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Abstract

Underwater oil spill reconnaissance and delineation is challenging apillee oil can cover a
large area andnay form plumeseneath the watesurface Autonomous underwater vehicles
(AUVs), with improvedintelligence, are usedore widely for oil spill tracking nowadays.
Underwater glidersa typeof AUVS, are favorable for underwater oil spill mappingtlasy can
work forlongerdurationswith lessenergy storageequired This thesisnvestigatsthe capabilities

of gliders, especially multiple glideras platformg$or magping subsurface oil plumes.

Considering the limited payload capability and energy availability of a glider, a lightweight Cyclops
submersible fluorometer and a P36 sonawere usean glidesto detect oil in the watdn this

thesis The sensors were tedtin a tank experiment with oil and the cresdidation from
fluorescence measurements and sonar images was expected to improve the reliability in detecting
oil. Furthermore, &locum glidemwas developeds a platform for theensors beforit wastested

in the ocean with air bubbles which were used as proxies for oil droplets tod&ahdrgingoil

into the environment. This glider was also developid a backseat driver controller to provide it

with anintelligenceto adaptively mamnderwater oil pimes. In addition, a cooperation strategy
was proposed for multiple gliders to delineate underwater oil patches simultaneously to overcome
the challenges in oil spill mapping such as spatiotemporal aliasirtg emporove data redundancy.

In this cooperatin strategy, a scout glideras commanded to follow a lawmower path to cover

the area and find potential patches with rich information for follower gliders. A data compression
method was designed for the scout glider to reduce the amount of infornoatienransmitted to

the follower gliders. An adaptive path planning strategy was proposéaeffmilower gliders to



ensure thegper most oftheirmission time inside patches. The proposed cooperation strategy was
compared with other strategies withatoperation and/or without adaptive control ahe
influence of having adaptive control and multiple glidensa strategy was investigated through
simulations.This developed Slocum glider was used as a follower glider to test the adaptive control

in my cooperation strategy through a field experiment.

The tank experimentwith oil andthe field experiment with air bubblesonducted in this thesis
proved thefeasibility and necessity of having twor more sensors to cresalidate their
measurements as a single sensor was not religbtevingthe existence of particularsubstance,
such as oil dropletsn the waterThe developed backseat driver was able to provide the glider with
an ability of adaptive control. However, having adaptive control or multiple gliders cannot
guarantee a good score of performance when delineating underwater oil pateheoposed
cooperation strategy with multiple glidevgas found tohave the best score of perfmnce,
especially for longendurance missien The performance of the cooperation strategy could be
further improved by having thruster for the follower gliders to overcome the influencé¢hef

ocean environmensuch as strong currentghen mapping movingnderwatepatches.
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1. Chapter 1

Introduction

1.1  Background and M otivation

The increasing prevalence of offshore oil spills caused by human activities attracts much research
on oils in water as bs are complexsubstance and many of their constituents are toxic to the
marineecosysten(Transportation Research Board and National Research Council,. 20@3)
environmental impact of oil spills includes-ocibated shorelines, seabirdsid marine mammals.

For example, the oil cadestroy the waterproof propers of the plumage on seabirds aasl it

sticks to their featherst leadsto a loss of buoyancy amqbwer of flight. Therefore, it is essential

to characterize the oil in the water and forecast the movement of oil béfameg interveningor

mitigatingmeasures.

The density of most oil is less than water, and the source of oil spills is often from or near the
surface, leading to many previous oil spiVestigations to have been concentrated on methods
relevant to the ater surface. However, the increase in subsea exploration contribategyteer
number of subsurface oil spill events and related research. The Deepwater Horizon blowout on
April 20, 2010 spillednillions of barrels of oil into the Gulf of Mexico and weecorded as the
largest accidental marine oil spill in U.S. hist¢Beepwater Horizon Study Group, 201Ejom

May 17 to June 4 of 2010, the Doradatonomous underwater vehicle was deployed by the
Monterey BayAquarium Research Institute (MBARI) to survey this disagbang et al., 2011)

It was found that a horizontally oriented subsurface hydrocarlomme formed at a depth between



1,150 m and 1,200 m, southwest of the Deepwater Horizon well@@aovember 15, 2018, an
underwater pipe was disconnected when theR®ee platform prepared to restart pineduction
of oil during a fierce storm, leading to an oil spill of 250,000 litres in Newfound@axtadgLord,

2018)

A variety ofsystens have beenmeployed in oil spill research, such as moorings, satellite systems,
surface vessels. However, moorings are limited to a small coverage area while oil could spread
thousands of meters away from a source. Satellite systems require a clear sky, althocgh they
cover a large area. Surface vesbalgea high daily cost ancan only survey a small ranggefore

the Deepwater Horizon oil spill, it was rarely believed that oil would stay under the Wiéesr.

the investigation of the Deepwater Horizon oil spsitientists found that oil was trapped and
suspended at a depth of over 1,000 m for several mduiiige oil on the surface, a subsurface
release is impractical to be monitored by traditional methods such as remote sendad.With

this problemauonomous underwater vehicles (AU\&E increasingly employed to detect spilled

oil underwater AUVs, which belong to the class of unmanned underwater vehicles, can travel
underwater autonomously without input from operators once they are programmethahoater

prior to a missiorfWynn et al., 2014)Besides, nltiple sensordiave been used in propehdriven
vehicles to improve the reliability of measurements for underwater oil spill dete@iun
Associates et al., 2020Dil spill reconnaissance and delineation cover a large area of research. It
is complicated by theharacteristics of oil, sensoasd AUVS. Some studies focus primarily on
theoretical research, some on models and algorithms, and some on expelingenégable that

the progress in underwater oil spill research with the use of AUVs is built orsstuddesld trials

(Brito et al., 2012)



This researclexplores the potential olusing Slocum glidersa typeof AUVSs, as platformdor
delineatingunderwatenil plumes Slocum gliders hze a reputation for their long endurance, low
energy consumptigrand ability to survey from the surface to a depth of 1,000 nelaivelylow
cost. The features of a Slocum glider meet the requiresoénnhderwater oil spill mapping as oil
can disperse over long distascBespite the limited payloachpability of Slocum gliders, there
is advantage in using multiple sensoes the detection from different sensors can be <€ross
validated to improve theelability of measurementsThus, a lightweight fluorometer and a
compact sonawere selected athe payload for the gliders this work. In addition multiple
cooperativagliderswith adaptive controlvere considered in this research as a team of glickems
overcomechallenges existingith usingonly one glider when delineating oil spills in the water
column such aghe spatiotemporal aliasingroblem.The adaptiveability is expected talrive
glidersto interesting regiosito increase thquality of information acquired during a missiorhe
use of multiple gliderss expected to decrease the duration of a misanaitoring data redundancy

to improve the reliability of a mission

1.2 Research Questions

This research wilexplorethefollowing questions:

1 QJl:ls it possible to improve the reliability of measurements by using a fluorometer and a
sonar in a Slocum gliderConsidering the limited payload capability and energy
availability of a Slocum glidewoil sensors for underwater gliders are limited compared to
other activepropelled underwater vehideHowever, oilis acomplexsubstancendthe

reliability in detecting oil relies on the sensors used.
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1.3

Q2: Is it possible to equip a Slocum glider with #iglity of adaptive contr@® With

adaptive control, a glider cazthange its stagesuch as heading and dejsed on the
measurements obtainém its sensorsTheoretically this intelligent work willincrease

the real working time of thgliderand derease the time spent on searching for oil plumes.

Q3: Is there an advantage in usingalti-glider strategy for oil spill detecti@Multiple
cooperative gliders have been used in other research areas and the performance of this
cooperation system ioil mapping has not been tested.

Q4: What are the benefits of usimgultiple cooperative glidersvith adaptive controin

mapping ois underwater®ncertainties from the sensors, the vehicle, and the surrounding
environment may challengie advantageof using multiple cooperative glider The

superiority ofmultiple gliders withadaptivecontrolneeds to be explored.

Research Objectives

The main objectives of this research arentgestigate the capabilities ofgliders to delineate

subsurface oil plumes This main objedte consists of several suibjectives as follows:

T

O1: To investigate the performance afSlocum glider with cooperatidmetween more
than onesensoto delineate underwater olil

02: To developa Slocum glidewith adaptivecontrol toinvestigate oikpillsin the ocean
intelligently;

Q3: To improve the performance of multiple cooperative glitledelineatesubsurface
oil;

O4: To investigate theerformanceof a multi-glider cooperation strategy with adaptive

controlin delneating underwater oil plumes
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1.4 ResearchContribution s

The contributions of this researititludefive points

(1) Cooperation of sensors

Thisresearch propoddo improve the reliability to detect siin water by using a combination of

a fluorometer and a sonar Slocum gliders The working principles of these two sensors are
different: the fluorometer detects the fluorescent substanceis while the sonar captures the

acoustic scattering from odroplets(Maksym et al., 2014)it is not certain that thacoustic

information from sonar images will be able to discern oil from other substances with similar
acoustic scatteringropertiegFingas, 2017)however, the fluorometer can complement the sonar
resultfrom anotherpoint of viewi fluorescenceln a report on oil spill detectioand mapping

with AUVs, the results from the sensor evaluation suggested a combination of multiple types of
sensors for better oiletection(Maksym et al.,2014) The r epor tTeahrmgunesfoude d t
fusion of data from multiple sensors for the most relidbteet e ct i on of oi lIn shoul
another work on using an acoustic method to detectheilautholemphasized that nescoustic

method should be used to verify the presence of oil along with acoustic methods to detect oil in

the watercolumn(Eriksen, 2013)

The data collocated by a sonar and a fluorometer amassvalidatel. Different from other
sampling methodthat usd sonar as a remote sengbriksen, 2013)this work set the son& a
short work range andnly consideed the measuremestvithin thatshort range to minimize the

time lag between the detection by the sonar and the fluorameter



(2) Integration of daptive control in gliders

This work propose to equip Slocum gliders with agtive control to delineate underwater oil
spills. Due to the dynamics of underwater oil plumes and the patchy characteristics of oils, gliders
may miss plumes ospendlots of time outside of oil plums. Adaptive control can solve this
problemas it can rplanthe mission foraglider based on the measurements fitssensors and

the states from the main vehicle control systerthefylider. In this thesis, adaptive control was
realized in a Slocum glider by installirgbackseat driver hardware to thedgli. A series of
simulations were tested in the |l ab by using
warein-thelloop simulator ando check the adaptive heading behaviour, adaptive waypoint
behavior, adaptive depth behaviour, and activateord deactivation of behaviourdAs
uncertaintiesof the ocean environment and vehicles cannot be comprehensively considered in

thesesimulationsthe backseat driver hardware wasotested through field experiments.

(3) Cooperativaneasurement withnderwaer gliders

Although there are some studies on collaboration astongderwater gliderswork on
cooperatiorof glidersfor delineating oil spills scarceA multiple-glider cooperation strategyas
proposed talelineat oil patchesunderwater and the performance of this strateasinvestigated

by comparingt to other norcooperation strategies and strategiehatit adaptive controlThe
advantage of using multiplglidersincludes the ability to continuously search large areas an
precisely detect oil underwaték.team of longrange vehicles is beneficial as oil spills can cover

a large area. For examptesearchers from Woods Hole Oceanographic Institution manifested the
existence of a hydrocarbon plume at a depth, @ m whch covered an area of over 35 km in

length and 200 m iheight(Camilli et al., 2010) The range of a Slocum glider can reach-350



1,200 km, 708,000 km, and 3,0003,000 km when using alkaline, rechardealand lithium
batteriesrespectivelyTeledyne Webb Research, 2013pwever, one glider cannot be equipped
with many sesors. When each glider in a multiple glider systeput$ittedwith different sensa

the gliders can share informatibetween each other.

(4) Underwater acoustic communication with compressed data

I n the proposed cooper aot isohnarset rtahaeb goynif assdr cdec @ uct n
wi bhher Tgl rdalszieméhendenaWwat er at bsausptpiocr tc ovnencut |
mac hwanse proposedcliasshiyg theshasnododnprriess dfhep atn
of i nf ohrammaetdi obne tswHeoeme velri, d d rhse t pseu f ppar rmta nweec todr r
was affected by the choice of kernel functi on
boundaries of paticthye sdaddecusdter hagrmompdhead wiars t
t hessismpgloi fy the characteristicg hsedppdoartta vseectt:
machine. The performance of the proposed met hi
simul ations which wheopbrtyvkel bosbHani pest efntonl

sending this compressed information to other

BG)Fi el d experiments with novelty methods

Field experiments were desired investigate the performance of a Slocum glider with the
cooperation of sensots delineate underwateroConsi dering the environme
by releasing oil in the water and the cost of
devel oped glider, aelnryb bMeapsaeonptoasleldyh itfsr itlelwedsliiyse d

proxies for oil dropl eitnggl i dAelrlseblf e €| ar € xlpe o y ann



represent oil dro@llwehlse bekyd etrr @ heams .waTleirs i s

some aamb oi | detection sensors to be tested

1.5 Notes on the Research Scope

This studywasconducted under the following conditions:

(1) This researctpropose to use gliders to detect oil of known compositiddnowing the
compositon of the oil is vitally important for selecting suitable fluorometers for dietgthte
oil. For example, a MiniFluo sensor detects specific PAHs intbé iMiniFluo-1 detecs
Naphthalendike and Phenanthrerike PAHs whilethe MiniFluo-2 detects Pyreelike and
Fluorenelike PAHSs)(Cyr et al., 2019)The percentage of Naphs (the sum of Naphthalene and
alkylated compounds) measured in the Saumaty harbour accounts for 81.8% of total PAHs
measured, while only 3% of Naphs are Naphthalene. This is similar to the saoifgeted
in the North Sea, hereNaphthalene makes up 3% of Naphs, although Naphs constitute 85.3%
of PAHs detectedCyr et al., 2019)Without knowing the composition of oil to be detected,
chdlenges will be raised when associating measurements from a fluorometer with the
concentration of oil. Otherwise, reliabdetection should be realized by using an array of
fluorometers in order to cover multiple detection ranges, which igraoticalconsidering the
payload capacity and energy availability of a glidEmerefore,in this research, only one

fluorometerwasinstalled in theglider and the type of oil to be detecte@dspre-determined.

(2) As a fluorometer cannot detect air bubblesifield experiment Wich uses air bubbles as
proxies for oil droplets, a turbidity senseith the same size and weigasthe fluorometer

was installed in the glider to detect air bubbiesombinationwith sonar.
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(3) As only oneglider was fully available for this researchan acoustic modenwas used to
represent a glidewhen testing the cooperation of gliders with underwater shicou

communication

(4) As itwasnot easy to test gliders in a true oil spill considering the environmental and cost issues,
a series of experimentgereconducted to rdiae the objectives of this studyhe cooperation
of a sonar and a fluorometerastested in a tank with oil in water without the presence of
gliders as it was impossible to deploy a glidethis tank The performance of the developed

glider wastestedwith a simulated oil plume.



1.6  Thesis Outline

The thesis consists 8fchaptes. This thesisaims toanswertheresearch questions in Section 1.2

andrealizethe research subbjectives in Section 1.3 at the same time.

Chapter 1 introduces the background, motivation, objectives, contribution, seapeutline of
this thesisChapter 2 reviews thesensorand AUVs that have been uskd underwater oil spill
detection which are references for developing underwater gliders flodalineation. The
cooperation of multiple underwater gliders is also reviewed, which is a foundation for proposing

amultiple-glider cooperation strategy for oil spill research.

Chapter 3 presents the testing d¢he cooperation of a sonar and a fluorometeough @
experiment in an outdoor tank withtrue oil release before installing the sensmisa Slocum
gliderin order toanswer thdirst research question in Section 1Q1( Is it possible tamprove
the reliability of measurements by using a fluorometer and a sonar in a Slocurd) gitiepter
3 aimsto reach the first subbjective inSection 1.3(01: To investigate the performance of a

Slocum glider with cooperation between more thansamsoto delineate underwater il

Chapter 4 introduces the proposal and testing of microbubble generators to gegeesdtabble

as proxesfor oil dropletsto testdevelopedyliderswith oil sensorss it is impractical to spill od
into the oceamr wait for an actual oil spill to become availabléis chapters a preparation for
reaching the first subbjective in Section 1.801: To investigate the performance of a Slocum

glider with cooperation between more than one seiosielineate underwater il
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Chapter 5 developsa backseat driver system a Slocum glider to equip it with an ability to
performanadaptive sampling task underwateranswer thesecond research questionsection
1.2.(Q2: Is it possible to equip a &um glider with the ability of adaptive contrpl€hapter 5
reaclesthe second subbjective in Section 1.302: To developa Slocum glidemwith adaptive

control toinvestigate oikpillsin the ocearntelligently).

Chapter 6 proposes aapperationstrategywith a data compression methéat multiple gliders
to map oil spills in the ocean answer the third research question in this th&3® (s there an
advantage in using a mutylider strategy for oil spill detecti@pandreachthethird subobjective

(O3: To improve the performance of multiple cooperative gliders to delineate subsurjace oil

Chapter 7 compares the performance thie strategy with multiple cooperative and adaptive
gliders withother strategies without cooperation and/or without adaptive camtnoderwater olil
spill detection missions in order to answhefourth research questioi@4: What are the benefits
of usingmultiple cooperative glider&ith adaptive contrah mapping oisunderwate?). Chapter

7 reactes the fourth subobjective (O4: To investigate theperformanceof a multi-glider
cooperation strategy with adaptive control in delineatimglerwater oil plumgsthrough

simulation experiments.

Chapter 8 presentdield experiments in testing the developed glidéhapter 8 aimsto address

the first subobjective(O1: To investigate the performance of a Slocum glider with cooperation

betwe@ more than one sensordelineate underwater piindaddresshefourth sub-objective in

11



Section 1.3 Q4: To investigate theperformanceof a multi-glider cooperation strategy with

adaptive control in delineating underwater oil plujnes

Chapter 9 is asummaryof this researctwith the main objective ofnvestigating the capabilities

of gliders to map subsurface oil plumésiture work that can be conducted to improve the

performance of underwater gliders in underwater oil deline&idso presented in this chapter

12



2. Chapter 2

Literature Review

As the thesis consists of a series of articles and each article has its own literature review, this
chapter briefly reviews sensors and AUVs that have been used in oil spill detection for reference
in developing underwater gliderfor oil spill research. Also, the cooperation of multiple
underwater gliders is also reviewed, which is a foundation for the proposed rgiitigie

cooperation strategy for oil spill investigation in this thesis.

2.1 Sensors for oil detection

Petroleum hyrbcarbons can bmeasured bjluorometes, sonar, underwater mass spectronseter
(UMS), particle size sensarslissolved oxygen meters and conductivigmperature and depth
(CTD) sensorscameras(Battelle Memorial Institute, 2014gtc. A fluorometer measures the
fluorescere or light emitted by the material when a certain wavelength of light excites the
electrons in i(Kalaji et al., 2012)It is a pointbased detection tool thean only detect Amited
discrete volume of the water colurana time(Fitzpatrick et al 2014) Moreoverthefluorescence
substances in natural seawatan reduce the efficiency of a fluorometer in detecting oll
(Baszanowska and Otremba, 20H&)narcancomplement fluorometers in oil detection as sonar
detects backscattered sound from oil droplets, a different working principle from fluorometers
(Wilkinson et al., 2013) The stength of the backscattering is determined by the acoustic
impedance contrast between ambient water and oil drqjbletanger, 2019)In a test with the

use of a 40&Hz Wide Band MuliBeam sonar, freshwater could be detected by this sonar when
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beinginjectedinto saltwater(Fitzpatrick and Tebeau, 2013)s the difference in reflectivity
between freshater and saltwater was small, this test showed the viability of sonars in
distinguishng two fluids with low impedance contrast, sushcaude oil and seawat@roranger,
2019) In atest performed in th@il and Hazardous Materials Simulated Environmental Task

New Jersey of the U.Sa,welkdispersed plume with small concentrations was captured by sonars
with a nominal operating frequency of 400 k{fEziksen, 2013)However, thaletectionof oil by

sonar can beonfusedoy othersubstancein the water that possess a similar acoustic property to

the oil dropletgFitzpatrick and Tebeau, 281

The UMS is based on the method of membrane inlet mass spectrometry, which samples
continuously with a high resolutigi€hua et al., 2016 During the Deepwatdtorizon oil spill
investigation, the TETHYS mass spectrometer was carried by both a fos®tand the Sentry

AUV for a survey andollection of samplegCamilli et al., 2010) The TETHYS is the fourth
generation of & MS which can be used at a depth of 5,000 m and detect a minimum concentration
of 500 ppb(Camilli and Duryea, 2007Althoughthe use ofJMS hasincreased, the application

of UMS is limited by its operabilityas a trained ser is required. In addition, @ortion of UMS
systems are customized to detgotcificsubstancedeading tothe system$eing iraccessible to

otherusersgnterested in other substand€hua et al., 2016)

The size of oil dropletis critical to the transport of oimall oil droples areeasily biodegraded

by microbes, while chemical dispersswetin promote the breakup of oil into smealtiroplets

(Driskell and Payne, 2018).aser InSitu Scattering andransmissometry (LISST) system, an
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instrument which can provide size distribution of particles underwasstsed inthe Deepwater

Horizon oil spill investigation to support the environmental impact asses¢menil., 2011)

Underwater camesaan offeravisual scen®f anunderwater leakage and thegin of oil seeps

in comparison witlother sensor@arques et al2011) However, thisnethod tends to be affected

by environmental factorsuch as light, weather and sea conditibiesverthelessthis is themost
straightforward method and is used to detect oil spifith on the surface and underwatér.
Holographiccamera and a GoPro camera have been used in the fieldttéstsSanta Barbara
natural seepw record gas bubbles and oil droplets, which further supported the presence of oil in

the water(Abt Associates et al., 2020)

Environmental informatiorparticularly currers, is also important when detecting underwater oil
spills. For the oil on the surface of the water, dispersion of oil is driven by waves, wind and currents.
When it comes to the subsurface, dispersion of oil is mainly influencedrigntiThe acoustic
Doppler current profilefADCP) measures velocities of water currents by using the Dogpfitat.

The 600 kHzTeledyne RDI Explorer Doppler Velocity Log is upgradable to include ADCP
capability which can be integrated t&cum G2 glider. During the Deepwater Horizon oil spill
investigation, the strongest hydrocarbon signal was found in the-segtiof the source, which
coincided with the direction of the current at the relevant depth measured by the Doppler Velocity
Log (DVL) (Camilli et al., 2010) The water current also affedise localization of vehicles
underwater, which in turn affects tgeolocation otheoil. In the work of Medagoda et §2016)

the current information obtained from an ADCP along with data from other sensorssgdr®

bound the error of localization in the michter column.
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While fluorometersand UMS have irreplaceable strengths in tracking oil, these instruments are
not always reliable due to inevitable measurement noise and other operational limitations, which
canthen affect both redime and postnission analysis of measurements. Integratiomacious
sensors is capable of providing more reliable measurements, compaeedirtigle sensor

configuration(Part et al., 2017)

2.2  AUVsin oil spill detection

AUVs, asunmanned underwater vehicles, are able to travel underawtamomously They can
be propelled by thrusters, knownagivepropelled vehicles, or driven by changing buoyanicy
weight The latter group are autonomous underwgtiters. A comprehensive introductidéo

AUVs can be seen in the report from the Battelle Memorial Inst{2é&4) A portion of them

have been employed il spill reconnaissanc@able 21).

SOTAB-I, which was 2.5m long AUV (Kato et al., 2017)ould be actuated by bo#tbuoyancy
control device and thrusters. The buoyancy control system consumed less, émeugitless
disturbance to the surrounding watend increased the reliability of data collected by theasans
when compared with the use afthruster. This AUV was equipped withUMS to delineate
dissolved gas and oil, and with a camera to capture gas plume blowouts from thglsattbetl
al., 2017) The data collectedy SOTAB could be transmitted in reéilme toaland station for
improving the simulation of the movement of spilted This oil was ultimately recovered by pre

deployed devices based on the predigioom simulatiors.

