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Abstract

The release of the EU AI Act and Machinery Regulation provides the necessary
foundation for the use of artificial intelligence in safety components. In this con-
text, both regulations define specific requirements for quality management, risk
management and technical documentation, mandatory for conformity assessment
by a notified body. In this manuscript, we detail the challenges of AI-based safety-
related systems during development and certification, as traditional safety assurance
approaches fall short. Further, we illustrate the possible homologation procedures
and the interplay of both legal instruments. Additionally, we outline the notion of
the efficient assurance argument, including its purpose in certification, to provide a
means for quick system assessment and its characteristics during development, in
particularly, in designing and maintaining the system in meeting the required toler-
able risk level during its lifetime. Based on this, we detail the specific regulatory
requirements from both regulations and analyze the characteristics of the efficient
assurance argument in meeting these qualities. We conclude, that this type of
assurance argument can be seen as the missing link to safe AI homologation, since
it serves the engineering team during risk management, system design, verification,
validation and testing and operations, as well as the notified body for type approval
by demonstrating regulatory compliance.

1 Introduction

So far safety-critical systems (SCSs) have been based on hardware (HW) or software (SW). With the
introduction of the Machinery Regulation (MR) and the AI Act (AIA) in the European Union (EU),
the legislative foundation for artificial intelligence (AI) in general, but more specifically in safety
related contexts, has been build. This offers new perspectives and possibilities for the usage of AI
in safety-critical applications. Meanwhile, examples can be observed in our everyday lives, such as
autonomous driving [1, 2], or the analysis of medical images in the healthcare domain [3], among
others [4].
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Nevertheless, the utilization of AI-based SW comes with several implications. Most importantly,
the “semantic gap,” which is the lack of a specification detailing a concrete input-output relation-
ship. Moreover, in safety critical contexts, such as autonomous decision making, its application is
challenged by the “responsibility gap,” i.e., the inability to hold someone responsible for dangerous
outcomes, and the “liability gap,” which stands for the difficulty of assigning legal consequences to
responsible entities [5]. In this regard, regulation and standardization can form an important step
towards shedding light on these concerns by providing well-structured rules and principles. The
semantic gap emphasizes the importance of new directions in safe system development, i.e., assurance
driven development (ADD) of AI-based SCSs, since traditional HW and SW-based standardization
are only partially applicable.

In this manuscript, we address the following aspects: (1) We depict the challenges in the assessment
of AI-based safety components. (2) Subsequently, we outline the general homologation procedure for
AI-based safety components used in the industrial machinery sector according to MR and AIA in
the EU. (3) In this context, we illustrate the efficient assurance argument (AA), its characteristics,
and how it integrates within an ADD lifecycle process. (4) Additionally, we analyze the relationship
between regulatory compliance and the efficient AA and how this serves in reaching compliance and
type approval. (5) Lastly, we provide some ideas on how type-approval by notified bodies can be
conducted and related challenges in implementing imposed regulatory requirements. In this context,
we claim that—due to the challenges related to AI systems—efficient AAs can be seen as the “missing
link” to conformity assessment through a notified body.

This paper is organized as follows: In Sec. 2 we list important terms, provide an introduction to
AAs and the challenges related to AI system verification and validation (V & V). In Sec. 3 we
detail conformity assessment according to EU regulation. The efficient AA is illustrated in Sec. 4.
Subsequently the discussion follows in Sec. 5. Finally, we conclude in Sec. 6 by providing a brief
summary of our analysis.

2 Background and related works

A “safety component” is part of a system ensuring environment, health and safety (EHS) [cf. 6,
Art. 3(14)]. In this paper, we refer to systems containing safety components as SCSs. As emphasized
in [7], a safety component, in the context of the MR, only relates to machinery [cf. 8, Art. 3(3)]. The
terms risk and safety are closely related. “[R]isk” is defined as the likelihood of the combination of
harm occurring and its severity [9] and “safety” as “freedom from risk which is not tolerable” [cf. 10,
Cl. 3.14], which can be achieved with a “safety function,” aiming at risk removal or mitigation [cf. 8,
Art. 3(4)]. Functional safety is defined as the fraction of safety in a given system that depends on the
proper functionality of the safety component and additional risk mitigation approaches [cf. 11, Cl. 3].

