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Abstract

In the context of digital system development, characterized by the utilization of digital
methods and tools such as Model-based Systems Engineering (MBSE) and artificial intelli-
gence (Al), the automated extraction of requirements from text-based documents becomes
realizable. As a result, time-consuming tasks regarding the management of requirements
can be optimized. This paper demonstrates the results of the application of a syntax-
based text extraction algorithm on different airworthiness security regulations. Extracting
non-functional requirements from document-based regulations, as the requirements in
airworthiness security regulations, using Al models is complex. This is because there is
a lack of appropriate training data sets to train AI models. In addition, the creation of a
large, high-quality data set requires time-consuming preparatory work. Consequently, an
algorithm was developed that extracts non-functional requirements from document-based
regulations independently of the existence of appropriate training data sets. The algorithm
compares individually defined templates that are composed of syntactical functions with
text-based regulations, stores matches and generates syntax trees. The algorithm further
includes an automated data-labeling functionality that enables the simplified creation
of training data sets for the training of Al models. It was found that with only a few
well-defined individual templates, a large number of requirements can be identified.

Keywords: text extraction; natural language processing; requirements engineering; airwor-
thiness security regulations

1. Introduction

As part of the development of airborne systems using system engineering, the man-
agement of requirements plays a central role. New systems must be developed sensibly
under consideration of certification specifications [1]. When regulatory authorities revise
regulations or define new regulations, design organizations have to make adaptions in their
development processes and adapt requirements regarding system design and certification.
System engineering approaches aim to handle the complexity of aerospace systems. MBSE
is the future of system engineering [2]. MBSE fosters different disciplines to collaborate
targeted and design system models [3]. The benefit of using MBSE is to generate a system
model that is easy to understand. The system model serves as a “single source of truth”,
considering all relevant development information in the model [4] and capture design
decisions as model elements [5]. In this context, requirement engineering is particularly
essential for model-based developments. It is common practice to define requirements
in natural language [6]. This is applicable to the definition of requirements as well as to
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requirements in regulations, which are in fact text documents. Consequently, the definition
of requirements as model elements necessitates a recording process. It was found that
although the automated recording of design, functional, and performance requirements in
the aerospace domain has been established [7], this recording process is typically carried out
manually regarding non-functional requirements. Further, the recording process necessi-
tates the involvement of highly skilled engineering professionals, which is inherently costly
in terms of both time and resources. The recording of non-functional requirements from
document-based aerospace regulations, especially security-related airworthiness regula-
tions, is complex: natural language processing (NLP) requires an appropriate training data
set [8]. In addition, the creation of a large, high-quality data set requires time-consuming
preparatory work. The research indicates that, regarding non-functional requirements in
the aerospace domain, no appropriate data sets exist. Nevertheless, development com-
panies may profit from solutions for automated requirement recording, in the form of
time saving. Due to this, there is a demand for a solution that enables the recording of
non-functional requirements in document-based aerospace regulations, independently of
existing training data sets and Al models. In this paper, an algorithm that uses the principle
of syntactical functions to identify and extract non-functional requirements is presented.
To be able to train AI models in the future, an automated data-labeling function has been
implemented in the syntax-based algorithm as a key feature. This enables the generation of
training data sets for subsequent use.

The development of this algorithm was motivated by the research project i+sCabin2.0 [9].
As a project partner, the Cooperative State University Baden Wiirttemberg Ravensburg is
responsible for the research and development of an MBSE framework contributing to the
airworthiness certification process of aircraft cabin systems. One objective is to capture
and transfer the non-functional requirements from the airworthiness security regulations
into the model-based framework. The algorithm presented here was designed to support
this process.

2. Technical Foundation

This section presents the technical foundation of this study. Relevant work regard-
ing NLP, applications of NLP for MBSE purposes, and fundamentals regarding syntax
extraction are summarized below.

2.1. Natural Language Processing

NLP is a discipline consisting of computer science, artificial intelligence, and linguis-
tics [10]. The application of NLP techniques assists systems engineers in creating effective
specifications, which is achieved by eliminating ambiguity, identifying incompatible re-
quirements, and evaluating the influence of requirements on the final design [2].