16



Scientists from MBARI antheNational Oceanic and Atmospheric Administration employed both

aship and an AUV tanvestigate and cdinm the existence ainderwater oil after the Deepwater

Horizon blowout. Aftemmaximum deepplumgei gnal was capt ur-msketteby a s
systemovera compartvely large area, the AUV Doradd@hompson et al., 2013yas released

and did a higkresolution survey and sampling focusing on the tsiigimal area. Dorado, initially

designed for coastal marine research, was equippedavpitbpulsion system, sensor suéerd

sample acquisition system for the Deepwater HoriZzowdut investigation.

Unlike the Dorado AUV, which is torpeekhaped, the AUV Sentry looks like a flying bar of soap,
more like a clownfislio some extentKaiser et al., 2016)t can dve to a depth 06,000 m and
operatefor more than one day. The Sentry AUV was also emplbyettie scientists from WHOI

in the Deepwater Horizon oil spill detection.

Developed by MBARI, the longange AUV Tethys is a kind of propelidriven vehicle wich
canoperatdor more than 1,800 km at a speed of 1 (hisbson et al., 2012; Kukulya et al., 2016)

In recent years collaboration was developed between MBARI and WHOI to make practical use
of the Tethys in detecting and tracking oil spMath the aim of making it feasible for undiee
missions. Dung an experiment in 2018 in Monterey B@yultonBennett, 2018)a norttoxic,
biodegradable dyeaspoured into the watdp simulate anibspill, and the Tethys was used to
detect the plume and its concentratibhe experiment verified that theng-range AUVwas able

to perform tasks required for oil tracking.
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Thespeed of a glider is lower than that of a propeadieiuatedAUV. A glider changes its buoyancy

or weight, andransforms the vertical motion into horizontal motwith wings, driving the glider

in a sawtooth motion.Shortly after the oil spill in the Gulf of Mexico, scientists from WHOI
deployed a Spraglider to obtain water current information, which helped in evaluating the
diffusion rate of oil and managing the risk of oil to the environnfiappsett, 2011)Panetta et al.
(2017)demonstrated the ability of a Slocum glider to measure the thickness of oil slicks with the
use of acoustic sensoumder both wave and no wave conditions. Rus3atfill et al.(2018)
integrated a Slocum Glider with the Franatider methane sensor to sense the methane released
from the active thermogenic seep field in the Yampi Shelf in Australia. Due to the extra weight of
thesensor and its bracket, a bay section was added to pamditeonal buoyancy. The glider was
deployed for a 1-day work in the eastern active seeps, validating the effectiveness of gliders in

detecting the existence of methane in geochemical exploration
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Table2-1. AUVs that has been used in oil spill research.

Length/

Weight

Name Diameter (m) | (kg) Depth (m) Speed (m/s) Communication Navigation Endurance
SOTAB-| L:2.5 312 2000 WLAN, Iridium, acoustic modem | GPS, USBL
L:>=1.70 _ " . - LBL, INS, | >10 hours at 2.3m/s wit
REMUS 100 D: 0.19 >=36 100 (120%) Max: 2.6 Iridium, Wi-Fi, Acoustic | Dopplerassisted | standard sensor setup
L: >=1.84 _ Nominal:1.54 Communications dead reckoning| 10 hours at 3.0 Kkt
REMUS 100s D:0.19 >=45 100 Max:2.6 ** GPS depending on sensors
L:2.75.5 220385 " Max: 2.3 ** Acoustic modem, Iridiummodem, Typical mission
REMUS 600 D: 0.324 600 (1500%) 100 Basel Ethernet (standard) Inertial, LBL, | endurance is up to 2
L:>4.27 " Nominal: 1.5 1000 Basel Ethernet (optional)] GPS, USBL hours in standarg
REMUS 600s D:0.324 >326 600 (1500%) Max: 2.6 Wi-Fi configuration
) . . LBL, Dead
REMUS 6000 | [ 390 862 6000 Max: 2.3+ peoustic modem, Irdium, modem, gecion with 22 hours
e ADCP INS
L:4.2 Nominal: 1.54 | Freewave, Iridium, Radio Directior| 17.5hours with 5585 km
Dorado D: 0.53 680.0 6000 Max:2.06 ** finder beacon INS and DVL range
L: 2.9 Lo . .
Sentry Height: 1.8 1250 4500 Nom.lnal’;*l.o Acoustic modem. Iridium, RF, an| DVL, INS, USBL 24 hours
S Max:1.2 strobe or LBL
Width: 2.2
L:>=1.1 _ Max: 2.57 GSM/HSDPA, Iridium, Wi-Fi, Lupis: 6 hours
LAUV D:0.15 >=18 100 acoustic modem INS Xplore-1:24 hours
IVER2- L: >=1.10 _ Nominal: 1.29 | GSM/HSDPA,Wi-Fi,
Ecomapper D: 0.15 >=18 100 Max:2.06** Acoustic Modem GPS, DVL 6 hours
L:23 DVL-aided dead
Tethys D.' 0'31 110 300 0.51.0 Acoustic modemlridium reckoning, GPS] 740 hours/1000 km
T USBL/LBL
Gimbaled - . 25 hours when 1.54m
. L: 4.93 ! Iridium and acoustic] INS, DVL, SVS, -
Bluefin 21 D 053 750 (dry) | 4500 gu:gcted thruster Ethernet via shore power cable, R| GPS, USBL with standard payload
stocum atider| L 1.5 e 4 200 / 40 | Average RF Modem, Iridium (RUDICS), ggﬁsu:’gaygg':;z 1550 days (Alkaline
9 s 1000 Horizontal: 0.35| ARGOS, Acoustic Modem ; batteries) / 4 12 months
G2 D: 0.22 Altimeter e .
(Lithium batteries)
. L: 2.0 0.23m/s or| , ... .
Spray glider Wingspan: 1.2 51 1500 20km/day Iridium, acoustic modem GPS 4320 hours

* can be configure to this value

**\With the use ofpropeller
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2.3  Cooperation of diders

It was in the late 1980s that Henry Stommel proposed to use a fleet of underwater Slocum gliders
for monitoring the global oced®tommel, 1989)A fleet of gliders can performhis mission better

than a single glider. For example, in the project Autonomous Ocean Sampling Network 11, a fleet
of gliders was used to find the local minima and maxwhdhe environmental field while
minimizing the error in estimating the gradient in theasured &ld (Leonard et al., 2003Jsing

a single glider, the glider & make a significant effort ichangedirection to collect enough data

to calculae the gradien{Ogren et al., 2004)

The cooperation of gliders includes two aspects: team formation and team sf€&engand
Pompili, 2012) Team formation is to drive each vehicle to its position when given the number of
vehicles and the formation geometry. After the shape of theissanmed, this formation is forced

to move along the desired path and keep the configuration, which is called team steering.

In the work of Edwards et §2004) each vehicle followed givenpath and was controlled by a
trajectory control algorithm. The leadthen broadcasted its position to its followers and the
distance of each follower to the leader was controlled by a formation control atlygkithough

the leadeffollower algorithm inthis work was not specific to gliders, it offeredeference to the
control of gliders in the horizontal planEhis paper also showed how to form a tdaefore the
mission where the vehicles formed themselves into a circle until all of the vehicles were in position.
However, seldonmavestudiesexplicitly explained the process of calling all the gliders together.

Although the team steering step can realize the function of team formation to some extent,
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arranging each glider to a specific position and decreasing the formation error before the mission

startsare beneficial for the whole mission.

Various algorithms have been proposed for the formation of glmgrmost of these algorithms
haveonly beentested through simulationsor examplein the work of Chen and Pomp(2012)

a hybrid team formation schemes proposed for different numbers of gliders. A team steering
strategy which incorporated absolute formation adjustment (AFA) and relative formation
adjustment (RFA) was applied to reduce the overhead of sharing position information. The AFA
was used whethe absolute positions of gliders were available while the RFA was used when
relative interglider velocity information was availablén the work of Fonti et ak2011) each
glidern followed one leaden ,"Q "@n followed the virtual leaden ; the trajectory of the
virtual leader was generated by the unicycle moblek decentralized coordination strategy was
proven to be able to help avoid collisions between vehicles and be generalized to formation of
heterogeneous autonomous ageAlvarez and Mourre (2014) compared the efficiency of a
coordinated and a cooperativaaware glider network in sampling the ocean variability. The
difference between the cooperatweaware and the coordinated glider network was whether the
behaviour of the gllers affected one another while reaching the global goal. A glider in the
cooperativeunaware glider network was not affected by the rest of gliders, while a glider in the
coordinated network was influenced nbtworkpat her
leaderfollow formation method was used, with three gliders keeping a triangle formation. The
glider fleet in the coordinated network moved between waypoints and rotated as a whole when a
waypoint was reached. Simulation experiments showedhbatoordinated network performed

better than the cooperatiumaware network in sampling eddy structures of ocean protiess.
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above algorithms have only been realized in simulations and have not been verified in field
experiments. In field experimentscertainties induced by the ocean environment and the sensors
used could bring various challenges to the algoritboth as stability of the algorithmEhese

uncertainties are difficult to be predicted or to be simulated through a computer.

In general,existing cooperation strategies were designed for 3 and more gligles of the
presented formation algorithms wereerified through simulations. In the simulation,
communications between vehicles were assumed to be litte@éver,the cooperation of glers

is inevitably affected by uncertainties from the environment, vehicles, sensor meastsrand
communicationgn field trials For example, the uncertainty of ocean cusruld result in the
deviationfrom the desired path and a loss of communication among vehicles. Xu¢2€xal)

analyzed the uncertainties of the formation tcohof a fleet of gliders with a statistical method.

In their work, the interaction between vehicles was controlledtbyg artificial potential field
approach. Results from the simulation showed that uncertainty analysis should be conducted in the

designof a glider formation.
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Abstract

In oil spill events, usingr combination of multiple types of sensors is favorable to imptbee
performance obil detectionand thereliability of data collected. An experiment was conducted to
investigate the feasibility of using a fluorometer and a sonar to deteatrasslvalidate the
presence of spilled oil before being installed and uselSlacum glider. Considering the limited
payload capability and energy availability of a Slocum glider, a lightweight Cyclops submersible
fluorometer and a Ping360 sonar were used to-malgate fluorescence measurements and sonar
images. Theresults from theexperiment conducted in a tamkith oil releaseconfirmed the

feasibility of using both fluorometers and sonar to vehfyexistence of spilled olil.

Keywords: Fluorometer; Sonar; Cross validation; Underwater oll
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3.1Introduction

Subsurface oil spill events can occur from potential oil spill events from offshore oil operations
(e.g., Deep Water Horizon), ships in distress, natural deep water oil seeps or othdaceibsu
exploration operationsAutonomousunderwater vehicle§AUVs) have shown advantages in
mobility, autonomy, and robustness in delineating oil underwater compared to methods such as
moorings, satellite systems, and surface ves&abable detection fosubmerged oil by using

AUVSs is critical to evaluate environmental concerns.

Petroleum hydrocarbons can be directly detected by sensors or indirectly detected by measuring
the changes of marine properties. Direct measurements include the use of sankoes
fluorometers, underwater mass spectrometers, cameras, etc. Indirect measurement tools include
turbidity meters, dissolved oxygen meters, and conductivity, temperature, and depth (CTD)
sensors. In a report on oil spill detection and mapping with $,Wdsults from a sensor evaluation

study suggested that a combination of multiple types of sensors could provide better oil detection
than single senso(®aksym et al., 2014)n another work on using an acoustic method to detect

oil, the author emphasized the benefits of usingammustic methods to verify the presence of oil

when an acoustic method was used to detect oil in the water c@irikeen, 2013)In previous

studies on cooperation of multiple sensors, sonar was used as a remote sensor. For example, in an
oil mapping project using AUVs, a sonar was used ¢ntifly the location of oil droplets and/or

gas bubbles in the wat@kbt Associates et al., 2020)he use of sonar as a prescreen tool to detect

the presence of oiMer a large area enabled the AUV to target its detailed data collection mission

over a smaller area.
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In our research, we aimed to develop a Slocum glider to delineate subsurface oil. Despite the
limited payload capability of a Slocum glider, there is avaatage in using multiple sensors and

thus a compact fluorometer and a sonar were selected as a payload for the gliddrafteis
presents the results from our experiments conducted to test the cooperation of these two sensors in

a tank in the presenad oil prior to using them on our developed underwater glider.

3.2Background

3.2.1 Previous work

Underwater gliders have been used for oil spill detection. However, only one sensor or one type
of sensor was used to directly detect the existence of oil. In the afdyr et al.(2019) a
SeaExplorer glider was installed with a MiniFluo sensor for detecting specific PAHs in oil in the
natural marine environment (the MiniFldodetects Naphthaledi&ke and Phenanthrerike

PAHs while the MiniFlue2 detects Pyrenkke and Fluorendike PAHS). This glider could be

fitted with two MiniFluo sensors to detect four kinds of fluorescent PAHs. In research done by
Part et al(2017) a Uvilux sensor was towed to emulate a glider trajectory in experiments in Tallin

Bay because the Slocum glider used was not compatible with the Uvilux UV flataom

Multiple direct sensors have been used in propellimen vehicles for oil spill detection.
Vasilijevic et al.(2015)presented the application of a fluorometer and anmwater camera on

an autonomous underwater vehicle to detect a submersible Rhodamine plume, a simulated oil spill
plume. In the experiment, the distribution of the Rhodamine plume and the entrance of the AUV
into the plume were captured through a camertherAUV, which showed the potential use of

the proposed system in underwater oil spill detection. For underwater vehicles, the use of a camera
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onboard the vehicle is a good option for checking the performance of a sensor system by providing
underwater visalization. However, it is not a preferred option for field experiments for gliders

due to their large area of coverage and limited energy storage.

In a project involving AUVs to characterize oil spills off the coast of Santa Barbara, California,
multiple sensors were proposed to be used on AUVSs to increase the reliability of oil dgilbtion
Associates et al., 2020) CTD sensor, a water gulper, a holographic canserd a SeaOWL UV

A fluorometer, were installed on a REMWB0 AUV and used to sample the survey area
simultaneously. The CTD sensor could establish the background value of fluorescent dissolved
organic matter (FDOM) as the value of FDOM changed withdheity and/or depth. The salinity
detected from the CTD sensor also helped to detect the malfunction of the water gulper, as the
sampling bottles in the water gulper were-filled with clean, hydrocarbofree water and would

be replaced with sample watehen the gulper worked properly. A holographic camera was used

to estimate concentrations and size distribution of oil droplets in the water column. However, a
water sampler is too large for an underwater glider liker a Slocum glider and the sampdagspro

of a water sampler can pose a challenge to the dynamics of a glider which is propelled by changing
its weight or buoyancy. A camerais considered pawert ensi ve r el ative to a
The SeaOWL UVA sensor used could measure FDOM,ocbphyll, and light backscattering
simultaneously. However, the sensitivity and the accuracy of backscattering relied on the tuning
and calibration of the sensor before the experiment. In addition, -siihght scattering from

the SeaOWL UVA could only provide measurements at limited points.
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Sonar has a better ability to detect oil droplets over the-pased sensors such as the SealOWL
UV-A fluorometer as it can detect the distribution of oil within an adjustable range, however, it
cannot deternmmie the exact nature of the disturbance in the water column that it senses. Sonar can
be used as a remote sensor to check the distribution of oil from a distance. The intensity of the
backscatter sound increases with the number of reflecting particles i measurement
volume and scattering craessction(Chmiel et al., 2018)Weber et al(2012)used an acoustic

method to quantify the amount of surfacing oil with simpunted acoustic Simrad ES60 echo
sounders. These echo sounders were operated at the frequencies of 12, 38, and 200 kHz. The high
return detectedybthe 206kHz echo sounder above the depth of 200 m was in accordance with

the visual observation of oil from the surface.

The size of an oil droplet is an important parameter critical to the transport of oil in water. Oil
droplets with higher rise veldg and larger diameters are more likely to rise to the water surface,
smaller droplets can remain in the water coly@mao etal., 2016) In addition, the droplet size
affects the biodegradation proce¢¥ilcaez et al.,, 2013) Laser InSitu Scattering and
Transmissometry (LISST), an optical instrument, can obtain particle sizes and their distribution
underwater. This device was used in the Deepwater Horizon oil spill investigation, which
suppored the environmental impact assessments and the modeling of oil plumes in thgiwater

et al.,, 2011) However, the measurement from a &ISsensor is limited to a certain range of
particle size (6600 microns). A sonar with an operating frequency of 5 MHz, which was much
higher than the resonant frequency for the size measured, was applied to the measurement of oil

droplets in a mixture obil-waterdispersan{Panetta et al., 20127 LISST sensor was used to
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benchmark the detection from the songPanetta et al., 2013)The comparison with the

measurements from the LISST sensor showed a good performance of the sonar used.

3.2.2 Concept in this work

Accurate measurement of oil spills is essential for characterizing the oil in the water and
forecasting the movement of oil before utilizing intervening measures. Acknowledging the
limitations of using a single sensor found in previous research with gilders and the benefit of using
multiple sensors on other larger AUVSs, in this study, we propose towaghe accuracy in
detecting underwater oil spills through the concept of cooperation of multiple sensors. The concept

was tested and planned to be used in underwater glider missions.

In this chaptey we crossvalidaied data collectedy asonar andh fluorometerwhen thesensors

were close to or inside an oil plumEhis method is different from other sampling methods that use
asonar as a remote sens@s naris typically used to provide acoustical images of objects within

a specifiedange ahead, when used together with agitinsensor like a fluorometer, the sonar is
expected to detect the objects fifisigure3-1). In order to crosvalidate déa, we have to ensure
that the two sensors measure the same object or take measuniEntsame time and location

in the water column. Therefone set the sonar to work at a short range (5 m) and only considered
measurements within a short range tmimize the time lag between the detection by the sonar

and the fluorometer.
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Scanned area of Sonar

Sonar @

Fluorometer -‘T

Measured area of a fluorometer

Figure3-1. Detection range of the fluorometer and sonar.

3.3Experimental testing
3.3.1 Experimental setup

Thisexperiment was conducted in an outdoor reinforced concreteRayuk€3-2) at the Offshore

Safety and Survival Center of the Marine Institut#emorial University, NL, CanadaThe
dimensions of the tank a2® m x 10 m x 2 m (LWD)Freshwater was pumped into the tank before

the experiment from a nearby pond. The depth of water in the tank was approximately 1.5 m. Sonar
can detect the backscattered sound from oil droplets in the water with the strength of the
backscattering determindxy the acoustic impedance contrast between ambient water and the oil
droplets.For these tests, it was not feasible to fill the tank with seawsdehe density difference
between oil and saltwater is larger than the density difference between oieahddter, the
acoustic impedance contrast is higher for oil in seawater. As such, if the sonar can detect oil in the

tank filled with freshwater, it should be able to effectively detect oil when it is spilled in the ocean.

31



Figure3-2. Outdoor tank at the Offshore Safety and Survival Centst@fmo r i al Uni ver s

Marine Institute

As we could not test a Slocum glider in the tank, a Ping360 sonar and a Cyclops 7 fluorometer
were positioned on a small RO¥a@rding to their relative location on the Slocum glidéggre

3-3). This sonar is a singleeam mechanical scanning sonar with a frequency of 750 kHz. Its
scanning speed changes depending on the working range. In this experiment, the working range of
the somr was set to be 5 m and the scanning angle was set to be 60° to prevent the sonar from
missing the oil plume. As the main objective of this experiment was to test the cooperation between
the fluorometer and the sonar, only a noticeable change in thensespbthe fluorometer that
indicated the existence of oil was required when the sonar captured the oil plume. Used engine oil
was chosen for this experiment as it was dark in color making it more visible in the water. An initial
test was conducted in theboratory prior to the tank experiments by introducing the used engine

oil into freshwater. The change in measurements from the Cyclops was observed and it was found
that the Cyclops could clearly detect this oil sample. In the experiment in the oatcloding oil

was pumped into the tank from an oil release no&tpi(e3-4), thus creating an oil plume in the

tank Figure3-5).
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Cyclops 7 Fluorometer Ping360 Sonar

; ; Suction Hose
Oil Container ction Hose
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Discharge Hose

Drill Pump

Figure3-4. Setup of the oil pump in the tank

. Wall of Tank
Discharge Hose ¢

Figure3-5. Experiment Facility setup.
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3.3.2 Experimental results

Before the oil release, theweasno oil plume detected in the sonar image (imhgeFigure 3-6)
which corresponeld to the relatively low response values from the Cyclops 7 fluorometes. Th
representedhackground datéor this experimentin the second sonar image (imaga Figure
3-6), an oil plumeis visible between the wall of the tank and the spoarrespondingo the
increase in the fluorometer readings from the background levte thirdsonar image, the oil

dispersed over a larger space, corresponding to the decrease in the fluoneszings
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Figure3-6. Detection of oil by the Cyclops fluorometer (bldats) and the Ping3&bnar

In this test, the oil was detected by both the fluorometetla®bnar when the sonar was set at a
range of 5 m. The time lag between when the oil was first captured by the sonar and when the oll
was detected by the fluorometer was mainly reladetie dynamics of the oil as the sensors were
static in their position. The dynamics of the oil included the rate of the oil injected into the tank

and the dispersion of the oil. The scanning speed of the sonar also contributed to the.time lag
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When thesensors are used on a glider, the forward speed of the glider will reduce the time lag

between the two sensors.

3.4Discussion

The variation of the fluorescence readings showed a strong correlation with the sonar image in
terms of both time and location ofetloil plume. The largest reading was found when the plume
reached the sensors and the plume was concentrated as visually seen in the sonar image. The
reading from the Cyclops 7 fluorometer started to decrease as the plume dispersed and a lower

intensity ofacoustic scattering was obsenmedhe sonar image

The Ping360 sonarsed in this experimentith a frequency of 750 kHz was proven to have the
ability to detect the oil. In this research, the ROV was steered to a nearly fixed position. In a field
expeiment with the use of underwater vehicles, the working range and scanning angle should be
set based on the working speed of the underwater vehicles and the anticipated motion of the

underwater target if a single beam scanning sonar is used.

The fluorometr could detect the used engine oil, however, the sensor used was not sufficiently
sensitive when being used in the outdoor tank with water from a pond. Only small changes in the
fluorometer readings were observed after the oil was released, which magy toetlde sensitivity

of the sensor to detect the oil sample or the level of the existing background fluorescence. However,
the sensor was found to be sensitive to the oil sample when tested in the lab with clean water. It is
possible that the measuremetdken with the Cyclops fluorometer in the outdoor tank were
affected by background fluorescence. Selecting sensors by using sampled water from the target

environmentin this casé&rom the outdoor tanks important for obtaining sensitive measurements.
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In the experiment, the fluorometer was found to be easily coated with oil leading to a constant
reading being recordemhce oil was encounteredhis confirms the benefits of using a sonar to
cross validate data from a fluorometer. On the other hatetpretation ofsonarimages can be
complicated by other naturally occurring particles in the ocean, using a fluorometer can help

differentiate oil droplets in an oil detection mission using gliders

3.5Conclusion

The experimenterifiedthat it is feasible to measure the presewicoil by using both fluorometers

and sonar together to improve the reliability of data colledtiee results showed thite proposed
crossvalidation concept worked well and the time lag could be minimized by setting a short range
for the sonarThe kenefits of croswalidating data from both sensors were also confirmed from
the reduced ability of the fluorometer used in the experiment to provide distinct signal changes
when oil was detected. In glider field missions, a sonar can be used to helpmdbefppresence

of oil when a fluorometer is contaminated or affected by surrounding noise, and vice versa.

Theexperimentn this chapteansweedthefirst research question in Section 1.2 (Q1: Is it possible
to improve the reliability of measuremenisusing a fluorometer and a sonar in a Slocum glider?)
andreachd the first subobjective in Section 1.3 (OTo investigate the performance of a Slocum

glider with cooperation between more than one sensor to delineate underyater oil
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Abstract

To overcome the environmental impacts of releasing oil into the ocean for testing acoustic methods
in field experiments using autonomous underwater vehicles (AUVs), environmentally friendly gas
bubble plumes with low rise velocities are proposed in tlsisaieh to be used as proxies for oil.

An experiment was conducted to test the performance of a centiijygamicrobubble generator

in generating microbubble plumes and their practicability to be used in field experiments. Sizes of
bubbles were measuredth a Laser IsSitu Scattering and Transmissometry sensor. Residence
time of bubble plumes was estimated by using a Ping360 sonar. Results from the experiment
showed that a larger number of small bubbles were found in deeperazddeger bubbles rose
quickly to the surface without staying in the water column. The residence time of the generated
bubble plumes at the depth of 0.5 m was estimated to be over 5 mihéesnicrobubble
generator is planned to be applied in future field experiments, asffeistive in producing
relatively longendurance plumes that can be used as potential proxies for oil plumes in field trials

of AUVs for delineating oil spills.

