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The European Union’s AI Act establishes comprehensive requirements for high-risk AI systems, yet the harmonized standards
granting presumption of conformity remain under development. We investigate the practical application of the Fraunhofer
AI Assessment Catalogue as a self-certification framework by conducting a complete self-certification cycle of an AI-based
facial emotion recognition system. Starting from a baseline model with deficiencies including inadequate fairness alignment
and high prediction uncertainty, we document an enhancement process guided by certification requirements. The enhanced
system achieves improved accuracy, higher prediction confidence and comprehensive fairness across demographic groups,
successfully satisfying certification criteria for the reliability and fairness dimensions. We find that the certification framework
provides substantial value as a proactive development tool, driving concrete technical improvements. However, fundamental
gaps separate structured self-certification from legal compliance: harmonized European standards are not yet fully available
and assessment catalogues cannot substitute for mandatory conformity assessment procedures. These findings establish the
Fraunhofer AI Assessment Catalogue as a valuable preparatory tool that complements rather than replaces formal AI Act
compliance requirements.
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1 Introduction and Motivation
Artificial intelligence (AI) has moved from research environments into widespread deployment across domains
including healthcare, finance, recommender systems and automated decision-making [25, 26]. Virtual assistants can
help with daily interactions. Algorithmic systems influence credit and hiring decisions, while AI models optimize
energy use [23]. This expansion raises concerns regarding fairness, transparency and accountability, particularly
for systems affecting fundamental rights such as labor markets, biometric identification, and emotion recognition
[11, 15, 34]. The complexity and opacity of modern AI systems complicate oversight, motivating comprehensive
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regulatory frameworks [10]. The European Union responded with the AI Act, establishing a risk-based ruleset in
which obligations scale with potential harm [19]. Similar regulatory initiatives have emerged globally [4]. Under
the AI Act, high-risk AI systems must therefore undergo conformity assessment. However, AI certification differs
from traditional software auditing, as adaptive behavior and data dependence require distinct evaluation approaches
in a still-developing field with limited practical guidance [12, 40].

This paper summarizes our recent work [9], building on earlier attempts [7, 8] to conduct sample certifications of
the RIOT installation’s EmoPy facial emotion recognition system using the Fraunhofer AI Assessment Catalogue
[32, 33, 38]. Our earlier efforts identified certification gaps but could not resolve them because EmoPy was
no longer maintained. In this paper, we rebuild the system in PyTorch as EmoTorch [6], address the identified
shortcomings and conduct a complete self-certification. This reconstruction makes the previously unmaintained
component modifiable and reproducible, enabling the certification-driven improvements examined in this paper.
We pursue three research questions:
RQ1: What practical insights emerge from conducting a complete self-certification cycle using the Fraunhofer AI
Assessment Catalogue?
RQ2: What does technical testing reveal that documentation-only certification can miss?
RQ3: To what extent does this self-certification address AI Act requirements regarding reliability and fairness?

2 Background
The AI Act requires conformity assessment for high-risk AI systems prior to market placement, with harmonized
standards granting presumption of conformity. However, delays in standardization significantly affect the current
certification landscape.

AI Act, Standards and Certification. The AI Act entered into force on August 1, 2024 [19]. It applies a risk-based
framework with differentiated requirements depending on potential harm. Facial emotion recognition systems
qualify as high-risk under Article 6(2) in conjunction with Annex III, point 1(c). They must comply with Articles 9
to 15 covering risk management, data governance, documentation, transparency, human oversight and accuracy,
robustness and cybersecurity [19]. Certification depends on measurable standards against which systems can be
assessed [39]. CEN-CENELEC JTC 21 is developing harmonized European standards [1, 2], but delays beyond
the original 2025 timeline extend work into 2026 [24]. Until standards are published in the Official Journal,
presumption of conformity under Article 40 cannot be used [27, 31]. Existing standards such as ISO/IEC 42001
provide organizational guidance but do not constitute technical specifications for individual AI systems and
therefore do not ensure AI Act compliance [17, 21].

