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ABSTRACT
Proposed isa partially observable Markov decision procd®OMDP)model

based schema as the basis of a fault manager system for use by autonomous
underwater vehicle (AUV)undergoing long endurance missions with the operator far
from the AUV The thesisexplains the reasoning behind using POMDP over traditional
static bok-up tablesto achieve a more autonomous system. The objective was to
develop POMDP models for twidustrative AUV sub-systems¢ depth and power
management. These modelsye usedasfault manages for a series of simulations for
each subsystem individually, and thenwhen there are interactionsThis novel solution
demonstratedthe validity of POMDPas the basis for a fault manager in accounting for
the inherent partial observability of AUMatesand their environmentsFuture work

aims to expand thisvith more AUV sulsystems and test on hardwaie-the-loop

simulators.
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GLOSSARY

x Action: the fact or process of doing something. Examples are turning a sensor off,
sending out a communication message, adjusting the sampling rate of acoustic

waves, alternating mission plan, etc.

x Algorithm: a process or set of rules to be followed in caldola or other problem

solving operations, especially by a computer.

x Artefact modet Estimated model of system built on observations and predictions

made by the control system by sensing the vehicle and its environment.

x Autonomy: This refers to the inteliience of the machine to act independently of a
human operator. It should also be noted that it incorporates the ability to resolve

scenarios rather than run on a peet script.

x Autonomous Vehicle: autonomous robotic mobile system that operates

independenty of an operator.

x Autonomous Marine VehiclesAutonomous vehicles that operate in marine settings.

Includes aerial, surface and underwater vehicles.

x Autonomous Underwater Vehicle Autonomous vehicles that operate primarily

underwater.

x Backup stepThisr&d SNE (G2 | thab5t L}R2fAOe a2t OSNJ
updates propagates information in reversal temporal order through the value

function.

x Belief State This refers to the probability distribution of the state of the system. It
implies that the @act state is not known but can be estimated given observations

and previous estimations.

x BoyenKoller. An algorithm for factorization of belief states for approximation in DBN

interference.
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Bottom-lock: This is when the vehicle is positioned such thaait sense the seabed.
l.e. the altitude, pitch, and roll are within range for the sensors to be pointed towards
the seabed (same as DAdck).

Component:This is a physical piece of the system. For example, a battery or its wires

are a component.
Complemer Probability:DA @Sy t 6! 0 GKS O2P@J SYSy G A A

Conditional Probability:of an event B is the probability that the event will occur
given the knowledge that an event A has already occurred. This probability is written
P(B|A), notation for theprobability of B given A. Note if B is independent of A then
P(B|A) = P(B).

Continuous ModelsA model based on continuous time
Discrete ModelsA model based on disdeetimesteps.

Dopplervelocity Log is a sonar system that measures motion unaeter. It does so
by measuring the velocity in relationship to the ground. gtk is when the DVL is
able to sense the ground and can generate accurate velocity measurelsamg as

bottom-lock)
Fault: This is a change (usually degrading) in the sy$tem the normal conditions.
Factorization A method of simplifying probabilistic graphical models.

Fault Management SysteniThis refers the entirety of the intelligence for mitigation

of possible faults and failured the system.

Global Minimum:In statistical analysis this is when the béstset of parameters is
given the entirgéy of the model space and represents that most desired solution to a
given problem. Solving these can be costly and often local minimums are used

instead for simplicityand time/processing saving.
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Group: A specific group of states, observations, or actions that are mutually
SEOf dzZaA @Sz F2NJ SEFYLX SZ I 3INRdzLI 2F RSLIIK

position within the water column.

Intelligence: This refersto the computational algorithms and methods used to
perform the mission. The more intelligent the system the more it is able to handle

complex tasks with human intervention.
Inference Aconclusion reached on the basis of evidence and reasoning

Intractable: A intractable model is one that can be solved in theory (e.g. given
enough time and resourcgsbut for which in practicany solutionwill take too long

and be too computationally heavy to be feasible.

Joint-Actions: These are the combined gups of actions that form all possible
actions for the vehicle. For example, if actions groups are A, B, and C then the joint

actions are: A;_B_Gto A_B_G.

Knowledge: Is inferred information about the vehicle and the environment that
informs not ony specific measurements but the relationships and context in which

these measurements are acquired.

Local Minimum:In statistical analysis this is when the béstset of parameters is
given for a specifisubst of a model. Determining best algorithms can sometimes
result in these local bedit rather than the overalplobalbest fit of the entire model

space.

LookUp Table:These are static preompiled lists of actions that a system can use

when triggered by a specific situation.

Mission Themission is an assignment that the system is being tasked to accomplish.

This may include lesser value optional assignments.

Monte Carla are algorithms that use repeated random sampling to obtain numerical

results.
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Non-observable variablescannot be direty measured. These are instead inferred

from other variables.

Observation:Observation for our purposes is a discrete value for a variable that is
used by a POMDP model to predict its state. Observations can also mean sensor data,
inferred knowledge fronsensor data, or variables that can be measured directly or

non-directly through combining data.

Partial Observant: Realworld applications such as autonomous robotics are
inherently partially observant in that they can only inquire data from a limitedbfet
sensors in order to determine their state and environment. This means they will only

have a partial understanding of their state and environment.

Probabilistic Graphical ModelA framework for representing causal relationships

between variables that havprobability distributions.

Q-MDP. Modified MDP solver that uses a Q vector to account for belief of a POMDP.
Robot Operating System (RP$% a serviceoriented middleware that is open source
and commonly used for roboti¢4].

Subsystem Asub-systemis a system that is part of the larger system.

System: A group of interacting elements or technologies having a functional

relationship that when grouped or integrated provide some processes or sefgices
SpaceA nonnull set which represents all possible outcomes and probabilities.

Stochastichaving a random probability distribution thatinbe statisticallynodelled

but may not be predicted precisely
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INTRODUCTIONS

Autonomous underwater vehicles (AUVs) are effective ptatk applied across
marine sectors by military, commercial and scientific research. These vehicles function
independently of operators to perform tasks such as route survey, nomenter

measures search fodownedaircraft, and inspecting pipelirseto namea few examples

1.1 Motivation
AUVs can operate submerged for houms,some casesdays, without fatigue, in

contrast to human divers performing similar task3]. Unlike tethered remotely
operated vehicle{ROVs)3], AUVs can transit great distancés some cases, up to
1000 km[4]) from their human operators in, around, and underneath submerged
structures

The marine sector comprises3.2% of the global economy and is expectedntore
than double and reach$3-trillion (US)by 2030 [5]. Given thisexpected level of
underwater activity AUVs are predicted to become widespreadhe maritime industry

as necessary too[g].

AUVs are limited by criticalsubsystens such as power distribution and
navigation.Underwater communications are limited primarily to acousiitie to the
rapid attenuation ofelectromagnetic (e.g-adio and light) signals underwatfs]. Power
capacity is limited underwater, traditionalir-breathing diesel generators and other
combustionrbasedpower sourcegsannotbe used Consequentlythe vehicle must carry
its entireenergy needsn the form ofbatteries. Navigation is also difficutt underwater
settings from no access taesources likeGobal Positioning Satellites (GPS)without
surfacing While submergedhe vehicle mustapproximde its location using dead
reckoning with, for examplean inertial navigation systenfINS)which measuresthe
vehicle accelerationvector to approximate its locationAt the moment, uderwater
navigation is achieved with an INSoppler velocity log§Vl), compass and acoustic

sensor working togetherAdditionally, underwater environments arsstructuredand



dynamic and the vehicle must navigate areas thainge from cluttereddebris to
featureless landscapeithout prior knowledgeof the environment With purchase costs
upwards ofhundreds othousands to millions of dollars, vehidbglure or loss an result
in considerabldoss for ownersand operators

As AUVs are increasinghpplied tocomplex underwater missions in unstructured
environments forextended durationg7], more robust intelligent control schemas and

fault management systems arequired.

1.2 Thesis contributions

The main contribution of his thesisresearchcontribution isdevelopment of ahigh
level proof-of-concept fault management system using partially observable Markov
decisionprocess(POMDP)Xeliberative modetbased implementatiorfor autonomous
underwater vehicls. This proofof-concept is developed by buildiran AUV simulator
framework to validate a POMDP modelr and implementing a solver to generate

policies for the fault manager.

1.3Thesis organization
This thesis is organized into the following sectidBbapter 2 is a literature review

that covers autonomous underwater vehisletheir challenges,fault-management
intelligence schemas, probabilistic graphical models awne implementations.
Chapter 3 proposes the design of a new fault management tool using topics that were
covered in the literature review such as modb@sed architectuss and partially
observable Markov decision processes. Chaptdedcribesthe implementation based

on this design. Chapter presentssimulations and their resultasingthe implemented
system. Chapter 6 discusses and draws conclusionsthe simulations, and Chapter 7

offerssuggestiongor future development of the system.



2 LITERATURE REVIEW

This chgpter begins by describng underwater operations and the limitations
imposed by the environmeniThenit covers autonomous underwater vehisland their
main sub-systens. Section2.3 covers fault managemenSection2.4 and 2.5 present
different intelligence schema&ection2.6, 2.7 and 2.8 address than-situ computation
challenges Bayesian gtatistics and the Markov assumption. Section2.9 reviews
probabilistic graphical modelthat draw on the stochastic tools from the previous
sections Sections2.10 and 2.11 review Markov decision processesand partially
observable Markovdecision processesrespectively. These sections also include
methodology for generating policies and example implementations relevant to the

thesis topic.

Autonomous underwater vehiclegperate indynamicand uncertain environments.
The environment imposes operationalestrictions like limited communications[8],
energy capacity[7], lack of universal references fdocalization and navigatignand
spatialtemporal fluctuations that vary daily, weekly, monthly and seasonally

Stateof-the-art AUVshave an important role as intelligent sensor platformsthis
industrysince they camperateoverlong and often dangerous missigresitonomousy.
Howe\er, to facilitate longer andncreasinglyY2 NB O2 YL SE YA aarzya
autonomy(on-board intelligencejnustbe enabledto work in thisdynamic environment
which can createunexpected issuesAUV fault management systems must be
engineered to beobust in the face of uncertainty and the unexpected.

Underwater operations are difficult due to complexitiegheir environment.

2.1Underwater operations
The underwater environment ismongthe harshest to operate in from a technical

and safety standpoint Human operations over water carry the inherent risk of
drowning. Autonomous underwater vehicles are important to the growth of dlzisan
industry given their ability to function without putting humans imarmQa .dheé

primary challengesAU\s face are limited communicatiors with the operator,



navigation and localization withinthe environment, andsufficient on-board energy

capacityto carry out missions

AUVs use acoustic communications in their work where possiideto therapid
attenuation of electromagnetic (e.g. radio and light) signals underwa{éi.
Nonetheless, eoustic communication channels are noisy and limited in bandwidth and
range. Latencies, reflections, absorption, and scattering of acoustic signaite
underwater acoustic propagation problematic at bg¢6}. As acoustic signals are the
primary means of AUVs communicating with their operators, this means AUVs operate
with little human support or intervention at longer rgas (tens of kmj)7]. Therefore,
AUVsmustwork mostlyautonomouslyand can only communicatgith operatorsat low
bandwidths.

Operations at sea are resourggensive which means infrequent support to
vehicles deployed forx@ended durations compared to ladzased ones. Navigation is
difficult with GPS only available while surfaced, limited navigational landmarks, and
influencesfrom the environment (currentssea statesetc.) on vehicle positioning.
Additionally, since most communications underwater mustcbeductedvia acoustics,
the inherent range (~ kilometers) and bandwidth (<10 kkig)quite limited[9]. Typical
energy conversion methods employed by other vehicleke internal combustion
engines and solatellsare unavailableat depthto AUVs due to the lack of oxygen and

sun, respectively

These various environmental restrictionssult in a system thamust operate with
minimal or no support. If a fault occurs, it is unlikely that it can be communicated to
operators in a timely fashion or that operators are readible to interveneto provide
fault recovery. The system must also be intelligent and-séficient (i.e. truly
autonomous) enough to operate independently on missions ndetect, identify and

resolve anomalous (fault and failure) eventsfault is an abnormal condition or defect



at the component, equipment, or sefystem level which may lead to a failufefailure
is the state or condition of not meeting a desirable or intended objective and may be
viewed as the opposite of succg4f].

Another environment that shares many of these limitatianspace.
2.1.1 Space operations

Spacevehicles have similar challenges to underwater ones.yTderate with
limited communicatios and access after deploymenis in harsh and unstructured
environmentsg difficult for an operator toaccess Similarly their missionsare complex
andrequire robust fault managemenfl1]. Due to these commonalities between ocean
and spaceandthe relativelymore mature fault management systems applied to space
vehicles space vehicleprovide a relevantreferencefor development & autonomous

underwatervehiclefault management systems

2.2 Autonomous Underwater Vehicles
AU\s are a class of autonomous vehicles with a wide range of applications in marine

settingsand operate primarily underwater.

I a2adSy Oly 6S RSTAYSR Fa al 3INRdzZL) 27
a functional relationship that when grouped or integrated provide some processes or
& S NI2 12D Bra AUD &ystem is a set of components and/aigorithms working
togethertowardsa common goalFor examplephysical componentsiclude batteries,
sensors,actuatorsand logic @lgorithmg like those used for power distribution, data
acquisition thrusters, and processing. The external environmenbultl also be

considered a system that a¢end is acted oyby the AUV.

Growth in the marine industry mearnere is greater demand forcomplex and
extended duration missions. AUV missiortsave becone longer, rskier, and by
extension, more complex with decre@sl human interaction[12]. An example of

complex missions are naval mine counteeasures, where an AUV must survey large



areas (e.g. 10 nm x 10 nmand determine if and where mine-like objectsmay be
located [13]. Long endurance missiorike under-ice surveg [14] are susceptible to
vehiclefailuresdue to the shear long mission duratioBuch AUVsould benefit from
robuston-boardautonomy to determingecovery omitigation strategiesFor example,
robust AUV autonomy must handle complex failuike unanticipatedow power[8] or
reduced hydroplane functionality [7]. With true AUV autonomythe vehicle can
autonomouslymake decisionsenactthese decisions through applied actions, evaluate
the results of these actions and adaptThis is paramount for more complex and longer

missions irdynamicunderwater environmenrg [8].

AUVs can operate in different modes depending on their mission. For example, the
vehicle may be set to a dep#teepingmode where it attempts to maintain a constant
depth (relative to the water surfacepithin the water columnAn application that may
use this would be forcollecing water samples[15]. Alternatively, aother mode is
altitude-keepingwhere the vehicle attemto maintain a conant standoff (distance)
from the seabed. This is useful for missidike route surveyg, where a map of the
seabed is generater searckes for objectslike mines or wreckswhere it is desired
that the sensor orboard the AUV bat a constant distancé&om the seabedo create a
map.

To enable AUVs to maneuver underwatitrey are equipped withmaneuvering and

propulsion systems.

2.2.1 Actuators
AUVs often employ propelldrased propulsion systems. So&lVsmake use of

gliding [16] or more bio-inspired propulsion such as fisstyled swimming[17]. AUVs
that are torpedeshaped oftenpropel, like submarins, with a propeller pushing the
vehicle forward Ther speedsusually range between 2 to 5 knotg]. Fins ¢r
hydroplanes) are used tmaintain orl £ G S NJ {0 Keftitudg $y&w piidh,Sugel &oll,

see Figure 2-1) in a three-dimensional spacdy changng their deflection anglesto



generatemore or less liftas required Vehicles can change their depth in two modes.

The first, commonly referred to dee ¥yinglmode, uses changes in tlvehiclepitch to

change(fly to) depth, like an aircraft Some AUVare equipped with vertical thrusters

or hydroplanes, locatedt the center ofhydrodynamic forceso OK I y3S GKS @SK;

depth without changingts pitch. The choice of one or the other depends on thession

andon-board payload sensor.

EARTH-FIXED FRAME

P (surge)
- (roll)

(heave)

Figure 2-1 Coordinate system for a six degrees -of-freedom AUV [90]

I+ A& Qtwityp@sSofbuoyancycontrol systems. The first is a static buoyancy
system usually in the form of syntactic foam (glass air bugdbhebedded in a matrix)
designed for underwater applicatior(e.g. at the top of a remotely operated vehicle)
The secondis a variable ballagtontrol system[18] which changes the mix afater or
air in the on-board ballast tanks toachievethe desired buoyancyThis is used in
submarines and large AUYAO]. Often AUVs are slightjyositivelybuoyantas a faisafe
to ensure the AUV surfaces in the event of a power.ld$®re are buoyancy systems
that change over the course of the mission to help the Adptively maintain trim as
it transits into water witha different salinity or temperaturgsince these effect water
density)[20]. AUVs can also make use of weights which are dropped for an emergency

rise or large changes in weight in water due to payloads being deployed.



AUVs can acquire measurementson their environmens, and themselves
throughsensors.
2.2.2 Sensors

Sensors are instruments that makeasurementon environmental andehicle
variables (i.e. salinity, pressuragccelerations, et§. Satellite communicationradio,
optical, andother electromagnetic signalare only possiblevhen surfaced; due to the
effects of waterattenuation which can only propagateshort distancesConsequently,
AUVs primarily rely on acoustic energies amdves Acoustic waves can propagate
much further than electromagnetic waves underwater but are limitedandwidth as
0§KSANI OF NNA SNJ FNEB | deyigaredtd MHz Bids Gizzyabeiater). n Q &
Additional compéxities with acoustic wavesnclude reflections and refractions and
unique to acoustic arew soundspeed multi-path, internal waveshighambient noise

[6] [21], and convergence and shadow zoneg].

Given the general lack of underwater positiog references, underwater
navigation is often achieved througthead reckoning This is improved with inertial
navigation systems (IN8)at sense thevehicleaccelerationvector anddoubleintegrate
that to determine displacement. Often, these INS are coupled wipeedover-ground
velocity measurementhrough a Doppler velocity log (DV&dnarto slow the overall
error growth. DVEock is a state where the DVL is within range to sensestfabed(or
surface if pointed upwardsand thuscontribute a speeebver-ground measurement to
bound the error growth from a pure inertial measurement. Btk may not be
possible in deep water or if the AUV is operating at high altitudiis respect tothe
DVL range Bottom-lock is when the AUV is within rang® the seabedand
appropriately angled for all desired sensors to measure the seabed, in lieu of other
sensors D\Aock can be assumed to be bottelock. Long duration missionsoald have
the AUV arface for GPS calibrationsto zero the accumulated error from dead
reckoning.This creates overhead and consumes energy if the AUV is operating in deep

water. As well, this is not an option if the AUV is operating umncker

27



Deployed tansponders can be usdd determine the vehicl€ position through
acoustic positioningsimilarly to GPS[6]. These can be fixed to underwater nodes,
marine structures and surface vehicles. However, they require the extsysééms to

be in place and have limited accuracy depending on range and setup.

LiDAR (light detection and ranging) is a remsg@singmethod using coherent
light to measure range. This is limited due to the high attenuatioelettromagnetic
energyunderwater. However, there are underwater LIDAR in the breen wavelength
range that could achieve 50aters, or more, range. GeneralliZiDAR is uskover short
ranges for taskséike inspecting structure$23]. 3D lasers can besed for triangulation
and achievinghigh resolution 3D images of underwater objef24]. Optical shorirange
transmitter/receivers are a current research area to increase communication and data
transfer in underwater systemp25]. While electromagnetic waves do not travel far
underwater, they havehigher bandwidths (by ordes of magnitude) which allow for

faster andlargerdata uplinis.

Sensordiavelimitsin their dynamic rangand can benoisy. Onewayto address
thisis to usestate-estimation methods that fuse the sensor measurements with other
sensing modalities (e.g. INS fused with an acoustic sensor like a [R@wvil) to
acknowledge their noisier character. For this, a sensor model is neathch also
capturesthe & Sy amdisidn@asurementthrough aprobabilisticmodel [26]. Sensors
and thdr subsequentmeasurementprocessing require energy AUV suksystemsfor
communications, actuan, ballasing, navigation (INS compassand DVL),sensor
processing power management, etc. all require ener@herefore, acritical AUV sub
system is thepower management systerwhich administers how the energy (and

subsequently, power) is distributed across the sylstems



2.2.3 On-board power management systems
Underwater vehicles are limited irenergy conversion options due to ther

environment.Forexample,solar panels can only be used when surfacedwever the
energy source from this method is low efficiency and is only enougi charge
secondary batteriefl 6]

Internal ®mbustion engines cannot be used due to lack of oxygéthough closed
cycle diesel engineand Stirling engines can be ustxt short durationsthey are not
typically implemented on AUV[27]. Nuclearreactorsare used on submarines bure
generallyless feasibleon AUVswhich are much smaller and do not have-loard
operators Anotheroption are fuel cell§27].

