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SUMMARY  

The concept of Dynamic Decision Making (DDM) is essential for achieving an 

overall goal by adapting to the results of previous decisions and unexpected environmental 

changes. Example applications of DDM in aerospace vary from individual predictive 

maintenance to multi agent tasking. When making dynamic decisions in a multi-agent 

scenario, the goal is to minimize uncertainty for future actions by predicting consequences 

for both the individual asset and the group. In a squadron with vehicles of the same type, 

it is expected that performance (e.g., fatigue rate and structural health) vary form one 

vehicle to the next.  Infusing individual performance capabilities and their uncertainties 

can overwhelm the decision maker. One approach to improve the decision-making process 

for multiple agents is by using Digital Twins, an authoritative virtual representation of a 

connected physical system. The digital twinôs aspects of computational, physical, and 

communications limits impact their overall utility. Furthermore, the aspects of fidelity, 

runtime, latency, and proximity (due to the physical requirements) need to be assessed to 

determine the value within multi-agent DDM. A vision for Digital Twins is to enable real 

time operational decision making by predictive and proactive measures while mitigating 

potential anomalies. This thesis seeks to evaluate the infusion of Digital Twins in a multi 

agent DDM architecture, the challenges with the infusion, and a comparison to historically 

deterministic decision-making processes for a relevant aerospace scenario to trade overall 

mission effectiveness. To that end, three steps are required: a method of evaluating 

different decision-making architectures, digital twin selection, and scenario definition. A 

structured decision-making process was developed such that both twinned and twinless 
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multi agent DDM methods could be interchanged. The digital twin selected for evaluation 

was the airframe prognostic health of a remote-control aircraft. The digital twin determined 

how tightly a turn can be performed (2g or 3g) as a function of health status mid-mission. 

A field surveillance/survey mission scenario was implemented with area surveilled as a 

metric. During the mission, each aircraft (twinned or twinless) defines their turn load, while 

a multi-agent coordinator modifies waypoints for agents. To ensure multi-agent 

interactions with DDM, a perturbance (treated as a gust event) occurs leading to one aircraft 

leaving the mission early and requiring the remaining aircraft to adapt their missions to 

mitigate the unexplored areas. Each aircraft leaves the mission area upon mission 

completion, digital twin health assessments or crashing. The assessment for permitting 

aircraft to leave the mission area is traded between the multi agent commander and by 

agents; both traded as a function of latency.  Each agent has unique variations in both 

airframe life and digital twin architectures (instance vs aggregate) and are traded. The 

design of experiments enables trades across the agents factors of the digital twin fidelity 

(fit error with sensor to loads), initial health, and overall system latency. From the data 

generated, surrogate models were fit and analyzed to determine variable significance via 

ANOVA as well as a comparison between a 3g turn only (treated as a twinless/human 

baseline) and various digital twin fidelities. Sensitivity analysis revealed that airframe life 

had the greatest impact on overall mission effectiveness among both digital twin-infused 

dynamic decision-making methods. Following closely was the influence of overall system 

latency, with digital twin fidelity being least important of the three. Additionally, the digital 

twin comparisons to human baseline show that digital twins significantly increase mission 

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



 xiv 

axiom for the digital twinôs infusion into multi agent dynamic decision making is as 

follows: 

1) having information is good (digital twin usage) 

2) having accurate information is better (digital twin fidelity) 

3) having information on time to make decisions is critical (data communication)  
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INTRODUCTION  

1.1 Dynamic Decision-Making Overview 

From the Oracle of Delphi in Ancient Greece to Isaac Asimovôs concepts of 

psychohistory, the desire to make the best decisions based on predicted outcomes has been 

constant. The ability to actively predict outcomes ties into a concept called dynamic 

decision making (DDM) [1]. DDM applies to any application where goals are achieved 

over time and adapt to external factors. The research proposed in this report investigates 

opportunities for improving DDM.  

1.1.1 Definition 

The concept of dynamic decision making, while abstract, has relevant attributes 

that can be tracked. Studies of the DDM concepts can be traced to Ward Edwardôs study 

in 1962 that defines the criteria for DDM. DDM requires the three following requirements; 

First, a series of actions must be taken over time to achieve some overall goal. Second, the 

actions are interdependent so that later decisions depend on earlier actions. Third, the 

environment changes both spontaneously and because of earlier actions [1]. Altogether, the 

three aspects require the ability to not only make decisions in dynamic situations but also 

the awareness to adapt to both consequences from previous actions and unexpected 

phenomena from the environment. Within an aerospace context, the Observe-Orient-

Decide-Act (OODA) loop [2] [3] is an example of DDM. With the definition of DDM 

known, the context within an aerospace application can help identify both use cases and 

opportunities for improving DDM.   
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1.1.2 DDM Uses and Opportunities 

DDM applies to multiple scenarios which can scale in impact (i.e., strategic vs. 

tactical [4]), such as the number of platforms, or agents, involved. Within aerospace, single 

agent DDM actions such as flying an aircraft (i.e. the Observe-Orient-Decide-Act or 

OODA Loop), testing/certifying the aircraft, commanding a squadron [5], repairing a 

vehicle, modifying the vehicle for longevity, and retirement; demonstrate the applications 

across the product lifecycle; Large scale scenarios such as supply chain management, 

production development, and mission readiness demonstrate needs at the macroscopic 

level. Negative consequences of single agent focused DDM are shown through the carrying 

consequences of vehicle damage, additional costs, loss of technical intelligence, up to loss 

of life  [6], while multi-agent scenarios with supply chain issues [7], unexpected production 

shortages [8], are usually tracked or identified retroactively. Outside of aerospace, similar 

scenarios exist for both single and multi-agent DDM; navigation and orientation needs 

exist with other transportation platforms for single agent DDM, while city planning, 

manufacturing assembly lines, traffic control, battle management, etc. are examples of 

multi-agent DDM.  

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

DDM approaches and aspects. Furthermore, the context of aerospace for single and multi-

agent DDM identifies the use of the OODA loop for internal navigation and squadron 

commands as a prime opportunity for research.  

The challenge with current methods for DDM is a combination of making decisions 

under uncertainty whilst also tracking the variety of evaluating potential decisions/actions  
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[9]. When considering the decision made and compounding uncertainty from evaluating 

future consequences for all potential actions, humans can feel overwhelmed. To reduce the 

complexity in making a correct or reasonable decision, experiential biases (i.e., training, 

knowledge, experience) influence decision making. Furthermore, the overwhelming 

information can lead to decision-making delays in critical moments [10]. Additionally, 

decision quality and accountability are limited. Decision-making tends to be reactive, e.g., 

through listening to communications, tracking changes in state, or a debrief meeting after 

the whole operation occurs [11]. The uncertainty in evaluating the best future action is 

further impacted when considering that the information used to make decision is typically 

an aggregate of multiple sources as opposed to individual ones.  The aggregation of 

information is beneficial for understanding trends, but inherently eliminates individual, 

unique aspects [12], which can lead to negative impacts up to loss of life due to differing 

behaviour [6]. As a result, the goal of the proposed research is as follows: 

Research Goal: 

Define and implement an approach to improve multi-agent DDM that 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 Approaches to evaluate DDM methodologies 
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DDM methods vary, but all rely on similar actions and reactions from the 

environment and situation. The environment, situations, and interactions between the 

agents and environment are compiled into what is called a mission scenario [13]. Mission 

scenarios have desired outcomes over a series of tasks with various levels of complexity. 

The similar outputs of actions into a mission scenario enables the evaluation of various 

DDM methods through dynamic timesteps. The attributes of evaluation (resolution, can be 

compared through maturity of knowledge contribution (claimed impact in scope of 

application), complexity of experiment (i.e., number of agents, degrees of freedom, etc.), 

and the total fidelity of the experiment [14]. Together, they generate a three-dimensional 

experiment solution space, as shown in Figure 1. In addition to the scale, there are practical 

aspects (e.g., cost versus realism, accessibility, and convenience versus scenario 

abstraction) that come into play, as shown in Figure 2. From Taylorôs assessment, different 

DDM approaches can be evaluated through the modelling and simulation of real-world 

environments [15].  To determine the relevant scale and approach for evaluating an 

improved DDM methodology, additional context can be applied. The context can be 

derived from current methods applied by governing organizations. The Department of 

Defense, an organization that actively applies multi-agent DDM, states that the rise of 

digital engineering is changing their utility by ñus[ing] models to support engineering 

activities and decision making across the lifecycle.ò [16]. In other words, modelling and 

simulation is an accepted approach to evaluating DDM methodologies.  
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Figure 1: Experimental Modeling Space [14] 

 

 

Figure 2: Aspects related to testing scope and practicality [15] 

1.1.4 DDM Desired Capabilities 

To identify potential opportunities to improve decision-making, the definition needs 

to be converted to specific characteristics. In taking the definition from Edwards [1], the 

interpretation becomes the following:  

1) Need/ability to get real time knowledge about the state and behavior of the agent, 
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2) Need/ability to obtain real time history of Agentôs state and past decisions made, 

3) Need/ability to capture change in asset behaviour as the environment changes, in 

real time 

4) Evaluate outcomes for achieving overall goal for multiple agents.  

The final item ensures that the capabilities assessed can scale with multiple agents. 

With the criteria for improvement defined, DDM opportunities can be researched and 

evaluated. 

 

1.2 Dynamic Decision-Making Improvement Opportunities 

With a series of criteria identified for improving DDM, alternatives need to be 

researched and evaluated. Additional factors to consider include uncertainty quantification 

and evaluation of alternatives in making decisions. 

1.2.1 DDM Improvement Opportunities Considered 

Four options were identified for further evaluation in improving DDM for multiple 

agents. The following section will evaluate them in further detail. Opportunities considered 

include improvements from single agent activities. Since single agents demonstrated 

improvements in DDM, their concepts can be considered when scaling up to a multi-agent 

context.  Four considerations were investigated: Duplicate Physical Twin, Active 

Engineering Support, Digital Twins, and Brute Force Testing.  
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1.2.1.1 Duplicate Physical Twin 

One approach often used to improve knowledge in decision making for an asset is 

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 field. An example is with NASAôs OPTIMISM, the duplicate physical 

twin, which is used to evaluate alternatives directly for the Martian based counterpart. [17] 

1.2.1.2 Active Engineering Support 

Evaluating the future performance of a vehicle based on knowledge and uncertainty 

at any given time can be done through active engineering. Active engineering can take on 

roles such as a C-130 flight engineer [18], crewmember in Apollo [19], or through 

engineering offices dynamically supporting from a ground control center [20]. Apollo 13, 

as an example, developed, evaluated, and assessed alternative orbital maneuvers while the 

command moduleôs systems were inoperable and life support systems were circumvented 

[19]. While not directly onboard the vehicle, the trained crew in Houston via radio 

communications enabled knowledge to be shared for decisions to be made by the onboard 

crew.  Keep in mind that Apollo 13, in addition to the three crewmembers, had 30 

controllers and duplicate personnel in separate ground control rooms monitoring vehicle 

sensor data, repeating calculations, and evaluating decisions before actions could be made 

[20].  
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1.2.1.3 Digital Twin 

With the advent of concepts such as the internet-of-things, sensor fusion, and 

machine learning, the concept called the Digital Twin is defined as a ñdigital representation 

of a connected physical system.ò [21]. Using onboard sensors, engineering models can be 

dynamically updated to inform about the vehiclesô current and future performance. The 

digital twin can be applied to any object and scale whether it be a single simple part or a 

complex system like an aircraft. Digital twin leverage software and computing in its virtual 

recreation. The technology enables replication and modification such that similar 

characteristics can be applied to similar vehicles with their unique attributes.   