Fraunhofer AI Assessment Catalogue. The Fraunhofer AI Assessment Catalogue was developed in anticipation
of the AI Act but finalized before its adoption [33]. It offers a structured, questionnaire-based evaluation across
six trustworthiness dimensions: fairness; autonomy and control; transparency; reliability; safety and security; and
data protection. We use it because it is publicly available, product-oriented and highly granular, with a systematic
procedure for assessing AI-specific risks, formulating criteria and metrics, documenting life-cycle measures and
reaching an overall assessment. Unlike ISO/IEC 42001, which focuses on organizational management systems, the
catalogue provides system-level technical and operational criteria. However, it is not a harmonized standard and
does not fulfill mandatory conformity assessment procedures under the AI Act [20].
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3 Methodology
We applied the Fraunhofer AI Assessment Catalogue to a facial emotion recognition system through a complete self-
certification cycle. The system is the core of the RIOT art installation [37], which uses facial emotion recognition to
create a responsive narrative in which audience emotions influence film progression [22]. Participants stand before
a screen while a webcam captures facial expressions and the AI adapts the film accordingly [36]. RIOT originally
used the EmoPy framework [5]. We reconstructed the original convolutional neural network architecture in PyTorch
as EmoTorch [6], establishing a baseline model that replicates the original system while enabling modifications.

Our self-certification focused on reliability and fairness, identified as medium risk in the protection requirement
analysis: the system processes facial images and categorizes a person’s expression, while misclassification affects
the installation experience but does not directly decide access to essential services. The methodology consisted of
three phases: (1) baseline assessment using shortcomings identified in the previous certification, (2) systematic
enhancements to architecture, training and dataset composition and (3) reassessment of the enhanced model using
the same catalogue criteria. This approach integrates certification into the development process, with assessment
findings directly informing system improvements. In practice, the catalogue functioned as a feedback loop: initial
certification findings were translated into concrete development tasks and implemented through dataset curation,
metric reporting, robustness tests and architectural changes. The system was then reassessed against the same
criteria. As a self-certification, it differs from independent third-party certification. To ensure reproducibility [35],
the full implementation, testing results and documentation are publicly available [6].

4 System Enhancement and Certification Results
In this application, fairness does not mean that predicted emotions should be equally distributed across demographic
groups. Rather, users expressing the same target emotion should receive similarly reliable predictions regardless
of gender, race, age or visible characteristics such as skin tone and head coverings. We therefore operationalize
fairness through group-wise prediction quality: subgroup accuracies, accuracy gaps, disparate-impact style ratios
and equalized-odds analysis.

The baseline model, a CNN with two convolutional blocks (four convolution layers) and 6,964 parameters trained
on FER-2013 and CK+ [16, 29], was built from 20,940 original images across four emotion categories (anger, fear,
calm, surprise) and achieved 53.88% validation accuracy. Technical testing revealed issues masked by accuracy
alone: high entropy (1.38), indicating substantial uncertainty, as well as weak subgroup-level performance in the
equalized-odds analysis, with TPR values as low as 27.6%. The original datasets lacked demographic metadata,
preventing systematic fairness analysis across gender, race and age; subsequent FairFace-based inspection also
indicated skew toward Caucasian and middle-aged groups.

The catalogue requirements directly shaped the remediation. Fairness criteria required identifying potentially dis-
advantaged groups, defining application-specific fairness and quantifying output fairness; reliability criteria required
more than aggregate accuracy, including robustness and uncertainty documentation. To address these deficiencies,
we expanded the architecture to three convolutional blocks (32, 64, 128 filters) with batch normalization, dropout
and Global Average Pooling, increasing parameters to over 300,000. Training improvements included weighted
CrossEntropyLoss, AdamW with weight decay, class balancing via WeightedRandomSampler and gradient clipping.
We expanded the dataset with RAF-DB [28] to 23,630 original images (259,930 with augmentation), applying
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targeted augmentations simulating deployment conditions (dark lighting, blur, noise, head covering). Demographic
annotations for gender, race and age were added using the FairFace project.

Here, an accuracy gap denotes the difference between the best- and worst-performing subgroup within a
demographic attribute, while the disparate-impact style ratio compares lower- and higher-performing subgroup
accuracies. The enhanced model achieves 68.19% test accuracy (macro F1: 0.676), improved confidence (78.7%)
and reduced entropy (0.53). Gender gaps are 3.56 percentage points, racial gaps remain within 7.85 percentage points
and performance exceeds 68% for age groups 0 to 69, with lower performance for 70+ (45.61%). Augmentation
testing confirms robustness across conditions, with weaker performance only for heavily blurred images (54.89%).

Reassessment using the Fraunhofer Catalogue indicates that the enhanced system meets certification requirements
for reliability and fairness. Table 1 summarizes how selected catalogue focus areas were translated into technical
changes and evidence.