However,energy sourcespecificto AUVs arggenerally batteles [27] [18].Sensor
data acquisitionactuaton, and processingnergy requirementsnust be balancedvith
vehicle support susystems andnissionrequirements Typically, the energy required

for a mission is defined as followeg(ation2-1 and 2-2):

Qe Q1 Q& (2-1)
or:
Q& Qi Qhé v Qi né o Qi néoaqi aQi i Q0y22)
such that:
Table 2-1 Energy requirements
power type propulsion / actuation| payload vehicle equipment
propellers sensor embedded processor
fins electronics | navigation (INS, DVL, et
rudders data logger| communications
subsystem
hullform drag buoyancy control
energy storage
miscellaneous

The total power for each of the three power types are usually known for a given

vehicle state.Longendurance missions require that moflmatteries must be onboard
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which usually translates to a larger AUV hullform resulting in greater drag. There is an
optimal tipping point between energy carried, endurance (includes payload sensor
needs) and hullfornjl8].

The ability for successfulpng-duration, and complex AUV operations, and to a
lesser extent, vehicle survivability could be enhanced throughbaard vehicle
autonomy.

2.2.4 Autonomy

Autonomy refers to then-boardintelligence of the vehicle and its ability to operate
without direct human supervisianThis carbe broken into fourlevels that distinguish
the JSKA Of SQa AYRSLISY RS((Fe®Bgurd?ep K systémithat 2sLIJS NI § 2
remotely controlled by a human operator has no autonomy, such as an ROV. A human
delegated systenfFigure2-2) is onewhichfollows mostly scriptedinstructions Factory
conveyor line robotsoften fall under this Humansupervised(Figure 2-2) refers to
systems that can make decisions but commurecaith operators while performing
tasks. For instance, autonomous spacecraft can operate independentlyebuton
operators for their prescribed recovery actions from complex faults[29]. A fully
autonomous vehiclgFigure2-2), however, may have limited or no operator to relg
and must make all decisionisnplementits decisions through actions and evaluate and
adapt as required.Due to the range and bandwidthlimitations of underwater

communicationsan AUV must basfully autonomousas possibl¢30].

Figure 2-2 Levels of autonomy increase from h uman operated to fully autonomous [31].
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Given the limited communications with operators, fally autonomous vehicle
requires a robust fault manageas part of its autonomyo address unanticipated issues
that may lead to mission failure or los$ vehicle.Thisis how AUVs can increase their

endurance long missions.

2.3Fault management
a ! Fis-adzinintended or unanticipated change, i.e. an anomaly, or defect in the

1l +Qa aéadsSy FdzyOuAazy 2N adGFGS gKAOK AydS!
performance deterioration. The fault can be by an incorrect step, process or damage to
the AU\ [32]. A fault may lead to a failureA failure is the state or condition of not
meeting a desirable or intended objective and may be viewed as the opposite of success
[10].
A fault-management orfault-detection, identification, and recovery (FDIR) system is
a methodology to determine if a fault or failure has occurrgetection) what the
fault/failure isand how it affects thevehiclesub-systens (identify, diagnose, localize)
and finally devise the most appropriate action to mitigate its impagtecovery)on the

vehicle and/or mission.

Fault management systems are common in robotic and computerized systems.
However, currently most fault management systems for AUVs operate with gtagtic
set actions for faults[7] and thus cannot adapt to complex or uanticipated
faults/failures. Faults and failuregan beprobabilistic[3] (i.e. their occurrence is not
deterministi and AUVs operatan a dynamic environment which can have uncertain
effects on the vehicl¢33], among them, trigger faults/failure$-ault management for

AUVs would need taddresshis.

A faultmanagement system can be distributetbcentralized, or coordinate84].
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1 A distributed faukmanagement system is a single entity that may be spread
(distributed) over multiple subsystems to ofload computation effort, but it is
essentially a single overarching systg34).

1 A decentralized system has each sylstem maintain its own fault management
[34].

1 With a coordinatedsystem, each subystem maintains a fault management
system with an overarching coordinattiat provides oversight to ensure the
sub-system recovery measures areonsistemn with the overall system and
does/ (éve undesirable interactions with otheub-systemg34].

The first step in fault management is to detect that a fault or failure has occurred.

2.3.1 Detection: direct and ind irect observation s
To sensethe vehicle state, the fault management (or otherpystem makes

internal and externameasurements of the vehicle. Variables which can be measured
senseddirectly by sensorsare observable variableg35]. An exampleis a depth
(pressureda Sy a2NJ 12 RSUSNIXYAYS GKS @SKAOf SQa RSLJ

the sensor collects isdirectmeasurement that is part of th@ S KA Of SQa aidl 4§ So

Nonobservable variables are those that must be extrapolatadinferred,
indirectly, by combiningor interpreting data fromother sourceg[35]. The INSneasure
the AUVaccelerationvector, and with information from other sensors, camovide a

hypothesis on the vehiclpose.

Onceit is establishedhat a failure haccurred the exact failure and its causes

must be identified diagnosed)

2.3.2 Identification and diagnosis
The fawult managemensystem desired heremust diagnosethe causeof the

fault. Inference, meaning a conclusion reachemsed onevidence and reasoning, is

used to combine data and information from observable grattially-observable(in
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Bayesian networks these are also referred to as-abservable)variables to chgnose

the fault/failure.

Inferring failure states can be diffi¢culMultiple known faults could manifest
similar symptoms and unknown faultsay also trigger the samandicators[36]. Sensor
measurements are limited to what is availalde the vehicleand may be affected by
the fault. Failures are often inferred from multiple dasaurces[7]. For example, the
DVL may fail tochieveDVLlock (i.e. sesethe seafloor) because the vehicle is at too
high an altitude or the Vaicle pitch or rollis so high that the seabed ig pointing at is
not within detectionrange.

Knowledge (Figure 2-3) is inferred information about the vehicle and the
environment that informs not only specific measurements but the relationships and
context in which these measurements are acquirddhe fault manager can better
determine failure states and fault causes by combining knowledge of the system to

distinguish between faults.

atao Process 0 atlo I owledge
|

—
wSonar wAltitude wVehicle is
beam of vehicle close to
reflected isb5 seabed

atb meters
meters.

Figure 2-3 Sensor data to knowledge of vehicle state . Raw data is processed and combined
into information that represents information on observable and non -observable variables
that are used to infer knowledge of the state [31].

A cascade fault is when one failurgggerssubsequent faults which magbscure

the cause of theoriginal fault[12].
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Fault cetection and identification are often studied in tandem sincgtatting
the existence of a problem isot particularly useful unless the nature or cause of the
fault can be identified. Once thiault-management system has identified the root cause
of the failure it needs todevise an actiond recover ormitigate itsimpact on the

vehicleand mission

2.3.3 Recoverability
Thedesirad fault management system must make daons and determine the

best recovery or course of action given a faillmed then implement the actian
Depending on the fault, there may not be a best recovery and the system may be left in
a longterm degraded state until operators cantervene One method of recovery is

control reconfiguratior{30].

With control reconfiguration the fault manager reconfigures a system to mitigate
repercussions from the fault. This may involve the selection of a new configuration or
relying on alternative sensor inputs and actuator outputs to continue the mi4Siopn
For example, the control system could restart a degradabt-system to reset toa
default initial state. Alternatively, a vehicle may reconfigure to accommodate the fault.
For exampleit couldredistribute the actuator control taccount for a jammed fin on an
autonomous underwater vehiclg30]. Another method would be to turn off
unnecessary processes and sensors to limit power consumjtitime fault was a

unanticipatedlow-energy state

Fault management is necessary for AUVs to overcome failureswawbssfully
(as much as possibleomplete missions. To that endifferent schemas have been
developedto incorporaeA Y G St f AISyO0S Y2RStftAy3a F2NJ |

2.41Intelligence modelling

The fault managemergystemdetermines how the system senses and interprets the

vehicle and surrounding environment. The two common schemas are nA@gehnd
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modetbased. The most commeand often simplerimplementation is tle modekfree

one.

2.4.1 Model-free based schema
A modelfree system does not have a unifying overview of itself and the

environment. Often these systems are divided into behaviours that perform specific
actions such as diving to a specified depthtransitingto a waypoint. Each behawur
represents a discrete observable action that can be perforfd&diin response to a set
of conditions

The modelfree based systems can use rllased tables for fault mitigation.
Rulebased (or lookup) tables staticallynap a set of condition®r rules to aresponse
action [9]. These rulesire often pre-set by experts before a missidi2]. While these
methods can be effective, they cdre limited by the inherent partially observable
(incomplete system representation from limited sensors) nature of the system and
cannot predict andnitigate unknown (new) offuture faultsand failureqg38]. Scalability
of the lookup tablesschemasre difficult when applied to more complex syste[89].

An dternative to modelfree are modebased schemas.

2.4.2 Model-based schema
Model-based schemas generate models of the vehicle @adenvironment

These models arénternal representationsused to aid inthe vehicle control and
decisionmaking. These models are generated by combining data from sensprgr
availablehardware characteristics (sensor failure ratespriori availabé measurements
(e.g. water density from salinity, temperature and pressure), expert estimations
(likelihood of systemfailures or issues), and inference from combining observations.
They can also involveither models of the vehicle, or its stdystems, tht capture the
evolution over a missiondeal models (built on how the systeshouldoperate) are

sometimes referred to athe plant[40] or nominal model$41].
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There are three types of modébsed analyss: analytical, knowledgbased, and
stochastid12].

1 Analytical models are for systems that operate on fipinciples such as

feedback controllers. These are aimed at {lewel hardware and component

level operationg12].

1 A knowledgebased approach uses a model built ondiepth knowledgeand
insightof the structure components and interation of the components ithe
system. The model captures the ideal systgth] and compares itagainstthe
observed model (also known as theartefact [42]) to find inconsistencies
(sometimesreferred to as consistenegiagnosis[41]). If inconsistencies are

found these are determined to be fault$2] [40].

1 Stochastic models use probability distributibbmctions in their world modeto
account for the only partial observability and uncertainty in a dynamic ocean
environment. This is achieved using statistical filters to update the probability
RAAGNARAOdzO A 2y & 248 maastremehtsd BecoReraldile[12]2 R S €

Model and behavioubased control schemas can be hybridized to create more

complex and flexible control paradigrii$.

2.4.3 Model-behaviour hybrids
Model-behaviour hybrid designs arommonin modern robotics for modular

design and greater flexibilif{@]. Behaviours allow the system to encapsulate its controls
and react quickly to unanticipated changdsis combined with a world model that is
incrementally updatedallows the vehicle to logically choose behaviours to optimize

mission execution.

An example is an architecture that uses a controller, called a hybrid automata

machine, which chooses actions to accomplish the mission goals. Thésestate
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machines encapsulate states that are continuous models of complex behayi3)rs
91 OK Y2RStf NBLINBaSyia GKS o0SKIFI@GAazdz2NDRa | OG7
change over time. The control system determinesvhto transition the behaviours

based upon preset state limits.

Behaviours can also be blended for precise switching between states which grants
greater control and smoother transitions between actions. The behaviour values are
added based upon a slidingontrol which determines to what degree any given
OSKI @A2dzNJ | F¥FSOGa GKS Neroz2dGQa TFAYyLFE FOGAz2
SKI gA2daNa 20X QWIY R WI @2AR 20ail Of SAaQd 2 KAf
avoidance behaviour miglassigrhigher priority for decisionmaking, but as the vehicle
JFAYa RAAGEYOS FTNRBY (KS t@DAIMGI DSBS KIGD A2 dNIR

(@]

Control systems including fault management onespperate in two types of

measurement and time modelling: discrete and cantus.

2.4.4 Discrete and continuous systems
Discrete systems model the world in discrete timesteps while continuous

systems model the world as continuous functions. Discreet time is commonly used in
robotics due to the finite samplrate of sensors. If a sample rate is sufficiently high to
capture the highest frequency phenomena (i.e. the Nyquist frequeel)) it is
indistinguishable from a continuousodel This is a driver to determine the appropriate

sampling frequencyo use

The nature of computatiomrequires systems to operate imiscretetime. The
system clock of the central processing unit (CPU) disthe unit speedat which digital
information can be processed. DigitalAnalog Converter@AC) and Anale-Digital
Converters (ADC) allow for sufficiently sampled signals to be converted back and forth.
Processing data in continuous time is generally more computationally intensive due to

the high sample rate althougho do otherwise may lead to not capturing vital
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information between sample§i.e. the Nyquist rate was not achievedylany systems

process information imliscretetime to minimize computation.

Intelligence modelling can be built using different architecturegtiersystemdesiq.

2.5Architectures
Each type offault managementschema can beurther broken into reactive,

deliberative, [32] or hybrid architectures. These architectures encapsulate how the

intelligence of the vehiclesformulatedand implemented

Software architectures are an implementation of tfeult managemento run the
Fdzi2y2Y2dza a28aGSY® !y | NOKAGSOGdzZNE LINE JAR
system. However, in addition to providing structure, it imposes camss on the way
GKS O2y GNRBf LINE[B7. Bh¥re add dyfferantSarchit@curgsSahging from
simple reactivebased control schemas to complex learning algorithms. The type of
architecture required depends on thexisting capabilities of the autonomous vehicies

desired capabilitieghe mission, and the environment it interacts with.

To start, eactive architectures are common due to thdasignsimplicity.

251 Reactive architecture
Reactive architectures argenerallyfairly simple,they operate using a sense

planract schema[45] that reacts to events with mostly preet responses. These
architectures are useful for fast decisiomaking (e.g. obstacle avoidance) in dynamic
environments. They are generally used with mefilee or behaviowbased systems.

Another architecture typés a deliberative architecture.

2.5.2 Deliberative architecture
Deliberative architectures are designed primarily for medoased systems

where the system can plan its mission against medethe vehicle and its environment
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[45]. These modeldacilitate deliberative missiofplanning and predictions on mission

executon.

Some designs feature a hierarchical structure where the model is broken into
layers, with each layer providing sgleals and instructionshat are propagated to
subsequentlayer(s)[37]. { Sy a2 N&A dzZLJRII 4GS GKS @GSKAOf SQa
through the layers to arrive at the best course of action. Thermst layers focus on
the endgoals of the mission. These loteym goals & processed into shotterm goals
for immediate actions. The bottom layers comprise of direct control actions. These
architectures are suited for complex tasks but usually require complete world models
and thusmay be slower to execute, even for simpletiaas [37]. It can be difficult to

developor havecomplete world modelso work with.

An example of this is a deliberative layered architecture that is proposed for
discrete and continuouime systems based on consisteHzysed reasoning46].
Consistencypased reasoning compasthe ideal model of the system to theensd one
and searchs for inconsistencies thatould resuled from failures in the vehicle. This
consists of five (5) main layers: data validation, propagation and prediction, hypothesis
generation, hypothesis test@) and hypothesis discrimination. The steps are desigaed
parallel the processing steps for consistei@gsed reasoninf6].

The implementation of intelligent systems requires algorithms for processing
information from data. They can varyn computational complexit The deliberative

architecture is of interest in this thesis.

Algorithms and decisiemaking all require time and processimgsourcesto
execute It is useful to compare different methods based on the compaitel difficulty
to ensure the balance between accuracy and computational time (i.e. time it takes to

solve the problem)
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2.6 Computational Difficulty
AUVs possess limited computational resources and as such can be limited in
computing powerAlgorithms areparsed into different groups based on the complexity

of their solutiong(seeFigure2-4).

NRhard
PSPAGEard
ExHard

computational complexity

\ EXPcomplete

PSPACGEomplete

P-complete

NRComplete cannot be

\ solved

PSPACE = NPSPACI

EXP recursive > can be solved

\

Figure 2-4 Computational complexity terms comparison  [48] [47]. exp stands for exp onential
and P stands for polynomial. NP stands for nondeterministic polynomial.

The various computational difficulty classes modelleHigure2-4 are as follows:
T b/ 6bAO1 Qa Of I aasolved il paB-odarBhvie tin@l when 6 S
parallelized with a polynomial number of processptg).

1 P-hard: problemscannot be solvedin polylogarithmic time when parallelized
with a polynomial number of processdes/].

1 P-complete: refers tgproblems both NC and-Rard. Assumingy /  [#7]. t

1 P-time: refers to algorithms that can b&olvedin polynomial time.

1 NRtime: refers to algorithms whose solutions can ¢fgeckedn polynomial time
[48].

1 NPRhard: refers to algorithms that are at least as difficult to compute as the
hardest NPtime solution[48].

1 NPRcomplete: are algorithms that are both NfPne and NFhard [48].
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1 EXRime: refers to algorithms that can bsolvedin exponential timg48].

1 EXPhard; refers to algorithms that are at least as difficult to compute as the
hardestexponentiattime solution[48].

1 EXPcomplete: are algorithms that are both EXPne and EXFhard [48].

1 PSPACIHre algorithms that can be solved in polynomial spi@é&s.

1 PSPACHefers to algorithms that are at least as difficult to compute as the
hardestPSPACS&olution[48].

1 PSPACIHre algorithmghat are bothPSPACa&nd PSPACERard [48].

1 recursive are algorithms that can be sol\é8].

Algorithms that fall in polynomial time are generally seen as ideal with NC
algorithms useful since they can be processed on parallel processors to further reduce
their computational time. It is important to account for the computational complexity of
the models in the autonomy. This will be further discussed in secBat3and2.11

A

An importantstatistical fieldF 2 NJ 6§ KA &4 GKS&aAaQ LiJzN1J2aSa I NB

2.7Bayesian statistics
Nondeterministic quantities that have inherent uncertainty can be modelled

through random variables as probability distributions. With Bayesian statistics
inferences or hypotheses on such variables are updated as evidence (measurements)

F OO0dzydztE 0 Sd® ¢KS WoStASTQ Ay |y S@Syda Oy
measurements. Bayesidmsed methods are powerfulecisionmaking and inference

tools for stochastic systemp35]. Bayesian statistics provide a framework to represent

0KS AYGSNYIf Wo S fekeb ihGhe grdsente ofNaBrilaRdb@iabildyl I G S
which is inherent in systems where it is not possible to measure all variables that define

its state (e.gAUVunderwaterlocalizatior).

. | & $héoem (equation 2-1) relates theprobability of an event, conditioned on
another related event, based on prior information and observations. It states that the

probability of eventA, given eventB occurred is equivalent to the conditional
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probability of eventB given A multiplied by themarginal probability of evenA (the
unconditioned prior)normalizedby the marginal probability of ever (the evidence)

(equation 23).

= s |||?=|| = (2-3)

Ly I RRA (A Zhgorein 2anotket alg&ith@ that is often usedin stochastic

modeling ighe Markov assumption.

2.8 The Markov assumption
a I NJ asguiptionis that the future is conditionally independenequation 2-4)

of the past given the preseff85].
® Ubt U (2-4)

A process is said to be Markovian if it adheres to this assumption. Many dynamic
LINPOFOATAAGAO Y2RStf & dzaS al NJ 2 @Qemporald a dzy LJi
models. Equation 5 shows that at eachtimestep the future timestepgQa adl S
LINPOFOAETAGE RAAGONROdziAZzYy 2yfé& RSLISYRa 2y
given that at eacimestepxr G KS OdzZNNByd adl dSQa U3FRPOolFoAf A

0 & hd B 0 B 0& W (2-5)

Probabilistic graphical models, which are often used to represent stochastic models,

can be Markovian for temporafarianceg35].

2.9Probabilistic graphical models
Probabilistic graphical models (PGMs) are grapbed representations to compactly

encode complex distributions over higlimensional spaces. Each node of a variable is
represented as a probability distributiofor masg function [35]. Connections between
nodes representthe causal relationships between thenmA section of PGMs are
described in the next few sections. The PGMs selected are variations of Bayesian
Networks and in some cases are components of POMDPs which are resini® this

thesis.
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2.9.1 Bayesian networks
A Bayesian network is a

type of probabilistic graphical season
model that uses Bayesian
statistics to infer information
about the system. Ba&gian
network representations are
directed acyclic graph (DAG)
which capture probabilistic
causal relationships between

muscle congestio

observable and nowbservable pain .

variables (i K NR dz3 K W

directed connections betweenFigure 2-5 Example Bayesian network for diagnosing flu
the nodes(seeFigure2-5) [35]. verses hay-fever given symptoms and season [35]

In the exampleFigure 2-5 the observable nodes arehé season, musclpain and
congestion. The nonbservableintermediate nodes arefor flu, and hayfever. The

cause of the illness must be inferred from the symptoms and the time of year.

Partiallyobservable (also known as ncobservable)variables are of two types:
targets and intermediate. Targets are information thadesired by the system while
intermediatevariablesallow for help in managing the size of the conditional probability

table, transparency to relationships and highligthiateractions between variabld49].

A Bayesian network can be used to model temporal systems using a dynamic

Bayesian network.

2.9.2 Dynamic Bayesian networks
Dynamic Bayesian networks (DBM¥ymit time evolution in the systenp50]. DBNs

model this by allowing new observations to be maaded prior belief distributions to be

updated via Bayes theorem arithe Markov assumption. The structure of the DBN itself
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does not change but causal relationshipetween variables and the neximestep are
represented[35]. C2NJ SEIl YL ST (GKS O@OSKAOf SQa LIRA&AAGA
GAYSalSLIQa LI &ana usesyead ngcRoniagSt 2 OA U @

Dynamic Bayesian networks are used across a wide range of applicatitins
stochastic temporal systems. One suekxample implementation was a tool for

modelling AUV mission risk.

