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Abstract: Model-based systems engineering (MBSE) has made significant strides in the last decade
and is now beginning to increase coverage of the system life cycle and in the process generating many
more digital artifacts. The MBSE community today recognizes the need for a flexible framework to
efficiently organize, access, and manage MBSE artifacts; create and use digital twins for verification
and validation; facilitate comparative evaluation of system models and algorithms; and assess system
performance. This paper presents progress to date in developing a MBSE experimentation testbed
that addresses these requirements. The current testbed comprises several components, including
a scenario builder, a smart dashboard, a repository of system models and scenarios, connectors,
optimization and learning algorithms, and simulation engines, all connected to a private cloud.
The testbed has been successfully employed in developing an aircraft perimeter security system and
an adaptive planning and decision-making system for autonomous vehicles. The testbed supports
experimentation with simulated and physical sensors and with digital twins for verifying system
behavior. A simulation-driven smart dashboard is used to visualize and conduct comparative
evaluation of autonomous and human-in-the-loop control concepts and architectures. Key findings
and lessons learned are presented along with a discussion of future directions.

Keywords: model-based systems engineering; MBSE; digital engineering; testbed; digital twin;

simulation; ontologies

1. Introduction

Model-based systems engineering (MBSE) is making impressive strides both in in-
creasing systems life-cycle coverage [1] and in the ability to model increasingly more
complex systems [2,3]. Recently, MBSE has begun to employ the digital-twin concept [4]
from digital engineering (DE) to enhance system verification and validation. Not surpris-
ingly, these developments are increasingly producing more MBSE artifacts [5] that need to
be organized, metadata-tagged, and managed to facilitate rapid development, integration,
and “test drive” of system models in simulation in support of what-if experimentation.

Currently, MBSE researchers work with specific models and simulations to address
a particular problem, thereby producing mostly point solutions. Furthermore, they sel-
dom document assumptions and lessons learned. This practice implies that most MBSE
researchers are largely starting without the benefit of the knowledge gained by others.
Fortunately, MBSE is a methodology-neutral construct that allows researchers to pursue
different modeling approaches, experiment with different algorithms, and learn from
such experiences. Most recently, in an attempt to make modeling more rigorous, MBSE
researchers are turning to formal ontologies to underpin their system models and facilitate
assessment of model completeness, semantic consistency, syntactic correctness, and trace-
ability. In light of these deficiencies and emerging trends and opportunities, this paper
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introduces the concept of a MBSE testbed to organize and manage MBSE artifacts, support
MBSE experimentation with different models, algorithms, and data, and catalogue the case
studies and lessons learned. It presents a prototype implementation of the testbed and
demonstrates the capabilities of the testbed for real-world operational scenarios, along
with findings and lessons learned. It also presents an illustrative quantitative analysis of
results produced through simulation-based experimentation.

2. Materials and Methods

The testbed encompasses the following: software programming environment; multi-
ple modeling methods; analysis and optimization algorithms; repositories packages and
libraries; simulation environments; and hardware components and connectors. The follow-
ing list presents the core components of the testbed.

Software Programming Environment

Operating system(s): Linux (Ubuntu 16.04) and Windows
Programming environment: Spyder cross-platform development environment for
Python 3.x programming language

Systems Modeling Methods (descriptive, analytic; deterministic, probabilistic)

Systems Modeling Language (SysML) [6]

Decision trees

Hidden Markov Models (HMM) [7]

Partially Observable Markov Decision Process (POMDP) model [8]

Optimization, Control, and Learning Algorithms

e  Optimization using fitness functions
N-step Look-ahead decision-processing algorithm
Traditional deterministic control algorithm (e.g., proportional-integral-derivative con-
troller (PID) algorithm)

e  Q-learning algorithm

Repositories, Packages, Libraries

NumPy—a Python library for manipulating large, multidimensional arrays and matrices
Pandas—a Python library for data manipulation and analysis, specifically numerical
tables, and time series

e  Scikit-learn—a machine-learning library for Python; built on top of NumPy, SciPy
and matplotlib

e Python-open CV—a library of Python bindings designed to solve computer vision prob-
lems