Classical safety standardization defines the safety-integrity level as the central element, which
determines, the necessary amount of risk reduction of a safety function based on certain criteria and
measures and rigor to implement it, capable of reducing this amount of risk.

For “AI system[s],” generating outputs from inputs for a specific task, [cf. 6, Art. 3(1)], the mere
ticking-off requirements in wide lists is insufficient, hence, AAs are discussed in [12], to demonstrate
that selected AI-based technology, given a specific use case, is sufficient, instead of following
prescribed rules, as it is with classical SW in current standardization, [cf. 13–16].

Prior, to “the first making available of a product” on the EU market [6, Art. 3(12)], SCSs require
“conformity assessment,” which is the procedure for high-risk AI systems demonstrating compliance
to regulation [6, Ch. III, Sec. 2] [cf. 6, Art. 3(20)].

In the context of regulation, an analysis of the AIA and trustworthiness is given in [17]. A policy
research on the interplay between MR and AIA for AI-based SCSs is provided in [7].

2.1 Challenges of safe AI systems

Classical safety development is based on the V-model paradigm, which makes use of a clear input-
output relationship in the system specification, i.e., each requirement in the specification can be
linked to a particular system part, such as SW or HW [18–20]. For AI-based SCSs the semantic gap
[5, 21] challenges this clear traceability [22] and is further aggravated by the black-box nature of
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those systems, as the dedicated system behavior is non-separable from the rest [cf. 23, Cl. 9.2]. Thus,
V & V of AI-based systems, mandatory for system homologation, faces many challenges.

Furthermore, the correctness of predictive results given by an AI model is largely governed by
uncertainty, i.e., the inability to state, whether given predictions are valid. With this regard, uncertainty
is associated with complexities related to environment, observation and the system itself. To describe
this distinction, an “onion-layer model” has been proposed in [24], and the “manifestations of
uncertainty” in [25]. This can be reflected in the following example: The environment is highly
diverse and complex, e.g., weather conditions or traffic participants. A limited technical system, e.g.,
a sensor, is used to perceive it, potentially resulting in partial environment recognition (observation),
due to technical limitations, such as noise. The AI system, with its internal deficiencies, uses this
information to fulfill its task. This uncertainty leads to “assurance uncertainty,” that characterizes
reduced AA trust [cf. 25, Sec. 3.2].

2.2 Assurance argument

To cope with these challenges, assurance approaches for AI-based SCSs, as discussed in [12, 25–27]
have been proposed. The first standards on the intersection of AI and safety, i.e., ANSI/UL 4600,
ISO/PAS 8800 and ISO/IEC TR 5469, mandate the compilation of an AA [28].

A “safety case” is defined, as “[a] structured argument, supported by a body of evidence that provides
a compelling, comprehensible and valid case that a [system] is safe for a given application in a given
environment [. . .]” [cf. 29, Sec. 3]. We use the term assurance argument (AA) as a synonym for
safety case throughout this paper.

An AA consists at least of (a) the claims, which are assertions about safety or system properties,
assumed to be true, (b) the argument, which is a supportive element, why a given claim is regarded
as true, and (c) the evidence, that substantiates the argument with details. Therefore, an AA can be
seen as a decomposition of an initial top-level claim, stating that a system is acceptably safe, into
several sub-claims with the intention of being able to provide a conclusive set of evidence to any
claim after a sufficient number of divisions, i.e., in which a claim can be instantly confirmed by
evidence. Moreover, an explanatory statement has to be provided for the decomposition structure
from high-level claims into more specific claims [cf. 30, Sec. 5]. The claims have to cover all
requirements with the intention to show that the SW behavior aligns with its objective and ensures
system safety [cf. 31, Ch. 1]. An AA skeleton for an AI system can be found in [32, Annex B].

Relevant information to populate the AA must be derived from the AI component’s task and environ-
ment. This is given as a mapping of requirements from the broader system level context to the AI
component level. While task and environment play a crucial role for assumptions, justification and
context in the AA, the task, i.e., its requirements inform the selection of goals, strategies and solutions.
Requirement assurance, i.e., safety assurance, can be provided via evidence such as quantitative
safety performance indicators (SPIs).