29.2.1 AUTOSUB AUV MISSION-BASED RISK ANALYSIS TOOL
An example ofa DBN used in autonomous vehicles is a misbased risk analysis

tool that gives the likelihood of vehicle bgiven the mission and environment
parameters[49]. While not a direct control system it demonstrates the stociast
nature of AUV missionand how DBNs could be appliethe DBN infers the risk of

vehicleloss to determine i situationputs the vehicle at risk.

This was applied to the AutoSub AUV developed by the National Oceanography
Centre (NOC) (Southampton United Kingdom for ocean research. Their
implementation used a Bayesian belief network model combined with M@ddo
simulationsto generae WNB Y PSt 2 LIS&a Q (1 KMdier sON&ll plotg51]Y | LI | Y
[52]. The Bayesian belief networlrew on an expert panel to assign the required
probabilities[53] [54]. Later, these values were updated using Bayesian networks that
compare prediction versus the actual occurrence to better model the probability of
vehicleloss[55].

This example demonstrates the applicability of stochastic temporal modelling to
AUV missions and underwater environmengsiother useful example of DBNSs is for

modelling of cascade failures.

29.2.2 CASCADING FAILURE PROPAGATION
DBNs were used to model caseafdilures for their tradeoff between analytical

tractability and representation of propagating cascade failure esiefhe stochastic
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model provides a representation of the physical modelfor the evolving cascading

phenomeng56].

This example demonstrates the ability of DBNs to handle inference and determine
the root causes of faults and failures which is for fault management sysierd8N

that appliesthe Markovad 8 dzY LJG A 2y G2 RSUGUSNXNAYy Schdin a2aGSYQ

2.9.3 Markov Chain Monte Carlo Given state A, there &n

A Markovchain Monte Carlo is a 80% chancef endng in state B and
. a20% chancef endng in state C
sequenceof possible states that use
the Markov assumption tomake the
conjecture that the current state only
depends on the previous statélonte
Carlo meaningalgorithms that use
repeated random sampling to obtain

numerical resultsA transition function

(equation 26) is applied so the
probability of the next state [a]Qs Figure 2-6 A Markov chain  example
conditional on the current statgs] [35] (seeFigure2-6 A Markov chairexamplg. This
probabilisticallymodesl & & & ( S Y QdiaccdudiXdr cizingea etween states.
"Yi si (2-6)
Markov chains can be applied toany problems since thegan handle changesn
states. A relevantexample is the application of Markov chaitasAUV riskassessment

during critical mission phases.

2931 MARKOV CHAIN FOR CRITICAL PHASES IN AUVS
A Markov model \&as appliedo estimat riskto the vehicleduring different phases

in an AUV deployment, operation, and recovery. Faults were differentiadéséd on the
missionphase[57]. This example demonstrates the strength of the Markov assumption

to determinel @S KA Of S Q aintransitionsSor & fguRmaNdgénierit system.
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Fault management systems must also act to mitigatdt and failure impacon the

mission. Decision neorks are Bayesianetworks that allow decisions @ctions

2.9.4 Decision netAworks (DN) L R o i o ]
5ba IINB Y2RAFTASR .l éeSaAly ySuWINIHEBIIKD U

[58]. Decision nodesre possible actions that affect variables with tivalue nodes
representing thereward or cost of associated with the variable nodes and decision
nodes A policy is the analysis of the value nodes to map the best actions that have the
highest reward or lowest cost to each possible stddecision networks are useful for
autonomous vehicles since thejncorporate actions in the model andmake
compaisonsto determine the optimal outcome.

Forexample a DN usedo determine the best action to repair a faulted systeis

briefly described next

2941 FAILURE COUNTER-MEASURES
A decision network was applied to a case of a repairable hydraulic/ thermal system.

The DNcomputed the system reliability, expected cost thfe value nodes enacte@nd
the importance measureof components(meaning the criticality of the component

A ¥ s A 9w

failing.L 0 G KSy &S fcBubtér@dasuid KePair fBiotHe SySteniss].

This example demonstrates that a DN can be used to choose actions to mitigate
faults. Another interesting example is the application of a DN esumtermeasurefor

external attacks

2942 ATTACK/ DEFENSE COUNTERMEASURES
A decision network was applied as a countermeasurari@ttack/ defense scenario

of the Supervisory Control and Data Acquisition (SCADA) system. This application
demonstrated that the DNan havecomplex modeling and a fault management system
which was ablgo apply countermeasures to possible failures from external attacks

[59]. This is a useful example since the fadltailures that avehiclefault management
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system may have taonsider responses toexternal forces (e.g. interference from
wildlife).

Decisiometworks thatmodeltemporal variances and multiple actions over time are
dynamicdecisionnetworks.

2.9.5 Dynamic decision network s (DDN)

DDNs like their Bayesian network counterparts, are extensions of the decision
process that account faemporalchanges. They contially update their beliefs as each
timestepprovides new observations which can result in new acttorgerform.

DDN are relevant for fault management here, since they account for stochastic
relationships between variables, fault mitigation actions, and the tempewvalution of
the vehicle.Anexample is the Anomaly Resolution and Prognostic Health Management
for Autonomy (ARPHA).

2951 ANOMALY RESOLUTION AND PROGNOSTIC HEALTH MANAGEMENT FOR_AUTONOMY
The ARPHA system is part of the VERIFIM pr{8¢t Its goal wago investigae

methodologies for autonomous eboard FDIR by the European Space Agency and
Thales/Alenia Italy29]. This faultmanagement system was developed for autonomous
spacecraft and was demonstrated in a case study for the ExoRbaes power system.
This system uses dynamic decision netwdikslevelop policies to determine ehbest

responseto afault/failure incident[29].

These DDNs were developgdth an extendeddynamic fault tree (EDFT) language
[60]. ARPHA uses janction tree to propagate observations arattions in the model
and then computes the expected utility and future belief. A Bok@tier algorithn[61]
provides the posterior probabilities over variables of interdstdeterminet KS a8 aidSyYQ

state and policy evaluatiofor actions to takd38].

Dynamicdecisionnetworks that apply the Markoassumption are Markowecision

processes
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2.10 Markov decision processes

Markov decision processes (MDF

are temporal dynamic  decision
networkswith decision nodes, transition
functions, and reward functions. The
are Markovian processesince they
assume the previous state is the be

predictor of the current statdseeTable

Table 2-2 MDP tuple (s, a, T, R, h, )

finite number of AU\&

environment states

finite set of actions the AUV can
perform

statetransition probability
functon ¢o6aQu az I |
reward functionR(s, a)

horizon

discount

2-2). MDPs are usetb model decision

processes given a probabilistic system staée [ G K I (

state (prior) byapplyingan action control or command.

Markov decision processes are

Given state A and action k, thereais 80% chancef

an augmentationof Markov chains; endingin state B an&20% chancef endingin state

the difference is the addition ahe
choice of actionsd] and rewards
for choosing tlese actions (see
Figure2-7). This process is captured
in the state transition function (see
equation 27). Additionally, the
Markov assumption uses only éh

system state from the previous

C

action: k

0N yaAGA2Yy SR

timestep to calculate the curmet Figure 2-7 Example of P $ |os$a)in which possible <&
probabilistic system statg62]. For are states Band C, sis state A and actionis &

example, given staté and actionk, there is an 80% probability the new stateBjsbut
there is also a 20% probability that the new state mayChestatesB and C constitute
the entire set of possible states resulting from applying actiqifrigure2-7).

Yiosi R 2-7)
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Y i h (2-8)

The reward function (seequation 28) gives a codbenefit for performing an action
given the state. For example, a positive reward may be given for the vehicle rising when
its stateis too deep in the water columand a negative reward when descend. The
horizonis a count of how many future steps fan beyondthe immediate oneFor
example, a horizon of 3 may have 3 sequential actions that are performed to result in
the desired state. The discount is applied to the reward so future rewards are less than
immediate rewards. This allows the control system to foonsmmediatdy beneficial
actions over future ones for a more responsive system. A policy can be created that

maps all possible states given their prior state ahe action applied.

The utility function combias the reward andlikelihood of an action transitioning
the stateto the rewardedone ¢ the W. St t Y I y (eQuitior 2{9)A Ehe @ptimal
equation is the maximum utility action given the stéggjuation2-10) [63].

o i 'Y i TB  wi "Yi si hd (2-9)

0 aMNOO ®OF "QaBooni “Yi si b (2-10)
Eachtimeste &tate is affected by the previous state and action. The reward

received is affected by the state, the new state, and the action perfor(Riglire2-8).

Figure 2-8 Markov decision network over 3 timesteps  [91].
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A policygenerated for a system maps the states to actions that have the best utility
function. A common wajgo generae the policy for an MDP is through a value iteration
solver.

2.10.1 Value iteration solver

Value iteration calculates the utility of all actions #ogiven state. It then selects the
action with the highest utility forthe given state. The policy is generated by iterating
through all possible actions a state might execute and map each state action and
probable new statg64]. The MDP value iteration can be solved in polynomial tame
is Rcomplete[65] [66].

Markov decision networks have been applitnl several applicationswhich are

discussed next

2.10.2 Example control systems
MDPs are increasingly applied to rearld systemssince theymodel stochastic

systems and provide actions to those systdm& LJ- NIi 2 Fautinkrly.OgeS K A Of S
example ian MDPappliedto a faulted AUV.

2.10.2.1 REAL-TIME OBSTACLE AVOIDAN CE FOR UNDER ACTUATED AUV
A Markov decision process was useéd plan the kinematic motion of an

underactuated AUV for redime obstacle avoidance. This was performed in an
unknown environment witmo prior knowledge of obstacles and an unknown sea flow
vortexwasapplied. The system used a combination of geometrical rough-plaitning
and MDPbased target pathracking which was supported by reactive collision
avoidance[67]. This example demonstrates the applicability of MDP A&V fault
management.

Another examplas MDPs applied to AUVs for tracking of targets

2.10.2.2 TRACKING A ROW OF DISCRETE TARGETS WITH AUVS USING MDP
A Markovdecision process was applied tovahicle control system to determine

search areas for naval mine countermeasu@g]. A gridis overlaidonto the area the

AUVsearchedor targetsin. Each individual target does not need to be found since mine
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disposal (typically with underwater charge$ affects anentire area and nearby
undetected mines wouldalso be neutralized Thesearch areawvas divided into cells
based on the overlaid grid, whereach O S f proBability distribution relates the
likelihood it contained targets. The MDP determidewhich cells to search for new
targetsand minimizes mission time givethe likelihood of a cellcontainng a target and

the distance from cells confirmed to contairtarget [68].

This complex moding is a useful example forAUV fault management as it
demonstrates MDPs can be used to predict possible staieen current information
and devise actions accordinglyCollision avoidance folJA\s is another examplef

predicting faults and taking actions to mitigate them before they because issues.

2.10.2.3 AUTONOMOUS COLLISION AVOIDANCE WITH DELAYED PILOT COMMANDS
An MDP wasusedto compute the optimal waitstrategy for an unmanned aerial

GBS KA Of SQaconirdl Inpudlt detBrrhirgsivhether an expected communication

latency is larger than the optimal wait time, aifdso, to autonomouslymaneuver the
UAV to avoid the obstacldhis methodology must determine the likedod of a delay

andautonomouslyact, as opposed to @it for the pilot input [69].

This examplalso demonstratesan MDPthat choosesbetween actions set by the
pilot (UAV would havepre-set missions) andhosethat benefit thevehiclehealth.
Preplanning collision avoidancds another releant example for a fault

management system

2.10.2.4 COLLISION-FREE TRAJECTORY GENE RATION FOR UAVS
An MDRbased algorithm combined witthe backtracking method, was applied to

optimally reroute a UAV to avoid both static and moving obstacles, tnacking
targets and solve for the best route to avoid them. A flatrleased trajectory planning

method was applied to integrate thdAVphysical constraintf/0].
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This example demonstrates planning letegm actions to avoidbstacles This is of

interest to fault management since obstacle avoidandeaal vehiclenavigation.

AUVsare uncertain about heir state due tosensorlimitations resulting inpartial
observability ofthemselves andtheir environment. Markovdecision processes are
limited asthey assume the state is always knowartiallyobservableMarkov decision

processesaddresshis gap

2.11 Partially observ able Markov decision proce sses

Partially observable

Markov decision procsses T.at.’le 2-3 POMDP tuple (s, a o, T’.R’ ©H

S finite number of AUV and environment state
(POMDP) incorporate thq a: finite set of actionghat the AUV can perform

. o: finite set of observations the AUV can make

MDP and the assertion tha T transition probability functiort 6 a Qu a
GKS &adeaidSsyreany|R reward functionR(s, a)
partially observable and 0 probability of observation functio®(o| s, a)

b: belief distribution of across all possible state
could be approximated with for which state the vehicle is in.
a belief distribution over all hj hprlzon

discount

possible system states (see
Table2-3). A belief stateis a probability distribution across the possible state space
NELINSaSyidl 6A@S 27F (,Kkgben @sSgast QistdByQoli actongNaNdS y' (i &
observationg71].

An observation is a discrete value for a variable that is used by a POMDP model to
predict its state. The probability ¢fie makingan-observation function (see equation 2
11) maps the conditionaprobability of makingthat observation given the state and
action that was executed

0 ¢4 hid (2-11)

This function along with the state transition function in the MDP model captures the

dzy OSNI F Ay Geé 2F GKS g ThisSavoasithedDP [toimBdel$ha G A Y I G A

uncertainty of the state as well as thansitionin state from actions
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For each timestep, given a series of observations, the belief distribution of the state
is updated usingequation 212 with the normalizing constant) for the belief update

definedin equation 213 [63].

@i -0éd OB Y dRODI (2-12)
- 5 srs 1M (2-13)
Like the MDR eachtimestep of the state is affected by the previous state and

action, and the reward is affected by the state, the next state and the action chosen.

The action chosen is affected by the observations made, which are used to build the

state belief since the state cannot be observed dire¢Higure2-9).

Figure 2-9 Partially observable Markov decision network over 3 timestep s[91]
(O=observation, S = state and A = action).

A major drawback of the POMDPs is their highmensional space. Additionally,
when planning for a horizon of more than otimestep, the complexity is exponential
sinceeach stateis probabilistic and the next timestep must account for the previous
state being knownThe conditional probabilities of the observation function can be
ISYSNI 4GSR FNRY GKS[7TESKAOf SQa aSyaz2N) Y2RSft a

The proces$o generak a policy (map belief states to best actions for maximum

reward) is made more complely the POMDPs lack of known stat€his ould be
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addressed bysolvers that attempt to minimizethe solving complexity while still

generating optimal policies for largéase spaces

2.11.1 Solvers
There are POMD8vlvers however,manyonly approximae the POMDP due to

its highdimensionality.The solversvary due to the models they are applied to, their
executionspeed, assumptionsfdahe environment,etc. me solversonly seek alocal
optimal and others are combined witktate estimators like particle filters. Solving
POMDPs is highly intractable generally, partly due to the optimal policy potentially being
infinitely large[74]. POMDRfor finite horizon caseare FISPACEEomplete[65] [75]. This
makes their solving time grow exponentially6] for larger state, observation, and
action spacesThis could bean issue when applied to AUVs and as such alternative
solving methods such as approximate solutionsnay be preferable.The following
solvers were selected for review based onithgrecursorto other solvers, and their
appropriatenesgo autonomous vehicle applications.

Value iteration with a known reward functionforms the basis foPOMDP
solvessand is discussed next

21111 VALUE ITERATION
Similar,to MDP valueteration, a POMDRalue iteration calculates the utility

relative to the payoff (reward) function [64]. However POMDPscannot directly
determine the state. Insteada piecewise linear convex (PWLC) function must be
developed. Te PWLC maps the state belief and actions to the states theyendlin
[77]. Figure2-10 showsa system with two states (0 and 1) and two actioa$, @2).
Initially, whenb is within the first stateal (blue line) has the highest utility in reward. In

the second timeste@2 (green line) would have the highest reward.
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Immediate Horizon 1
Rewrards Value Function
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1

Figure 2-10 Value of a fixed action and observation  [77]. The two possible states are 0 and
1. The probability of being in either is given by the blue and green bar between 0 and 1.
Each state has a utility function (blue and green lines). In the first timestep (left) given the
belief b the highest utility valu e is from the action al (blue line). This results in the belief
changing states from O to 1 in the next  timestep (right).

=
e

0

The value iteration algorithm defines the basics in many of the alternative
solvers. However; it is timeonsuming, intractable andonsequently, inefficient
Additionally, the value iteration computes value functions AdrLbelief states not just
the relevant ones, some stategill be unreachablegrom the currentvehiclestate. Other
solvers searckhe subset of the state spacosith states, and actions that are attainable,
desirable, and probablg4].

An alternativesimilar methodto value iteration is policy iteration.

211.1.2 SONDIK AND HANSENG POLICY ITERATION
Policy iteration(proposed by Sondik 8]) iterates through possible policies using

the utility function and attemps to improve the policy from the previous one. The
policy iteration algorithm can converge to a policy arbitrarily close to the optimal policy
[78]. The policy evaluation step converts a policy to an equivalent, or approximately
equivalent, finitestate controller which allows the value function of a fingtate
controllerto be computed in a straightforward way. Howevehe conversion between
these representations is complicated and difficult to implemehus its limited use

[79].
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Hansen proposed an improvegablicy-iteration algorithm and a new heuristic
search algorithm that solgeinfinite-horizon POMDPs through searching for a policy

space of finitestate controllerg79].

This solveralong with the previous solveforms the basis of modern solvers
however, they are unable to generally solve large state spaces. A solver that was

developed to improve solutions for POMDPs waswitaessalgorithm.

211.1.3 WITNESS ALGORITHM
The witness algorithm explores a finite number of regions that are a partition of

the state space imposed by the PWLC property of the value funffibin[80] [63]. It
simplifies the solution of POMDRs evaluating each action separately (rather than
together like previous solvers) and then combines the value functions at the end. This
solver was more efficient than previous versions however; it was still only efficient for
smaller state spaces. Its improvements are often featured in other solyedarger

improvement for solvers for larger state spaces was ploint-based value iteration

21114 POINT-BASED VALUE ITERATIO N
Pointbased value iteration (PBVI) selects a small set of representative belief

points and iteratively applies value updates to those points. It iappexplorative
stochastic trajectories to select belief points, thus reducing the number of beliefs points
necessary to find a good solution. PBVI focuses planning on reachable beliefs and due to
its use of fixed belief points set able to perform fastvalue backup$81]. A further

development of the PBVI is the implementation of Perseus.

2.11.1.5 PERSEUS
Perseus usethe randomized pointbasedvalueiteration algorithmto operate

on large belief setthat are sampled by simulating random trajectories through belief
space. Approximate value iteration is performed on the belief set by applying several

Wol O1dzlJQ adl 3Sas gKAOK SyadaNBa GKIFG SFOK ¢
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every point in thebelief set. A backup state referstbe @ £ dzS A GSNI G A2y Qa
updatesto propagat information in reverse temporal order through the value function.
Additionally, a single backup may improve the value of many belief points. Perseus
backs up randomlgelected subsetof points in the belief set, sufficiend improve the

value of each belief point in the set. This reducesdbmputation burden on théack

up stage which can be intensij&2].

Similar to PBVI augmentatiai value iteration an alternative to policy iteration

is the method of poinbased policy iteration

2.11.16 POINT-BASED POLICY ITERATION
A pointbased policy iteration (PBPI) algorithm for infiriterizon POMDPs was

implemented by combining policy iteratiofection2.11.1.93 with pointbased value
iteration (Section2.11.1.9. PBPI allowed for the faster convergence of policy iteration
and the high efficiency of PBVI for policy improvement. PBPI is generally more robust
and requires fewer points for solving than PBVI which leads to increased scalability and
robustness compareditits predecessdi83].

Alternatively,to variations on value and policy iteratiaare approximations of
POMDP as MDP to solve for policies. One such solver is the augmented Markov decision

process

2.11.1.7 AUGMENTED MARKOV DECISION PROCESS
The augmented Markogecisionprocess (AMDP) approximates the POMBR a

reduced MDP moddb solwe [64]. The AMDP compresses its space of beliefs to a mode
incorporating the uncertainty of the distribution (i.aistribution and entropy) It
FadadzySa GKIF G GKS sumoBiteddRT a4 LOI2GBS NOIRA YRS a A2y
adFdAaGA0 T 6KAOK YI Ll o0 Sf{[e4SThe prbakiliyNRA 6 dzi A
functions and rewardunctions for the augmented space are than learned. Once these

new augmented functions are generated value iteration is used to generate the policy

[64]. It then solves the policy of the approximated belief space as an MDB. Th
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however; is disadvantagous due to the compression of the model being
computationally demandin{84].

Another POMDP solver that uses an approximation of the POMRR M®P is
the Q-MDP
21118 Q-MDP

A Q-MDPis a type of solver that approximates the solution of a POMDP by first
solving the MDP and then applying the state belief distribution to the MDP policy to
determine the POMDP poli¢g4]. The QMDP algorithm is the same complexity as MDP
value iteration[75] [85] which simplifies its computational complexity tecBmplete.
TheQ-MDPname is derived from the fact that single action value functid{s awere

historically referred to as Qunctions[80].

