > 2.
Note that in order for p[k| = n; A p[k + 1] = n; to hold, there has to be a corresponding edge
e;; € €. Insuch case we also say that e; ; € p. Furthermore we use the notation p[k1 : k2] to
denote the part of p starting from node p[k1] and ending at node p[k2].

Let there be M vehicles that can be used to perform the mission at hand. Then, each vehi-
cle m can follow its assigned paths in parallel/independently to the other vehicles. In the gen-
eral case, each vehicle m will be assigned several paths, paths,,[k], 1 < k < |paths,,|, where
|paths,,| is the number of paths to be followed by vehicle m. Each such path starts from a de-
pot node, paths,,[k|[1] € D, and also ends at a depot, paths, k][|paths,,[k]|]] € D. Further,
the end node of a path is the same as the start node of the next path, paths,,[k][|paths,[k]|] =
pathsy, [k + 1][1]. The reason for assigning several paths to a vehicle is to make intermediate
stops at depot nodes in order to restore its energy reserves so that it can safely visit additional
nodes of interest. In the special case where the vehicles do not have energy limitations then,
only one path per vehicle is required. Also, the vehicles initially start the mission from a
depot and have to return back to a depot after the mission completes. We call the set of all
paths,,,1 < m < M, a plan/schedule s. In other words, a plan (or schedule) s consists of a
set of paths along with their assignment to the available vehicles.

Let ¢; ; be the time needed for a vehicle to traverse e; ;. We assume that ¢; ; is proportional

to ¢; j. Then, the completion time of path pis d(p) = > ti j, and the total time needed for

€ijE€p
vehicle m to complete all the assigned paths is d(m) = Z‘,fjihs’”‘ d(paths,|k]). We assume
that the restoration of the vehicle’s energy reserves at a depot is negligible compared to the
travel time and does not affect d(m) in a significant way. Finally, since vehicles travel in
parallel to each other, the makespan (or completion time) of the mission is max?_,d(m).

This is the time it takes for the last vehicle to complete all the paths that have been assigned

to it based on the plan.

2.3.4 Path feasibility

Based on the above, the remaining energy of the vehicle if it starts with energy reserves

b and travels along path p, can be expressed as follows:
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18 Chapter 2. Drone Path Planning with Flight Time Uncertainties

rem1(b, p|1], p|2 =2
rem(b.p) — (0, p(1], p[2]) | 22

rem(rem1(b, p[1], p[2]), p[2 - |p[]) |pl > 2

Namely, if p consists of a single hop, the remaining energy is given by Equation 2.1. If
p includes more than one hops, the energy that remains available at the end of p is equal to
the remaining energy for the path without the first hop, starting with the energy that remains
after taking the first hop of p. As this is the case for a single hop, this does not include the
energy gain at the final destination node even if this is a depot.

We say that path p is feasible for initial energy/battery reserves b, if rem(b, p[l : k|) >
0,Vk : 1 < k < |p|. In other words, p is feasible if the vehicle will not exhaust its energy in

any hop along p. Finally, let nodes(p) denote the set of nodes that are part of p.

2.3.5 Problem

We assume that M vehicles can be used to visit the pre-specified points of interest }V. The
objective is to build a plan consisting of feasible paths so that all nodes of interest are visited
UM_ nodes(paths,,) = V while minimizing the makespan maz?_,d(m).

Our work also tackles a dynamic version of the problem, where there is some uncertainty
about the travel costs that will occur during the mission. More specifically, we assume that
the edge costs ¢; ; follow a known distribution in the range [c?:}"" ..c;*7] but the actual cost that
will be incurred when a vehicle performs a hop is not known beforehand, when producing
the plan. Since ¢; ; is proportional to ¢; j, there is also uncertainty regarding the time it takes
to perform a hop. An offline solution to this problem can be quite suboptimal. Therefore, we
propose an online method that takes planning/adjustment decisions at runtime.

We study the problem for the case where there is a single depot node, let this be ng.
Thus, every path p assigned to a vehicle starts from this node, p[1] = ng, and ends at this

node, p[|p|] = nq4. Also, in order for the problem to be always solvable, we assume that B

is sufficiently large so that, starting from 7,4, a vehicle can visit any node n; € V), and then

mazx
Z7j .

return back to ng, even if every hop over edges e; ; incur the maximum possible cost ¢

We tackle the problem in two different ways. In a first approach, we employ an offline al-
gorithm for constructing the paths for each drone. These paths are then followed (without any
changes) during mission execution. In a second approach, we start from oftline-computed ini-

tial paths but these are adapted at runtime based on the true costs that are experienced during
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2.4 Offline Algorithm 19

the mission. The two approaches are described in more detail in the following subsections.