Keywords: Microbubbles; proxy; Oil spill; sonar; Size of bubbles; Residence time
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4.1 Introduction

An accidental oil spill can be a major threat to public health resulting in a variety of environmental
impacts as well as fatal consequences to the marine ecog{ganoun, 2015Rapid response

and the use of appropriate detection methods and sensdksyate mitigate the undesirable
consequences of a spill accident. When released, oil is broken up by turbulence into droplets of
various sizes where large droplets tend to rise rapidly to the surface while small droplets tend to
be transported horizontglby ocean curren{Socolofsky et al.2011) Small oil droplets released

in the subsurface, particularly those treated with chemical dispersant can stay in the water column
for hundreds of hours and form subsurface pluf@bsn et al., 2015; North et &2015) Detecting

these subsurface plumes attracts our interest as it is an ideal task for AUVs that collect and
communicate high resolution information of the plumes in neattiraal from the subsurface, a

task unachievable by many traditional methimd$uding remote sensing.

The clustering of oil plumes in general ocean conditions is a distinct characteristic that poses
challenges in detecting oil plumes with submersible sensors that have been commonly used in the
field including fluorometers, padie size analyzers and other chemical senfdonmy et al.,

2014) By using these sensors and conventigomant-based irsitu measurements onboard an
autonomous underwater vehicle (AUV), gradient methods have been widely employed to track an
oil plume(Pang and Farrell, 2006)lowever, recent experiments done by ourasgeteam have
revealed severe limitations of-gitu sensors as a primary sensor to conduct an adaptive mission
(Hwang et al., 2020b, 201,9¥hich allows the path of the AUV to be updated and optimized based

on realtime sensor data. Thaustering characteristics of oil in water can inherently generate

consecutive noiskke positive and negative peaks from a fluorometer that might confuse an
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autonomous signal processor algorithm. The system would have to determine whether these peaks
aretrue positive signals or noise from other possible unknown sources. Hence, gradient approaches
using single point sensors are likely to cause confusion to maneuver an AUVitimes@wang

et al., 2019) In addition, a poirbased sensor naonly take measurements where the vehicle is
located. As a result, the vehicle must be constantly moving in order to carry out continuous
measurements and cannot-gietect the target oil without entering inside of the body of a plume.

It also implies thathe survey design requires a relatively high resolution, hence an exhaustive
search by the vehicle, to acquire reasonably comprehensive information of the plume such as oil
concentrations and its approximate extent. This is neither efficient nor suibabtaduct an
adaptive mission. Another common sensor used to detect oil droplets in water is an optical laser
diffraction instrument which measures the sizes of particles suspended in water based on scattering
technology. The data provided by this semsay lead to ambiguity especially in the raomfined

real ocean that may contain a great number of natural particles. Without measuring additional
morphological information of the detected particles in-teaé, it is not feasible to differentiate

the rgular shapes that oil droplets would have from those of other substances in nature.

To overcome these challenges, acoustic backscattering has been used as an alternative means to
detect oil pluméEriksen, 2013)Acoustic devices such as sanatilize remote detection approach

to capture and visually display acoustic backscatters of dynamically dispersing oceanographic
targets including oil droplets and methane bubbles in the water column. As such, using this method

allows for the use of buophacoustic backscattering materials as tracers in field studies.
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Another challenge in oil spill research is the ability to perform field experiments in oil spill
conditions, as it is inappropriate to release oil into the ocean. Dye tracers, such asiRhda,

are typically used to study oceanographic processes including dispersion of spilled oil as they can
be detected effectively at low concentratifndgpezCastejon and (Eds), 201®Jowever, as these
tracers are wategoluble, they do not behavedikil which can be distributed in the water column

as dispersed, dissolved, and gas phi3atselle, 2014; Siim Part and Kduts, 2016)

Gas bubbles have a potential of being used as proxies for oil as they are expected to reasonably
representhe patchy characteristics oil plumes once released into the ocean. Gas bubbles are
environmentally friendly and can be detected well by sonar sensors. Similar to oil droplets, they
are buoyant and do not dissolve readily in the water column and thusr¢heypected to show

similar clustering characteristics of oil in water. In addition to their similar transport behaviors in
ocean waves and currents, oil droplets and gas bubbles are both acoustic scatters and can be
detected by sonars. When released ooially, they can form bubble clouds or plumes similar to
plumes of oil spills, which can be used during AUV field trials. As gas bubbles rise more quickly
than oil droplets, bubbles of micron size, also known as microbubbles, are proposed here for being
used as the oil proxy. Definition of microbubbles in the field of fluid physics are bubbles of
diameters less than 100 (rsuge, 2014)Different from typical bubbles which rise to the surface

and burst, microbubbles rise up and shrink before disappearing in the(Tigmdra and Adachi,

2014) These tiny bubbles have low buoyancy and slow rise velocities allowing them to stay in the
water column for some period until they are detected by sonars equipped onMid&ubbles

have been widely studied and used inoas fields including water treatment, water purification,

mineral processing, natural ecology restoration, cleaning and medidmmtia et al., 2012;
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Tsuge, 2014)Different types of microbubble generators have been developed for laige sc

applications and many are commercially available.

In this chapter we propose the use of gas bubble as a proxy for oil in AUV field missions. This
chapterpresents an initial investigation on the suitability of using air bubbles as proxies for oil
droplets. We did not aim to replicate oil droplets but to find some kind of tracer that generates
plumes that could be detected by acoustic devices in AUVshioparrpose, our main interest

was the residence time and distribution of gas bubble plumes in the water column to demonstrate
that bubble plumes could represent the buoyant characteristics of oil plumes and could stay in the
water for a period of time beffe being detected by acoustic devices. As acoustic backscatters of
oil and gas are different, it is not necessary for the bubble plume to have the same quantities of
bubbles as oil droplets in order to be effectively detected by acoustic sensors. Tthiprowecept,

we evaluated plumes of air bubbles generated by a commercial microbubble generator and used a
sonar sensor to detect the generated plumes. Results from the experiment and the suitability of

using microbubbles for oil spill detection studas presented and discussed.

4.2  Sonar Applications for Oil and Gas Detection

4.2.1 Previous Work

Sonar systems have been used to measure the sizes of oil d{Bpletta et al., 201,2p detect

the oil under surface ice, encapsulated in ice, and sunken on the s@d#&eym et al., 2014,
Parthiot et al., 2004; Wen and Sindibgrsen, 1996; Wendelboe et al., 2008) measure
concentrations of oil and gan the water colum(Bello et al., 2017; Clarke, 201,19nd to measure

the flow rates obil released during a spill evef@amilli et al., 2012)

46



Sonars have an advantage over pbaged irsitu sensors when used to detect subsurface oil as
they can cover a large continuous area as opposed to sampling a discrete volumeatérthe
column (Fitzpatrick etal., 2014) Fluorometers, the most commonly used pbesed ipsitu oil
sensors, are also susceptible to false positives due to disturbance from natural sources of
fluorescence present in seawat®aszanowska and Otremba, 2Q1I8) order to attain effective
detection of oil in the water column, a combination of multiple methods employing different
working principles are typically require@ihe use of sonars in conjunction with fluorometers can
increase reliability of the detection and help confirm the existence of tfigedib et al., 2016)
Sonars detect oil by recording the backscattered sound from oil dr@plétsison et al., 2013)

The strength of the backscattering is determined by the acoustic impedance contrastthetween
oil and ambient watgt.oranger, 2019)Theadvantages of sonar systems include the capability of
seeingalongdistanceseeing at low visibility, and provide guantitative information from acoustic
backscatter when the frequency of the system is suffigibigh (Maksym et al., 2014 Besides,
sonar systems atessaffected by the bimuling compared to the Laser-Bitu Scattering and

Transmissometer (LISST) when measuring the size of oil drojfatsetta et al., 2012)

Sonars are capable distinguishing two fluids with low impedance contrast, such as crude oil and
seawater, and detecting oil at low concentratiwmsanger, 2019)This was proven in a study
where a 40lkHz Wide Band MultiBeam sonar was used to effectivditect freshwater injected

into the saltwater, two fluids with small difference in reflectii§jtzpatrick and Tebeau, 2013)
Another test performed at the Navy faciliyl and Hazardous Materials Simulated Environmental
Test Tank, New Jersey of the U.S. showed that sonars with a nominal operating frequency of 400

kHz were able to capture a welispersed plume with low aih-water concentrationgriksen,
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2013) The result exceeded the expectation of a -fighuency sonato detect oil at low
concentrationFor detection of gasubbles such as greenhouse gas methane, sonar is tste mo
commonly used sensor as gas bubbles have strong acoustic scdtteriag et al., 2017,
Scandella et al., 2013; Veloso et al., 2018the work of Uchimoto et a{2018) the experiment
found that a 600 kHz siegcan sonar could detect underwater CO2 bubble$ @ rhm and 1 cm
in diameter, the sizes of natural seep bubpbles Deimling et al., 2010)Moreove, sonars are
superior to underwater video cameras in surveying-eisflersed gas bubbles as videos are

restricted to smaller areg&laucke et al., 2005; Leifer et al., 2017)

As there were no industigccepted means to measure the flow rate of the hydrocarbon fluid, an
acoustic imaging s@r (1.8 MHz) and an acoustic Doppler sonar (1.3 MHz) were used to measure
the flow rates of the hydrocarbon released from the Deepwater Horizon Macondo 8&Maty
2010(Camilli et al., 2012)The acoustic imaging sonar was used to releorizontal crossection
images of the flowing fluid, while the Doppler sonar provided vertical velocities of the flow. The
method used providedonsistentresult with other studiegCrone and Tolstoy, 2010which

verified usefulness of sonar systems and suitability of sonars for oil detection

The effectivenesef sonars in detecting odropletsand gas bubbles is highly dependent on their
operating frequencie$Veber et al(2012)used an acoustic method to quantify the amount of oil
surfacing with shipmounted acoustic Simrad ES60 echo sounders. These echo sounders were
operated at the frequeies of 12, 38 and 200 kHz. The anomalously high return detected by the
200-kHz echo sounder above the depth of @0@asin accordance with the visual observation of

the oil from the surface. However, similar anomalous backscattering was not obseiveedyat
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sounders operating at lower frequencies of 12 and 38 kHz. Another study used a sonar with the
operating frequency of 5 MHz to measure oil droplets size in awatédrdispersant mixture

(Panetta et al., 2012y he frequency of the sonar was much higher than the resonant frequency for

the size of detected oil droplets. The comparison with measurements from a LISST sensor showed

a good performance of the acoustic methodnftioe above studies, high operating frequencies

tend to provide better oil detection. However, the frequency should rioblégh as the signal
attenuation will increase at a higher frequency leading to a shorter range of théPso©dia et

al., 2012) The optimum frequency of a sonar depends on the size of oil droplets, the coverage
distance, and the level of ambient nafgéélkinson et al., 2013)A tank experiment with the use

of an Acaustic Zooplankton and Fish Profiler multipi@quency echo sounder showed that the
submerged oil was detectable with the frequencies of 455, 769, 1250 and 20(Dakitzand

Mudge, 2018)Results from the study showdtht the size of oil droplets was in the order of 100

um (David and Mudge, 2018Moreover, the lower frequency could be also effective in detecting

oil droplets if the size of the droplets was larger. Similarly, the ¢izgas bubbles is essential

when selecting the frequency of a sorfgrczuckgJoanna Szczucka, 1989)ot ed t hat HAac
determination of the concentration of gas bubbles in the sea is based on the phenomenon of
resonant backscatteringdo and fAa bubble of a d

ofapreciselydei ned frequency, inversely proportional

Types of sonars are also important in selecting a sonar system for oil and gas detection. The types
of sonars that have been used to detect suspended oil droplets and gas bubbles include echo
saunders, sidescanning sonars, multibeam sonéBalsley et al., 2013; Blomberg et al., 2017;

Johansen et al., 2003; Klaucke et al., 200&)Itibeam echo sounders excelled thegkbeam
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echo sounders ideterminingt he pl ume 6 s dleifemeeal., ”201¢)Anfexpeariment e
with a focus on detecting sunken oil o tea bottom compared capabilities of various types of
sonars including a siggcan sonar, a multibeam/panoramic sonar, a 3D acoustic camera, and a
front-looking sonar, with frequencies ranging from 100 kHz to 600 kHz. Thefreginency
sonars (200600 kHz) were found to have the ability to detect oil patches with low reflectivity.
The sidescan sonar can quickly find the position of oil as a wide swath. More precise detection
was achieved from the multibeam sonar, the 3D acoustic camera, and tHedkorg sonar
(Parthiot et al., 2004)These findings related teunkenoil can beusedas a reference when

considering the application of sonars in detecting oil droplets and gas bubbles in the water column.

To confirm the potential use of sonar for oil detection in future AUV experiments,-pfoof

concept experiments were conducted as described below.

4.2.2 Proof-of-Concept Sonar Experiment

Aiming to overcome the challenges in using pdiased irsitu sensors in AUV oil spill missions,

we investigated the use of sonar in future AUV experiments. Two sonar instruments were tested
for proofof-concept. A set of testgere conducted in the wave tank facility at the Bedford Institute

of Oceanography, Dartmouth, Nova Scotia, Canada on 31 July(B@dthg et al., 2020a)lhe

facility is operated by the Centre for Offshore Oil, Gas and Energy Research, Department of
Fisheries and Oceans Canada. Alaska North Slope crude oil and two different sonamgesors
selected for the test: the BV5000 3D scanning sonar and the M450 2D sonar of Teledyne Blueview.
The frequencies of these sonars were IMB8z and 450kHz, respectively. The results

demonstrated that both sonars were capable of detecting oil in advban AUV (by using a
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forward-looking sonar) and at a distance, unlike othesiin oil sensors that had been used to date.
An oil plume consisting of a number of small droplets as well as a significant amount of noise
were detected by the M450 sonay.@&mparison, the acoustic pings at higher frequency generated
by the BV5000 resulted in clearer sonar images at a distance wf f2odn the sonar head. The
fan-shaped sonar images also captured the upward moving process of the plume as it rose to the
suiface. These proaff-concepitest results indicated that acoustic sensors may have the following
potential advantages in detecting oil from an AUV in the ocean:
(1) An oil plume can potentially be paetected by an AUV prior to entering the plume.
(2) Sonar farshaped image display is more suitable than poaged oil sensors for discontinuous
oil patches to make an adaptive decision on the next waypoints or trajectory to delineate the
plume.
(3) The twadimensional survey of the scanning sonar has advantages poer-aased survey

to undertake an adaptive mission for a dynamically dispersing target such as an oil plume.

4.3  Experiment Setup

In this study, we propose using gas bubbles as environmentally friendly proxy for oil in AUV field
experiments so as to allow Ald equipped with sonars to be tested in realistic oil spill conditions
without releasing oil into the ocean. When bubbles are generated with hydrocarbon gas, such as
methane or butane, a sonar can be used with hydrocarbon gas sensor-i@lictatssn. However,

in our experiments, air bubbles were used to minimize health and environmental risks posed by
releasing hydrocarbon gases, such as methane which is a known greenhouse gas. The proposed
gas bubble plumes were generated using a commercial microlganlgleator. Microbubbles have

slow rise velocity leading to plumes that remain in the water column for a period of time before
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being detected by a sonar and/or other sensors. An experiment was conducted to test the
microbubble generator in creating bubplames and characterize the plumes in terms of bubble
size, residence time, and suitability to be used in the ocean. The experiment also aimed to evaluate

a sonar sensor on its performance in detecting the bubble plumes.

4.3.1 Bubble Generator

The system that &vtested was a microbubble puyjaryu Turbo Mixer (KTM) pump, developed

by Nikuni Co., Ltd in Kawasaki, Kanagawdapan, (seBigure4-1). The centrifugal pump uses a
principle similar to the dissolved air flotation meth@gdel and Butt, 2011 However, the air
dissolution and mixing occur simultaneously as the air and waeatrawn in and pressurized by

the mechanics of the uniquely designed turbine impeller. A combination of frictional, axial, and
centrifugal forces created by the impeller helps enhance entrainment of air by breaking the air into
small bubbles and generatihgh operating pressu(&tchepare et al., 2017Atmospheric air is

drawn into the lowpressure suction side of the pump eliminating the need of an air compressor.
A large mixing tank is also not required leading to a more compact syiséns suitable to be

used at sea if needed. The average size of the microbubbles produced by this system is 25 pum but
a dimeter of less than 10 um can be obtained by varying operating conditions including air and

water flowrates and pressukeration & Mixing Ltd, 2015)
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Figure4-1. A sketch of the microbubble generator with the us€T¥ pump.

4.3.2 Sensor Suite

The sonar used in the experiment vadng360 sonar from Blue robotics, Torrance, CA, USA

(see Figure 4-2). Specifications of the sonar are presentedlrable 4-2. The Ping360 is a
mechanical scanning imaging sonar that has a 50 m range and can work to a depth of 300 m. It
was designed to be used for navigation on ROVs such as BlueBWRobotics, 2020ajput

can also be used for obstacle avoidance, inspection, tracking, and so on. In the experiment, we
used the Ping360 to detect microbubbles generated by the KTM pump and evaluated the residence
time of bubbles. In thishager, the residence time was the length of time that the bubble plume
stayed in the water column at one depth (within the vertical range of the sonar) as captured by the

sonar.

The sizes of bubbles generated by the microbubble genemtermeasured usirggLaser irsitu
Scattering and Transmissometbi$ST-200X) sensor (se€igure4-3). LISST-200X, developed

by Sequoia Scientific Ingn Bellevue, WA, USAwas designe for measuring particle sizes and
concentrations in water. The LIS&DOX is rated to a depth of 600 m and can cover a size range
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between 1 and 500 microns, which is the range of our inté8eguoia Scientific, 2018 ther

measurements provided by LISRU0X also include temperature anepth.

Figure4-2. Ping360 mechanical scanning imaging sonatr.

Table4-2. Specifications of Ping36(BlueRobotics, 2020b)

Parameter Value

Frequency 750 kHz

Supply Voltage 117 25 volts
Beamwidth (Horizontal) 2°

Beamwidth (Vertical) 25°

Working Range 0.7550 m

Weight in Air 5109

Scan Speed at 2 m 9/360°

Scan Speed at 50 m 35 9360°

Range Resolution 0.08% of the range
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Figure4-3. LISST-200X.

4.4  Experiment and Results
4.4.1 Experimental Setup

A detailed experiment was conducted in the tow tank of the Geegimeering Research Centre
(OERC) at the Memorial University of Newfoundland ($gégure4-4). The tank has a length of

54 m which was beneficial as the dispersionhaf microbubbles was not restricted by the tank
boundaries. The observation window looking into the side of the tow tank helped to capture the
motion of the bubbles. The tank was filled with clean water before the experiment which was
favorable for the mesaurements of the sonar and the LISBIDX. Figure4-5 shows the setup of

the KTM microbubble generator on a bridge in the tow tank.

Vi ik

Y

T
T T

<o

Figure4-4. OERC tow tank of Memorial University of Newfoundland.
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Figure4-5. The setup of the Nikuni KTM pump in the tow tank.

In the experiment, the LISSA00X sesor was set up in front of the release nozzle; the bubble
cloud passed through the sensing range of the LIE®K (seerigure4-6). The Ping360 sonar

was placed to onside of the release nozzle, with its horizontal scanning direction covering the
passing plume. Nine sets of sampling positions were selected to precisely measure the distribution
and motion of the bubbles (s@able4-3 andFigure4-7). The horizontal and vertical distances
between adjacent sampling positions were selected to be 0.5 m to cover the length and height of
the plume based on visual observation. In our experintleatwater in the tank remained static

except for the disturbance from the water and bubbles coming from the discharge nozzle.
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Figure4-6. Top view of the setup of the sonar and LISEI0OX in the tow tank.

Table4-3. The number of test and corresponding positions of sonar and {28&X.

Test No. Position of Sonar Position of LISST-200X
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© © N O U A W N PR
I o M moO © >
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e - ° : Sampling positions for sonar
o = o : Sampling positions for LISST

KTM Pump
Excess Air Tank

Bubble Discharge Nozzle

Figure4-7. Sampling positions for the sonar and LIS3J0X in the tow tank.

The sequence of the tests is indicated by the red arrows shéugune4-8. When the sonar and

the LISST were set in their positions, these two sensors were started up to collect background
information for one minute. This background information was a referencealoul&ting the
residence time of bubbles. Then, the bubble generator was turned on to generate bubbles for more
than 3 min in order to get stable a plume. The bubble generator was then stopped and the sonar
and the LISST continued their measurements timile was no clear plume visible in the sonar
image. The amount of time after pump was shut off until the plume disappeared from the sonar
image was approximated as the residence time of the bubbles in the water at the specified depth.

The bubble plume gemnated by the KTM pump can be seeifrigure4-9.
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o - o : Sampling positions for sonar o - o : Sampling positions for LISST-200X

KTM Pump KTM Pump
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Release Nozzle
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Figure4-8. Side view of the sampling positions for &mnar and (b) LISSP0OOX in the tow

tank

Figure4-9. Bubble plume generated by the KTM pump in the tow tank.
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4.4.2 Measurements from the Experiment

4.4.2.1Bubble Size Distribution

The size distributions of thbubbles collected by the LISSA00X sensor at the 9 sampling

positions when the bubble generator was working are showkigumre 4-10. This can help

understand size dr#bution of the bubbles at different locations within the plume. The sampling

position C, D, and | were at a higher altitude than the release nozzle, the sampling position B, E,

and H were at the same depth as the release nozzle, and the sampling Apkitiand G were

lower than the release nozzle. From the bubble size distribution, it can be observed that:

(1) A higher proportion of smaller bubbles was found at deeper positions. For example, at

position F which was at a depth of 1.5 m, more than 90%edbubbles were smaller than
100 microns, while at position E which was at the depth of 1.0 m, the majority were within
the range of 100L50 microns. At a shallower position (position D), more large bubbles
between 200 and 250 microns were found. The @iffee in size distribution at varied
depths was owing to the rise velocities of differently sized bubbbage bubbles rose
quickly toward the water surface while small bubbles rose more slowly leading to a larger

proportion of small bubbles staying aptle

(2) A larger percentage of smaller bubbles were collected at the farthest distance from the
release nozzle. For example, at the water depth of 1.5 m, only 80% of bubbles found at
position A were smaller than 100 microns while almost all the bubble (8®%6y at
position G were smaller than 100 microns. For position C, D, and |, a larger proportion of
bubbles with sizes smaller than 250 microns were collected at position I, the longest

distance from the release nozzle among the 3 positions placed ai@tendepth.
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The variation of bubble sizes in the horizontal direction was partly impacted by the different rise
velocities of the bubbles where larger bubbles, having higher rise speeds velocities, surfaced
quickly without travelling a long distance lwontally. In addition, in the experiment, the release
nozzle released the bubbles at an angle of inclination of 20Figere4-11), which defined the

path of the pime and made bubbles, especially smaller bubbles as they tend to travel horizontally

rather than upwards, go to deeper water as they moved further away from the nozzle.

There was also some exception to the size distribution in the horizontal directiexafRle, at

the water depth of 1.0 m, bubbles smaller than 150 microns comprised more than 50% of the
bubbles found at position H, and only 41% for positiorHBwever, at position B which was
closest to the release nozzle, a higher percentage of naor@@po were observed. At both C and

I, 3% of bubbles were betweeni3®0 microns while there were no bubbles in this size range at
position D. 37% of bubbles at position C was in the size range 62000nicrons, 32% of bubbles

at position D were in thaze range of 10200 microns, and 32% of bubbles at the position | were

in the size range of 10@00 microns.
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Figure4-10 Distribution of the bubble size at 9 sampling positions.

Release Nozzle

Figure4-11. Bubbles released from the nozzle.
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4.4.2.2Residence Time of Bubbles

The residence time diubbles was estimated based on sonar images. The length of time from when
the bubble generator was stopped until the time when no clear bubble plume could be observed
from the sonar image was assumed to be the residence time of bubbles in the wateirdhisnn.
experiment, it was assumed that the highest concentration of bubbles was on the vertical plane
along the centerline of the plume and parallel to the side wall of the tank (Plaiégiiied-12).

