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SUMMARY

The concept of Dynamic Decision Making (DDM) is essential for achiewimg
overall goaby adapting to the results of previous decisionswarekpecteenvironmental
changes.Example applications ofDDM in aerospacevary from individual predictive
maintenace to multi agent taskingVhen making dynamic decisioms a multragent
scenarig the goal is to minimize uncertainty for future actions by predicting consequences
for both the individuahssetand the group. In a squadron with vehicles of the sype, t
it is expected thaperformance(e.g., fatigue rate and structural heglthary form one
vehicle to the next.Infusing individual performance capabilities and their uncertainties
can overwhelm the decision maker. One approach to improweti®onmaking process
for multiple agents i®y usingDigital Twins, an authoritativevirtual representation of a
connectd physical systemThe digital t wi rsgests oh computationaphysica] and
communicationdlimits impact thé overall utility. Furthermore, the aspects of fidelity,
runtime, latency, and proximity (due to the physical requirements) need to be assessed t
determine the value within muligent DDM.A vision for Digital Twins is to enable real
time operational decision makirgy predictive and proactiveneasuresvhile mitigating
potential anomaliesThis thesisseeks to evaluate the infusion of Digital Ti&iin a multi
agent DDM architecture, the challenges with the infusion, and a comparison to historically
deterministicd ecisiormaking processes for a relevant aerospace scenario to trade overall
mission effectivenesslo that endthree steps are required method of evaluating
different decisiormaking architecturesdigital twin selection, and scenario definition. A

structurel decisioamaking process was developed such that both twinned and twinless

Xii



multi agent DDM methods could be interchangBte digtal twin selected foevaluation
wastheairframe prognostic healibf aremotecontrolaircraft The digital twirdetermind
how tightly a turn can be perform¢Blg or 39 as a function of health status rmussion

A field surveillance/surveymission scenariavas implementedvith area surveilledas a
metric. During the missioneachaircraft(twinned or twinless) defines their turn loadhile

a multi-agent coordinator modifieswaypoints for agents To ensure multagent
interactions with DDMaperturbance (treated as a gust event) occurs leadargetircraft
leaving the mission early and requiring the remairamgraft to adaptheir missions to
mitigate the unexplored areasEach aircraft leaves the mission area upuission
completion, digital twinhealthassessmenter crashing.The asessment fopermitting
aircraft to leave the mission area is traded between the multi agent comraaddiey
agents; both traded as a function of laten&ach agent has unique variationsboth
airframe life and digital twinarchitectures (instance vs aggregaa) aretraded.The
designof experimentenablesrades across thegents factors of the digital twiidelity

(fit error with sensor tdoad9, initial health, and overall system latenéyom the data
generated, surrogate models were fit and analyze@termine variable significance via
ANOVA as well as a comparison between a 3g turn only (treated as a twinless/human
baseline)and various digital twin fidelies Sensitivity analysis revealed that airframe life
had the greatest impact on overall misseffectiveness amonigoth digital twin-infused
dynamicdecisionmaking methods. Following closely was the influence of overall system
latency with digital twin fidelity being least important of the thrged ditionally, the digital
twin comparisons to humdaraseline show that digital twins significantly increase mission

performance by longevity in the fielts the entire fleet significantly ages. A simplified

Xiii



axiomf or the digital twindés infusion anto m

follows:

1) havinginformation is gooddigital twin usage)
2) havingaccurate information is bettétigital twin fidelity)

3) having information on time to make decisions is critigkdta communication)

Xiv



INTRODUCTION

1.1 Dynamic DecisionMaking Overview

From the Oracle of Delphi in Ancient Greece lgracAsimow® s concept s
psychohistorythe desire to make the best decisions based on predicted outcomes has been
constant.The ability to actively predict outcomdses into a conga called dynamic
decision makingDDM) [1]. DDM applies to any application where goals are achieved
over time and adapt to external factorke research proposed in this repoxestigates

opportunities foimproving DDM.

1.1.1 Definition

The concept of dynamic decision making, while absttaas, relevant attributes
that can be tracke®tudies of th&DM concepts can betraceda r d Ed war d 6 s
in 1962that defines the criteria for DDM. DDM requires timeeefollowing requirements;
First,aseries of actions must be taken over time to achieve some overall goal. $keond,
actions are interdependent so that later decisions depend on earlier actionsthé&hird,
environment changes both spontaneouslytmodus®f earlier actiongl]. Altogetherthe
three aspects require the ability to not only make decisions in dynamic situations but also
the awareness to adapt to both consequences from previous actionsiexpected
phenomena from the environment. Within an aerospace contexQhkerveOrient
DecideAct (OODA) loop [2] [3] is an example of DDM.With the definition of DDM
known, the context within an aerospace applicatan help identify both use cases and

opportunitiefor improving DDM



1.1.2 DDM Uses and Opportunities

DDM applies to multiple scenarioshich can scale in impadfi.e., strategic vs
tactical[4]), such ashe number of platforms, or agents, involvidthin aerospacesingle
agent DDMactions such as flying an aircrafte. the Observ®rientDecideAct or
OODA Loop) testingdcertifying the aircraft,commanding a squadrdb], repairing a
vehicle modifying the vehicle for longevity, amétirement;demonstratéhe applications
acrossthe product lifecycle Large scale scenarios such as supply chanagement,
production development, and mission readingsmonstrate need® the macroscopic
level Negativeconsequences of singigent focused DDM ashown througlhecarrying
consequenaof vehicledamageadditional costsloss of technical intkyence,up toloss
of life [6], while multragentscenarios witlsupply chain issug3], unexpected production
shortageg8], are usually trackedr identified retroactivelyOutside of aerogre similar
scenarios exist for both single and mualjent DDM;navigationand orientationneeds
exist with other transportation platforniier single agent DDM while city planning,
manufacturingassembly linestraffic control, battle management, etre examples of

multi-agent DDM.

From the identified needs of DDM, it is necessary to idemiyhods of evaluating

DDM approaches and aspects. Furthermire ,contexbf aerospace faingle andmnulti-
agent DDMidentifiesthe use ofthe OODA loopfor internal navigation and squadron

commandgasa prime opportunity for research.

The challenge withurrent methods for DD a combination of making decisions

under uncertainty whilst also tracking thariety of evaluatng potential decisions/actions



[9]. When considering thdecisionmadeand compoundinguncertaintyfrom evaluating
futureconsequences for all potentadtions humans cafeeloverwhelmedTo reduce the
complexity in making a correct or reasonable decisexperientialbiases(i.e., training,
knowledge, experiencg influence decision makg. Furthermore, the overwhelngn
information canlead to decisioimaking delaysin critical moments[10]. Additionally,
decision quality and accountability are limitddecisionmaking tends to beeactive e.g.,
through listening to communications, tracking changes in,statedebrief meeting after
the whole operation occufdl]. The wncertaintyin evaluating the best fute actionis
furtherimpactedwhen consideringhattheinformation used to make decision is typically
an aggregate of multiple sources as opposed to individual ofles.aggregation of
information is beneficial for understanding trendst inherently eliminateindividual,
unique aspectl 2], which can lead to negative impacts up to loss ofdifie to differing

behaviour6]. As a result, the goal of the proposed research is as follows:

Research Goal:
Define and implement an agach to improve mukagent DDMthat reduces uncertainty

and captures unique agent information.

To determine how to compare DDM methods, an investigation into determining

how to model such methods is required.

1.1.3 Modelling Approachet evaluate DDMmethodologies



DDM methods vary, but all rely on similar actions arehationsfrom the
environment and situationThe environmentsituations, and interactions between the
agentsand environmenare compiled intavhatis called amissionscenario[13]. Mission
scenarios have desired outcoroeer a series of tasks with various levels of complexity.

The similar output®f actionsinto a mission scenarienabls the evaluation of various

DDM methodghrough dynamic timestep$he attributes of evaluatidresolution,can be
comparedthrough maturityof knowledge contribution(claimed impactin scope of
applicatior), complexity of experiment.e., number of agenfslegrees of freedom, €eXc.

and the total fidelityof the experimenfl4]. Together, they generatel@eedimensional
experiment solution spacas shown irFigurel. In additiontothe scale, there are practical
aspects(e.g., cost \ersus realism accessibility, and convenience versus scenario
abstractiopthatcome into play, ashown inFigure2. FromT a y | assesswentifferent

DDM approachesanbe evaluated througtne modelling and simulation of reaforld
environments[15]. To determine the relevant scale and approachetfatuating an
improved DDM methodology, additional context can be appliHte context can be

derived from current methods applied by governing organizatiams. Oepartment of

Deferse, an organization that actively applies mualjent DDM,statesthat the rise of
digital engineering is changing their ut il
activities and deci si di] Imaheriwordgsmadelingpaxd t he

simulationis an accepted approachdealuaing DDM methodologies
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Figure 2: Aspects related to testingscope and practicality [15]

1.1.4 DDM Desired Capabilities

To identify potential opportunities to improve decisioraking, the definition needs
to be converted tspecific characteristicdn taking the definition from Edwards], the

interpretation becomes thellowing:

1) Need/ability to get real time knowledge about the statéahdviorof the agent



2)Need/ ability to obtain real time ,histor

3) Need/ability to capture change in asgehaviouras the environment changes, in

real time

4) Evaluate outcomes for achieving overall goal for multiple agents

The finalitem ensureghat the capabilities assessgh scale with multiple agents.
With the criteria for improvement defined, DDM opportunities can be resedraind

evaluated.

1.2 Dynamic DecisionMaking Improvement Opportunities

With a series ofcriteria identified for improving DDM, dternativesneed to be
researched and evaluatédiditional factors to consider includmcertainty quantification

and evaluation of alternatives in making decisions.

1.2.1 DDM ImprovemenOpportunities Considered

Four options were identified for further evaluation in improving DDM for multiple
agents. The ftdwing section will evaluate them in further det@pportunities considered
include improvements from single agent activities. Sirsiegle agents demonstrated
improvements in DDM, their concepts can be considered when scaling up to-agealti

context Four considerations weranvestigated: Duplicate Physical Twin, Active

Engineering Support, Digital Twins, and Brute Force Testing.



1.2.1.1 Duplicate Physical Twin

One approach often usedimgprove knowledge irdecision makingor an asseis
to build and test with a duplicate physical agent, also known as a physical twin. A duplicate
physical twin ensures that any negative consequences are known prior to the agent making
the decision in the fieldAn example s wi t BOPNIMISM, the duplicate physical

twin, which isused to evaluate alternatives directly for the Martian based count§trt.

1.2.1.2 Active Engineering Support

Evaluaing the futureperformance of a vehicleased on knowledge and uncertainty
at any given timean be done througictive engineeringActive engineering can take on
roles such asm C-130 flight engineer[18], crewmemberin Apollo [19], or through
engineering officedynamicallysupportingfrom a ground control cent§20]. Apollo 13,
as an examplejevelopedevaluatedand assessed alternative aabinaneuvers wile the
command mastdmsteridaperableand life support systems were circumvented
[19]. While not directly onboard the vehicle, the trained crewHoustonvia radio
communications enablddowledgeo be shared for desions to be madiey the onboard
crew. Keep in mind that Apollo 13in addition to the three crewmembeisad 30
controllersandduplicatepersonnelin separate ground control room®onitoring vehicle

sensor data, repeating calculatioasd evaluating decisiorigefore actions could be made

[20].



1.2.1.3 Digital Twin

With the advent of concepts such as the inteofi¢hings, sensor fusion, and
machine learningtheconcept called the Digital Twiis definedaa fdi gi t al repre
of a connect e d2ljpUsmgonboaadlensasy engireeeringdmodels can be
dynamically updated tmform aboutthe vehicled current and future performancéhe
digital twin can be applied to any object and scale whether it be a single partor a
complexsystem like an aircrafDigital twin leveragesoftwareand computingn its virtual
recreation. Thetechnology enables replication and modificatisnch that similar

characteristics can lagppliedto similar vehicles witltheir unique attributes

1.2.1.4 Brute Force Testing

Sometimeghe best approach to predict the future is to test every outachehat
the future is knownThe term used, Brute Force Testing, combines physical testing
performactivities with an entire test fleet to assess outcomes inclutBsgyuctive testing
While not realisticnor practical its inclusiondescribe aworstcaseoption for evaluating
the better opportunitie&rute force testing requires several duplicate physical twins to test
outcomes for the singleehicle. The physical testingf duplicatesenables success of the
single vehicle at theost ofsacrifiang of the rest of the fleeds well as theost and time

[22].

1.2.2 Evaluation of Options

With a brief description of each opportunitgyaluation can occurRecall the

desiredcriteria mentioned earlier, eacheed of DDMcan bedecomposed furthefor



specific aspects foevaluation.Decomposig the needs into aspeatsables a logical
evaluationof the various DDM improvement opportunitiesestigatedThe decomposed
requirements are described in the next few sentamging the basis of the OODA loop
First comes observation witbbtaining the real time state abdhaviourof the agent in
both the sense afecisionspeed anaontextinforming the potential actionSecond the
ease in accessing past historical dedao understand how the agent ended ugheir
situation Together the two requirementsf obtaining real time state, behaviour, and
context in additionto easily accessing histgenerate theriteria of updatinghevehicled s
current stateand how thecurrent state came to ibg. In addition the ability can be
expanded beyond the vehicle alone andtihéy e h i entleestasdingf its surrounding
environment The knowledge can be provided from other meagrs \veather reports for
pilots [10]). Orientation comes nextvhere observations are collected for understgndin
potential alternative actiondMethods ofevaluatng alternative actions requires some
methodof identifying and quantifying thencertainty inpredictingfuture consequences
for decision alternativesSelecting the specific decision ariden acting on it are not
evaluated since they are processes that are tied more to the agent specifics and not through
DDM. The final requirementof evaluating multagent DDM needs to factor in a
categorical aspect of scalabilityc&ingis a functionof adaptabilityand costwhere cost
consides the overall impactelated to materie(staffing computing resourcesetc.)in
relation to number of agentBrom identified requirements, a review edch investigated

alternative occurs.