Simulation Platforms

e  Hardware-Software Integration Infrastructure: Multiple simulation platforms are used for
visualization, experimentation, and data collection from scenario simulations for both
ground-based and airborne systems; integrate simulations (implemented in Python 3)
with hardware platforms, such as Donkey Car [4] and quadcopters.

o  CARLA Simulation Platform: CARLA offers an open-source high-fidelity simulator
(including code and protocols) for autonomous driving research [5]. CARLA pro-
vides open digital assets, such as urban layouts, buildings, city maps, and vehicles.
CARLA also supports flexible specification of sensor suites, environmental conditions,
and dynamic actors. CARLA provides Python APIs to facilitate integration.

e  DroneKit Platform: DroneKit, an open-source platform, is used to create apps, models,
and algorithms that run on onboard computers installed on quadcopters. This plat-
form provides various Python APIs that allows for experimenting with simulated
quadcopters and drones. The code can be accessed on GitHub [9].
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Hardware and Connectors

e Donkey Car platform: an open-source platform for conducting autonomous vehi-
cles research

Raspberry Pi (onboard computer): on the Donkey Car

Quadcopters (very small UAVs used in surveillance missions), 1/16 scale robot cars
Video Cameras: mounted on Donkey Car and quadcopters

Socket communication: used to send commands from a computer to a Donkey Car or
a quadcopter

3. Results

This section describes the research objectives, prototype implementation, and experi-
mental results, along with key findings and implications.

3.1. Research Objectives

The key research objectives are to

e  Develop a structured framework for cost-effective and rapid prototyping and experi-
mentation with different models, algorithms, and operational scenarios.

e  Develop an integrated hardware-software environment to support on-demand demon-
strations and facilitate technology transition to customer environments.

The first objective encompasses the following:

1. Defining the key modeling formalisms that enable flexible modeling based on opera-
tional environment characteristics and knowledge of the system state space.

2. Defining a flexible and customizable user interface that enables scenario building by
nonprogrammers, visualization of simulation execution from multiple perspectives,
and tailored report generation.

3. Defining operational scenarios encompassing both nominal and extreme cases
(i.e., edge cases) that challenge the capabilities of the system of interest (Sol)

The second objective encompasses the following:

4. Identifying low-cost components and connectors for realizing capabilities of the Sol

5. Defining an ontology-enabled integration capability to assure correctness of the
integrated system.

6.  Testing the integrated capability using an illustrative scenario of interest to the systems
engineering community

These objectives are satisfied through the realization of a MBSE testbed specifically
designed for rapid prototyping, what-if experimentation, data collection, and analysis.

3.2. MBSE Testbed Concept

The MBSE testbed concept is broader than that of conventional hardware-in-the-loop
(HWIL) testbeds. HWIL testbeds are used for early integration and testing of physical
systems as well as formal verification and validation (V&V). Typical HWIL testbeds consist
of hardware, software modules, and simulations in which system components are either
physically present or simulated. Simulated components are progressively replaced by
physical components as they become available [10]. The MBSE testbed construct extends
HWIL capabilities by including the means for developing and exercising abstract models
independently or interoperating with HWIL [11-15]. Just as importantly, the MBSE testbed
construct provides a modeling, simulation, and integration environment for developing
and evaluating digital twins [5]. The envisioned capabilities of the MBSE testbed include
the ability to:

o represent models at multiple scales and from different perspectives.
o integrate with digital twins of physical systems—support both symbolic and high fidelity,
time-accurate simulations; the latter can be augmented by FPGA-based development
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boards to create complex, time-critical simulations; and maintain synchronization
between real-world hardware and virtual simulation.

accommodate multiple views, multiple models, analysis tools, learning algorithms.
manage dynamically configurable systems through software agents, employed in the
simulation—in the future these agents could invoke processes allocated to Field
Programmable Gate Arrays (FPGAs).

compose interoperable systems with requisite flexibility to satisfy mission needs [10,16]
collect and generate evidence for developing trust in systems.

exploit feedback from the system and environment during adaptive system operation.
address temporal constraints and their time-related considerations.

address change cascades (e.g., arising from failures) not addressed by existing tools.
validate models, which implies flexibility in simulation interfaces as well as propagation
of changes in modeled components as data are collected in physical tests.