1.2.1.4 Brute Force Testing 

Sometimes the best approach to predict the future is to test every outcome such that 

the future is known. The term used, Brute Force Testing, combines physical testing to 

perform activities with an entire test fleet to assess outcomes including destructive testing. 

While not realistic nor practical, its inclusion describes a worst-case option for evaluating 

the better opportunities. Brute force testing requires several duplicate physical twins to test 

outcomes for the single vehicle. The physical testing of duplicates enables success of the 

single vehicle at the cost of sacrificing of the rest of the fleet as well as the cost and time 

[22].  

1.2.2 Evaluation of Options 

With a brief description of each opportunity, evaluation can occur. Recall the 

desired criteria mentioned earlier, each need of DDM can be decomposed further for 
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specific aspects for evaluation. Decomposing the needs into aspects enables a logical 

evaluation of the various DDM improvement opportunities investigated. The decomposed 

requirements are described in the next few sentences using the basis of the OODA loop. 

First comes observation with obtaining the real time state and behaviour of the agent in 

both the sense of decision speed and context informing the potential actions. Second, the 

ease in accessing past historical data as to understand how the agent ended up in their 

situation. Together, the two requirements of obtaining real time state, behaviour, and 

context in addition to easily accessing history generate the criteria of updating the vehicleôs 

current state and how the current state came to being. In addition, the ability can be 

expanded beyond the vehicle alone and into the vehicleôs understanding of its surrounding 

environment. The knowledge can be provided from other means (i.e., weather reports for 

pilots [10]). Orientation comes next, where observations are collected for understanding 

potential alternative actions. Methods of evaluating alternative actions requires some 

method of identifying and quantifying the uncertainty in predicting future consequences 

for decision alternatives. Selecting the specific decision and then acting on it are not 

evaluated since they are processes that are tied more to the agent specifics and not through 

DDM. The final requirement of evaluating multi-agent DDM needs to factor in a 

categorical aspect of scalability. Scaling is a function of adaptability and cost, where cost 

considers the overall impact related to materiel (staffing, computing resources, etc.) in 

relation to number of agents. From identified requirements, a review of each investigated 

alternative occurs.  

Physical testing enables single conditions with deterministic outcomes and lacks 

the ability to assess more destructive outcomes since there are negative impacts that come 



 10 

from losing the testbed. When considering the concept of brute force testing all phenomena, 

the number of duplicate twins per agent increases exponentially with the extreme cases 

(potentially destructive) and fleet size making it impractical.  Active engineering support 

is achieved through roles such as flight engineers and ground control for single vehicles 

(like C-130 and the Apollo Command Module [19]), but the cost of scaling for an 

increasing number of agents is problematic. Considering Apollo as an example, the ground 

control system was relatively cheap for a single mission but required 30+ personnel per 

mission with a single vehicle. When increasing the number of agents, the costs in labour 

and infrastructure for training and information collection, increase exponentially. In 

addition, active engineering support is still a human-centric activity, and as a result presents 

the risk of humans becoming overwhelmed with uncertainties for multiple agents and 

influenced by experiential biases. Figure 3 illustrates how DDM methods compare against 

one another. In particular, the evaluation highlights the potential of digital twins in 

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

 

As a result, the research objective can be defined and provides scope to the research 

process. 

Research Objective: 

Evaluate an approach to improve multi-agent DDM by infusing Digital Twins 

 The objective of infusing digital twins leads to the first motivating research 

question: 

 

Motivating  Research Question: 
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How does a Digital Twin infused DDM process compare to existing ñTwinlessò methods 

for multiple agents? 

 

To compare the DDM methods within an academic setting, virtual testing will be 

applied to evaluate decision making. The virtual testing provides a simple integration for 

evaluating digital twins. The complexities arise from the digital twin challenges and their 

integration for a holistic assessment.  

 

1.2.3 Challenges of Integrating Digital Twins in Decision Making  

To truly assess the benefits of Digital Twins for DDM, one needs to take into 

consideration some of the challenges associated with their infusion. These challenges are 

better understood when defined in relation with AIAAôs definition of the Digital Twin [21]. 

The first aspect of the definition is that ñ[the Digital Twin] is a set virtual information 

constructsò, meaning computers are used. With computers, the physical aspects related to 

the size, weight, power, and cooling impact how close the digital twin can be to the physical 

twin [9]. Next, ñ[the Digital Twin] mimics the structure, context, and behaviour of an 

individual/unique physical assetò is related to how closely the physical asset is mimicked, 

also known as the fidelity of the Digital Twin [23]. When evaluating the aspects of dynamic 

updates, there is a scale of time that is included. The delay between the time the need to act 

is identified and the time such action is taken impacts the overall performance of individual 

agents [24]. In addition, the virtual construct integrates the software aspect of runtime as a 
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method of evaluating the speed of evaluating actions [23]. The delay between the action 

being declared and the action occurring can be tracked as latency. Finally, the approach to 

logging the decisions made and their justification influences the digital twinôs utility in 

multi-agent DDM. With the identified challenges of digital twin infusions, the following 

overarching research questions are formed.   

Overarching Research Question #1: 

How can Digital Twins be infused into dynamic decision making? 

 

Overarching Research Question #2: 

How do the following attributes - latency, Digital Twin runtime, Digital Twin fidelity, and 

Digital Twin proximity impact mission performance in DDM? 

 

1.3 Formulating Questions 

The overarching research questions provide the necessary context to formulate 

questions to guide the literature review. These questions are enunciated below.  To fully 

address the above research questions, the literature review and associated formulating 

questions are divided into Digital Twins and DDM.  The following chapter discusses and 

evaluates the digital twin state of the art, methods of modelling decision making, and 

potential opportunities for their integration while compared to twin-less DDM.  

Formulation Question 1: 
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Which of the following attributes, latency, runtime, fidelity, and proximity, have been 

explored in Digital Twin research? 

 

Formulation Question 2: 

What decision making architectures can be applied for multi-agent DDM? 

 

Formulation Question 3: 

What decision making architecture can infuse digital twin and enable a comparison with 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 making. By conducting a thorough literature review, the 

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

2.1 Digital Twi n 

2.1.1 State Of The Art 

 The term digital twin first appeared in 1997 [25] summarizing the concepts of 

unique products characterized with information constructs and dynamic mirroring of the 

physical world. Figure 4 illustrates the connection between the physical space and virtual 

space. Since then, the field has grown with the number of publications mentioning the term 

increasing exponentially in recent years. There are several avenues of research within the 

growing field of digital twin development. To identify the relevant attributes within the 

research and their combinations, Table 1 was built and used.  

 

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

 

Some of the research related to digital twins demonstrates the value for single 

agents. Research by Karve et. al demonstrates the value of a digital twin by assessing the 

damage over time compared to an average as-designed model [27]. While demonstrating 

the value, the scope is tied more to a planning domain of use by demonstrating the ability 

to recalibrate and reduce predictive error across the lifecycle as seen in Figure 5. No 

information with regards to fidelity, runtime, latency, or number of agents variance is 

evaluated other than demonstrating value. Similar studies exist that demonstrate the value 

of a digital twin capturing similar behavior of the unique physical twin through laboratory 

experiments, albeit on a single system and not evaluating sensitivities [28].  

 

Figure 5: Crack growth in a mission profile for a digital and physical twin [27] 
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There are explorations into aspects of planning, from sensor placement [29] to 

active replanning of flight routes based on digital twin state [30]. The utility of the twin 

depends on the data available and scope of use. Dynamic replanning in the sense of 

changing flight routes leads to improved flight performance in the middle of the mission 

based on the knowledge gained from the Digital Twin. In addition, there are also predicted 

dynamic plans made when a vehicle lands and is inspected, impacting the next mission 

[31]. Dynamic replanning of a mission prior to execution enables improved agent 

performance. Meanwhile real-time dynamic replanning enables improved resilience in the 

mission rather than reacting after a fault occurs. The challenge with dynamic replanning is 

in ensuring that enough predictive knowledge is known ahead of the decision such that 

alternatives can be assessed prior to the next immediate action being taken.  

 

2.1.2 Digital Twin Research Summarization & Gap Identification 

 Altogether, the research in Digital Twins demonstrate the growing capabilities of 

the concept. The matrix shown in Table 2 summarizes the research areas explored in the 

current literature (in isolation or combined). For simplicity, Dynamic mission planner and 

dynamic route planner fall under the same category of ñDynamic Replanningò. I t can be 

observed that the connectivity aspects of a Digital Twin have not been explored in the 

current literature.  
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Table 2: Compiled research areas 

 

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 System level of context is lacking.  

 

Gap 2: 

Applications of Digital Twins with regards to proximity, latency, and runtime have not 

been investigated 

 

Gap 3: 

Evaluation of Fidelity Digital Twins in Dynamic Planning is lacking 
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2.1.2.1 Digital Twin Gaps beyond the scope of this paper 

One unexplored aspect in research on digital twins is developing methods to enable 

dynamic comparison between twin instances over the lifecycle of the physical vehicle. This 

problem is beyond the scope of the proposed research 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 beyond their scope. 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 #3 together demonstrate a need to evaluate the proximity, latency, runtime, 

and fidelity of a Digital Twin within a dynamic planning domain. Since there is no research 

available, the next approach to evaluating their impact is understanding their attributes such 

that modelling can occur. Since modelling and simulation can be leveraged, there is 

knowledge that can be applied from a software modelling and performance perspective. 

There is a trend to couple fidelity and runtime together since the fidelity implies problem 

complexity and can impact the runtime required for the process to be solved [23]. Similarly, 

latency and proximity can be conceptually coupled together since latency is related to a 

time delay and proximity impacts the total travel distance required for information to travel. 

Research in the latter will include their interaction as part of the characterization for single 

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

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

 

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 tracked. Within the context of characterizing the impact, assuming a 

single computer configuration for the study enables the instructions per second to be a 

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

 Fidelity is kept to a qualitative level since quantitative metrics have no overall 

common standard. The challenge with fidelity is that it can be context dependent, where 

one ñhighò fidelity model can be seen as low depending on the mission scenario [32]. Even 

though the mission context can drive the desired level of fidelity, Adam Coxô work 

demonstrates that fidelity can be evaluated as a statistical distribution [32]. The use of 

statistical distributions provides a level of confidence when evaluating alternatives. With 

the use of the distribution for fidelity, the specific parameters(s) needed to define the 

distribution needs to be characterized. Gaussian distributions are defined by two 

parameters: mean and standard deviation. Since mean can vary with the response, it 

provides a position, but not a sense of what defines fidelity. With confidence levels, also 
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known as intervals, in a gaussian distribution, the aspect of standard deviation can be 

leveraged. The guidance on the relevant number of standard deviations is that higher is 

better, with the lowest acceptable being one to two standard deviations [33]. The 

observation has been demonstrated as a reasonable approach with multiple fidelity 

engineering studies [34].   