Table 1. From catalogue criteria to system enhancements and certification evidence.

Catalogue focus area Baseline gap Remediation Evidence
Fairness: identify
potentially affected
groups and define
fairness

Original datasets lacked
demographic metadata;
fairness was not
operationalized

Added FairFace demographic
annotations; defined fairness as
comparable prediction quality

Race gap 7.85%, gender
gap 3.56%,
disparate-impact ratio
0.888

Fairness: quantify output
fairness on unseen data

Original documentation
lacked demographic
fairness metrics; baseline
subgroup performance was
weak

Added per-group accuracy,
confusion matrices and
age/race/gender test-set analysis

All race groups above
60%; age groups 0 to 69
above 68%; 70+ at
45.61%

Reliability: standard-case
performance and
uncertainty

Aggregate accuracy
documentation hid low
confidence and high
entropy

Added macro F1, confidence
and entropy; redesigned model
and training

68.19% accuracy, 0.676
macro F1, 78.7%
confidence, 0.53 entropy

Reliability: robustness
and application boundary

Baseline documentation
reported no augmentation
or robustness analysis

Added deployment-style tests
for lighting, contrast, noise, blur
and head coverings

All augmentations above
54%; weakest case blur
at 54.89%

5 Key Findings and Compliance Gap
RQ1: Practical insights from complete self-certification. The Fraunhofer Catalogue’s structured criteria required

deeper analysis than accuracy documentation alone. Accuracy metrics obscured low prediction confidence, while
fairness assessment required demographic metadata absent from the original datasets. For legacy systems, this
matters because systems that cannot be modified must meet requirements as they are, as demonstrated by the
baseline EmoPy system. Beyond evaluation, the catalogue served as a development framework: subgroup labels and
metrics followed from fairness criteria, while entropy, confidence and augmentation tests followed from reliability
criteria. Integrating certification requirements during development also produced structured documentation as a
byproduct, strengthening assessment validity.
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RQ2: Technical testing versus documentation-only certification. Technical implementation revealed issues that
documentation alone did not detect. The baseline model showed acceptable accuracy while masking high entropy
and low confidence, with approximately 27% confidence for a four-class prediction problem. Accuracy-focused
documentation overlooked these characteristics. Enhanced evaluation using entropy, confidence, demographic
fairness and robustness metrics provided a more comprehensive picture of system behavior. Deeper technical
analysis therefore complements the documentation-based Fraunhofer Catalogue and reduces oversight risk.

RQ3: Relationship to AI Act requirements. Significant gaps prevent using the Fraunhofer Catalogue as a
standalone means of demonstrating compliance with the AI Act. Harmonized European standards remain under
development by CEN-CENELEC JTC 21, with delays beyond the original 2025 target [3]. The Fraunhofer
Catalogue alone is insufficient to demonstrate conformity with the AI Act. [20]. AI Act conformity assessment
requires procedures leading to the EU Declaration of Conformity [18, 19], Article 17 quality management systems,
post-market monitoring, and the applicable conformity assessment before the system is placed on the market
once the relevant AI Act obligations apply. Despite these gaps, structured self-certification has preparatory value
by aligning improvements and documentation with AI Act principles and facilitating future transition to formal
conformity assessment once harmonized standards are available.

6 Conclusion and Future Research Directions
Our complete self-certification cycle using the Fraunhofer AI Assessment Catalogue demonstrates its effectiveness
as both an evaluation tool and a development framework for a facial emotion recognition system. The enhanced
system satisfies certification requirements for reliability and fairness, with improvements directly driven by
catalogue criteria: architectural refinement reduced prediction uncertainty, expanded datasets enabled demographic
fairness analysis and systematic documentation emerged throughout development.

However, substantial gaps remain between structured self-certification and AI Act compliance. The absence
of harmonized European standards prevents presumption of conformity. Furthermore, the Fraunhofer Catalogue
is not a recognized conformity assessment mechanism under the AI Act and cannot replace the applicable
conformity assessment procedures. This highlights the distinction between internal quality assurance and formal
legal compliance. Even after harmonized standards become available, structured self-certification remains useful as
an internal development and documentation practice, provided it is clearly separated from formal legal compliance.

Future work could examine how certification frameworks evolve once harmonized standards become available,
explore transitions from self-certification to formal conformity assessment and assess commercially deployed AI
systems to better understand real-world compliance challenges (e.g., with respect to multiple stakeholders that
might be impacted by the AI decisions [13, 14, 30]).
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