Therefore, the length of time that bubbles stayed on this plane after the bubble generator was shut
off was measured as the residence time. As the sonar used was a mechanical scanning sonar and
had a vertical beamwidthf 25°, the residence time of bubbles measured at sampling point 1
represents the residence time of the bubbles within the rectangle area (regidiglyed-13,

which overlaps the sampling region of point 2.

o - o : Sampling positions for sonar

[ —— Plane A

Bubble Discharge Nozzle

Figure4-12. Sketch of plane A that intersected the release nozzle and was parallel to the sidewall

of the tank which was used for measuring the residence filmgobles.
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o - o : Sampling positions for sonar

KTM Pump
i i—b Excess Air Tank

Figure4-13. Sketch of the area that was used to measure the residence time of bubbles detected

by the sonar at sampling point 1.

The sonar images collected from positigrb8fore the start of the bubble generator, when the
bubble generator was working, and when there was no plume on the vertical plane for calculating
residence timafter the bubble generator was stoped,presented iRigure4-14. In Figure4-14

(c), there were no visible bubbles in the sonar image in region 1 and above, whigyardsa

as the disappearance of bubbles.
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Figure4-14. Sonar image collecting at samplipgsition 3 (a) before the start of the bubble
generatar(b) with the bubble generator workin@) andwhen there was no plume on the

vertical plane for calculating residence time.
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The residence times of bubbles calculated at the nine sampling poaitiopsesemd in Table
4-4.

(1) The residence time decreased with an increase in water depth. One can expect bubbles to
rise up from deeper to shallower water. Therefore, the reg®deme measured at a
shallower position, e.gposition 3, can be considered totbe length of time from the first
bubbles appeared in this shallow water region when the bubble generator was stopped until

the time when the last bubble that rose fromdixeper water to this region disappeared.

(2) In most cases, the residence time of bubbles increased with the distance from the release
nozzle. This was because the release nozzle had an inclination angle which drove the
bubbles deeper away from the nozzleefehwas an exception at the depth of 0.5 m where
the residence times of bubbles at position 3, 4, and 9 weres, 3884 s, and 323s
respectively. For position 9, the residence time of the bubbles was shorter than that
collected at position 4. Consideripgsition 9 to be the furthest point from the center of
the plume, this phenomenon was possibly caused by bubbles disappearing due to shrinking
or dissolution of the gas as they rose through the water column toward the surface. Besides,
at a longer distancom the nozzle, the low density of bubbles at shallower depth also
affected the images collected by the sonar, which affects the calculation of residence time
at the end. Moreover, the residence times obtained at these positions may have been
affected bythe bubbles that rose up from positions directly underneath them (position A,

F, and G, respectively). As position F had a higher percentage of bubbles below the size of
50 microns compared with position A and G, these bubbles may have risen up slowly to

the depth of 0.5 m, contributing to longer residence time collected at position 4. This was
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also witnessed at position A and G. Position G has a higher percentage of small bubbles
within the size range of 5000 microns than position A, which probably résd in the

residence timeollectedat position 9 being longer than that at position 3.

Table4-4. Residence timef bubbles calculated at different sampling positions from sonar.

Distance*: 0.5 m Distance:1.0 m Distance: 1.5 m
Position 3: Position4: Position 9:
Depth: 0.5 m
304 s 364 s 323 s
Position2; Position5: Position8:
Depth: 1.0 m
106 s 148 s 214 s
Position1: Position6: Position7:
Depth: 1.5 m
65 s 77 s 133s

* Distance means the horizontal distance from sonar to the nozzle which is sHegure#-7.

45 Discussion

In the experiment, a LISSZO0X was used to evaluate the size that a microbubble generator can
generate, and a sonar was used to investigate the residence times of bubble ghenatsdyby

the pump in the water column. By comparing the data from the LEE®K and Ping360 sonar,

at the water depth of 1.5 m, a larger proportion of smaller bubbles was observed at a longer distance
from the release nozzle; the residence time was lalsger. As smaller bubbles have low rise
velocities, they took a longer time to surface. This observation cross validates the data collected
from the LISST200X sensor and the sonar. When the depth was reduced to 1 m, the residence

time of bubbles was fgyer away from the release nozzle, and longer than the residence time at the
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corresponding position at the depth of 1.5 m. Although the size of bubbles collected at the point
closest to the release nozzle at the depth of 1.0 m did show a higher perotstagher bubbles

than at a further distance, the small bubbles that rose up from the depth of 1.5 m could have
contributed to the longer residence time at the points further away from the nozzle. At the water
depth of 0.5 malarger proportion of bubbsesmaller than 200 microns was collected at a distance

of 0.5m, closest to the nozzle; however, the residence time at this location was shorter than the
other two positions. This could be due to different bubble concentrations at different positions

within the plume. For the depth of 0.5 m, a higher concentration of bubbles was found at the

distance of 1 m where the longest residence time was observed.

From the sonar images of the experiment conducted in the tow tank, the generated bubble plumes
were inveible at approximately & from the release nozzlén this experiment, there were no
waves or current and thus the influence of waves and currents on the motion of the bubble plumes
was not tested. When releasing microbubbles in the ocean, waves amtsamiag have various

effects on the plume; they may help extend the outer boundary of the plume providing the AUVs
with larger survey agebut may also cause the bubble clouds to disperse so thinly that they are

undetectable by sonars.

Our next step wilbe to test this KTM pump and the sonar in the ocean before being applied in
AUV missions. It is expected that the bubbles will stay for a longer time than the residence time
observed in the lab experiment by releasing the bubbles from deeper water. Yjates\aso
expected that the disturbance from waves and current could drive the bubbles to a further distance

from the release nozzle and break the plume into patches of bubble clouds in the water.
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4.6 Conclusions

In this chapteran experiment was conducteda lab to investigate the possibility of using gas
bubbles as proxies for oil in AUV field missions. The main interest of this investigation was the
residence time and distribution of gas bubble plumes in the water column. The residence time and
distribution of gas bubble plumes can represent the buoyant charadefigias bubbles and the
length of time of bubblesemainin the water column before being detected by acoustic sensors on
anAUV. Results from the experiment showed that:

(1) A Nikuni KTM pumpwas able to generate bubbles with sizes less than 100 microns.

(2) A Ping360 sonar with a frequency of 750 kHz was found to have the ability to detect
microbubble plumes which contain bubbles with sizes less than 100 microns.

(3) Smaller bubbles were found athggher percentage of the total numbers of bubbles in
deeper water, such as at the depth of 1.5 m, as large bubbles having higher rise velocities
surfaced quickly without staying in the water column.

(4) The residence time of the bubble plumes at the depttbah@vas estimated to be over 5
min. The bubbles were generated by the Nikuni KTM pump and released in less than 2 m

of water at a depth of 1 m and an inclination angle of 20°.

From the experiment results, it is expected that the residence time of thlesoaén be longer if

the bubbles are released from deeper watee.bubble generator developed based on the KTM
pump is planned to be applied in future field experiments, as it was effective in producing long
endurance plumes that can be used as a potential proxy for oil plumes in field trials of AUVs for

delineating oilspills. It is also expected that the disturbance from waves and current could drive
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the bubbles to a further distance from the release nozzle and break the plume into patches of bubble

clouds in the water.

As field experiments were desired investigatethe performance of a Slocum glider with the
cooperation of sensote delineate underwater oithe experiment done in this chapteas a
preparation for testing the developed glider veidmsorgshown in Section 8.4pr reaching the
first subobjectivein Section 1.3 (O1To investigate the performance of a Slocum glider with
cooperation between more than one sensor to delineate underwaftEn@ipossibility of using
microbubbles as proxies for oil droplets was investigated in this chapter befong tidxst

developed glider in the simulated oil plumes.
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Abstract

Adaptive sampling provides an innovative and favorable medhaaproving the effectiveness

of underwater vehicles in collecting data. Adaptive sampling works by controlling an underwater
vehicle by using measurements from sensors and states of the vehicle. A backseat driver system
was developed in this work and installedao8locum glider to equip it with an ability to perform
adaptive sampling tasks underwater. This backseat driver communicated with the main vehicle
control system of the glider through a robot operating system (ROS) interface. The external control
algoritms were implemented through ROS nodes, which subscribed simulated sensor
measurements and states of the glider and published desired states to the glider. The glider was set
up in simulation mode to test the performance of the backseat driver as int@gathd control
architecture of the glider. Results from the tests revealed that the backseat driver could effectively
instruct the depth, heading, and waypoints as well as activate or deactivate behaviors adaptively.
The developed backseat driver wid tested in future field experiments with sensors included and
safety rules implemented before being applied in adaptive sampling missions such as adaptive oll

spill sampling.

Keywords: Slocum gliderBackseat driverAdaptive behavior
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51 Introduction

Underwater gliders are characterized by long endurance, low energy consumption, and low noise
(Graver et al.,, 2003)The sawtoothike motion endows gliders with inherent advantages in
sampling data in the waterloonn. Sensors such as current profilers, fluorometers, and sonar have
been equipped on gliders for various missior@e t i ni | et al ., 2009; Todoc
2019) Underwater gliders dve been active components in underwater observation including
ecosystem monitoringMansour et al., 2014hurricane predictiofDomingues et al., 2019)
climate change investigatident,2014), hydrography and circuli@n measuremer{lvarez et

al., 2013) oil spill survey(Dhont et al., 2019)and gradient trackin@-iorelli et al., 2003)A fleet

of underwater gliders was proposed in the late 1980s to monitor the globa{®teamel, 1989)
Targetbased control is critical to getting the utmost of an underwater glider fleet. In addition,

the growing needs for more complex missions such as delineating underwater plumes call for
underwater gliders with the ability to respond in real time. Adaptive samipdisgmergd as a

possible solution.

Adaptive missions or adaptive sampling metnagthe vehicle changes its states such as heading
and depth based on sensor measurements obtained in real tifig(se&-1) (lvic etal., 2017;
Mavrommati et al., 2017)he adaptive strategy can help drive gliders to regions of higher interest
to, for example, increase the quantity of information acquired during a m{g&ionet al., 2016)
Theoretically, this intelligent work increases the real working time of gliders by spending more
time in information rich areas. In the work of Fiorelli et(@003) an adaptive sampling strategy
was proposed for the coordination of gliders. The glider fleet was controlled by a virtual body and

artificial potential multivehicle control mihod to maintain the group motion of gliders. The
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artificial potentials defined the interaction between vehicles and reference points on a virtual body.
The direction of the virtual body was adaptively controlled by a gradient estimated from the feature
measurement of gliders. This gradient information could drive gliders to the maximum or

minimum of a field, or to track the boundary of oceanic features.

Figure5-1 Structure of an adaptive sampling system.

Adaptive sampling can be realized in practice by adding a backseat driver to an underwater vehicle.
Backseat drivers have been successfully implemented on several vehicles. A backseat controller
developed by Naglak et §2018)was assembled in a General Dynamics Bluefin SandShark AUV.
This backseat controller was supported by a small Raspberry Pi single board computer, running
the Robot Operating System (ROS) and pérto provide control algorithms and computer
vision libraries. The backseat driver processed sensor data, ran control algorithms, and sent
commands to the frontseat driver of the vehicle. The frontseat driver was housed in the
commercialoff-the-shelf velicle. This frontseabackseat control architecture was tested in an
openwater environment and was planned to be applied to an-szpene vehicle named
ROUGHIE (Page et al., 2017A ROSbased system was also used on a Hydroid REMUS 100
AUV as a backseat drivéGallimore et al., 2018)In the control architecture, an applicatio
programming interface RECON on the REMUS vehicle computer provided an interface between
the vehicle computer and a sensor/autonomy computer. The RECON interface was handled by a

library pyREMUS on the sensor/autonomy computer. This pyREMUS library cmtldnly be
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used to build an interface with ROS packages, but also connect with the Mission Oriented

Operating Suite (MOOS) or sensors.

Eickstedt and Sideleg@2010)focused on the implementation of a basdriver architecture on

an Ilver2 AUV manufactured by Ocean Server Technology. This backseat driver architecture was
built based on the Mission Oriented Operating Shiterval Programming (MOO&/P), an
autonomy software for supporting the operatioaatbnomous marine vehicl@@enjamin et al.,

2012) In their mplementation, a MOOS module, iOceanServerCommns, created an interface
between a backseat controller and the main vehicle control system. An intelligent control
component in the backseat controller received data both through the interface and sensors
conneted directly to the backseat computer. This autonomy system provided decisions on states
of the vehicle such as speed, heagdamgl depth to the dynamic control of the main vehicle control
system. The dynamic control component in the main vehicle caystém was responsible for
executing the commands from the backseat controller and sending navigation information to the
backseat driver. In addition to the Iver2 AUV, there are some other underwater vehicles that have
implemented a backseat driver by ugsMOOSIVP such as the Bluefin 9 and Bluefin @luefin
Robotics, 2013)Teledyne Gavia AU(Keane et al., 2020and so or{Eickstedt and Sideleau,

2010) To facilitate AUVs with adaptive maneuvering capability for homing to a single beacon, a
homing application pHomeToBeacon based on the MO®Svas developed and demonstrated

on a Teledyne Gavia AU\Keane et al., 2020 he application pHomeToBeacon received range
reports and AUV positions from the frontseat driveotigh an interface called iGavia between

the frontseat driver and the backseat driver. The application then processed these inputs with a

localization algorithm to estimate the beacon position. The beacon position was used to obtain the
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dynamic homing wayoints that were sent back to the frontseat driver operating system to achieve

adaptive maneuvering ability.

The existing control system of Slocum gliders is not favorable for carrying out an adaptivemissio
such as delineating underwater oil plumesliigintly. A mission with existing gliders is defined

by simple methods such as waypoints before the gliders are deployed. Due to ocean dynamics or
patchy characteristics of oil plumes, gliders can miss some areas or spend a lot of time outside the
plume.An adaptive control system can solve this problem by enabling the glider to change its
states based on the sensor measurements. This will increase the quality of information acquired
during a mission, particularly in tirgensitive missions like an oil $piesponsgFiorelli et al.,

2003) To equip Slocum gliders with the ability to do an adaptive mission, a backsesatwidais
developed for Slocum gliders in thibapter This backseat driver enabled a glider to use the state
information from the main vehicle control system and-tisaé measurements from sensorseto
evaluateits mission when the glider was underwafEne main focus of thighapterwas to
interface external codes with a Slocum glider. Tdhapteralso investigated the ability of the
backseat control system to control the states such as depth, heading, and waypoints of the Slocum
glider. With the possility of controling the states of the glider through the backseat control
system, additional sensors can be included in the backseat driver to further control the motion of
the glider such as improving the path following performance considering watentsgr | vi | et
al., 2020; Kim et al.2021; Meurer et al., 2020} heglider used in thichapterand thedeveloped
backseat driver are introduced in the next sectio®ebtion5.3, the tests of the backseat driver
through simulations are presented, followed by a discussion. A concissimtudedin the final

section
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5.2  System Architecture

This section introduces the Slocum glider used for the developmdiihe developed backseat
driver. This chaptermainly focuses on the software part of the backseat dtihagrhas been

successfully tested in the Slocum glider.

5.2.1 The Slocum Glider

The glider used in thichapterwas a Slocum Generation 1 (Gdlider (seeFigure 5-2).
Specifications of this glider are shownTable5-2. This glider was equipped with 200meter

depth rated ballast pump and had a rated horizontal speed of 0.4 m/s. The glider changes its weight
by pumping water in and out of the glider and converts vertical motion into horizontal motion by
using body and wing lift. The 26@eter depthrated ballast pump assembly used can move 504

cm® of water into and out of the glidéFeledyne Webb Research, 201G)jven thathe buoyancy
changes from a density change between freshwater and seawater is in the order of 1.04 L to 1.05
L, the ballast pump cannot compensate for the force induced by such a large change in water
density. The structure of the glider system includhmg main part can be referredttee manual

of the glider(Teledyne Webb Research, 2010)

Figure5-2. Slocum G1 glider.
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Table5-2. Specifications of Slocum G1 glid€feledyne Webb Research, 2010)

Parameter Value
Weight in air ~52 Kg

0.213 m (Diameter)
Dimension 1.003 m (Width)

Operation Depth
Speed
Energy

Sensors

1.5 m (Length)

41200 m

0.4m/s horizontal

Alkaline batteries (primary)

GPS, altimeter, acoustic modem, conductivity, temperature, deptr

sensor

The Slocum glider can be commanded to conduct various behaviors by defining misstbatfiles

are sent to the glider before a mission. Behaviors that can be defined in a mission file include, but

are not limited to:

(1) Yo (a single up and down pattern thrbugater column) behavior: instruct the glider to dive

and climb by setting the depth, altitude, and the number of yos;

(2) Go to a waypoint or waypoint list: instruct the glider to go to a waypoint or waypoint list

defined in mission files;

(3) Set a heading: ingtct the glider to follow a predefined heading;

(4) Surface: instruct the glider to surface for communication or recovery;

(5) Abend: define conditions when a mission should be aborted.

85



5.2.2 Backseat Driver

A backseat driver system was developed for the Slocum G1 glider. This backseat driver had some
featuresthat enabled the glider to conduct adaptive missions and facilitated the application of
gliders in various missions:

(1) Onboard replanning. The backseatér system could receive state information from the main
vehicle control system and measurements from sensors connected with the backseat driver.
With this information, the backseat driver could replan the trajectory or mission target and
publish the newlan to the main vehicle controller in reaahe. Onboard replanning enables
the glider to deal with unexpected and unforeseen situations and improve the quality of
collected data.

(2) Modular design. The modular design in both software and hardware of tkeeadriver
system facilitated the reconfiguration of the sensors and control system. A new sensor could
be easily added to the backseat driver without changing other modules of the control system.
The structure of the backseat driver system is conciselaar.

(3) Energy efficient. The backseat driver computer and the sensors used for backseat control were
energy efficientwhich used minimum energy from the onboard battery. This feature ensured
that the Slocum glider would keep its favorable long endurantte low battery energy

consumption.

5.2.2.1Software for the Backseat Driver

The software for the backseat driver consisted of an interface and external controllers.

(1) Interface for the backseat driver
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The communication between the backseat driver and the wedtiicle computer was realized
through a ROS interface, provided by Teledyne Webb Research. ROS is a collection of libraries,
tools and conventions that simplify the development of robot applicdRms.org,2021). ROS
enables a transfer of codes developedtirelodomains such as aerial robotics to underwater
robotics(Naglak et al., 2018With the ROS interface, state parameters of the glider such as depth
(Myept), heading (Mheading, and location latitude and longitude measured from GPSps jat
andmgps_ion latitude and longitude measured dead reckonimg:andmon) can be sent from the

main vehicle control system to the backseat driver. Wwi&ke, commands such as activation or
deactivation of behaviorsigission_mods desired heading and depth can be sent from the backseat
driver to the main vehicle control systefxamples of the parameters that can be exchanged
between the main vehicle control system and the backseat driver areistegure5-3. Before

the introduction of the backseat driver, the condition for the activation and deactivation of
behaviors werelefined in mission files before deployment. This restrithedmplementation of
combinations of individual behaviors and generation of new behavibesbdckseat controllers
enabled the vehicle to activate or deactivate behaviors adaptively, for example, to activate a surface
behavior by publishing paramet&ission moddvhen the vehicle is in the water for a period of time

and needs to come to thefsiwe. Parameters Such@sssion_param_@&NdUmission_param_svere used to

represent mission parameters such as targeted diving depth and targeted heading.
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Main Vehicle Control System Backseat Driver

mdeprh Upnission _param_a
mkeading Upission _param_b
mpz’lch Upission _param_c
—_— —>

:gpsja! . [ ROS Interface ] < S -----

gps_lon ext_lat
Mgy Sex.fifcn
Mion umission_mode

Figure5-3. Data exchange between the meéicle control system and backseat driver.

(2) External controllers

The backseat driver adaptively replans a mission by subscribing the state parameters such as
location and heading of the vehicle from the main vehicle control system or measurements from
sensors. Then, the backseat driver processes the subscribed data and publishes desired state
parameter to the glider. This is realized through external controllers in the backseat driver
implemented as ROS nodes. These nodes can publish and subscribatiofoto any nodes in

the backseat driver and process the information with control algorithms. For example, a glider
might be deployed to adaptively change the target depth of its diving and climbing in the yo
behavior based on the fluorescence readimg fn onboard fluorometer. In this case, the external
controllers consist of two ROS nodese¢Figure 5-4). One is a node callethe fluorometer
controller, which collects the readings of fluorescence from the fluorometer and publishes the
fluorescence data to other nodes. Another is a depth controller node, whickhs¢arsget depth

to the science processor according to the sulestfinorescence data.

The introduction of individual, independent nodes in the external controllers is beneficial for
module reuse, which helps accelerate the development process of the controllers. Existing modules

can be combined or expandamtoviding the external controller with more powerful or new
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functions. For instance, a waypoint controller is added to a backseat driver consisting of a depth
controller and a fluorometer controller without changihg configurations of the existing
backseat drive(Figure 4). Data from the fluorometer controller can now be supplied to both the
depth controller and waypoint controller at the same time. This added waypoint controller
subscribes the data related to fluorescence from the fluorometer controller arsthqsulihe

processed data to the glider as part of a new adaptive waypoint behavior.

Main Vehicle Control System Backseat Driver

; Depth Fl £

- Science uorometer

AN T M| B -
Processor Waypoint 2 Controller

Controller

VG
SEOGUIVE

ELECTRIC

Figure5-4. Backseat control architecture of Slocum glider with a fluorometer supporting the

control of depth and waypoint.

5.2.2.2Hardware of the Backseat Driver

A Beaglebone Black was used as the platform to support the running of the ROS interface, the
backseat driverantrol algorithms, and the sensor controllers. The BeagleBone Black is a small,
low-cost, and communitgupported single board computéBeagleBoard.org, 2019)The
computer runs on a 1 GHz processor with a 512 MB RAM, which is sufficient fetimeadata
processing and backseat control. It requires a maximum of 500mA if the board is powered from

the USB port. This computer supports multiple operating sysseitis as Debian, Ubuntand
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Android for different users. A BeagleBone Black has two headers, each with 46 pins. These pins

provide various functions such ssvemanalog input pinthatcan be used for reading sensor data.

53 Simulation

A series of simulatios were conducted in a lab to test the performance of the backseat driver
before being tested in field experiments. The test was done by connecting the BeagleBone Black,

serving as the backseat driver computer to the Slocum glider set up in simulatiofsesbigure

5-5) . The gliderés electronics and v-ie-thelapp e c o nf

simulator to test our missions. The mathaoatmodel of the glider in the simulator control
software is proprietary to Teledyne Webb, the glider manufacturer. A similar empirical linear
model for glider velocity has been published in the work of zZ{#a12; 2017; 2011)The
conductedsimulationsin this chapteused the actual control loops of the glider instead of those
developed by the authors, which may introdsiceplification and inaagracy. The backseat driver

has the ability to change the depth, heading, waypoint of the glider, and activate or deactivate
behaviors during missions. Therefore, the performance of the glider in adaptive depth changing,
adaptive heading changing, adaptwaypoint changing, and adaptive activation/deactivation of

behaviors were tested through simulations.
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Figure5-5. ConnectingBeagleBone Black to the Slocum G1 glider to test the performance of the

backseat driver.

5.3.1 Adaptive Depth Changing

The maximum diving depth and the minimum climb depth of a glider are usually defined before a
mission. The ability to adaptively change thespths of a glider is beneficial and can reduce
mission time. For example, the glider can change its depth based on sensor readings to spend more
time in the depth layer where the target is found. In addition, the ability to change depth can help
increasesafety by reducing risks associated with the chamgm@ter density. By using the backseat

driver, the glider can analyze the réiahe water density collected by its conductivity, temperature

and depth sensor and respond to any risky water densityehaor example, the backseat driver

can command the glider to move to a depth where the water density change is within that for which

the glider can compensate.
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5.3.1.1Depth Changing When a Waypoint is Reached

In order to test whether the backseat driver cartrobthe glider to change its maximum depth

during amission, the glider was commanded to go to several predefined waypoints in sequence,

as shown ifFigure5-6 andTable5-3. Pri or t o the mission, the gli
20 m. The backseat driver was programmed to increase the maximimg depth of the glider

by 10 m each time it reached a waypoint (defined as when the glider was within 10 m from the
target waypoint). When the first waypoint (Wpt 1) was reached, the glider would change its
maximum diving depth from 20 m to 30 m. Whee thst waypoint (end point) was reached, the

glider surfaced and finished its mission.