Physical testingenables singleonditiors with deterministic outcomeand lacks

the ability to assessiore destructive outcomasce there are negative impacts that come



from losingthe testbedWVhen considering theoncept of brute force testing all phenomena,
the number ofluplicate twinger agentincreases exponentially with thrextremecases
(potentially destructiveand fleet size making it impracticalActive engineering support
is achievedthrough rolessuch adlight engineersand ground control fosingle vehicles
(like C-130 andthe Apollo Command Modulg19]), but the cost ofscaling for an
increasingnumber of agents is problemat@onsideing Apollo as arexample theground
control system waselatively cheap for aingle missionbut required30+ personnel per
mission with a single vehicleWhen increasing the number ajens, the costsin labour
and infrastructurgfor training and information collectignincrease exponentiallyln
addition, activeengineering support is still a humaantric activity and as a result presents
the risk of humans becomingverwhelmed withuncertaintiesfor multiple agentsand
influenced by experiential biasdsigure3 illustrates how DDM methods compare against

one another. In particulathe evaluationhighlights the potential of digital twins in

improving multi-agent DDM.
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Figure 3: Evaluation of opportunities for DDM Improvement

As aresult theresearch objective can be defined pralidesscopeto the research

process

Research Objective:

Evaluate an approach to improve muaigient DDM by infusing Digital Twins

The objective of infusing digital twinsleads tothe first motivating research

guestion

Motivating Research Question:
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How does a Digital Twin infused DDM process comparetoi st i ng A Twi

for multiple agent®

To compare the DDM methodthin an academic settingirtual testing willbe
appliedto evaluate decision makinghe virtual testingprovides asimple integration for

evaluating digital twinsThe complexities arise from the digital twin challengesl the

integration for a hlistic assessment

1.2.3 Challenges ointegrating Digital Twinsin Decision Making

To truly assesshe benefits of Digital Twins for DDM, one needs to take into
consideration some of the challenges associated withitfiegion Thesechallengs are
better understood when defined inrelation with A Aléfisition of the Digital Twin21].
The first aspect of the definition is th#ithe Digital Twin is aset virtual information
construcsd, meaning computers are us®dth computers, the physical aspects related to
the size, weighppower, and coolingmpact how clos¢he digital twin can be to the physical
twin [9]. Ne x t i [ t h emibids ghe dtrecture, Tamtexn, pnidehaviourof an
individual/unique physical asses related to how closely the physical asset is mimicked
also knavn as the fidelity of the Digital Twif23]. When evaluating the aspects of dynamic
updates, there is a scale of time that is includbddelay betweethe timethe need tact
is identified andhe timesuchactionis takenimpactstheoverall performancefindividual

agentd24]. In addition, the virtual construct integrates the software aspect of ruadiane
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method of evaluating the speed of evaluating actip8s The delay between the action

being detared and the action occurring can be tracked as laténwlly, theapproach to

logging the decisian madeand their justification influences the digitaltwils ut i | i t vy
multi-agent DDM.With the identified challenges of digital twiinfusions the following

overarching research questsare formed

Overarching Research Questior#1:

How canDigital Twins beinfused into dynamic decision makir®y

Overarching Research Question #2:

How do thefollowing attributes- latency,Digital Twin runtime,Digital Twin fidelity, and

Digital Twin proximity impactmission performancen DDM?

1.3 Formulating Questions

The overarching research quest@rovide the necessarmgontextto formulae
questiongo guide thditerature review.These questions are enunciated beldw. fully
addresghe aboveresearchquestiors, the literature review and associatédrmulating
questionsare divided intdigital Twins andDDM. The following chapteriscusesand
evaluatse the digital twin state of the art, methods afodelling decision making and

potential opportunities faheir integratiorwhile compared to twidess DDM

Formulation Question 1:

13



Which of the followingattributes)atency, runtime, fidelity, and proximithave been

explored in Digital Twin research?

Formulation Question 2:

What decision making architectures can be applied for sagént DD

Formulation Question 3:

What decision making architectucaninfuse digital twin and enable a compariseith a

twin-less approach?
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LITERATURE REV IEW

The literature review section of a thesis research paper serves as a critical evaluation of the
existing research.The section provides an understanding of the subject areas of digital

twins and dynamic decision makin®@y conducting a thorough literature review, the

research gaps are identified, which helps to formulate the experimental problem.

2.1 Digital Twin

2.1.1 State Of The Art

The term digital twin first appeared inl997 [25] summarizingthe concep of
unique productscharacterized with information construetsd dynamic mirroring of the
physical world Figure4 illustrates the connection between the physical space and virtual
spaceSince then, the field has grown witke number opublications mentioning the term
increasing exponentially in recent ygafhere are several avenues of researithin the
growing field of digital twin developmento identify therelevantattributes withinthe

researchand theicombinations Table 1 was built andused

Figure 4: Initial Digital Twin Architecture [26]
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Table 1: Digital Twin Research Areas

Alternative 1 Alternative 2 Alternative 3

Context . System of System - System of System -
Sl Single Type Multiple Types
Purpose Dynamic Replanning Planning Validation

[l I (R T Onboard Physical Twin - Offboard Physical Twin = N/A
(LT G R EICLTAV Runtime Communication N/A
DTwin Utility Recalibration Fidelity Runtime

Some of the research related to digital twidemonstrateshe valuefor single
agentsResearch bKarve et. ademonstratethevalue of a digital twin byassessg the
damage ovetime compared to an average-@assigred model[27]. While demonstrating
the value, the scope is tied more to a planning domain dfyudemonstrating the ability
to recalibrateand reducepredictive error across the lifecyclas seen inFigure 5. No
information with regards téidelity, runtime, latency or number of agentgariance is
evaluatedother than demonstrating valu&milar studies existhatdemonstrate the value
of a digital twin capturing similar behavior of the unique physical tWwiough laboratory

experiments, albeit on a single system and not evaluating sensi{R@]es

e

2
——a_ .. (Probabilistic damage prognosis for optimal loads)
Uncertainty bounds (probabilistic damage prognosis for optimal loads)
18| |—0—8y,, (high resolution imaging)

®= Probabilistic damage diagnosis

Crack length (mm)

4000 6000 8000 10000 12000
Number of Cycles, N

Figure 5: Crack growth in a mission profile for a digital and physical twin [27]

1€



There are explorations intaspects of planningirom sensor placemen29] to
active replanning of flight routes based on digital twin sfa@3. The utility of the twin
depends on the data available awbpe of useDynamic replanning in the sense of
changing flight route¢eads tamproved flightperformance in the middle of the mission
based on the knowledge gained from the Digital Twin. In additiere are also predicted
dynamicplans made when a vehicle lands and is inspected, impactingeihenission
[31]. Dynamic replanning of a mission prior toexecution enables improvedagent
performance Meanwhilereattime dynamiaeplanningenables improvedesilience in the
mission rather thareacting after a fault occurghe challenge with dynamic replanning is
in ensuringthatenough predictive knowledge is known ahead of the decision such that

alternatives can be assesggibr to the next immediatecaon being taken.

2.1.2 Digital Twin ResearciSummarization& Gap ldentification

Altogether, the research in Digital Twins demonsttategrowing capabilitie®f
the conceptThe matrix shown inTable 2 summarizeghe research areas explored in the
current literature (insolationor combined)For simplicity, Dynamic mission planner and
dynamic route planner a | | under the same <catlé¢egobey of
observed thathe connectivity aspects of a Digital Twirave not been explored ihe

currentliterature
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Table 2: Compiled research areas

Variable Alternative 1 Alternative 2 Alternative 3

Context . System of System - System of System -
Single System Single Type Multiple Types

Purpose Dynamic Replanning Planning Validation
(ol T Y (V1 AR I 0T TisYll Onboard Physical Twin  Offboard Physical Twin | N/A
Connectivity — Latency il Communication N/A

DTwin Utility Recalibration Fidelity Runtime

Covered from literature research

Similarly, the following gaps can be identified. The path forward requires additional

research prior to establishing research questions and problem formulation.

Gap 1:

Applications of Digital Twins at the System of Systkwel of contexis lacking

Gap 2
Applications of Digital Twins with regards to proximity, latency, and runtiraeenot

beeninvestigated

Gap 3:

Evaluation of Fidelity Digital Twins iDbynamic Planning is lacking
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2.1.2.1 Digital Twin Gaps beyondhe scope of this paper

One unexplored aspaatresearclon digital twins is developing methods to enable
dynamic comparison between twin instances over thelifecycle of the phyetele. Ths
problem is beyond the scope tife proposedesearch since the current challenge is
developing the digital twin architecture for applications. Literature also disregarded
retention of data and twins across the lifecycle as a problem beyeind¢bpe. With the
number of hours vehicles fly and the capture rate of flight instruments ranging on the matter
of seconds, there is potential for overwhelming amounts of data and no room for it all to

be stored/kept over the lifecycle of the vehicle.

2.1.3 Additional Formulating Questions

Gaps #2 and #3together demonstrateneed to evaluate thmoximity, latency, runtime

and fidelity of a Digital Twin within a dynamic planning domain. Since there is no research
available, theext approach to evaluating their impaatimgl erstanding their attributes such
that modelling can occurSince modelling and simulatiorcan be leeraged,there is
knowledge that can be applied from a software modelling and performpansgective
There is a trend to couple fidelity and runtime together sincéidbity implies problem
complexity and can impact thentime required fothe proces$o be solved23]. Similarly,
latency and proximitycan be conceptually coupled together since latency is related to
time delay and proximitympactshetotal travel distance required for informatiantravel
Research in thiatter will include their interaction as part of the characterization for single

agentsThe follow-on questions are listed below.
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Formulating Question 1.1:

How have the aspects of Fidelity & Runtime been modeled in shgglets?

Formulating Question 1.2:

How have the aspects of Proximity & Latency been modeled in single agents?

2.1.4 Runtime& Fidelity

While runtime is specific to the software and computational resources available,
the metric can still be trackeWithin the context otharacterizing the impacassuminga
single computer configuration for the stueiyablesthe instructions per secontb be a

constant vale. This simplification enables runtime to be tracked as a single time .delay

Fidelity is kept to aqualitative level sincequantitative metricshave no overall
commonstandardThe challenge with fidelity ishat it can be context depgent where
one Ahigho fidelity model can be[38.&en as |
though themission context candrive thedesiredlevel of fidelty, Adam Cox 6 wor
demonstrates that fidelity care evaluatedasa statistical distributiorj32]. The use of
statistical distributios providesa level of confidencevhenevaluating alternativesVith
the use of the distribution for fidelity,hie specificparameters(sneededto definethe
distribution needs to be characterized. Gaussian distributimasdefined bytwo
parameters mean and standard deviation. Since mean can vary with the response, it

provides a position, but not a sensembfat definegidelity. With confidence levels, also
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known as intervals, in gaussian distribution, the aspect of standard deviation can be
leveraged.The guidance omhe relevant number of standard deviatieshat higher is
better, with the lowestacceptablebeing one totwo standard deviation§33]. The
observation has been demonstrated as a reasonable approacmultiple fidelity

engineering studids4].

2.1.5 Proximity & Latency

To evaluate proximitythereneedsto be a sense of impact betwibedistance and
value of a digital twin. When considering the digbaltlespace, wireless communication
methods need to be includfb]. While thereare variouscommunication methods that
exist in the joint domai35], thetime delays due talistance arise evendhbgh radio
signals travehear the speedf light. The distances, albeit shaggardinga cosmic scale
are still measurable and can impawttrics such as signal qualityultiple communication
methodsreinvestigating approaches kmw latencywhile advertising current methods as
low latency as wel[36]. Within the context of the questions explored in this research,
studiesnvestigating impacts to UAV datalinks over distasté# observeincreasedime
delays anahegativeimpacts to quality37]. In short there is an inverse correlation between
proximity and latency.When considering proximitythe physical dimensions of the
computing hardware qeired for a digital twin come into consideratioGomputing
resources for the digital twin could vary betweeismall chipsetto a supercomputing
complex[38]. Since there is nsingletwin computing architecture, tiphysical size isied
to the independent variable of proximitiith theobservation thaime delays can be used

to approximate proximitylatency can be explored.

Latency isobserved as time delags signals or actions mad@/hile the goal is to
charaterize the impact for multiple agents in a dynaohécisionmaking contextsingle

agent evaluation in literature can be used to identify and establish knowlEuge.
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experiments evaluating latency and decision making include hinvtae-loop testingA
study published in March 202tbserved negative mission performance impachen
increasing lateng as shown inFigure 6 [39]. In addition, pilot testimonial®bserved
maximum observed latencies for M A Reaper so0 on framhaepilobr d er
command to the vehicle respondifihe challenge in the study is that the experiments
were performed at two speed conditions with sameximum latency of 2.0sThe
observation fronthe study is that the aspect considered latency includeprtdeessing
time of every elemen{software communication, etc.)When investigating lower speeds
for evaluating levels of acceptable limitstudes were performedon a relatively slower
speed UAYV controJ40]. While the slower speed demonstrated a less significant sensitivity
to latency,an impact isnevertheless observe@he challengeconsists in being able to
identify acceptable levels of latency as a functiom @isionrmaking urgency This isa
complex problem to solve due to tiw®ad ranges ofehicle speedyalues of latency, and
the specificscenario that identifies the relevant urgendgldressing thigesearch gap

howevers beyond the scope of this effort.