2.4 Offline Algorithm

This section describes the proposed offline algorithm. At this point, we assume that drones
do not have energy constraints. The heuristic is based on the principle of tournament selection
(TS), combined with the large neighborhood search (LNS) method, originally proposed by
[61]. Each solution is schedule consisting of M paths, one for each vehicle (since we do not
consider any energy limitations). The representation of the routes is similar to the one used in
[24], [25] and [30]. As a fitness function for a given solution, we use the inverse of the cost
of the most expensive (worst) route. When comparing between two solutions, we prefer the
one for which the fitness function returns the larger value.

In the sequel, we present the algorithm in a top-down fashion. We start with the main
logic and then proceed to discuss the different functional components of the algorithm in

more detail.

2.4.1 Top-level iteration function

The starting point of the algorithm is the TS-LNS() function, described in Algorithm 1. It
builds an initial population consisting of M ax PopS'ize random solutions, and subsequently
evolves this population in an iterative fashion.

In each iteration, the fittest solutions from the previous population are kept, decreasing
the size of the population by a factor f. For each solution in the remaining population, a large
neighborhood search (LNS) is performed.

The iterations are repeated until the size of the population drops to/below a pre-specified

threshold MinPopSize. The fittest of the remaining solutions is returned as the end result.

2.4.2 Large neighborhood search

The large neighborhood search procedure is described as a separate function LNS() in
Algorithm 2. It takes a solution as input and returns as a result another solution, which is
produced by trying out a number of so-called mutations. The number of mutations to be

performed is a parameter, provided by the top-level TS-LNS() function.
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20 Chapter 2. Drone Path Planning with Flight Time Uncertainties

Algorithm 1 TS-LNS algorithm for M drones (option rmuvopt sets the node removal method)

function TS-LNS(N, M, rmuvopt)
nullsol < @
pop + {}
repeat )/ times
nullsol = nullsol + {[ng, na4)}
end repeat
repeat M axPopSize times
pop < pop + INSERT(nullsol, N)
end repeat
sort(pop)
mut <— initLNSMutations()
repeat
pop < getFittest(pop,size(pop)/ f)
for each sol € pop do
sol <— LNS(sol, mut, rmuvopt)
end for
sort(pop)
mut <— adjustLNSMutations(mut)
until size(pop) < MinPopSize
return getFittest(pop, 1)
end function

Each mutation generates a new solution based on the best solution found up to that point,
first by destroying it and then by repairing it. The destruction operation involves the removal
of some nodes from their assigned routes, and the repair operation reinserts those nodes to
some (other) routes. If the new solution is fitter than the current one, it is adopted as the best
solution, which, in turn, will be used as a basis for the remaining mutations.

The node insertion and removal methods used to implement the mutations are discussed
separately. Note that LNS() is designed to work using two different node removal methods.
The selection is done via the rvmopt parameter, which is set by the user when invoking
the top-level TS-LNS() function. In any case, the number of nodes to be removed and then
reinserted in every mutation is decided randomly. However, the interval for this random pick

is defined as a function of either |\/| or /||, depending on the node removal method used.

2.4.3 Node insertion

The node insertion logic is given as a separate function INSERT() in Algorithm 3. This
seems to be similar to the approach used in [25].

Briefly, a node is picked randomly from the set of nodes to be incorporated in the solution,
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2.4.3 Node insertion 21

Algorithm 2 LNS method (option rmwvopt sets the node removal method)

function LNS(sol, no fmutations, rmvopt)

if rmvopt = RAN D then
lower, upper < a * [N, 5 * [N

else if rmvopt = PROXIMITY then
lower, upper < « * \/W,ﬁ * \/m

end if

best < sol

repeat no fmutations times

rmu < random(lower, upper)

if rmvopt = RAN D then
tmp, free < RMvR (best, rmv)

else if rmvopt = PROXIMITY then
seeds <— random(1, upper/10)
tmp, free < RMVP(best, rmuv, seeds)

end if

new < INSERT(tmp, free)

if fitness(new) > fitness(best) then
best <— new

end if

end repeat

return best

end function

and an exhaustive search is performed to find the best route and the best position within that
route for the node in question. The objective is to minimize the cost of the worst (most costly)
route in the solution. The current solution is updated accordingly. The process is repeated until
all nodes have been added, and the resulting solution is returned.