26.00"

| =50 m
25.50'

25.00'|

StartPoint
47°N
24.50'

24.00' |

23 50’|

50" 9.00°  §3°W  8.00' 750" 7.00'
8.50'

Figure5-6. Trajectory of the Slocum glider in the mission of changing the maximum diving

depth when a waypoint wasached.
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Table5-3. Waypoint list for a mission of the Slocum glider with corresponding maximum diving

depth after a waypoint was reached.

Waypoints Coordinate Depth
Start Point 47°24.6763'N53°07.9585'W 20m
Wpt 1 47°24.9426'N, 53°07.7769'W 30m
Wpt 2 47°25.2362'N, 53°07.5591'W 40 m
Wpt 3 47°25.5328'N, 53°07.3706'W 50 m
End Point 47°25.7897'N, 53°07.1758'W 50m

In this simulationwe used a depth controller in the backseat drseeRigure5-7) to control the
maximum diving depth of a yo behavior. This depth controller subscribed latiugde and
longitude (mon) information from the main vehicle control system in real time. Ttienposition
information was processed by the depth controller to calculate the distance from the predefined
waypoints. When a waypoint was reached, the depth controller published a new maximum dive
depth (mission_param_h t0 the main vehicle controllao change the diving depth of the glider.
Otherwise, the glider would keep the maximum diving depth of the yo behavior unchanged. The

initial value ofumission_param_avas set to be 5 m.

Umission param a

Main Vehicle
Control System |«

Figure5-7. Exchange of data between the main vehicle control system and a depth controller

when the glider changed its depth when a waypoint was reached.
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Results from this simulatioare presented iRigure5-8. Theglider went to a depth of around 20

m on its first dive, showing that theission_param_avas successfully published to the glider main
controller as the glider changéd maximum diving depth to the newly received one. When the
first waypoint (Wpt 1) was reached, the glider had already finished its diving behavior and had
started to climb. In this case, the backseat driver would command the glider to a new maximum
deph of 30 m once it started the next diving behavior. Except for the last diving behavior when
the glider finished its mission before reaching the target depth, the glider overshot the target depth

in all its dives, as it took some finite time for the gliterslow down its dive and start climbing

= AR A AN AN
=00 AR AVAVRVA/AWANA
oo V VY \l/ \Vl

again.

v | | v \
300 Wpt 1 Wpt 2 Wpt 3 b End Point
60.0— 1000 2000 3000 2000 3000 6000 7000
Time (s)

Figure5-8. The depth of the glider under the control of a depth controller, which changed the

maximum dive depth when a waypoint was reached.

5.3.1.2Depth Changing Based on a Simplified Fluorescence Field
The objective of this simulation was to test the ability to command the glider to change its target
depth of diving behavior based on fluorescence readings. A simplified artificial fluorescence field

in thevertical plane of the water column was defined by a sinusoid:

® UOEic—(b o (5-1)
DU T
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wherex is the distance that the glider has moved in the horizontal direction. It was assumed that
fluorescence was present in all of the region abovesitiee curve in the vertical plane atitht

there was no fluorescenbelow the sinusoid. In order to get information of the fluorescence field,

it is best for the glider to stay in the informatiooh area. Therefore, the glider was commanded

to change thenaximum dive depth of the yo behavior when there was no fluorescence detected.
In the simulation, the glider moved from start point [47°24.6763'N, 53°07.9585'W] to the end point

[47°25.7897'N, 53°07.1758'W] as showrHigure5-9. The mission was ended when the distance

to the end point was within 10 m.

26.00 I

End Point

25.50'|

25.00‘|

Start/Point
47°N
24.50

24.00' |
23.50' |

500 9.000  53°W  8.00° 7500 7.00'
8.50'

Figure5-9. Trajectory of the glider in the mission of changingxmaum dive depth based on a

simplified fluorescence field.

In the control architecture, the main vehicle control system sent current latitddleléngitude
(mon) and depthrtuept) of the glider to a depth controller in the backseat d(seeFigure5-10).

In the depth controller, the backseat control algorithm {sdxée 5-4) compared the depth of the
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glider to the vertical distribution of the fluorescence field. If the glider was within the fluorescence
field, a larger maximum diving depth was B&tpth+ ] depth Wheremyeptnis the meased depth of

the glider andyqepthis a parameter with a value larger than 0 m, in order for the glider to dive
deeper toward the boundary of the fluorescence field. Otherwise, the desired maximum diving
depth was set towept, Which is the current depth the glider. The depth controller then sent the
desired maximum diving deptlin{ission_param_dN Figure5-10) to the main vehicle control system

to replan the diving behavior.

Control System |« ——

Umission param a

Figure5-10. Exchange of data between the main vehicle control system and a depth controller

when the glider changed its depth based simplified fluorescence field.

Table5-4. Control algorithm of a depth controller for backseat control when the glider changes

its depth based on a simplified fluorescence field.

Pseudo code for thBepth Controller

# The location of the glider at the start point iSafar, Mon_star]

Node Depth Controller subscribes latitudeasmlongitude (mn), and depth (@ept) of the
glider from the main vehicle control system

# dis is the distance #h the glider has moved from the start point

dis = the distance between mmon] and [Mat_star, Mon_star]

#y is the lower boundary of the simulated plume in the water column

y = 5*sin(2*pi/150*dis) + 30

# u_mission_param_a is the desired maxinaiving depth

if Maepth<'y
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Umission_param_a Mdeptht ) depth

else

Umission_param_a- Mdepth

end if

publish uhission_param_40 the Node Main Vehicle Control System

Depths of the glider in the simulation whegptnwas set to be 5 m is presentedrigure5-11
The glider reacted to the distribution of the fluorescence field on each dive and changed its
maximum dive depth according to the boundary of the fluorescence field. The glider did not reach

the boundary of the simplified fluorescence field in the last dive behavior as the end point of the
mission was reached.

0.0

Depth (m)

50.0 sees Bampn=5m

BE Area with fluorescence

0.0 500.0 1000.0 1500.0 2000.0
Distance (m)

Figure5-11. The depth of the glider under the control of a depth controller, wheshged the

maximum dive depth according to a simplified fluorescence figh= 5 m).

The performance of the depth controller wheswnwas set to be 1 m, 3,@mnd 5 m was compared.
Figure5-12 showsthe depths of the glider when its distance travelled was between 800 m and
1300 m for better resolution. While the valueg @bwwere different, the response of the glider to

the boundary of the fluorescence field were similar. For example, at lab&lidguime5-12, when
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the distance travelled of the glider was nearly 900 m, the fluorescence distributed to a deeper depth
with the increasén the distance travelled. The overshoot value of the depth of the glider in the
diving behavior relative to the boundary of the flucssece field was almost the same for the three
Jdepthvalues at label 1. This also happened at 1000 m (lab&ligune5-12). The similar overshoot
values showed that these differgatpsvalues had little influence on the performance of the glider

in reacting to the boundary of the fluorescence field. Even so, the trajectories of the glider in the
three simulations were slightly differeas shown irFigure5-12. This was caused by the iteration
error in the main vehicle control system when it calculated the position and heading of the glider
underwaer. When the value gfsepthwas smallwhich meant the next target depth was close such

as 1 m, it would not take a long time before reaching the target depth. As there was little difference
in the diving of gliders at different values pfepth, the degh controller was not sensitive to the
value of yqepth The backseat driver could control well at a depth accuracy of 1 m. This also
reviewed that the backseat driver could receive states of the glider from the main vehicle control
system and control theedth of the glider in a timely manner.

0.0
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Figure5-12. The depth of the glider under the control of a depth controller, which changed the
maximum dive depth according to a simplified fluorescencefigdide n Udept h was set

m, and 5 m, respectively.
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5.3.2 Adaptive Heading Changing

Adaptive depth changing enables the glider to change its depth adaptively in the water column,
similarly, an adaptive heading change equips the glider with the autonomous capability to change
its heading in the horizontal plane. With the ability to change heading adaptively, the glider can
be set on a mission to delineate the boundary of ocean featur&sg{se®-13), track the source

of plumes, and so on.

Figure5-13. Adaptive changing of thieeading of a glider to delineate the boundary of a plume

based on the detection from sensors.

5.3.2.1Following a Heading

In this simulation, the glider moved from point [47°24.2509'N, 53°08.1370'W] with an initial
heading set to (f.e., heading to the norjhA command @mission_param_pWas sent from the heading
controller in the backseat drivéfigure5-14) after initiation to the main vehicle controllersteer

the glider to a 30° heading, as showrrigure5-15.
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Main Vehicle Heading
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Figure5-14. Exchange of datbetween the main vehicle control system and a heading controller

when the glider followed a heading commanded by the backseat driver.
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Figure5-15. Trajectory of the glider during a mission when followingpastant heading of 30°.

Results from the simulatioras shown inFigure 5-16, showed that the glider could change its
heading from 0° to 30° after receiving the command from the heading controller. There was a
discrepancy ranging from6° to 6° between the commandeatiglg €neading from the backseat

driver and the measured headimgédading Of the glider. However, the glider kept a constant
heading in general. This error could be minimized by changing the deadband for heading error in
the mission filesFigure5-17 shows another simulation when the deadband for heading error was
set to 0°. The measured heading coincided with the commanded heading after 200 lsewhen t

heading of the glider became stable.

100



0.0
10.0
o bl L
o0 20.0 Mheading
B 300l \ Cheading. NN N S
]
- A
40.0
50.0, 200 400 600 800

Time (s)

Figure5-16. The heading of the glider under the control of a heading controller, which

maintained the glider to a desired heading with a deadband setting of 5°.
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Figure5-17. The heading of the glider under the control of a heading controller, which

maintained the glider to a desired heading with a deadband setting of 0°.

5.3.2.2Changing Heading Along the Boundary of a Simlated Plume

The glider was operated to follow the boundary of a simulated plume. The heading of the glider
was changed from that specified at the start point at [47°23.9304'N, 53°07.8320'W] in this
simulationto test the adaptive heading behavior of thdeglin boundary tracking. A simulated
plume was created to have a circular boundary, with a center at [47°24.0517'N, 53°07.8320'W]

and a radius of 100 m. The frontseat driver sent latitoalg),(longitude fnon), and heading
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(mMheading information of tke glider to a heading controller (s€&&gure 5-18). This heading
controller adopted the location information of the glider and determined whether the glider was
within the simulated plume or not. When the glider was inside the plume, tbewhd requested
to turn to starboard by increasing its heading to go toward the boundary of the plume. Otherwise,
the glider turned to port to go into the plume. The pseudo code for control of the heading of the

glider in this simulation is presentedTiable5-5.

. Heading
Controller

Figure5-18. Exchange of data between the main vehicle control system and the heading
controler when the glider changed its heading based on detection of a plume from a fluorometer

measurement.

The trajectory of the glider in the horizontal plane under the control of the backseat driver for
tracking the boundary of a simulated plume is showrigure5-19. The glider could follow the

plume boundary, but not precisely. For example, the boundary of the plume within the region
labelled by 1 inFigure5-19 was not tracked. This was caused by the tracking algorithm in the
backseat driver. On the other hand, the performance of the glider in an adaptive heading behavior
such as the response time and the ability to change heading according to threnmesasiiom
sensors was limited by the turning radius of the glider. When the turning radius is larger than the
characteristics of an ocean feature such as the size of the plume, the glider will not be able to follow
the boundary precisely. The minimumrung radius of this Slocum G1 glider was measured from

simulation by publishing desired headings fr
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continuously. These values of desired heading would drive the glider to turn to starboard. The
trajecory of the glider in this simulation is shownkigure5-20, with a minimum turning radius

measuregdwhich was approximately 17 m.

Table5-5. Control algorithm of the heading controller for backseat control when the glider

changed its heading along the boundary of a simulated plume.

Pseudo code for the Heading Controller

# The location of the center thfe simulated plume is [mlat_center, mlon_center]
#eheading is a desired change of headin
Node Heading Controller subscribes latitude (mlat), longitude (mlon), and heading
(mheading) of the glider from the main vehicle control system
# ds is the distance that between the location of the glider to the center of the simulatec
dis = the distance between [mlat, mlon] and [mlat_center, mlon_center]
# umission_param_b is the desired heading
if dis < radius

umi ssi on_par amhdadingpmheadi ng + &
else

umission_param_b=mheadingeh e adi n g
end if

publish umission_param_b to the Node Main Vehicle Control System
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Figure5-19. Trajectory of the glider in the horizontal plane underthekseat control of a

heading controller, which changed the heading along the boundary of a simulatedTjppleme.

boundary of the plume within the region labelled hyels not tracked by the glider.
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estimating the turning radius of the Slocum G1 glider.
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5.3.3 Adaptively Going to Waypoints

The glider can go to a waypoint or a list of waypoints by providindategion of the waypoints

in the mission files in advance. This limits the trajectory of the glider. With the backseat driver, a
new target point can be replanned for the glider when it is conducting a mission. The adaptive
behavior to move the glider toreew waypoint is to set a heading for the glider toward the new
waypoint and stop the waypoint behavior when the glider is within a specified distance from the
target point. This adaptive waypoint behavior is not explicitly defined through the backseat dri

and is realized by the behavior of the adaptive heading chasmgeentioned iection4.3.2.

In the simulation, the glider was commanded to go from the start point to a series of waypoints
(Table5-6) with a maximum diving depth of 30 m. The locations of these target waypoints were
not defined in the mission files, but by the backseat driver. The backseat driver translated the
locations ofthe waypoints into the different headings needed to be followed by the glider and
instructed the glider to follow the appropriate trajectory. The first heading was sent to the main
vehicle controller to drive the glider in the direction of the first wayp@NVpt 1 in Table 5-6).

The backseat driver then kept calculating the distance of the glider from the first waypoint. When
the distance was less thBbm, the glider was instructed to go to the second waypoint by providing

it with another desired heading. In addition, when the end point was reached, the glider was
commanded to activate the surface behavior to terminate its mission by publiskiggmodeto

the main vehicle control systeraigure5-21).

The simulation result of this adaptive waypoint behavior is shovagure5-22, which presents

the trajectory of the glider when it was under the mwitiypoint mission control. The deadband
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for heading error in this simulation was 5°, and theeg could keep a constant heading in general
which instructed the glider to go to the targeted waypokfitgire5-23 presents the depth of the

glider in this missionwhich indicates that the glider surfaced after the end point was reached.

Publish -

UWnission param c Umission mode

Main Vehicle
Control System |

Figure5-21. Exchange of data between the main vehicle control system and the waypoint

controller when the glider changed its target points adaptively.

Table5-6. Waypoint list for the adaptive waypoint behavior of gtieler.

Mission Points Coordinate
Start Point [47°24.3704'N, 53°07.9213'W]
Whpt 1 [47°24.4511'N, 53°07.7041'W]
Wpt 2 [47°24.5153'N, 53°07.9173'W]
End Point [47°24.5844'N, 53°07.7081'W]
24.70'7 _, B TR — —i
0 75 150 225 300
24.60' End Point
47°N Wpt 2
24.50'
Wpt 1
24.40'
Start Point
2430 8.00' 7.90' 53°W 770 7.60'
7.80'

Figure5-22. Trajectory of the glider in the mission testing the adaptive waypoint behavior.
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Figure5-23. The depth of the glider under the control of the waypmntroller, which changed

the target point adaptively and activated the surface behavior when the end point was reached.

5.4 Discussion

The existing backseat driver for this Slocum G1 glider was running on ROS, with a ROS node as
an interface between the maiehicle control system and the backseat driver and other ROS nodes
as parts of the backseat driver for controlling sensors and implementing adaptive control
algorithms. However, the glider is not limitedusng ROS as the platform for the backseat drive

for the adaptive control algorithms and sensor controllers. With the ROS interface, there are
various software packages that can be incorporated with our existing system for future
development such as MO@@& and LCM, or even ROS that was developedifarin other fields.

This chaptemwas mainly to present the control structure of the backseat driver for the Slocum G1
glider, with some examples showing adaptive behaviors with the backseat controllers. Simulations
in this chapterwere limited to one RO®%ode in the backseat drivawhich subscribed state
information of the glider from the main vehicle control system and published desired states to the
glider. Measurements from sensors were simplified and simulated within the ROS node. For field

experimeng with the backseat driver, the backseat driver can be provided with measurements from
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real sensors. For instance, for a glider with a fluorometer in field missions, a fluorometer controller
can be used by the backseat driver to process measurementfdrélootometer, as shown in
Figure5-24. The processed fluorescence data will be sent to the depth controller to decide the
desired depth of a yo behavior, with the desired depth published to the main vehicle control system
to realize adaptive depth control. This control structure can algaptiedto the adaptive heading
control of the glider in field missions, for example, including-teak measurements from an-on

board fluorometer (se€igure5-25).

oty - P e
b p—— i
um

mﬂlm

ission param a

Figure5-24. The control structure of the glider with a backseat driver, which takes the

measurements from a fluorometer for adaptive depth control.

Main Vehicle Heading
Control System Controller | rublish

mj!uo

Figure5-25. The control structure of the glider with a backseat driver, which takes the

measurements from a fluorometer for adaptive heading control.

With the incorporation of measurements from sensors in field work, the glideroendasly
responds to the environment and the path of the glider is unspecified. Besides, as the operating
speed of the Slocum glides 0.4 m/s, the motion of the glider is subject to environmental
disturbances such as currents. If the current speed isth@hlider may drift from its designed

path and fail to complete its mission. The safety of the glider is guaranteed by safety rules in the
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dynamic environment. Safety rules can be implemented through both the mission file and the

backseat driver contralgorithm.

(1) Implementation through the mission file. For example, a maximum mission time can be
defined in the mission file to restrict the duration of a mission. The glider will abort its mission
and climb to the surface if it has worked in excess ofrtagimum mission time. For a yo
behavior, a target altitude (from the seabed) can be defined in the mission file. The target
altitude will command the glider to abort the diving behavior and climb if the altitude of the
glider is smaller than the targetifltle, even if the glider has not reached the target diving
depth.

(2) Implementation through the backseat driver. A safety zone can be defined in the backseat
driver to specify the region of operation for the glider. The backseat driver subscribes the
location and depth information of the glider from the main vehicle controller and determines
whether the glider is within the safety zone or not. If the glider is outside of this zone, the

backseat driver will instruct the glider to either go back to this satetg or abort its mission.

The developed backseat driver will be tested in field experiments with measurements from sensors

included in the control structure of the backseat driver.

55 Conclusions

The main focus of thishaptemwasto interface external ced with a Slocum glider. This backseat
driver communicates with the main vehicle control system through an interface developed by using
the Robot Operating System. With this backseat driver, state information of the glider and

measurements from sensors tensubscribed by backseat control algorithms, with desired state
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parameters being sent to the main vehicle control system for adaptive control. A series of
simulations were conducted with this Slocum G1 glider to test the performance of this backseat
driver in adaptively controlling the depth, heading, waymianhd behavior state of the glider.

Performance of the backseat control from these simulations reveals its ability to control the glider

adaptively and in real time.

In the adaptive depth changimgssion, the depth controller in the backseat driver was insensitive
to the value of 4epth, Which define distance from the next target depth, even at a small value of 1
m. This reviewed that the backseat driver could receive states of the glider froraitheehicle

control system and control the depth of the glider in a timely manner. In the mission of changing
the heading of the glider to track the boundary of a simulated plume in the horizontal plane, the
performance of boundary following of the glideas affected by its turning radius. The minimum
turning radius of this Slocum G1 glider was approximately 1veasured from a simulation in

this chapter When precisely tracking an ocean feature with this glider, the relative size between
the ocean fdare and the minimum turning radius of the glider should be taken into consideration

to plan the path of the glider.

This developed backseat driver will be tested in field experiments in the near future, with sensors
and safety rules included in thassion files and control algorithms. The sensors will be used to
provide realtime measuremesto the backseat driver. With the ability of successful adaptive
control, the glider will be able to do intelligent missions and improve its efficiency in sgmpl

interesting targets.
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The chapteansweedthe second research question in section 1.2. (Q2: Is it possible to equip a
Slocum glider with the ability of adaptive control@)d reachd the second subbjective in
Section 1.3 (0270 develop a Slocum gler with adaptive control to investigate sfills in the
ocean intelligently)However, he adaptive control watkevelopedy having a backseat driven
the glider and this development was only proved through lab experiments in this chapter. The field

test of the development is present in Chapter 8.
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Abstract

This chapterdescribes a cooperation strategy and method to compress data to be transmitted
between multiple underwater gliders used to delineate oil spills in the ocean. In the cooperation
strategy, the survey area is discretized into a series of blocks. One glidedias a scout to map

the oil in each block. The scout glider then sends the locations of potential informettianl

patches to follower gliders to conduct detailed surveys of the oil patch areas. To compress the data
to be transmitted between glidethe Support Vector Machine (SVM) method was used to classify

the boundaries of the oil patches. Measurements from the scout glider were mapped onto a grid
map to decrease the quantity of data being processed and a clustering method was proposed to be
applied prior to the SVM to simplify the characteristics of the data sets. Two clustering methods
were compared through simulations, of which a DerBaged Spatial Clustering of Applications

with Noise method was found to be more accurate and reliabteatraearshift method in
classifying the correct number of clusters. Based on the classified boundaries of the oil patches,
the scout glider could then send compressed data to its followers so that they could further
investigate the patches. The proposeathnod compresses the information communicated between
gliders which in turn was found in simulations to improve the efficiency oftiraal underwater

communication and cooperation between networked gliders.

Keywords: Multiple underwater glider$il patches Boundary classificatiorData compression;

Support vector machiné&lustering method
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6.1 Introduction

For detecting oil plumes, multiple underwater vehicles can be used as a response tool to perform
plume tracking(Melo and Matos, 2019; Schulz et al., 20@jough communication between
vehicles. One vehicle can help identify a potential region of interest before calling onahictes

for a detailed investigation. Multiple cooperative underwater vehicles have adaptability in
conducting complex tasks ase#e taskcan be decomposed into a set of tractable subtasks for
each vehicléDeng et al., 2013Each vehicle can be fitted with specific sensors and thus the multi
vehicle system can have a wider range of secepdility than a single vehicle. With the use of
more than onevehicle, the performance in terms of fault tolerance can be improved as the
malfunction of a single vehicle can be dete@adthisvehicle can be excluded from the mission
work without affecting the work of rest vehicl@echlioulis et al., 20194 variety ofapplications
canbenefit from the use of multiple cooperativederwater vehicled-or example, the accuracy

in a simultaneous localization and mapping miss®rimproved when multiple underwater
vehicles share information between vehicles, as additional conssastisas observed features

from other vehiclesan ke usedto minimizetheaccumulation of erroréaull et al., 2015)

In a project involving autonomous underwater vehicles (AUVSs) to characterize oil seeps off the
coast of Santa Barbara, Californiaultiple underwater vehicles were used for a misdion
investigateunderwater oilfrom the seepgAbt Associates et al., 20207 long range AUV
equipped with a SeaOWL UX fluorometer was used to determine the potentialsasmdgre oil

was present before missions were plannedotber REMUS AUVs to sample the area. This
process saved tmission time of the REMUS AUVs in identifying the areas with rich information.