3 Conformity assessment

Conformity assessment for safety components according to MR or AIA, as detailed below, requires a
notified body, i.e., an external third-party authority that conducts conformity assessment according to
a particular regulation, such as the AIA or other applicable legislation [cf. 6, Art. 3(22)]. The authors
of [7] mention a potential shortage in notified bodies for AI-based SCSs. The notifying authority,
which is a national entity, is firstly required to assess, designate and to notify “conformity assessment
bodies” [6, Art. 3(19)], i.e., before a notified body can operate in the field of AI and functional safety
(FuSa), it has to be authorized by such a notifying authority.

Machinery Regulation The Regulation (EU) 2023/1230 on machinery safety requirements (MR)
[8] as the successor of Directive 2006/42/EC [33] specifies the requirements on machinery in the
context of product safety and design starting from January 20th, 2027. In Art. 20 it is pointed out, that
a “product [. . .] which is in conformity with harmonised [sic] standards or parts thereof the references
of which have been published in the Official Journal of the European Union shall be presumed to be
in conformity with the essential health and safety requirements [. . .].” Therefore, when harmonized
standards are utilized in product development, the product is assumed to comply with the regulation.
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However, specific products, such as SCSs, have unique requirements. According to [8, Sent. 54]:
“[T]he conformity assessment of a safety component or a system with self-evolving behaviour [sic]
ensuring safety functions should be carried out by a third party, [. . .]” This means that a notified body
as a third party is required for conformity assessment, i.e., the homologation, for “safety components”
or systems demonstrating self-evolving behavior, even though the term “self-evolving behavior” is
neither clarified in the MR nor in the AIA [cf. 7]. Nevertheless, Art. 25 specifies different “conformity
assessment procedures for machinery and related products,” which require a notified body. These are
illustrated in Figure 1 and characterized as follows:

a) “EU type-examination” (Module B): Conformity assessment procedure for continuous
production: A notified body assesses the technical implementation of the product by in-
vestigating a sample “type” that resembles the SCS intended for market placement and its
documentation [8, Annex VII]. This is followed by “internal production control” (Module
C), in which the manufacturer testifies that the “manufacturing process and its monitoring”
are suitable for ensuring ongoing production consistency and quality [8, Annex VIII].

b) “[C]onformity based on full quality assurance” (Module H): The notified body assesses the
quality management system (QMS) used by the manufacturer to assure that the production
meets regulatory compliance [8, Annex IX].

c) “[C]onformity based on unit verification” (Module G): The individual product, intended for
market placement, i.e., the unit, is examined by a notified body. The manufacturer produces
a technical documentation depicting conformity to EHS requirements, which is used for
assessment [8, Annex X].

This is followed by the relevant steps in the AIA, as noted under Para. 3. Finally, the EU declaration
of conformity stating that the requirements on EHS are fulfilled is created and the CE marking is
affixed to the equipment.

Noteworthy, as pointed out in Annex I(A)(5, 6), the individual assessment through a notified body is
applicable to safety components that make use of machine learning (ML)-methods. After positive
assessment through a notified body the machinery or equipment can be placed on the EU market by
the manufacturer as this implies that EHS requirements according to Art. 8 are fulfilled [8].

AI Act This concern is reflected in Regulation (EU) 2024/1689 (AIA) as well, where AI systems
are categorized based on their associated levels of risk. SCSs are classified as high-risk (cf. Art. 6),
for which, as specified in Art. 43, conformity assessment conducted by a notified body is mandatory.
An audit includes the investigation of the technical documentation, demonstrating compliance to the
specific requirements outlined in Arts. 9 – 15, such as a risk management system (RMS) and data
governance, and the implementation of a QMS in Art. 17 [6].

The AIA mandates the application of the conformity assessment of the relevant act for the given
high-risk AI system [cf. 6, Art. 43(3)], i.e., in the case of a safety component developed for machinery
equipment, the MR is applicable. Additionally, the AIA requires the conformity assessment by a
notified body according to points 4.3 – 4.5 and 4.6(5) in [6, Annex VII], which considers the technical
documentation including dataset access, additional evidence generation, model access and potential
retraining in case of insufficiencies, respectively.

Independent, of the conformity assessment procedure selection in the MR (cf. Fig. 1), the implemen-
tation of a QMS is mandatory, according to the AIA [cf. 6, Art. 17]. In the case of the technical
documentation and the QMS, the existing technical documentation must be extended by the specifics
from the AIA according to Art. 11 [cf. 6, Art. 11(2)] and, if given, the existing QMS must be extended
by the requirements under Art. 17 of the AIA [cf. 6, Art. 17(3)].