Combat Score

0.000 0.250 0.500 0.750 1.000 1.250

Latency (s)

Figure 6: Latency versus mission effectiveness for a single ag489]
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With a review of relevandigital twin researchthe next sections focus on a short
review of thestate ofthe art on theopic of dynamic decision makingrhe review

eventually culminates the problem formulation to assess the impacts of digital twins in

dynamic decision making.

2.2 Dynamic Decision Making

The domain of dynamic decision making is vastthe 60 years since Edwards
established the definitionumerous research efforts have focused on the development and
evaluation of methods as well as the exploratiomanibus d ecisionmaking architectures
[1]. The goal within th@resentiterature review is to understand potengipproaches that

could be relevant for the scenario usedavaluateéhe formulatingquestiors below.

Formulating Question 2.1:

Whatdynamicdecision making methatanbe used to evaluatbe potential value of

Digital Twins?

2.2.1 State of the Art

Dynamic decision making is a subset of decision makingt involvesa sense of

urgency in conjunction witkevaluating the alternative8Vith awareness of the need for

structured decision makingsurveyof structuress necessary

The first critical factorsn decision makingare tied tathetype of decisiongo be
madewhether it is unstructured, sestructured, or fully structured a&€h provide benefits
anddrawbacksbutall havethe potential to provide value in decision makiogstructured

decision making is based on the approach that no answer is approached the same way every
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timeand s al ways emrcs iod & et bagiagda Btiudture és that it can
adapt to different situationdiases, and criteriaand with the drawback of inconsistency,
inability to predict actions, and potentialack of confidence in trusting decisionBosen
[41]. From evaluating a serstructured or fully structuredecisionmaking process, the
inclusion of astructure provides more understandingliow a decisioris reachedThe
difference between a senandfully structuredprocess isn therigidity and defintion of
thedecisionmaking processThe semirigid approach allows for certain aspects to be fully
structured, whilepotential approaches and evaluati@isuture actionsare left ad hoc.
When considering the use of digital engineering, a foirstructured decisicmaking will

be required to evaluatbe decisions made and ensure a process occurddimainstrates
consistentresulting actions With thefocus towarda fully structured decisionmaking

procesddentified, anevaluation ofrelevant structures gresented below

There are severalecisionmaking structures developed and their uses depend on
the problem. The overview provided by the National Institute of Health, while outside the
domain of aerospace, providesevant context to the domain of decision making and
applicable problems that can be soljéd]. Two structuresonsiderecdare the decision
tree and th&larkov chain model. The decision tree provides an outline to evalnatesk
of events or states over fixed time horizons. Each alternative can be organized as different
branches on a tree with some requirements that cause a transition to edidear,
deterministially or probabilistially [43]. The drawback with the tree structure is that the
time horizon must be short for the options to be evalydjdwhen considering dynamic
health states over time, a Markov chain can be applied, including dystahés with
feedback loops. The benefit of the feedback loop is that uncertinbhe predicted data
canassessd and reducedover time for the same statieasedon the assumptioit is a

closed looprocess
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There are two types of decisi@utcome akrnativesthat can be evaluated with
regards tdheirinformation or statedeterministic angrobabilistic. Both are relevant and
useful in different domains in evaluatirgternatives The deterministic evaluatiorof
decisionalternativesrepresentshe traditional approachas seen ithe OODA loop or in
theFAAGs mandate foommani aatee ol e @®pleitr at i on
state transitions between activitieare beneficial for training, application, and
computational modeling. While benefits occur with simplicitheterministic information
assumeghat all data is known before decisions alternatives are evalulatestenarios
where there is little uncertainig the information deterministic decision rkang can be
used well. When considering the domain of operations weitlicles, probabilistic methods
allow for the infusion of uncertainty icurrent and future information when evaluating
decisionalternativesThe challenge witlprobabilistic methodsiain theincrease in state
dataandthe difficulty that decision makers may have in making sense of the impact that
uncertainty may haveAs a result, ® ensurehata probabilistic decision can be made

uncertainty needs to be quantified priothe decisiorma ki ng st ruct ur eds i1

A potential approackhat enables aethod to evaluateonsequencesf decisions
Is through Probabilistic Graphical Modeling (PGMith a focus orBayesian inérencing
PGM leveragegpredictive probabilistic modelingvhere the error propagatdsough the
decisionmaking process as part of the uncertainty within an open loop problem comparing
objectives, prioritizations, and state informati¢#4]. The infusion of predictive
probabilistic information througlmodet enables decisionwith quantifiable levels of
confidence To dynamically update the probabilities based onitf@mation available,
Bayesian statistics are used. The concept of Bayesian stdéigdcsges observed datato
update the probabilistic distribution prioraay analysisnade If a change is observetat
deviates from the current distributioime Bayesian modednables dynamic updates to a

new distributiorthatis then used in the next decistameking iterationln evaluating PGM,



research done by Michael Kiggn demonstrated its usas part ofa Digital Twin for

dynamic decision making on a singlgent Thisis conceptualized ifigure7 [30].

3) The updated digital twin enables
in-depth analysis of the asset and
prediction of future state evolution

1) The state of the physical asset
evolves over time

4) Control inputs informed by the
updated digital twin steer the
physical asset to a favorable state

2) The digital twin assimilates
observational data and updates its

J . state to mimic the physical twin —— physical ascet state

(| observational data
w0 e + control inputs

state variable 1

state variable 2

Figure 7: Digital Twin Infused Dynamic Decision Making for a single agen{30]

2.2.2 Challenges withntegrating Dynamic Decision Makingh Digital Twins

With the knowledge oflynamicdecision makingand the context of digital twins
presated there are factors that need to be considered in identifying a potential approach
to integrate the two togetherhe first factor is that digital twins are virtual constructs,
meaning that a structuretecisionmaking process must be employed. In additsince
digital twinsfuse sensor data together withcertainty(sensor noise)here isuncertainty
in the decisionsmade The uncertainty in decision making identifiggat probabilistic
modeling is the only suitable optianithout losing knowledge in decision makinginally,
dynamic decision making reacts and adapts to unexpected circumstahicksmeans a
closal loop system is ndteasible for evaluating alternatives. There is a need to combine

decision making structuresgith probabilistic attributes.
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2.3 Summary of Gaps

Altogether, the literature review identifieopportunities for research to be
conductedo investigate the capabilities and challenges with digital twin dynamic decision
making at the systemf-systemlevel The decisionmaking structures identifiedanscale
to the systenof-system leveleasily butlack any specificity as tantegration of digial
twins. Combning the formulating questions requir@sdecisionmaking structurethat
enables comparingvinned and twinless methodls the same virtual environmerince
digital twins are inherently probabilistidhe decisiormaking structure will ned to
function with probabilistic informationConsideringhe enablers identified as part of this
literature review, the following chapter further formulates the problem to be addressed,

including the research questions and hypotheses to be evaluatatl @fstpis research.
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PROBLEM FORMULATION

3.1 Research Questions and HypothesiBevelopment

The overarching questioformulated earlier in this documentas related to
evaluating the impacts of Digital Twins in the context of multi agent dynamic decision
making. The question can béurther decomposed intanore specific/targetedesearch
guestionsto guide the research further. These research questiongheindssociated

hypotheses, are presented in the sections below.

3.1.1 Research QuestionilDigital Twin Fidelity and Runtime

With the gap identified for fidelity and runtime at the system of system, level
Formulating Question 1.ihvestigated the phenomenharacterization at the single agent

domain.The gap generates the following reseagciestion.

Research Question 1:

How is the impact of fidelity and runtime characterized in a raglint DDM scenario?

The review of the literature led to thallowing observations.

Research Finding 1.1:

Fidelities can beomparedoy evaluatingprobabilisticdistributions of responsekrror is

inversely related to fidelity (low fidelity = high error)
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Research Finding 1.2:

Fidelity can be evaluatgdlr obabi | i stically with O bo

Research Finding 1.3:

Runtime can be evaluated as a time delay

3.1.2 Hypothesis Formulation

Being able tocharacterie fidelity and runtimeallows for the evaluation of
decisionmakingmethodologiesAs a result, the hypothesis to Research Question 1 can be

formulated as follows:

Hypothesis 1:
Iffidelity is evaluated as 0 bounds on
as a time delay, then their impaxtdecision quality and decision speeespectivelyin a

multi-agent DDM scenariacan be assessed

To evaluate this hypothesas experiment which allowfer the variation ofidelity
and runtime within a dynamic decisiomaking architectur@eeds to béormulated Such

formulation is provided in the next chapter.
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3.1.3 Research Questioni2Latency and Runtime

The aspects of latency and runtimeguired their own investigation as well within
the aspects of the single agent research based on the gaps identified from the Digital Twin

researchThe research question is generated as follows

Research Question 2:

How is the impact of proximity and latency characterized in a multi agent DDM sceng

In researching the aspects of proximity and latency on single agents, the following

observations were made

Research Finding 2.1:

Observed ALaRetmeyo includes

Research Finding 2.2:

Proximity is inversely correlated to latency

3.1.4 Hypothesis Formulation

Finding 2.1is similar toFinding 1.3andas a result cabe combinednto a singlevariable

for potential evaluation As a result, the hypothesis to Research Question 2 can be

formulated as follows:
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Hypothesis 2:
If proximity and latency are evaluated together as a single time delay on actions mag

their impactondecision speed fa multragent DDM scenario cabe assessed

3.1.5 Research Questioni3Approach for DDM

With thechallengesof digital twins identified and characterized, tthevelopment
of an approach for dynamic decision making is developed. Bxstdarch areas were
performed inparallel with theoverarching researchquestion combining themWith

literature research done, the research question can be generated as follows:

Research Question 3:

What type ofdecisionmakingtechniques could be integrated with a Digital Twin to ma

decisions in a mukagent probabilistic environment?

Addressing this research questions requires to condidesionmaking types,
structures, and futurestate evaluatio; The following observations were made from the

literature review.

Research Finding 3.1:

Given virtual exercises, structured decision making will be applied
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Research Finding 3.2:
A combination of processes and probabilistic structaresequired foMulti-Agent DDM

with or withoutDigital Twins

Research Finding 3.3:
Probabilistic Graphical Modeling using Bayesian Inferencing enables single agent Di

Twin DDM

The two aspects of architecture and process are separate aspects that together help answer
the question, meaning two different hypotheses must be derived, as discussed in the

following subsections.

3.1.6 Hypothesis Formulationi DDM Process

The process of Bbabilistic Graphical Modeling was demonstratedhe single
agent domain with digital twins and identified for further evaluatiom a multi-agent
context The path forward in experimentatioonsists inntegrating the PGM process into

the DDMarchitecture.

Hypothesis 3:
If probabilistic graphical modeling with Bayesian Inference is implemeatetheDigital

twin, then decisions in a muligent probabilistic environment can be made
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3.1.7 Hypothesis 4ormulationi DDM Architecture

Hypothesis 4 can be formulated as follows:

Hypothesis 4:
If Multi -Agent Digital Twin data can be integrated into an open loop decision structuf
dynamic environments with decision trees, then potential outcomes can be evaluateq

Dynamic Decision Making.

With hypotheses defined, tiseeps towards developirxperimentso test thenoccus.

3.2 Goals within the Experiment Development

The conceptualization of experiments is beneficial to provide coriibextow to test
and evaluate thehallengesprior to developing the workThe developmenbf the
experiments iglone in a crawwalk-run approach ira processdescribed inU.S. Army
practiceg45]. The first step is to ensutlat fidelity, runtime, proximityand latencycan
be variedin a test environment for a single ageanta DDM scenario.The second step
consists in evaluating the impact on performancdid#lity, runtime, proximity, and
latency in thesingle agentscenario Once the impact$or a singleagent scenariare
quantified, the process scalal to the multtagent domain for further evaluation. Finally,
to determine the potential value of thepexment, an infusion o& twinless decision
making methodologyis testedusingthe same scenar@s a means to compaaetwinless

and digital twin enabledecisionmakingprocess for multiple agents.
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The experimental conceptualizatighentifies that adecisionmaking process is
needed first prior to the digital twin selection, scenario development, and experiment

execution.