The @MDP makesthe (usually false) assumption that after one step of control,
the state becomes fullpbservable. This can be an isssiacethe algorithm assumes
that any ambiguity will fall away in the next step, causing it to lean towards neutral
actionsand thus has difficulty in choosing information gathering actiofi®0]. However
while using direct control strategies in real world probleni&MDP policies perform
very well[85].

Equation 214 is the Q-MDPvalue update othe MDPvalue function and Equation-25
is the Q-MDPpolicy update.

Oihd 1iRm B i "Yi siho (2-14)

t 2f AG& QuBboi 0 i o (2-15)

The Q-MDP solver is promising fothe thesisapplication due to its ability to
handle large state spacewith minimal computational complexityPBVI, PBPI and
t SNBESdza INB Ffa2 LXIlFdzaAaoftsS FT2NJ GKAa GKSanh:
and witness agorithm, while relevant to discuss due to them being much of the
underlying processes of more modern solver implementation, are sugiable to be

directly applied forthe purposeshere. The AMDP solver requirggensecomputatiors
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for compression whichraembedded AU\processormay notbe able to handleand is

thuslessrelevant for purposesere.

Modern solvers often combine solvers with other methods (suchpagicle
filters) or make assumptions to reduce complexity and solution state space. This with
additional increases in computing power allows for more feasible application te real

world problems.

2.11.2 Example implementations
While still primarily researctools due t their complexities and computation

requirements, POMDP models are increasingly applied tewedd systems. fis is due
to their ability to account for decisiemaking, stochastic models, conditional
relationships, probabilistic state transitisnand system and environmentpartial
observability

An example of this is a POMDP applied as a survivability agent (similar to a fault

management systein

21121 AGENT SURVIVABILITY SYSTEM
A POMDP model was applied to a survivable agent system for environmental

threats, sensor observations, and the composite state of its agents. This system models
large scale agent population and is assumed to exist in an unstable environment that is

subjected to inadvertent andeliberatelyinduced failure486].

This application demonstrated the use of POMDPs for survivability which is
similar to fault management in that it determines actions that best promote the health
or survivability of the agentAnother implementation of POMDPs is for naval mine

clas#fication.

211.2.2 MULTI-VIEW TARGET CLASSIFICATIO N WITH AUV
A POMDP model was applied to the muittw underwater mine classification

problem. The POMDP policy adagtan AUV routeto determine the number and
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viewed aspects to confidently classify a mneA 1S 202SO00G® ¢KS t he
correspond to targetspect pairdor different object types. Actions incorporate AUV

paths and classifying the object that is being interrogated. The reward function is
defined to treatmisclas#fications equally, rather than heavily penalizing certain types

[13]. This was evaluated using a set of synthetic apersorar data collected during

NATO Undersea Research Centexperiments The POMDP reactive method

outperformed other deliberative methods of classifying targgg].

This example demonstrates how POMDP models can be tgsetistinguish
betweensimilar objects. Fault management similarly differentiates betweermal and
faulted states that maymanifest smilar observations

Another example of an applied POMDP model id¥akpath-planning

2.11.2.3 PATH-PLANNING FOR UAV
A POMDP control system was applied to passive detectiaiMpath-plannirg.

Both the state andaction space were modelled in continuous time. The posterior
probability distribution of the target state wasstimated with an Unscented Kalman
Filter. The control system was simulatedMATLAHB88].

Similarly to MDPsSgctions?2.10.2.3and 2.10.2.4, POMDP mods are usefuto

determine actions over time that mitigate failures such as collisions

These examples demonstrate the viability of POMI@Prealworld applications

and autonomous vehicles in particular

In summary from the literature review, underwater environments are complex,
dynamic and only partially observable. AUVs aetevant and useful tools for
underwater applicationsince theycanact independeniy of operators. AUVs however,
must be enabled with intelligent autonomy to facilitate complex anlkbng-duration
missions. To this endault management ismportant asit facilitates a vehicl@ ability to

mitigate current and potential failures. The implementation of a fault management

-41-



system can vary inits. represenation of time; model design of the underlying

architecture and the way it makes decisions

Of interest are deliberative stochastic modedsed systems that operate in discrete
time. Fault management systems can implementetfe using partially observable

Markovdecisionproces®s

POMDPs are part of krger group of models called probabilistically graphical
models whichcapturerelationships between observable and nohservablestochastic
variables Nonobservable variables can benferred through their conditional
probabilities with observable variables. PGMs are used in a wide range of applications
including fault management andelated problems like collision avoidance and

classification of observed targets

POMDPs are directly usedsomeautonomous vehicle systents path-plan, virtual
survivability modelling, and mine classification. These examples demonstrate the
robustness and capabilitiesof POMDPs over a wide array of task dynamic
environments.Thet ha 5t Y2 RS Qapturé stodhbshiclisgsterisdd causal
relationships as well asdeterminethe W6 S & i Q Iclidevedesiyedvehicl states

makes ita powerful toolfor fault management

At the time of this thesisthere isno public literaure on implementation of POMDPs
for AUV fault-management. Thereforethis thesis proposes to develop a proobf-
conceptfault-management system that appliespartially observable Markowecision
process fault manager for aAUV. Thre fault manager implementation usea discrete

time deliberative stochastic modélased system

Therest of this thesis igaid out as followsChapter 3 contains thenethodology

which covels the reasoning for the design and todslected Chapter 4describeshow
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the system is implementedChapter 5 presents resulfsom the revealingsimulation
test cases for the fault management systelastly, Chapter 6presentsconclusions and

Chapter 7, recommendationgor future work
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3 METHODOLOGY

This thesis evelops a stochastic deliberative modetbased fault management
system with partially observable Markov decision processes for autonomous
underwater vehicles. A proaif-concept implementation watested by simulating two
AUVsub-systens and developing POMDP models toe fault manager. These POMDP
models were processedith a Q-MDPsolver to create policiet select the best action
at a giventimestep and belief state. The AUV sulsystems chosen were fairly simple in
terms of complexty but this was desired to focus on proving the application of applying
a POMDP. While these specific systems could be controlled by more simple control
systems it is proposed that the model be eventually expanded to more complex sub

systems such as mmation.

To be consistent ithe terminology (due to words having multiple meanings depending
on context) from here on
T ®06aSNDI (A pugoanientdNdinfed&siNablié discie systemvariables that
determines the state. For example, a depth sensor reading megd 50 meters
and the observation the AUV ight make on this is that the vehicle depth is
WHeeper than desire@
T WEOGA2YyaQ NBFSNI (2 O2YYlFIyRa 3IAGBSYy o0& (F
enact. For example, an action may be#bort the AUVmission and surface
1 W0l deferit@non-observable disctie @I NA I 6f Sa GKI G NBLINBAS
health andpose in the environment
T WoStAST adlidSaQ NBFTSNI G2 GKS LINRsIoAf Al
over all possible states
 Ydbfidence of a stat@efersto the likelihood/probabilityof the vehiclestate.
1 W¥asurement® are simulated AUV sensor measurementsto infer the
observations
1 WrdaupSLYefersto the mutually exclusive valuesf states, observatiors, or actiors

variables, for example a group of energy capacities could include high energy
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capacity, and low energy -capacityJointactions, jointstates, and joirt
observations are various combinations of the different groups (variable Jalues

1 bottom-lockandDVl:lockare equivalenfor our purposes (normally bottorsock

would refer to all sensors but since DVL is the only one accounted for in this

model it is used as the reference for botteiock)

The fault management system models in discriétge with eachtimestepacaessing

new simulated sensor measurement.hese measurements are used to generate

observations for the vehicl&dhe fault manager uses these observations to update the

belief state distribution of the vehicle. Once the belief state for the AUV is knthen

policy would be used to select actions for the AUV to perform. The next timestep would

update with new observation§.e. actions are enacted almost immediately)

This system was implemented in the opsource middleware Robot Operating
System(ROS)1]. ROSwvasselected because it is relatively easy to use haslavailable

third-party robotics tools

The fault managementsystem was dveloped aroundfour main ROSnodes (see
Figure 3-1). The missiorrcontrol node administersand runs each simulatiom the
missiorrcontrol input file(seesection4.1). Thelogger node generasslog filesfrom the
simulations(see sectiord.2). The POMDP node is the fault manager tiganerates
actions to perform(see sections3.2 and 4.3). Finally, the AUV&aimulator models a
vehicle (Sections 3.1 and 4.4), makes observationfrom simulated sensor inputs, and

enacts action$rom the fault manage(POMDRP)

-45-



Mission
Control

AUV
Simulator

Node

Figure 3-1 Implementation of AUV fault management system using ROS

3.1AUV Simulator
The AUVsimulator consists of wo sub-systens: depth and power management.

They canoperate independerly of one anotheror have dependencies between them

The depth sub-system addresses the AUV depth and pitch where depthais
component ofthe AUVpose(state), has observations that are easy to interpret, azah

easilyintegratereatworld data for teg purposes.

The power managemergub-systemis a critical AUV componérsinceenergy is
a limiting factor in missiosuccessThe energy consumeghch timesteps generatedy
input values from a prset log file. A logicabrogression in the future would be to
integrate the energy consumption over all sensors, motors, actuators, and processors.
The powermanagement sub-system calculates the estimated time to mission

completion by comparinggainsta pre-set total mission tine and elapsed time since
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mission start Ths sub-systenQ) actions can limit energy us and abort the vehicle

missia.

The AUV simulatostarts whenthe mission control seais it an initialization file
(Figure3-3a). This initialization filecontainsAUV parameterslike maximum epth and
initial energy capacity. Nexthe simulatorinitializes the two sub-systensQvariablesas
defined in theinitialization file. Ifthe variables are not sdbr a subsystem,the vehicle
disables that subsystemby default (facilitates independent sub-systemtesting, see
Appendix @ Tablg. Finally, initiavehicleobservationgjudgements on measurements)

are made and sent to the fault manag@&@OMDP node)

4 N 2

receives
AUVmodel from actions from
mission control fault manager
update eaclsub
initializesub- systemusing
systens actions
makes
generate initial observations on
observations vehicle
sends
send

observations to
fault manager

\ fault manager / k /

Figure 3-3b AUV simulator update

observations to

Figure 3-3a AUV simulator for each timestep.
initialization. Receives AUV

initialization file from the mission

control.
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At eachtimestep (seeFigure3-3b) the simulatorreceivesnew actions from the fault
manager.Then, the suksystem response tthese actionsare simulatedand the AUV
simulation modelis updated The simulatorthen acquires sensor measurements and
processes these into observations. These observations are then sent back to the fault
manager for inferencédeliberation) The sensor measurements are taken from preset

log files either generated or reaforld bathynetry.

The vehicle simulator passes the observations to the POMH3Ed fault manager

which then returns actions for the vehicle émact €xecute.

3.2POMDP
The partially observable Markowdecisionprocess (POMDRji G KS Fl dzEf & YI y

deliberative stochastic modeb  a SR aOKSYlI ® L Y2RSta GKS
actions, and observations. A POMDP system was chosen for a number of reasons
1. It capturesthe partial observability of the vehicle and its environment. Due to
sensor limitations the vehicle does not know its state well. Additional
information can be inferred from fusing and processing multipensors,but
these have an associated error (noise). The POMDP mandaiprobability
distribution, across all possible statet® determine what the most likely one(s)

may be

2. With Bayesian statistiaaherent in the POMDRY, is possible to update the state
distribution from the conditional probabilities of the observati@in the sense of

measurements, not judgementf)nction (sensor model) and prior actions
3.al N] 200Qa& bhsaditsinstiiié futing state is independent of pasbnes

and only dependent orthe presentone (see section2.8). This simplifies the

historical state information to retain.
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4. The state transition is modelled as a probabilistic function to capture the

uncertain nature of the transition given an acti(see Section2.10).

5. The POMDP modgboth independent

and dependent subsystens and // POMDP model \

from mission

determines actions for thevehicle control

. . . build actionsa,
The fault manager implements its stoaktic observations, state€)
model by building and solving a POMDP modlel Sspaces
(see Figure 3-4). The POMDP modelis ¥
generated from an input model file with build probability of
. . . ) making-an-observation
information on actions, states, observation$ function (0] s.3)
and the probabiliy of makingan-observation ¥

(given state and action) transitioning
build probability of

betweenstates(given priorstate, actions)and transitioning between
reward functiors. statesfunction T(ss,a)
The probabilities and rewards were set basgd 2

on developer knowledge. A more accurafe build reward function

representation of a AUV would requiraletail R&a)
knowledge of the senser(to create higler- L 7
fidelity modelg and environment. For more solve for MDP policy
information on how the POMDP model wgs T(qu:s;;g%,a)
built seeSection4.3.2 ¥
Once the model was generated solver build belief state space
with uniform

was implemented to develop the policyhe probability

Q-MDP [64] solver was implemented here

Section 2.11.1.8coversQ-MDPin more detail. inform mission
. . trol read
The Q-MDP operates by first solving an MDF&\ controrreacy /
and then updating the policy to account for
Figure 3-4 Fault manager initialization.

Reads in POMDP model file given by
-49- mission control.




the partial observability given the state belief fof \

each timestep. The POMDP would then generate [an observations

made by AUV
simulator

v

initial belief state (uniform probabilityover all

possible states) and then informs the missign

control to begin the simulation.

update state belieb(s)
. . . space usingXo| s,a)
Over the course of the simulatio(see Figure

3-5), at each timestep the simulated AUV WouIi |
t

generate observations and pass them to the fa .
solve for POMDP policy

manager. These observations updatehe belief using MDP Policy
b(s) O(o| sa),

state of the vehicle modewhich using the paty, T(sPsa). Réa)

would determine an action. Time the action would v

be performed by the simulated AUV and the process _ .
using POMDP policy

would repeat until the simulation ends. determineBesKhctions
given state

The simulation ends wherhere is no new

simulated sensor data passed to the AUV

. ]
Additionally, if an abort isdetermined by the / send actions o /

POMDP the vehicle will surface with the remainiAg\ j

power. If no depthsub-systemwas nitialized the

) ) ] Figure 3-5 Fault manager update.
abort triggesthe end of the simulation

As previously mentioned, the solver implemented was @&IDP method. In the

next section tle use of thiswill be explored further

321 Q-MDP
A Q-MDPsolver[64] [80] [89] was choserto generat the policyfor severakeasons.

1. Value iteration of theQ-MDPis of the same complexity as MDR%]. This
can greatly reduce solving complexity compared to solving a POMDP directly

(polynomial versus exponential time to solye
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2. The solver handles large state and observation spaces vanehecessary
for the model

3. The model designed for the proof-concept did not include actions that the
Q-MDP would discriminate against due to its solving method.

4. Q-MDPs are well equipped deal with reatworld applications|ike an AUV

Value iteration[64], policy iteration[78] [79], and witness algorithmf/1] [80] [63]
were not chosen due to theinability to solve large state spaces. The AMBH [84]
requires acomputationintensiveconversion between the POMDP and MDP spatks.
point-based value/policy iteration[81] [83] and Perseud82] algorithms were not
implemented asthe QMDP was found sufficient and these offered no immediate
foreseen benefit (see Section2.11.). POMDPs havmany other solvers and future
work should compae solvers to determine the optimal ones for AUVidowever, for

this thesi€purpose he Q-MDPwas deemed sufficient
The Q-MDP solver [64] [80] [89] [85] solwes the MDP first. Then, at eachew
timestep, the Q-MDP policy was solved by combining the vehicle belief state with the

MDP policy and value function. Tieghe Q-MDPpolicy determinethe vehicleactions

This POMDP fault management and AUV simulatrewnplemented & ROShodes

in C++.
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4 IMPLEMENTATION

The proofof -concept fault manager and AUV simulator framework was
implemented as four ROS nodes: Mission Control, Logger, 3itwdlator, and the
POMDP (fault management system). These four stode nodes communicate
through publishing and subscribing to messadHseir interconnections are shown in
the ROSqt graph (seeFigure4-1) whichshows the node® Y Saal 3Sa GKF G | N

and subscribed to.

Jsub simulationFolder

[sub_fog_to file [logger node

[sublog to file

Jsub_missioncontrol model (  foomdp_model node ) /sub_mode! newactions

Jsub_auvsim_observations

Imision cortro pode ) /s teminate

Jav sim node
sub missioncontrol_startAUV

[sub terminate

Figure 4-1 ROSrqgt graph of the AUV fault management system developed .

The startup node is theissioncontrol which ses up the other nodes
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4.1 Mission Control

The mission control node manages the
execution of multipledistinct simulatiors
run in sequential orde(seeFigure4-2). The
mission control file (see Appendix B -
Mission ControlFile) containsthe file with
the POMDP model(see Appendix A i
POMDP Model Fil@ to be built, the AUV
simulationinitializationfile (seeAppendix C
¢ Tablg and the path where the simulation

resultsare written.

Once tle mission file has been read an
parsed the mission control sends the
results folder path to both thelogger and
the POMDP node Then, aftea shortwait,
to ensurethe messageavasreceived by the

loggerand that it has generated the fileg

the input model file is broadcast to the faulg

manager (POMDP node) to build and sol
the POMDP model. Then, the POMDP no
publishes amessage which the mission

control node subscribes to, that a policy ha
been generated(if it failed to generate a

policy the simulation will terminate)The

A )
T~

read mission

A

v

send POMDP model file tg
fault manager

receive
confirmation
that POMDP
modelbuilt
successfully

-

send AUV simulation
initialization file to AUV
simulator

receive simend
confirmation fom
AUV simulator node

de

S

mission control then sends the AUV
simulation initialization filepath to the AUV
simulator node. Once the simulation is
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complete the AU\Gimulator node publishes &nishedmessagesubscribed to by the
missioncontrol node, whichthen reads the next mission file in the queue. If there are
no more in the queue, thenissioncontrol node shuts itself dwn and terminates the

other three nodes

4.2 Logger
Theloggergenerates and updaesresultsfiles from the AUV simulation. This node

starts when it receives the path tihe simulationfolder (location where the result files
of the current simulation are storeddnd generates thaesults files. Note, existing
resultsfiles in the folder will be overwritten. Each new simulation should have its own
resultsfolder.

Over the course of thenission the logger receives messages from other nodes and
appendsamessage as a new line in the selectéel Thelogger upda¢sthese files until

either a new simulation foldes received, or it iserminated by themissioncontrol.

4.3POMDP

The POMDRsithe fault management system and operates in three modes: the first
builds the POMDP model from the input model file, the second e®for an initial
policy of the MDP model, and finally, it updates its belief of its jetate distribution

and solvesdr the Q-MDPpolicy using observations from the Aldvhulator.

4.3.1 Actions, observations, and states
A POMDP model comprises of acspstates and observatios. A group is used

to demonstrate a set of values that are mutually exclusive to one another that describe
an action, state or observation. For example, a group pertaining to the altitude could
include altitude low (meaning the vehicle is too close to thabsal), altitude ok
(meaning the altitude of the vehicle is within the desired range), and altitude high
(meaning the vehicle is too far from the seabed). This group of values cannot exist

simultaneously (i.e. altitude is low and high). Combinations of ¥hdous groups
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describe the extent of the observatipstate, andaction spacethese are referred to as

joint-actions, joirobservations, and joirstates.

Each AUV subsystem was modelled with its own groups for actions,
observations and statesThese were then combined in later simulations by created
conditional dependencies between the probability functions and reward functions of

the model.In Table4-1, Table4-2 and Table4-3 thesegroupsare described

Table 4-1 Possible action variables (groups)

sub- action group = possibleactions description
system

fin positon | DEFLECT_NONE When there isnoRS Tt SOG A 2
= DEFLECT_DOWN pitch is constant. Deflection up
§ DEFLECT_UP increases pitch while deflectiodown
© decreases pitch.
Y power- POWER_NORMAL When in power saving mode Energy
g management POWER_SAVING_MO consumption is reduced by a s
L mode ABORT percentage from the initialization file
o When the mode is set taabort the
g vehicle will end the mission by surfacil
5 (unless no deptrsub-systemis present
= in which caseit will end the simulation
o

upon calling abort).

Table 4-2 Possible observation variables (groups)

sub- observation = possibleobservations description
system  group

ALTITUDE_OK The vehicle operates using altituc
ALTITUDE_LOW keeping. In the initialization file thi
ALTITUDE_HIGH minimum and maximum  altitude

ALTITUDE_UNKNOWN | thresholds are set.
The vehicle is observed &®sv when the
altitude is less than the minimum an
high when greater than the maximurr
The altitude isok when within these
thresholds
The altitude isinknownwhen:

ﬂ The vehicle cannot achieve DMLk
due to the altitude being greate
than the DVL range (set i
initialization file).

depth
altitude

ﬂ The vehicle cannot achieve botten
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sub- observation = possibleobservations description
system group

lock due to the pitch angle being to
great in either direction (i.e. greatl
up or greatly down).

