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Abstract:

Model Based Systems Engineering (MBSE) plays a pivotal role in managing the development of
increasingly sophisticated automotive systems. As vehicles incorporate more software driven and safety
critical functionalities, the need for efficient methods to capture, analyze, and validate system
requirements has become paramount. Traditional MBSE practices, which often involve manual
handling of requirement documents, can be time-consuming and prone to misinterpretation or
omission. This paper explores how Artificial Intelligence (AI), particularly Machine Learning (ML)
and Natural Language Processing (NLP), can be used to streamline and enhance the requirements
engineering phase within an MBSE framework. We propose a methodology that uses NLP to
automatically extract structured requirements from natural language documents and applies ML
algorithms to support classification, traceability, and early-stage validation tasks. To demonstrate the
viability of this approach, we present a case study centered on an Advanced Driver Assistance System
(ADAS), showcasing how Al tools can reduce development time, improve requirement clarity, and
identify inconsistencies at early stages of design. The results suggest that Al integration improves
efficiency and enhances the robustness of automotive system models. This study outlines key advantages
and implementation challenges, offering insight into how AI can complement MBSE processes. Finally,
we discuss areas for future research, including the development of domain-specific AI models,
integration with existing modeling tools, and the establishment of standard evaluation metrics for Al
assisted systems engineering.
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I. INTRODUCTION

The automotive sector is undergoing rapid transformation fueled by the adoption of emerging technologies
such as autonomous driving, electrification, ADAS, and vehicle connectivity. These innovations are
introducing unprecedented levels of complexity in vehicle architectures, demanding more sophisticated
approaches to system design, verification, and validation. Traditional document driven engineering
methodologies often fall short when managing this scale and intricacy, especially given the safety critical nature
of many modern automotive functions. To address these challenges, MBSE has gained wide acceptance as a
structured framework that employs formal models to represent system behavior, requirements, and architecture
throughout the development lifecycle.

MBSE provides a more integrated and consistent view of the system, facilitating early validation, better
traceability, and improved stakeholder communication. Despite these advantages, conventional MBSE
practices still depend heavily on manual effort, particularly when transforming stakeholder inputs, typically in
natural language into structured system models. This reliance on manual interpretation and modeling not only
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introduces the risk of miscommunication and errors but also slows down the development process. The need
to manage large volumes of requirements and maintain synchronization across multiple subsystems further
compounds these issues, making scalability a persistent concern in complex automotive projects.

In this context, Al presents a compelling opportunity to augment and enhance MBSE workflows. Technologies
such as NLP and ML can help automate various tasks in requirements engineering, including the extraction,
classification, validation, and maintenance of system requirements. NLP techniques are capable of parsing
unstructured textual inputs and translating them into more structured representations, which can then be used
to populate system models. Meanwhile, ML can learn from historical data to identify inconsistencies, support
decision-making, and suggest improvements to design elements based on prior engineering knowledge.

This study investigates the role of Al in improving the efficiency and accuracy of MBSE, with a particular
emphasis on the handling of system requirements in automotive engineering. We explore how Al can reduce
manual overhead, enhance model quality, and adapt more effectively to changing requirements. The research
includes a case study focusing on the development of an ADAS subsystem, demonstrating how Al-powered
tools can assist in processing requirements and integrating them into MBSE platforms. The results show
improvements in requirement clarity, modeling speed, and error detection, suggesting that the integration of
Al with MBSE can lead to more agile and robust automotive system development.

By combining the methodological rigor of MBSE with the analytical capabilities of Al this work aims to
establish a foundation for intelligent, scalable, and future-ready engineering practices. The integration of these
domains not only supports faster and more accurate system development but also aligns with the industry's
shift toward digital transformation and intelligent design processes.

II. MODEL BASED SYSTEMS ENGINEERING IN AUTOMOTIVE DEVELOPMENT
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Fig. 1. MBSE process in V-model interpretation
Fig. 2.

MBSE has become an essential methodology in automotive engineering, offering a structured approach to
managing the increasing complexity of modern vehicle systems. Unlike traditional document-based methods,
MBSE emphasizes the use of formalized models to represent system requirements, architecture, behavior, and
validation strategies throughout the development lifecycle. This model centric approach facilitates early
verification, enhances requirement traceability, and supports interdisciplinary collaboration across mechanical,
electrical, software, and systems engineering teams. With modern vehicles incorporating numerous tightly
coupled subsystems such as propulsion, infotainment, and ADAS. MBSE provides a unified framework that
improves design consistency, reduces integration issues, and shortens development cycles. In addition, it aligns
well with industry safety standards such as ISO 26262, which demand rigorous design verification and
documentation.