NLP techniques are commonly used by analysts and engineers for requirement-related
tasks as support in extracting and classifying requirement-related knowledge [11]. Trans-
former models have become the de facto standard for handling a range of language pro-
cessing tasks in industry and science [12]. Although frameworks like Bidirectional Encoder
Representations from Transformers (BERT) are used to identify non-functional require-
ments [13], several different techniques for the identification of non-functional requirements
have been established. Examples include the usage of supervised machine learning [14]
or support vector machines [15]. In addition, researchers are working on data sets for
requirement processing [16], and mapping studies regarding requirement engineering
and machine learning have been carried out [17,18]. Most of these examined approaches
do not address the aerospace domain, especially not airworthiness security regulations.
Research in the aerospace domain regarding requirement engineering has been carried
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out by Ray et al. [7]. While the authors used BERT to extract design requirements, func-
tional requirements, and performance requirements [7], the extraction of non-functional
requirements and airworthiness security requirements remains limited.

2.2. Natural Language Processing and Model-Based Systems Engineering

Natural language processing techniques can be employed to transform unstructured
text-based requirements into a format that is suitable for model-based system engineering.
Riesner et al. [3] presented an approach based on Named Entity Recognition (NER) to
generate SysML requirement tables from requirements written in natural language and
found that NLP is a valuable tool for MBSE to record information and reduce manual
workload. Riesner et al. [3] used Python and spaCy toolbox for development, and they
evaluated their findings through a case study of satellite requirements. The authors did not
investigate the effectiveness of non-functional requirements. Beyond Riesner et al. [3], other
researchers have addressed the disciplines of NLP and MBSE. The research conducted
by Kulcsar et al. [19] aimed to investigate the natural language understanding of MBSE
artifacts. The authors state that despite structured description of engineering data, their
inherent semantics often remain hard to explore. Kulcsar et al. [19] proposed to use text
generators to generate descriptive text, on which semantic search and analysis techniques
can be applied.

2.3. Formal Tools

Requirements in a constrained natural language and formalization can be articulated
as a temporal logic to facilitate analysis and verification using appropriate tools. A well-
established tool is the Formal Requirements Elicitation Tool (FRET), which was published
by NASA [20]. FRET is a framework designed to streamline the elicitation, formalization,
and comprehension of requirements. Requirements written by following the rules of
FRET are semantically unambiguous [20]. While these rules can be employed to define
requirements, it cannot be assumed to be present in all cases: requirements in text-based
regulations may not align with the rules of FRET.

2.4. Syntax and Syntax-Based Text Extraction

Syntax fundamentals and the state of research regarding syntax-based text extraction
is summarized in the following. The process of analyzing a sentence syntactically consists
of attributing a function and a form to the smaller units that constitute the sentence. For a
successful syntactic analysis, it is relevant to know the difference between functions and
forms. Functions are either syntactic functions like subject, verb object, etc., or phrase-
internal functions like, for example, head, premodifier, postmodifier, etc. Forms are phrases
(e.g., noun phrase or verb phrase) and clauses (e.g., that-clause) or word classes (e.g., noun,
adjective, preposition. . .). Seven syntactic functions exist, which can be found on the first
syntactic level when segmenting sentences. The forms must be alongside the functions
during segmentation [21].

These syntactic rules are relevant for NLP and text extraction algorithms [22] and are
already implemented in toolboxes such as the Matlab 2023b Text Analytics Toolbox and
Industrial-strength NLP toolbox in Python (spaCy 3.0). Liu et al. [23] developed a method
for acquiring cross-domain requirements for app development based on feature extraction
and similarity matching. This proposed method is divided in two steps. Firstly, features
from descriptions are extracted by adding semantic actions to syntax rules. Secondly the
similarity of features in different domains is computed. Liu et al. [23] found that their
method is scalable and accurate and enables developers to accumulate experience. As
already mentioned, transformer models are used for NLP tasks. In addition, a lot of research
has been conducted in the field of transformer models. Different groups are investigating
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transformer models in terms of syntactical rules, aiming to increase their performance using
syntax trees. Sachan et al. [24] explored the utility of incorporating syntax information from
dependency trees into pre-trained transformers and applied it to the information extraction
tasks of semantic role labeling (SRL), NER, and relation extraction (RE). Sachan et al. [24]
found that syntax representations are most helpful for SRL and RE tasks when incorporated
on top of pre-trained representations. Sachan et al. [24] further found that models do not
provide any performance improvements on NER. The research of Bai et al. [25] aligns these
findings by incorporating the inductive bias of syntax trees into pre-trained transformer
models. Bai et al. [25] compared three different transformer models and found that the
incorporation of syntactic knowledge improves the effectiveness of transformer-based
models in natural language understanding.