ﬂ A cascade failure fronvery low/
critical energy capacity has cause
GKS &aSyaz2NJ WTIl At

vehicle DEPTH_GOOD Depth is shallow when vehicle isless
depth DEPTH_SHALLOW than a minimum depth value set in th
DEPTH_DEEP initialization file. Vehicle is toadeep

when it exceeds its crush depth (also ¢
in the initialization filg.
PITCH_UNCHANGING | The pitch isunchangingwhen the fin

- qg)w PITCH_INCREASING mode has no deflect. The pitch is
oc PITCH DECREASING increasing whendeflected up and is
Qo - decreasingvhen deflected down.
PITCH_GREATLY_UP When the pitch has an angle of 0O it
PITCH UP F:or_wderedevel If pitch is greater than (
= it is up. A threshold is set on th
PITCH_LEVEL . . .
= maximum pitch to ensure bottorock is
PITCH_DOWN f oA oA O
PITCH GREATLY DOWI notlostL¥ U0UKS OSKAOf S
- - threshold (set in the initialization file) it i
consideredgreatly up Negative pitch is
< .
S down and follows the same logic as
o for maximumandgreatly down
CAPACITY_OK Energy isok when capacity exceeds
CAPACITY_LOW specified percentage (set in initializatic

CAPACITY_VERYLOW | file). Energy idow when less than the
CAPACITY_CRITICAL threshold. Energy isery lowwhen less
than half the threshold. Energy dsitical
when less than a quarter the threshold.

energy
capacity

HOTEL_LOW The hotel load is the energy consumptit
HOTEL_OK pertimestep.
HOTEL_HIGH A lower and higher rate is set in th

initialization file. The power usage ¢
energy consumption isow when below

% the lower rate andchigh when above the
) high rate.
e b The fault manager uses this to increa
“E’ % the likelihood of a low energy state ovt
@ o time.
E IS FIRST_QUARTER Estimates the mission intt/4 portions.
g 3 SECOUND_QUARTER | If low energy is detected in early missit
5 S THIRD_QUATER time (i.e. first1/4) the vehicle will abort
= - ALMOST_DONE as this is likely to be an issue with the-c
o (G}

board power supply.
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sub- observation
system  group

possibleobservations

description

USAGE_NORMAL

c
& POWER_SAVING
5 ABORTED

22

o &

Table 4-3 Possible state variables (groups)

If the vehicle is in the last quarter, it w
try and remain in normal energy usa
unless it hits tle very low energy
threshold as this is seen as being close
being finished.

Current power usage mode: the vehicle
set to.Power savingeduces energy use
at eachtimestep while aborting causes
the vehicle to surface and en
simulation.

description

sub- state possible sates
system group
vehicle | DEPTH_GOOD
depth DEPTH_SHALLOW
DEPTH_DEEP
vehicle | PITCH _GREATLY_UP
pitch PITCH_UP_MAX
PITCH_UP
PITCH_LEVEL
PITCH_DOWN
PITCH_DOWN_MAX
PITCH_GREATLY_DO\
=
o
S
o o  energy POWER_GOOD
a =

= capacity POWER_LOW

-5

Depth isdeepwhen either the crush depth i
exceeded, or the altitude is measured to be t
low.

Depth is good when altitude is within
thresholds, depth is within range, and lo
energy state is achieved.

Depth is shallow when the vehicle either
observes that the vehicle is too close to t
surface, or the altitude is too high. The depth
also considered shallow if the altitude
unknown and the pitch is within its thresho|
limits as to not cause loss of bottelock and a
cascade failure has not caused sensor failure
When pitch has an angle of O it is considel
level If pitch is greater than O it isp. If at the
GKNBakK2ftR FT2NJ 0KS LJ
maxed

The threshold is set in the initialization file al
is determined by the fault manager as ti
maximum angle the vehicle can achieve beft
losing bottomlock due to excess pitch angle.

fGKS @SKAOf SQa LAGOK
consideredgreatly up Negative pitch iglown
and follows the same logic as up fmaximum
andgreatly down

Energy isgood when capacity exceeds

specified percentage (set in initialization file

7-



sub- state possible ates description
system group

POWER_VERYLOW | Energy islow when less than thepercentage
POWER_CRITICAL threshold. Energy ivery lowwhen less than
half the percentagethreshold. Energy isritical
when less than a quarter thepercentage

threshold.
power- | USAGE_NORMAL Current power usage mode the vehicle is set
man. POWER_SAVING Power saving reduces energysed each
mode ABORTED timestep while aborted causes the vehicle
surface and end simulation.
est. FIRST_QUARTER Estimates the mission into quarter portions.
mission A SECOUND_QUARTER If low energy is detected in early mission tir
time THIRD_QUATER (i.e. first quarter) the vehicle will abort as this,
ALMOST_DONE is likely there is an issue with the twoard

power supply.

If the vehicle is in the last quarter, it will try ar
remain in normal power usage modelass it
KAGa GKS W@SNE (26Q
seen as being close to being finished.

Note: in a real mission completion would
measured by completed tasks but for o
purposes this was simulated as time.

The mission time is calculated thrglu an
elapsed time that is measured at each timestt
This is to better simulate a continuous tin
vehicle despite the simulator and fault manag
working in discrete time.

4.3.2  Building the POMDP
Thefault manager buildthe POMDP model when an input model file is received

from the missioncontrol. This model is separated into three pafisgure4-3). The first

part is basicmodel information such as thename (to differentiate betweerother
models in theresults folders), horizon, analysis typeand reward function discount.
Horizonis séi (1 2 W mddeadhSimestepytt vehicle chooses a new action, rather
than plan for actions in advanc@&he Q-MDP solver was deemed sufficient fdhe
analysis, but the system could be expanded to include other solvers for future
development. The disant is for the calculation of the utility functiom the Bellman

equations (see sectiod.10andequation 29).
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Another parameter | xcomment designated by #
. e - Model: model_name
is the modification value | yorizon: 1

- Discount: 0.9
for the probability of Analysis: Q-MDP
ModTrans: 1.0

transitioning-between ModObservation: 0.9

states  function and _
Action Groups: U

probability of makingan- | AGu A, .., A
observation function. | AGu: By, . .,B;

These multiply the value
] o State Groups: V
against all probabilities setl sG: c, .., G

for these functions. For esg,; Dy ... D

example, a value of 90% opservation Groupsy

OGi Ey, ..,
would reduce all i By B

é
OGw:Fy, ... R

probabilities set by the

statements by 10%Later ObservatiorProbabilitiesstatements
" | O1:Joint Actions. Joint States Joint ObservationsProbability

these are used for| € _ _ _ _ _ N
O« : Joint Actions: Joint States Joint ObservationsProbability

simulations with reduced

probability functions (see | Transition Probabilitiestatements
) Ty: Joint Actions: Joint StartState: Joint End State Probability
section5.1.4). é

) Ty: Joint Actions: Joint Start StateJoint End State Probability
Next, the action,

observation and state| rewards statements

R1: Joint Actions: Joint State Reward Value
groups are read and use( g

R Joint Actions: Joint State Reward Value

to generate all possible

combined jointactions, Figure 4-3 Example POMDP Model File

joint-observations and joinstates
The final part of the POMDP model set the probability and reward functions. The

probability functions probability ofmakingan-observation and the probability of

transitioningbetweenstatesmust sum to one (see equationsl4 and 42 respectivey).
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The values for the probabilitieand reward functionsare set via statements in the
POMDP model filéseeFigure4-4).

B ¢&sihd  pdr (4-1)
B iasihd  p8r (4-2)

Updating Probability of Observation Function

For Each Statement of Observations:
For Each JoinrfAction that is True
For Each JoinState that is True
For Each Observation
If True
O(o| s, @) *= probability
If False
O(o| s, @) *= 1 probability

Updating Probability of Transition Function

For Each Statement of Transitions:
For Each JoinAction that is True
For Each JoinGtartState that is True
For Each JoinrEnd-State

If True

T(sd|] s, a) *= probad
If False

T(ad| § probabjlity * = 1

Updating Reward Function

For Each Statement of Rewards:
For Each JoinfAction that is True
For Each JoiniState that is True
R(S,A) +=reward

Figure 4-4 Pseudo-code for POMDP pro bability of
observation, transition and reward functions update
for given statements in the POMDP file

Once the probability of observation, transition, and reward functions aretket

modelis sent to the solver to generate a policy

4.3.3 Solving the POMDP
The builtPOMDPModel is then passed to th@MDPsolver[64] [80] [89] [85] .

This solver solves the model as an approximated MDP rather than a PONBY® oltly
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do so by assuming the state is known. The M®iRen solved using a value iteration
method. The resulting policy and value function are stored for later use b@®P.
4.3.4 Execution of the POMDP
Once an MDP policy is successfuliyained, the POMDP informs thenission
control that it is ready, and then waits for observations from the AdiWulator. These
observations are used to update the belief probability distributb® §§ KS @SKA Of S
state space. Initially, the state belief distributi@wuniform with all possible joinstates
being equally probableln each subsequenimestep, equations4-3 and 44 (Section

2.11) update the belief distribution

Oi  —0édRDB Vi DG (4-3)

B sh B 1 (h® (4-4)

Once the belief distribution is updated the previously solved MDP policy is run
through theQ-MDPsolver that updates the policy to account for the belief space of the
vehicle (see Figure4-5). An action is chosen based on the updatedP@licy and sent

back to the AUV simulator node for execution

Algorithm QO-MDP:
R=reward function
T= Transition function
b(s) = Belief
Q= Utility function
N = number of jointstates
M = number of joirHactions
V = MDP Value lIterative Function
For each jointstatel :
For each jointactions®

O iho 1 ihd B i "Yi sihd

Policy=AOCIiBA@hi 0 i hd

Figure 4-5 Pseudo-code for the Q -MDP solver
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4.4 AUV simulator node
The AUVdImulator node begins by reading in the initialization f{leee Figure4-6

and Appendix @ Tablg passed to it byhe missioncontrol. This file has parameters for
each subsystemmodelled. Once the vehicle is initialized it asks thd-systens to
make observations. These observations are generated using simulated sensor

measurements fronstatic presetlog files for eaclsub-system

These observations ard #Thisis a AUV that has a depth system and power systg
AUV_NAME: AUV_PowerDepth_Integrated
then sent to the fault manager, MISSION_TIME: 6000

NOISE: 0

The AUV simulator waits until neyy ABORT_AT_COMMAND: 1
CASCADE_FAILURE: 1

actions are returned from the fault a

#subsystem depth
manager and then sends these t pepTH_FILE: /basicshallow.log

) ALTITUDE_ MIN: 6
the appropriate sub-system for | Ao/ TITUDE MAX: 10
DVL_RANGE: 25
MAX_DEPTH: 35
MIN_DEPTH: 5
START_DEPTH: 2
NOISE_DEPTH: 2
MOVEMENT_MAG: 5

new sensor measurements fron| HIGH_ANGLE: 15
LOW_ANGLE: 2

the log files and perform new ANGLE_CHANGE:5

execution. Once the actions hav
been executed the vehiclewill

update its state and reads in the

observations
#subsystem power

POWER_FILE: /power_basic63.log
POWER_STORED: 4600

The simulation ends wher] POWER_RATES: 0.4 0.6
LOW_POWER_MODE: 0.75

either the log files have no new

input, the power managementFigure 4-6 AUV simulation initialization file example
system aborts due to critical power and the degtlb-systemis not modelled, when the

vehicle has surfaced, or when the energy has been exhausted (value of 0)

4.4.1 Depth Sub-system
The depthsub-systempredominantlyhandleschanges to thevehicledepth and

pitch angle First the vehicle depthmust bewithin an acceptable range. This range

spansit KS @OSKAOft SQa YAYAYdzy RSLIGIK dzy RSNJ GKS
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maximun depth before it reaches its crush depth (set in the initialization fil@e
seabed depth measurements are simulations and injected via a log file. The depth and
other measurements are done via simulation; and are without a typical sensor model.
This was done to simplify the system. In the cases of a additive noise a vaoahee

AUV depth are run through a Gaussian distribution with a variance typical of 100 meter

depth sensor.

The vehicle is designeid maintain constant altitude above the seabed The
minimum altitude issetto avoid running into navigation hazards (roclgbris, marine
structures, wrecks, etc.pn the seabed The maximum altitudds the distance the
vehicle can be from thesea bottom for its sensors tostill work as intended(i.e.
altimeter, DVL, etc.). The vehicle model alsiccounts for D\Alock (or bottom-locK) by

modelling the altitude as unknown when theshiclepitch or rollexceeds a maximum

angle, the altitude exceeds the DVL range, or a cascade failure has caused the sensor to

WTFIFAE Qb ¢KS Y| Hangédz¥relsefimtheSnitidlizaton fiex [

The depthsub-systemalso considers the state of the vehicle pit@hgure4-7).
The pitch can be noseip, -down, or level. It also checks whether the pitch has a
magnitude greater than aet maximum value. The system additionally observes if the
pitch is changing over time. EWWSKA Of S LA GOK RSGSNXAyYySa
changes over time. If the pitch bemes too large it can cause problems with the
sensors since the vehicl@nd sensor)s no longer aligned with the seabed. This is

modelled by assuming that the vehicle loses ¢k
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A
pitch greatly up

maximumpitch

pitch up

levelpitch

pitch down

minimum pitch

pitch greatly down

Figure 4-7 AUV pitch observation definitions.  |Up8is in the positive
direction, }down 8is in the negative direction and |level 8is pitch = 0.

The AWV simulator assumes constamtre-set values for pitch angle changehis
is set in the initialization fil§see Appendix Q; Tablg. The depthsub-systemhas only
one action groupOK I yIAYy 3 Ada FTAYyQa RSTFESOGADYY dzLI=

fin mode = 1 then pitch += change in pitch
= 0 then pitch does not change

=-1 then pitch-= change in pitch

Figure 4-8 Pseudo-code for pitch change
attack). This mode is changed by the fault manageich updateghe pitch accordingly

(seeFigure4-8).

TheAUVRSLIGK Aa OKIy3ISR o0& (0UKS OSKAOfS WT¢
vehiclechanges its deptln the water column. The depth changeafectedby a fixed
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incrementaldistance (set in initialization file) traveled each timessgaled by the sin of
the pitch angle (seequation 45).
0 WOHAVNO "QOUBQ ol "Of OEE "Qa Q (4-5)

Additive Gaussian noise can be applied to the vehicle depth measurements to
simulate noisy measuremen{seeequation 46). Although depth measurements in real
systems areggenerally of good fidelity this was to demonstrate the POMZP | 6 A f A (G &
account fornoisein the sensing, actuation or interaction with the environment (sea
states). The environmental seabed depth is read from an external file that is used to
generate $heasurementQfor the seabed depth at each timeste@he standard
deviation for the simulations in the next section were given the range of 2 meters this is
well within what can be attained for an edhelf 100meter depth sensor. The signal to
noise ratio coulchot be modelled as a consequence of the ndigeng prescribed rather
than measured.

AQOI 6R@PO "OD6 i | AEEEE O OO0 QEHD "0 VD ®'Q'Q 'Q-6)

Once a new depth has been calculatethservations are made on the vehicle
state which includes the pitch, depthnd altitude (see Table4-1, Table4-2, Table4-3
for more information) The speed is approximately 2 knots with timestepsngeRs

(depending on initialization file).

The othersubsystemin the AUVsimulator was the powefmanagementsub
system
4.4.2 Power-Management Sub-system

The power managementsub-system monitors the energy capacity and
consumption along with estimating the remaining mission time and when to abort the

missionif there isan energy shortage
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The power managemergub-systemfirst determines how far along the mission
is. It achieves this by estimating the remaining mission timeand comparingit to
estimated mission time set in the initialization fil€his is a simplificatigrsee Section
2.2.3for typical energy modellingThe power management stgystem here uses the
total from summing allthree (3) power types (propulsion, payload sensor, vehicle
equipment (equations 4 and 22)). For future consideration, ippower savingmode
itemslike data logger, embedded processor and communications could be turned off or

reduced to achieve lower power states.

The power management subsystem updates itself by reading two
measurements from the power log for the simulation. These measurements are the
energy consumed for thémestep and the elapsed timesince the previous timestep
(this can be greater tham singletimestep) These measurementsere generated

pragmatically using a random distribution relative to an overall distribution.

The remainingenergy o the vehicle is calculated based on the initial energy
capacity (setin the initialization file) and the cumulative energy consdrover the
simulation. The overall remaining energelative torequirements forthe remaining
mission,is assessedo be one of four observationsk, low, very low andcritical lowQ
The AUV remaining energy observations are based on whether the percentage of
remaining energy (remaining / total enernggTable 4-4) is below apre-set rate (for

example rate of 40% meai®wy 40%,very low20% critical 10%).

Table 4-4 Energy capacity observation definitions

ok > rate x btal capacity
low X rate x tal capacity
very Low X rate / 2 x total capacity
critically low X rate/ 4 x total capacity

- 66 -



The rate ofenergy consumption is determined by how much energy was
consumed during the timestep (measured frahe simulation log file) compared tthe
time elapsedsee equation &). Tten, the energy rate isassessedo be high, normal, or

low compared tqore-setrates in the AUV initialization file

a € 0iIQb Be— 6N NQLe— 4-7)

The missionphaseis determined by the estimated total mission time (set in the
initialization file) and elapsed time. The elapsed time is determinath an input value
in the log file that givesthe time elapsed overthe timestep. The elapsed time
measurement was to simulate a reabrld vehicle that wouldmonitor elapsed time
between discrete timesteps. The vehicle then determines if the mission is currently in

itQfirst, second, thirdor final quarterof the missiorphase

The fault manager can change the poweanagement mode of the vehicle. The first
mode is fomormaloperations. The vehicleominallyoperates in thisnode. The second
mode ispowersavirg whichreduces the energy consumed edainestepat a fixed (set
in the initialization file) rate. For example, if the low power rate is 75% then when th
mode is engaged all energy consumption is reduced by 25% of what it was originally.
This simulates the vétie turning off unnecessary sensors or lingt computation

processes. The last mode is for the vehiclalbort the mission

When the simulator only rusmithe power managemensub-system(i.e. depth sub-
systemnot initializedand therefore, not engaggaimulaion, once the capacity reaches
critical the vehicle aborts and the simulatioterminate. In the jointlydependent
combined power management and depth simulations, the vehstdets to rise in the
water column when the energy v&ry lowand will sufacewhen itreachescritically low

Themaximum pitchrestrictionislifted so the vehicle can rise faster
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The vehicle engages thmwersavingmode at critically low energies. It will not
engage this mode if the energy is odyv and the vehicle is in the last quarter of its
mission (since there is a godilelihoodit can completeits missionbefore the energy
capacity drops further). Thipowersaving mode simulates the vehicle turning off
unnecessary processes/sensors or lingitiheir power consumption. Thgowersaving

mode will always engage foerylow andcritical observations

To test the proof-of-conceptfault managerand AUV simulator framework several
scenarios and POMDP models were developé&hch subsystem was tested
independently. Several scenarios spanning different conditions (environmental and

vehicle configurations) were developed and simulated

A subset of simulations for the depgub-systemhave additive Gaussiamoise on
the depth measurements.iiEse were paired with modifications to the POMDP models
where the probabilies of the transitioningbetweenstates and makingn-observation
functions had their pre-set probabilities in the model build reduced by 10%, 20% and
40%. Tk objectivewas to exfore the effects of noise on the system and how the fault
management systenresponds toloss of certainty in its states given actions and
observations from the noisy sensor§he acions and reward function remained

unchanged.

The depth and powemanagement POMDP models were combined, without
modification, for a simulation that solved for their joistates, jointobservations, and
joint-actions but werenon-interacting with each other. This was tghow that the
combined POMDP adel works the same asthe individual models if the actions,

observations, and states are independent

A POMDP model of the tweub-systens was developed where the twsub-systens

were dependent on one another. The scenario of dependency selectedsuedghat

-68-



given the state of the powemanagement system the deptsub-systemwould change
its desired actions. This demonstrates how the maadiressegnteractions between

sub-systens for an integrated fault management system
Finally, an interdependent model was generated that had the depth and altitude

measurements fail when the power capacity reachemnty lowor critical simulating a

cascade failure
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5 SIMULATIONS

To validate the POMDP fault managemanbdel, three simulation sets were
performed through the AUV simulator. The fisst was with just the deptlsub-system
These simulations wengerformedfor three environments with simulated and real data.
Additionally, a comparisobetweenthe reduction of the POMDP probability functions
for transitionng-betweenstates and makingan-observationwere performedwith one
of the depthsub-systenQ simulationenvironment model The secondet was with just
the powermanagementsub-system This nodel was run with different initial energy
capacities toassesgesponseto different energylevels. The final simulation set was a

combined model with both the depth and powaranagemensub-systens engaged

For a complete list of simulations, their figures and initialization files please see
Appendix & Table

For the depth and powemanagementindependentsub-systens, a Figure5-1 type
plot is produced tahighlight for each simulationthe belief states changingith time.
This was not done for the combined models of depth and power management due to
the joint-state space being too large teasily graph & 1000 possible state$or all

permutations.
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0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Belief

m State A © State B m State C m State D

Figure 5-1 Simplified belief state depiction example. There are four possible states: A, B, C
and D. At timestep 1 the probability distribution is uniform over all states (i.e. they are all
equally 25% probable ). At timestep 2 state A has the highest probability at 40%, state B at
30%, state C at 20 % and state D at 10%. At the final timestep state A has a 60%
probability of being the actual state followed by state B at 20%, state C at 15% and state D
at 5%.