The routes are considered in such an order so that the worst route with the largest cost
will be checked last. This way, the worst route will be checked only if the node’s insertion
at any other route makes that route even more costly than the currently worst route. Also, if
several insertion options result to the same worst-case cost, as a tie-break we pick the one
that minimizes the cost increase for the route where the node is added. These optimizations
are not shown in Algorithm 3, for brevity.

Figure 2.1 gives an indicative example for the insertion of a node in a solution that in-
cludes two routes (for two salesmen/vehicles). In this case, the node is added to the blue route
(on the right) because this does not increase the cost of the worst (most costly) orange route
(on the left). Also, the node is added in the blue route in a position that minimizes the cost
increase.

The node insertion function is invoked in two places. On the one hand, it is used in the
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22 Chapter 2. Drone Path Planning with Flight Time Uncertainties

Figure 2.1: Sequence of node insertion for a solution with two routes (from left to right). The
algorithm first checks all possible insertion points in both routes (to avoid clutter, only the
best option for each route is shown). The algorithm chooses to insert the node in the blue
route. This is because the orange route has a total cost of 12 which would further increase
to 14 if the node would be added there, whereas by adding the node to the blue route its
cost increases to 12, without increasing the cost of the worst / most expensive route, which
remains 12 as before.

Algorithm 3 Node insertion method

function INSERT(sol, nodes)
cur < sol
while nodes # @ do
minwcost < oo > min cost of worst route
n; <—rmvNodeRandom(nodes)
for each r € cur (increasing cost order) do
for each n; € r do
r’" < addNode(r, n;, n;)
we < worstCost(cur —r 4 r')
if we < minwcost then
bestr, bestr’ < r,r’
minwcost <— wc
end if
end for
end for
cur < cur — bestr + bestr’
end while
return cur
end function

top-level TS-LNS() function to construct the initial population. In this case, different random
solutions are generated by inserting each time the full set of nodes to an empty solution,
thereby building a solution from scratch. On the other hand, it is used in the LNS() function
in order to repair a solution, by adding-back the nodes that have been previously removed in

the destruction process.
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2.4.4 Node removal (route destruction)

For the destruction of a given solution, we support two different node removal methods,

which are described in Algorithm 4.

Algorithm 4 Node removal methods

function RMVR(sol, nofnodes)
cur <— sol
nodes <+ pickRandom (N, nofnodes)
free < @
for each n € nodes do
r < routeOf(cur, n)
r < rmvNode(r, n)
free < free+n
end for
return cur, free
end function

function RmvP(sol, nofnodes, nofseeds)
cur <— sol
nofnodes’ < nofnodes/nofseeds
seeds <+ pickRandom(N, nofseeds)
free «+ @
for each s € seeds do
repeat nofnodes’ times
n < nearestNode(s) > incl. s itself
r < routeOf(cur, n)
r < rmvNode(r, n)
free < free+n
end repeat
end for
return cur, free
end function

The first method, shown in function RMVR(), removes a number of nodes from the given
solution in a random way. Figure 2.2 gives an example of such random node removal, fol-
lowed by the node insertion. This method is suitable for the general form of the problem,
where edge costs do not necessarily reflect the Euclidean distance between the nodes.

The second method, in function RMvP(), removes nodes in a more targeted way, assuming
that the edge costs reflect the Euclidean distance between nodes. The rationale is to remove
nodes that are in the proximity of so-called seed nodes (the number of seeds is an additional
parameter of this method). The seed nodes are picked randomly, but the rest of the nodes to

be removed are picked with reference to the seed nodes. More specifically, for each seed the
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Figure 2.2: Sequence of random destruction with a following repair for a solution with two
routes (from left to right). Destruction is performed by removing a total of six nodes. The
nodes are all chosen randomly, and then they are reinserted in the solution using the node
insertion method (insertion details not shown).
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Figure 2.3: Sequence of proximity-based destruction with a following repair for a solution
with two routes (from left to right). Destruction is performed based on two randomly selected
seed nodes, which happen to belong to different routes. For each seed, another two nodes are
removed, chosen based on their proximity to the respective seed node. Note that the nodes
are chosen based on their physical proximity to the seed, and may be part of a different route.
In total, six nodes are removed, and are reinserted in the solution using the node insertion
method (insertion details not shown).

method removes the nodes that are closer to it, based on the costs of the edges that connect
the seed to other nodes. As a form of balancing, the total number of nodes to be removed
is evenly distributed among the seed nodes. We refer to this method as the proximity-based
method, as opposed to the fully random node removal method. Figure 2.3 gives an example

of the proximity-based node removal, followed by node insertion.