The complete homologation procedure for a safety component according to the MR and AIA is
depicted in Fig. 1.

4 Efficient assurance arguments

For the purpose of homologation, we see great potential for the efficient AA, whose key characteristics
are based on the “efficient argument,” detailed in [31] for classical SW, and discussed in [34], in the
context of automotive AI-based safety. From a notified body perspective an AA has to demonstrate
the following properties: 1. The assessor can ascertain with ease that system risk is tolerable, and
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machinery and related products in Annex I(A), (for ML: sentences 5 and 6)

Article 25

Module H
full quality assur-
ance (Annex IX)

Module B
EU type-examination

(Annex VII)

Module G
unit verifica-

tion (Annex X)

Module C
internal production
control (Annex VIII)

conformity assessment by a notified body
(Annex VII(4.3. – 4.5., 4.6(5)))

AIA, Article 43

single EU declaration of conformity
(MR Article 21 (Annex V(A))
and AIA Article 47 (Annex V))

CE marking
(MR Articles 23 and 24
and AIA Article 48)

assessment by
a notified body

MR

MR, AIA

(b)(a) (c)

Figure 1: Conformity assessment routes for machinery and related products acc. to Article 25(2) of
the MR and the AIA.

hence, fit for purpose and achieving FuSa, without cumbersome complete system testing. 2. The
determination of whether the AA suffices for a proper pre-deployment safety case is achieved by
investigating, testing, and scrutinizing claims, arguments, and evidence in isolation. 3. Easily detect
limitations in argumentative structures and evidence depiction. 4. To assure with confidence, based
on a flawless AA, that the system is certifiable [31, 35]. Even in the case of traditional safe SW
development this is challenging [cf. 31, Ch. 1].

This leads to the characteristics of an efficient AA: (a) “Assurance driven development and reusable
artifacts,” which comprises an implemented ADD approach and the application of other tooling
and methodologies, which are well-known and qualified. (b) “Precise claims,” which help to
transform a specific safety requirement into quantifiable AI model property. (c) “Validatable models
and assumptions,” that concern the understandability of AI model, environment and problem goal.
(d) “Rigorous chain of reasoning and evidence,” which constitutes of the potential, to assess provided
evidence, and the decomposition structure of the arguments.

In this context, Item (a) helps a notified body to determine, whether the assessment properties of an
AA can be achieved in first place. An ADD methodology, as shown in Fig. 2, is paramount in serving
as the foundation for the compilation of a holistic AA, as well as, the usage of qualified tooling and
methods, such as specific SW libraries and HW platforms used to develop and operate AI models.

In case of an AI-based safety component, safety requirements are passed down from the overall
system level, to the AI technology level (the model). These requirements have to be addressed in the
AA, in which the claims, argument and evidence structure has to be defined according to Items (b) –
(d). Precise claims (Item (b)) relate to this transition. They help to specify these requirements in a
measurable way, meaning that the derived AI safety requirements become a quantifiable predicate of
the utilized AI technology. As noted in[36–38], this poses a great challenge.
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Therefore, the understanding of task and environment helps to link to the selected AI technology. The
existence of specific models, suitable for given tasks and environments give a notified body the chance
to understand what was done and how it was done (Item (c)). Using complex and potentially unknown
AI technology challenges this requirement. Finally, Item (d) refers to a proper AA decomposition
strategy, reflecting the potential of whether the AA is compelling and the provided evidences, deliver
appropriate risk estimates for a specific claims.

When transitioning to autonomous operation, SPIs, as outlined in [30, 39, Ch. 16] and [40], can serve
during the complete system lifetime as AA validity monitors, i.e., checking the claims for validity
(Items (b) and (c)). This is based on the reality, that even after diligent design and testing, some risks
will remain. Therefore, there is a chance to track AA violations before critical incidents happen, by
using SPIs, whose feedback serves as input for system updates. Instead of measuring a property, as a
key performance indicator (KPI)1 would do, such as the true positive rate, the SPI checks AA validity.
In the case of a person detection system a SPI could measure the frequency of false negative person
detections in successive frames and indicate AA validity violation if more than a certain threshold,
e.g., five subsequent false negatives, have been detected, i.e., it acts as a monitor for a specific claim.
In the case of violation, root cause analysis or safety analysis, as outlined in [32, Cl. 13], has to be
conducted, to find potential gaps, leading to system updates.