The firstset of simulationswere conductedwith the depthsub-systemonly.

5.1Depth sub-system simulations
The depthsub-systemtests were conducted for threeenvironmenttypes shallow

water, RSSLJ 461 GSNJ (KIG SEOSSRA&, aidkviters! overada 2 LIS |
dzy S@Sy &aSFoSR (KIFI{d @FNASR NILARf& O2YLI NBFR
sets span limiting cases of underwatsathymetrythat an AUV may encounter to test

the POMDP fault manager deptlub-system The same POMDP depth model was used

for all smulations.For each of the environment models using realrld measuremerg

the data used was obtained from Bedford Basin in Halifax, Nova Scotia

Another series of testswere conducted where the probabilés of making
observations and transitiang-between-states functions weraugmentedand another
with additive Gaussian noise to the depth sensor measuremeatscombined with the

augmentation
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¢2 RSY2yaidNI (rBspoask § the vdtek EofurBrdém the fault
management system a series of four (4) graphs are presentedy fEpeesent the
vehicle andseabed deptk as the vehicle senses the seabeehicle altitude-keeping
vehicle pitch angle, and fin mode. All depth simulations were with the vehicle in
altitude-keeping mode and depth changevere realized with t8§ @S KA Of S WT{ & A
using changes in its pitch to change its depiit)e altitude is lost when the vehicle loses
DVLlock which is represented by a DVL seng§oom hee on bottom-lock will refer to
DVLlock. When the DVLcannotsensethe bottom due tothe S KA Of SQa | f (A G dzf
the vehicle losedottom-lock. Changes in pitch are affectdsy the fin mode which is
driven by the fault manager. The change in pitdhrequiredat any imestep, is a set
incrementalangle change (initialization filAppendix Cg Tablg dictated by the fin
mode. Additionally, for each simulatidhe evolvingbelief state over the course of the
mission(seeFigure5-1) is plotted

The first group of tests were for the shallow water environment

5.1.1 Shallow water
The first series of tests were for shallow water where the QUX/Lcan sense

the seabed and achie bottomlock. The first was a simple shallow water simulated

environment model with a gradual inclime the seabed

5111 SIMULATED SHALLOW -WATER ENVIRONMENT MODEL WITH GRADUAL INC LINE SEABED

The environment modehad gradual depth incline (approximately 2I) although
slight variation to the incline occuins the seabed which drives the altitudeeping AUV
to rise. The AUV simulation was given a DVL range of 20 meters, and a high pitch angle
of 15J. The altitudekeeping range i8-12 meters. See Appendix C¢ Table for the
initialization file. These parameters were choseo the vehicle can generally see the
seabed but is limited in pitch angle kiag it critical that it respondgquicklyto changes

in the seabedo avoid collisions with it
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In Figure5-2 (a), the vehicle initially dives until it reaches the desired altitude
however; the incline of the seabeglicklyforces the vehicle upwards. Figure5-2 (b)
the altitude is initially unknown due tohe seabedbeing outside i KS 5+ [ Q&
however, as it dives it is able to get altitude readimdsen it comes witin range of the
DVL The fin mode can be seen kigure5-2 (d) correlaing to change in pitch as itis
driven by the fault manager. Durirtgnesteps 30 ¢ 40, the seabed forces the vehicle
upwards and the response can be seen in the fin modeectly pointing upwards
During this time there is slight oscillation in the pitch as the velias to rise faster to
avoid the seabed while maintaining bottelmck by not having the pitch exceed its

maximum {5J).

This simulation demonstrated thault manager could drive the vehicle and prevent
the vehiclefrom colliding withthe seabedq which would be a failurelt was able to
achieve altitude, and despite some oscillationprevent the pitchfrom exceeding its

limits.
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Figure 5-2 Simulated shallow -water environment model with gradual incline seabed : AUV

performance with fault manager (DVL range = 20m, altitude -keeping range = 8 « 12 m, high
pitch = 15 J). (a) The altitude -keeping AUV depth correctly tracks the seabed and changes
depth based on vehicle pitch changes. (b) When the vehicle DVL is unable to a chieve
bottom -lock no altitude value is plotted . (c) Pitch is as expected given the depth changes
When pitch is < 0 the vehicle dive sand when >0 it rises. (d) Fin mode in driven by the fault
manager to increases (+1), decrease (-1) or hold pitch (0) . The desired altitude range is
given by the green band in (b).
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As shownin Figure 5-3 initially, the probability forall belief states are uniform
distributed. During the oscillationgi(nesteps 35-45) the edge case of the vehicle trying
to rise faster causes some oscillationghe pitch We can see this iRigure5-3 from the
most confident state changing over a cycle of about 4 timesteps for eacitlation
From timesteps 56+ with eachtimestep the vehicle becomes more confidewof its

state.
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I DEPTH_GOOD PITCH_GREATLY_UP
I DEPTH_GOOD PITCH_UP_MAX

[ DEPTH_GOOD PITCH_UP

I DEPTH_GOOD PITCH_LEVEL

I DEPTH_GOOD PITCH_DOWN

[ DEPTH_GOOD PITCH_DOWN_MAX
I DEPTH_GOOD PITCH_GREATLY_DOWN
I DEPTH_SHALLOW PITCH_GREATLY_UP
I DEPTH_SHALLOW PITCH_UP_MAX
[ DEPTH_SHALLOW PITCH_UP

I DEPTH_SHALLOW PITCH_LEVEL
I DEPTH_SHALLOW PITCH_DOWN
[ DEPTH_SHALLOW PITCH_DOWN_MAX
I DEPTH_SHALLOW PITCH_GREATLY DOWN
I DEPTH_DEEP PITCH_GREATLY_UP
I DEPTH_DEEP PITCH_UP_MAX

[ DEPTH_DEEP PITCH_UP

I DEPTH_DEEP PITCH_LEVEL

[ DEPTH_DEEP PITCH_DOWN

[ DEPTH_DEEP PITCH_DOWN_MAX
I DEPTH_DEEP PITCH_GREATLY DOWN

Figure 5-3 Simulated shallow -water
environment model with gradual
incline seabed (Figure 5-2): AUV
belief distribution across all possible
states. Steady -state in the belief
achieved around timesteps 56+

timestep

0 0.2 0.4 0.6 0.8 1
belief in state

This simulationrshowedthe fault manager successfully controlling the vehicle and
avoiding collision with the seabed. There are some issues with oscillations in the pitch
due to conflictingdiving parameterswhich preventthe pitch from becoming to great.

However this did not impede the vehicle from completing its mission.
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The second shallow water environment simulation added noise to the depth sensor

measurement.

51.1.2 SIMULATED SHALLOW -WATER ENVIRONMENT MODEL WITH GRADUAL INC LINE SEABED WITH
ADDITIVE NOISE APPLIED TO DEPTH SENSOR MEASUREMENT

The shallowwater environment model from the previous simulation wapeated
with an additive Gaussian noise applied to the depth sensor measurement. The noise
was given a +2meter standard deviation from the actual sseement which is line with
realworld depth sensors depending on quality of sensor (for exangdteindredmeter
depth sensor can have up tdb<meter accuracy) For more information please see
section4.4.1 The AUV simulation was given a DVL range of 20 meters, and a high pitch
angle of 15). The altitudekeeping range is-82 meters.SeeAppendix & Tablefor the

initialization file. These parameters were chogemmatch the previous simulation.

In Figure5-4 (a), the depth measurements have an additive noise induced. This noise
is given a Gaussian distribution withtameter standard deviatiarin Figure5-4 (b) the
Ff GAGdzZRS Aa AYyAGAlLffte dzylyz2éy RdzS (2 GKS
as it dives it is able to get altitude readings when it comes within range of the DVL.
Duringtimesteps 30¢ 40, the seabed forces the vehicle upwards and the response can

be seen in the fin mode correctly pointing upwards
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Figure 5-4 Simulated shallow -water environment model with gradual incline s eabed: AUV
performance with fault manager (DVL range = 20m, altitude -keeping range =8 « 12 m, high
pitch = 15 J, additive noise 2 meters). (a) The altitude -keeping AUV depth correctly tracks
the seabed and changes depth based on vehicle pitch changes. (b)  When the vehicle DVL is
unable to achieve bottom -lock no altitude value is plotted. (c) Pitch is as expected given the
depth changes. When pitch is < 0 the vehicle dives and when > 0 it rises. (d) Fin mode in
driven by the fault manager to increases (+1), decrease (-1) or hold pitch (0). The desired
altitude range is given by the green band in (b).
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I DEPTH_GOOD PITCH_GREATLY_UP
I DEPTH_GOOD PITCH_UP_MAX

1 DEPTH_GOOD PITCH_UP

I DEPTH_GOOD PITCH_LEVEL

[ DEPTH_GOOD PITCH_DOWN

[ DEPTH_GOOD PITCH_DOWN_MAX
I DEPTH_GOOD PITCH_GREATLY_DOWN
I DEPTH_SHALLOW PITCH_GREATLY_UP
I DEPTH_SHALLOW PITCH_UP_MAX
1 DEPTH_SHALLOW PITCH_UP

I DEPTH_SHALLOW PITCH_LEVEL
[ DEPTH_SHALLOW PITCH_DOWN
[ DEPTH_SHALLOW PITCH_DOWN_MAX
I DEPTH_SHALLOW PITCH_GREATLY_DOWN
I DEPTH_DEEP PITCH_GREATLY_UP
I DEPTH_DEEP PITCH_UP_MAX

1 DEPTH_DEEP PITCH_UP

I DEPTH_DEEP PITCH_LEVEL

[ DEPTH_DEEP PITCH_DOWN

[ DEPTH_DEEP PITCH_DOWN_MAX
I DEPTH_DEEP PITCH_GREATLY_DOWN

Figure 5-5 Simulated shallow -water
environment model with gradual
incline seabed (Figure 5-4): AUV belief
distribution across all possible states.
Oscillations between states from
timesteps 35 « 50. Steady-state in the
belief achieved around timesteps 61+.

timestep

0 0.2 0.4 0.6 0.8 1
belief in state

It can be seen thaFigure5-5 there is a lower confidence in the state and slower
0dZAf R 2F O2yFARSYy OS 02 YL} NBigured3® witliot&n LINB @ A
induced Gaussianoise

This simulation demonstrated that the additive noise induces observations that may
not be true for the state resulting in a reduction of the confidence in the state of the
POMDP model.

Thethird shallow waterenvironment simulatiorused realworld bathymetry.
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51.1.3 SHALLOW -WATER ENVIRONMENT MODEL WITH ACTUAIBATHYMETRY

The shallowwater environment model withactual bathymetry usedreal AUV
measurementdrom Bedford Basin, Halifax, Nova Scotias RJV simulation was given
a DVL range of 20 meters, and a high pitch angle &{s£® Appendix @ Tablefor the
initialization file The altitudekeeping range is-I0 meters.These parameters were
chosen so the vehicle can generally see the seabed but is limited in pitch making it

critical thatit respondsquicklyto seabedchanges.

Figure5-6 (a) showsthe environment model has a fairly consistent depth resulting in

the vehicle reaching a steadyate altitude fairly quickly
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Figure 5-6 Shallow -water environment model with actual bathymetry : AUV performanc e

with the fault manager (DVL range = 20 m, altitude -keeping range =7 « 10 m (green band
(b)), high pitch = 15 J). (&) The measured AUV depth tracks the seabed and changes depth
based on the vehicle pitch. (b) When the vehicle DVL is unable to achieve bottom -lock, no
altitude value is plotted « not the case here . (c) The vehicle pitch correctly does not change

since the seabed depth barely changes. (d) Fin mod e is driven by the fault manager  which
increases (+1), decreases (-1), or holds the pitch constant (0). The desired altitude range is

given by the green band in (b).
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In Figure5-7 after the initial (approximately85) timesteps the vehicle reaches
steadystate and the state becomes known due to the high belief in its state. The initial
timesteps are fom the vehicle divingresulting inthe state changing during the dive

Due to sizeonly the first70timesteps are plottedn Figure5-7.
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Figure 5-7 Shallow -water environment model with actual bathymetry

belief distribution across all possible states.

I DEPTH_GOOD PITCH_GREATLY_UP
I DEPTH_GOOD PITCH_UP_MAX
"1 DEPTH_GOQD PITCH_UP

I DEPTH GOOD PITCH_LEVEL

[ DEPTH_GOOD PITCH_DOWN

[ DEPTH_GOQD PITCH_DOWN_MAX
I DEPTH_GOOD PITCH_GREATLY_DOWN
I DEPTH_SHALLOW PITCH_GREATLY_UP
I DEPTH_SHALLOW PITCH_UP_MAX
"] DEPTH_SHALLOW PITCH_UP

I DEPTH_SHALLOW PITCH_LEVEL
[ DEPTH_SHALLOW PITCH_DOWN
[ DEPTH_SHALLOW PITCH_DOWN_MAX
I DEPTH_SHALLOW PITCH_GREATLY_DOWN
I DEPTH_DEEP PITCH_GREATLY_UP
I DEPTH_DEEP PITCH_UP_MAX

[ DEPTH_DEEP PITCH_UP

I DEPTH_DEEP PITCH_LEVEL

[ DEPTH_DEEP PITCH_DOWN

[ DEPTH_DEEP PITCH_DOWN_MAX
I DEPTH_DEEP PITCH_GREATLY_DOWN

(Figure 5-6): AUV

Towards timestep 35 the belief in the state of
depth good pitch level becomes high (approximately 98%).

Only the initial 70 timesteps are

plotted since after timestep 35 the vehicle enters a steady state.
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This simulation ran for approximately 173 000 timesteps. It demongirttat with
the Markov assumption the POMDP fault manager s@lmefor large timescales since it
does not need to retain history information beyond the previous timestep. It sti&ovs
that if a system reaches a steadiate in observationsthe state can be approximated
asknown (a POMDP requirement). Thas reflected in thénigh corfidence in its belief
state.

Theshallow water caseshere,with both simulated and reabathymetry represent
only one type of AUV environment. Another common environment tB&alVs
encounter isdeep water (i.ethe seabeddepth exceeedil KS @S KA Of § This

is studied next.

5.1.2 Deep-water

The second series of tests were for deep watavironmentswhere the AUV
cannot sense the seabed and achieve botttmrk. Thewater depth at some points
exceed thevehicleQ &rush depth.In that case, he fault manager ha the vehicle
maintain its depth until bottordock ®uld be achieved again. The firsimulationwas a
simple deep water simulated environment model witls@abedincline (approximately

30Jwith variations in the incling

5121 DEEP-WATER SIMULATED ENVIRONMENT MODEL

O NHza K

The deepwater simulation had an environment model with a gradual depth decline

and inclineof (approximately 30) in the seabed where the depth reaches a maximum of

80 meters. The AUNada DVL range df8 meters ahigh pitch angle of 13, a starting
depth of 40 metersand a crush depth of 50 meter§he altitudekeeping range i8-12
meters andlii K S @ $peaddst 2% with the timestep being SeeAppendix

Tablefor the initialization file.The DVL range was chosen tmsethe seabed initially

but be unable to sense it during the deeper sections. The crush depth was chosen so the

vehicle would track the seabed until it reaches the deeper portions of the simulations (in

excess of 72 m).
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In Figure5-8 (a) at approximatelytimestep 40 the vehicle is unable to dive and
maintain altitudekeeping and bottordock. The vehicle insteadorrectly,maintains its
depth above the crus depth until bottomtlock is reacquired. The altitude is lost due to
the seabeddepth. In Figure5-8 (b), during the timesteps where altitude cannot be
attained the pitch oscillategFigure 5-8 (c)) due to the conflictingrequirements of
seabedtrackingand maximumallowabledepth, the fault manager (controlling the fin
mode, Figure 5-8 (d)) oscillatesbetween divng and ascenthg. This was not ideal
however, it did not affect thevehiclefunctionality for the depth subsystem This could
result in issues with other sufystems such as power loss from fin changes. An addition

of dampening and deatlanding for edge cases such as this would solve the issue.
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Figure 5-8 Deep-water simulated environment model : AUV performance with fault

manager (DVL range = 22 m, altitude -keeping range = 10 « 20 m, high pitch = 15 J, crush
depth = 50 m) (a) The measured AUV depth tracks the seabed until it loses bottom -lock
(timeste ps 35 « 70) due to seabed depth . (b) When the vehicle loses bottom -lock (timeste ps
35 « 70) no altitude value is plotted.  (c) Vehicle pitch correctly oscillates when there is no
bottom -lock (timesteps 41 « 70). (d) Fin mode oscillates for the same reason as in (c). The
desired altitude range is given by the green band in (b).
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The vehicle becomes unsure of its state during the loss of bottmk due to the
seabed depth. This results in the vehicle oscillating between depth Sseestimesteps
41 ¢ 70in Figure5-9). Once the seabedepth decreases thetate evens outBetween
timesteps80 ¢ 85the fault manager is confidemf its state as the vehicle operates at its
ideal depth and altitudeRigure5-8 (a) and (b)).The vehicle becomes less sure of its
state between85+ due 0 the rapidly rising seabed forcing the vehicle upwartse
vehicle is fairly confideraf its state betweertimesteps2 ¢ 5 (Figure5-9) with the state
beingDEPTH GOOD PITCHLEVELAt timestegps 88, 91 and 98the pitch goes to-20J
(Figure5-8 (c) and can be seen that the stat€iqure 5-9) becomesDEPTHDEEP
PITCH_DOWN_GREATMlYich pitch angle is nosgdown past the threshold The
DEPTH_DEEP is due to the rapidly rising seabed causing the Vehitlg a lower

altitude than desired.
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Figure 5-9 Deep-water simulated
environment model with incline
seabed (Figure 5-8): AUV belief
distribution across all possible
states. Not confident in states
between timesteps 30 « 80. Fairly
confident between 2 «5. Steady-
state between timesteps 80 « 84

timestep

0 0.2 0.4 0.6 0.8 1
belief in state

This simulationshows the fault managersuccessfullyjkeeping the vehicle from
exceeding its crush depth due to loss of altitugenflicting requirementsivhen the
seabed becomes too deep twack Another deepwater simulation was conducted

using actual bathymetrgneasurements
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51.2.2 DEEP-WATER WITH REAL-WORLD BATHYMETRY_ENVIRONMENT MODEL
The deepwater simulation has an environment model thatas from an AUV

collecting datarfom Bedford Basin, Halifax, Nova Scotia. The AUV was given a DVL range

of 10 meters a high pitch angle d20 J, a crush depth of 15 meters, and a minimum

depth of 3 meters (see Appendix C¢ Tablefor the initialization filg. The altitude

keeping range was from 8 to 12 mete.K S @SKA Of SQa &aLISSR g1l &
timestep was 2sThe DVL range was chosem the vehicle could usuallgense the

seabed in order tdrack it The crush depth was set to Ibeters, so the vehicleis

unable to maintain altitudeover some portion(the depth for thisenvironment model
wasshallowsoit was necessary to set shallow crush depti$he minimum dgth of the

vehicle was decreased Bmeters since the environment model is fairly shallow.

In Figure5-10 (a), the vehicle and seabedepths are shownas a function of time
During timesteps 70 ¢ 80, the seabed is very shallgvthe fault manager oscillates
between avoiding the seabednd achievingthe minimum vehicle depth (set inthe
initialization file).Thisoscillationis caused by the edge casétrying to dive to avoid
minimum depth while trying to attain the altitude rangBuringtimesteps 380 ¢ 400,
the seabeddepth becomes too deep artie vehicle camo longerachievebottom-lock
and losesaltitude measurementsHigure5-10 (b)). This results again in some oscillation
due tothe conflicting requirements ofliving to achievealtitude rangeand maintaining

the vehicleabovethe crush depth
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Figure 5-10 Deep-water with real -world bathymetry environment model: AUV performance
with fau It manager: (a) The AUV has some oscillation around timestep 40  -80 due to conflict
between minimum depth and minimum altitude. The vehicle achieves (b) altitude -keeping

(green band) for most of the mission although it loses altitude and depth measurements
around timesteps 370 -400 due to increased seabed depth beyond vehicle crush depth. (c)
When the pitch < 0 the vehicle dives and when > 0 it rises. Pitch oscillations for reasons in

(a). (d) Fin mode is driven by the fault manager which increases (+1), dec  reases (-1), or
holds the pitch constant (0). The desired altitude range is given by the green band in (b).
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When the vehicle has both the desired altitude range and depth rahgéelief in
its state becomesconfident (see Figure5-11) approximatelyin timesteps 20-35, 130
140, 155210, 2406270, 275305, 330355, 510525, and 566b85. This is due to the
OSKAOf SQ& &dzwaSljdzSyd 20aSNBFGA2y & | ANBSAY:
entering a steady stateDuring timestgps where it is unable to achieve depth and
altitude-keep or when the seabed is rapidly changing it becomes lesiidean in its

states(seeFigure 59).
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Figure 5-11 Deep-water with real -world
bathymetry environment model ( Figure
5-10) AUV belief distribution across all
possible states. There are several bands
approximately :20-35, 130-140, 155-
210, 240-270, 275-305, 330-355, 510-
525, and 560-585 were the state is
confiden tly known. During the other
periods there is uncertainty in the

state.