2.1.5 Proximity & Latency 

 To evaluate proximity, there needs to be a sense of impact between the distance and 

value of a digital twin. When considering the digital battlespace, wireless communication 

methods need to be included [16]. While there are various communication methods that 

exist in the joint domain [35], the time delays due to distance arise even though radio 

signals travel near the speed of light. The distances, albeit short regarding a cosmic scale, 

are still measurable and can impact metrics such as signal quality. Multiple communication 

methods are investigating approaches to low latency while advertising current methods as 

low latency as well [36]. Within the context of the questions explored in this research, 

studies investigating impacts to UAV datalinks over distance still observe increased time 

delays and negative impacts to quality [37]. In short, there is an inverse correlation between 

proximity and latency. When considering proximity, the physical dimensions of the 

computing hardware required for a digital twin come into consideration. Computing 

resources for the digital twin could vary between a small chipset to a supercomputing 

complex [38]. Since there is no single twin computing architecture, the physical size is tied 

to the independent variable of proximity. With the observation that time delays can be used 

to approximate proximity, latency can be explored. 

 Latency is observed as time delays on signals or actions made. While the goal is to 

characterize the impact for multiple agents in a dynamic decision-making context, single 

agent evaluation in literature can be used to identify and establish knowledge. The 
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experiments evaluating latency and decision making include human-in-the-loop testing. A 

study published in March 2021 observed negative mission performance impacts when 

increasing latency, as shown in Figure 6 [39]. In addition, pilot testimonials observed 

maximum observed latencies for MQ-9 ñReapersò on the order of 2.5s from a pilot 

command to the vehicle responding. The challenge in the study is that the experiments 

were performed at two speed conditions with same maximum latency of 2.0s. The 

observation from the study is that the aspect considered latency includes the processing 

time of every element (software, communication, etc.). When investigating lower speeds 

for evaluating levels of acceptable limits, studies were performed on a relatively slower 

speed UAV control [40]. While the slower speed demonstrated a less significant sensitivity 

to latency, an impact is nevertheless observed. The challenge consists in being able to 

identify acceptable levels of latency as a function of decision-making urgency. This is a 

complex problem to solve due to the broad ranges of vehicle speed, values of latency, and 

the specific scenario that identifies the relevant urgency. Addressing this research gap 

however is beyond the scope of this effort.  

 

Figure 6: Latency versus mission effectiveness for a single agent [39] 
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With a review of relevant digital twin research, the next sections focus on a short 

review of the state of the art on the topic of dynamic decision making. The review 

eventually culminates in 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 vast. In the 60 years since Edwards 

established the definition, numerous research efforts have focused on the development and 

evaluation of methods as well as the exploration of various decision-making architectures 

[1]. The goal within the present literature review is to understand potential approaches that 

could be relevant for the scenario used to evaluate the formulating questions below.  

Formulating Question 2.1: 

What dynamic decision making methods can be used to evaluate the potential value of 

Digital Twins? 

 

2.2.1 State of the Art 

 Dynamic decision making is a subset of decision making, that involves a sense of 

urgency in conjunction with evaluating the alternatives. With awareness of the need for 

structured decision making, a survey of structures is necessary. 

 The first critical factors in decision making are tied to the type of decisions to be 

made, whether it is unstructured, semi-structured, or fully structured. Each provide benefits 

and drawbacks, but all have the potential to provide value in decision making. Unstructured 

decision making is based on the approach that no answer is approached the same way every 
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time and is always considered ñad-hoc.ò The benefit of not having a structure is that it can 

adapt to different situations, biases, and criteria; and with the drawback of inconsistency, 

inability to predict actions, and a potential lack of confidence in trusting decisions chosen 

[41]. From evaluating a semi-structured or fully structured decision-making process, the 

inclusion of a structure provides more understanding for how a decision is reached. The 

difference between a semi- and fully structured process is in the rigidity and definition of 

the decision-making process. The semi-rigid approach allows for certain aspects to be fully 

structured, while potential approaches and evaluations of future actions are left ad hoc. 

When considering the use of digital engineering, a form of structured decision-making will 

be required to evaluate the decisions made and ensure a process occurs that demonstrates 

consistent resulting actions. With the focus toward a fully structured decision-making 

process identified, an evaluation of relevant structures is presented below.  

 There are several decision-making structures developed and their uses depend on 

the problem. The overview provided by the National Institute of Health, while outside the 

domain of aerospace, provides relevant context to the domain of decision making and 

applicable problems that can be solved [42]. Two structures considered are the decision 

tree and the Markov chain model. The decision tree provides an outline to evaluate the risk 

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 occur, either 

deterministically or probabilistically [43]. The drawback with the tree structure is that the 

time horizon must be short for the options to be evaluated [42]. When considering dynamic 

health states over time, a Markov chain can be applied, including dynamic states with 

feedback loops. The benefit of the feedback loop is that uncertainty of the predicted data 

can assessed and reduced over time for the same state, based on the assumption it is a 

closed loop process.  
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 There are two types of decision outcome alternatives that can be evaluated with 

regards to their information or state, deterministic and probabilistic. Both are relevant and 

useful in different domains in evaluating alternatives. The deterministic evaluation of 

decision alternatives represents the traditional approach, as seen in the OODA loop or in 

the FAAôs mandate for ñaviate navigate communicateò in operations [10]. The explicit  

state transitions between activities are beneficial for training, application, and 

computational modeling. While benefits occur with simplicity, deterministic information 

assumes that all data is known before decisions alternatives are evaluated. In scenarios 

where there is little uncertainty in the information, deterministic decision making can be 

used well. When considering the domain of operations with vehicles, probabilistic methods 

allow for the infusion of uncertainty in current and future information when evaluating 

decision alternatives. The challenge with probabilistic methods lay in the increase in state 

data and the difficulty that decision makers may have in making sense of the impact that 

uncertainty may have. As a result, to ensure that a probabilistic decision can be made, the 

uncertainty needs to be quantified prior to the decision-making structureôs implementation. 

 A potential approach that enables a method to evaluate consequences of decisions 

is through Probabilistic Graphical Modeling (PGM) with a focus on Bayesian inferencing. 

PGM leverages predictive probabilistic modeling, where the error propagates through the 

decision-making process as part of the uncertainty within an open loop problem comparing 

objectives, prioritizations, and state information [44]. The infusion of predictive 

probabilistic information through models enables decisions with quantifiable levels of 

confidence. To dynamically update the probabilities based on the information available, 

Bayesian statistics are used. The concept of Bayesian statistics leverages observed data to 

update the probabilistic distribution prior to any analysis made. If a change is observed that 

deviates from the current distribution, the Bayesian model enables dynamic updates to a 

new distribution that is then used in the next decision-making iteration. In evaluating PGM, 
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research done by Michael Kapteyn demonstrated its use as part of a Digital Twin for 

dynamic decision making on a single agent. This is conceptualized in Figure 7 [30].  

 

Figure 7: Digital Twin Infused Dynamic Decision Making for a single agent [30] 

 

2.2.2 Challenges with integrating Dynamic Decision Making in Digital Twins 

 With the knowledge of dynamic decision making and the context of digital twins 

presented, there are factors that need to be considered in identifying a potential approach 

to integrate the two together. The first factor is that digital twins are virtual constructs, 

meaning that a structured decision-making process must be employed. In addition, since 

digital twins fuse sensor data together with uncertainty (sensor noise), there is uncertainty 

in the decisions made. The uncertainty in decision making identifies that probabilistic 

modeling is the only suitable option without losing knowledge in decision making. Finally, 

dynamic decision making reacts and adapts to unexpected circumstances, which means a 

closed loop system is not feasible for evaluating alternatives. There is a need to combine 

decision making structures with probabilistic attributes.  
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2.3 Summary of Gaps 

 Altogether, the literature review identified opportunities for research to be 

conducted to investigate the capabilities and challenges with digital twin dynamic decision 

making at the system-of-system level. The decision-making structures identified can scale 

to the system-of-system level easily but lack any specificity as to integration of digital 

twins. Combining the formulating questions requires a decision-making structure that 

enables comparing twinned and twinless methods in the same virtual environment. Since 

digital twins are inherently probabilistic, the decision-making structure will need to 

function with probabilistic information. Considering the 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 evaluated as part of this research.   
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PROBLEM FORMULATION  

3.1 Research Questions and Hypothesis Development 

The overarching question formulated earlier in this document was related to 

evaluating the impacts of Digital Twins in the context of multi agent dynamic decision 

making. The question can be further decomposed into more specific/targeted research 

questions to guide the research further. These research questions, and their associated 

hypotheses, are presented in the sections below.  

3.1.1 Research Question 1 ï Digital Twin Fidelity and Runtime 

With the gap identified for fidelity and runtime at the system of system level, 

Formulating Question 1.1 investigated the phenomena characterization at the single agent 

domain. The gap generates the following research question.  

Research Question 1: 

How is the impact of fidelity and runtime characterized in a multi-agent DDM scenario? 

 

The review of the literature led to the following observations. 

Research Finding 1.1: 

Fidelities can be compared by evaluating probabilistic distributions of responses. Error is 

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

Fidelity can be evaluated probabilistically with ů bounds for comparison 

 

Research Finding 1.3: 

Runtime can be evaluated as a time delay 

 

3.1.2 Hypothesis 1 Formulation 

Being able to characterize fidelity and runtime allows for the evaluation of 

decision-making methodologies. As a result, the hypothesis to Research Question 1 can be 

formulated as follows:  

Hypothesis 1: 

If fidelity is evaluated as ů bounds on a probabilistic distribution and runtime is evaluated 

as a time delay, then their impact on decision quality and decision speed, respectively, in a 

multi-agent DDM scenario, can be assessed  

To evaluate this hypothesis an experiment which allows for the variation of fidelity 

and runtime within a dynamic decision-making architecture needs to be formulated. Such 

formulation is provided in the next chapter.  
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3.1.3 Research Question 2 ï Latency and Runtime 

 The aspects of latency and runtime required their own investigation as well within 

the aspects of the single agent research based on the gaps identified from the Digital Twin 

research. The research question is generated as follows. 

Research Question 2: 

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

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

observations were made. 

Research Finding 2.1: 

Observed ñLatencyò includes Runtime 

 

Research Finding 2.2: 

Proximity is inversely correlated to latency 

 

3.1.4 Hypothesis 2 Formulation 

Finding 2.1 is similar to Finding 1.3 and as a result can be combined into a single variable 

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 made, then 

their impact on decision speed for a multi-agent DDM scenario can be assessed 

 

3.1.5 Research Question 3 ï Approach for DDM 

 With the challenges of digital twins identified and characterized, the development 

of an approach for dynamic decision making is developed. Both research areas were 

performed in parallel with the overarching research question combining them. With 

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

 

Research Question 3: 

What type of decision-making techniques could be integrated with a Digital Twin to make 

decisions in a multi-agent probabilistic environment? 

 Addressing this research questions requires to consider decision-making types, 

structures, and future state evaluations. 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 structures are required for Multi-Agent DDM 

with or without Digital Twins 

 

Research Finding 3.3: 

Probabilistic Graphical Modeling using Bayesian Inferencing enables single agent Digital 

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 3 Formulation ï DDM Process 

 The process of Probabilistic Graphical Modeling was demonstrated in the single 

agent domain with digital twins and is identified for further evaluation in a multi-agent 

context. The path forward in experimentation consists in integrating the PGM process into 

the DDM architecture. 