A simplified ADD lifecycle process (Item (a)) and how SPIs serve as measures (cf. Item (b)) to keep
the AA valid is shown in Fig. 2, which is based on [32, 40]. In traditional safety engineering, during
design, hazard analysis and risk assessment (HARA) is conducted to identify all relevant hazards,
derive the risk and apply mitigation measures [e.g., 41, 42]. Nevertheless, some hazards remain
undiscovered, or newly emerge due to drift. In assisted systems the operating context changes to
an open environment and likewise, additional uncertainties are introduced, potentially leading to
new hazards. This requires iterative V & V and testing in the designated environment to uncover
hidden hazards, until the necessary safety target level for deployment is reached. This aspect is
covered by the notion of “triggering condition[s]” in [43, Cl. 4]. Hence, there is a feedback from
the V & V stage to design, in which adequate measures are implemented, considering the triggering
conditions to reach a tolerable risk level. Nevertheless, not all triggering conditions will be identified
during V & V and testing, although, the objective of engineering is to achieve optimal system safety.
Ultimately, in assisted systems, a human operator is assumed to be responsible for ensuring system
safety, closing the gaps of responsibility and liability. This is reflected by the monitoring component
during operations. Nevertheless, not all of the uncovered aspects can be addressed by a human
operator, leading to system recalls and updates due to technical limitations, even though, these were
not initially intended. Examples for ADD processes can be found in ISO/PAS 8800 [cf. 32, Fig. 7-1],
and [27, 44–46].

system
design V&V operations

assurance
argument

SPI

S
P
I

SPI

H

AR
A

trigg
ering conditions

monitoring

Figure 2: A simplified ADD lifecycle process, incorporating design, V & V and operations. The three
stages are connected to the AA with dashed lines to indicate, that prior deployment, the AA is based
on these stages. However, to monitor the validity of the AA, SPIs are used and connect the individual
stages post deployment.

1The term “safety related KPI” is used in ISO/PAS 8800 in the sense of SPI [32, Cl. 3.2.10].
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5 Discussion

Despite the shift from the Directive on machinery to the MR and the release of the AIA, highlighting
systems with autonomous behavior and ML, there is a current lack of concrete, systematic approaches
for conformity assessment accepted by notified bodies, unlike those available for traditional SW
development [12]. As highlighted in [17], the absence of harmonized standards complicates the
homologation process. Nonetheless, as argued in [17], the AIA lays the groundwork for AI gover-
nance, establishing general requirements such as the implementation of a QMS, which must define
methods to ensure the system’s quality and performance. Additionally, a RMS is necessary, starting
with identifying known and foreseeable risks to highlight potential system weaknesses, referred to
as “trustworthiness analysis” in [17]. Risk assessment then analyzes these risks under normal and
misuse conditions.

Nomenclature Resolving the ambiguity in the notion of “fully or partially self-evolving be-
haviour [sic]” in the MR [8, Annex I(A)], interpretable as either SW that was obtained via ML
(self-evolvement during training), or as SW which continuously adapts even after deployment (ongo-
ing self-evolvement), is mandatory in order to assign the correct category of machinery in the MR.
Further, it should be clarified how this definition relates to that of the “AI system” in the AIA [cf. 6,
Art. 3(1)]. Nevertheless, the decision that an AI system is considered as “high-risk” must be based on
whether the given product is listed under the harmonization legislation under [6, Annex 1] or is a
safety-component falling under this list and whether the applicable legislation (in our case the MR)
mandates third party conformity assessment [7].

Homologation During homologation, a system might be checked against predefined testing prin-
ciples. A requirement from such a testing principle could be the detection of a black cylinder to
verify the necessary sensor detection capabilities [cf. 47, Sec. 3.3.3]. For AI-based SCSs this has
several implications: 1. The challenges outlined in Sec. 2.1 impede the applications of the V-model.
2. Some of the predefined testing principles—according to which an assessment is conducted—might
be easily learnable by AI algorithms, hence, a regular testing catalog could be exactly memorized
and recalled under testing conditions, thus, rendering this approach void. This potentially results in
high certification cost, due to the inability of testing against clear specification with limited boundary
conditions. 3. Structural challenges, related to the notification of conformity assessment bodies [7]
and their potential to assess AI-based safety components. 4. The current lack of detailed approaches
to AI system development in current standardization [28, 48], particularly related to providing sound
evidence in the AA [25, 36], exacerbate the situation.