3. Syntax-Based Text Extraction Algorithm

To identify and record non-functional requirements, this paper presents a syntax-based
text extraction algorithm. The Matlab 2023b development tool and a text analytics toolbox
were used. To extract requirements based on the syntax, several steps must be performed.
These steps are visualized in Figure 1.

Import of e
relevant Preprocessing Tokenization APP"°“‘F'°“ of Expo_rt of the
data algorithm requirments

Figure 1. Flowchart demonstrating the five steps required to extract non-functional requirements

with the proposed algorithm.

As the first step, the extraction requires the requirement document to be imported as
a pdf file and a table containing syntactical information of non-functional requirements.
In this step, the pdf is converted into a data string, and the table is converted into a cell
array. In the remainder of this paper, the aforementioned table will be referred to as the
“syntax template”. The second step is preprocessing. In this step, data are extracted from
the metadata of the pdf file, and then employed for the subsequent labeling of the extracted
requirements, thereby enhancing traceability. After preprocessing, tokenization is carried
out. Tokenization is essential to preparing the text for further processing with NLP. In
general, tokenization involves breaking sentences into individual words [10]. This step is
followed by the application of the algorithm to identify the requirements. Subsequently,
all identified requirements are exported and further integrated into the project’s system
model. Figure 2 shows a flowchart that visualizes the major steps of the algorithm and an
exemplary syntax template. The syntax template is shown in Figure 3.

Extract worqtypes ) Record Validate matches &
from data string and Comparison matches and
] generate data set
syntax template assign ID

Figure 2. Flowchart presenting the functionality of the extraction algorithm.

The algorithm is explained as follows. The initial step is to ascertain each individual
template of the syntax template. Figure 3 shows the schematic concept of a syntax template.
In each column of the shown syntax template, an individual template is defined. To define
an individual template, a syntactic function is assigned to each cell of the defined individual
template. There is no limitation of the length of an individual template. The endpoints of
each individual template are then indicated with the term “end”. The syntax template may
contain several individual templates.
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Figure 3. Schematic concept of the syntax template.

After the initial step, the parts of speech are read from the syntax template cell array
and compared with the parts of speech of the data string. This process is repeated until the
algorithm identifies a match between the individual template and data string. In the case
that a match is identified, the algorithm records the match, the number of the individual
template, and the location in the data string. In addition, the algorithm assigns an ID. The
purpose of collecting this information is to enable the labeling of the data string. After
every individual template of the syntax template cell array has been checked, the records
of the matches are processed and validated. Next, the algorithm labels the data string
automatically using the validated records. The labeled data string can be used as input to
train Al models. By means of this automatic data set generation, the developed algorithm
reduces time-consuming manual data labeling. Currently, records are validated manually.
To support the validation step, syntax trees of the matches are generated by the algorithm.
Figure 4 shows the generated syntax tree of a validated non-functional requirement.

All airéraft and system specification avaiiable at this time should be used as inp'uts to this activity .

Figure 4. Syntax tree of an extracted and validated non-functional requirement.

It was found that the generation of syntax trees contributes to the process of manual
validation. Each validated requirement is exported in a format that can be further integrated
into a requirement or an MBSE tool. It is conceivable to automate the manual validation
step using transformer models y relying on approaches described in [13] or [24].

4. Results

To apply the algorithm, a reference data set was derived from the airworthiness
security specification ED-203A. The reference data set comprises 46 pages and contains a
total of 23 non-functional requirements. The syntax template is designed to identify all
requirements, and it consists of eight individual templates. Despite the templates being
constructed by hand, the construction time required can be considered low. The algorithm
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was applied to the reference data set after the syntax template was created. Subsequently,
to evaluate the effectiveness of the individual templates in the syntax template set, the
respective matches of the individual templates were identified. Figure 5 presents the results
as a pareto diagram, revealing that 78.3% of the requirements of the reference data set could
be identified with only three of the eight individual templates. The template that achieved
the highest number of matches was able to identify eight requirements, which corresponds
to a percentage of 34.8%.

