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Abstract. This paper discusses innovative approaches to model based systems 

engineering (MBSE) in the context of the space industry by presenting the results 

of a digital assistant that implements artificial intelligence to support the automa-

tion of systems engineering tasks. The design of complex engineering systems 

requires an exhaustive and continuous verification and validation process at each 

stage of the mission lifecycle. While at the early phases of a project the system 

design might not yet include a high level of detail, it is still necessary to ensure 

that it meets the mission requirements. Even if the design data is recorded using 

MBSE tools, these do not usually offer integrated verification capabilities to 

cross check the design against the requirements. Natural Language Processing 

techniques have been explored to address advancements, limitations, and cus-

tomization of MBSE approaches in space. The application scenarios are mainly 

focused on learning from past mission data to identify potential links between 

requirements and model artefacts, and to detect inconsistencies in the models also 

making use of Large Language Models. 
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1 Introduction 

There have been recent efforts to investigate the applicability of Natural Language Pro-

cessing (NLP) techniques to support requirements management in the early design pro-

cess of spacecraft. The main objectives and specifications of a spacecraft, especially in 

the initial phases, are still mainly formulated in natural language. For larger missions 

with many subsystems, the management of spacecraft requirements is complex as read-

ing through large documents filled with requirements can be time-consuming and prone 

to errors, making it difficult to ensure all requirements are properly addressed and inte-

grated into the design and development process. The European Cooperation for Space 

Standardization, for example, has specified over 26000 possible requirements in their 

catalogues [1]. Even though requirements can be handled in a structured MBSE 
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approach, they are still fully expressed in natural language. Other approaches trying to 

formalize requirements into a machine-readable format usually do not capture com-

pletely the complexity of requirements [2]. However, recent developments in NLP sim-

plify and enhance the capabilities to manage and analyze requirements with methods 

such as semantic similarity [3], concept recognition [4], or natural language understand-

ing.  

Having access to well structured, normalized, and connected data is an advantage 

when applying AI technologies, and this need can be covered by the use of MBSE 

models to train the algorithms. Existing data from conducted studies generated using 

an MBSE approach provides a great opportunity for systematic reusability, and the 

analysis of this data using state-of-the-art NLP methods can facilitate the design process 

of new missions by providing additional validation and recommendation mechanisms 

to engineers.  

Latest research done in the application of NLP for Requirement Engineering has 

been focused on developing solutions for requirements classification [5], detection of 

anomalies and similarities [6], requirements tracing [7], and big data approaches of 

mining user feedback to develop more user centric requirements [8]. However, the more 

advanced and recent NLP techniques, based on contextualised word embeddings, still 

need to be explored for requirements engineering and domain specific applications. 

The development of a prototype digital assistant including the latest NLP techniques 

applied to space system engineering has been carried out as part of a Technology De-

velopment Element (TDE) program activity in collaboration between Starion Group, 

Thales Alenia Space France, and the University of Strathclyde. The AI-Powered Digital 

Assistant for Space System Engineering project aimed to develop a solution to identify 

common concepts from past models and propose suggestions for new designs, speeding 

up the mission definition phase and avoiding the repetition of previous mistakes.  

The work presented in this paper covers the proposed solution for the digital assis-

tant, consisting of a web application integrated with the MBSE Hub and providing con-

ceptual interoperability with the Space System Ontology (SSO). The paper outlines the 

use cases and how the NLP techniques, fine-tuned for the space domain, allow users to 

analyse and determine relationships between requirements and MBSE artefacts.  

2 Methodology and Development 

Potential application scenarios were first identified for the use of a digital assistant in 

the context of space system engineering activities. This was done in a workshop col-

lecting ideas from several experts from the European Space Agency (ESA) who are 

typically involved in Concurrent Design studies. The initial set of over 80 use-cases 

was subsequently processed and prioritised according to their usefulness and feasibility 

of implementation, to finally select three use cases for development.  

The team gathered relevant datasets for the training of the algorithms and investi-

gated on the latest NLP techniques that would best meet the chosen needs. The datasets 

used are proprietary, so to avoid the risk of reverse engineering we published the results 

using a reduced set of this data and open-source data.  
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In parallel, the architecture for the solution was defined considering the integration 

of these techniques and the link to the SSO and the MBSE Hub. After completing the 

development of the assistant for the three use cases, we created a web application that 

exposes the tool’s functionalities and allows the connection to the Hub. 