The node removal functions are invoked from the LNS() function, for a randomly chosen
number of nodes. When using the proximity-based node removal method, the number of
seed nodes is also chosen in random but from a smaller interval so that the number of seeds
is guaranteed to be smaller than the total number of nodes to be removed. Note that RMVR()
is always invoked for a number of nodes that is in the order of |N|, whereas RmvP() is

invoked for a number of nodes in the order of y/|A\|. The rationale for removing (and then
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reinserting) fewer nodes when using the proximity-based method is that in this case removal
is more targeted, around relatively few seed nodes, thus removing a large number of nodes in
the same neighborhood would lead to an overly aggressive destruction of the current solution,

which actually reduces the chances of finding a better one.

2.4.5 Complexity

We discuss the complexity of the algorithm in a bottom-up fashion, starting from the node
insertion and removal functions, then for the large neighborhood search and finally for the

entire algorithm. For convenience, we let N = |\/|.

The InserT() function checks for every node to be added every possible insertion point
in the routes of the current solution. Given that an exhaustive search is performed for each
node, this procedure has complexity of O(k x N'), where k is the number of nodes that need

to be added.

The random node removal function RMvR () has O(k) complexity, where k is the number
of nodes to remove. The same holds for the proximity-based removal function RmvP(), where

k is the total number of nodes to be removed (the seeds plus the nodes in proximity).

In each mutation that is performed within LNS(), the number & of nodes to be removed
from and then reinserted into the solution is chosen randomly. However, recall that when
using RMVR() then £ is in the order of N, but when using RMVP() then £ is in the order of
V/N (see Algorithm 2). As a consequence, in the first case, the combined complexity of every
mutation is O(N) + O(N x N) which translates to O(N?), whereas in the second case the
complexity is O(v/N) + O(N x v/N) or equivalently O(N x v/N).

Finally, we focus on the top-level TS-LNS() function (Algorithm 1). Note that the number
of LNS() invocations decrease in each iteration as the size of the population becomes smaller,
but the number of mutations that are performed in each invocation of LNS() is also adjusted.
Assuming an average of K total LNS mutations in each top-level iteration, and a total number
of I iterations, the overall complexity of the algorithm is O(I x K x N?) when using the
random node removal method and O(I x K x /N x N) when using the proximity-based
method. Note that, in turn, / depends on the size of the initial population MaxPopSize,
the lower threshold for the population size MinPopSize and the rate f at which the size of

population is decreased in each iteration.
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2.5 Evaluation of the Offline Algorithm

We compare the proposed TS-LNS algorithm with a state of the art heuristic, the IWO
algorithm proposed in [25]. A recent comparison that is presented in [30] shows that IWO is
dominant (performs better than other algorithms) in various benchmark problems. Next, we
describe the experimental setup and configurations of the two algorithms, and then we discuss

the results obtained through experiments on both Euclidean and general problems/graphs.

2.5.1 Setup/configuration

We implement the IWO algorithm and the TS-LNS algorithm in Python 3.5.2, and run
them on a Ubuntu 16.04 distribution in a VM using Vmware on top of Windows 10. The
machine we use to run the experiments has an Intel 17-8550u CPU at 1.8GHz-4.0GHz and
8GB of RAM. The CPU has 4 physical cores with hyperthreading support for a total of 8
threads. The VM is configured with 6 virtual cores (mapped to 6 threads) and 4GB of RAM.

We configure the IWO algorithm to perform 100 top-level iterations. Each such iteration
leads to 300 node removal/insertion operations, yielding a total of 30000 operations.

The TS-LNS algorithm is configured to run for M az PopSize = 100 and MinPopSize =
6. The rate of population reduction is set to f = 2, so in every iteration we keep only half of
the population, the fittest 50% of the solutions. In this configuration, TS-LNS performs four
top-level iterations.