The application of AAs is stated in neither the MR, nor the AIA [6, 8, 12]. We see great potential
in using efficient AAs for homologation, as given per Sec. 4. Such an AA protocol, for which an
ADD process and reusable artifacts are required, allows for precise claims, validatable models and
assumptions and a rigorous chain of evidence, that is required if certification cost reduction with
increased rigor lie in the focus. Hence, this approach can be seen as the missing link to AI-based
SCS homologation.

To make an efficient AA possible, i.e., one that can be evaluated by an assessor with limited resources
(Item (d)), it is important to have a proper ADD lifecycle—as a prerequisite for the fulfillment
of the presented characteristics—in place (Item (a)). Moreover, the development either within or
among organizations of a sound basis of reusable artifacts is mandatory. This could be achieved by
compiling a catalog, in which information on AI technology used for particular task and environment
combinations is collected, i.e., which AI model performs well on a particular task and environment.
Moreover, a proper understanding of safety-concerns and risks, existing in general and distinct
setups has to be collected [cf. 49]. This helps building an understanding of models and assumptions
(Items (a) and (c)).

If these reusable artifacts lack for general combinations of model, task and environment, it might
be possible to determine assumptions for particular problem subdomains. This seems reasonable
considering models constructed by a decision tree algorithm and foundation models. It is important
to take AI technology into consideration, that is well-used and understood, which means, that
starting with simple models and compact neural networks is encouraged, as these are more easily
understandable and techniques for their V & V might be in place [50, 51] (cf. Items (c)). Formal
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methods can potentially demonstrate clear system boundaries in neural networks, required for
evidence collection in precise claims (Item (b)).

To initiate the process, it is important to experiment with AI technology and feed an artifact database
with already gained experience or on the basis of HARA or other alternative techniques. The usage
of particular SPIs for specific claims can also be part of such a database (Items (a) and (b)). In this
context, standardization can also serve as way to share reusable artifacts and working assumptions
(Items (a) and (c)). Nevertheless, this topic is still a great challenge is therefore, an ongoing field of
current research and development, as indicted by [12, 34, 37, 38, 52].

5.1 Regulation

In traditional FuSa, the requirements for a technical documentation and a QMS are well established in
its management. For instance, the IEC 61508 series requires a QMS (cf. [41, Cl. 6] and [13, Annex F])
and specifies a “hazard and risk analysis,” cf. HARA, as outlined in [41, Cl. 7]. Similarly, ISO 26262
mandates a QMS, such as ISO 9001 [53] and IATF 16949 [54], and requires HARA as detailed in
ISO 26262-3 [42, Cl. 6].

Nevertheless, the mere presence of these processes does not imply that they cope with the particulari-
ties of AI systems. Hence, the specifics outlined in the AIA and the MR have to be incorporated into
the existing methodologies. ETSI TR 104 119 provides additional guidelines on the establishment of
the AIA regulatory requirements [55].

In the following we outline, how the particular requirements given by the MR and AIA can be
addressed with the compilation of an efficient AA, as specified in Sec. 4. However, our focus is on
FuSa, and thus, we only consider those requirements in the evaluation, as this is the primary objective
of this paper. Besides that, non-safety aspects can be addressed as well in similar arguments, which
might require different means for their management, such as fairness [56, 57], as indicated in [6,
Art. 9(9)].

Machinery Regulation

Technical documentation The MR mandates the compilation of a technical documentation accord-
ing to [8, Annex IV]. It has to contain the following information, namely (a) applied methods for
risk assessment, EHS requirements and mitigation measures, (b) machinery conformity verification
reports, (c) applied methods to meet specification requirements, (d) measures to ensure ongoing
regulatory compliance, (e) if applicable, disclosure of safety-relevant SW or logic, (f) in case of data–
driven safety-related controls, a description of capabilities, limitations relevant during the lifecycle
process, and (g) test results indicating potential safe assembly.