Various modeling languages and tools support MBSE in the automotive domain. Systems Modeling Language
(SysML) is commonly used to represent system structure, behavior, and requirements through graphical
diagrams, facilitating clear communication among stakeholders. Modelica, an equation-based modeling
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language, is particularly effective for simulating complex physical systems such as hybrid and electric
powertrains, enabling engineers to evaluate system performance under a range of operating conditions. Tools
like Simulink and Stateflow are also widely applied, especially for control system development and embedded
software validation. Despite its advantages, MBSE adoption presents challenges, including the need for tool
interoperability, managing model complexity at scale, and adapting organizational workflows. Nonetheless,
ongoing advancements such as tighter toolchain integration, Al-supported model synthesis, and digital twin
technologies are expected to strengthen the role of MBSE in enabling more robust, efficient, and intelligent
automotive systems.

III. ARTIFICIAL INTELLIGENCE IN AUTOMOTIVE SYSTEMS DEVELOPMENT

Al is increasingly shaping the development of modern automotive systems, with prominent applications in
autonomous driving, predictive maintenance, and the optimization of design processes. The swift progress in
Al and ML has raised a growing interest in leveraging these technologies to automate engineering workflows,
with the aim of enhancing efficiency and minimizing human error. Within automotive system development,
Al techniques have demonstrated strong capabilities in processing sensor data, enabling real-time decision
making, and supporting fault detection mechanisms. These contributions have significantly improved
automotive technologies' intelligence, adaptability, and reliability. Despite these advances, the integration of
Al into MBSE, particularly for automating tasks such as requirements analysis and system validation, remains
limited. MBSE serves as a foundation for handling the growing complexity of vehicle systems by utilizing
formalized models throughout the engineering lifecycle. The incorporation of Al into MBSE holds promise
for advancing the automation of model interpretation, requirement extraction from natural language,
inconsistency detection, and architecture optimization. Nonetheless, challenges such as limited domain-
specific datasets, lack of interpretability in Al models, and the difficulty of generalizing Al methods across
varied engineering contexts continue to hinder broader implementation. Overcoming these obstacles is crucial
to fully realizing the benefits of Al-enhanced MBSE within the automotive sector.

Fig. 3. Automation of Requirements process using Al tools.

IV. ARTIFICIAL INTELLIGENCE TECHNIQUES FOR AUTOMATING MODEL BASED SYSTEMS
ENGINEERING
In the context of MBSE, Al offers transformative potential to enhance system design, analysis, and
validation, especially in complex industries like automotive engineering. By leveraging Al, automotive
systems can be optimized in their design processes, improving efficiency, reducing errors, and enabling
smarter, more adaptive systems. The following Al techniques are particularly impactful for automating MBSE
processes:

A. Machine Learning for Requirement Generation

ML can dramatically improve the initial stages of system design by automating the process of generating
system requirements. Traditional MBSE often relies on human expertise and historical knowledge to define
these requirements, but ML can take this a step further by predicting requirements based on past data, thus
accelerating the design process. Some of the techniques include:

o Training Models on Historical Data: ML models can be trained on datasets from previous
automotive systems, where the inputs include design specifications, constraints, and performance data, while
the outputs include system requirements. Once trained, the model can generate new requirements for a new
system based on learned patterns.
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o Predictive Modeling: By analyzing the relationships between system inputs and outputs from
historical data, ML can predict potential system requirements for future automotive designs. This predictive
ability minimizes human intervention during requirement generation.

J Automated Pattern Recognition: ML algorithms, especially supervised learning methods, can
identify recurring patterns in past systems’ requirements, identifying essential features or constraints that
should be incorporated into new designs.

Advantages:

Automating the generation of requirements significantly enhances time efficiency by accelerating one of the
earliest and most critical phases of MBSE process, thereby speeding up the entire development cycle. The
approach of using machine learning models trained on historical data reduces human error and promotes
consistency, minimizing the inconsistencies that can arise from subjective judgment. Additionally, the
model’s ability to learn from past successful projects ensures better alignment with proven design features
and constraints, increasing the likelihood of producing functional and high-performing systems.

Challenges:

The success of ML heavily relies on access to extensive, high-quality datasets derived from previous projects.
Without adequate data, the performance and reliability of the model may be significantly reduced.
Additionally, the complexity of ML models often makes them challenging to interpret, which can hinder
engineer’s ability to fully understand the idea behind the requirements these models produce.