3.3 DecisionMaking Architecture

With hypotheses identified, a decistoraking methodology needs to be explored
before developing the experiments. The scenario explored for-agétit DDM isdefined
to evaluate the capability within a specific domaith the decisionmakingprocesseing
abstract enough to be applicable and adaptable. The first step is to undénstand
interaction between the physical addcisionmaking worlds. With the world domains
identified, further refinement can occur in each separate world to understand how the inputs
and outputs are created. The first conceptual architecture for the apjmogigure 8
shows the separation of the physical and mental/digital wanitlls the bridge between
thembeingrelated to actions taken and sensors observing the new actions in addition to
the environment The fundamentakrchitectureenables an approach that can build in
complexity and can apply to both the twinless mental and digitatiniused approaches.
Once the interfaces are identified, the decision evaluation process assesedurther.
As the experiment is developed, tHataused in evaluating decision alternatives and

methods of modeling the methodology will iogroved.
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Figure 8: Abstract DDM Architecture

3.3.1 Baseline Decision Making

The traditional approach providelefinition for the physical world and an initial
pass at how the decisions are reached. Recall traditional training provides a context for
objectives, but not the explicitecisionmaking approach since it is still tied to a mental
decision based on tlaggregate characteristics of the vehidlke architecture illustrates
interfaces fohow the decision is reached and the historical decisioeveg though they
are not necessarily utilizetivVhile Figure 9 captures the physical to mental bridGeyure
10 illustrates how each decision maker issues commdadsheir own agentwhilst

interacting with the aggregate level informat&rared across all N agents
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Figure 10: Baseline Twinless Decision Making Methodology
- Decision Making Interface

3.3.2 Digital Twin-Enabled Decision Making

The approach to improving decistiomaking with the digital twin carfollow the
same process as the one highlightedtiie baselineA factor to consider is that a vehicle
can still perform activities without decision makimyolved. When including the Digital
Twin in thedecisionmaking loop, the mission evaluator needs to transition into a more

structured digital evahtion.Digital twins canprovide informationat both the individual
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and aggregatievel The approach shown kigurellillustrates the infusion alongside the
ability to evaluate the potential impacts of decisions made dynamically. While the
methodologyillustratedis like twinlessin the previous sectigrihe mission evaluator is

another domain that needs definition for any attempt at an experiment to occur.

Physical World

Digital World

I - oo

i Individual & Aggregate
& Vehicle Performance

N(1356.13)
Maintenance Risk
Data < 3 Updates to DTwin

Mission
Observations

Digital Space |+

Environmental
Changes

Mission
Environment

Digital Squadron

Actions

Physical Space & Both Individual & Aggregate

Commands to be performed
Predicted Impact

Decision
Log

“ Mission
Evaluator

Physical Squadron

Commands Performed

Figure 11: Digital Twin Infused DDM methodology
- Physical/Digital Interface

In connecting the Digital Twin to théecisionmaking environment, the first
ideation would be through theigital twin informing the decision makeiFigure 12
illustrates theonnection butacks the multiagent coordinatiodesired With the context
of mission needsthe DDM methodologycan be combinedt scalefor a Digital Twin

Infused MADDM methodology.
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Advanced Situational Awareness (Baseline + virtual sensors), Advanced Prognostics
(Baseline + Al/ML condition-based), Predictive Maintenance, Recommendations

Digital Space
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Constrained, Contested Aircraft1 Digital Twin 1
(Jamming), etc. -
Situational Awareness,
Anomaly Detection

Decision (individual performance is improved)

Figure 12 Digital Twin Infused DD M methodology
- Decision Making Interface (initial)

3.3.3 Digital Twin Infused Mission Evaluator

The mission evaluataepresentshe source where decisions are made based on the
information available and the urgency with which the decision must be ena@ltedtate
diagramin Figure 13 enables the visualization of the flow of information across the
different steps in thalecisioamaking process.Although the digital twin provides
predictive capabilities for DDM, there is no specific definition on how far into the future
the pedictions must occur. To provide some sense of limit, the inclusion of an urgency
indicator on the decision prevents tgital twin for predicting state information that
would be outdated based on newer state informafioa.identification of the Digél Twin
integration challenges in the methodology demonsttaeepotential for evaluating them.
Since Digital Twins camynamically recalibratethe recalibrationsubroutineis essential

to include
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Figure 13: Mission Evaluation Process within the Digital Twin Enabled DDM

3.3.4 Digital Twin Infused MultAgent Dynami®ecisionMaking Methodology

The previous sections conceptually defined the mission evaluation process and the
digital/physical interfaces. The aspects can legged intoFigure 15 to showhow the
multi-agent decision maker interfaces with eg@tlysicalagent andcorrespondingheir
digital twin. A final revision needs to be made to ensure mission perfornmevaluated
as a function of the factors of interesi.,latency fidelity, etc The added process loop in
Figure 16 for each agent captures the aspect of independent decision rasikidiyid ual
agentlevel andperformancewhile the multi agent perspective can focus on the overall
mission. The experimerd presented in the next chapteverage th®igital Twin Infused

MADDM methodology.
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Advanced Situational Awareness (Baseline + virtual sensors), Advanced Prognostics
(Baseline + Al/ML condition-based), Predictive Maintenance, Recommendations
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Figure 14: Digital Twin Infused DDM methodology
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EXPERIMENT DEVELOPMENT

Upontheformulation ofdecisionmaking structures to bevaluatedtheprocess of
evaluating the hypothesis occurs through conductexgerimens. This chapter
encompasses thiellowing: development of the experiments, digital twin selection for use
in said experiments, the scenangedin them, and thapplication of the dynamidecision

makingarchitecture.

3.4 Experiment Development

3.4.1 Experiment I Fidelity, Runtime, Proximity andatency

The aspects of fidelity, runtime, proximjtgnd latency all need to be evaluated and
traded to characterize their impaotsthe ability to make decisionBo that endaDesign
of experiment¢DOE) is used t@valuate the independent impaatd @oupled interactions
betweenfidelity, runtime, proximity, and latency From the hypothesedeveloped
proximity, runtime, and latencgan becombinal into a single time delay valuéor

simplicity in modeling The experiment is deemed successful if it allows for the

guantitative assessment of these impactbdoh single ananulti-agentscenarios.

The bounds for the runtime, proximity, and latency time dalaysetwith the
maximum bound based opilot testimory and the minimum is set to zero When
considering the bounds for fidelithere is no exacataluefor defining how much error a

2B 0 on a di st rlow Astsich,the higeept fidektyevaluawed will be
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treated as zero error. The lower bowath be extended to assufr@% error as shown in
Figure16. An initial DOEis shown inTable 3. As the experiments asgenario are defined

further, theDOE will be modified prior to final execution.

100% e
= Today's Design Process
===+ Future Design Process

Knowledge About Design
Design Freedom

}"'L‘L‘d(nn

o

B .
. .
_____

.

0%

Product
Release

Analysis
and Detail
Design

Prototype
Development

Redesign

Concept

Design

Preliminary

Figure 16. Relationship between knowledge and the milestones development[46]

Table 3: Conceptual Design of ExperimentsBoundsfor Experiment 1

et |
DTwin Error (Fidelity) Low (+/-0% @ 20) High (+/- 100% @ 20)
DTwin Latency + Runtime QIS ERid(InS] Low (250 ms) High (2500 ms)

3.4.2 Experiment 2 Multi-Agent Digital Twin Enabled DDM

In evaluating multagent digital twirenabled dynamic decisiemaking, the
decisionmaking architecture will be tied intorelevant scenario. The scenario recpane
event where multiple agentse needed to achieve some overall goal and dynamic

decisionsare actively madealongsidethe evaluation otthear sensitivities to fidelity,
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latency, etcThe experiment sca¢gheDOE into the multiagent domain while evaluating
overall multtagent mission performance to identishich of the attributes of interest

(fidelity, latency, etc.,are the most significant and if there are tradeoffs betwean.
3.4.3 Experiment 3 Comparison to Existing Methods

The objectiveof the final experiment ties to the overarching research goal of
evaluating the potential benefit afdigital twininfused multiagent dynamidecision
making environment To provide a comparison for tharious digital twinsa twinless

approachwill be usedto evaluaé decisions at the aggregate levihe updated OEshown

in Table 4 adds the traden digital twin infusion.

Table 4: Conceptual Design of Experiment8oundsincluding Experiment 3

Low (+/- 0% @ 20) High (+/- 100% @ 20)
Instant (0 ms) Low (250 ms) High (2500 ms)

3.5 Experiment Enablers

The implementation of thexperimentgelies on the existence of a digital twin and
the definition of a test environment. Those two enablers are further described in the sections

below.

3.5.1 Digital Twin Selection

To evaluate a digitéwin enabledDDM process, a digital twin is required@he
factorsconsideredn the selection of a Digital Twifor the purpose of this researcitlude

its availability, t h e k&rowled@esof thesubject throughkknown measures ohierest
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relevance to the problem/scenarios of interastl the ease of integratifignto the DDM
architectureThe potential options fdpigital Twins and their evaluations, with the highest
score being selected shown inTable 5. The structural Digital Twin was chosen due to
its availability and known measures of interest from the decisiaking perspectivef
reducing airframe damagkn particular, hestructural digital twinrdeveloped by Michael

Kapteynis leveraged47].

Table 5: Digital Twin Type Selection

. ) Mission Environmental Flight .
Twin Type Structure [47] | Propulsion[48] Systemg49] Control System[50] =~ Controls [21] Signature[21]
Ease Of
Access 10 6 0 3 5 0
Measures Of
Interest 7 9 3 7 3 7
Known
IP/Security
Risk 9 5 0 5 3 0
Ease Of DDM 8 6 1 3 4 0
Integration
Total Score 34 26 4 18 15 7
(Maximize)

The structural digital twin creatdd7] is based on th8enior Telemaster, a remete
control aircraft that flies at a max speed of ~45 kts while weighing 1THiesdigital twin
usesonboard sensors in conjunction with a calibrgibgsicsbasedmodel tgoredict future
performanceusing probabilistic graphical modeling?GM). The digitaltwin provides
damage state of the airframe atah be used inpdating the permissible flight envelope
to ensure confidence in the vehicle functionifibe digital twin is developed in Python
using the Robot Operating System 2 (ROS2) Rathegranate dasaiencepackages for

collecting information and dynamically updating probabilistic ®afehe vehicle.
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Figure 17: Development ofTelemaster Structural Digital Twin (Slide 16[51])

With the digital twinevaluating structural health, the initial health of the physical
twin becomes rother factor to consider in evaluating the utility of a Digital Twim.
addition with healthbeing a multiagent factor, there are tradas the variane between
digital twins and initial health states in the fl§g2]. The comparison of an aggregate vs
anindividualdigital twin needs to be evaluates well in the DDM impacsince there is
no establishecconventionadigital twin architectureWhen considering the initial health
of the vehicle/agentthe bounds need to be considered for trade space exploréhien.
lower bound is considerettesh fromthe factory (0%), but the upper takes some
investigation sincemanufacturing history is proprietarguanced, or not even tracked. An
educated assumption can be used to evaluate a ba3élaaeclarecannualratesrom the
USAIr Fo r cFl6flset is anannual flying rate of 250 hws and an airframelife of 8000
hours[53]. Since there is no publicly available method to evalageedifferences between
squadrons, an assumé@-year difference will beapplied (~30% difference)lable 6

tabulateshie updated design of experimgnt



Table 6: Updated Design of Experiments

Error due to Digital
Twin Fidelity Level (%)

Variable Alt Alt Alt Alt Alt Alt Alt Alt Alt Alt Alt
varnabe 1 2 K} 4 5 6 7 8 9 10 11
5 10 15 20 25 30 35 40 45 50

0

# of Unique Twins/Fleet 1 2 3 4

Initial Damage (%) 0 5 10 15 20 25 30

# of Unique Initial
Damage States

I
N
w
IS

Latency + Runtime (ms) 0 250 813 1375 1938 2500

3.5.2 Decision Making TedEnvironment

To integrate the digital twin, thetecisionrmaking architecturewill wrap the digital
twin as a node for each agent to be called. The goal in the architectorelisw for
multiple copies of the digital twin running simultaneously to demonstrate theageftit
decision making on a single type of platform. ROS2 is a language that enables
communication of information between tigital twin and the test environment. Thest
environment is considered antitywhere the agennoves in avirtual space basedn
vehicleand physicdasedcharacteristicsThe decisionmaking process can then laelded
tothesame agent in the respective virtual environm@&htough ROS2, there is an ability
to include delays between objects that can be leveraged for evaluatiragpbcts of
latency.In addition, the Bayesian statistical measurements can include additional noise
information prior to decisions being evaluated, enabling an approaektirmy the fidelity
of the digital twin RO uses a total of four different olgjes and actions for simulating
and developing the digitdlin: nodes, topics, publishing, and subscribing. Nodes are
objects {e., code) that create information.g., data, control inputs, etcgnd can be

categrized into topics (keywords and message type format). Nodes can share information
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with other nodes by publishing and can receive information through subscribing. A relevant

illustration is shown below ifigure 18.

—— J—
—_ Master — —
- ~

L~ ~ )
Advertising Subscription
e N

/ \
/ \
{ \
i N

Figure 18: Robot Operating System

The terms are critical to understanding how the simulation occurs. The digital twin
selected has three nodes: twin, asset, and logger. Loggwiles all the information from
anasset 6s movementdidgitadlr wien &4 adofehechestan@antia e
log of the process mad@he asset can be considered the physical twin that publishes
information for the digital twin. The simulah runs with timesteps, as shownHRigure

19 where t he as s measuedsdandoridgtdwith scmulated indise.on i s
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e o =, | S: Physical State

O: Observed Data

D: Digital State

|| R: Reward

Q: Quantities of Interest
U: Control Inputs

Figure 19: Digital Twin Node StateOverview [51]

The read sensor datais fed into the digital twin node. The digital twin node relies
on a set of scripts located in the digital t V'@ S2node which contais the probabilistic
graphical modeling (graphicalmodel.pgnd the flight planner (planner.pyyd7]. The
planner uses the probabilistic graph- cal
flight sensor data (straind assesshedamage state of the vehicle. The planner evaluates
whether the aircraft asset needs to pullgatin instead of a @gturn when a structural
health state of 60% is reacheéthe aircraft continues to make S turns until the damage
statemeets or exceed®0%. The Bayesian inferencing methodology summarized by Dr.