The ADD lifecycle (Item (a)) details the pathway from requirements, over HARA, design, V & V
and operations to not only ensure proper engineering, but also demonstrate how requirements and
specification are met. In case the safety-relevant logic has to be disclosed, the AA decomposition
depicts how requirements are met and the logic behind it (Item (d)). This might also help in protecting
intellectual property, as it could be clear that the disclosure of limited parts is sufficient. In case
of AI-based safety components, the AA considers all abilities and restrictions (Items (b) and (c))
under which the system functions. Furthermore, the V & V and testing stage ensures that a necessary
level of risk mitigation is reached, also given by the monitoring of precise claims and its evidence
in Items (b) and (d). The evidences created during the ADD process can assist in compiling the
documentation.

AI Act

Technical documentation The sofar MR-based technical documentation has to be extended for
SCSs (high-risk AI systems) to detail the realization of Arts. 9 – 15, according to [6, Art. 11]. A key
requirement is that it must reflect the current status of the AI system, even after deployment. Further
requirements consider descriptions of (a) the AI system itself, comprising purpose, integration within
the broader system context, (b) the system elements and applied methods, including algorithmic, data
requirements, V & V and testing procedures, etc., (c) monitoring and functioning, detailing abilities
and limitations, (d) selection of performance metrics, (e) the RMS, and (f) lifecycle modifications, as
stated in [6, Annex IV].
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The RMS is considered as a “continuous iterative process planned and run throughout the entire
lifecycle [. . .],” that must be able to identify and analyze the “known and the reasonably foreseeable
risks,” emerging risks, and other potential risks, within “its intended purpose, and under conditions
of reasonably foreseeable misuse” utilizing a “post-market monitoring system” [cf. 6, Art. 9(2)].
Moreover, the risk mitigation or control measures shall result in an overall tolerable risk level [cf.
6, Art. 9(5)]. Testing has the goal to identify the “most appropriate and targeted risk management
measures,” for the AI system to “perform consistently for their intended purpose [. . .],” moreover,
“[t]esting shall be carried out against prior defined metrics and probabilistic thresholds that are
appropriate to the intended purpose” [cf. 6, Art. 9(6 – 8)].

In this regard, precise claims, as given by Item (b), not only detail the exact purpose of the AI-
based safety function, but also, how the requirements from the broader system context relate to
the AI system. Further, assumptions and context, shared along the definition of claims, detail the
environment, SW and HW, as well as capabilities and limitations, relevant for a given feature. In
this context, it is important to consider Items (a) and (c), to ensure, that assumptions hold and are
understandable for a notified body. By decomposing top-level claims into sub-claims, immediately
supportable by evidence, the applicability of these claims is given if the assigned metrics function,
which relates to Items (b) and (d). The evidences and artifacts generated during the ADD process,
past deployment, can be used to automatically update the documentation. In summary, the AA reflects
the actual state of the system and documents its safety-critical aspects.

Considering the RMS requirement in [6, Art. 9], an ADD maps directly to it (cf. Item (a)), as a
necessity for compiling an efficient AA. It must ensure that the set of safety requirements mapped to
the AI system are fulfilled during design, V & V and after deployment. Hence, we can state that a
AA requires a RMS, i.e., risk management is continuously conducted in ADD, and thus, forms the
foundation for regulatory compliance. Moreover, the post-market monitoring system, as outlined in
[6, Art. 72], is also mandatory for an efficient AA, and as noted monitors, such as SPIs, can assist
the compilation of precise claims and corresponding evidence (cf. Items (b) and (d)), and serve as a
feedback mechanism, posterior deployment, for ongoing AA validity.

Quality management system A QMS is mandated in [6, Art. 17], to ensure regulatory compliance.
This includes procedures for (a) design and development, (b) quality control, including V & V and
testing during development, (c) data management according to Art. 10, ensuring quality, (d) the RMS,
particularly for conformity assessment and system management, (e) the post-market monitoring
system, for ongoing monitoring and incident reporting, (f) record-keeping according to Art. 12,
guaranteeing appropriate operation with respect to the intended function.

In this sense, Item (a) with an ADD process serves as the basis for a QMS. It considers the complete
system lifecycle, including the interactions of the individual stages and how these affect the compila-
tion of evidences and artifacts for the AA. Data management, given by the “[d]ataset lifecycle model,”
shown in [32, Fig. 11-3], is also integrated. The relevant considerations for the RMS and post-market
monitoring system are sketched in Para. 5.1. Further, the definition of precise claims and evidence
generation (Items (b) and (d)) implement the requirements for record-keeping, as each claim must
be measurable, using tools like SPIs. Additionally, operationalization is given by defining SPIs as
evidences for claims to ensure system quality by on-going monitoring. Their definition, including
thresholds and resolution protocols, is goal dependent (derived from system task and environment).
Collectively, SPIs can be seen as part of the post-market monitoring plan mandated in [6, Art. 72].