2.1 Application Cases 

The initial set of application scenarios was grouped into four different categories: se-

mantic search, recommendation, check/validation, and generative design. Additional 

information on the use cases identification and selection process ca be consulted on the 

paper presented at SECESA 2022 [9]. The selected use cases were further described 

decomposing each one into several user stories, which respond to potential user needs. 

A validation process was also defined to facilitate the testing of the solution. The three 

selected use cases can be summarized as follows: 

• Use case 1: Link low- and high-level requirements, check their traceability, propose 

additional requirements, and suggest or check the verification method. 

• Use case 2: Complete or update the design with parts and properties. 

• Use case 3: Check artefacts specifications are not in conflict with the requirements, 

and warn the user if the model data does not fulfil the requirements. 

2.2 Data Structure and Space System Ontology 

The deployment of AI algorithms which need to be trained and used on large sets of 

engineering data is usually a challenge due to the unavailability of enough quality and 

structured data. ESA’s OSMoSE (Overall Semantic Modelling for System Engineer-

ing) initiative aims to achieve semantic interoperability by defining a global conceptual 

data model, known as the Space System Ontology (SSO), and developing tools that 

support consistent model-based exchanges. Therefore, the SSO provides the necessary 

structure and traceability to the data facilitating the application of the NLP algorithms. 

The high level process used for this project is shown in Fig. 1. The AI assistant needs 

to be sourced from data, which are formalised into a knowledge graph structured by the 

SSO ontologies. This knowledge is stored in the Data Hub, which in this case corre-

sponds to the MBSE Hub developed by Starion as part of the Model Based Engineering 

Hub project [10]. A significant feature of the Hub's design is its high degree of code 

generation directly from the ORM model (in this case an SSO model extended with the 

project needs) using the Kalliope library developed and open-sourced by Starion [11]. 
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Fig. 1 Overall assistant source datasets and processes 

The model was both trained and validated using various data sources, including a large 

set of specifications and requirements from an ESA project and their traceability links, 

several CDP4-COMET models from Phase 0/A missions, and a Capella model that was 

(manually) linked to the COMET models to form a unified SSO-compliant model. 

2.3 Architecture of the Digital Assistant 

The software architecture design aimed to accommodate three main objectives: ena-

bling NLP techniques for addressing specific use cases, retrieving knowledge from SSO 

structured data models, and integrating the assistant with the MBSE Hub. The require-

ment specifications and MSBE artefacts are the inputs to the system on which concept 

extractions, rules and embedding are completed with different training processes. These 

include NLP transformers models, similarity metrics, aggregation operators, and clus-

ters tailored to the specific application. The methodology has been presented at [12], 

with the description of the techniques and the used algorithms (comparison of semantic 

similarity, filtered-breadth-first search, Large Language Models, and graph theory). 

The functional architecture for the software backend is composed by four main ca-

pabilities: data ingestion, data linking, data analysis, and a user interface layer to sup-

port the interaction with the user for input submission and output visualization. 

3 Digital Assistant Functionalities and Usage 

The web application developed allows end-users to interact with the Digital Assistant 

by selecting the analysis to run on their data with the necessary inputs and settings. 

When connected to the MBSE Hub users can retrieve information like requirements 

from the Hub databases to perform analysis directly on this data. The software solution 

stores the completed analysis and a dashboard page (Fig. 2) summarises the project 

related data, the types of analyses that can be run, and statistics on the previous analysis. 

Additionally, users get a notification when an analysis is completed and they can ex-

plore the results for a project. Results are shown in a dedicated view with the start date, 

time to complete, the type, inputs and outputs (with multiple display options), whether 

errors were found, the status, and the user agreement on the assistant recommendations. 
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Fig. 2 Dashboard of the Digital Assistant 

A typical context in which the tool can be used would begin with system engineers 

defining requirement specifications, which can be linked to other MBSE artefacts such 

as components or functions by domain experts. This model data can be stored and trans-

ferred through the MBSE Hub to be used by other domain specific tools, like the assis-

tant developed in this project. After being trained on past mission data, the assistant 

offers users recommendations for ongoing designs based on previous models.  