Hypothesis 3: 

If probabilistic graphical modeling with Bayesian Inference is implemented on the Digital 

twin, then decisions in a multi-agent probabilistic environment can be made 
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3.1.7 Hypothesis 4 Formulation ï 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 structure for 

dynamic environments with decision trees, then potential outcomes can be evaluated for 

Dynamic Decision Making.  

 

With hypotheses defined, the steps towards developing experiments to test them occurs.  

 

3.2 Goals within the Experiment Development 

The conceptualization of experiments is beneficial to provide context for how to test 

and evaluate the challenges prior to developing the work. The development of the 

experiments is done in a crawl-walk-run approach in a process described in U.S. Army 

practices [45]. The first step is to ensure that fidelity, runtime, proximity, and latency can 

be varied in a test environment for a single agent in a DDM scenario. The second step 

consists in evaluating the impact on performance of fidelity, runtime, proximity, and 

latency in the single agent scenario. Once the impacts for a single-agent scenario are 

quantified, the process is scaled to the multi-agent domain for further evaluation. Finally, 

to determine the potential value of the experiment, an infusion of a twinless decision-

making methodology is tested using the same scenario as a means to compare a twinless 

and digital twin enabled decision-making process for multiple agents. 



 34 

 The experimental conceptualization identifies that a decision-making process is 

needed first prior to the digital twin selection, scenario development, and experiment 

execution.  

 

3.3 Decision-Making Architecture  

With hypotheses identified, a decision-making methodology needs to be explored 

before developing the experiments. The scenario explored for multi-agent DDM is defined 

to evaluate the capability within a specific domain with the decision-making process being 

abstract enough to be applicable and adaptable. The first step is to understand the 

interaction between the physical and decision-making 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 approach in Figure 8 

shows the separation of the physical and mental/digital worlds, with the bridge between 

them being related to actions taken and sensors observing the new actions in addition to 

the environment. The fundamental architecture enables an approach that can build in 

complexity and can apply to both the twinless mental and digital twin-infused approaches. 

Once the interfaces are identified, the decision evaluation process can be assessed further. 

As the experiment is developed, the data used in evaluating decision alternatives and 

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

 

3.3.1 Baseline Decision Making 

The traditional approach provides definition 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 explicit decision-making approach since it is still tied to a mental 

decision based on the aggregate characteristics of the vehicle. The architecture illustrates 

interfaces for how the decision is reached and the historical decision log even though they 

are not necessarily utilized. While Figure 9 captures the physical to mental bridge, Figure 

10 illustrates how each decision maker issues commands for their own agent whilst 

interacting with the aggregate level information shared across all N agents.  
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Figure 9: Baseline Twinless Decision Making Methodology 

- Physical/Mental Interface 

 

 

Figure 10: Baseline Twinless Decision Making Methodology 

- Decision Making Interface 

 

3.3.2 Digital Twin-Enabled Decision Making 

The approach to improving decision-making with the digital twin can follow the 

same process as the one highlighted for the baseline. A factor to consider is that a vehicle 

can still perform activities without decision making involved. When including the Digital 

Twin in the decision-making loop, the mission evaluator needs to transition into a more 

structured digital evaluation. Digital twins can provide information at both the individual 
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and aggregate level. The approach shown in Figure 11 illustrates the infusion alongside the 

ability to evaluate the potential impacts of decisions made dynamically. While the 

methodology illustrated is like twinless in the previous section, the mission evaluator is 

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

 

Figure 11: Digital Twin Infused DDM methodology 

- Physical/Digital Interface 

 

 In connecting the Digital Twin to the decision-making environment, the first 

ideation would be through the digital twin informing the decision maker. Figure 12 

illustrates the connection but lacks the multi-agent coordination desired. With the context 

of mission needs, the DDM methodology can be combined at scale for a Digital Twin 

Infused MADDM methodology.  
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Figure 12: Digital Twin Infused DD M methodology 

- Decision Making Interface (initial)  

 

3.3.3 Digital Twin Infused Mission Evaluator 

The mission evaluator represents the source where decisions are made based on the 

information available and the urgency with which the decision must be enacted. The state 

diagram in Figure 13 enables the visualization of the flow of information across the 

different steps in the decision-making process. Although the digital twin provides 

predictive capabilities for DDM, there is no specific definition on how far into the future 

the predictions must occur. To provide some sense of limit, the inclusion of an urgency 

indicator on the decision prevents the digital twin for predicting state information that 

would be outdated based on newer state information. The identification of the Digital Twin 

integration challenges in the methodology demonstrates the potential for evaluating them. 

Since Digital Twins can dynamically recalibrate, the recalibration subroutine is essential 

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

 

3.3.4 Digital Twin Infused Multi-Agent Dynamic Decision-Making Methodology 

The previous sections conceptually defined the mission evaluation process and the 

digital/physical interfaces. The aspects can be merged into Figure 15 to show how the 

multi-agent decision maker interfaces with each physical agent and corresponding their 

digital twin. A final revision needs to be made to ensure mission performance is evaluated 

as a function of the factors of interest, e.g., latency, fidelity, etc. The added process loop in 

Figure 16 for each agent captures the aspect of independent decision making at individual 

agent level and performance, while the multi agent perspective can focus on the overall 

mission. The experiments presented in the next chapter leverage the Digital Twin Infused 

MADDM methodology.  
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Figure 14: Digital Twin Infused DDM methodology 

- Multi Agent Decision Making Interface 

 

 

Figure 15: Digital Twin Infused MA DDM methodology 
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EXPERIMENT DEVELOPMENT  

Upon the formulation of decision-making structures to be evaluated, the process of 

evaluating the hypothesis occurs through conducting experiments. This chapter 

encompasses the following: development of the experiments, digital twin selection for use 

in said experiments, the scenario used in them, and the application of the dynamic decision-

making architecture.  

3.4 Experiment Development 

3.4.1 Experiment 1 ï Fidelity, Runtime, Proximity and Latency 

The aspects of fidelity, runtime, proximity, and latency all need to be evaluated and 

traded to characterize their impacts on the ability to make decisions. To that end, a Design 

of experiments (DOE) is used to evaluate the independent impacts and coupled interactions 

between f idelity, runtime, proximity, and latency. From the hypotheses developed, 

proximity, runtime, and latency can be combined into a single time delay value for 

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

quantitative assessment of these impacts for both single and multi-agent scenarios.  

The bounds for the runtime, proximity, and latency time delay are set with the 

maximum bound based on pilot testimony and the minimum is set to zero. When 

considering the bounds for fidelity there is no exact value for defining how much error a 

2ů-3ů on a distribution represents low. As such, the highest fidelity evaluated will be 
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treated as zero error. The lower bound can be extended to assume 100% error as shown in 

Figure 16. An initial DOE is shown in Table 3. As the experiments and scenario are defined 

further, the DOE will be modified prior to final execution.   

 

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

 

Table 3: Conceptual Design of Experiments Bounds for Experiment 1 

  

3.4.2 Experiment 2 ï Multi-Agent Digital Twin Enabled DDM 

In evaluating multi-agent digital twin-enabled dynamic decision-making, the 

decision-making architecture will be tied into a relevant scenario. The scenario requires an 

event where multiple agents are needed to achieve some overall goal and dynamic 

decisions are actively made alongside the evaluation of their sensitivities to fidelity, 
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latency, etc. The experiment scales the DOE into the multi-agent domain while evaluating 

overall multi-agent mission performance to identify which of the attributes of interest 

(fidelity, latency, etc.,) are the most significant and if there are tradeoffs between them.   

3.4.3 Experiment 3 ï Comparison to Existing Methods 

The objective of the final experiment ties to the overarching research goal of 

evaluating the potential benefit of a digital twin-infused multi-agent dynamic decision-

making environment. To provide a comparison for the various digital twins, a twinless 

approach will be used to evaluate decisions at the aggregate level. The updated DOE shown 

in Table 4 adds the trade on digital twin infusion.  

Table 4: Conceptual Design of Experiments Bounds including Experiment 3 

   

3.5 Experiment Enablers 

The implementation of the experiments relies 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 digital twin enabled DDM process, a digital twin is required. The 

factors considered in the selection of a Digital Twin for the purpose of this research include 

its availability, the userôs knowledge of the subject through known measures of interest, 
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relevance to the problem/scenarios of interest, and the ease of integrating it  into the DDM 

architecture. The potential options for Digital Twins and their evaluations, with the highest 

score being selected, is shown in Table 5. The structural Digital Twin was chosen due to 

its availability and known measures of interest from the decision-making perspective of 

reducing airframe damage. In particular, the structural digital twin developed by Michael 

Kapteyn is leveraged [47].   

Table 5: Digital Twin Type Selection 

Twin Type Structure [47] Propulsion [48] 
Mission 

Systems [49] 
Environmental 

Control System [50] 
Flight 

Controls [21] 
Signature [21] 

Ease Of 

Access 
10 6 0 3 5 0 

Measures Of 

Interest 

Known 
7 9 3 7 3 7 

IP/Security 
Risk 

9 5 0 5 3 0 

Ease Of DDM 

Integration 
8 6 1 3 4 0 

Total Score 

(Maximize) 
34 26 4 18 15 7 

 

The structural digital twin created [47] is based on the Senior Telemaster, a remote-

control aircraft that flies at a max speed of ~45 kts while weighing 10 lbs. The digital twin 

uses onboard sensors in conjunction with a calibrated physics-based model to predict future 

performance using probabilistic graphical modeling (PGM). The digital twin provides 

damage state of the airframe and can be used in updating the permissible flight envelope 

to ensure confidence in the vehicle functioning. The digital twin is developed in Python 

using the Robot Operating System 2 (ROS2) and Pomegranate data science packages for 

collecting information and dynamically updating probabilistic states of the vehicle.  
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Figure 17: Development of Telemaster Structural Digital Twin  (Slide 16 [51]) 

 

With the digital twin evaluating structural health, the initial health of the physical 

twin becomes another factor to consider in evaluating the utility of a Digital Twin. In 

addition, with health being a multi-agent factor, there are trades on the variance between 

digital twins and initial health states in the fleet [52]. The comparison of an aggregate vs. 

an individual digital twin needs to be evaluated as well in the DDM impact since there is 

no established conventional digital twin architecture. When considering the initial health 

of the vehicle/agent, the bounds need to be considered for trade space exploration. The 

lower bound is considered fresh from the factory (0%), but the upper takes some 

investigation since manufacturing history is proprietary, nuanced, or not even tracked. An 

educated assumption can be used to evaluate a baseline. The declared annual rates from the 

US Air Forceôs F16 fleet is an annual flying rate of 250 hours and an airframe life of 8000 

hours [53]. Since there is no publicly available method to evaluate age differences between 

squadrons, an assumed 10-year difference will be applied (~30% difference). Table 6 

tabulates the updated design of experiments.  
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Table 6: Updated Design of Experiments 

 

3.5.2 Decision Making Test Environment 

To integrate the digital twin, the decision-making architecture will wrap the digital 

twin as a node for each agent to be called. The goal in the architecture is to allow for 

multiple copies of the digital twin running simultaneously to demonstrate the multi-agent 

decision making on a single type of platform. ROS2 is a language that enables 

communication of information between the digital twin and the test environment. The test 

environment is considered an entity where the agent moves in a virtual space based on 

vehicle and physics-based characteristics. The decision-making process can then be added 

to the same agent in the respective virtual environment. Through ROS2, there is an ability 

to include delays between objects that can be leveraged for evaluating the aspects of 

latency. In addition, the Bayesian statistical measurements can include additional noise 

information prior to decisions being evaluated, enabling an approach to testing the fidelity 

of the digital twin. ROS2 uses a total of four different objects and actions for simulating 

and developing the digital twin: nodes, topics, publishing, and subscribing. Nodes are 

objects (i.e., code) that create information (i.e., data, control inputs, etc.) and can be 

categorized 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 in Figure 18.  