Kapteyn in Figure 20 connects the steps of health assessment, damage state estimation,

control system reward, and Bayesian inferencing
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Dynamic digital twin updating via sequential Bayesian inference
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Figure 20: Digital Twin Bayesian Inferencing Methodology{54]

Once thedecisionmaking test environment is establishethe scenario caibe

generated.

3.6 Scenario Devedpment

3.6.1 Description of Scenario

To test the multagent aspects of DDM, the scenasodefinedwith four aircraft

in aflight team whereall cooperatdo achieve an overall mission objective this case,

the survey of a fieldThis isillustrated inFigure21, whereeach aircraft survey different

quadrants o4 large field To provide the survey, each aircraft is equipped withrhitrary

sensorwith afield of view and require paths to overlapo ensure complete coverage of

48



the areaThe nretrics to evaluatéhe missiorbothat theindividual and grougevels include
area surveyedestimated time to completee survey,total distance flowngamage state

and total strain.

Plane 2 Plane 1

Plane 3 Plane 4

Planned Route (3G Turns Only)
Colors: Each Sector/Assigned Plane

# : Field Center

Figure 21: Scenario Concepfof aircraft surveying a field

To demonstrate the ability to react to environmental impacts within a dynamic
decisionmaking context one of the aircraft (#ih Figure21) will have an issue occur that
reduces t he vehi c,lbetétli mamtaiesmprdernce ipthernfission.nilaen c e
rest of the team will need to update their plans accordingly to ensure the overall objective

is satisfied
362 Context of scenariobs utility

Field surveying androp-dustingmissionsbothfollow a similar needof covering
territory. The scenario where limited vehicles are availabletfa mission can be tied to

third world farming development since there is little infrastructure for maintaining large
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fleets of vehiclesAdditionally, the roles of intelligence surveillance and reconnaissance
(ISR) are relevant with thBefense communityvhen it relates to threat detection and

tracking. The scenario explored can apply to different types of agents iflityiead twins

are available for integration, such as satelléed ISR platforms.

3.6.3 Modeling Approach

With the experiment being performed virtualigformationcan easily béransferred
between the digital twin andhe simulated physical environment. The physical
envirorment is tied to &irtual environment with &ehicle acting as a movero that end,
anaircraftin theenvironmentwill be usedas the physicagentwhile a digital twinis usel
for stateevaluation asillustrated inFigure22. The state information from the mover with
simulated sensor noises sent to theligital twin. The phases of the OODA loop are
implemented within the digital realm (represented by the green seciusmpbservation
phase (first Oof OODA) ties to the sensors reacting the environment and previous
actions. Next orientation occuvgith the digital twinreceiving the sensor data, mission
data, andleveloping alternative actions based on the digitad fwedictions. Afterwards,
the decision of the best alternative is evaluated based on the digital twin and then acted
upon. The actiomonnectghedigitaltwind s d e c i d e d the physioahtwinllke t o
refinement of the modeling phase enablesiadestanding of information flow between
the digital twin and the dynamic decistamaking methodologyith the environment and

decisionmaking evaluation method defined, th®M methodology can be specified.
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Figure 22: Modeling Environments for Experiment

3.7 Dynamic DecisionMaking Methodology

With the test environmerttescribedthe dynamia ecisionmaking methodology can
be refined to include inputs, outputs, and methodasséssmentn building adecision
making methodology, one coulstructure a process from the st@le-based approactoy
build an evolutionary approach through applications of nmecHearning[41]. While
machine learning has the potential to genesateffectived ecisionrmaking solution, the
research is focused on evaluating the digitaht@is ,\aradngstatsnherent challenges
in comparison ta@twinless approach. Theecision to use atructureddecisionmaking

methodologyenables a transparent approach to comparing twin antessimethods.

3.7.1.1 Digital State & Mission State

The first steps in the digital world requitbeorientationphaseof the OODA loop

for both the vehicles and tinemission. The gate of eachvehicle includes relevant
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i nf ormation about t hee,geemetng Hisooy,etc.utheingeu e at t
integrated into hie digital twin.Additionally, the missiornrelevantinformation of current

state, status, and estimate obmpletion for both individual andaggregate are
communicatedin the samephase with the digital twinThe inclusion of missio data

ensures relevayy tooverall missionsuccess and steps forward for decision making. Note

that mission data could include vehicle state information. The combination of the vehicle

and mission state provide a current snapshot of the platform that can beviused

evaluatingalternativeoutcomes

3.7.1.1.1 Single Agent Future State Prediction

To predict the futurstate of the individual agents, a local digital twifl runther
connectedhysicaltwin to determinets impact onv e hi c 1 e 6 s Tphenextfewr manc e
twin timestepswvill be evaluatedo predictpotential impacts to thagent(i.e., increased
damage statampact to structureetc.) From eachtimestep assessments are matbe
evaluate whethewaypoint adjustmentare required t@nsurethe multi-agentsuccesof
the mision The multi-agentcoordinator will be alerte@hen necessaryhe digital twin
Is used to evaluaterhether the next turn should be at2gn or a 3gurn based on the
structural health of the assdthe transition state between 2g and 3g tuimseachagen
needsto be factored intescenariosuch the midmission occurrence emphasizes the

potentialthed i g i t acbntral evertarr@ing and future state prediction.

53



In addition to the waypoint optimization, tliemaining route startingfrom the
adjusted waypoinwill be used toestimate the totabtructural health upon mission

completion.

3.7.1.1.2 Multi-Agent Future State Prediction

While individual agent decisions caenabé independent navigation in the
experiment, the mukagent decision making loop is critical to evaluating va&ie of
digital twinsin the context of overall mission performand&e metric that will be used
for evaluation ighe predicted structural Hda damageof all the agenteén comparison to
thearea mappedlo evaluate the trade betweeehicle health and mission performance,
the scenario will need 'mphasizehe trac betweenhese attributeA method identified

will tie to thewaypoint navigation and the totalrougguiringmo st of t he vehi cl

3.7.1.2 Multi-Agent Decision Making

While the individual waypoint navigation ensures the individusthortterm
success, the muitgent evaluation focuses on complete mission suc¢bssugh the
aspects of maximizingreacoveed. With a mission scoped to a small number of objectives
(minimize total structuraldamageacross the fleet subject to mission and indmad
performance constrairjisthe decision making can be structur@tie objective of the
multi-agent decision maker will be to balance the structural health across th&\Vitbet
the synchronized data coming across the fleet, the decision maker will remove waypoints

from themost wornout agent andassignthem to the healthy agent.
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3.7.2 Refinement of Scenario

With a concept identifiedhe size of the field needs to be determiteegrovide a
relevant size such thhaving multiple agents is beneficiah testing the simulatiortime
limitations become a factor. The defapfbpagationsettings(ii ¢ u s t far thé Jigital
twin simulation take several hours to multiple dagssimuate a single agentLinear
propagation imodes/asset.pyas used instead teduce the solve time to ~20 minutes on
apersonal computeBince the ROS simulation performs alternating S turns and evaluates
decisions betwee@g and 3g turns, thelg straight line state of information can be
interpreted as nominédads on the structur€onsidering the decisieamaking challenges
posed by latency runtime, the aircraft may adhere tibs preplannedroute instead of
adapting to dynamic nmsgon changesThe adherenceould result in a reduction afrea
coveragereducing mission effectivenedn.evaluating runtime on theefault settingsf
the digital twinfor a singleagent simulationstake anywhere from hours to dajy® make
the expement feasible for multiple agents (simulation tim@mpoundswith multiple
agens), the simulationsare exported via timesteps the logger output databaskhe
factors of varying fidelity of the digital twin can be influenced by changing the noise on
observed sensor dafad into both UAV.py andhedigital twin. The multiagent decision
makerevaluatesach agent in a structuresy/nchronizedd ecisionmaking processwhere
each digital twin decides the next tuiihe temporal delay measured for latency will be

correlated to time steps after the assessment where the twin updates and newamxtions



3.8 Refinement of Models & Experiment

With a concept identifiedhe size of the field needs to be determined to provide a
relevant size such that having multiple agents is benef&isgjuareregion enables a fair
balance of areas between sectavhile maintaining simple navigation definitionA.
benefitof performing singleagent simulations is that thegn help verify single factor
responses are trending as expected before transitioning to the multiple agent domain.
Additionally, singleagent exploration can serve as a means of estimating runtimaltof

agent experiment§he default valuesan then bevaluated to determine a baseline for the

digital twin and latency prioto variable space exploration.

3.8.1 Digital Twin Simulation

The Digital Twin functions by measuring the strain from each semsossthe wing and
uses a reduced order model to evaluatehiradth of the overall wingThe simulation
settings ussensors 16, and 16 located as shown on the wingigure 23. Strain sensors
acoss the wingire then gathered and normalizgdthe load factorfoeither 2y or 3g [54].

The measurements atied to adatabasef calibrated strain data withnsulated sensor
noise of 150 microstrainprior tonormalization The rormalized strain plot§or sensors

1, 6, and 16 are presentedHigure 24. Sensor noise i$ixed to the single valusince the

goal is evaluating the digital twin fidelity
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Figure 4.4: Depiction of defect
regions on the right UAV wing.

top surface bottom surface leading edge
defectregionindex 1 2 3 4 5 6 7 8 9 10 11 12 13 14
spanwise start (%) 5 25 45 65 85 275 20 45 70 5 25 45 65 85
P end(%) 15 35 55 75 95 325 30 55 80 15 35 b5 75 9
hcidias start (%) 35 35 40 40 40 475 -35 -40 -40 -10 -10 -10 -10 -10
TAWISE end (%) 85 85 60 60 60 725 -85 -60 -60 10 10 10 10 10

Figure 23: Digital Twin Reduced Order Model SensorLocations [30]

Figure 24: Digital Twin Strain Data (linear propagation; default settings)

The solid lines represent the mean strain evaluatild the error cloud being the
fitting error ofeach sensaitself. The gaugereadings areombined into structural elements

z1 and z2o evaluate healttz1l & Z2 are therplotted inFigure25c o mp ar i ng
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Figure 25: Z1 & Z2 Structural Health (linear propagation; default settings)

The digital twin thens programmed tourn at 3g until a structural health of 60%
is reached. Thdigitaltwin thenswitches to g turns untilthe structural healtlimit of 80%
Is reachedending the simulatianThe reward functions illustrated Figure 26 are used to
definethecontrolcommanded (greemjased omemaining healtiblue) The decisiorerror

is a function ofboth sensor noise and fit error.

Reward Functions

O.G-x—

0.4
0.2

0.0

Reward Function

Stat
-0.61 —— Control
—— Error

Tlme

Figure 26: Digital Twin Reward Function Plot (linear propagation; default settings)
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Altogether, the health states are explicit integer values that can be combined via
dot-product for asingle value according toequation lbelow. Each variable weight

estimatesthe probability of thestructural healttbeing one of thaliscretehealth states

between 0% to 80% in 20% increments

OQ @YD o Opichhotvthhv Onmb mhr mbpn Hptp (1)

Thed i gi t al t wiimesteparatiadtcadamagatepssn the experimental
scenario since thdigital twin simulation experiences constant girfio determine a
baseline foevaluatingtheerror of thedigital twin, thedigitaltwind ftting erroris defined
as a fuetion of thenormalized strain data from each of the sensors tradikezbaseline
is computed bycomparing thaligital twinfit error to therue strainat 800 damageat 2

whenthe ideakwin simulation ends in this condition

3.8.1.1 Digital Twin Ideal Fidelity

To assess the impact on digital twin fidelity through fit error, a zero value needs to
be identified. The default value usedis 125 nor maasi selesgmaie U
graphi@almodel.py Baseliningthe digitaltwin fit error provides a comparisdahat can be
considered outside tlseale ofaTelemaster UA\ANd its strain value€alculations shown
in Table 7 determined that the baselifi¢ error of thedigital twin can be matched t@ing

structure celb (in Figure23) as 10%.
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Table 7: Digital Twin Fit Error Baselining
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Due to itsprobabilistic constructionhaving a zero error (perfect fidelitghgital
twin is impossiblewithout significant modificatiorio the underlyingcode Some brief
testing as seen ifrigure27 to Figure 29, compares the initial 10% twin error, 0.05% twin
error, and 0.01%win error. The goal ofa lower fit error (higher fidelity being better),
0.01%led to somenoticeable difference in damage at higher danshgges. For the study,
aminimum error of 0.05%eingused as a trut{®% fit error)for companng various digital

twin fit errors as a nt@od of evaluating fidelity
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Figure 27: Digital Twin Ideal Fidelity i 10% Fit Error (default)
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Figure 28: Digital Twin Ideal Fidelity i 0.05% Fit Error
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TRUTH 0 MNoise & 0.01% Error
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Damage State (% Health)

o 20 40 60 B0 100
DAMAGE STEPPER

Figure 29: Digital Twin Ideal Fidelity i 0.05% Fit Error

3.8.1.2 Digital Twin Variable Fidelity

After defining thedigital twin structurethe use of fit error as the metric for fidelity
andtheminimum fit errorpossible thedigital twin fidelity bounds can be explateThe
digital twin simulationdamage statevertime plots from Figure 31 to Figure 36 enable
qualitative comparisons dafigital twin fit error asthe metric for fidelity Since the twin
simulations evaluate constant turns, the timeepeated as a damage stepper instead to
not confuse mission scenario time witgital twin simulation time stepsAs error
increases, thmeanhealth estimatéends to smooth out to a pdtiat better matches the
digital twin simulatiod s expect ati ons. Wlestimate evariesanore i s
significantly. The area of interest etween damage steps 60, when the vehicle
reaches a high structural damage state hHadth estirate (mean + 1 std deviation of error)

increases as error increases from 0.05% err@%f o r. Udoid exceedin@0% ( 1 U
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digital twin fit error, the uncertaintgloudbeingsto reduceunexpectedlyThe expectation

would be that the error cloud continues to increagid larger fit errors (lower fidelity).