Regarding the number of LNS mutations that are performed on each solution of the cur-
rent population, we initially start with 200 LNS mutations, increasing this number by 200 in
each iteration. The rationale is for the search effort to be smaller when the number of solu-
tions is large, and increase as the number of solutions gets smaller. More specifically, 200
mutations are performed for each of the fittest 50 random solutions in the first iteration, 400
LNS mutations are performed for each of the fittest 25 solutions in the second iteration, and
600 LNS mutations are performed for each of the fittest 12 solutions in the third iteration. For
the remaining 6 solutions, as an exception, only 467 LNS mutations are performed in order
to have a total of 30002 node removal/insertion operations, on par with the IWO algorithm.

We refer to TS-LNS with the random node removal method as TS-LNS-g given that this
configuration is more suitable for the general form of mTSP. In this case, we set « = 0.2

and 8 = 0.4, so that the interval that is used to randomly pick the number of nodes to be
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Table 2.1: Results of IWO.

Benchmark | M | Cost Avg | Cost StD | Exec (s)
3 159.56 0 16.58
eilb1 5 118.13 0 18.71
10 | 112.08 0 22.86
3 | 8503.41 | 22.73 56.69
kroB100 5 1 7008.01 15.06 63.61
10 | 6700.04 |0 75.57
3 | 245521 | 20.66 124.20
ch150 5 1768.66 | 8.86 135.26
10 | 155464 | 0 162.98
3 17138.27 | 161.83 593.22
1in318 5 12379.09 | 68.36 651.16
10 | 9816.99 | 20.62 751.88

removed is [0.2 x N..0.4 x N]. TS-LNS with the proximity-based node removal method is
referred to as TS-LNS-e as this is more suitable for the Euclidean form of mTSP. When using

this configuration, we set a = 1.0 and 8 = 4.0, so the respective interval is [v/N..4 * v/N].

2.5.2 TS-LNS-g vs. IWO for Euclidean problems

In a first set of experiments, we compare TS-LNS-g against IWO. As input graphs, we
use the eil51, kroB100, ch150 and [in318 benchmarks from the TSPLIB suite [62]. These
correspond to Euclidean problems for graphs with 51, 100, 150 and 318 nodes, respectively.
For each benchmark, we run the algorithms for a team of 3, 5 and 10 salesmen. The results
for IWO are given in Table 2.1 and for TS-LNS-g in Table 2.2. We report the averages over
20 runs.

As far as the quality of the solutions is concerned, TS-LNS-g produces the same solutions
as IWO for the small problem with 51 nodes, and equal or better solutions for the larger
problems. More specifically, the solutions of TS-LNS-g are on average marginally better, by
0.1% and 0.2%, than those of IWO for 100 and 150 nodes, respectively. For the problem
with 318 nodes, the solution of TS-LNS-g is on average 3.2% better than IWO. The standard
deviation is small in all cases, with TS-LNS-g having an even smaller deviation than IWO.

We note that both algorithms manage to find the optimal solution in the problems with
51, 100 and 150 nodes with 10 salesmen. In all these cases, the cost of the solution is indeed
equal to twice the cost of the edge that connects the depot node and the node that is farthest

away from it (it is impossible for the worst route to have a lower cost). Moreover, TS-LNS-g
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Table 2.2: Results of TS-LNS-g.

Benchmark | M | Cost Avg | Cost StD | Exec (s)
3 | 159.56 0 13.39
eil51 5 118.13 0 15.03
10 | 112.08 0 18.13
3 | 8497.79 | 19.69 43.98
kroB100 5 | 6982.58 | 17.05 48.02
10 | 6700.04 |0 59.40
3 | 2446.41 | 15.03 97.41
ch150 5 1764.80 | 8.68 107.05
10 | 155464 | 0 128.31
3 | 16556.07 | 109.40 451.50
1in318 5 11701.93 | 53.67 486.72
10 | 9731.16 | O 581.72
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Figure 2.4: Speed-up of TS-LNS-g vs. IWO.

also finds optimal solution for the problem with 318 nodes and 10 salesmen.

At the same time, TS-LNS-g is considerably faster than IWO, as shown in Figure 2.4. The
average speed-up is equal to 1.25x, 1.30z, 1.27x and 1.31x for the benchmarks with 51, 100,
150 and 318 nodes, respectively, at an overall average of 1.28z. Note that both algorithms
perform the same number of mutations, with each mutation (node removal and reinsertion
operation) having O(N?) complexity. However, the mutations of TS-LNS-g involve fewer

nodes, on average 0.3 x N vs. 0.5 x N in IWO, lea