The testbed offers a means to improve understanding of functional requirements and
operational behavior of the system in a simulated environment. It provides measurements
from which quantitative characteristics of the system can be derived. It provides an
implementation laboratory environment in which modeled real-world systems (i.e., digital
twins) can be evaluated from different perspectives.

A testbed, in essence, comprises three components: an experimentation subsystem;
a monitoring and measurement system; and a simulation-stimulation subsystem. The ex-
perimentation subsystem comprises real-world system components and prototypes which
are the subject of experimentation. The monitoring and measurement system comprises
interfaces to the experimentation system to extract raw data and a support component
to collate and analyze the collected information. The simulation—stimulation subsystem
provides the hooks and handles to experiment with real-world system agents and outputs
to ensure a realistic experimentation environment.

However, testbeds can have limitations. For example, they cost too much, and they
are limited to modeling systems and components that satisfy the testbed environment
constraints. In addition, for some problems, analytic and/or simulation models may be
more appropriate. This would be the case for complex distributed systems. Therefore,
testbeds can be viewed as a flexible and modeler platform that complements/subsumes
simulation and analytic methods.

Figure 1 presents the MBSE testbed concept. The testbed comprises a user interface
that supports the following: scenario authoring, dashboard capabilities for scenario execu-
tion monitoring visualization, and control, and report generation; a suite of modeling and
analysis tools including system modelers, machine learning and data analytics algorithms;
simulation engines for discrete event simulation, hybrid simulation, and component sim-
ulation; and repositories of operational scenario vignettes, system models, component
libraries, and experimentation results.

The testbed supports system conceptualization, realization, and assurance. System
conceptualization comprises use case development; requirement elicitation, decomposition,
and allocation; system concept of operations (CONOPS); logical architectures; metrics;
initial system models; and initial validation concepts. System realization entails detailed
design, physical and simulation development, and integration and test. System assurance
comprises evaluating system safety, security, and mission assurance.
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Figure 1. Model-based systems engineering (MBSE) testbed concept.

Complex systems are invariably a combination of third-party components and legacy
components from previously deployed systems. As such, some components tend to be
fully verified under certain operating conditions that may or may not apply in their reuse.
Furthermore, complex systems are subject to unreliable interactions (e.g., sporadic or incor-
rect sensor inputs, and control commands that are not always precisely followed) because
they interact frequently with the physical world. Finally, with increasing connectedness,
they are increasingly susceptible to security threats. In light of the foregoing, the MBSE
testbed needs to provide:

e Inheritance evaluation, in which legacy and third-party components are subjected to the
usage and environmental conditions of the new system.

e  Probabilistic learning models, which begin with incomplete system representations
and progressively fill in details and gaps with incoming data from collection assets;
the latter enable learning and filling in gaps in the knowledge of system and environ-
ment states.

e  Networked control, which requires reliable execution and communication that enables
satisfaction of hard time deadlines [5,17] across a network. Because networked control
is susceptible to multiple points of cyber vulnerabilities, the testbed infrastructure
should incorporate cybersecurity and cyber-resilience.

e  Enforceable properties define core attributes of a system that must remain immutable
in the presence of dynamic and potentially unpredictable environments. The testbed
must support verification that these properties are dependable regardless of external
conditions and changes.

o Commercial off-the-shelf (COTS) components, which typically communicate with each
other across multiple networks and time scales [5,18]. The latter requires validation of
interoperability among COTS systems.

e Support for safety-critical systems in the form of, for example, executable, real-time
system models that detect safety problems and then shut down the simulation, while
the testbed can be queried to determine what happened.
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3.3. Logical Architecture of MBSE Testbed

Incorporating the capabilities described in Section 3 into the testbed is being performed
in stages. Figure 2 presents the initial logical configuration of the testbed.

Modeling Tools

<€«—Model File————>»
<€—Repository Interface

Tool Interface

Private Cloud

User Interface

Dashboard

Repository

Simulation Setup—>»

<€——Results

Report Generator

Results Experiment

Scenario Authoring

Simulation Engine

Figure 2. Prototype MBSE testbed logical architecture.