The user starts by selecting a project and connecting to the Hub, and then selects the 

kind of analysis they want to run on their data. The screenshots in Fig. 3 show the 

example for the ‘Propose Requirements’ analysis type, where the input requirement can 

be selected from the actual project data sourced from the Hub. Users  would get recom-

mendations on similar or related requirements based on similarity metrics. Other anal-

ysis options related to requirements implemented in the context of the activity allow 

users to get traceability links with the related probability from a given requirement or 

specification to another specification (or container), to check the consistency of traces 

and detect or suggest the requirement’s verification method. 



P. Maestro Redondo, G. Garcia, A. Riccardi, P. Darm, J. B. Jiménez Eguizabal,  

A. Théate, S. Gerené, A. González Fernández, G. Kolfschoten 

6 

 

 

Fig. 3 Selection of the Analysis and Settings 

A specific analysis kind has been also developed to provide recommendations for com-

pleting the model design with either new elements or new properties based on a selected 

input function. The last analysis uses a Large Language Model (LLM) to obtain a state-

ment on model consistency based on the results from the two previous analyses types. 

The LLM performs a check through the design model to verify that necessary functional 

and physical elements exist and satisfy the requirements. An example of the results for 

this analysis is shown in Fig. 4, where the target requirement is compared with the 

design data and the LLM output gives a final statement on consistency. 

The results for the analysis are stored, and users can give feedback to indicate if the 

suggestion from the digital assistant is accepted. This may in the future enhance addi-

tional machine learning based on the user feedback. The LLM used for this project is 

open-source (Vicuna-13b [13]), but more advanced models would give more accurate 

results. 

 

Fig. 4 Analysis results window displaying the LLM output 
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4 Validation and Future Work  

The developed solution has been evaluated to assess its performance and the quality of 

the recommendations. The validation results show a positive outcome, although relia-

bility heavily depends on the size and quality of available data sources for training, 

currently based on past projects data. Another key challenge is to improve performance. 

This would allow to process larger volumes of data for the analyses, including the abil-

ity to check complete models.  

Finally, even if the application is connected to the MBSE Hub, the results cannot yet 

be used in the authoring tools. Results could be saved in the Hub to allow the assistant’s 

recommendations to be translated into the original model and displayed as revision 

points, making results more usable also in a semi-automated review cycle. 

4.1 ESA Perspective 

This activity is part of a broader set of roadmaps for technologies like AI and MBSE, 

aiming at reducing by 30% the development time and cost of ESA missions, in accord-

ance with the Agenda 2025 [14].  

Most of the use cases studied in this activity have low Technology Readiness Level 

(TRL), but it is expected that, thanks to the rapid advancements in the fields of AI and 

LLMs, they will reach a higher TRL within few years and be used broadly for space 

mission design. Other related use cases, like question-answering systems on engineer-

ing databases/models, are more mature and are already being used operationally on 

ESA missions. These use cases have not been explored in this work since their TRL is 

already high. The activity results can be accessed in the European Space Software Re-

pository (ESSR) [15] under an ESA Community License. 

5 Conclusion 

Three distinct analysis approaches have been developed to process information of his-

torical mission databases using the latest NLP techniques. We illustrated through qual-

itative evidence that a fine-tuned language model can trace logical connections between 

requirements and predict verification methods at an acceptable level of accuracy. The 

explanation on the precision of the used algorithms has been described in [12]. LLM 

reasoning capabilities can perform complex tasks and prompting them with the correct 

contextual information can aid engineers in the verification process. Furthermore, the 

MBSE Hub has been used as an enabler for analysis using AI technologies, using the 

SSO as a consistent and structured data model to support tool interoperability. 

 With the project findings, we can state that the use of digital assistants will enhance 

MBSE practices in the future, especially supporting projects where consistency be-

tween model artefacts is critical, and effectively helping users to identify inconsisten-

cies and errors. High quality datasets will be needed to train and test the algorithms, 

and, as in many MBSE projects, proprietary data is a challenge. Therefore, finding a 

way for the assistant to deal with proprietary data would improve its usability. 
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