The likely sourcdor the error isdue tothe error beingverridden to another value the
pomegranate data modulne objective of implementinwidebounds of fidelitysuggests
exceedinghe | i mits that were anticipatWaildthe uri ng
error cloud(the shaded blue area above and belowdtr& blue line)decreases Figure

36, the vacillation between 2g and 3g turns is observed between damage step values of 50
i 75 in Figure 30. Since the sensor reading error is kept the sangethe twin is built

around Bayesiainferencing, the error clouds tend ddfer minorly. Instead, théealth
assessmenwill undershoot andhen overshoothe truth dataven though therror cloud
differs.In addition, theuncertainty in thénealthbeing over 60%aamageavith highertwin

error (worsefidelity) leads to wavering in contlas seen ifrigure 30. The truth dat#s

relevant as it pertains to the defingdital twin fidelity settings for the constant turning

scenario without any influence of sensor noise.

\ 20% Error
—— 30% Error “ H —— 30% Error
—— 40% Error \ (

—— 50% Error ||

| — TRUTH

—— 10% Error 3G T A —— 10% Error
) 20% Error \ \

~— 50% Error

~—— 40% Error
\ = TRUTH

COMMAND Gs
COMMAND Gs

26 2G U

0 20 40 60 80 100 50 55 €0 65 70
DAMAGE STEPPER DAMAGE STEPPER

75

Figure 30: Comparison of commandedoad factor vs DTwin fidelity

The information from the digital twin simulation is output to a JSON file. To

connect the mission simulation with the digital twin simulation cases, the JSON file can
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act as a bdge where python will access the information from the JSON file and evaluate

the digital twin in that damage step instance with the probabilistic errors, visualized in

Figure 37.
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Figure 37: Digital Twin interface with Mission Simulation

The digital twin simulations have been defined and are ready for-agdtit
evaluations. To comparasvinless methods in the same simulation environment, a human
controlled baselia is required. The human controlled baseline is developed and defined in

the next section

3.8.1.3 HumanControlled PerformancBaselineModelvia Digital Twin simulation

Evaluaing the impact ofthe human controllegerformances a baseline for digital
twin performancas critical in evaluating the use of such systems in multi agent operations
Since no sensorsare evaluatingthe healthof the agent miemission, the truth state
informationfrom the digital twin simulation is &sl to assess vehicle health (zero sensor
noise)with constant 3g turnhe human baseline MADDMhethodology inFigure38 is
like Figure 12, but with MADDM interconnecting the single agentsr mission
performanceThe huma still controls how the agent performs themisspe r MA DD M6 s
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&= BT

Physical Space
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Human Limitation
Constrained, Contested Aircraft1
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Anomaly Detection

Aircraft2

Decision

Figure 38 Human Baseline MADDM methodology

The humarcontrolled baseline is established in addition to the various digital twin
fidelity levels at a single agent simulation domaivith the general trends behaviag

expected in a single factor, the multi agent scenario can be configured.

3.8.2 Configuration ofMulti-Agent Scenario

With the scenario conceptually defined, thaypointnavigation and mission
effectiveness modelingeedto be definedThe scenario of aerial surveillanbasfor
mission objectiveto maximize map coveragewnhich requireknowledgeaboutwhere
coverage is neededo keep the scenario as simple as poss#b map and mover will
beimplemented leveraging theurtle package with pythoffhe fieldis a squarewvith

each vehicle starting in a corner as showRigure39 and the equivalent field in Turtle
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2 3G Turns Only 1

di
ar

e Planned Route

Figure 39: Mission Area concept

(Left: sectors with planned route; right: window from python turtle)

The mission is preplanned with each vehicle surveying their respective sectors and
assumes 3g turnsgiven a sensoradius of 2én (~12deg halangle cone a#00 ftabove
ground. A 1m resolutionsquare grid300m x 300m¥paces overlad where a binary flag
(0 or 1) identifiesvhereasensorc over s t he f i el dTurtlelpackaged d i t i c
provides a visualization that can be used for qualitative checks on theTdataensor
radius ensures overlagcecurs at § turns andemphasizeshetighter turn radii leading to
ahigher load factofor the mission.With the radii defined, the next step is defining when
the turn needs to occur. The turn stadefined by waypointthat start Tadiusaway from
the plannedquadrant boundary. Since the digital twin simulates constant turns with 100
explicit time steps and is described with 3x 180° turns (540° tetdh damage step is

correlated to a 5° turn increment.
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3.8.3 Configuration ofMADDM within scenario

With the scenario and agent information defined, theretwee actions which
require MADDM,ReturnTo Base (RTB) justification and waypoint navigation. The goal
of eachphysicaltwin is to fly the waypoints, but it does not decithe location of the
waypants. The decisioamaking structure between the agents and MADDM is visualized
in Figure 40. The role of MADDM in the scenarits to informthe agents when to turn
basd on receiving position information for each vehitéhenperturbation®ccur where
MADDM needs to modifywaypoints, latency will delay when the vehiclec@anmanded
to turn. At maximum latencpA DD M6 s wa y p ounable to teacd the agents in
time to override thbaseline mission plaietworks are designed to minimize latency with
certain acceptable amouritgegrated from the construction. Examples incluaternet
networks for performancgs5]. Considering the minor degradation observed in pilot
latency assessments at 250 ms and an upper limit of 2500 ms, these vatoesidered
during the evaluation of waypoint modificatioiWhen aircraft Treacts to the perturbance
in the scenario, thereas ideal final position whetée thirdwaypoint update In addition,
thedegradatioms modeled as a piecewise lindanction with a minor loss (m shorter
than ideglwithin sensor coveragat 250 ms. Thevaypoint modification is highlighted in

Figure4lin addition to the piecewise latency function used.
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Advanced Situational Awareness (Baseline + virtual sensors), Advanced Prognostics
(Baseline + Al/ML condition-based), Predictive Maintenance, Recommendations
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Figure 40: Updated MADDM Architecture
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Figure 41: Modeling Latency in Experiment

Next the RTB logic can bedefined.There aremultiple considerations foRTB
between digital twirdriven and missiowlriven. For the mission scenario, the only mission

driven RTBis based on the vetherall waypointswerealreadytraversed
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The digital twinprovidesthreestates of information to consider for RTB, current
health future, predicted state, and trutiWith the current health assessment being
probabilistic, theerror on current assessment needsttactored into the RTB assessment.
Additionally, the errois added on top of the mean value, leading to a conservative estimate
on current healthThe futue states kept as aingle mean valudue tocompounding error
with each timesteplhe RTB policiesare defined from the ideal state with O latency, 0
initial damage, and 0%igital twin error damage state while factoring in a couple index

steps tqoreven index overflow errors in the case exploration.

There are multiple methods afecisionmaking structures that could be used.
Central toa rulebaseddecisioamaking structure anevaluationof digital twins, the RTB
decision becomes significant factor.The agents have two options: to base their RTB
decision on the onboard available information (agefB) or to follow the instruction of
a multtagent commander (MADDNRTB). Bothconsider the impact of latenesuntime
on the decisioimaking processThe added RTB logic trade becomes another variable to

consider in thenorphological matrixas shown irnrable8.

Table 8: Updated DOE with RTB Logic
| veriamo | aen | oaea [ aes ] oaca | aes [ ane | aey | aes | ars | Acio | i
5% 10% 15% 20% 25% 30% 35% 40% 45% 50%

o
0% 5%  10%  15%  20%  25%  30%

0 250 8125 1375 19375 2500

The agent logic, shown ifigure 42, summarizes the interaction between the

waypoint navigation and the digital twin damage stepping for agent RTB.
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DTwin Current
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completed?

Turn5 deg > Damage stepper +1 —
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Exited Mission
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Figure 42. Agent Logic i Agent RTB

When MADDM controls RTB, the agent logic simplifies with fewer decision points

as seen ifrigure43.
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Update Digital Twin
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I Yes I

Go Straight

Exited Mission
Area?
I Yes I
Mission End —
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Figure 43: Agent Logici MADDM RTB

To better understand the decisimaking processes of all agents, refer to the logic
flows shown inFigure44 for Agent RTB andrigure 45for MADDM RTB. The latency

impacts to decision makingre visually conveyethrough the arrowbetween states and

actions.
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I Individual Agents Move I
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Figure 44. Multi -Agent Logici AgentRTB
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Figure 45: Multi -Agent Logici MADDM RTB

When evaluating a system's state in MADDM's RTB logic using a digital twin,

accounting for the impact of latency is essential due to potential delays between the

physical truth stat®f the physical twinand the assessed stdye the digital twin. To

address latency, a methodology analogous to the one used in waypoint navigation can be

employed, whereby an allowable latency impact is specified and desasatency

approaches itextranes based on literature reviex 250ms latency corresponds to a

minor impact, which is defined as a single damage step latency, while a maximum index
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offset of 35 is specifiedone 180turn). The piecewise function is visualized Figure 46
for awarenessWhen varying latency alonaet is anticipated that agents will continue to

operate until they inevitably crash, due to MADDM's instructionRTB being issued too

late.
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Figure 46 Latency impact with MADDM

3.8.3.1 Human Baseline MADDM Modification

To comparethe humardriven performance, the only factor that can be considered
for RTB isthe crash endtate ldentifying the crash state is challenging in the absence of
a digital twin for health evaluation, particularly because dinain onset rate varg after
the true health state exceeds 60%stead, the analysis performed on the samgue
normalizedstrain dathase applied prior to adding naide addition, thérue normalized
strain valuegromdigital twinsimulations are used with the known health vatoemnable
interpolation Table 9 provides calculations to determine the required strain for the crash

end statainde 3g turns which is tied to 78.5%rue damagddamage step 98 in the



simulated2g state). The values in the table are obtained by linearly interpolating between
60%true damagend 80%true damageo identify the required strain and extrapolating
from 60%to determine the damage step at which the crash occurs under constant 3g turns.
The extrapolatiomf constanBg turnsleads toabout a 20% reduction airframelife. The
reduction is expected since 3g stresses an airframe more intensely and inctgages fa

compared to 29

Table 9: Human Baseline calculations

Health State 60% 80% 78.50%
Normalized Strail 13499.3  14338.0 14275.1
Damage Ste 75 q 79

Slope Intercept
Strain Estimation from healt| 4193.5 10983.2

Furthermore, the human baseline operates on a similar logic as the agent RTB.
However, it assumes maximum latency, a lack of communication, and no modifications to
waypoints during flightThe assumedixed valueof the human model provides a context

for comparing overalperformance oDigital Twin infusion. The initialdamagas fixed to

zero for all agents to give the humans the pessible outcome for the evaluation.

3.8.4 DOE Used

With themodeling and decisiemaking assumptions defingthhe number ofa@ses
andresolutionbetween step sizes could leadatoimpractical number of casesevaluate

Testing cases with visualization on leads to ~1.5 min/cegeen considering a full
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factorial combinatiorof 5% intervals ofdigital twin fit error (11 levels) 5% intervals of

initial damage stat@evelg, andsix levelsof latency, over D5-10"14 caseper RTB logic

exist, which leadgo about6.2 million years to solve each interactidnstead, a design of
experimentsis usedto select criticaleffects and variable interactianBue to the limits
between the digital twin simulation and ROS, the 5% discrete numeric steps are a limit in
potential options exploredA face centered central composi®©E was usedThe DOE

took 2 subsets of eadtoundwhere the midpoint matched with available datagetsa

result approximately3000 casesare generatedor each RTB logicto be used. The
scatterplot matrix inFigure 47 shows which inputs and combinations are queried in
addition to evaluating the limitations of thedesign spdbee di gi t al t wi ndé s
usedas a metric for evaluatingdelity is shortened towin error forsimpicity in theDOE

and results discussed in the next sectibar simplicity in theDOE and the results

presented in the following sectiotihe digital twin's fit errorused to evaluate fidelitys

referred to as twin error.
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Figure 47: DOE Scatterplot Matrix

The color map of correlation in Figure 45 is used in addition to the scatterplot
matrix to identify potentially highly correlated variables. The objective is to achieve a fully
red diagonal and blue pocketff-diagonaindicatingminimal potentialaliasing of traded
variables The scenario involves multiple agents, with the aim of exploring the-fawél
interactions between them while assessing the impacts of fidelity, initial damage, and
latency + runime. It is expected that there will be potential correlation between agent
fidelities in the grey regions, due to the mialgjent interaction8oth plots can be applied

to both the Agent and MADDM RTB explorations to evaluate mission effectiveness.
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Figure 48: Color Map of Correlation
Main Effects (left), Main Effects + 2"d Order In teractions (right)

One finalDOE Diagnostic considered is the fractional design space Tiat.
fractional design space plot i£®E diagnostic that helps ensure a low variance between
potential outputs and inputs for a multivariable polynomial regressisrseen inFigure
49, the variance for 50% of the design space is less than &% 100% of the design
space is less than 1%he half a percemnotential prediction variancen area mappeid
includedin theResults section when comparing overall spreficesultsto evaluatef

sufficient DOE cases were evaluated
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RESULTS AND DISCUSSION

The series ofexperiments conducted generate data that can be used to assess the
hypothess stated earlieThe section begins by examining the accuracy and performance

of our models, followed by an analysis of the key variables and their impacts on the system.