As shown in Figure 2, the testbed prototype comprises: (a) a user interface for scenario
definition and system modeling as well as for the dashboard used for monitoring, visu-
alization, and controlling scenario execution; (b) models created by the systems engineer
or researcher that reflect an envisioned or existing system are stored in the repository;
(c) a multiscenario capable simulation engine that dynamically responds to injects from
the user interface and collects experiment results that area sent to the repository and user
interface; (d) experiment scenarios stored in the repository or entered from the GUIL and (e)
a private cloud that provides testbed connectivity and protects MBSE assets.

The prototype testbed implementation supports virtual, physical, and hybrid simula-
tions. It supports virtual system modeling and interoperability with the physical system.
It is able to access data (initially manually and eventually autonomously) from the physical
system to update the virtual system model thereby making it into a digital twin of the
physical system. The testbed supports proper switching from the physical system to the
digital twin and vice versa using the same control software.

The prototype testbed currently offers the following capabilities.

3.3.1. System Modeling and Verification

The testbed offers both deterministic-modeling and probabilistic-modeling capabilities.
In particular, it offers SysML modeling for deterministic systems and partially observable
Markov decision process (POMDP) modeling for probabilistic systems. Exemplar models
of both types are provided in an online “starter kit” to allow users to make a copy before
commencing the system modeling activity. Verification in this context pertains to ascertain-
ing model correctness (i.e., model completeness with request to questions that need to be
answered, semantic and syntactic consistency, and model traceability to requirements).
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3.3.2. Rapid Scenario Authoring

Eclipse Papyrus is used along with SysML and Unity 3D virtual environment for
scenario authoring and definition of entity behaviors. The testbed offers scenario authoring
and visualization for multiple domains. For example, Figures 3 and 4 show the results
of autonomous vehicle scenario authoring. Figure 5 shows visualizations for aircraft
perimeter security scenario. These exemplar scenarios are used in experimenting with
planning and decision-making models and algorithms. The initial scenario contexts are
defined in SysML (Figure 6), with Python XMI being used to extract data from the SysML
model to populate the Unity virtual environment.

(b)

Figure 3. (a) Pedestrian crossing scenario, (b) four-way stop sign scenario.

(b)

Figure 4. (a) Vehicle crossing scenario, (b) vehicle braking scenario.

The behaviors of scenario entities such as autonomous vehicles, pedestrians, UAVs,
and surveillance cameras are defined in Unity. The UAV, pedestrian, and vehicle behaviors
are defined using standard waypoint-following algorithms in Unity. The planning and
decision-making algorithms are exercised and tested with both autonomous vehicle navi-
gation and control operations, and multi-UAV operations in aircraft perimeter security mis-
sion. Figure 3a presents a visualization of a pedestrian crossing scenario, while Figure 3b
presents a visualization of a four-way stop sign scenario. Similarly, Figure 4a presents a
visualization of a vehicle crossing scenario, while Figure 4b presents a visualization of a
vehicle braking scenario.

Figure 5a depicts the aircraft perimeter security scenario with one UAV and one video
camera conducting surveillance. On the bottom right corner of the figure, camera views
are shown. Figure 5b presents the aircraft perimeter security with three UAVs. Eclipse
Papyrus for SysML, Python XMI, and Unity 3D are used to rapidly author the scenarios
with various agents. The scenarios have static agents, perception agents, dynamic auxiliary
agents, and system-of-interest (Sol) agents. Static agents such as standing aircraft, traffic
signs, and buildings are part of the scenario context. Perception agents, such as cameras
that capture simulation environment data, are used for processing. Dynamic auxiliary
agents, such as pedestrians and auxiliary cars, as well as auxiliary UAVs, follow predefined
behavior in experiments. The system-of-interest (Sol) agents such as the autonomous car
or UAV are used to test different algorithms defined by the experimenters.
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(b)

Figure 5. (a) Scenario with UAV and surveillance cameras, (b) scenario with multiple surveillance UAVs.