This simulatiorshow that the fault managemwas able tosuccessfulljkeep the
vehicle from exceeding its crush depth when the seabedtaasieep for the vehicle to
altitude-keepusing an environment withctual bathymetry. It also shows that the belief
in the state becomes more variable when it has conflicting parametersk@ep the
AUV above the maximum depth andheéevingbottom-lock on a too deep seabed). This

results in itprioritizing one set of parameters (minimum depth) to ensuehiclehealth.

The next series of tests useapidly changing seabed depth to demonstrate the

fault manageR & NX & avaridtdeSnviibrament

5.1.3 Variable seabed
The third test serieswas for a variable seabed which has a rapidly changing

depth. The AUV must respond quickly to avaidlliding with the seabed and
simultaneously, maintain bottomlock. The first test used a simulated random
environment model

5.13.1 VARIABLE SEABED WITH SIMULATED RANDOM ENVIRONMENT MODEL
The first variald seabed deptitest hada simulated random environment model.

The AUV was initialized with a DVL range of 30 metehsgh pitch angle &0J, anda
speed of 2 knots and timestep of.2s maintains an altitudekeeping range oi2to 16
meters this was increased from previous models due to the rapid changes of the
environment (Appendix Q; Tablefor the initialization filg. The DVL range was chosen
so the vehicleDVLcould sense the seabed. The crush depth was set tsm3%0 the

vehicle would have stretches where it is unable to altittkeep

In Figure 5-12(a), the vehicle reacts to the rapid changes in the seabed depth.
Around timestep 15, the vehicle narrowly avoids collision by rapidly increasing its pitch
from the initial dive, due tdhe decrease in seabed depth. Lataround timestep 55
the vehicle scrags the seabed because of an anomalous peak (simulatisjoa).
These types of collision are difficult to avoid beyosetiting the vehicleto a higher

altitude-tracking threshold (wich means poorer resolution sonar sensor
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measurements) If this is an expected concern, the remedy isafistacle avoidance
(front-facing sensor. In a realorld mode| depending on the vehicle speed and
structural material, this could result invehicledamage. However, it is assumed only
minor damage resulted from this collision and the vehicle was able to coniisue
mission.Between tmestgps 20-45, the vehicle DVL loses bottelockdue to the pitch of
the vehicle exceeding the maximum pitch angle tolerated for bottook (15°).The
vehicle loses bottontock when the seabed depth rapiddeceasesand the vehicle is
unable to followfast enough to keep within range.

In Figure5-12 (c) and (d)the pitch and finwhen the pitch becomes too large in
response to trying to change vehicle depthavoid colliding with the seabed (timestep
20-45).

Here is shows how the speed of the vehicle effects tracking the seabed, if the seabed
changes faster than the vehicle can follow the vehicle is unable to maintain altitude

keeping.
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Figure 5-12 Variable seabed with simulated random environment model : AUV performance

with fault manager (DVL range is 35m, high pitch = 20 J, altitude -keeping range = 12 « 16 m,

crush depth is 3 5m). (a) The measured AUV depth tracks the seabed depth until the seabed

rises quickly at t imesteps 25 and 35 (near collisions) . (b) When the vehicle DVL loses

bottom -lock (timesteps 25-45) due to high pitch, and when the seabed has descended

"aukj ApdaA@RHAn]jcaA]l]j ApdaArade_ha8§o-80)themeais AeoAq| ]
no altitude value plotted . (c) When the pitch < 0 the vehicle dive s and when > 0 it rises «

vehicle pitch oscillates between t imeste ps 20-45 due conflicting requirements of rising and

descending . (d) Fin mode is driven by the fault manager and increase s (+1), decreases (-1),

or holds the pitch constant (0). The desired altitude range is given by the green band in (b).
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As shownin Figure5-13, with rapid changes in the seabédompared to the vehicle
speed andts ability to respond}he vehicle never enters a steadyate condition. Due
to this rapidly changing environmenthe fault manager is less confident in any one

state. The beliefs rapidly change as conflicting observations are.made
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Figure 5-13 Variable seabed with simulated random environment model (Figure 5-12): AUV
belief distribution across all possible states. The states fluctuate, and the system never
enters a steady state.
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This simulationshows the fault managercan respond to a variable seabed
environment. A variable environment can cause lower confidence in any one belief state
due to the rapid changes betwedimesteps. The AUV vehicle is limited by its speed and
angle change, this results in the possibility of the vehicledpeinable to completely
track the seabed where it is rapidly changing.

A second simulation wagserformed ona variable seabed this timeith realworld

bathymetry.

5.1.3.2 VARIABLE SEABED REAL-WORLD BATHYMETRY ENVIRONMENT MODEL

This variable seabedsimulation has an environment model from reabrid
bathymetryof Bedford Basin, Halifax, Nova Scotia. The AUV was given a DVL range of 30
meters,a high pitch angle a20J, a crush depth of 35 meters, and a minimum depth of
3 meters. The altitude rangeras betweenl2 and 16 meters (SeeAppendix G; Table
for the initialization file). The DVL range was chosentise vehicle couldalwayssense
the seabedand have bottordock The minimum depth of the vehicle was decreased to

3 meters since the environment modelshallow

In Figue 5-14(a), the vehicle and seabed depth were plotted on the same time scale
02 aKz2g 00KS @SKAOf S T dzZ (Fromtinest@S7RABE theNS & LJ2 Y
@S KA Of SQhas doReodcitagioast very shallowwater. The fault manager is
attempting to avoid the seabedand achiewe the minimum vehicle depth (set inthe
initialization file).At this time, the seabeddepth reaches 4.9 meters. Neimestep 450
the depth of the seabed rapidly increaskke a cliff face. Th vehicle must ascend
rapidly to avoid collision. Due to the rapid changes in the seabed the fault manager is
constantly changing the fin mode (d) to alter the pitElgue 5-14 (c) so the vehicle
avoidsthe seabedrigue 5-14 (a) but maintais altitude (b)
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Figure 5-14 Variable seabed real -world bathymetry environment model . AUV performance
with fault manager (DVL range = 30m, high pitch = 20 J, crush depth = 35m, mi n vehicle
depth = 4m). (a) The AUV some oscillations during the edge case of trying to maintain
minimum depth and altitude range during timesteps 40 -70). A near miss is located around
timestep 470. (b) Given a DVL range of 20 m in 32 m of water, the vehicle DVL achieves
bottom -lock throughout the missions . (c). When the pitch < 0 the vehicle dives and when >
0 it rises. vehicle rises. Pitch oscillations early in the run for the reasons in (a). (d) Fin mode
is driven by the fault manager  which increases (+1), decreases (-1), or holds the pitch
constant (0) . The desired altitude range is given by the green band in (b). The desired

altitude range is given by the green band in (b).
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Figure5-15 showsthat with highfrequency variability in theeabed depthcomparel to

0KS OSKAOf SQa, there &ré anlyspeciiic 8tretdb& &Hel2 Y& vehicles

certain of its state(timesteps20 ¢ 30, 20 ¢ 25, 145¢ 150, 165¢ 205, 230¢ 260, 270¢

305, 320¢ 350, 370¢ 420, 440¢ 460, 500¢ 540, and 57Qc 585). During the rapid
OKIFIy3aSa GKS @SKA OfisSvarigd aril (ichaiigds qRidklfronNAed dzi A 2 v

observations being made
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Figure 5-15 Variable seabed real-
world  bathymetry  environment
model (Figure 5-14): AUV belief
distribution across all possible states.
There are several bands
approximately, timestep: 20 -30, 20-
25, 145-150, 165-205, 230-260, 270-
305, 320-350, 370-420, 440-460, 500-
540, and 570-585 where the state is
confidently known. During the other
periods there is uncertainty in the
state.
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Likethe previoussimulated environmentnodel (Section5.1.3.7), the vehiclebelief
of its state fluctuates as the seabed rapidly changes depthisresults in observations
to vary alot betweenconsecutiveimesteps (i.e. observations maye thatthe vehicle is
in shallowwater to be followed by veryleepwater in the nexttimestep). This is due to
the nature of the rapidly changing seabdtbr example, at timestep 460 the seabed is
about 20 meters but at timestep 470 the seabed is 15 meters. This chyidge in the

environment causespid changen the prediction of the state.

The variation in the belief states due to rapid changes in theeabedcausng
reduced confidenceThe vehicle howeverasable to successfully navigate aadhieve
bottom-lock while avoiding collisi@with the seabedThe next set of testdemonstrate
the effect of modifying the POMDP modigtelf and how thevehicle fault manager
respords.

5.1.4 POMDP probability function modifi ed and inclusion of noise

The fourth set of simulationsexplore the reduction of confidence in the POMDP
model and the addition of a noisy sensor moddlhese tests use thshallowwater
simulated environmenwith a gradual seabed inclingsee5.1.1.7 and with additive
Gaussian noisen the depth measurements.1.1.2. The parameters for these tests
were all the same with the altitude range being between 4 and 8 meters. The DVL range
was set to 20 metersgltitude range of 8.2 meters, speed of 2 knotsntesteps of 2s,
and depth range between 5 and 35 with maximum pitch being 15°. These were chosen

to match the parameters of the unmodified simulationari.1.1
These tests redugcthe probabilities assigned to the POMDP model functimmghe
probability of makingan-observationand probability oftransitioningbetweenstates

O(o]s,a) andTo a Q urespettively.

The reward function was not alterexsincethe rewards are arbitrary and their values

are only relevant compared to each other. If reward values are all reduced by a specific
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to one anotherare unchanged

The first set of tests explores a reduction in the probability neékingan-
observatiorfunction.

514.1 OBSERVATION FUNCTION PROBABILITIES REDUCE D BY 10%, 20% AND 40%
These tests explore the impact of the probabilitynmdikingan-observationfunction,

(0] sa), in the POMDP. It reduces the set probabilities in the POMDP model by a

controlledamount Three tests were conducted witkductionsof 10%, 20%, and 40%.

As shown inFigure5-28 The three different simulations of reduced observation
functions have the same trends. The 10% reduced is able to attain altitude keeping (b).
The 20% reduced follows the 10% reduced although it is slower to react to ch@&nges.
40% reduction in the probability has the most dramatic effect with the vehicle having
very little confidence in the observations made of the rising seabed and consequently,
colliding with the seabed. Similarly, due to the high pitch angles from the fetwde
measurements that were achieved, there are much more instances of fin mode changes
NBadzZ GAy3 Ay |y dzyaillofS LAGOKD® ¢KA&A Aa

being reflected in its responses.
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Figure 5-16 Observation probabilities reduced by 10%, 20% and 40% : AUV performance
with the fault manager over a shallow gradual seabed incline. In all cases, the results are
poorer with increase reductions in the observation probabili ties. The desired altitude range

is given by the green band in (b).
In the 10% reduced model there is not much change from the original model in

section 5.1.1.1 The vehicle is confident of its state throughout the simulation run

(Figure5-29).
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Figure 5-17 Belief distribution for
AUV performance for the fault
manager over a shallow gradual
seabed incline with 10% reduced
probabilit ies of making -an-
observation ( Figure 5-16). Results
are not too different from the 0%
reduced probability case (Section
5.1.1.1).
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In the 20% reduced modeFigure5-18) the fault management system still has
confidence in its belief state in the first half of the simulation however; as the seabed
rises and forces the vehicle to adapt the fault manager becoess sure of its state.
During timestep 54 there is a large change in the belief state due to a highly erroneous
depth measurement. This is interesting since it shows the noisy data results in a fault
causing the vehicle to attempt to rectify its depthlgrio receive more accurate data

and have to rapidly change its belief state and actions
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Figure 5-18 Belief distribution for
AUV performance for the fault
manager over a shallow gradual
seabed incline wit h 20% reduced
probabilities of making -an-
observation ( Figure 5-16). Some
distinctions now seen between this
case and the 10% reduced
probabilities case.
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In the 40% reduced model the fault management system lacks confidence in the

vehicle state. This is due to POMDP model not being able to place confidence in the
observations due to the highly reduced probability of making those observations given

any stateor prior actions
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Figure 5-19 Belief distribution for AUV
performance with the fault manager
over a shallow gradual seabed incline
with 40% reduced probabilities of
making -an-observation ( Figure 5-16).
Results are notably poor compared to
the 10% reduced case. There is no
confidence in any state.
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These simulationslearly demonstratehow reducing theprobability of observation
causes the vehicle fault manager to have less confidence in its state. In the 40% case,

the vehicle is unable to have confidence in any state.
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The next set of testshave areduction in probabilities were applied to the

transitioningbetweenstatesfunction instead

5.14.2 TRANSITION FUNCTION PROBABILITIES REDUCED BY 10%, 20% AND 40%

These tests explore the impact of the probability of transitioAiegweenstates,
T(sQ g,a), POMDP functionlt reduces the probabilities ithe POMDP model by a set
rate, namely 10%, 20%, and 40%.

In Figure5-32 (a), the simulations for reductions of 10% and 20% perform similarly.
The 20%eduction simulation has more fin mode changes and greater variation in the
pitch. The simulation with 40% reduction is unable to prevent collisions with the seabed
or achieve bottordock for altitude readings. The lack of confidence in its state has the
consequence of being unable to predict states. Similarly, the lack confidence in its
actions means it is unable to change the state to a desired outcome. The fin mode varies
rapidly for the 40% reduced model and the change in pitch to rise above the seabed

comes far too late.
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Figure 5-20 State t ransition probabilities reduced by 10%, 20% and 40%  : AUV performance
with the fault manager over a shallow gradual incline environment. Generally, the AUV
performan ce is poorer and more uncertain with increasingly reduced probabilities where

the fault manager is unable to direct the AUV towards the desired outcomes. The desired
altitude range is given by the green band in (b).

In the 10% reductionFigure5-21) to the probability oftransitioningbetween
statesmodel there is little change from the original model in secttoh.1.1 The vehicle

can stillhaveconfidence in its state throughout the simulation.
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The difference between a reduction of 20Fgure5-22) and 10%HKigure5-21) is
not significant although it is noticeable that the vehicle is slower to have confidence in
new states. This results in loweonfidence for any one state during most of the

simulation where the states rapidly change
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~ Figure 5-22 Belief distribution for
AUV performance with the fault
manager over a shallow gradual
seabed incline with 20% reduced
probability of transitioning -
between -states (Figure 5-20).
Results are not unlike the 10% case.
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In the 40%(Figure5-23) reduced model the fault management system lacks
confidence in the states, although it does have more confidence than it did for the 40%
reduction to the observation function (sesection5.1.4.4. This makes sense as the
observations drive the belief in the state although the faminager determining the

best actions would be problematic
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Figure 5-23 Belief distribution for
AUV performance with the fault
manager over a shallow gradual
seabed incline with 40% reduced
probability of transitioning  -between -
states (Figure 5-20). Results are
notably poorer than the 10 or 20%
case. However, they are not as poor
as the 40% reduction in the 40%
probability of making -an-
observation case.
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This set of simulations show that reductions in the probabiliédransitioning
betweenstates has less impact on the vehicle belief state and how the fault manager
chooses actionsThe fault manager when the probabilities were reduced by 10% and

20% was still able to function, however at 40% while still maintainirigetter belief
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distribution than 40% reduction in the observation function (sectoh.4.4 the fault

manager was unable to choose actions and\hhicle collided with the seabed.

The next set of tests highlight the impact of reductions in probabilities for the
transition-betweenstates and makingn-observation functions and the addition of

Gaussian additive noise

5.14.3 OBSERVATION AND TRANS ITION FUNCTIONSOPROBABILITIES REDUC ED BY 10%, 20%, AND
40%

The next series of tests explore the combined effects of the probability of
transitioningbetweenstates, T(sQ gla), and of makingan-observation,0(0| s,a), on the
POMDP. It reduces the probabilities in the POMDP model at a set rate. Note, these
probabilities areindependent¢ not a jointprobability. Three tests were conducted
using rates of 10%, 20%, and 40%.

In Figure5-36(a), the two simulations of reduced probabilities of 10% and 20% were
similar. The reduced simulation of 20% had more fin mode (d) changes which causes
more variation in vehicle pitckFigure5-36 (c)). The 40% reduction meant the vehicle
was unable to avoid the seabeBligure5-36 (a)) and an extremely low pitcFigure5-36
(c)) which results in complete loss of altitudegure5-36 (b)). This makes sense given
the results in section®.1.4.4and 5.1.4.5 With both probability functions so greatly
reduced, the fault manager was unable to determine its state or choose actions to

properly drive the vehicle
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Figure 5-24 The probabilities of making -an-observation and transitioning -between -states
functions are both eroded by 10, 20 and 40%: AUV performance with the fault manager
driving the fin mode over a shallow gradual incline environment. (a) The 10% and 20%
track the same general path . The 40% case has the AUV collide with the seabed. (b) AUV
altitude follows the trends in (a). (c) Pitch oscillations increase at 20% reduction. (d) Fin
mode trends, expectedly, follow (c) . The desired altitude range is given by the green band
in (b).

Similarto results in sections.1.4.4and5.1.4.5the reduction of both probability

(Figure5-25) functions by 10% has minimal impact oretktate belief. There is overall
less confidence in any one state for each timestep compared to the original (un

reduced) simulations in secti.1.1.1
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Figure 5-25 Belief distribution for
AUV performance with the fault
manager over a shallow gradual
seabed incline with 10% reduced
probabilities in  making -an-
observation and transitioning -
between -states (Figure 5-36).
Minimal impact in the state belief.

0 0.2 0.4 0.6 0.8 1
belief in state

The reduction of 20% for both probability functions results in a imilgss
confident fault manager. This creates a more variable belief state as showigune
5-26.
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Figure 5-26 Belief distribution for

AUV performance with the fault
manager over a shallow gradual
seabed incline with 20% reduced
probabilities in  making -an-
observation and transitioning -
between -states (Figure 5-36). At 20%
reduction in both probabilities, the
fault manager is less confident of its
state.
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Finally, similar to the results in sectiofd.4.4and5.1.4.5 the reduction of 40%

(Figure5-27) results in a fault manager incapable of having confidence in any one state
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Figure 5-27 Belief distribution for
AUV performance with the fault
manager over a shallow gradual
seabed incline with 40% reduced
probabilities in making -an-
observation and transitioning -
between -states and additive
Gaussian noise (Figure 5-36). At
40% reduction in both probabilities
the fault manager is unable to have
confidence in any one state.
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These series of simulations demonstrated that reduction of the abdky functions
result in the system less sure of its measurements and the actions required. This is
further explored in the next few simulations that repeat the reduction along with an

additive Gaussian noise induced in the measurements.
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5.14.4 OBSERVATION FUNCTION PROBABILITI ES REDUCED BY 10%, 20% AND 40% WITH ADDITIVE
NOISE

These tests explore thenpactof the probability ofmakingan-observationfunction,

O(0] sa), in the POMDP. It reduces the set probabilities in the POMDP model by a

controlledamount Three tests were conductealith reductionsof 10%, 20%, and 40%.
Additive Gaussian noissas induced irthe AUVdepth measurementsimilar to that of
the simulation in sectiorb.1.1.2 This was given a standard deviation of 2 me{sese
equation 46 in section4.4.]) from the actual measurement set in the initialization file
(seeAppendix @ Tablg.

As shown irFigureb-28(a)the measured AUV depth iwisyfrom the additive noise.
The altitudefollows andis likewise noisy. The three different simulations of reduced
observation functiondhave the same trendas the previous simulation without noise
(5.1.4.1. The agaim0%r eduction in the probability has the most dramatic effawith
the vehiclehaving very littleconfidence inthe observations made of the rising seabed
and consequentlycollidingwith the seabed Similarly, due to the high pitch angles from
the few altitude measurementthat were achieved there are much morenstances of
fin mode changes resulting in an unstable pitch. Thidue to the fault managef2 a
uncertainty inits state being reflected in its responsed.he noise increases the

uncertainty in the observations.
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Figure 5-28 Observation probabilities reduced by 10%, 20% and 40% and additive Gaussian
noise in depth measurements : AUV performance with the f ault manager over a shallow
gradual seabed incline. In all cases, the results are poorer with increase reductions in the
observation probabilities.  The desired altitude range is given by the green band in (b).

In the 10% reduced model there is not much change from the original model in
section5.1.1.2 There is a reduction in the confidence of its state compared to the noise
free model (section5.1.4.)The vehicleis confidert of its state throughout the

simulationrun (Figure5-29).
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Figure 5-29 Belief distribution for
AUV performance for the fault
manager over a shallow gradual
seabed incline with 10% reduced
probabilit ies of making -an-
observation ( Figure 5-28). Results are
not too different from the 0%
reduced probability case (Section
5.1.1.2).

In the 20% reduced moddéFigure5-30) the fault management system still has
confidence in its belief state the first half of the simulation however; as the seabed
rises and forces the vehicle to adapt the fault manager becoess sure ofts state.