 

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. Logger compiles all the information from 

an assetôs movement/true state, and the digital twinôs assessment of the best action and a 

log of the process made. The asset can be considered the physical twin that publishes 

information for the digital twin. The simulation runs with timesteps, as shown in Figure 

19, where the assetôs flight condition is measured sensor data with simulated noise.  
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Figure 19: Digital Twin  Node State Overview [51] 

 

The read sensor data is fed into the digital twin node. The digital twin node relies 

on a set of scripts located in the digital twin ROS2 node, which contains the probabilistic 

graphical modeling (graphicalmodel.py) and the flight planner (planner.py) [47]. The 

planner uses the probabilistic graphical modelôs Bayesian classification network of the in-

flight sensor data (strain) to assess the damage state of the vehicle. The planner evaluates 

whether the aircraft asset needs to pull a 2g turn instead of a 3g turn when a structural 

health state of 60% is reached. The aircraft continues to make S turns until the damage 

state meets or exceeds 80%. 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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Figure 20: Digital Twin Bayesian Inferencing Methodology [54] 

 

Once the decision-making test environment is established, the scenario can be 

generated.  

 

3.6 Scenario Development 

3.6.1 Description of Scenario 

To test the multi-agent aspects of DDM, the scenario is defined with four aircraft 

in a flight team, where all cooperate to achieve an overall mission objective, in this case, 

the survey of a field. This is illustrated in Figure 21, where each aircraft survey different 

quadrants of a large field. To provide the survey, each aircraft is equipped with an arbitrary 

sensor with a field of view and requires paths to overlap to ensure complete coverage of 
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the area. The metrics to evaluate the mission both at the individual and group levels include 

area surveyed, estimated time to complete the survey, total distance flown, damage state 

and total strain. 

 

Figure 21: Scenario Concept of aircraft surveying a field 

 

To demonstrate the ability to react to environmental impacts within a dynamic 

decision-making context, one of the aircraft (#1 in Figure 21) will have an issue occur that 

reduces the vehicleôs overall performance, but still maintains presence in the mission. The 

rest of the team will need to update their plans accordingly to ensure the overall objective 

is satisfied.  

3.6.2 Context of scenarioôs utility 

Field surveying and crop-dusting missions both follow a similar need of covering 

territory. The scenario where limited vehicles are available for the mission can be tied to 

third world farming development since there is little infrastructure for maintaining large 
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fleets of vehicles. Additionally, the roles of intelligence surveillance and reconnaissance 

(ISR) are relevant with the Defense community when it relates to threat detection and 

tracking. The scenario explored can apply to different types of agents if their digital twins 

are available for integration, such as satellites and ISR platforms.  

3.6.3 Modeling Approach 

With the experiment being performed virtually, information can easily be transferred 

between the digital twin and the simulated physical environment. The physical 

environment is tied to a virtual environment with a vehicle acting as a mover. To that end, 

an aircraft in the environment will be used as the physical agent while a digital twin is used 

for state evaluation, as illustrated in Figure 22. The state information from the mover with 

simulated sensor noise is sent to the digital twin. The phases of the OODA loop are 

implemented within the digital realm (represented by the green section). The observation 

phase (first O of OODA) ties to the sensors reacting to the environment and previous 

actions. Next orientation occurs with the digital twin receiving the sensor data, mission 

data, and developing alternative actions based on the digital twin predictions. Afterwards, 

the decision of the best alternative is evaluated based on the digital twin and then acted 

upon. The action connects the digital twinôs decided commands to the physical twin. The 

refinement of the modeling phase enables an understanding of information flow between 

the digital twin and the dynamic decision-making methodology. With the environment and 

decision-making evaluation method defined, the DDM methodology can be specified. 
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Figure 22: Modeling Environments for Experiment 

 

3.7 Dynamic Decision-Making Methodology 

With the test environment described, the dynamic decision-making methodology can 

be refined to include inputs, outputs, and methods of assessment. In building a decision-

making methodology, one could structure a process from the start (rule-based approach) or 

build an evolutionary approach through applications of machine learning [41]. While 

machine learning has the potential to generate an effective decision-making solution, the 

research is focused on evaluating the digital twinôs value, amongst its inherent challenges, 

in comparison to a twinless approach. The decision to use a structured decision-making 

methodology enables a transparent approach to comparing twin and twinless methods.  

3.7.1.1 Digital State & Mission State 

The first steps in the digital world require the orientation phase of the OODA loop 

for both the vehicles and their mission. The state of each vehicle includes relevant 
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information about the vehicleôs unique attributes (i.e., geometry, history, etc.) that can be 

integrated into the digital twin. Additionally, the mission relevant information of current 

state, status, and estimate of completion for both individual and aggregate are 

communicated in the same phase with the digital twin. The inclusion of mission data 

ensures relevancy to overall mission success 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 be used when 

evaluating alternative outcomes.  

 

3.7.1.1.1  Single Agent Future State Prediction 

To predict the future state of the individual agents, a local digital twin will  run their 

connected physical twin to determine its impact on vehicleôs performance. The next few 

twin timesteps will be evaluated to predict potential impacts to the agent (i.e., increased 

damage state, impact to structure, etc.). From each timestep, assessments are made to 

evaluate whether waypoint adjustments are required to ensure the multi-agent success of 

the mission. The multi-agent coordinator will be alerted when necessary. The digital twin 

is used to evaluate whether the next turn should be a 2g-turn or a 3g-turn based on the 

structural health of the asset. The transition state between 2g and 3g turns for each agent 

needs to be factored into scenario such the mid-mission occurrence emphasizes the 

potential the digital twinôs control over turning and future state prediction.  
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In addition to the waypoint optimization, the remaining route starting from the 

adjusted waypoint will be used to estimate the total structural health upon mission 

completion.  

3.7.1.1.2  Multi -Agent Future State Prediction 

While individual agent decisions can enable independent navigation in the 

experiment, the multi-agent decision making loop is critical to evaluating the value of 

digital twins in the context of overall mission performance. The metric that will be used 

for evaluation is the predicted structural health damage of all the agents in comparison to 

the area mapped. To evaluate the trade between vehicle health and mission performance, 

the scenario will need to emphasize the trade between these attributes. A method identified 

will tie to the waypoint navigation and the total route requiring most of the vehicleôs health. 

3.7.1.2 Multi-Agent Decision Making 

While the individual waypoint navigation ensures the individual short-term 

success, the multi-agent evaluation focuses on complete mission success through the 

aspects of maximizing area covered. With a mission scoped to a small number of objectives 

(minimize total structural damage across the fleet subject to mission and individual 

performance constraints), the decision making can be structured. The objective of the 

multi-agent decision maker will be to balance the structural health across the fleet. With 

the synchronized data coming across the fleet, the decision maker will remove waypoints 

from the most worn-out agent and assign them to the healthy agent.  
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3.7.2 Refinement of Scenario 

With a concept identified, the size of the field needs to be determined to provide a 

relevant size such that having multiple agents is beneficial. In testing the simulation, time 

limitations become a factor. The default propagation settings (ñcustomò) for the digital 

twin simulation take several hours to multiple days to simulate a single agent. Linear 

propagation in nodes/asset.py was used instead to reduce the solve time to ~20 minutes on 

a personal computer. Since the ROS simulation performs alternating S turns and evaluates 

decisions between 2g and 3g turns, the 1g straight line state of information can be 

interpreted as nominal loads on the structure. Considering the decision-making challenges 

posed by latency + runtime, the aircraft may adhere to its preplanned route instead of 

adapting to dynamic mission changes. The adherence could result in a reduction of area 

coverage, reducing mission effectiveness. In evaluating runtime on the default settings of 

the digital twin for a single agent, simulations take anywhere from hours to days. To make 

the experiment feasible for multiple agents (simulation time compounds with multiple 

agents), the simulations are exported via timesteps in the logger output database. The 

factors of varying fidelity of the digital twin can be influenced by changing the noise on 

observed sensor data fed into both UAV.py and the digital twin. The multi-agent decision 

maker evaluates each agent in a structured, synchronized decision-making process, where 

each digital twin decides the next turn. The temporal delay measured for latency will be 

correlated to time steps after the assessment where the twin updates and new actions occur.     
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3.8 Refinement of Models & Experiment 

With a concept identified, the size of the field needs to be determined to provide a 

relevant size such that having multiple agents is beneficial. A square region enables a fair 

balance of areas between sectors, while maintaining simple navigation definitions. A 

benefit of performing single-agent simulations is that they can help verify single factor 

responses are trending as expected before transitioning to the multiple agent domain. 

Additionally, single-agent exploration can serve as a means of estimating runtime of multi-

agent experiments. The default values can then be evaluated to determine a baseline for the 

digital twin and latency prior to variable space exploration.  

 

3.8.1  Digital Twin Simulation 

The Digital Twin functions by measuring the strain from each sensor across the wing and 

uses a reduced order model to evaluate the health of the overall wing. The simulation 

settings use sensors 1, 6, and 16 located as shown on the wing in Figure 23. Strain sensors 

across the wing are then gathered and normalized by the load factor of  either 2g or 3g [54]. 

The measurements are tied to a database of calibrated strain data with simulated sensor 

noise of ±150 microstrain prior to normalization. The normalized strain plots for sensors 

1, 6, and 16 are presented in Figure 24. Sensor noise is fixed to the single value since the 

goal is evaluating the digital twin fidelity.  
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Figure 23: Digital Twin Reduced Order Model Sensor Locations [30] 

 

 

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

 

The solid lines represent the mean strain evaluated with the error cloud being the 

fitting error of each sensor itself. The gauge readings are combined into structural elements 

z1 and z2 to evaluate health. Z1 & Z2 are then plotted in Figure 25 comparing the twinôs 

health vs truth data for the scenario over time.  
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Figure 25: Z1 & Z2 Structural Health  (linear propagation; default settings) 

 

The digital twin then is programmed to turn at 3g until a structural health of 60% 

is reached. The digital twin then switches to 2g turns until the structural health limit of 80% 

is reached, ending the simulation. The reward functions illustrated in Figure 26 are used to 

define the control commanded (green) based on remaining health (blue). The decision error 

is a function of both sensor noise and fit error.  

 

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 a single value, according to equation 1 below. Each variable weight 

estimates the probability of the structural health being one of the discrete health states 

between 0% to 80% in 20% increments.  