Figure 6 presents a SysML representation of scenario context for the aircraft perimeter
security example. Included in the context are the UAV, airstrip, building, surveillance
camera, and aircraft. Attributes and operations of each of those entities are defined in
specific blocks.

3.3.3. Model and Scenario Refinement

The experiment/test scenarios allow rapid and straightforward substitution of refined
models for coarse models. In addition, hardware components can be substituted for virtual
models. In Unity 3D, it is possible to extract various relevant properties of scenario objects
such as velocities, locations, and states. Entity behaviors are assigned to objects using
Unity 3D scripts written in C#. This capability affords greater flexibility in experimentation.
A Python interface is used for testing various machine-learning (ML) algorithms.
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Figure 6. Scenario context definition.

3.3.4. MBSE Repository

The testbed repository contains libraries of scenarios, scenario objects, 3D objects,
behaviors, and system/component models. For example, 3D objects such as UAV models,
ground vehicle models, pedestrian models, and camera models are part of the scenario
object repository. The model repository comprises system models and behaviors that can
be associated with various objects in the scenario.

3.3.5. Experimentation Support

The testbed’s virtual environment supports the collection and storage of data from
experiments. For example, variables such as distances between vehicles, velocities, and
decisions made by autonomous vehicles in various scenarios can be captured and stored for
post hoc analysis. Data collected during experimentation can be used by machine-learning
algorithms to train models. The MBSE testbed provides access to the properties of scenario
objects. For example, velocity, size, shape, and location of static objects and auxiliary
agents are directly extracted from the virtual environment. This capability enables the
creation of feedback loops and facilitates the definition of abstract perception systems of
autonomous vehicles or Sol agents. C# scripts are used to extract, process, and transfer
data to other components of the dashboard. The virtual environment allows for manual
control of objects, thereby affording additional flexibility in experimentation and testing.
Multiple human users are able to interact with virtual objects, thereby realizing complex
behaviors during experimentation.

3.3.6. Multiperspective Visualization

The virtual environment offers visualization of system behaviors during simulation
in intuitive ways. Exemplar visualizations for self-driving cars and multi-UAV opera-
tions are presented in Figures 7-9. Figure 7a,b, show the change in the state of the car
from “safe-state” (blue clouds surrounding the cars) to “about-to-collide state” (red clouds
surrounding the cars). Figure 8 shows another visualization perspective of the car trajec-
tory. The purple car is the system of interest. The red zones along the vehicle trajectory
indicate constraints.



Appl. Sci. 2021, 11,2321 10 of 20

Figure 7. (a) Cars with “safe states”, and (b) cars with about-to-collide state.

(b)
Figure 9. (a) All UAVs in “safe states”, and (b) one UAV in “unsafe state”.
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Figure 9 presents examples of visualizations for multi-UAV operations. Figure 9a,b
show the change in the state of the UAV from “safe-state” (blue cloud surrounding the UAV)
to “unsafe-state” (red cloud surrounding the UAV). Virtual environments offer a convenient
means for stakeholders to contribute to what-if experimentation. Figure 10 shows another
perspective in which UAV trajectories can be visualized during experimentation with
planning and decision-making algorithms. These visualization assets and respective scripts
are stored in the repository. The experimenter can drag and drop the asset on the scenario
object and integrate it with the experiment. The assets have a user interface to customize
the visualization parameters.

Figure 10. UAV trajectory visualization.

3.4. Implementation Architecture

Figure 11 provides the implementation architecture of the testbed. As shown in the
figure, a private cloud interfaces with virtual simulation, physical component simulation,
modeling tool, ontology representation, user interface, and analysis tool.

7D  Modeling Tool

Q Virtual Simulation " Analysis Tool

Private Cloud

v

» S )

8 ©,

Figure 11. Testbed implementation architecture.
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Initial State

[distance>3m)]

A ground-vehicle obstacle-avoidance scenario comprising multiple models was devel-
oped to demonstrate the utility and use of the testbed. This relatively simple scenario is
used to demonstrate the integration of testbed components needed for model validation.