There is a decrease in the confidence compared to the previous sécfighl
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Figure 5-30 Belief distribution for
AUV performance for the fault
manager over a shallow gradual
seabed incline with 20% reduced
probabilities of making -an-
observation ( Figure 5-28). Some
distinctions now seen between this
case and the 10% reduced
probabilities case.
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In the 40% reduced modd€Figure5-31) the fault management system lacks
confidence inthe vehicle stateThis is due to POMDP model not being able to place
confidence in the observations due to the higlieduced pobability of making those

observations given any state or prior actions
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Figure 5-31 Belief distribution for AUV
performance with the fault manager
over a shallow gradual seabed incline
with  40% reduced probabilities of
making -an-observation ( Figure 5-28).
Results are notably poor compared to
the 10% reduced case. There is no
confidence in any state.
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These simulgons clearlydemonstratehow reducing the probability of observation
and additive Gaussiannoise on the sensor measurementauses the vehicle fault

manager to have less confidence in its stdte the40%case the vehicle isunable to
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have confidence in any state. The additive noise can also result in observations that are
false causing the vehicle to perforamnecessary or counteproductiveactions It also

results in a lower confidence of state due to conflicting observations.

The rext set of tests likewishaveadditive Gaussiamoise however; the reduction in

probabilities were applied to thgansitioning-betweenstatesfunction instead

5145 TRANSITION FUNCTION PROBABILITIES REDUCED BY 10%, 20% AND 40% WITH ADDITIVE
NOISE

These tests explore the impact of the probability of transitioAiegweenstates,
T(sQ g,a), POMDP functionlt reduces the probabilities in the POMDP model by a set
rate, namely 10%, 20%, and 40%. Additive Gaussian noise was also added to the AUV
simulaion depth measurementssimilar to section5.1.1.2 The depth measurement
was assigned a standard deviation of 2 meters (see equat®ndsectiord.4.1) from

the actual measurement (set in the initialization fitseeeAppendix & Table.

In Figure5-32 (a), the measured AUV depth is spdia due to the additive noise.
The altitude likewise follows suit from the additive Gaussian noise.sithulations for
reductions of 10% and 20% perform similarly. The 20% reduction simulation has more
fin mode changes and greater variation in the pitch. The simulation with 40% reduction
is unable to prevent collisions with the seabed or achieve botlock for altitude
readings. The lack of confidence in its state has the consequence of being unable to
predict states. Similarly, the lack confidence in its actions means it is unable to change
the state to a desired outcome. The fin mode varies rapidiytfer40% reduced model

and the change in pitch to rise above the seabed comes far too late.
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Figure 5-32 State t ransition probabilities reduced by 10%, 20% and 40%  : AUV performance
with the fault manager over a shallow gradual incline environment.
performance is poorer and more uncertain with increasingly reduced probabilities where
the fault manager is unable to direct the AUV towards the desire
altitude range is given by the green band in (b).

In the 10% reductionHigure5-33) to the probability oftransitioningbetween

Generally, the AUV

d outcomes. The desired

statesmodel there is little change from the original model in sect®f.1.2 and an

decrease in confidence compared to the néeisee model (sectiorb.1.4.2. The vehicle

can stillhaveconfidence in its state throughout the simulation.
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The difference between a reduction of 20Bgure5-34) and 10%Higure5-33) is
not significant although it is noticeable that the vehiclesliswer to have confidence in
new states. This results in lower confidence for any one state during most of the

simulation where the states rapidly change
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Figure 5-34 Belief distribution for

AUV performan ce with the fault

manager over a shallow gradual

seabed incline with 20% reduced

probability of transitioning -
between -states and additive
Gaussian noise (Figure 5-45). Results
are not unlike the 10% case.
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In the 40% reduced modd€Figure5-35) the faut management system lacks

confidence in the states, although it does have more confidence than it did for the 40%
reduction to the observation function (sesection5.1.4.4. This makes sense as the
observations drive the belief in the state although the fault manager determining the

best actions would be problematic
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Figure 5-35 Belief distribution for
AUV performance with the fault
manager over a shallow gradual
seabed incline with 40% reduced
probability of transitioning  -between -
states and additive Gaussian noise
(Figure 5-45). Results are notably
poorer than the 10 or 20% case.
However, they are not as poor as the
40% reduction in the 40% probability
of making -an-observation case.




This set ofsimulations show that reductions in the probabilities of transitioning
betweenstates and a noisy sensor measurement has less impact on the vehicle belief
state and how the fault manager chooses actioithe fault manager wherthe
probabilities werereduced by 10% and 20% was still able to function, however at 40%
while still maintaining a better belief distribution than 40% reduction in the observation
function (section5.1.4.9 the fault manager was unable to choose actions and the
vehicle collided with the seabe@he Gaussian noise resulted in less confidence in state
due to conflict between observations as compared to the néise model5.1.4.2

The next set of tests highlight the impact of reductions in probabilities for the
transition-betweenstates and makingn-observation functions and the addition of

Gaussian additiveoise

5.1.4.6 OBSERVATION AND TRANS ITION FUNCTIONSOPROBABILITIES REDUC ED BY 10%, 20%, AND
40%

These series of tests explore the combined effects of the probability of transitioning
betweenstates, T(SQ2 g,a), and of makingan-observation,0(o| s,a), on the POMDP. It
reduces the probabilities in the POMDP model at a set rate. Note, these probabilities are
distinct ¢ not a jointprobability. Three tests were conducted using rates of 10%, 20%,
and 40%. Additive Gaussian noise was also added to the MWW dzf | G A 2y Q&
measurements. This was assigned a standard deviation of 2 metersqsagon 46 in
section4.4.1) from the actual measuremenesin the initialization filg(seeAppendix C
¢ Table.

In Figure5-36(a), the measured AUV depth is sporadic with the additive noise. The
altitude likewise follows suit from the additive noise. These two simulations of reduced
probabilities of 10% and 20% werendar. The reduced simulation of 20% had more fin
mode (d) changes which causes more variation in vehicle gtigare5-36(c)). The 40%
reduction ment the vehicle was unable to avoid the seab&iggre5-36 (a)) and an

extremely low pitch Eigure5-36 (c)) which results in complete loss of altitudéigure
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5-36 (b)). This makes sense given theulesin sections.1.4.4and 5.1.4.5 With both
probability functions so greatly reduced, the fault manager was unable to determine its

state or choose actions to properly drive the vehicle
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Figure 5-36 The probabilities of making -an-observation and transitioning -between -states
functions are both eroded by 10, 20 and 40%: AUV performance with the fault manager
driving the fin mode over a shallow gradual incline environment. (a) The AUV depth is
sporadic due to the additive Gaussian noise. The 40%  case has the AUV collide with the
seabed. (b) AUV altitude follows the trends in (a). (c) Pitch oscillations increase at 20%
reduction. (d) Fin mode trends, expectedly, follow (c) . The desired altitude range is given
by the green band in (b).
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Similar to results in sectiorts1.4.4and5.1.4.5the reduction of both probability
functions by 10%Figure5-37) has minimal impact on the state belief. There is overall
less confidence in any one state for eaadhmdstgp compared to the original (un
reduced) simulations in sectidb.1.1.2 The noise lowers the confidence of the belief in
state; however, the fault manager is still able to act similarly to previous timse

models (sectiorb.1.4.3.
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Figure 5-37 Belief distribution for
AUV performance with the fault
manager over a shallow gradual
seabed incline with 10% reduced
probabilities in - making -an-
observation and transitioning -
between -states and additive
Gaussian noise (Figure 5-36) cause a
reduction in confidence of its belief.

timestep

0 0.2 0.4 0.6 0.8 1
belief in state

The reduction of 20% for both probability functions results in a much less
confident fault manager. This creates a more Malgabelief state as shown iRigure
5-38.
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£ 30 B . AUV performance with the fault
=
= T manager over a shallow gradual
— I seabed incline with 20% reduced
-_ probabilities in  making -an-
-. observation and transitioning -

-0 between -states and additive
Gaussian noise (Figure 5-36). At 20%
reduction in both probabilities, and
the additive noise cause the fault
manager is less confident of its
state.
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belief in state

Finally, similar to the results in sectiofd.4.4and5.1.4.5 the reduction of 40%

(Figure5-39) results in a fault manager incapable of having confidence in any one state

-133-



I DEPTH_GOOD PITCH_GREATLY_UP
I DEPTH_GOOD PITCH_UP_MAX

] DEPTH_GOOD PITCH_UP

I DEPTH_GOOD PITCH_LEVEL

[ DEPTH_GOOD PITCH_DOWN

™ DEPTH_GOOD PITCH_DOWN_MAX
[ DEPTH_GOOD PITCH_GREATLY_DOWN
I DEPTH_SHALLOW PITCH_GREATLY_UP
I DEPTH_SHALLOW PITCH_UP_MAX
[ DEPTH_SHALLOW PITCH_UP

I DEPTH_SHALLOW PITCH_LEVEL
[ DEPTH_SHALLOW PITCH_DOWN
[ DEPTH_SHALLOW PITCH_DOWN_MAX
I DEPTH_SHALLOW PITCH_GREATLY_DOWN
I DEPTH_DEEP PITCH_GREATLY_UP
[ DEPTH_DEEP PITCH_UP_MAX

(I DEPTH_DEEP PITCH_UP

I DEPTH_DEEP PITCH_LEVEL

[ DEPTH_DEEP PITCH_DOWN

[ DEPTH_DEEP PITCH_DOWN_MAX
I DEPTH_DEEP PITCH_GREATLY_DOWN

Figure 5-39 Belief distribution for
AUV performance with the fault
manager over a shallow gradual
seabed incline with 40% reduced
probabilities in making -an-
observation and transitioning -
between -states and additive
Gaussian noise (Figure 5-36). At 40%
reduction in both probabilities the
fault manager is unable to have
confidence in any one state.

timestep

0 0.2 0.4 0.6 0.8 1
belief in state

It was demonstrated that the combined reduction of probabilities tf@nsitioning
betweenstates T(sQ g,a) and makingan-observation O(0| s,a), on the POMDP fault

manager led to a reduction in the confidence of the states at each timestep. In the 40%
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case, the fault manager is unable to properly control the vehicle. The higher the
probability of these functions, théessconfident the fault manager is of the state and
FOGA2ya AG ySSRa (2 LISNF2N). The2addiive aazlS G KS

increased the lack of confidence

These tests concluded the depth saystem only simulations, the next series of

tests were for the power management sslgstem

5.2Power management sub -system simulations
The second set of tests were with the poweaanagemeh sub-system only. These

G6Sada 6SNBE O2yRdzOGSR FT2NJ 6KNBS SySNHe& fS@€
sufficient energy, insufficient energy (requires a power usage reductiongribcal

capacity (requires the vehicle to abort its missidddth the initial energy capacity and

total estimatedmission time are set in the initialization file (sé@pendix G; Tablg.

The energy consumption is a random distribution read from a log file. For more

information seesection4.4.2

tKS @OSKAOf SQa SySNHeé dzal 3S Aa OF LJidzZNBER Ay
(a), shows the energy capacity (Joules) over the mission. The second plot, (b), shows the
estimated mission time left. Plot (c) shows the effect of tlmavpr management mode
controlled by the fault manager. A value of 0 meamergyusage is normal, 1 means
the vehicle has entered powersavingmode where power usage is reduced by a set
incremental rate defined in the initialization filseeAppendix G; Tablg, and 2 means
the mission has been aborted. Plot (d) shows the energy consumed at each timestep.
This was a variable input since engrgonsumption by sensors, actuators and

processors is rarely constant

The first of these tests had sufficient energy to complete the mission.
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5.2.1 Sufficient capacity with simulated energy consumption
Thesufficientenergy capacity test began with a capa@fy8000 Joules and finished

with about 2500 Joules of energy. Since the energy was only measured|tovi{aes
opposed tovery lowor critical) in the final quarter of the mission, thgowersaving
mode was not engaged since the fault manager determitinese is likely sufficient
energy to finish the simulation. THew energy rate was set to 40¥et in initialization
file, seeAppendix Cg Tablg. This results in thdow energy value to be under 3200
Joules. Avery lowenergy capacity is defined as under 1600 Joules ardieal capacity

is 800 Joules

In Figure5-40 (a)the AUV energy capacity decreases over the course of the mission.
It does reach below 3200 Joules around timestep 55, but never drops belowetie
low or critical thresholds. The estimated time to completion is in (b). The total estimated
mission time (set in initialization file) is inaccurate causing the mission to take longer
than estimated. The power mode is shownRigure5-40 (c) ¢ it never switches from
normal usage. Although the energy capacity does readbwaenergy threshold the
usage remains normal since the vehicle is in the last quarter of itsomiasid the fault
manager determines there is enough energy to finish the mis$imure5-40 (d) shows
the energy usage measurement at each timestep.

The belief state Rigure 5-41) is fairly steady with the main changes being the

mission time.
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Figure 5-40 Sufficient energy for given simulated energy consumption in (d) with the
estimated mission time of (b). The fault manager drives the power sub -system with
thresholds: low=3.2 kJ, very low = 1.6 kJ, and critical = 0.8 kJ. (a) Energy (J) decreases as
expected, it does not go below the  /ow energy state. (b) The estimated time to mission
competition is longer than expected. (c) The fault manager driven power mode shows all
zeros which means energy is consumed at the normal rate which is expected given
sufficient energy.
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Figure 5-41 Belief distribution for AUV performance with the fault manager (Figure 5-40):
sufficient energy given simulated energy consumption. Be lief state progresses with
confidence as expected.
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This model shows the vehicle operating with sufficient energy and will be used as a
benchmark for the next two tests that operate at a reduced energy state.
The initial energy capacity of the sufficienodel was reduced by 30% for an

insufficient energy model

5.2.2 Insufficient capacity with simulated energy consumption
The insufficient energy capacity test was initialized with a capacity of 5750 Joules

and finished with 630 Joules of energy. Tlhes energy rate was set to 40 (set in
initialization file seéAppendix @& Tablg. This means the low energy value is under 2300
Joules. Averylow energycapacity is under 1150 Joules andrétical capacity is 575
Joules. Thepower-savingmode reduces the energy consumed by 25% (set in the

initialization file)

In Figure5-42(a) the AUV energy capacity decreases over the course of the mission.
It goes below 1150 Joulegefy low at around imestep 55 which activates thpower-
savingmodeseen inFigure5-42 (c). The vehicle manages to finish the simulation before
crossing thecritical energy level threshold. The estimated time to completion is shown
in Figure5-42 (b). The total estimated mission time (set in initialization file) is inaccurate
causing the mission to take longer than estimat€ture5-42 (d) shows the energy
usage measurement for eachimestep. Once thepower-savingmode is engaged
(timestep 55), there is a noticeable reduction in the energy consumed at eawstep
(Figure5-42 (d)).

The vehicle is fairly confiderFigure5-43) of its statein the first 85% of the mission,
with the main changes coming from the mission time states. How¢werards the end
of the simulation when the energy capacity begins to reachltliv and thenvery low

levels the vehicle becomes less confident of its state
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Figure 5-42 Insufficient energy for given simulated energy consumption in (d) with the
estimated mission time of (b). The fault manager drives the power sub -system with
thresholds: low= 5.75 kJ, very low = 2.3 kJ, and critical = 1.15 kJ). (a) The total energy
(Joules) decreases as expected over the mission. At t imestep = 55, the vehicle enters the
power -saving mode. (¢) The fault manager driven power mode (energy consumption rate: 0

= normal rate, 1 = lower power rate) switches to power -saving mode at timestep = 55
given insufficient energy. The yellow band is when the  power -saving mode is engaged.

- 140-



| I POWER_GOOD USAGE_NORMAL FIRST QUARTER
[ [ESSSSSNE [ POWER GOOD USAGE_NORMAL SECOUND_QUARTER
60 NS s | | POWER GOOD USAGE_NORMAL THIRD_QUATER
[ (| | POWER GOOD USAGE_NORMAL ALMOST DONE
NI |\ POWER_GOOD POWER_SAVING FIRST QUARTER
] POWER_GOOD POWER_SAVING SECOUND_QUARTER
I POWER GOOD POWER_SAVING THIRD_QUATER
I POWER_GOOD POWER_SAVING ALMOST_DONE
I POWER_GOOD ABORTED FIRST_QUARTER
"1 POWER_GOOD ABORTED SECOUND_QUARTER
I POWER_GOOD ABORTED THIRD_QUATER
[ POWER_GOOD ABORTED ALMOST_DONE
[ POWER_LOW USAGE_NORMAL FIRST_QUARTER
I POWER_LOW USAGE_NORMAL SECOUND_QUARTER
1 [ POWER LOW USAGE_NORMAL THIRD_QUATER
| I POWER LOW USAGE_NORMAL ALMOST_DONE
"1 POWER_LOW POWER_SAVING FIRST_QUARTER
I POWER_LOW POWER_SAVING SECOUND_QUARTER
[ POWER LOW POWER SAVING THIRD_QUATER
™1 POWER_LOW POWER_SAVING ALMOST_DONE
I POWER_LOW ABORTED FIRST_QUARTER
I POWER_LOW ABORTED SECOUND_QUARTER
I POWER_LOW ABORTED THIRD_QUATER
"1 POWER_LOW ABORTED ALMOST_DONE
I POWER_VERYLOW USAGE_NORMAL FIRST_QUARTER
| | POWER_VERYLOW USAGE_NORMAL SECOUND_QUARTER
[ POWER_VERYLOW USAGE_NORMAL THIRD_QUATER
I POWER_VERYLOW USAGE_NORMAL ALMOST_DONE
I POWER_VERYLOW POWER_SAVING FIRST_QUARTER
|| POWER VERYLOW POWER_SAVING SECOUND_QUARTER
1] | |1 POWER VERYLOW POWER SAVING THIRD QUATER
[ | POWER VERYLOW POWER SAVING ALMOST DONE
20 S [ [ POWER VERYLOW ABORTED FIRST_QUARTER
I [l (T POWER VERYLOW ABORTED SECOUND _QUARTER
| | I POWER VERYLOW ABORTED THIRD QUATER
rmmry BB POWER_VERYLOW ABORTED ALMOST_DONE
[N POWER_CRITICAL USAGE_NORMAL FIRST_QUARTER
1 POWER_CRITICAL USAGE_NORMAL SECOUND_QUARTER
I POWER_CRITICAL USAGE_NORMAL THIRD_QUATER
10 [ POWER_CRITICAL USAGE_NORMAL ALMOST_DONE
7] POWER_CRITICAL POWER_SAVING FIRST_QUARTER
I POWER_CRITICAL POWER_SAVING SECOUND_QUARTER
I POWER_CRITICAL POWER_SAVING THIRD_QUATER
I POWER_CRITICAL POWER_SAVING ALMOST DONE
"] POWER_CRITICAL ABORTED FIRST_QUARTER
SN Iml MMM POWER CRITICAL ABORTED SECOUND QUARTER
() e neweens | [ POWER_CRITICAL ABORTED THIRD_QUATER
0 0.5 1 |22 POWER_CRITICAL ABORTED ALMOST DONE

belief in state

50

40

timestep

Figure 5-43 Belief distribution for AUV performance with the fault manager . insufficient
(Figure 5-42) energy given simulated energy consumption. Belief state progresses with
confidence as expected until the last 15% of the mission where the state becomes more
uncertain due to the lower energy modes.
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This simulation demonstrated the vehicle successfully responding vergalow
energy state by reducing its energy consumption. This is further demonstrated in the
next simulation where the vehicle reachescatical energy level and must abort the
mission
5.2.3 Critical capacity with simulated energy consumption

The critical energy capacity test began with 5000les and finished with about 420
joules of energy. The low energy rate was set t@4(set in initialization file, see
Appendix G Tablg. This results in théow energy value to be under 2000 Joules, the
very lowenergy capacity to be under 1000 Joules anctigical capacity of 500 joules.
The power-savingmode reduces the energy consumed by 25% which is set in the

initialization file

As shown irFigureb-44(a) the AUV energy capacity decreases over the course of the
mission as expected. It reaches below 1000 Joules around timestep 48 which activates
the powersavingmode seen inFigure5-44 (c). The energy capacity reachestical
around timestep 55 resulting in the fault manager calling for a mission abort and the
simulation ending. The estimated time to completion is shdwgure5-44 (b). The total
estimated mission time (set in initialization file) is inaccurate causing the mission to take
longer than estimatedFigure5-44 (d) shows the energy consumed at each timestep. It
is highly variable to simulate actual energy usage by different sensors, actuators and
processors during the timestep. Around timestep 48 the energy consumption, while still

variable, is reduced due to th@ower-savingmode being engaged
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Figure 5-44 Critically low energy for given simulated energy consumption in (d) with the
mission time in (b). The fault manager drives the power sub -system with thresholds: /ow=
2.0 kJ, very low = 1.0 kJ, and critical = 0.5 kJ). (a) The total energy (J) decreases as expected
over the mission (simulation). (b) The total estimat  ed mission time is inaccurate from the
start. (¢) The fault manager driven power mode (energy consumption rate: 0 = normal, 1 =
lower power) switches att imestep = 48 to power -saving mode and at t imeste p = 55 critical
mode since it crossed that threshold.  The yellow band is when the  power -saving mode is
engaged. The red band is when the abort has been triggered due to critical energy levels.
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