Two data collection strategies were applied with the aim to improve the sensitivity and reliability
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of detecting oilwith the REMUS AUVSs. The first strategy involved a REM&0 with EK80

sonar to survey the ocean first and then the measurements were used to instruct a@®BMUS
AUV to further assess a specific area of interest. This strategy was not fully autonomous as
operators were involved in identifying the potential hot spots of oil based on the missions of the
REMUS-100 and then instructions were sent to the REMBO8 vehicle. In the second strategy,

a REMUS600 AUV conducted a prdefined search pattern first améas triggered to have a
detailed search when an anomaly was detected. The detailed survey in the second strategy led to a
much longer mission duration when only a single vehicle was used. The duration of the mission
could be reduced by using multiple vdbg Fiorelli et al(2006)proposed a cooperative control
strategy which allowed a fleet of underwater gliders to track features such as plumes. In this
strategy, the control of a glider fleet wasilized with a virtual body and artificial potential multi
vehicle control method. A set of moving reference points called virtual leaders were introduced to
form a virtual body. The virtual leaders controlled the motion of the gliders including the speed
and orientation of the group. The fleet of gliders moved with the virtual body by the force derived
from artificial potential while maintaining their formation in a desired geoméhgnget al. (2007)

put forward an approach to control gliders on closed curves for ocean sampling. Each glider was
modelled as a Newtonian particle. The velocity of each particle, phase differencelaive r
velocities between patrticles, and thedanceof each patrticle to the desired curve were controlled

to achieve an invariant pattern on the closed curves. As the fleet of gliders moved as a group, the
flexibility in conducting multiple missions siattaneously, such as exploring and exploiting
underwater oil spill, was decreased. Zhang €28R0)used measurements from a fleet of gliders

to construct a thredimensional ocean field based on a sptiaporal Kriging interpolatin.

However, as the constructed fields were temperature and salinity fields, the location of the fields
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were known, as opposed to oil plumes which are driven more dynamically by the changing
environment. The gliders were therefore not required to exgiertotations of temperature and
salinity fields before starting the measurements. In the work of Berge{22H) an ocean model
SINMOD (Wang et al., 2013and a Lagrangian particle transport model DREMR§e et al.,

2014) were used onboard an AUV to create a prior model of the ocean to assist in path planning
of the AUV to track dispersed particles. The prior model was updated during missions with
measurerants from sensors in real time when the vehicle was deployed. Inputs for the model
DREAM included hydrodynamic information from the ocean model SINMOD and data of the
discharged particles such aischarge amounts. Planning a mission based on simulated
environmental models or historical data is challenging as the ocean is dynamic. Applications of
environmental moddbased methods can be limited when the data of the discharged particles is

unavailable.

In our study, we were interested in using an adaptiappimg strategy to sample oil plumes with

a cooperative network of gliders. An adaptive mission means that the vehicle can change its states
such as heading and depth adaptively in-tiea based on measurements from sensors onboard

of the vehicles in rdaime. This strategy is suitable for oil plumes which are typically not
continuous but can be patchy in nature, and can disperse quickly in ocean waves and currents.
Using a single glider and a pdefined trajectory can lead to the glider spending afldime
searching for and hence outside of the plumes. Effective cooperation and communication among
gliders are key to successful adaptive missions with multiple gliders. In the adaptive mapping
strategy with multiple gliders that we used in our studyii@r survey with the use of one glider,

a scout glider, was conducted first to jefine or explore a portion of the search area for the
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followers. The scout glider followed a specific path such as a-tawaaver path to do a coarse
mapping of the area. E€hprior survey aimed to overcome the drawback in AUV surveys where a
planned path may not cover any interesting oil plume pat@hesig et al., 2021b)rhe scout
glider then sent locations of potential informatiach patches to the followers to conduct detailed

surveysof the oilspill patch areas

The benefits of using multiple cooperggiunderwater velsles cannot be separated frigsaues
concerninggommunication betwedhevehicles. Underwater vehicles can communicate with each
other both on the surface and underwdterderwater communication igreferred as the vehicles

can share information in reime and update their missi®with information in a timely manner.

As radio frequency waves and optical waves haeey limited range in wateracoustic
communication is used more commowly underwater vehicle€Sahoo et al., 2019However,
acoustic underwater communication is characterized by limited band{@t#gn and Pompili,
2014) Due tothe limited bandwidth, data exchange between underwater vehicles is challenging
asthe data transmission raie limited, leading to a significant time delay proportional to the

amount of data being transmittéthang and Ding, 2007)

Data compression is one way reduce the limitations in communication. An example of this in
action is in cooperate path planning with a fleet of gliders where regions with strong currents
should be avoided by the gliders. Liu et(8D014)proposed an approach to compress water current
information collected in the wginity of each glider that could be shared between gliders. The flow
information gathered by each vehicle was compressed by a method called Support Vector Data

Description(Tax and Duin, 2004)This method found the boundaries of areas with strong currents
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and simplified the information by using a limited number of points. As only a small number of
points were shrad between the gliders, the influence from limited communication bandwidth were
mitigated even though the exchange of the current information happened frequently. In a second
example in mineeountermeasusanissions involing the use ofmultiple AUVsto collaboratively

detect underwater mirléke objects Johnsoretal. (2009)proposed to create a mdléiyered map

with a lowbandwidth acoustic commugation to improve the reliability of a mission without
losing information if AUVs were lost. This multhyer map maintained data redundancy with a
low-resolution map created using relatively low information and frequent communications and a
high-resolution map created using high information, less frequent communications. In creation of
the highresolution map, the locations of mitike objects were represented in cell coordinates
with a cell size of 5 m. This process decreased the amount of data beisgitied. Data

compression has also been used in environmental monitoring nsi§Redmmati et al., 2019)

In this chapterwe propose a cooperation strategy and method to compress data to be transmitted
among gliders in delineating oil patches underwaterfi¥eintroduce the proposed cooperation
strategy for multiple gliders in Sectigh2.1. The information sent by theauit glider to its
followers was compressdyy using a boundary classification method which classified boundaries
for the informatiorrich regionsresulting inless information needing to be transmitted. For
classifying the boundaries between the areab witd without rich information, anachine
learning method, the Support Vector Machine (SVM), is considered and presented inG2&ion

The SVM method is a supervised learning algorithm which can be used for classification and
regression problem&hmilovici, 2005) The limitation of SVM in defining the boundaries of

patches is also described, leading to the introduction of clustering methods in $&c8oithe
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boundary identification strategy used to compress data is proposed in SE8tignand the
compressed mission data are then presented in S6&i@nWe assess the boundary classification
strategy through simulations in Sectiét. The perfomance and future application of the
cooperation strategy and the boundary classification method to compress data are discussed in

Section6.5. A conclusion is presented in Sectie®.

6.2 Research problem statement

In this section, we introduce the coopearatof multiple underwater gliders that our proposed
boundary classification strategy is based on and state the limitations of SVM in boundary

classification. Clustering methods for remedying the limitations of SVM are also introduced.

6.2.1 Proposed cooperatiorstrategy of multiple underwater gliders

In our simulation, we assumed a team of gliders with sensors were deployed into the ocean for
mapping an area with potential oil patches. Each glider was equipped with a backseat driver for
adaptive control and thfanctionality has been realized previously in glidg@¥ang et al., 2021a)
Themission area was split up into blocks with dimensions spedifiséd on the working range

of the acoustic modems installed on the gliders in order to ensure that the gliders can communicate
with one another. In the path planning of each glider in thikwanly the path in the horizontal

plane was planned adaptively and the diving depth was defined beforehand. One glider was
assigned as a scout glider and the rest were assigned as followers. The cooperation of the gliders
consisted of two stages: oversilirvey by the scout glider and detailed surveys by follower gliders.

Both the scout glider and the followers communicated through acoustic mddsrakzation of
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the gliders was improved through a system mounted under the surface vessel consisting of an
Ultra-Short Baseling(USBL) for localization and an acoustic modem for sending location
information back to the glidef€ostanzi et al., 2017Yhis has been found to be practical for an
underwater glider in tests by Zhou et(@017)on a Slocum glider. In their work, the position of

an underwater glider from a surface vehicle SeaDragon was determined by using a USBL/acoustic
modem. The position error of the underwater glider was within 15 m when cefermurface

buoys attached to the glider, which is considered quite accurate given that the survey area can be

of many kilometers.

(1) Overall survey by the scout glider

Within each block, the scout glider was first commanded to follow a search path, sulctwas

mower path with a starting point at A and an end point at B as shokigure6-1, to cover the

area within the block in order to find potentaakas with rich information. The path of the scout
glider was defined by setting a series of waypoints based on the boundary of the block and the
width of the mowed path known prior to the mission. After thmusglider finisheddelineating

the block, itprocessed its measurements to identify the boundaries of the informaligratches

before sending compressed mission commands to its followers to perform detailed surveys of the
identified patches. The method to classify the patch boundaries to centpratatas described

in detail in Sectior6.3. The size of the data transmitted to the followers depends on the number of

patches identified by the scout glider.

The scout glider ended its delineation mission in the first block after secdimgands to the

followers. Then it crossed over the block boundaryt@Ps in Figure 6-1 (b)) to start a new
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mission by conducting another lawmower path in a new bbé (block 2 inFigure6-1 (b)). The

scout glider also had the ability to adaptively reassign its own path to avoid collisions. For example,
the scout glider would commicate with followers on thesRo Py boundary to avoid collisions
when crossing the boundary from block 1 to block 2, and it would make sure that all the followers
were on the boundaries of block 2 before ending its mission within block 2 and movinthen to

next block. This process repeated until all of the blocks in the survey area were mapped, or the

maximum mission time was reached.

Block boundary Py .u * Py
P L Follower 1 P !
4 P 5 3
* S & T Follower 1 < Boundary of
block 2
Scoutglider!
Follower 3 [ 4 <. ~. L4 Py
§§ Scout gl|der A | Follower 2;"’
’,
Y : ;
Follower |3
@ -« Boundary of
v block 1

Y
P
p® = ®),
Follower 2 P, oP,
X X

(a) (b)
Figure6-1 Cooperation of gliders: (a) a scout glider delineating the area within a block and
followers waiting for commands from the scout glider; (b) a scout glider delineating the area
inside a second block and followers mapping the patches with rich infornoatieaiting for

commands from the scout glider.

(2) Detailed surveys by the follower gliders

While the scout glider was mapping a block, the other follower gliders waited for the commands
from the scout glider by following the path along the boundary efltlock using waypoint

behaviors with four target waypointsi(F%, Ps and R in Figure6-1 (a)). This was to avoid
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collisions between the scout glider and the followers as the scout glider only moved inside while
the followers moved along the boundary of the block. Each follower communicated with the glider
in front of it through acoustic modems to maintain a minimustadce between them. If the
distance between the gliders, e.g., Follower 2 and FolloweFigure6-1 (a), was shorter than a
required distance, Follower 2 would aallate the time needed to increase the distance and surfaced

for that period of time.

Once the followers received the mission information from the scout glider, they moved inside the
block to start their detailed survey missions to searclpahential patches by using spiral paths.

If the number of missions (equal to the number of patches with rich information) was larger than
the number of followers, all of the followers were commanded to delineate the areas within the
current block. If the amber of missions was less than the number of followers, the followers with
no assigned missions would move over to the next block and continued their waypoint behavior
along the boundary of a new block (e.g,,M®, Psand R in Figure6-1 (b)). As usual, the followers
communicated with other followers as they moved from block 1 to block 2 to avoid collision. For
example, when Follower 2 and Follower 3 finished thassmons in block 1 and were trying to
enter block 2 through thes#?;boundary, these two followers would communicate with each other
as well as with other followers heading to the waypoinfHollower that was closer to the vertex

P, was defined as aripr glider to another glider and the minimum distance requirement was

applied to all the followers.

6.2.2 Support vector machine (SVM)
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6.2.2.1Principle of SVM

For identifying the boundariex patches with rich information, the scout glider classifies the data
sets with the use of SVM. SVM is a popular classification me{Bathpathy et al., 2018)at has
been used in i¢evater discrimination(Leigh et al., 2014)forest fire detection and urban area
extraction from satellite imagdtafarge et al., 2005area determination of diabetic foot ulcer
images(Wang et al., 2017)and face recognitiof@in and He, 2005)For linearly separable data
(seeFigure6-2 (a)) with a set of training data "Q phchofB FE |, data of each class is on the left
(w= 1) and on the rightu{= -1) of the hyperplane. The aim of SVM is to find a hyperplane with

maximum margin between the data in each class by sdl&ingd and Khanna, 2015)

iEEoo 6 L Hambo o & p , HQ plciofd i 6-1)

whereu is the vector normal to the hyperpladeis the penalty parameter which controls the
training error and classification mardifharwat, 2019), is an allowed level of error which is to
keep the margin as wide as possible so that all data can still be classifiety;anetois the

bias.

For linearly inseparable data (seigure6-2 (b)), SVM projects datanto a higherdimensional
space by using kernel functions to find theimal hyperplang Gholami and Fakhari, 2017)
Support vectors are data points nearest to the hyperplane thvbigghtre maximum margin can

be decided. They will alter the positiontbehyperplane if removedVhen solving classification
problems with data using SVM, a hyperplane with some sampling points on this plane will be

obtained talefine the boundary between classes of data. By connecting these sampling points, the
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shape and size of the areas with riicformation can be obtained to plan missions for follower

gliders.

Support Vectors
Support Vectors g

Maximum Margin

K Support Vectors A Class A Sample wi A Class A Sample

» Class B Sample Class B Sample

() (b)

Figure6-2. Support vector machine folassification (a) linear separable cag) linear

inseparable case

6.2.2.2Limitations of using SVM in boundary classification

Despite the wide application of SVM, this method has limitations. The performance of SVM is
affected by choices of the kernel functions and paramé@srslami and Fakhari, 201,73uch as

the penalty parametér (Tharwat, 2019)One kernel functiofs not enough if the characteristics

of the data sets are compl@¥ang and Xu, 2017)n addition, SVM is not suitable for large data

sets, as the training time depends on the size of the datBesitdes, for the problem defined in
section6.2.1 where the scout glider processed measurements to define boundaries of patches, SVM

is unable to provide a boundary for each patch.

For example, if there are two patches of areas with rich informdgigure 6-3), two types of
boundaries can be obtained through SVM depending on kernel functions and parameters used
(Figure6-4). The boundary shown frigure6-4 (a) is preferred tthat shown irFigure6-4 (b) as
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the area between these two patches is without rfolnration. It is preferred to classify the data
with rich information into two patches. However, unlike for humans, it is difficult for an
underwater robot to find the best kernel and parameters that provides optimal boundaries for

patches irFigure 6-3. Therefore, clustering methods were considered to help improve accuracy

and performance of SVM in identifying boundaries.

| @ Data without rich information @ Data with rich information

Figure6-3. Two classes of data with a distribution of two patches of data with rich information

o o , o o o o , o o
[ o
& __0 o /.__.___.!___.,—".-\
® oo * _° ™ ® °
oY o o/00 ° 'Y ® oo %o
) ¢ ¢! ) ° ¢
@) 1® e g PY °® @) o o ® * PY
| e %o | ® o ©Oo @ ®
0L S el e 0l ®ee %
o o0 O, o o oG T H 0 e
® o ¢ O ° ® o o @ °
°® ™ e © o ® ® e © o
@ Data without rich information @ Data with rich information @ Data without rich information @ Data with rich information
@ Samples at the boundary @ Samples at the boundary
(a) (b)

Figure6-4. Two classes of data with a distribution of two patches ofwiglarich information:
(a) ideal boundary classification result between data with and without rich informdgion; (

possible boundary classification result between data with and without rich information.
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6.2.3 Clustering methods

Clustering methods are used tmigp a population of data points into clusters based on their
similarity. A clustering method can be used to enhance SVM by grouping data according to their
position before applying SVM. IRigure6-5, the set of data with rich informatiofigure 6-3)

was clustered into two sets of data: data with rich informatioand data with rich information

2. Two boundaries can then be derived surrounding these two clusters. The aim of using a
clustering method is to reduce the complexity in the characteristics of data for the classification of
SVM, which, ultimately, reduces the sensitivity of SVM to the change in the kernel function and

parameters selected.

Data with rich information - 1 (O Data with rich information - 2

@ Data without rich information

Figure6-5. Data with rich information are clustered into groups for better classification of the

boundaries of rictinformation patches.

There are various datdustering algorithms available. Therdeans algorithm is one of the most
widely used clustering metho@Sinaga and Yang, 2020y his algorithm requires the number of
clusters to be specified beforeharkhere are also some other clustering methsuaish as

hierarchical clusterinfGuyeux et al., 2019gffinity propagatiorclustering(Refianti et al., 2016)
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Gaussian Mixture Model&hao et al., 2019)The pros and cons of these clustering algorithms are

presentedn Table6-2.

Table6-2. Pros and cons of several typical Clustering algorithms.

Clustering algorithms

Pros

Cons

Choosing the number of clusters manually.

Initial centroids have influence on the fin

K-Means clustering O Simple to be implemented. .
clustering.
Sensitive to outliers.
) ) Number of clusters does not need to o )
Meanshift clustering . The kernel bandwidth is hard to be defined.
specified beforehand.
Requires specifying the size of neighborha
DensityBased Spatial O Number of clusters does not need to (Eps and the minimum density MinPts).
Clustering of specified beforehand. DBSCAN is sensitive to the choice of these t
Applications with Noise O  Able to find arbitrary shaped clusters. parameters.
(DBSCAN) O Able toidentity outliers. The clustering result is not ideal in the case
high dimensional data.
O Number of clusters does not need to ]
. . ) - Cannot handle big data sets.
Hierarchical Clustering specified beforehand.
.. . Difficult to identify the right number of cluster
O Results are reproducible. ]
B ) through dendrogram in some cases.
O Easy to be implemented.
O Number of clusters does not need to
o ) specified beforehand. Not effective in processinigrgescaledata
Affinity propagation
Clustering results do not depend « sets.
initialization.
O A soft clustering method where eac
Gaussian Mixture point belongs to all clusters, but wit © Assume that each point is independent of
Models different probabilities. neighbors.
O Robust against observation noise.

In the clustering of informatienich data in thischapter the number of clusters is unknown
beforehand. Therefore, the mesimft clustering algorithm and DensiBased Spatial Clustering

of Applications with Noise (DBSCAN(Ester et al., 199&)lustering algorithm were considered
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and compared in thishapterbased ortheir application domain anithe ability to calculate the

number of clusters automatically. They aregented here in detail.

6.2.3.1DBSCAN clustering algorithm

DBSCAN is a densitypased clustering algorithm. The key idea of the DBSCAN algorithm is that
for each pointin a cluster, the point density in the neighborhood within a given radius has to exceed
a threshold (Ester et al., 1996)Two parameters need to be specified in this method: the radius
(Ep9 for defining the size of the neighborhood around a point and the nainpeints MinPts)

for defining the minimum density. In a dataset, a point is defined as a core point if it has a minimum
number of neighbordMinPts including the point itself) in itsurrounding For example, ifrigure

6-6, point B is a core point withlinPtsequal to 4. If a point has a number of neighbmr&{ding

the point itself)less tharMinPts but belongs to the neightfmod of a core point, this point is
considered as a border point (point AFigure6-6). Points neither belonging to core points nor to
border points are defined asism points or outliers (point D iRigure6-6). All of the neighbors

of a core point are directly reachable from the core point; a poistdensityreachable from P

if there are a number of core points leading franoHP:. (point A is densityreachable from point

B in Figure6-6); a point R is densityconnected from Pif there is a core pointsHrom which

both R and B are densityreachable (point A is densigonnected from point Q)Ester et al.,

1996) The process of the DBSCAN algorithm is to cluster points which are deosihected.
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Eos

MinPts = 4

Core point @ Border point @ Noise point

Figure6-6. Principle of DBSCAN clustering algorithm witinPts= 4 in which the red rows

show the direct densitgachability.

6.2.3.2Mean-shift clustering algorithm

The mearshift method was proposed by Fukunaga and Hostetler in(E@k&naga and Hostetler,

1975) The mearshift algorithm is a noiparametric densitpased clustering algorithm which

does not specify the number of clusters and the shape of each cluster. This algorithm uses a sliding
window to find the dense area and clusters a set of points into different classes. To explain how
the mearshift algorithm works, an example with a set of points in-tivaensional space is shown

in Figure6-7. In this example, the sliding window has a radiuR oéntered at point O. The density
inside the sliding window is proportional to the number of points within the sliding window. In
each iteration, the position of the center point is updated by the mean of all the points inside the
sliding window. The centepoint is updated until the area with the highest density is found and the
center point becomes a cluster center. This process is repeated for multiple sliding windows. When
multiple sliding windows overlap, the window containing the most points is pezkesthers are

deleted. The data points are clustered according to the sliding window in which they lie.
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Sliding window with a radius of R
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Figure6-7. Principle of the meashift clustering algorithm to update the centroidslaéters.

6.3 Data compression

In this section, the classification strategy for the scout glider to define the boundary between data
with and without rich information iglustrated. After identifying the boundaries, the information
of patches can be compredsand the compressed data to be sent to the followers are also

introduced.

6.3.1 Boundary classification

As mentioned earlier, in the mission planning of each glider incttapter only the path in the
horizontal plane was planned adaptively. As the glida®ved in threalimensions, the
measurements collected by the scout glider during its mission to delineate a block had to be
mapped onto the horizontal plane before it could be processed and generate the data necessary for
developing adaptive missions fdret followers. As presented Figure 6-8, each measurement

was translated onto the horizontal plane and localized by two coordinates, X and Y.

135



Figure6-8. Mapping 3D measurements to 2D plane.

These measurements were labeled as being with and without rich information based on a threshold
value defined. The steps of identifying the boundaries between ddtaamdt without rich
information are as follows:

(1) Step 1: Map measuremis to a grid map

(2) Step 2:Clusterthegrid data with rich information according to their positions.

(3) Step 3: Define boundaries between grid data with and without rich information with SVM.

The details of each step are explained below.

6.3.1.1Map measurements to a grid map
The measurements collected by the scout gliders are usually of large quantity. In order to optimize
the boundary classification method, a grid map was first applied to reduce the amount of data to

be processed at one time.

The area within the block wassdretized by a series of grids, withgrids in the X direction and

M grids in the Y direction. The grid size was 1. It is not necessary for the mission area to be
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a rectangle, but the discretized grids should cover the area of interest. In eathegeidvere
multiple measurements. If the number of measurements with ricimiation within a grid was

larger than 0, then this grid was defined as a grid with rich information, represented by a center
point in this grid, as shown iRigure6-9 (a). Otherwise, the grid was defined as a grid without
rich information Figure6-9 (b)). By lumping several measurements into one, the quantity of data

was decreased.

One Grid One Grid One Grid One Grid
b 4 b 4
x x
® - s -» e
x x
b 4
Measurement with rich information Grid with rich information ® Grid without rich information

¥ Measurement without rich information

() (b)
Figure6-9. Defining a grid as: (ayith rich information if the number of measurements with rich
information within the grid is larger than zero; (b) without rich information if the number of

measurements with rich information is zero.

The step of mapping measurements to a grid maapseveraddvantages:

(1) Reducedime delay andncreasedcomputational efficiency. A grid map can beeated
beforethemissionof the scout glider. The measuremesaBected bythe scout glider can
be directly mappedonto the grid mapluring the mission by updatirgmpty grids when
measurements with rich information are detectedthe measurements are mappetb
thegrid map and each grid has only one vaemesenting whether the grid is information
rich or not the number of dat® beprocessed in thiollowing steps is minimizedThis
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helps improve computational efficiency in processes such as data classification using

SVM.

(2) Flexibility in controlling the level of detail in the boundary classification. At the beginning
of this step, the area within a blockdiscretized into a number of grids with grid size of
N NA. The size of grids determines the resolution in defining the boundary between areas
with and without rich information. One can change the size of a grid to balance between

accuracy andomputational effort in boundary classification.

6.3.1.2Cluster the grid data with rich information according to their positions

The aim of clustering in thishapterwas to cluster grid data with rich information into groups
based on their positions. In thehapter the mearshift and the DBSCAN methods were
considered. We did a comparison to determine the method that could provide a better accuracy

and robustnessagresented in Sectid@¥.

6.3.1.3Define boundaries between grid data with and without rich information

After the data with rich information had been clustered into different groups based on their
locations, these data were classified with the use of SVM. @lfissification, a set of points were
sampled from the predicted boundaries for later processing, such as calculating the area of each

informationrich patch.

6.3.2 Compressed mission data
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When the geometric information of each patch was obtained, the samrtagsigned each rich
information patch to a follower associated with survey information incluttieglirection of its
long axis and area of the patch, detailed survey mode, starting point(s) for activating the survey

mode by sending these compressed ttathe follower.

The scout glider commanded each follower to survey the closest pajahe6-10 (a)). When the
number of patches was larger than the number ofal@wvers, some of the followers were
commanded to survey more than one patch. In this daberéwereseveral patches with areas
of A1, Ao, andAs (A1 > A2 > Az) being assigned to a glidehe glider vould searchfor the patch
with the maximumarea(A1), then the patch with theext lessearea ofA2, andthenwith smallest

areaAs, respectively igure6-10 (b)).