The infamation is culminated together such thrtightcan be drawn.

4.1 Datagenerated.

From running th®OEfor both RTB studiesesults can be evaluated and compared.
The scatterplot of results for Agent RTBHigure50 and the MADDM RTBIn Figure51
show a rangen area mappeddf 17.5% and 13.8% respectively. Both ranges being
significanty greater tharthe prediction variancef 0.1%can be compared to a signal to
noiseratiovh er e t he A s i gootputsand thenoide is the predictayl gariamde
from Figure 49. This ratio is greaterthan 10, which provides asufficient zeroth order

qualifier to consider proceeding with processing results to extrsight[56].
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4.1.1 Human Baselin®ata

With the3g onlyturn impactfactored intdheanalysis, théield surveyed is visually
shown inFigure52 and covers34.6%of the total areaAltogether, the final damage state
are below the&’8-stepperimit and are as follows for each aircrafl9, 76, 75, 7p The
variable waypoininission plarwas maintainedTable10compares full fleet initial damage
states undr 3g only commanded turnBy keeping the variance imitial damage state
consistent across the entire fleet for later comparison, potential factors beyond the variables

being traded are minimized from influencing the scenario anm téesulting insights.
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When evaluating twin and twinless DDM in a mugtjent scenario, it is important to
consider the interactions between agents, but these interactions should not be allowed to
significantly influence theresults Overall mission perforntace improves & expected
through dynamic waypoints, as they have better overall mission performance compared to
a fixed waypoint baseline, and DDM improvement is achieved through the use of dynamic
waypoints Additionally, theincreased damage states lemdio reduced overall mission
performance makes logical sense for expected values as there is less available structural
health tobe used upThe significantdecrease in mission effectiveness between 20% and
30% initial health for all tails is noteworthgs it indicates that the drop in mission
performance within this range validates the bounds set by the TheEanalysis comes

from the scenario itselince the damage occurs during turns when the wings are under g
load. When a vehicldails to complete aurn, the following straight section is left
uncovered and reducésearea covered significantly. Furthermore, the increased damage
statecan prevent vehicles froraxtending their coverage at the mualgent level. The
observation here comes to the resbht is inherently tied tthe scenario. Changing the
scenario could lead to inherently different unique factors influgritie resultMoreover,

altering the scenario may diminish teephasisof the digital twin trade, highlighting the

need to evaluatthe twin vs twinless trade with a known scenario influemstead
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Figure 52 Human Baseline Map

Table 10: Human BaselinePerformance Comparison with
varying fleet damage state

Initial Damage % Mapped % Mapped Human
- AllAircraft | HumanControlled | DynamidNaypoint

0% 84.6% 89.7%
20% 81.6% 82.1%
30% 53.2% 53.2%

With the human baselineulti-agent missiorperformancegenerated, the digital
twin assessment can be evaluafBalassess the various combinations ofdheg i t al t wi
attributes of fidelity and latency+runtimé a continuous form, surrogate modeling is

required The next section discussthe process of stogate modeling.
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4.1.2 Surrogate Modelling & Plotting

Surrogate modelsare developed to evaluate continuous behavior and variable
significance JMP by SAS was used to fit these mod@@% of theB031 DOEcaseswvere
used fortraining, 20% for validation, and 0% withheldfor testing A series of surrogate
models were explorednd theirR2 recordedn Table 11 for Agent RTB andTable12 for
MADDM RTB. The objective of the fits is to continuously trade tresgn variables in
such a way that sensitivity analysis can be perforiikd surrogate fits evaluated are as
follows: support vector machines, neural networks (tanh nodes), k neaighbors,
generalized regression (lasso), stepwise regression, anddeases. Tree based fits were

ignored due tdheir nonlinear behavioiThe highest fiis achieved usingupport vector

machinein both RTB scenarios

Table 11: Agent RTB Surrogate Models Explored

Agent RTB

Method RSquare Root Average Squared Error (% M
Support Vector Machines | 98.2% 0.5%
Neural Boosted 93.0% 0.5%
K Nearest Neighbors 94.9% 0.8%
Generalized Regression Lag  90.0% 1.2%
Fit Stepwise 90.0% 1.2%
Fit Least Squares 90.0% 1.2%




Table 122 MADDM RTB Surrogate Models Explored

MADDM RTB
Method RSquare Root Average Squared Error (% M4
Support Vector Machines | 96.3% 0.6%
Neural Boosted 96.0% 0.6%
K Nearest Neighbors 87.3% 1.1%
Fit Least Squares 69.1% 1.7%
Fit Stepwise 69.1% 1.7%
Generalized RegressionLay 69.0% 1.7%

The final fits for bothtypes of RTB cases are shown ifable 13. The prediction
profilers for Agent RTBand MADDM RTB are presented iRigure 53 and Figure 54,
respectively Prediction profilers provide a visualization tool for analyzing the behavior of
surrogate models by generating multivariable instances of the model's predidimnse
of prediction profilers enables the identification of the input vasmlihat are critical to
the model, and provides insight into their interaction, facilitating a more comprehensive
comprehension and interpretation of therogatenodel's behaviorThe added simulator
option available in IMPprovides an ability to evaluatthe sensitivity of the output with

regards to its mean response.

Table 13: Support Vector Machine Fits -Agent RTB

Measure Training| Validation| Test
Number of rows 2121 606 303
RASE 0.44% 0.41% | 0.50%
RSquare 98.69% | 98.88% | 98.16%
Number of SupportVector] 468 468 468
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Table 14: Support Vector Machine Fits-MADDM RTB

Measure Training| Validation| Test
Number of rows 2122 606 303
RASE 0.36% 0.33% | 0.60%
RSquare 98.20% | 98.58% | 96.29%
Number ofSupport Vectory 819 819 819
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Figure 54 MADDM RTB Prediction Profiler

4.1.2.1.1 Histogram & Defect Analyseof Surrogate Models

One approach that can be useful in evaluating the reliability and robustness of the

surrogate model, and in identifying areas where improvements can besntlcbeighthe
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use of the simulator feature in JMFhis technique involves conducting a seried/ohte
Carlo runs on the inputs, and then evaluatingrélsalts in a sensitivity analysis of each
variable tothe output$he sensitivity analysis comes in both histogram analysisl efett
analysis.The histogramand their quartilesor the two responsess Figure 55 andFigure
57f or MADDMOGs RTBgeat RTBlauthontyespectavalydnalfses of each

distribution are described in the following sectidretow.

While histogram provides overall context, thés additional analysis requirdd
evaluate eachof the factors influencing the decay of overall mission performance.
Determining the potential of meeting a set of requirements or exceeding a minimum can
be performed as a defect analysis in JBP.utilizing defect rate analysis methofis a
given spec limit it is possible to identify how specific design variables (such as damage,
latency, and fidelity error) can raise the probabilityfaiing a specin this casehe area
covered The defect analysis performed uses the lower quartile for each distribution
method enables a comparison of both distributions to their own reSuite the influence
is probabilistic, the parametric defect profiler iedsThe parametric defect profiler tracks
the mearshift, standard, narrow, lower spec lirlitSL) chop, andupper spec limi{USL)
chop.The defect rate tests are showrfigure56 for MADDM and Figure 59 for Agent

RTB tied to thdower 25" percentile of their distributioas an upper spec liminy failure

provides some insight as towaad to which deign variabléscrease area covered.
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4.1.2.1.1.1MADDM RTB
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Figure 55. Histogram of MADDM RTB (bottom quartile = 87.4%)

The histogram for MADDMn Figure55 has significantly more kurtosis, or drop
off from themean valueAn interpretation can bthat MADDM can better guarantee a
mean value of performance with more variance with latency and id@&rmahge having the
most significant influence on increasing the failure rate on mission performance. Latency
has avalley-like effect where certain amounts of latency can be tolerated to a point and
then increases to a point where the failure rate increases quickly. While not an explicit
investigation of DDM structures, the potential influence could be related to MADBM
delay in issuing the RTB command being coupled with agents continuing the mission until
the termination criteria (structural health limit) are reached. Additionally, low latency could
lead to preemptive RTBs withpredicteddamage states ahead of therent state of the

twin.
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4.1.2.1.1.2Agent RTB
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Figure 57: Histogram of Agent RTB (bottom quartile = 85.3%)

The histogram for Agent appears to be ngaassian. Low kurtosis means there is
more robustness in achieving a range of values, but at the sacrifice of lower performance
in worst cases. T is furtheremphasizedhrough thedefect analysiswhich shows that
qualitatively the mostinfluential varables of damage and latency all trend towards

increasing failure rates as their maxima are reached.

91



— Mean Shift
— Std Narrow
— LSL Chop
— USL Chop.

Spec Limits
Response LsL USL [ save |
% Map Prediction Formula 083
Defect Profiler
1
® - \ .
2 — T—
£ o1 /
3
a
0.01-
0,001
Qa.uoadn, T T T T T T T T T T T T T T T T T T T T ,m m W m W W
T 8 5 & g £ 8 g 28 2 ER-t £ 5 B 5 5 85558 8 8 8 8 2
2 8 = & ¥ @& = w- = ¥ & L ] s 2 2 & 7
P1 Twin Errer 1 sig P2 Twin Error 1 sigma P3 Twin Error 1 sigma P4 Twin Error 1 sigma ial Damage P4 Initial Damage Latency
Mean 0.226508 Mean 0.230766 Mean 0.23361 Mean 0237761 Mean 0.231842 Mean 0.234082 Mean 0.243994
D 001237 0.005344 SD 0.009101 0026671 sD SD 0210607 sD 0.189682
4 Defect Parametric Profile
1
\\ - ~
i _
2 o~ = — —
& — S~ /I\\\.
K 014 \ -
&
0.01+
0.001+
o.ooooA_\, T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T _W ﬁf ﬁf ﬁf ﬂ_h W,
£ & & wwmm mmmwm wwmmm s 2 £ 5 B 5 B £ 5 B8 5 5 5 5k ET 8B 8 8 8 8
2 8 3 2 R 2 2 2 2 2 =2 2 4 8 e 2 8 8 2 = 2 48 e 2 R 8 ] g & 8 &
P1 Twin Error 1 sigma P2 Twin Error 1 sigma P2 Twin Error 1 sigma P4 Twin Error 1 sigma P2 Initial Damage P3 Initial Camage P4 Initial Damage Latency

Defect analysis for Agent RTB

Figure 58

92



4.1.2.2 Comparison of RTB methods

The comparison of decisiamaking methods based on histograand defect
analysis enables a potential evaluation of the different RTB methods. The histogram
differencesin Figure 55 and Figure 57 f o r MADDMG6s RTB and Agen
MADDM improving performance on average by ~1.25% but at the impact of kurtosis with
a more significant reductionin performance at the extremes. Agent RTB éideraoverall
maximum by ~2.25% while MADDM RTB has a higher minimum by ~0.5%. The trade of
which architecture to best apply in the given scenario depends on architectural capabilities
and expected growth. While MADDM could enable better overall perforeman@verage,
the improved performance dfgital twinerror or latency are inherently limited relative to
a more agent driven approacho evaluate the relevance of the bounds, it is important to

explore the trade between the twin and twinless DDM agpexaFuture studies of DDM

approaches can expand into more research and are incluSection 5.3.

4.2 Analysis and Insight from Data Generated

The surrogate modslfrom Table 13 and Table 14 enable sensitivity analysis
Sensitivityanalysisoutputsstatistical significance throbgnalysis of variance (ANOVA).
Thegoals of the analysis to determinghe mosinfluential design variableso the output
The significance iscollected intotornado plots shown iRkigure 59 andFigure 60. The

total effectranks each variable by their contributiodgplying the pareto principle of 80%
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of the effect being driven by 20% of the desigariables, both at ency

and

initial damageare the most influential sources. Atha@herlevel categorizationof the

design variabledatency and aircraft daageare the most significant influences mission

effectivenessFurther investigatiorto vindicate the observation with the original data

occurs in the sections below.

Column

Latency

P4 Initial Damage
P2 Initial Damage
P3 Initial Damage
P2 Twin Error

P1 Initial Damge
P4 Twin Error

P2 TwinError

P1 Twin Error

Main Effect Total Effect
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Figure 59: Variable Significance on % of area mappedi Agent RTB
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Figure 60: Variable Significance on % of area mappedi MADDM RTB

4.2.1 Analysis of Data generatédKnowledge Gained

The significance plots have each design variable ranked in order diotiaeffect

on theresponse variable (area mappeli)e ordernf attributesshows latency & the most
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significant initial damage second, and thema of digital twin errosand a r cr af t 16
initial damage statd.a t e naonnécson tavaypoint navigations based on both RTB
decisionstructuresagent and MADDMThe observation can be summarizedhaespeed

of decisioamakingis the most important factam overall mission perfianance As latency

increases, therarefurther delays in adaptirgjl aircraft routs, reduaeng coverage Since

every case being reviewed can be cumbersome, an example sampivgcakes below

is used for comparisonlo evaluate latencgs a single factor influencEjgure61shows a
comparison between case 0 and case 1998 for Agent 8d3& 0(0% error, O initial

damage, O latecy) enables more coverage th@ase1998 (Case 0, but with 2500 ms

latency) due to the waypoint navigatioifhe difference in areaoverageis 8.4% with

90.8% for case Gnd 82 4% for Case 1998

0 ms Latency 2500 ms Latency

—: Plane 1
— : Plane 2
— : Plane 3
—: Plane 4

Figure 61 Mission Map (Agent RTB) latency comparison 0% digital twin error &
0% initial damage (all agents) White space within square represents area not
surveyed.