In this simple scenario, an autonomous vehicle has to drive safely behind another
vehicle (which is viewed as a potential obstacle from a modeling perspective). The obstacle-
avoidance scenario is represented by a state machine diagram in SysML (Figure 12). In this
example, we define maintaining a distance of three meters as the safe distance between the
two vehicles. Figure 12 shows that no action is taken when the vehicles are at least three
meters apart. A transition occurs to the ActionState when the gap is less than three meters.

[distance <3m]

Figure 12. SysML high-level-state machine diagram for obstacle avoidance.

The SysML model is mapped to the 3D virtual environment. For this mapping,
a Python XMI translation tool automatically populates the asset container in Unity 3D
from SysML models. Objects in Unity 3D are stored in an asset container. Figure 13
presents the architecture of the SysML to 3D virtual environment translation. Figure 13
displays the SysML block definition diagram for the obstacle-avoidance scenario context.
This diagram presents various entities that are part of the scenario. The blocks in the
diagram are arranged under the “ScenarioEntities” package. The structured packaging of
SysML model entities facilitates the extraction of model elements.

As shown in Figure 13, car, road, and obstacle-car blocks are extracted from the
scenario context SysML model. These block names are then matched with existing 3D
objects in the repository. When a match is found, the object is duplicated from the repository
to the asset container of the 3D virtual environment. When a matching 3D object is not
present in the repository, the translation program creates an empty object in the asset
container. For example, in Figure 13, because the “obstacle car” car object is not present
in the 3D repository, an empty object is created in the asset repository. Users can further
model the 3D object as per requirement. Here, the car object is duplicated to create the
obstacle-car object. The user can employ the asset container to populate objects in the
Unity 3D simulation. In case of a change to the SysML model, a refresh function triggers
the translation program to update the asset container. A user can further customize 3D
objects in the virtual environment and then populate additional objects and behaviors from
the repository.
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Figure 13. SysML to 3D virtual simulation mapping.

Waypoint-following behavior is assigned to the front vehicle in Unity 3D. A set of
points and respective velocities to be followed by front vehicle are then assigned. The sim-
ulation generates navigation areas and trajectories for a given safe distance.

During the 3D simulation, we discovered that safe distances vary based on the veloci-
ties of the vehicles, which can impact the navigation area and trajectories. We conducted
experiments that varied safe-distance values and vehicle velocities to assess the impact
on navigation area and possible trajectories of the autonomous vehicle. Initially, for small
values of safe distance, the autonomous vehicle has multiple paths to navigate around
an obstacle, but as the safe distance between vehicles is increased, the safe navigation
area around the vehicle shrinks. Figure 14 shows simulation results of changing the safe
distance on navigation area around the obstacle. As expected, the simulation showed that
the navigation area for the autonomous car shrinks when the front vehicle moves relatively
slower. The simulation also uncovered an assumption error in our initial experiment
resulting from the use of a fixed safe distance regardless of the vehicle’s relative position
and velocity.

Figure 14. Simulation results of changing the safe distance on navigation area around the obstacle.

Currently, various testbed components can be integrated to explore and experiment
with “what if” scenarios. In addition, conceptual models can be created and refined as
needed. In the above simple experiment, it became evident that the overall model needed
refinement to explicate variables such as longitudinal and lateral safe distances, vehicle
velocities, and vehicle acceleration and braking capacities. The simulation confirmed
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the obvious need for implicitly defined safe-distance rules, while also confirming that
acceptable driving practices are context dependent. The ability to experiment with hetero-
geneous models and collect and analyze data to uncover patterns and trends enables more
comprehensive elicitation of requirements. Repositories of 3D assets and their behaviors
were used for rapid authoring of scenarios. For example, for the obstacle car that had a
waypoint-following behavior in 3D simulation, the model of a car, road, and waypoints
in the 3D environment were used from repositories and customized for a particular sce-
nario. Additionally, algorithm visualization methods and behaviors available in the testbed
repository were employed.