~
~
& . .
N <,
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Figure6-10. Assign patches to followers: (a) based on distance from the followers; (b) based on

Block boundary

v

area size if the number of patches is larger than the number of followers.
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6.3.2.1Direction of long axis and areaof each patch

After defining the boundaries of rich information areas, the number of patches with rich
information that required detailed surveys was obtained. The direction of the long axis and the area
of each patch were then calculaté&tie direction otthe long axis is found through rotating the

local coordinates of a patch around its global coordinates. When the value of the aspect ratio is the
largest, the direction of the XFigure6-11) is the direction of the long axis. Aspect raRas

definedas

|
Yo = 6-2
" (62)

wherelL is the dimension of a patch in its long axis &ds the dimension of a patch in its short
axis in its local coordinate systeffigure6-11). The direction of long axis is perpendicular to the

direction of the short axis.

Y

Length (L)
L X

Figure6-11. A patch wih rich information in the global coordinate system (X, Y) and its local

Width (W)

coordinate system (X", Y’).

Theareaof each patchwith rich information wa calculated bgumming up the area of trapezoids
formed by the sampling points along the classified boyndrr exampleFigure6-12 (a) shows

the set of points sampled from the classified boundary after using SVM. These points are in a
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clockwise order and are connecteddon an irregular polygon. As the area of the polygon is the
approximation of the area of rich information classified using SVM, if the number of sampling
points is approaching infinity, we can assume that the area of the polygon is the area of the patch
of rich information. For each edge in the polygon, such as an edge fromxaoyat {0 (X2, y2) in
Figure6-12 (b), the trapezoid is the area encircled by two lines normal to-eesthrough point

(%1, y1) and &, y2), X-axis and the edge.

Y Y
X1, Y1 X1, Y1
L\ N
|_— N |_— A
\(xs. Ye) >(xz.)'z) '!\(xe,,ya) >(XZnY_)

(x4}¥4) _4;3’ Vs) \ (x"“yfl—é& V3)

(a) (b)
Figure6-12. Calculate the area of a patch with rich information: (a) a set of points sampled from
the predicted boundary to form an irregular polygon; (b) forming a series of trapezoid by using

sampled points.

6.3.2.2Mission mode

For each pah, the path (mission mode) transmitted and assigned to each of the follovesrs
designed based on the ar@a &nd aspect ratidy) of the patch relative to the minimum turning
radius,r, of the glider. Three mission modes were defined indhapter In mission mode 1, a
follower followed a spiral path around the center point of the p&icule6-13 (a)). This mode

was activated when the area of the patch was largedtinaand the aspect ratio of the patch was
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lower than 2. If the area of a patch was larger tHafut the aspect ratio was not less than 2, the
follower was commanded to followission mode 2 in which the follower followed a spiral path
with a moving center point along the long axis of the pataufe6-13 (b)). In mission mode 3,
the followe followed a spiral path crossing the center point and the boundary of a pajpaie(
6-13(c)) whentheareadfh e pat c h wa & The smaallebtsize ofta paach degended

on the grid size,rathe scout glider would not m®mmandedietect a patch that was smaller than

the grid size.

/

o

(a) (b) (€)
Figure6-13. Three mission modes defined based on the &)ean@ aspect ratidsj of a patch
relative to the minimum turning radius,of the glider: (a) mission mode A¥ &, R< 2); (b)

mission mode 2A> A, RO 2); (c) mi<s#. on mode 3

6.3.2.3Start points
Once the followers were assigned patches, start points foa@agjthemissions to delineate these

patches were also transmittiedthe followers. After receiving mission commands from the scout

glider, the followers went to their start points first before activating the commanded missions. For
both mission mode Ind 3, the start point was the center point of the patch. For mission mode 2,

two start points were transmitted which were on the long axis of the patch and had a distance of
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half the length of the patch from the center of the pdaufe6-14). Oneof them was selected
by the follower based on its distance from these two start points. In addition, the direction of the
long axis of the patch was transmitted in missiorden to instruct the follower to move along

this axis while following a spiral path.

Start point |

Centen point

Start point 2

Y

Length (L)
Long axis
X

Figure6-14. Two start points for mission mode 2 which are on the long axis at a distance of half

the length of theatch from the center point.

6.4 Simulation research

Simulations were used to evaluate performance of the proposed boundary classification strategy
and the benefits of including the mesimft and DBSCAN clustering methods in SVM for defining

boundaries of pential areas with rich information.

6.4.1 Simulation setup

(2) Oil plume dataset
The shape of an oil patch is affected by ocean environmental factors, such as eddies, and even

human interventions, such as releasing disperg@hen et al., 2018]Jt may be of a long and thin
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shape(Kinsey et al., 2011)or a more compact shaf@éhen et al., 2018)n our simulation, the
concentration of our simulated oil plumes was based on the w@&rafalvest al.(2016)which
simulated the Deepwater Horizon oil spill witte use of a DeepC oil model and a hydrodynamical
model. In their work, the oil concentration ranged from 1 ppb to 10,000 ppb in the upper layer of
the ocean at a depth of 0 m to 5 m. We assumed that the oil was measured by fluorescence and
noise in fluorscence detection was overcome by using multiple sensors on each glider to cross
validate the detection. Areas with concentration larger than 10 ppb were considered to be of high

fluorescence or have rich information and required a detailed survey byitwesfogliders.

(2) Model parameters

The kernel function used in SVM was ttaelial basis function kernahd the penalty factar was

10° for all the simulations done. In these simulations, the scout glider was commanded to follow a
lawn-mower path at a horizontal speed of 0.4 witk given waypoints as shown kigure6-15.

The width of the mowed path was In the mowed path, the scout glider collected data at a
sampling rate of 2 Hz. The minimum turning radius of our glidérsvas assumed to be 17 m

(Wang et al., 2021a)

-— 5 —
Wob LLAT | T ~LWit 2
|
Sthrt|Point ]
[ X

Figure6-15. Lawn-mower path of the scout glider.
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Three classification algorithm¢l) with the use of only SVM (SVM_Only), (2) SVM with the
meanshift clustering algorithm (SVM_MeanShift), and (3) SVM with DBSCAN algorithm
(SVM_DBSCAN), were used in our proposed strategy in defining the boundariespatthes.

In the mearshift clustering method, the parameter needed to be defined was the bandwidth which
was automatically estimated through the processed data. In the DBSCAN clustering method, the
minimum density MinPts) for a cluster was defined to lefor all simulations to group all data

into clusters.

6.4.2 Evaluation metrics

Two metrics were introduced to make a quantitative comparison of the classification algorithms:
one was the number of patches that was correctly classified, the other was theanaquare
error (RMSE) in predicting the boundaries of patches. For the latter metric, we used two

calculations,

. 0 .0
5O bo PP T p — (6-3)
e e e T e e ) o 0
0 Wa wo o' ECE o o - (6-4)
0

wheren is the number of patches in a real distribution ierid predicted number of patches after
classificationp is the area of a patc¢ln a real distribution whil@ is the predicted area
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of the real patch,6 = 0 is the cross area between the real pathd its prediction,
0 is the area of a patghin the predicted plume which corresponds to a real gatdhich

has an areaob ,0 0O is the cross area between the predicted pptid its

correspnding real patch. When the value of each = 0 equals t@@ , the value of

RMSH. is 0 which represents there is no error in prediction. This means the predicted patch covers
the area of the corresponding real patch, even if the areas of predicted patches are much larger than

that of real patches. In this case, we introduced the RMS8E. When the value oRMSR is
small, it means that the value of edich = 0 is close to the value af . The value

of RMSR is 0 when the areas of all predicted patches are covered by all patches in the real
distribution even if the areas of predicted patches are much smaller than that of the real patches.
These two valueRMSH andRMSR, areinteractive, and the performance of a classification

algorithm is judged by considag of both values.

6.4.3 Simulation resuts

6.4.3.1Simulation 1

In this simulation, the scout glider, with a heading toward the positiggection at its start point

(0 m, 0 m), was commanded to search an area within a block with a @6 of x 500n. The

glider followed a 30 m width lawmower pgh defined by waypoints. The glider was assumed to
reach the first waypoint (0 m, 500 m) when the distance to the waypoint was less than 10 m. The
distribution of fluorescence plumes in the search area was simulated as presergaceib 16

(a). Each patch with rich information was labeled with a nunfligufe6-16 (b)). The path of the

scoutglider is shown irFigure6-16 (c).
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(a) (b) (c)
Figure6-16. A scout glider was commanded to map simulalades: (a) the distribution of

plumes; (2) each patch was labelled with a number; (c) the path of the scout glider.

After the scout glider finished mapping the searching area, measurements from the glider were
mapped onto a grid map with a grid size86fm x 15 m Figure6-17). The size of the grid in the
X-direction was selected based on the width of theJaower path which determined the distance
between measuremis in the Xdirection and guaranteed the continuity of grid map values in this
direction. In the Ydirection, a smaller size of grid was selected as the distance between
measurements in this direction was closer than in tbdeection. This selection @frid size helped
decrease the quantity of data for processing without losing the continuity of data with high
fluorescence. The compressed data in this grid map were then used for defining the boundaries

between areas with and without rich information.
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Figure6-17. Measurements from the scout glider were mapped to a grid map with a grid size of
30 m x 15 m. The red dots show grids with high fluorescence (with rich information) while the

blue dots show gridsf low fluorescence (without rich information).

From the simulation results Figure6-18, when SVM was used with no clustering method, the
algorithm classified patcd and 7 inFigure 6-16 (b) as only one patch. THRRMSE in the
SVM_Only algorithm was the highest among the three algorithms &#par€ 6-19). When the
meanshift clustering method was used, the algorithm classified patch 6 as two patches. The
RMSR in the SVM_MeanShift algorithm decreased coragao the algorithm with the use of

SVM only, but itsRMSHE was the highest compared to other two algorithms. When DBSCAN
was used, the performance in boundary classification was the best amongst the three classification
algorithms, with the number of bodaries classifiedHigure6-18) and in the actual plum&igure

6-16 (a) andFigure 6-17) being the saméWith DBSCAN, the errors in predicting the right

boundaries were the lowesgtigure6-19).
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Figure6-18. Performance of three classification algorithms in simulation 1: (a) with the use of

only SVM (SVM_Only); (b) SVM and meashift clustering algorithm (SVM_MeanShift); (c)

SVM and DBSCAN clustering algorithm (SVM_DBSCAN) in defining the boundaries between

areas with and without rich information.

RMSE
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. RMSE2

0.18
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Figure6-19. Root mean square erroRNISEL andRMSR) in predicting the boundaries of

patches with the use of three classification algorithms: with the use of only SVM (SVM_Only),

SVM and measshift clustering algorithm (SVM_MeanShifgnd SVM and DBSCAN

clustering algorithm (SVM_DBSCAN) in simulation 1.
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The better performance of the SVM_DBSCAN was a result of the ability of the DBSCAN
clustering algorithm to obtain the correct number of clusters. In the SVM_MeanShift simulation,
threeclusters were obtained as showrFigure6-20 (a). Patch 1 and patch 5 which were shown

in Figure 6-16 (b), were clustered as one cluster, while patch 6 was split into 3 clusters. This
resulted in patch 6 being classified to have two boundaries as sh&igume6-18 (b). Patch 2,

3, 4, and 7, shown ifigure 6-16 (b), were clustered into one. After SVM was applied, one
boundary was obtained for patch 4 andHowever, with the use of the DBSCAN clustering
algorithm, the number of clusters was the same as the number of actual patches $hgune in
6-16 (b) andthe number of clusters collected by the scout glider showfigare 6-17. The
application of te DBSCAN clustering method before the application of SVM improved the

performance of SVM in defining boundaries for patches with rich information.

500 1 e  Cluster | 500 88 Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5
Cluster 6

Cluster 7

o Cluster 2

o1 g;i o Custer3 MRt §§§
”“'*" i y 2 il
|

" | o | o
O_nggég | Mg "

00 300 400 500 0 100 200 300 400 500
X (m) X (m)

() (b)

Figure6-20. Clustering result for the data with rich information showRigure6-17: (a) with

Y (m)

Y (m)
®@ ¢ O O 0 o e

the use of the meashift clustering algorithm; (b) with the use of the DBSCANstduning

algorithm.

After the boundary of each patch was classified through SYM_DBSCAN, the area and aspect ratio
of each patch were calculatefiaple6-3). Based on the geometric information of each patch, the
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mission mode, start point(s) for activating the mission mode, and direction of the long axis of the
patch (patch direction) were derived by the scout glider and sent along with the area of the patch

to a follower for further delineation.

Table6-3. Mission information (areas, mission modes, start points, and patch directions) sent to
followers based on area and aspect ratio of each patch derived frolastfiication of SVM with

DBSCAN clustering algorithm.

Area Mission Start point(s) Patch direction
Patch number Aspect ratio
(m?) mode (m) )
1 11145.52 1.61 1 (40.76, 337.64) 65
2 2592.52 1.39 3 (191.50, 483.17) 15
3 9234.67 1.52 1 (250.74, 256.78) 190
4 18650.22 2.33 2 (315.18, 401.62), (462.39, 254.41 135
5 9025.06 1.75 1 (14.29, 141.45) 90
6 23351.19 2.04 2 (83.78, 16.39), (351.43, 113.81) 20
7 7163.96 1.67 1 (461.96, 123.13) 125

6.4.3.2Simulation 2

Another simulation was don® assess the performance of the three algorithms when using a
different width of the lawrmower pathin this simulation, the distribution of fluorescence plumes

was the same as in simulation 1. The scout glider, with an initial heading toward thespositiv
axisat start point (0 m, 0 m), was also commanded to search an area with a size of 500 m x 500
m. The scout glider went to the first waypoint (0 m, 500 m) and was assumed to reach this waypoint
when the distance to this waypoint was within 10 m. Ttherglider went to the second waypoint

at (60 m, 500 m). The width of the mowed path was 60 m, which was larger than the width in
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simulation 1 Figure6-21). As the sie of a grid in the Xdirection was based on the width of the
lawn-mower path, the size of a grid was defined to be 60 m x 15 m. The size of the grid in the Y
direction was the same as in simulation 1 to capture the continuity in measurements without losing

too many details. The grid map for this simulation is presentEdjure6-22.
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Figure6-21. The path of thecout glider in simulation 2 with a width of lavwnower path of 60

m.
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Figure6-22. Measurements from the scout glider were mapped onto a grid map with a grid size
of 60 m x 15 m. The red dots show gridshwiich information while the blue dots show grids

without rich information.
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The results of theéhree algorithms in detecting the boundaries of fiigbrescence areas are
shown inFigure6-23, with the error in detecting the right boundaries showkigare6-24. Both
SVM_Only and SVMMeanShift detected one boundary for patches 4 and 7 even though these
two patches were over 30 m apart. In the SVM_MeanShift algorithm, the-shdaolustering
algorithm had a similar clustering result as it had in simulationFifuge 6-25 (a)). The
SVM_DBSCAN detected two boundaries for patch 6 as it clustered this patch &&gue§-25

(b)). However, when examining the shape of patch 6, this patch was a dumbbell shape. This
resulted in 2 missions being sent to followers for patchable6-4). The SVM_DBSCAN again

gave the most accurate result in predicting the boundaries of the p&iiches§-24).

500 A 500 1 U 500 1 (&)
400 4 400 1 400 4
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(a) (b) (c)
Figure6-23. Performance of three classification algorithms in simulation 2: (a) with the use of
only SVM (SVM_Only); (b) SVM and meashift clustering algorithm (SVM_MeanShift); (c)
SVM and DBSCAN clustering algorithm (SVM_DBSCAN) in defining the boundaries between

areas with and without rich information.
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Figure6-24. Root mean squaexrors RMSH andRMSR) in predicting the boundaries of

patches with the use of three classification algorithms: with the use of only SVM (SVM_Only),

SVM and measshift clustering algorithm (SVM_MeanShift), and SVM and DBSCAN

clustering algorithm (SVM_DBGAN) in simulation 2.
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Figure6-25. Clustering result for the data with rich information showRigure6-22: (a) with

the use of the meashift clustering algorithm; (b) with the use of the DBSCAN clustering

algorithm.
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Table6-4. Mission information (eeas, mission modes, start points, and patch directions) sent to

followers based on area and aspect ratio of each patch derived from the classification of SVM with

the DBSCAN clusteringlgorithm.

Patch Area Aspect ratio  Mission Start point(s) Patch direction

number (m?) mode (m) ©)
1 13127.48 1.71 1 (42.91, 336.86) 45
2 2575.46 1.75 3 (175.72, 487.40) 0

3 10096.01 1.56 1 (257.76, 255.60) 15

4 18615.04 2.59 2 (467.55, 258.49), (279.77, 416.0¢ 320

5 11161.74 1.26 1 (-0.95, 142.34) 90

17386.74 2.26 2 (67.80, 58.335), (289.72,19.20) 170

° 6668.23 1.68 1 (298.94, 117.34) 190

7 13459.13 1.85 1 (475.95, 117.08) 300

6.4.3.3Simulation 3

In this simulation, a different distribution of plume was generated to further asspestinmance

of the three algorithmd={gure 6-26 (a)). The number of each patch was labelleBigure 6-26

(b). The width of the mowed path for the scout glider was 60 m, similar to simulation 2, as shown

in Figure6-26 (c). The measurements from the glider were mapped onto a grid map with a grid

size of60 m x B m (Figure6-27).
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Figure6-26. A scout glider was commanded to map simulated plumes: (a) the distribution of

plumes; (b) each patch was labelled with a number; (c) the path of theybdeut
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Figure6-27. Measurements from the scout glider were mapped onto a grid map with a grid size
of 60 m x 15 m. The red dots show grids with rich information while the blue dots show grids

without rich information.

In the simulation, both SVM_Only and SVM_DBSCAN detected the right number of boundaries
(Figure6-28). When SVM was used with the meshift clustering method, two boundaries were
provided for patch 7. This is because the redaft clustering algorithm classified patch 7 into

two clustersFigure6-29 (a)). While with the use of DBSCAN, the correct number of patches was
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obtained Figure6-29 (b)). SVM_DBSCAN was again the algorithm that resulted in the lowest

errors when predicting the boundaries of the patdrigsi(e6-30).
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Figure6-28. Performance of three classification algorithms in simulation 3: (a) with the use of
only SVM (SVM_Only); (b) SVM and meashift clustering algorithm (SVM_MeanShift); (c)
SVM andDBSCAN clustering algorithm (SVM_DBSCAN) in detecting the boundaries between

areas with and without rich information.

500 1 500 1
° 8 ®  Cluster 1 ° 3 ®  Cluster 1
400 1 o C‘luster2 400 1 ° C‘luster2
; ®  Cluster 3 § o  Cluster 3
o Cluster 4
= 300 1 ; = 300 1 g g o Cluster 5
= § = ®  Cluster 6
S ] S
200 g 200 i o  Cluster 7
100 1 : i § g 100 1 S i l ;
01 ; g ; H 01 i ; H
0 100 200 300 400 500 l 2[}0 300 400 500
X (m) X (m)
() (b)

Figure6-29. Clustering result for the data with rich information showRigure6-27: (a) with
the use of the meaghift clustering algorithm; (b) with the use of the DBSCANstéuning

algorithm.
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Figure6-30. Root mean square erroRNISE andRMSR) in predicting the boundaries of
patches with the use of three classification algorithms: with the use of only SVM (SVM_Only),
SVM ard meanshift clustering algorithm (SVM_MeanShift), and SVM and DBSCAN

clustering algorithm (SVM_DBSCAN) in simulation 3.

The area and aspect ratio of each patch were calculated after the boundary of each patch was
determined through SVM_DBSCAN éble6-5). The mission mode, the start points for activating
a mission mode, and the direction of the long axis of the patch were derived to be sent from the

scout glder to followers for further delineation.

158



Table6-5. Mission information (areas, mission modes, start points, and patch directions) sent to
followers based on area and aspect ratio of each patch dieawethe classification of SVM with

DBSCAN clustering algorithm.

Area Mission Start point(s) Patch direction
Patch number Aspect ratio
(m?) mode (m) )
1 5695.07 1.33 1 (-1.50, 338.21) 170
2 13066.86 1.20 1 (115.61, 267.34) 105
3 2110.11 1.79 3 (329.79, 486.29) 350
4 13863.42 1.47 1 (465.65, 357.83) 310
5 2602.33 1.75 3 (360.11, 230.14) 355
6 26268.38 2.08 2 (-47.63, 61.34), (267.48, 33.77) 175
7 19142.48 3.03 2 (328.41, 44.32), (502.76, 166.40 215

6.5 Discussion

6.5.1 Performance of thecooperation strategy and data compression method

The strategy for the scout glider to detect boundaries of potential areas with rich information and
to compress data being sent to followers in the cooperation of multiple underwater gliders has the
following advantages:

(1) The scout glider maps the areathin a block before calling followers for further
investigation. This process increases the possibility of followers collecting rich information
without involving the whole team of gliders to searah éintire area. Even though it seems
that the followers are wasting power travelling around the block and waiting for a
command, we expect this to only happen in the first block. By dividing the survey area into

blocks, the scout glider can continue its kvam a new block while the followers are
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performing a detailed survey in a previous block, saving glider time to complete the overall
mission. The efficiency of a mulglider system improwewith the number of blocks
(Figure6-31). The efficiency here was defined to be the length of time that the gliders spent
in mapping regions of rich information to the total length of time used in a mission. In
comparison with usingrdy one glider and multiple gliders without cooperation, the
strategy of using cooperating multiple glidetsowsbetter efficiencyin delineatingoll

patches underwateFigure6-31).

35

@+ One glider without cooperation
30 H —*— Two gliders without cooperation

—&— Two gliders with cooperation

Efficiency (%)
2
(=]
T

Number of blocks

Figure6-31. Efficiency (based on the percentage time taken by the gliders in mapping
information rich areas to total mission time) of greposed cooperation strategy compared with

using one glider and multiple gliders without cooperation.

(2) As measurements from the scout glider are compressed and projected onto a grid map with
only one measurement in each grid, the volume of data for bguetsssification is
decreased. This increasbe speed of clustering and classification. The size of each grid
canbe changed by balancing the level of details required and the computational effort in

boundary classification.
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(3) The inclusion of a cluster method before the use of SVM helps simplify the characteristics
of processed data. Without the use of a clusterinthode the SVM alone will at times
classify two patches into only one patch, as shown in the results in simulations 1 and 2,
leading to the followers spending their mission time delineating areas with low information

between ricinformation patches.

(4) The out glider processdoundary information before sending it to its followers leading
to a decrease in the amount of data being transmitted. In addition to position information
shared amongst the gliders dwoid collision, the data being sent to the fallers only
includesthe area of a patch, the mission mode, the start point(s) for activating their mission
mode, and the direction of the long axis of a patch if the aspect ratio was not smaller than

2.

In the threeclassificationalgorithmsusedin all simulations, thesamekernel function and value

of penalty factowereused inthe SVM. In simulation 3, the number of boundaries for patches was
successfully identified with SVM without clustering. However, the same set of kernel function and
parameters usein SVM without clustering did not work in simulation 1 and simulation 2 where

the SVM method used alone clustered patches 4 and 7 into oneTgsdaptimal parametsfor
SVM_Only in simulation 1 and 2 werdfficult to be definedautomaticallyby theglider. When

the clustering method DBSCAN was applied, the boundary classification performed better in all
simulations based on both the number of patches classified and the lower errors in predicting the

boundaries with the same set of kernel function paihmeters in the SVM. This shows that
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including the clustering method, before applying SVM, helps improve the performance of the

SVM.

When identifying the boundary of the patches, the inclusion of a clustering method, especially the
DBSCAN, before thepplication of SVM is an effective method to detect the boundaries of the
patches successfullyhis is because the clustering algorithm simplifies the data sets by converting
a complex data set with multiple patches into a series of simpler data geisingrinformation

of only one patch. This way, the SVM does not need to find the best hyperplane for a complex

data set of multiple patches but a series of hyperplanes for single patches.