Effectiveness per Template
23 T T T 100%
20 | 187%
15 -165%
10+ -43%
122%

Template1 Template2 Template7 Template8 Template6 Template5 Template 4

Figure 5. Pareto diagram demonstrating the matching rate of the individual templates in accordance
with the reference data set.

At this point, it can be deduced that the extraction of non-functional requirements
in airworthiness security regulation based on the syntax is possible in principle. This is
mainly due to the wording used in the selected regulations. As already mentioned, the
wording set out in text-based regulations does not necessarily align with the rules of a
formal language as proposed in [20]. However, such formal rules would have a beneficial
effect on the performance of the algorithm and contribute to the achievement of a high
matching rate with well-defined templates. The achievement of a high matching rate based
on well-defined templates is an essential advantage of the proposed algorithm. In addition
to that, the algorithm offers the automated data-labeling functionality. This functionality
reduces the time-consuming step of data labelling, which is needed when using Al, as
proposed in [14]. As an additional test, the same syntax template (without any adaptions)
was applied to the airworthiness security regulations. The results indicate that using the
same syntax template for different documents results in different performances. Not all
individual templates of the syntax template triggered a match. The syntax of requirements
for different regulations varies, and the syntax template should be modified based on the
application target. At this point, it can be argued that formal rules like those proposed
in [20] would have a beneficial effect on the performance of the algorithm. The results
are summarized in Table 1, showing a varying matching rate in relation to the application
target. The performances of the best individual templates are between 57% and 83%. It can
be concluded that high-quality single templates are essential for the targeted application of
the proposed algorithm.

https:/ /doi.org/10.3390/engproc2026133183


https://doi.org/10.3390/engproc2026133183

Eng. Proc. 2026, 133, 183

7 of 9

Table 1. Results of the application of the approach on different airworthiness security regulations
using the same syntax template.

i Best Single Template
Regulation Matches  Verified Verifi eIilill\?[:t(;Il:es (%) Teislcaetsessf?lzr) (N) gerforml;)nce (%)
ED 201-A 21 33% 1,2,4 2 57%
ED 202-A 17 35% 1,2,7,8 1 83%
ED 204-A 10 50% 1,2,3 2 60%

In the underlying research project i+sCabin2.0, the algorithm was used specifically
for the targeted identification of non-functional requirements in airworthiness security
regulations. As a result, the integration of the non-functional requirements into the MBSE
framework was achieved. Because of the flexibility in the definition of the syntax template,
the proposed algorithm offers a versatile area of application that is not limited to the
aerospace domain. However, it is difficult to predict the effectiveness of the proposed algo-
rithm in different areas, since requirements in other regulations may have a fundamentally
different syntax and structure and may not follow formal language rules.

5. Conclusions

This paper presents the functionality of a syntax-based text extraction algorithm and
the application results of this algorithm on airworthiness security regulations. The intro-
duced algorithm was tested in the context of extracting non-functional requirements for
integration into the model-based framework of the i+sCabin2.0 research project. The funda-
mental characteristic of the proposed algorithm is the utilization of the syntax template, for
which individual templates can be easily defined. The algorithm extracts requirements us-
ing only a few well-defined templates. The proposed algorithm exhibits broad applicability
across multiple domains. The automated labeling of the input data is an additional benefit
of the presented algorithm. It supports the definition of training data sets for Al models.
Currently, the validation of the identified requirements of the algorithm is performed in
a manual manner, supported by the automated generation of syntax trees. Future work
will focus on optimizing the algorithm to automate the validation steps using transformer
models. In addition, the training and testing of AI models is planned, where the extracted
data are used as the training data set.
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Abbreviations
Al Artificial intelligence
BERT Bidirectional Encoder Representations from Transformers
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FRET Formal Requirements Elicitation Tool

MBSE Model-based Systems Engineering

NER Named Entity Recognition

NLP Natural Language Processing

RE Relation Extraction

spaCy Industrial-strength Natural Language Processing (Python Toolbox)
SRL Semantic Role Labeling
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