4. Quantitative Analysis

The MBSE testbed allows users to integrate and evaluate different machine-learning
models with different parameters. We created an exemplar simulation environment. The ex-
emplar simulation environment consists of a UAV in an indoor building setup searching
for a predefined object. In the search mission, the UAV agent receives a negative reward for
colliding with objects in the environment and a positive reward for touching the predefined
goal object. Users can test multiple reinforcement learning algorithms on the UAV agent.
We tested the integrated models with the UAV making observations in the environment
and then taking corresponding actions. Five reinforcement learning algorithms were evalu-
ated in the experiment: proximal policy optimization (PPO), soft actor-critic (SAC), PPO
with generative adversarial imitation learning (GAIL), PPO with behavioral cloning (BC),
and PPO combined with GAIL and BC [1-4]. Model parameters such as cumulative reward,
episode length, policy loss, and entropy were evaluated against the number of simulation
runs for selected reinforcement learning algorithms. Figure 15 presents the learning cycle,
while Figure 16 presents the testbed setup for quantitative analysis.

Environment Simulation Environment

UAV

External Entities:

- Predefined Goal Object
- Obstacles

*
Actions ’ T l

‘ States, Rewards
v

Behavioral Model

Model

Figure 15. Learning cycle.

As shown in Figure 16, the structural model in SysML is mapped to the 3D virtual
environment. For this mapping, a Python XMI translation tool was built. This tool
automatically populates the asset container in the simulation environment using the SysML
models. Objects in the simulation environment are stored in an asset container. Figure 16
displays the SysML block definition diagram for the “indoor search” scenario context. This
diagram presents various entities that are part of the scenario. The blocks in the diagram
are arranged under the “ScenarioEntities” package. The structured packaging of SysML
model entities facilitates the extraction of model elements.
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Figure 16. Quantitative analysis setup using testbed.

The UAYV, indoor environment, and goal object blocks are extracted from the scenario
context SysML model. These block names are then matched with existing 3D objects in the
repository. When a match is found, the object in the repository is duplicated and inserted
into the 3D virtual environment’s asset container. When a matching 3D object is not present
in the repository, the translation program creates an empty object in the asset container
for the user to further modify. The user can then employ the asset container to populate
objects in the simulation. Observations and actions are defined for the simulation setup,
and the rewards mechanism is created in the experiment.

As noted earlier, five models were evaluated in the experiment: proximal policy
optimization (PPO), soft actor-critic (SAC), PPO with generative adversarial imitation
learning (GAIL), PPO with behavioral cloning (BC), and PPO combined with GAIL and
BC [19-22]. We used the Unity ML agents kit to extend the testbed capabilities [23].

Figure 17 presents simulation runs on the horizontal axis, and cumulative rewards
gained by the agent for a given model on the vertical axis. For PPO and PPO with GAIL,
the mean cumulative episode reward increases as the training progress. For the rest of
the agents, reward decreases, indicating that the agent is not learning successfully for the
given simulation environment and for the given simulation runs.

Proximal Policy Optimization (PPO)

. Soft Actor Critic (SAC)

PPO with Behavioral Cloning

PPO with Generative Adversarial Imitation Learning (GAIL)

PPO with GAIL and Behavioral Cloning

Figure 17. Simulation runs vs. cumulative reward.
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Figure 18a shows that the mean length of episodes goes down in the environment
for successful agents as the training progresses. The “is training” Boolean in Figure 18b
indicates whether the agent is updating its model or not.

200

180
160
140
120 Proximal Policy Optimization {PPO]
soft Actor Critic {5AC)
100
PPO with Behavioral Cloning
80 PPO with Generathe Adverzarial Imitation Learning (GAIL
a0 PPU with GAIL and Behavioral Cloning
40

50k 100k 150k 200k 250K

[ ]

)

0 100k 200k 300k 400k
(b)

Figure 18. (a) Simulation runs vs. episode length, and (b) is training (Boolean).

The different models exhibit different behaviors for a given simulation set up. The way
the user sets up the training environment impacts the performance of the models differently.

In Figure 19a,b, the policy loss parameter indicates how much the policy is changing
for each agent. Various models have different profiles, and for most models, the magnitude
of policy loss decreases indicating successful training. In Figure 20, the entropy measure
indicates the degree of randomness of decisions made by the model. The slow decrease of
this parameter is an indicator of a successful training session. Entropy profiles are different
for different agents.
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Figure 19. (a) Simulation runs vs. policy loss (excluding SAC), and (b) simulation runs vs. policy loss for all models.
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Proximal Policy Optimization (PPO)
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PPO with Behavioral Cloning
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|
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Figure 20. Simulation runs vs. entropy.