In DBSCAN, parameters that have to be determined are the siegbfoorhoodEpg and the
minimum density MinPts). The size of neighborhood is defined based on the known grid size and
the minimum density is set to be 1 (each cluster has one or more data points) to group all data into
clusters for all cases. In simulation 1, as the grid siz&8@asx B m, the sizef the neighborhood

was 30 m. For simulation 2 and 3, the size of the neighborhood was 60 m as the grid 6ize was

m x 15 m. The size of grid was different in the simulations, but the SVM_DBSCAN algorithm had

a good performance in all simulations. Thafpenance of the meashift algorithm can be
improved by changing the bandwidth used, but the bandwidth is an estimated value and cannot be
obtained directly unlike the parameters used in the DBSCAN method. For the clustering methods,
the DBSCAN algorithnperformed better than the mesinift algorithm. InFigure 6-28 (b), the
SVM_MeanShift algorithm classified two potential areas of rich information for patch 7 whereas
these two areas were actually overlapping. This was the result of thesim@anethod clustering

patch 7 inFigure6-26 (b) into two patches that were close to eacleoth these two areas were
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assigned to two followers for detailed surveys, a higher risk of collision might incur. The DBSCAN
approach can also cluster one patch into 2 clusters, such as clustering paftituéeit-16 (b)

into 2 groups Figure6-23 (c)), but this was due to the patch being a dumbbell shape and thus it
was reasonasblto be divided into two clusters. Besides, as the DBSCAN method clustered points
that were densitgonnected and the paramel@inPtswas set to be 1 in thhapter this helped

prevent clusters from being too close or overlapping to one another asraumidistance oEps

between clusters was specified. Therefore, the overlapping patches can be avoided with the use of

the SVM_DBSCAN algorithm.

The mission information sent to followers was based on the classification result from the
SVM_DBSCAN algorithm in thighapter Only three mission modes were defined in thiapter
according to the geometric information of each patch. Although the disbribof plumes was the
same for simulation 1 and 2, the paths of the scout glider in these two simsaatrendifferent,
leading to a different set of missions being sent to the followers. In simulation 1, there were 7
missions waiting to be conductey the followers, while in simulation 2, there were 8 missions
for the followers, of which patch 6 was decomposed into Zostithes. In addition, the area, aspect
ratio and patchdirection obtained from both simulations were different. However, the mission

mode was the same for each patch except for patchdh simulations

The proposed strategy is not limited for use with gidedetect fluorescence values, but can also
be used for other underwater vehicles to detect other underwater feateresgssplankton
distributions. However, we chose to use gliders as typically the endurance of actively propelled

AUVs is much shorter than glider$he sawtoothlike motion endows gliders with inherent
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advantages in sampling the data through the water collie proposed strategy can also be used

for a mission with one vehicle to replan its path. As the amount of data showing an area with rich
information is decreased, the data sent from the scout glider to followers can also be sent to a
surface station tlough any vehicles on the surface oquick response ian underwater oil spill

delineation mission.

6.5.2 Future application of the proposed strategy

In this chapter we manually simulated oil distributions which had patchy characteristics, but as
they weradealized, could be to some extent different from the real situation. However, the primary
objective of thischapterwas to verify that the ability of the proposed algorithm to identify
boundaries of oil patches could be improved with the use of a chgstegthod. Thus, the patchy
distribution of oil plumes was what we aimed for in our verification. In a field mission with oll
patches, duto dynamic changes in the ocean, the patches detected by the scout glider may not be
at the detected position aftdwe scout glider finishes the mapping of a blddkwever, he scout

glider can detect the bourniks of patches within smaller blocks compared to the blocks used in
this researchio minimize the time delay in sending the position information of patches to the
following gliders. Owing to the dynamics in the ocean, the currents will disperse the pAkhes.
each glider was equipped with an adaptive ability to change its path-timmeathe followers can

refer to, but not rely on the information sent from the scout glider to adaptively control their
missions. For example, a follower glider can terminate its search of a patch based on both the area
sent from the scout glider and timeasurements from its own sensors. In¢hegptey only limited

shapes of oil patches were simulated which could not cover all of the shapes of patches in a real

situation. However, as we only considered the aspect ratio of a patch, the shape of #senzesch
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guantified and all of the possible aspect ratios of patches were covered. The introduction of aspect
ratio is helpful for designing the behaviors of followers and improving the reliability of path
planning considering the irregular and diverse skageoil patchesOur study was validated
through simulations using manually generated patches. It cedldther validated with an actual

oil plume or a proxy of an oil plume both in simulations and in field studies.

6.6 Conclusion

This chapterproposed a cooperation strategy for missions involving multiple and cooperating
underwater gliders. In this cooperation strategy, the mission field was discretized into a series of
blocks and a team of gliders was used to delineate each block consecatigktier assigned as

the scout glider was commanded to map the area within each block first to predefine the potential
areas with rich information before calling the followers to further investigate the potential areas in
detail. The measurements fronethcout glider were mapped onto a grid to decrease the volume
of data to be processed and communicated. The udestéringalgorithmswas proposetefore

the application othe support vector machin&¥YM) to detectthe boundary of patcheandto
compress datdefore transmithg mission information tehefollowersin the cooperation strategy.

The mearshift and theDensityBased Spatial Clustering of Applications with NofEE8SCAN)

clustering algorithms were considered and compared through simulations

The inclusion of a clustering method, especially the DBSCAN, before the application of SVM was
found to be an effective method to define the boundaries of patches. The clustering method
DBSCAN was preferred over the mesinift method as the number dfisters found in simulations

was in accordance with the number of the actual patches and overlappnuaries were avoided.
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The errors found in predicting the correct boundaries were the lowest for the classification method
with the use of the DBSCAN cdtering algorithm. Based on thHsoundariesclassified, a
compressed amount of information is transmitted by the scout glider to its followers, improving
the efficiency of vehiclg¢o-vehicle communications. The proposed cooperation strategy with a
boundaryclassification method is a potential tool to be used by a single or a group of underwater
vehicles for delineating large, contaminated areas, particularly those with patchy characteristics
such as oil spillsThe feasibility of the proposexfassification algorithm is planned to be validated

further with more realistic simulated oil plumes or in the field with a proxy for an oil plume.

This chapteansweedthe third research question in this thesis (Q3: Is there an advantage in using
a muli-glider strategy for oil spill detectionB®y reviewing previous research on using multiple
underwater vehicles aneached the third subobjective (O3:To improve the performance of
multiple cooperative gliders to delineate subsurfadebgipbroposing anew cooperation strategy

for multiple gliders to delineate underwater oil plumes.
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Abstract

Adaptivecontrolwas appliedo follower gliders in cooperating multiple glider teaors missions

to delineate underwater oil patches. The influence of water currents on the motion of the oil patches
was included. The cooperation strategy with adaptive comtes| compared with strategies
without cooperation or adaptive conttbtoughsimuation experimentdn addition, the optimal
number of follower gliders in a team was assedseam the simulations, strategies with adaptive
control achieved a higher score of performance, being a measurepsrteatage of valuable

rich information cdlected tothe percentage ahe mission are@overed by informatiomich
patchesonly when the percentage of the area of informaticim patches was less than 60%. The
cooperation strategy with adaptive control had a lower duty cycle and a longemnaigsation,

but had the best score of performance, especially fordongtion missions.

Keywords: multiple underwater glidergooperation strategyollower glider;backseat driver

oil spill
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7.1 Introduction

Underwater oil spill reconnaissance and delineation is challengiagabkspill can extend over
a large area and,is this casebeneath the watesurface Unlike oil atthe surfacea subsurface
release igmpractical to be monitored byonventionaimethodssuch as remote sensing. To deal
with this problem, autonomous underwater vehicles (AlhN&s)e beeincreasingly employed to
detect spilled oil underwatéinsey et al., 2011, Vasilijevic et al., 2013)UVs expand thecope

of asurvey inbothtime and space. They can cover a wide atedower cost comparedith ship-

basedsurveysand can dive into @ water wittrelatively lowrisk.

A spatiotemporal aliasing problem exists in delineating oil spillderwatewhenusing an AUV
(Petillo et al., 2012)When the AUV searches a large area, the featuitee@il canchange over
time. On the other handyvhenonly a small area is surveyatimay notcover the whol@xtent of

the spill. In the field experiment ad project ARCTREX(Winsor et al., 2017)Rhodamine WT
was injectednto the wateto simulate aroil plume During the observation of dye with gliders,
the dye was found tbe dispersd fast. The glider could not sample it and calculate the fate and
transport of the dye with the demanded accuracy both in time and #p#eet of gliders was
required andecommendedor mapping the chemical plum@etillo and Schmid{Petillo ard
Schmidt, 2012xoncluded that a fleet of coordinated, actively propelled AUVs witihaard

autonomy would bemost efficient in delineating the plume in the water

In our previous researdiWang et al., 2022)we proposed to use multiple underwater gliders t
track patchy plumes cooperatively and adaptiveiyderwater gliders are characterizedtbgir

long endurancewhich isa desired feature of AUV®r delineating underwatesil spills as thg
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have beeifiound to be able to extermbera long distancdn the Deepwatedorizon oil spill, the
underwater oil wadetectedat a distancef over 30 km from the sour¢€amilli et al., 201Q)The
sawtoothlike motion endows gliders with inherent advaegds in sampling data from different
deptts while moving forward. Irthe strategywe proposed earlidor multiple gliders,one glider
was used as a scoutdelineate the mission area beforeh@ang et al., 2022)The scout glider
then senthe locationsnd boundariesf potential informatiofrich oil patches to follower gliders
to conduct detailed surveys of the pgtaheasHowever the movemensf oil plumes underwater

wasnot considered.

A subsurface oil layer is formed by a balance of buoyancy, sis¢surface tensigrand water

drag force from a nonpressurized leaking sour¢& et al., 202Q)It can also be formed from a
pressurized leaking source in which the oil droplets and gas bubbles are entrained with water to
form horizontal intrusiongSocolofsky et al., 2011)The lateral transport of the underwater oll
layeris affected by the current anding time, from adepth.The arrentspeechas beeround to
affectthe migration distance more than rising tif®&un et al., 2019Due to the dynamics of the
ocean such as from water currentie locations and shapes of the patches may quickly change
before the scout glider caend the boundary information to the followekiso, the gliders may

not move as expected when the current speed is gixoreget al., 2015)

In our previous researckachglider was equipped with a backseat drigentrol systen{Wang
et al., 2022)With the backseat driver, the follower gliders coaddptively controltheir headings
and changéheir missions to either move along the perimeter of a search area or conduct detailed

surveys of patches with rich informatiorhe focus of the previous study was on the ability of the
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scout glider to detect and determine thebar of oil patches. Onlyne motion and dafarocessing

ability of the scout glider werested through simulations

In this chapter the focus is on the follower gliders. An adaptpath planningstrategy wa
proposed for the follower glideby consdering the motion gbatches under the influence of water
currents The current speed was assumed to be less than the speed of gliders in thié/study.
assumd that the patcheshoved with the currerdt an average speedd the change in shape of
the patbes was not considered. As in our previous resgayemg et al., 2022he survey area
was divided into a number of blocks. The scout glider gmmsmanded to follow a lawmower
pathto cover the area withithe block and find potentialpatcheswith rich information.The
follower gliders changed their paths based on the data of the patches collected by their onboard
sensors to spend the most of their mission time insidesticbes. The influence of having adaptive
control was evaluated. The performance of the improved coopematilteglider systemwith
adaptive contrah delineatingapatchy plumevascalculated and compared withe performance

of strategies witlone glider and multiple gliders without cooperatad/or without adaptivity

The optimal number of follower gliders in the improved cooperation strategy was explored as well.

The remainder of thishaptelis organized as follow&ectian 2 reviews related studies on applying

AUV technology to delineating underwater plumes and underwater vehicles which have been
equipped with a backseat driver for realizing adaptive confitee methodology used in this
chapteiis introduced in Section ®/hich includes the control of follower gliders in the cooperation
strategy, and the evaluation metrics for assessing the improved cooperation strategy. In Section 4,

we assess thmfluence of adaptive control and the performance of the improved coaperati
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strategy with adaptive contrtirough simulationExperimental results are discussed. Finally, a

conclusion is presented in Section 5.

7.2 Related work

There are multiple types of underwater plumes, such as algal blooms, water tracer plumes, and oil
spill plumeg(Petillo and Schmidt, 2012ach type of plume has its specific physical and chemical
characteristics, bull plumeshave common features such as being dynamic in the ocean and

affected by the ocean environment. Besides, they can spveaa large area in the water.

The application of AUVs in underwater plume detection is not awAUV plume mapping
mission may b&vorthless if there is nothing to be detected inntigsionarea. In this case, a prior
investigation is essentialhis prior investigation is also called exploration, as its purpose is to
gain knowledge about an unknown or Ks®wn area, prior to thaccumulation of detailed
information through exploitatiofDe Farias and Megiddo, 20040 the work ofDas et al(Daset

al., 2010) patches of algal hotspotgerefirst detectedy the measurements from remote sensing
satellites Next, the water current data from high frequency radaere implemented to have an
advective effect on the detected patché® predictedrajectory of hotspots was then used to plan
the survey missionf an AUV to sample a dynamic fiel&erri et al.(Ferri & al., 2010)proposed

a method called triggered spiral procesdimgrigger an adaptive movement of an AUV when it
was localizing active hydrothermal venishe AUV initially conduced a lawnmower motion.
When anomalous valuesgere detected, the AUMhen conduced a spiral movemento further
explat the specific position. An adaptive turbulent plume lawower mapping strategwas

introduced by Tian et a(Tian et al., 2011)In the strategy, a series of behaviawsre applied
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under the behavidpased control system. These behaviors indudeToMappingArea (steer
AUV to amission point), TracklineFollowing (steer AUV to follaatrackline), PlumeMapping
(steer AUV to mam plume),and PlumeExploring (steer AUV to explotlae plume). With this
method, the AUV respordlto the sensor detection. To be specific, when the AUV detdioe
existence of plume, it would follow a designedlirection toexploit the plume; when the AUV

did not detecta plume, it would follow a designed direction to explore the plume.

In the aforementioned approaches, only one vehicle was involved imxgleration and
exploitation of an underwater plume. d¢ plumes which are patchy and cover a laagea
coordination of AUVs is required due to the spatiotemporal aligdbaigarises from use éfom

one vehiclgPetillo et al., 2012; Petilland Schmidt, 2012)//hen multiple vehicles are applied,

one vehicle can be used to survey the ocean first and then the measurements are used to instruct a

second AUV to further assess a specific area of intéhbstAssociates et al., 2020)

Consideing the limitation of previoustrategiesa cooperatiorstrategyfor multiple gliders to
delineate oil patches underwater was proposed in our previous re@¥arapet al., 2022)n this

strategy, the mission area was discretized into a series of blocks and the underwater gliders mapped
each block sequentially. Each glider was equipped with backseat calnitityl andoil sensors
Measurementsfrom oil sensors which were above a certain level, such as above 10 ppb for
fluorometers, were consideréalhawe rich information A glider calleda scout was commanded

to explore the unknown underwatvironment. The scout glider searched a block and classified

the boundaries of oil patches with rich information. Information of oil patches was thdrosent

the scout gliderto the restof the gliders which were followersn order tofurther exploit
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informationrich areas in detail. The scout glider explored the area within a block before calling
followers for further investigationThis processseparated exploration from exploitatiamd
increased the possibility of followers collecting rich informatmathout involving the whole team

of gliders to search the entire area.

7.3  Methodology

This sectiomrmainly introduces the control dbllower gliders by considering the effect of water
currens. The metrics for evaluating the performanceadftrategy wittgliders in delineating oil

patchesare also introduced.

7.3.1 Cooperation control of gliders

In this chaptey we enhanced the control of follower gliders in our previous cooperation strategy
by considering the influence of water currents on the motion of the oil paldiedfowchart of

the control of glidersin the cooperation stratedgy shown inFigure7-1. Each glider is equipped

with oil sensors to detect the existence of oil and determine whether a measurement is with rich
information or not. fie scout glider searekthe area within a block firdty usinga predefined
lawn-mowerpath When the scout glider Béinished the delineation ithe current block (block

Q) it classifies the boundaries of rigiformation patches within the block and sends thendary
informaton toits followers. In this process, the scout glider must wait until the followers finish
their delineation in the previous blo&1 before moving to the blockx td achieve a successful
underwater communicatioithe followers are controlled to search patches with rich information

by changing their headings adaptively based on the boundary information from the scout glider
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and the measurements of the moving patchike control of a follower is explained step by step

as follows:

Followers move to the Scout sends the boundary Fi:z:;;icf:siirzﬁiidf?nm
@ boundary of block i information of patches to followers detail with adaptive control
(i =1, n blocks)

A

Followers finish
mapping patches
in block i —1?

i=i+t1l

Y

Scout glider maps the area
within block i with predefined
lawn-mower path

A

Scout finishes
mapping of block 7 ?

Scout glider
waits in block 7

Figure7-1. A flowchartshowingthe control ofa scout glider and followeis the cooperative

strategy.

(1) A follower is controlled to go tthe center of a patch as a target waypoint to delineate the
plume precisely. The patch has a dimensioward its short axis, and a dimensionlLoin
its long axis Figure7-2). The direction of long axis is perpendicular to the direction of the
short axis. The direction of the long axis is found through rotating the local coordinates of
the patch around its globabordinates. When the value of the aspect ra#i@/Y is the
largest, the direction of the X the local coordinate@-igure 7-2) is the direction of the
long axis.

(2) When the distance of the follower to the target point is within a certain distantee
follower is assumed tbhavereacledthe center of the patch.

(3) The follower starts a spiral motion by changing its heading to delineate the plume, during
which the folower logs its location information.
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Figure7-2. A patch with rich information in the global coordinate system (X, Y) and its local

® /

Width (W)

coordinate system (X", Y).

(4) After a certain amount of time in delineating the patch with a spiral path, the backseat
driver in the follower calculates the moving center of the glidefto  and center of the
measured rich informatior® hw  (Figure7-3):

@ 4QOB of

. . 7-1
W aQwB wjy (7-1)

®w G($QwB
w QB

(7-2)

¢ =

in which¢ is the number of the location logged ands the number of informatierich
measurements detected during the time peiNdtm when the glider reaches the center
of the patch. Then a new target waypoiith is derived which is in the directidrom
who to @ ho

®w & 0zAT|0

O & GzO0HI (7-3)

where| is the anglebetween the direction fromo o to @ o  and the positive

direction of theX-axis in the global coordinate$he new target point for thillower
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glider is set in this way as the patch is driven by the current and the directiorufrtin
to o fo s considered to be the direction pointing to the inside of the patch.
(5) The follower glider is then commanded to go to the new target {wodelineate the plume
with a spiral path.
(6) Perform step(2) - (5) until a maximum number of target points or a maximum period of
time has been reached.
(7) The follower is controlled to either search a new patch or follow the boundary of the next

block.

.\\\\- ater current

) L
(xr, YT)“. Plume center

New target point

Figure7-3 The follower changess path during the mission to mote@ea new target point

o ho  for spiral motion when delineating a patifiven by water currentsthe new target
point iscalculatecbased on the moving center of the glidés vy and center of the measured

rich information ¢ ho
7.3.2 Evaluation metrics

Mission duration and duty cycleere evaluated to check the performancéhefstrategy of using
glidersto delineate oil patches underwafBne duration of a mission or mission timsethe length

of time fromwhen a glidestars mapping to the timeshenthegliderfinishestherequired mission
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Theduty cycle of a missiors defined to be thetio betwea thelength of time that the gliders
arein mapping regions of rich informatiaandthe total working time of the glidefghe product

of the number of gliders and the duration of the missidhsly cycle measures the utilization rate
of gliders in a mision in collecting informatiomich measurements. For our cooperation strategy,
assume that the number of patches in a missiontiee number of followers i , and the duration

of the mission iSY (seeFigure7-4), the total length of time that the scout glider and followers are

taking measurements in regions of rich informatior¥iand™Y respectively:
Y “Yh (7-4)

(7-5)

The duty cycle of gliders in the cooperative mission is:

vy e
a D z"y ( - )

We evaluated both the duration and duty cycle of missions here as follows: for two missions with

the same duty cycle, the mission with a short duratieonsidered better; for two missions with

the same duration, the one with a higher duty cycle is preferred.

Mission duration: T,
|

Scout glider within patch i: T ;

e 1 e |
I i
1 1 [] 1
| I — 1 | I —
L} 1 [} )
—E Plume i i—! E%|

A follower within patch #: Ty ;

Figure7-4. A sketch showing the duration of a mission and the length of time that a scout glider

and follower gliders are in mapping informatioich patches.
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In addition, we evaluatka score of performan¢&oP, of a strategyThis wa defined to be:

"Yé 0 02 (7-7)

C'll Ci

where0 is the percentage of valuable rich information collected tanid the percentage of
mission area which is covered by informatiach patches. We introdudeSoPas the detection
from one glider may be covered by another glider with the same set ofsand the overlapping
measurements are considered to be invaluable when the patches do not change significantly under

the influence ofhemarine environment.

7.4  Experimental results

This section shows the influence of adaptive control opénrmance of the glider cooperation
strategy by comparisons of missions with one and multiple glider(s), with and without cooperation,

and/or without adaptive control through simulations.
7.4.1 Simulation setup

The strategies for comparison are showhahle7-2. Forastrategy witha single glider, the glider
was commanded to follow a lawnower path defined by waypoints irbkbck before moving to
the next block. For thetrategy withmultiple gliders without cooperation]l of the gliders were
assigned to the same block and gfiders delineated the areathin blocks simultaneously by
using alawn-mower pathFor the streegies with one glider and multiple nenoperative gliders
with adaptive control, the gliders were controledmap an informatiomich patch in detajl
immediately upon the detection of such a pakar the cooperation strategy, the scout glider had
the same lawasmower pathasthe gliders in the other strategi@$e cooperation of gliders was

simulated according to the flowcharthgure7-1.

186



Table7-2. Glider mapping strategies that were simulated inchapter

Adaptive  Multiple

Strategy name Description Cooperation
ability gliders

One GId Oneglider without adaptivity X X X

One_GId_Adp Oneglider with adaptivity P x x

Multi_Glds Multiple gliderswithout adaptivity and cooperation  x P X

Multi_Glds_Adp Multiple with adaptivity butwithout coopergion P P X

Multi_Glds_Adp Coop Multiple gliders with adaptivity and cooperation P P P

In the simulations, the mission area was divided into 20 blocks and each block had a size of
3 0 01 3nD 0. The width of the lawsmower path for the scout glider was 60 The size of a

block and the width of the lawmower path were set to minimize changes of patches between
when the scout detected patches and when the followers rqzatisedsThe informationrrich oil
patches can be in various shapes and distributiahwaronlysetthe percentage aifil patch area

in a block.In this chaptey four values were considered: 10%, 20%, 40%, and @0%anstant
current was added to the simulated environmBmt.current speewas the same athe measured
average current speedperienced inhe Deepwater Horizon oil spill disaster, whialas 0.078
m/s(Camilli et al., 2010)It wasassumd thatoil patchesveremovedby thewater currenta the
positive Xdirection in the global coordinates at the speed .67® m/s (Figure 7-5). For
comparison, situations with a current speed of 0.0 m/s were also simulated. Gliders were
commanded to spend the same length of timdelmeating patches when theeaage current

speed was 0.0 m/s and 0.078 m/s at a given percentage of oil patch area.

The influence of the curremn the shape of the patches was not considefidte shape of the

patches was simplifiedscircularor oval, andthe numberof patchesvasin accordance with the

187



number of followers in the strategy. These patches were in a uniform distribution. For example, if
there were two followers in the cooperation stratedmen the percentage of oil patch area was

10%, the number of patchiesa block was 2Rigure7-5). These two patches wearsidetheblock,

centered at 150 m to the upper boundary of the block and 100 m and 200 m from the left boundary
of the block respectively when the current speed was 0 m/s. When the current speed was 0.078
m/s, the blocks werghifted120 m to the left compared with when the current speed was 0.0 m/s

to guarantee that the gliders would not miss the patches. Theadgtafrhes in the simulations
ensured that each strategy had its best performance, such that the gliders did not spend a lot of time

switching between patches and only the optimal metric values were evaluated.

Figure7-5. The distribution of patches when the number of followers is two and the percentage
of oil patch area is 10% at a water current speed of 0.0 m/s. The predefined path of the scout

glider is shown with blue dots.
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