B. NLP for Requirement Validation

NLP offers a promising solution to automate the validation of system requirements. Requirements written
in natural language are inherently ambiguous and prone to misinterpretation. NLP techniques can help
understand and verify these requirements against system goals, ensuring clarity, consistency, and feasibility.
e Textual Analysis: NLP algorithms can analyze written requirements documents to identify ambiguities,
redundancies, or inconsistencies. By breaking down the sentences syntactically and semantically, NLP can
provide insights into the clarity of the requirements.
e Conflict Detection: NLP can be used to detect conflicting requirements by cross-referencing them with
others. For example, if two requirements specify different performance characteristics for the same system
component, NLP can flag these as potential issues.
e Alignment with System Goals: NLP can also assess whether the requirements are aligned with the high-
level objectives of the automotive system. This alignment is key to ensuring that the design process doesn't
deviate from the intended system performance.

Advantages:

NLP enhances the quality of requirements by automatically identifying ambiguities and inconsistencies,
ensuring that specifications are clear, precise, and ready for implementation. This early detection helps prevent
misunderstandings and design flaws, leading to more effective system development. Additionally, by catching
potential issues during the initial stages, NLP reduces the need for expensive corrections later in the project,
resulting in significant cost savings. It also speeds up the validation process, as automated analysis replaces
time-consuming manual reviews, streamlining the development workflow.

Challenges:

Despite significant progress in NLP, interpreting complex technical language remains challenging,
especially in fields like automotive systems where domain-specific jargon and highly specialized terms are
common. To handle such complexity effectively, NLP models often need to be customized for the specific
terminology and context of the domain. Additionally, understanding the context in which a requirement is
stated is crucial, as the meaning or validity of a requirement can vary depending on the scenario. This
necessitates context-aware NLP systems capable of discerning subtle nuances to ensure accurate interpretation
and application.
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C. Neural Networks for System Behavior Simulation

Neural networks, particularly deep learning models, are vastly being utilized to simulate and predict the
behavior of complex systems. In MBSE, neural networks can be used to model and validate the interactions
between different system components in an automotive design, facilitating the detection of potential failures
and performance issues.

J Training on System Data: Neural networks can be trained on historical performance data and system
behavior under various conditions. By learning the relationship between inputs (e.g., sensor data,
environmental conditions) and outputs (e.g., system response, failure modes), neural networks can simulate
system behavior under new, untested conditions.

o Scenario Simulation: Neural networks can simulate the operation of an entire automotive system,
predicting how the system will behave in real-world scenarios. This is particularly useful for validating
requirements and identifying potential failure points in a virtual environment before physical prototypes are
built.

o Anomaly Detection: By continuously analyzing system behavior, neural networks can flag
anomalous patterns that may indicate a failure or performance degradation, allowing engineers to address
these issues early in the development process.

Advantages:

Neural networks play an important role in enhancing system reliability and efficiency by enabling predictive
maintenance and failure detection, learning from historical data to anticipate potential malfunctions before
they occur. This proactive approach allows for timely maintenance and design optimization. Additionally,
neural networks excel at modeling complex interactions among system components, offering a powerful
alternative to traditional, often time-intensive modeling techniques. By simulating system behavior
accurately, they reduce reliance on costly physical testing and prototyping, ultimately leading to more efficient
and cost-effective product development.

Challenges:

Training deep neural networks demands extensive amounts of high-quality data, as insufficient or poor-quality
data can significantly impact the model’s performance, leading to reduced accuracy and reliability.
Additionally, these models often operate as "black boxes," making it difficult to understand or explain how
they arrive at specific decisions. This lack of transparency poses a major challenge, particularly in applications
where safety and accountability are critical, such as in the development of automotive systems.
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Fig. 4. Advantages of Al in Requirements Management
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V. CHALLENGES AND OPPORTUNITIES
A. Challenges:
Integrating Al into MBSE within the automotive industry presents a range of technical and organizational
challenges that must be addressed for effective implementation.

Data Availability and Quality: Al models, particularly those based on ML, require large volumes of high-
quality, annotated data to achieve reliable performance. In the context of MBSE for automotive systems, such
data may be difficult to obtain due to proprietary concerns, safety regulations, and the complexity of the
systems involved. Additionally, much of the historical design data is either unstructured, siloed across
departments, or stored in legacy formats, making it non-trivial to preprocess for ML use. Synthetic data
generation and domain adaptation techniques offer partial solutions, but they introduce their own set of
validation and reliability issues.

Toolchain Integration: Automotive MBSE environments typically involve a heterogeneous mix of tools
such as SysML based modeling platforms (e.g., MagicDraw, Cameo Systems Modeler), simulation
environments (e.g., MATLAB/Simulink), and requirements management systems (e.g., IBM DOORS).
Embedding Al capabilities into this fragmented ecosystem requires seamless interoperability, data exchange
standards, and support for open APIs. The lack of standardization and the steep learning curve associated with
integrating Al components further complicate this process.