In this example, te impact of digital twin fidelitgaptured under the term digital
twin error in both RTB processess insignificant on overall mission effectivene3fie

digital twinerror of eacltagenis tiedtothe commanded, whichis observed in the aircraft



turn radius.There is a 63% increase in turn raghivhen comparing 2g and 3grns Figure

62 shows the visual impact of evaluating the single factor of twin error in Qased 545
(0% twin error vs 50%twin error, respectively. Further investigation can be done by
analyzing their health comparisons kigure 63 and Figure 64. When examining the
tradeoff between digital twin fidelity and structural healtlirigure 30, the fluctuations in
commanded gpads are accentuated as they are influenced by the digital twin simulation
time rather than overall mission tim&/hen applying it to théealth status during the
mission, the vacillation leads a smallchange irdamagestate transition around 500$%e
change in commanded g of approximately 20 timesteps is less percepidsdt takes
place within a single turr{36 steps in each 18(urn). With the objective ofirea covered,
the reductiorn turn radius can lead & increase iarea surveyed even thoughrhé a
small gap in turn 3 with case 54Bhe total map coverage differenceis 0.2% (90.6% vs

90.8%), which validates the insignificance of the twin fidelity in misgieriormance.

Case 0 Case 545

—: Plane 1
— : Plane 2
—: Plane 3
—: Plane 4

Figure 62 Mission Map (Agent RTB) twin fidelity comparison, Olatency & 0%
initial damage (all agents). White space within square represents area not surveyed.
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Figure 64. Case 545 Health Plots

Rather than seeing digital twamror as an influence on mission performance, RTB
reasoning could be exploredn early RTB can lead to slight negative impact on the
scenariowith each damage step occurringbideg intervals RTB reasonsarediscrete and
investigated ashown in the scatterplat Figure 65for MADDM. The scatterplot shows
all casesand their RTB cases based on each fadtwe. highlighted squares are asef
interes, since there is no inteigent driven RTB defined in the scenario and latency

impacts all agents equallyhe most significantfactorin the areas of intereshat lead to
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Agent

R T B 6 & Figue@sbnly bas agendsteither completing the mission

or deciding to RTB based on current health due to ability to RTB based on their own

assessmenthe benefit of the agent RTB is avoiding crashes; however, high latency in the

digital twin results in RTBs due tourrent healthassessment3he reduction in crashes

could be traded witmission needs and risk tolerartbeough usingattritable asset&7].
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Upon evaluating the surrogate model and resafitgariable significanceoverall

assessment of thresearch questions and hypotheses can be evaluated.
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4.2.2 HypothesesandResearch Questiorfeom Data gathered Digital Twins

The evaluation of digital twin fit error as an aspect of fidelity ties to Research

Question 1, Research Question 2, and their réispetiypothesesThe first research

question will be revisited below for the reader's convenience.

Research Question 1:

How is the impact of fidelity and runtime characterized in a raglint DDM scenario?

Hypothesis 1:
I f fidelity is evaluated as 0 bounds
as a time delay, then their impact on decision quality and decision speed, respective

multi-agent DDM scenario, can be assessed

The method of evaluating fidelity as probabilistic bounds with the used digital twin

simulation was successful in demonstrating a detrimental impact on assessing structural

health. As digital twin error increases, the assessment on both current ancegdradiat
health states degraded. The i mpact on
deciding the correct commanded g turn and when certain RTB criteria wergViret.
higher initial damage states are considered, the digital twin fidelitynexa significant

factor in determining the longevity of the asset in the missibe. ability to evaluate the

heal

uncertainty through probabilistic distributions quantified by standard deviations as an

influence for decision quality was concluded to be vadidmulti-agent DDM.
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Runtime was able to be included as a time delay in the mission modeling
contributed to insight gained. The aspect of runtime contributed to waypoint navigation
and RTB criteria, resulting in impacts to decision speed. The impactc@atespeed on
waypoint navigation and RTB status were used as metrics to assess the impact of runtime
on decision speed in muligent DDM.Runtime was successfully integrated into the
latency+runtime variable used to represent decision speed and evtduaipact in multi
agent DDM. The assessment enables further insight described in the next section when

evaluating digital twins in mukagent DDM.

Given the similarity of the runtime metric to proximity and latency, Research
Question 2 can be evalted in a similar manner. The question and corresponding

hypothesis are provided below.

Research Question 2:

How is the impact of proximity and latency characterized in a multi agent DDM scena

Hypothesis 2:
If proximity and latency arevaluated together as a single time delay on actions made

their impact on decision speed for a maljient DDM scenario can be assessed

When evaluating latency, the assumptions made for the operational model
demonstrate the impact of latency in tuatext of decision spee&ince proximity was
found to be directly linked to latency in literature, a single overall time delay was used.
Within the scenario, proximity & latency impacted mission performance significantly. The

decision speed in both hdakssessment of the digital twin and matjent DDM lead to
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an increased likelihood of vehicles crashing rather than exiting the mission area. If the
agents are highly valued, the proximity and latency of the digital twin could severely
impact overall pgormance in a multagent DDM scenarioProximity and latency were
successfully integrated into the latency+runtime variable used to represent decision speed
and evaluate its impact in muigent DDM.Proximity and latency were successfully
integrated ito the latency+runtime variable used to represent decision speed and evaluate

its impact in multiagent DDM.

With the hypotheses behind modeling thgital twinb s a s @&sesagstheir n

impactsof DDM establishedDDM modeling methodsan be evaluated.

4.2.3 Hypotheses and Research Questions from Data gattieDdoM

The goal ofresearch questioni@adsto two different hypotheses, one related to the
digital twin integration andow decisions are reached with digital twiB&low is the

research questioand its corresponding hypotless

Research Question 3:
What type ofdecisionmaking techniques could be integrated with a Digital Twin to mg

decisions in a multagent probabilistic environment?

Hypothesis 3:
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If probabilistic graphical modeling with Bayesian Inference is implemented on the Dig

twin, then decisions in a muligent probabilistic environment can be made

Hypothesis 4:
If Multi -Agent Digital Twin data can be integrated into an open loop ded@sioature for
dynamic environments with decision trees, then potential outcomes can be evaluatec

Dynamic Decision Making.

The first hypothesi®f this sectionconsidersintegrating probabilistic graphical
modeling through the inclusion of Bayesiamferencing With the prognostic health
managementligital twin of the senior Telemast&fAV, probabilistic graphical modeling
provides information with uncertainty in decisioraking. Probabilistic graphical
modeling demonstrated a method for characterizing the impact of fidelity on decision
making by infusing both probabilistic info
the mission. The lower fidelity (higher errorptis to decision vacillation where a decision
being reached could betoolatehe di gital twin provided inf
turn radius a® function oft h e v echrierdHeadtld statuin addition to the need to
RTB. The decisiosin waypoint navigation anBTB demonstrate decisions can be made
in a multragent probabilistienvironmentThe hypothesis was valid in being expanded to

a multtagent domain for probabilistic decisiomaking

The second hypothesis is evaluating whether or not an open loop decision structure

with trees can be used to assess outcomes of digital twins. The DDM processes for both
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the agent and muiigentlevels have trees in them for turn radius aRdB criteria. The

tree enable multiple alternatives to be considerderom the scatterplots iRigure 65 and

Figure 66, multiple RTB alternatives were implemented depending on vaiigugs from

the digital twin.Given the multipleactions made based on multiple decisions and given
the defineddecisionmaking structure, multiple alternaties were considered in the
decisionmaking processThe open loop decision making process ensures that the mission
model functions in a predictable form for a known scenafihile actions were similar

and the ruldbased policies were kept, the structural#ed a simple modeling integration.
Decision trees could be more viable if there were more complex actions available beyond
waypoint navigation for all agents from MADDM. The loop of assessing the state of the
entire group at each timestep available wakiable in determining when alternative
outcomes needed to be enacted to mitigate the negative impacts of aging assets and enabled
trades between the aspects of the digital twin within the architedhmead ecisiormaking
process of an open loop structwéh trees for evaluating alternatives is validated as a

method for evaluating digital twins in mutigent DDM.

4.2.4 Analysis of Data generatédKnowledge Gained Human vsTwin.

Integrating the data generated from both twin and twinless (hiaseline) into
the mission scenario facilitates the evaluation of research questions posed at the beginning
of the paperTo reduce the impact of individual aircraft on thaluation the study utilizes
the same initial damage state for all aircratie data between thieestperformanceof

human baseline andomparing the both MADDM RTB anégent RTB digital twin
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performance areéabulated inTable 15 and in comparatie contours fromFigure 67 to
Figure 69 for visualization.For the comparisonQms latencywas usedEach contouis

discussed further below.

Table 15: Digital Twin vs Human Baselines

Initial . .
Damage | % Mappedi Human Baseline % Mapped Hum_an Adaptive
_All Tails Waypoint

0% 84.6% 89.7%

20% 81.6% 82.1%

30% 53.2% 53.2%
Digital Twin i MADDM RTB

Initial Twin Twin Twin Twin Twin Twin
Damage Error Error Error Error Error Error
- All Tails 0% 10% 20% 30% 40% 50%

0% 90.7% | 91.0% | 91.1% | 91.2% | 91.3% | 91.1%

20% 84.6% | 83.5% | 83.3% | 83.5% | 83.7% | 84.5%

30% 82.2% | 81.5% | 81.4% | 80.9% | 80.3% | 80.6%
Digital Twin i AGENT RTB

Initial Twin Twin Twin Twin Twin Twin
Damage Error Error Error Error Error Error
- All Tails 0% 10% 20% 30% 40% 50%

0% 90.4% | 90.9% | 91.0% | 91.2% | 91.5% | 90.3%
20% 84.7% | 84.1% | 84.0% | 84.5% | 84.3% | 84.5%
30% 82.3% | 82.0% | 81.9% | 81.7% | 81.2% | 80.6%

Comparingthe contoursof O initial damage theworst digital twinperformance
between both RTB methoéscompared to the best human fassionperformanceWhen
considering 0 initial damage, the performance of the digital twin is slightly superior to that
of humans. However, when taking the test engrage squared error (RASE) into account
as a measure of uncertainty, both Agent RTB and MADDM RTB approaches are

comparable to the human baseliRASE issimilar to Root Mean Square Errtnut does
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not account for the degrees of freedionsurrogate moeling [58]. At a high level, the
difference in 0.25% ofhe areamapped may be marginal enough to see no impact at a
larger scopeln an ideal mission simulation, the presence of external influences has the
potential tofurther deteriorate performance. Based on the conducted experimehis

ideal simulation it can be concluded that the traofé between twinless and digital twin

DDM is interchangeable when no damage is present.

0% Initial Damage All Tails
91.6%
91.4%
91.2%
91.0%
2 90.8%
& 90.6%
§ 90.4%
90.2%
90.0%
89.8%
89.6%
0% 10% 20% 30% 40% 50% 60%

Higher Fidelity Twin Error

0.6% Delta

Human Baseline = DTwin AGENT RTB —Dtwin MADDM RTB

Figure 67: Digital Twin vs Human i 0% Initial Damage
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20% Initial Damage All Tails
85.0%

84.5% \/\/
84.0%

‘ 1.9% Delta
83.5% .

% Mapped

83.0% 4

[ |
3| 1:2% Delta
|

82.5%

82.0%

0% 10% 20% 30% 40% 50% 60%
Higher Fidelity Twin Error

Human Baseline ——Dtwin AGENT RTB ——Dtwin MADDM RTB

Figure 68: Digital Twin vs Human i 20% Initial Damage

At 20% initial damages shown inFigure 68, theaircraft reach RTB conditions
and thedigital twin error starts to lead to more degradation in performaficere is an
increaseddifference between twin and twinless optithatexceed the RASHeading to

an observed improvement of twin over twinless performance.

The parabolic effect observedrigure70 can be attributed to the discrete states of
the digtal twin's structural health, and the growth of error leading to a resotikace
condition between error and decision maki@ncel exceed 40%, the error starts to
reducedue to it being so large thah override occurs withithe data analysisWhen
investigating the root cause, the error is tied into the digital twin simulation construction.
Since the errofrom 0% to 40%trends as expected for digital twin performance, the

comparison between twin and twinld3®M methodologies a@n still occur. The ultimate



objective of digital twin development is to minimize the digital twin error, which indicates

higher fidelity. Therefore, an error rate of 50% is deemed exce3$ige.

30% Initial Damage All Tails

85.0%
80.0%
o
8 70.0%
o
8]
= 65.0%
»®
60.0%
55.0%
50.0%

0% 10% 20% 30% 40% 50% 60%

Human Baseline —=—DTwin AGENT RTB —DTwin MADDM RTB

Figure 69: Digital Twin vs Human i 30% Initial Damage
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g = 20% Error g = 30% Error
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Figure 70: Digital Twin Simulations at various errors ranging from 20% to 50%

At 30% initial damage state for all agemts shown inFigure 69, thedifference
between twin and twinless DDM significant. Due to the higher G turns based on human
operations, the aircrafieach their structural limits earlier aadeunable to contine the
mi ssi on. The di g ofthealth leads itent@de betveesnessnsval eamd t
overlapping sensor coveragesuch a way that thegquadron can perforias much of the
mission as possible prior to RTBurthermore, théncreasing erroin digital twinsleads

to reduced performancbut at a barely noticeable impact










