Additionally, it is possible to analyze specific model parameters such as GAIL expert
estimate, GAIL policy estimate, and GAIL rewards (Figure 21).
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Figure 21. Model-specific parameter evaluation.

The testbed also allows quantitative analysis of behavioral models. Users can manipu-
late various model parameters and run experiments. The testbed capabilities enable users
to formulate the decision, observation, and reward problem more holistically. Various
use cases and scenarios can be considered before defining agent behaviors. The holis-
tic approach and quantitative analysis allow users to determine effective strategies for
intelligent agents.

5. Discussion

This paper has presented the system concept, architecture, prototype implementation,
and quantitative analysis supported by a MBSE testbed that enables experimentation with
different models, algorithms, and operational scenarios. Several important lessons were
learned from the prototype implementation. First, a minimal testbed ontology [24] with
essential capabilities can be quite useful to begin initial experimentation with models and
algorithms. Second, it is possible to adapt system model complexity to scenario complexity
and thereby minimize computation load when possible. For example, for simple driving
scenarios, a finite state machine (FSM) can suffice for vehicle navigation. However, as the
driving scenario gets more complicated (e.g., poor observability and uncertainties in the
environment), more complex system models such as POMDP can be employed to cope
with environment uncertainty and partial observability. The value of POMDP modeling
becomes evident when operating in complex uncertain environments. Third, when it comes
to system development, it pays to start off with simple scenarios and ensure that safety
requirements are met, and then progressively complicate driving scenarios and employ
more complex models while continuing to assure satisfaction of safety requirements.
The most straightforward way to implement this strategy is to control the complexity
of the operational environment by imposing constraints (e.g., have a dedicated lane for
autonomous vehicles or avoid driving in crowded streets). Then, after the simple model
has been shown to satisfy safety requirements, constraints can be systematically relaxed to
create more complex driving scenarios. In the latter case, more complex system models can
be employed, verified, and validated with respect to safety requirements. Fourth, system
and environment models can be reused, thereby reducing development time. To facilitate
model reuse, the models can be metadata-tagged with usage context. Then, contextual
similarity between a problem situation and system models can be employed to determine
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suitability of a particular system model for reuse in a particular context. This reuse
feature can accelerate experimentation and development. Fifth, a smart, context-sensitive,
scenario-driven dashboard can be used to dynamically adapt monitoring capability and
dashboard display to maximize situation awareness with manageable cognitive load.
To this end, the familiar METT-TC construct employed by the military can be employed
as the underlying ontology. Based on the prevailing context, either the total set or a
subset of variables in METT-TC may be applicable to characterize context. The flexible
architecture of the scenario-driven dashboard can support both human-in-the-loop and
autonomous operations. Just as importantly, it provides a convenient and cost-effective
environment to try out different augmented-intelligence concepts [25]. Sixth, a hybrid,
distributed simulation capability enables integration of virtual simulation with real-world
systems (e.g., self-driving cars and unmanned aerial vehicles). This integration, in turn,
enables the creation of digital twins which can enhance system verification and validation
activities [5]. Furthermore, by assuring individual control of simulations, the testbed
offers requisite flexibility in experimentation with system/system-of-system simulation.
In addition, by allowing different models (e.g., scenario model and threat model) to run
on different computers, simulation performance can be significantly increased. Finally,
an illustrative quantitative analysis capability is presented to convey how simulation results
can be analyzed to generate new insights.

Future directions include the creation of formal ontologies and metamodel [24] to
guide systems integration, human-systems integration [26,27], adversarial modeling, in-
troduction of digital twins at the system, and subsystem levels [5], reinforcement learning
techniques to cope with partial observability and uncertainty [17], support for distributed
simulation standards (i.e., IEEE 1278.2-2015), and ontology-enabled reuse [28,29] and
interoperability [30].
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