ὌὩὥὰὸὬ ὛὸὥὸὩύρȟύςȟύσȟύτȟύυ ϽπϷȟςπϷȟτπϷȟφπϷȟψπϷ ( 1 ) 

The digital twin simulationôs timesteps are tied to damage-steps in the experimental 

scenario since the digital twin simulation experiences constant turns. To determine a 

baseline for evaluating the error of the digital twin, the digital twinôs fitting error is defined 

as a function of the normalized strain data from each of the sensors tracked. The baseline 

is computed by comparing the digital twin fit error to the true strain at 80% damage at 2g 

when the ideal twin 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 used is 125 normalized ɛŮ as self.sigma in 

graphicalmodel.py. Baselining the digital twin fit error provides a comparison that can be 

considered outside the scale of a Telemaster UAV and its strain values. Calculations shown 

in Table 7 determined that the baseline fit  error of the digital twin can be matched to wing 

structure cell 6 (in Figure 23) as 10%.  
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Table 7: Digital Twin Fit Error Baselining  
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Due to its probabilistic construction, having a zero error (perfect fidelity) digital 

twin is impossible without significant modification to the underlying code. Some brief 

testing, as seen in Figure 27 to Figure 29, compares the initial 10% twin error, 0.05% twin 

error, and 0.01% twin error. The goal of a lower fit error (higher fidelity being better), 

0.01% led to some noticeable difference in damage at higher damage states. For the study, 

a minimum error of 0.05% being used as a truth (0% fit error) for comparing various digital 

twin fit errors as a method of evaluating fidelity.  
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Figure 27: Digital Twin  Ideal Fidelity ï 10% Fit Error (default)  

 

 

Figure 28: Digital Twin Ideal Fidelity ï 0.05% Fit Error  
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Figure 29: Digital Twin Ideal Fidelity ï 0.05% Fit Error  

 

3.8.1.2 Digital Twin Variable Fidelity 

After defining the digital twin structure, the use of fit error as the metric for fidelity 

and the minimum fit error possible, the digital twin fidelity bounds can be explored. The 

digital twin simulation damage state over time plots from Figure 31 to Figure 36 enable 

qualitative comparisons of digital twin fit error as the metric for fidelity. Since the twin 

simulations evaluate constant turns, the timestep is treated as a damage stepper instead to 

not confuse mission scenario time with digital twin simulation time steps. As error 

increases, the mean health estimate tends to smooth out to a path that better matches the 

digital twin simulationôs expectations. When error is included, the estimate varies more 

significantly. The area of interest is between damage steps 60 ï 90, when the vehicle 

reaches a high structural damage state. The health estimate (mean + 1 std deviation of error) 

increases as error increases from 0.05% error to 50% for 1ů. Upon exceeding 30% (1ů 
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digital twin fit error, the uncertainty cloud beings to reduce unexpectedly. The expectation 

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

The likely source for the error is due to the error being overridden to another value in the 

pomegranate data module. The objective of implementing wide bounds of fidelity suggests 

exceeding the limits that were anticipated during the digital twinôs construction. While the 

error cloud (the shaded blue area above and below the dark blue line) decreases in Figure 

36, the vacillation between 2g and 3g turns is observed between damage step values of 50 

ï 75 in Figure 30. Since the sensor reading error is kept the same and the twin is built 

around Bayesian inferencing, the error clouds tend to differ minorly. Instead, the health 

assessment will undershoot and then overshoot the truth data even though the error cloud 

differs. In addition, the uncertainty in the health being over 60% damage with higher twin 

error (worse fidelity) leads to wavering in controls, as seen in Figure 30. The truth data is 

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

scenario without any influence of sensor noise.  

 

Figure 30: Comparison of commanded load 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 bridge 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. 

 

  
Figure 31: Digital Twin Sim ï ~0% Twin Error  

 

Figure 32: Digital Twin Sim ï 10% Twin  Error  

 

  
Figure 33: Digital Twin Sim ï 20% Twin  Error  

 

Figure 34: Digital Twin Sim ï 30% Twin  Error  

 

  
Figure 35: Digital Twin Sim ï 40% Twin  Error  

 

Figure 36: Digital Twin Sim ï 50% Twin  Error  
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Figure 37: Digital Twin interface with Mission Simulation  

 

 The digital twin simulations have been defined and are ready for multi-agent 

evaluations. To compare twinless methods in the same simulation environment, a human 

controlled baseline is required. The human controlled baseline is developed and defined in 

the next section  

 

3.8.1.3 Human-Controlled Performance Baseline Model via Digital Twin simulation  

Evaluating the impact of the human controlled performance as a baseline for digital 

twin performance is critical in evaluating the use of such systems in multi agent operations. 

Since no sensors are evaluating the health of the agent mid-mission, the truth state 

information from the digital twin simulation is used to assess vehicle health (zero sensor 

noise) with constant 3g turns. The human baseline MADDM methodology in Figure 38 is 

like Figure 12, but with MADDM interconnecting the single agents for mission 

performance. The human still controls how the agent performs the mission per MADDMôs 

commands.  
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Figure 38: Human Baseline MADDM methodology 

 

 The human-controlled baseline is established in addition to the various digital twin 

fidelity levels at a single agent simulation domain. With the general trends behaving as 

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

 

3.8.2 Configuration of Multi-Agent Scenario  

 With the scenario conceptually defined, the waypoint navigation and mission 

effectiveness modeling need to be defined. The scenario of aerial surveillance has for 

mission objective to maximize map coverage, which requires knowledge about where 

coverage is needed. To keep the scenario as simple as possible, a 2D map and mover will 

be implemented leveraging the Turtle package with python. The field is a square with 

each vehicle starting in a corner as shown in Figure 39 and the equivalent field in Turtle. 
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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 turns given a sensor radius of 26m (~12deg half-angle cone at 400 ft above 

ground). A 1m resolution square grid (300m x 300m) space is overlaid where a binary flag 

(0 or 1) identifies where a sensor covers the field. In addition, pythonôs Turtle package 

provides a visualization that can be used for qualitative checks on the data. The sensor 

radius ensures overlap occurs at 3g turns and emphasizes the tighter turn radii, leading to 

a higher load factor for the mission. With the radii defined, the next step is defining when 

the turn needs to occur. The turn start is defined by waypoints that start 1 radius away from 

the planned quadrant boundary. Since the digital twin simulates constant turns with 100 

explicit time steps and is described with 3x 180° turns (540° total) each damage step is 

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

With the scenario and agent information defined, there are two actions which 

require MADDM, Return To Base (RTB) justification and waypoint navigation. The goal 

of each physical twin is to fly the waypoints, but it does not decide the location of the 

waypoints. The decision-making structure between the agents and MADDM is visualized  

in Figure 40. The role of MADDM in the scenario is to inform the agents when to turn 

based on receiving position information for each vehicle. When perturbations occur where 

MADDM needs to modify waypoints, latency will delay when the vehicle is commanded 

to turn. At maximum latency, MADDMôs waypoint update is unable to reach the agents in 

time to override the baseline mission plan. Networks are designed to minimize latency with 

certain acceptable amounts integrated from the construction. Examples include internet 

networks for performance [55]. Considering the minor degradation observed in pilot 

latency assessments at 250 ms and an upper limit of 2500 ms, these values are considered 

during the evaluation of waypoint modification. When aircraft 1 reacts to the perturbance 

in the scenario, there is an ideal final position where the third waypoint updates. In addition, 

the degradation is modeled as a piecewise linear function with a minor loss (10 m shorter 

than ideal; within sensor coverage) at 250 ms. The waypoint modification is highlighted in 

Figure 41 in addition to the piecewise latency function used.  
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Figure 40: Updated MADDM Architecture 

 

 

Figure 41: Modeling Latency in Experiment 

 

Next the RTB logic can be defined. There are multiple considerations for RTB 

between digital twin-driven and mission-driven. For the mission scenario, the only mission 

driven RTB is based on the whether all waypoints were already traversed.  
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The digital twin provides three states of information to consider for RTB, current 

health future, predicted state, and truth. With the current health assessment being 

probabilistic, the error on current assessment needs to be factored into the RTB assessment. 

Additionally, the error is added on top of the mean value, leading to a conservative estimate 

on current health. The future state is kept as a single mean value due to compounding error 

with each timestep. The RTB policies are defined from the ideal state with 0 latency, 0 

initial damage, and 0% digital twin error damage state while factoring in a couple index 

steps to prevent index overflow errors in the case exploration.   

There are multiple methods of decision-making structures that could be used. 

Central to a rule-based decision-making structure and evaluation of digital twins, the RTB 

decision becomes a significant factor. The agents have two options: to base their RTB 

decision on the onboard available information (agent-RTB) or to follow the instruction of 

a multi-agent commander (MADDM-RTB). Both consider the impact of latency+runtime 

on the decision-making process. The added RTB logic trade becomes another variable to 

consider in the morphological matrix, as shown in Table 8.  

Table 8: Updated DOE with  RTB Logic 

 

The agent logic, shown in Figure 42,  summarizes the interaction between the 

waypoint navigation and the digital twin damage stepping for agent RTB.  
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Figure 42: Agent Logic ï Agent RTB 

 

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

as seen in Figure 43.  
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Figure 43: Agent Logic ï MADDM RTB  

 

To better understand the decision-making processes of all agents, refer to the logic 

flows shown in Figure 44 for Agent RTB and Figure 45 for MADDM RTB. The latency 

impacts to decision making are visually conveyed through the arrows between states and 

actions.  
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Figure 44: Multi -Agent Logic ï Agent RTB 

 



 74 

  

Figure 45: Multi -Agent Logic ï 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 state of the physical twin and the assessed state by 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 decreases as latency 

approaches its extremes based on literature review. A 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 specified (one 180 turn). The piecewise function is visualized in Figure 46 

for awareness. When varying latency alone, it is anticipated that agents will continue to 

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

late.  

 

Figure 46: Latency impact with MADDM  

 

3.8.3.1 Human Baseline MADDM Modification 

To compare the human-driven performance, the only factor that can be considered 

for RTB is the crash end-state. Identifying the crash state is challenging in the absence of 

a digital twin for health evaluation, particularly because the strain onset rate varies after 

the true health state exceeds 60%. Instead, the analysis is performed on the same true 

normalized strain database applied prior to adding noise. In addition, the true normalized 

strain values from digital twin simulations are used with the known health values to enable 

interpolation. Table 9 provides calculations to determine the required strain for the crash 

end state under 3g turns, which is tied to 78.5% true damage (damage step 98 in the 
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simulated 2g state). The values in the table are obtained by linearly interpolating between 

60% true damage and 80% true damage to identify the required strain and extrapolating 

from 60% to determine the damage step at which the crash occurs under constant 3g turns. 

The extrapolation of constant 3g turns leads to about a 20% reduction in airframe life. The 

reduction is expected since 3g stresses an airframe more intensely and increases fatigue 

compared to 2g.   

Table 9: Human Baseline calculations 

Health State 60%  80% 78.50% 

Normalized Strain 13499.3 14338.0 14275.1 

Damage Step 75 ς 79 
    

  Slope Intercept 
 

Strain Estimation from health 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 flight. The assumed fixed value of the human model provides a context 

for comparing overall performance of Digital Twin infusion. The initial damage is fixed to 

zero for all agents to give the humans the best possible outcome for the evaluation.  

 

3.8.4 DOE Used 

With the modeling and decision-making assumptions defined, the number of cases 

and resolution between step sizes could lead to an impractical number of cases to evaluate. 