Summary The regulatory requirements, such as the QMS, and the joint technical documentation,
are mandatory for AI-based SCS assessment. This can also be seen in the light of methods under
reusable artifacts (Item (a)) that must be in place when compiling an efficient AA. Hence, in
conformity assessment the presence of these tools, their capabilities and interaction only allows for
the compilation of a structured argument. In other words, a proper ADD lifecycle process that covers
all these aspects is required and to argue, whether Items (b) and (d) are possible in first place, for
which the methods under Item (a) must be implemented. Although the AIA terms AI-based SCSs
as “high risk,” they should not be high risk systems anymore, since the compilation of the AA, as
detailed in Sec. 4, aims at removing exactly these risks, hence, the term “CE-marked AI system” is
preferred by [7].

In the context of homologation, the efficient AA, given the characteristics depicted under Sec. 4, can
be seen as the “missing link” providing firstly, a tool to fulfill the requirements under the MR and
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AIA for the manufacturer and secondly, an effective and comprehensible means to assess conformity
by notified bodies. Obviously, an ADD method has to be in place to be able to create and maintain an
AA during the different lifecycle phases of HARA, design, V & V and post deployment.

Besides check-listing that the correct methods (Item (a)) are used, possible approaches to homolo-
gation might be the close supervision of projects during development, or the creation of unknown
but representative operational datasets according to specification by the certification authority used
for type-approval. Further approaches might be the definition of well-understood models, as well as
approved and trusted methods in the sense of Items (a) and (c) in testing principles.

The resulting workload for developers and assessors must be manageable in terms of know-how
and workforce. An assumption for Item (a) is given by the qualification and later cost amortization
of reusable tools and methods in the long run [31]. While this approach is likely suitable for large
companies, smaller ones might face serious problems in the establishment of qualified tools and
processes, due to cost and labor. Further, the industrial industry sector differs much from the
automotive sector, and hence, the implementation of monitoring systems over the complete lifecycle
not only affects the manufacturer of AI components but also potential clients. An overarching
infrastructure, ensuring AA validity, has to be implemented for system monitoring and potential
update mechanisms, which might not always be possible or desirable.

This also leads to the discussion of responsibilities assigned to the ADD process which is also
emphasized under “[s]afety culture,” in [39, Cl. 5]. A proposal for roles is presented in [58] for SCSs
incorporating AI, and specifically for the ML Operations process in [59], being the core in data-based
ADD. Different areas of expertise have to collaborate extensively, such as systems engineering, safety
engineering, domain experts, requirements engineering and the AI-related responsibilities, e.g., AI
experts and data scientists. Further, external assessors share common touch points.

6 Conclusion

In this paper we provide an overview of the homologation process of AI-based safety components
according to MR and AIA, for which a notified body is mandatory.

The challenges in this process are specifically related to the nature of AI systems, their V & V and
uncertainty handling. For classical SW engineering, the notion of the efficient AA was introduced, to
characterize an argument that details safety and makes external assessment possible. The characteris-
tics of such an argument are “assurance driven development and reusable artifacts,” “precise claims,”
“validatable models and assumptions” and a “rigorous chain of reasoning and evidence.”

In our study, we characterize the efficient AA as an argument that provides the necessities for third
party assessment. Further, we analyze the requirements from the regulations and compare them with
the characteristics of the efficient AA and propose how they can meet regulatory compliance criteria.
We discover a great overlap between these requirements, such as documentation management and
QMS, and the efficient AA. Lastly, we outline possible ideas to certification and challenges related to
implementing ADD, particularly for smaller companies. Hence, the efficient AA can be seen as the
missing link to homologation.

The definition of monitoring mechanisms for particular claims, such as SPIs, AA sufficiency, the
compilation of a database with reusable artifacts detailing use cases in combination with AI technol-
ogy, risks and safety assurance techniques have great potential for further research. In our point of
view, this is a mandatory requirement to make an efficient AA and conformity assessment possible.
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