Skills and Organizational Readiness: A critical barrier to Al adoption in MBSE is the existing skill gap.
Effective deployment of Al-enhanced MBSE systems requires interdisciplinary expertise spanning AI/ML
algorithms, systems engineering principles, and domain-specific automotive knowledge. However, current
engineering teams are often siloed, with limited cross-domain fluency. Upskilling existing personnel or hiring
hybrid talent represents a significant investment and cultural shift within traditional automotive organizations.

B. Opportunities:
Despite the challenges, the integration of Al into MBSE offers transformative opportunities that can enhance
the efficiency, robustness, and adaptability of automotive system design.

Efficiency Gains through Automation: Al techniques can significantly reduce the manual effort involved
in generating, tracing, and validating system requirements. Natural Language Processing (NLP) can automate
the extraction of requirements from unstructured text, while rule-based and learning-driven approaches can
support early-stage requirements validation. These capabilities can substantially shorten the design cycle and
reduce the time-to-market for new vehicle models.

Improved Accuracy and Consistency: Al can assist in detecting inconsistencies, omissions, or ambiguities
in system models that might be overlooked by human engineers. For example, anomaly detection algorithms
can flag deviations in system behavior simulations, and logic-based Al can validate consistency between
architectural models and requirements documents. Such improvements lead to a more accurate alignment
between stakeholder intent and system functionality, ultimately contributing to improved system safety and
compliance with automotive standards such as ISO 26262.

Enhanced Design Space Exploration: Al facilitates intelligent design space exploration by automating the
evaluation of a broad range of design alternatives through optimization and simulation. Techniques such as
evolutionary algorithms, reinforcement learning, and surrogate modeling enable engineers to identify optimal
configurations that balance competing constraints like cost, performance, and safety. This empowers decision-
makers with data-driven insights, allowing for more innovative and resilient system designs.

VI. CONCLUSION
The convergence of Al and MBSE has the significance to revolutionize the automotive industry by providing
significant improvements in the efficiency, accuracy, and flexibility of system design and development
processes. This integration is particularly important in the context of complex automotive systems, where the
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increasing demand for smarter, more efficient, and safer vehicles requires robust engineering methodologies
that can handle the complexity of modern designs.

Al can automate numerous critical tasks within the MBSE process, such as the generation, validation, and
simulation of system requirements. For instance, machine learning algorithms can expedite the generation of
design requirements by automatically extracting relevant data from historical designs and stakeholder inputs.
This reduces the risk of man error, ensures consistency, and shortens the time required to specify requirements.
Additionally, Al-driven tools can enhance the validation process by checking for inconsistencies and
misalignments between requirements, models, and system goals. This significantly reduces the possibility of
costly errors and rework in later stages of development.

In terms of system simulation, Al technologies enable predictive models that can simulate various operating
conditions and predict system behaviors before physical prototypes are built. This approach not only
accelerates the development timeline but also improves the accuracy of system performance predictions,
leading to more reliable and optimized designs. AI’s role in design space exploration further contributes to
this by automating the exploration of numerous design alternatives, considering a multitude of trade-offs in
performance, cost, and safety, which would otherwise be too resource-intensive for manual exploration.

However, the successful integration of Al into MBSE is not without its challenges. A key hurdle remains the
availability and quality of data. Al models, particularly machine learning algorithms, rely heavily on large
volumes of high-quality, labeled data. In the automotive industry, data can be scarce, fragmented across
multiple sources, or poorly structured, creating a significant barrier to Al implementation. To mitigate this,
companies will need to invest in data curation and management strategies, ensuring that data is standardized,
comprehensive, and accessible.

Furthermore, there is a noticeable skill gap in the industry, as few engineers are currently equipped with the
expertise required to work at the intersection of Al and systems engineering. For Al to be effectively integrated
into MBSE, organizations must prioritize upskilling their workforce and fostering interdisciplinary
collaboration between data scientists, systems engineers, and domain experts. This is a necessary step toward
bridging the knowledge gap and ensuring the successful application of Al technologies within MBSE
processes.

Despite these challenges, the potential benefits of Al-driven MBSE in the automotive sector are immense. As
Al technologies evolve and improve, they will likely become more accessible and powerful. The result will
be more efficient, accurate, and flexible system designs that can meet the growing demands of the automotive
industry, from reducing development times to enabling innovative solutions for electric and autonomous
vehicles.

In conclusion, while the path toward integrating Al into MBSE presents significant challenges, it also offers
unparalleled opportunities for enhancing the design and development of automotive systems. As the industry
continues to adapt to these new technologies, Al-driven MBSE is poised to become a cornerstone of future
automotive engineering, driving the next generation of vehicles toward greater efficiency, safety, and
performance.
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