Testing cases with visualization on leads to ~1.5 min/case. When considering a full 
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factorial combination of 5% intervals of digital twin fit error (11 levels), 5% intervals of 

initial damage state (levels), and six levels of latency, over 1.05*10^14 cases per RTB logic 

exist, which leads to about 6.2 million years to solve each interaction. Instead, a design of 

experiments is used to select critical effects and variable interactions. Due to the limits 

between the digital twin simulation and ROS, the 5% discrete numeric steps are a limit in 

potential options explored. A face centered central composite DOE was used. The DOE 

took 2 subsets of each bound where the midpoint matched with available datasets. As a 

result, approximately 3000 cases are generated for each RTB logic to be used. The 

scatterplot matrix in Figure 47 shows which inputs and combinations are queried in 

addition to evaluating the limitations of the design space. The digital twinôs fit error being 

used as a metric for evaluating fidelity is shortened to twin error for simplicity in the DOE 

and results discussed in the next section. For simplicity in the DOE and the results 

presented in the following section, the digital twin's fit error, used to evaluate fidelity, is 

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 pockets off-diagonal indicating minimal potential aliasing of traded 

variables. The scenario involves multiple agents, with the aim of exploring the multi-level 

interactions between them while assessing the impacts of fidelity, initial damage, and 

latency + runtime. It is expected that there will be potential correlation between agent 

fidelities in the grey regions, due to the multi-agent interactions. Both 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 + 2nd Order In teractions (right)  

 

One final DOE Diagnostic considered is the fractional design space plot. The 

fractional design space plot is a DOE diagnostic that helps ensure a low variance between 

potential outputs and inputs for a multivariable polynomial regression. As seen in Figure 

49, the variance for 50% of the design space is less than 0.5% and ~100% of the design 

space is less than 1%. The half a percent potential prediction variance on area mapped is 

included in the Results section when comparing overall spread of results to evaluate if 

sufficient DOE cases were evaluated.  
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Figure 49: Fractional Design Space Plot 
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RESULTS AND DISCUSSION 

 The series of experiments conducted generate data that can be used to assess the 

hypotheses stated earlier. The 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 information is culminated together such that insight can be drawn. 

 

4.1 Data generated.  

From running the DOE for both RTB studies, results can be evaluated and compared. 

The scatterplot of results for Agent RTB in Figure 50 and the MADDM RTB in Figure 51 

show a range in area mapped of 17.5% and 13.8% respectively. Both ranges being 

significantly greater than the prediction variance of 0.1% can be compared to a signal to 

noise ratio where the ñsignalò is the range of outputs, and the noise is the predicted variance 

from Figure 49. This ratio is greater than 10, which provides a sufficient zeroth order 

qualifier to consider proceeding with processing results to extract insight [56]. 



 82 

 

Figure 50: Output vs Inputs scatterplot ï Agent RTB 

(Mean line in red) 

 

 

 

Figure 51: Output vs Inputs scatterplot ï MADDM RTB  

(Mean line in red)  

 

4.1.1 Human Baseline Data 

With the 3g only turn impact factored into the analysis, the field surveyed is visually 

shown in Figure 52 and covers 84.6% of the total area. Altogether, the final damage states 

are below the 78-stepper limit and are as follows for each aircraft [99, 76, 75, 76]. The 

variable waypoint mission plan was maintained. Table 10 compares full fleet initial damage 

states under 3g only commanded turns. By keeping the variance in initial damage state 

consistent across the entire fleet for later comparison, potential factors beyond the variables 

being traded are minimized from influencing the scenario and their resulting insights. 
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When evaluating twin and twinless DDM in a multi-agent scenario, it is important to 

consider the interactions between agents, but these interactions should not be allowed to 

significantly influence the results. Overall mission performance improves as 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, the increased damage states leading to reduced overall mission 

performance makes logical sense for expected values as there is less available structural 

health to be used up. The significant decrease in mission effectiveness between 20% and 

30% initial health for all tails is noteworthy, as it indicates that the drop in mission 

performance within this range validates the bounds set by the DoE. The analysis comes 

from the scenario itself since the damage occurs during turns when the wings are under g 

load. When a vehicle fails to complete a turn, the following straight section is left 

uncovered and reduces the area covered significantly. Furthermore, the increased damage 

state can prevent vehicles from extending their coverage at the multi-agent level. The 

observation here comes to the result that is inherently tied to the scenario. Changing the 

scenario could lead to inherently different unique factors influencing the result. Moreover, 

altering the scenario may diminish the emphasis of the digital twin trade, highlighting the 

need to evaluate the twin vs twinless trade with a known scenario influence instead. 
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Figure 52: Human Baseline Map 

 

Table 10: Human Baseline Performance Comparison with  

varying fleet damage state 

Initial Damage 
- All Aircraft 

% Mapped - 
Human Controlled 

% Mapped - Human 
Dynamic Waypoint 

0% 84.6% 89.7% 

20% 81.6% 82.1% 

30% 53.2% 53.2% 

 

  With the human baseline multi-agent mission performance generated, the digital 

twin assessment can be evaluated. To assess the various combinations of the digital twinôs 

attributes of fidelity and latency+runtime in a continuous form, surrogate modeling is 

required. The next section discusses the process of surrogate modeling. 
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4.1.2 Surrogate Modelling & Plotting 

Surrogate models are developed to evaluate continuous behavior and variable 

significance. JMP by SAS was used to fit these models. 70% of the 3031 DOE cases were 

used for training, 20% for validation, and 10% withheld for testing. A series of surrogate 

models were explored and their R2 recorded in Table 11 for Agent RTB, and Table 12 for 

MADDM RTB. The objective of the fits is to continuously trade the design variables in 

such a way that sensitivity analysis can be performed. The surrogate fits evaluated are as 

follows: support vector machines, neural networks (tanh nodes), k nearest neighbors, 

generalized regression (lasso), stepwise regression, and least squares. Tree based fits were 

ignored due to their nonlinear behavior. The highest fit is achieved using support vector 

machine in both RTB scenarios.  

 

Table 11: Agent RTB Surrogate Models Explored 

Agent RTB 

Method R-Square Root Average Squared Error (% Map) 

Support Vector Machines 98.2% 0.5% 

Neural Boosted 98.0% 0.5% 

K Nearest Neighbors 94.9% 0.8% 

Generalized Regression Lasso 90.0% 1.2% 

Fit Stepwise 90.0% 1.2% 

Fit Least Squares 90.0% 1.2% 
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Table 12: MADDM RTB Surrogate Models Explored 

MADDM RTB 

Method R-Square Root Average Squared Error (% Map) 

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 Regression Lasso 69.0% 1.7% 

 

The final fits for both types of RTB cases are shown in Table 13. The prediction 

profilers for Agent RTB and MADDM RTB are presented in Figure 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 predictions. The use 

of prediction profilers enables the identification of the input variables that are critical to 

the model, and provides insight into their interaction, facilitating a more comprehensive 

comprehension and interpretation of the surrogate model's behavior. The added simulator 

option available in JMP provides an ability to evaluate the 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% 

R-Square 98.69% 98.88% 98.16% 

Number of Support Vectors 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% 

R-Square 98.20% 98.58% 96.29% 

Number of Support Vectors 819 819 819 

 

 

Figure 53: Agent RTB Prediction Profiler  

 

 

Figure 54: MADDM RTB Prediction Profiler  

 

4.1.2.1.1 Histogram & Defect Analyses of 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 be made is through the 
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use of the simulator feature in JMP. This technique involves conducting a series of Monte 

Carlo runs on the inputs, and then evaluating the results in a sensitivity analysis of each 

variable to the outputs. The sensitivity analysis comes in both histogram analysis and defect 

analysis. The histogram and their quartiles for the two responses is Figure 55 and Figure 

57 for MADDMôs RTB authority and Agent RTB authority respectively. Analyses of each 

distribution are described in the following sections below.  

While histogram provides overall context, there is additional analysis required to 

evaluate each of 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 JMP. By utilizing defect rate analysis methods for a 

given spec limit, it is possible to identify how specific design variables (such as damage, 

latency, and fidelity error) can raise the probability of failing a spec, in this case the area 

covered. The defect analysis performed uses the lower quartile for each distribution. 

method enables a comparison of both distributions to their own results. Since the influence 

is probabilistic, the parametric defect profiler is used. The parametric defect profiler tracks 

the mean shift, standard, narrow, lower spec limit (LSL) chop, and upper spec limit (USL) 

chop. The defect rate tests are shown in Figure 56 for MADDM and Figure 59 for Agent 

RTB tied to the lower 25th percentile of their distribution as an upper spec limit. Any failure 

provides some insight as toward as to which deign variables increase area covered.  
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4.1.2.1.1.1 MADDM RTB 

  

Figure 55: Histogram of MADDM RTB (bottom quartile = 87.4%)  

 

The histogram for MADDM in Figure 55 has significantly more kurtosis, or drop-

off from the mean value. An interpretation can be that MADDM can better guarantee a 

mean value of performance with more variance with latency and initial damage having the 

most significant influence on increasing the failure rate on mission performance. Latency 

has a valley-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 MADDMôs 

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 pre-emptive RTBs with predicted damage states ahead of the current state of the 

twin.   
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Figure 56: Defect analysis for MADDM RTB  
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4.1.2.1.1.2 Agent RTB 

  

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

 

The histogram for Agent appears to be more gaussian. Low kurtosis means there is 

more robustness in achieving a range of values, but at the sacrifice of lower performance 

in worst cases. This is further emphasized through the defect analysis, which shows that 

qualitatively the most influential variables of damage and latency all trend towards 

increasing failure rates as their maxima are reached.  
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Figure 58: Defect analysis for Agent RTB 
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4.1.2.2 Comparison of RTB methods 

The comparison of decision-making methods based on histogram and defect 

analysis enables a potential evaluation of the different RTB methods. The histogram 

differences in Figure 55 and Figure 57 for MADDMôs RTB and Agent RTB show 

MADDM improving performance on average by ~1.25% but at the impact of kurtosis with 

a more significant reduction in performance at the extremes. Agent RTB has a better overall 

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 performance on average, 

the improved performance of digital twin error or latency are inherently limited relative to 

a more agent driven approach.  To evaluate the relevance of the bounds, it is important to 

explore the trade between the twin and twinless DDM approaches. Future studies of DDM 

approaches can expand into more research and are included in Section 5.3. 

 

4.2 Analysis and Insight from Data Generated 

The surrogate models from Table 13 and Table 14 enable sensitivity analysis. 

Sensitivity analysis outputs statistical significance through analysis of variance (ANOVA). 

The goals of the analysis is to determine the most influential design variables to the output. 

The significance is  collected into tornado plots shown in Figure 59 and Figure 60. The 

total effect ranks each variable by their contributions. Applying the pareto principle of 80% 
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of the effect being driven by 20% of the design variables, both latency and Aircraft 4ôs 

initial damage are the most influential sources. At a higher-level categorization of the 

design variables, latency and aircraft damage are the most significant influences on mission 

effectiveness. Further investigation to vindicate the observation with the original data 

occurs in the sections below.  

 

Figure 59: Variable Significance on % of area mapped ï Agent RTB 

 

 

Figure 60: Variable Significance on % of area mapped ï MADDM RTB  

 

4.2.1 Analysis of Data generated ï Knowledge Gained 

The significance plots have each design variable ranked in order of their total effect 

on the response variable (area mapped). The order of attributes shows latency as the most 
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significant, initial damage second, and then a mix of digital twin errors and aircraft 1ôs 

initial damage state. Latencyôs connection to waypoint navigation is based on both RTB 

decision structures, agent and MADDM. The observation can be summarized as the speed 

of decision-making is the most important factor in overall mission performance. As latency 

increases, there are further delays in adapting all aircraft routes, reducing coverage. Since 

every case being reviewed can be cumbersome, an example sampling of two cases below 

is used for comparison. To evaluate latency as a single factor influence, Figure 61 shows a 

comparison between case 0 and case 1998 for Agent RTB. Case 0 (0% error, 0 initial 

damage, 0 latency) enables more coverage than Case 1998 (Case 0, but with 2500 ms 

latency) due to the waypoint navigation. The difference in area coverage is 8.4% with 

90.8% for case 0 and 82.4% for Case 1998.  

   

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, the impact of digital twin fidelity captured under the term digital 

twin error in both RTB processes is insignificant on overall mission effectiveness. The 

digital twin error of each agent is tied to the commanded g, which is observed in the aircraft 
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turn radius. There is a 63% increase in turn radius when comparing 2g and 3g turns. Figure 

62 shows the visual impact of evaluating the single factor of twin error in Cases 0 and 545 

(0% twin error vs 50% twin error, respectively). Further investigation can be done by 

analyzing their health comparisons in Figure 63 and Figure 64. When examining the 

tradeoff between digital twin fidelity and structural health in Figure 30 , the fluctuations in 

commanded g-loads are accentuated as they are influenced by the digital twin simulation 

time rather than overall mission time. When applying it to the health status during the 

mission, the vacillation leads to a small change in damage state transition around 500s. The 

change in commanded g of approximately 20 timesteps is less perceptible since it takes 

place within a single turn. (36 steps in each 180 turn). With the objective of area covered, 

the reduction in turn radius can lead to an increase in area surveyed even though there is a 

small gap in turn 3 with case 545. The total map coverage difference is 0.2% (90.6% vs 

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

   

Figure 62: Mission Map (Agent RTB) twin fidelity comparison, 0 latency & 0% 

initial damage (all agents). White space within square represents area not surveyed. 
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Figure 63: Case 0 Health Plots 

 

 

Figure 64: Case 545 Health Plots 

 

Rather than seeing digital twin error as an influence on mission performance, RTB 

reasoning could be explored. An early RTB can lead to a slight negative impact on the 

scenario with each damage step occurring in 5 deg intervals.  RTB reasons are discrete and 

investigated as shown in the scatterplot in Figure 65 for MADDM. The scatterplot shows 

all cases and their RTB cases based on each factor. The highlighted squares are areas of 

interest, since there is no inter-agent driven RTBs defined in the scenario and latency 

impacts all agents equally. The most significant factor in the areas of interest that lead to 
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crashing is the agentôs initial damage state and overall high latency. Furthermore, the lack 

of variance in RTB reasons across agents shows no correlation with digital twin error. 

 

Figure 65: RTB Reason Scatterplot - MADDM RT B 

Highlighted squares represent areas of interest with circles around crash conditions 

Agent RTBôs scatterplot in Figure 66 only has agents either completing the mission 

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

assessment. The benefit of the agent RTB is avoiding crashes; however, high latency in the 

digital twin results in RTBs due to current health assessments. The reduction in crashes 

could be traded with mission needs and risk tolerance through using attritable assets [57].  
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Figure 66: RTB Reason Scatterplot - Agent RTB 

Highlighted squares represent areas of interest with circles around crash conditions 

 

 Upon evaluating the surrogate model and results of variable significance, overall 

assessment of the research questions and hypotheses can be evaluated.  
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4.2.2 Hypotheses and Research Questions from Data gathered ï Digital Twins 

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

Question 1, Research Question 2, and their respective hypotheses. The 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 multi-agent DDM scenario? 

Hypothesis 1: 

If fidelity is evaluated as ů bounds on a probabilistic distribution and runtime is evaluated 

as a time delay, then their impact on decision quality and decision speed, respectively, in a 

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 and predicted future 

health states degraded. The impact on health performance impacts the agentôs ability on 

deciding the correct commanded g turn and when certain RTB criteria were met. When 

higher initial damage states are considered, the digital twin fidelity becomes a significant 

factor in determining the longevity of the asset in the mission. The ability to evaluate the 

uncertainty through probabilistic distributions quantified by standard deviations as an 

influence for decision quality was concluded to be valid for multi-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 impact of decision speed on 

waypoint navigation and RTB status were used as metrics to assess the impact of runtime 

on decision speed in multi-agent DDM. Runtime was successfully integrated into the 

latency+runtime variable used to represent decision speed and evaluate its impact in multi-

agent DDM.  The assessment enables further insight described in the next section when 

evaluating digital twins in multi-agent DDM.  

 Given the similarity of the runtime metric to proximity and latency, Research 

Question 2 can be evaluated 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 scenario? 

Hypothesis 2: 

If proximity and latency are evaluated together as a single time delay on actions made, then 

their impact on decision speed for a multi-agent DDM scenario can be assessed 

 

When evaluating latency, the assumptions made for the operational model 

demonstrate the impact of latency in the context of decision speed. Since 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 health assessment of the digital twin and multi-agent 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 performance in a multi-agent DDM scenario. Proximity and latency were 

successfully integrated into the latency+runtime variable used to represent decision speed 

and evaluate its impact in multi-agent DDM. Proximity and latency were successfully 

integrated into the latency+runtime variable used to represent decision speed and evaluate 

its impact in multi-agent DDM.   

 

 With the hypotheses behind modeling the digital twinôs aspects in assessing their 

impacts of DDM established, DDM modeling methods can be evaluated.  

 

4.2.3 Hypotheses and Research Questions from Data gathered ï DDM 

The goal of research question 3 leads to two different hypotheses, one related to the 

digital twin integration and how decisions are reached with digital twins. Below is the 

research question and its corresponding hypotheses. 

 

Research Question 3: 

What type of decision-making techniques could be integrated with a Digital Twin to make 

decisions in a multi-agent probabilistic environment? 

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

twin, then decisions in a multi-agent probabilistic environment can be made 

Hypothesis 4: 

If Multi -Agent Digital Twin data can be integrated into an open loop decision structure for 

dynamic environments with decision trees, then potential outcomes can be evaluated for 

Dynamic Decision Making.  

 

 

The first hypothesis of this section considers integrating probabilistic graphical 

modeling through the inclusion of Bayesian inferencing. With the prognostic health 

management digital twin of the senior Telemaster UAV, probabilistic graphical modeling 

provides information with uncertainty in decision-making. Probabilistic graphical 

modeling demonstrated a method for characterizing the impact of fidelity on decision 

making by infusing both probabilistic information and context on an agentôs status during 

the mission. The lower fidelity (higher error) leads to decision vacillation where a decision 

being reached could be too late. The digital twin provided information about the agentôs 

turn radius as a function of the vehicleôs current health status in addition to the need to 

RTB. The decisions in waypoint navigation and RTB demonstrate decisions can be made 

in a multi-agent probabilistic environment. The hypothesis was valid in being expanded to 

a multi-agent domain for probabilistic decision-making.  

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 multi-agent levels have trees in them for turn radius and RTB criteria. The 

tree enables multiple alternatives to be considered. From the scatterplots in Figure 65 and 

Figure 66, multiple RTB alternatives were implemented depending on various inputs from 

the digital twin. Given the multiple actions made based on multiple decisions and given 

the defined decision-making structure, multiple alternatives were considered in the 

decision-making process. The open loop decision making process ensures that the mission 

model functions in a predictable form for a known scenario. While actions were similar 

and the rule-based policies were kept, the structure enabled 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 was valuable 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 architecture. The decision-making 

process of an open loop structure with trees for evaluating alternatives is validated as a 

method for evaluating digital twins in multi-agent DDM. 

  

4.2.4 Analysis of Data generated ï Knowledge Gained ï Human vs Twin. 

Integrating the data generated from both twin and twinless (human baseline) into 

the mission scenario facilitates the evaluation of research questions posed at the beginning 

of the paper. To reduce the impact of individual aircraft on the evaluation, the study utilizes 

the same initial damage state for all aircraft. The data between the best performance of 

human baseline and comparing the both MADDM RTB and Agent RTB digital twin 
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performance are tabulated in Table 15 and in comparative contours from Figure 67 to 

Figure 69 for visualization. For the comparison, 0ms latency was used. Each contour is 

discussed further below.  

Table 15: Digital Twin vs Human Baselines 

Initial 

Damage 
 - All Tails 

% Mapped ï Human Baseline 
% Mapped ï Human Adaptive 

Waypoint 

0% 84.6% 89.7% 

20% 81.6% 82.1% 

30% 53.2% 53.2% 

       

 Digital Twin ï MADDM RTB 

Initial 

Damage 
 - All Tails 

Twin 

Error 
 0% 

Twin 

Error 
 10% 

Twin 

Error 
 20% 

Twin 

Error 
 30% 

Twin 

Error 
 40% 

Twin 

Error 
 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 ï AGENT RTB 

Initial 

Damage 
 - All Tails 

Twin 

Error 
 0% 

Twin 

Error 
 10% 

Twin 

Error 
 20% 

Twin 

Error 
 30% 

Twin 

Error 
 40% 

Twin 

Error 
 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% 

 

Comparing the contours of 0 initial damage, the worst digital twin performance 

between both RTB methods is compared to the best human for mission performance. When 

considering 0 initial damage, the performance of the digital twin is slightly superior to that 

of humans. However, when taking the test root average squared error (RASE) into account 

as a measure of uncertainty, both Agent RTB and MADDM RTB approaches are 

comparable to the human baseline. RASE is similar to Root Mean Square Error but does 
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not account for the degrees of freedom in surrogate modeling [58]. At a high level, the 

difference in 0.25% of the area mapped may be marginal enough to see no impact at a 

larger scope. In an ideal mission simulation, the presence of external influences has the 

potential to further deteriorate performance. Based on the conducted experiments in the 

ideal simulation, it can be concluded that the trade-off between twinless and digital twin 

DDM is interchangeable when no damage is present. 

 

 

Figure 67: Digital Twin vs Human ï 0% Initial Damage 
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Figure 68: Digital Twin vs Human ï 20% Initial  Damage 

 

At 20% initial damage as shown in Figure 68, the aircraft reach RTB conditions 

and the digital twin error starts to lead to more degradation in performance. There is an 

increased difference between twin and twinless options that exceed the RASE, leading to 

an observed improvement of twin over twinless performance.  

The parabolic effect observed in Figure 70 can be attributed to the discrete states of 

the digital twin's structural health, and the growth of error leading to a resonance-like 

condition between error and decision making. Once ů exceeds 40%, the error starts to 

reduce due to it being so large that an override occurs within the data analysis. When 

investigating the root cause, the error is tied into the digital twin simulation construction. 

Since the error from 0% to 40% trends as expected for digital twin performance, the 

comparison between twin and twinless DDM methodologies can still occur. The ultimate 
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objective of digital twin development is to minimize the digital twin error, which indicates 

higher fidelity. Therefore, an error rate of 50% is deemed excessive. The  

 

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

  

 At 30% initial damage state for all agents as shown in Figure 69, the difference 

between twin and twinless DDM is significant. Due to the higher G turns based on human 

operations, the aircraft reach their structural limits earlier and are unable to continue the 

mission. The digital twinôs assessment of health leads to a trade between survival and 

overlapping sensor coverage in such a way that the squadron can perform as much of the 

mission as possible prior to RTB. Furthermore, the increasing error in digital twins leads 

to reduced performance, but at a barely noticeable impact.  

  




























