
AISyS 2025

The Second International Conference on AI-based Systems and Services

ISBN: 978-1-68558-303-3

September 28th - October 2nd, 2025

Lisbon, Portugal

AISyS 2025 Editors

Joseph G Vella, University of Malta, Malta

                             1 / 72
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Forward

The Second International Conference on AI-based Systems and Services (AISyS 2025), held on
September 28 – October 1, 2025 in Lisbon, Portugal, continued a series of events covering a broad
spectrum of AI focused topics.

AI-based solutions for monitoring, control, decision making are expected to increase the capability
of systems providing mechanism for predictions, optimization, risk minimization by interpreting
situations and large volumes of data.

A variety of domains (Ambiental, Tactile, Language Processing, Tracking, Healthcare, Ecology, etc.)
expanded in the last years based on practical advances provided by Artificial Intelligence (AI). Machine
learning AI-based discovery and learning allow deep-learning (and unlearn obsolete knowledge),
accurate forecasts, fault prevention and detection, as well as prediction of special diseases. Practical AI-
based services in Internet of Things (IoT), Transportation systems, Cyber-systems, Citizen-centric
systems, and others reached new levels of usability and quality.

Similar to the previous edition, this event continued to be very competitive in its selection process
and very well perceived by the international AI community. As such, it is attracting excellent
contributions and active participation from all over the world. We were very pleased to receive a large
amount of top quality contributions.

We take here the opportunity to warmly thank all the members of the AISyS 2025 technical program
committee as well as the numerous reviewers. The creation of such a broad and high quality conference
program would not have been possible without their involvement. We also kindly thank all the authors
that dedicated much of their time and efforts to contribute to the AISyS 2025. We truly believe that
thanks to all these efforts, the final conference program consists of top quality contributions.

This event could also not have been a reality without the support of many individuals, organizations
and sponsors. We also gratefully thank the members of the AISyS 2025 organizing committee for their
help in handling the logistics and for their work that is making this professional meeting a success.

We hope the AISyS 2025 was a successful international forum for the exchange of ideas and results
between academia and industry and to promote further progress in AI research. We also hope that
Lisbon provided a pleasant environment during the conference and everyone saved some time for
exploring this beautiful city

AISyS 2025 General Chair

Steve Chan, Decision Engineering Analysis Laboratory, USA

AISyS 2025 Steering Committee

Michael Resch, University of Stuttgart, High Performance Computing Center, Germany
Marc Kurz, University of Applied Sciences Upper Austria, Austria
H.B. Acharya, Rochester Institute of Technology, USA
Ahsan Pervaiz, Google Cloud, USA
Erik Buchmann, Center for Scalable Data Analytics and Artificial Intelligence, Germany

                             2 / 72



Abdul-Rahman Mawlood-Yunis, Wilfrid Laurier University, Canada
Rahul Agarwal, IBM, USA

AISyS 2025 Publicity Chair

Lorena Parra Boronat, Universidad Politécnica de Madrid, Spain
Sandra Viciano Tudela, Universitat Politecnica de Valencia, Spain
Jose Miguel Jimenez, Universitat Politecnica de Valencia, Spain

                             3 / 72



AISyS 2025

Committee

AISyS 2025 General Chair

Steve Chan, Decision Engineering Analysis Laboratory, USA

AISyS 2025 Steering Committee

Michael Resch, University of Stuttgart, High Performance Computing Center, Germany
Marc Kurz, University of Applied Sciences Upper Austria, Austria
H.B. Acharya, Rochester Institute of Technology, USA
Ahsan Pervaiz, Google Cloud, USA
Erik Buchmann, Center for Scalable Data Analytics and Artificial Intelligence, Germany
Abdul-Rahman Mawlood-Yunis, Wilfrid Laurier University, Canada
Rahul Agarwal, IBM, USA

AISyS 2025 Publicity Chair

Lorena Parra Boronat, Universidad Politécnica de Madrid, Spain
Sandra Viciano Tudela, Universitat Politecnica de Valencia, Spain
Jose Miguel Jimenez, Universitat Politecnica de Valencia, Spain

AISyS 2025 Technical Program Committee

Manoj Acharya, SRI International, USA
Rahul Agarwal, IBM, USA
Varol Akman, Ihsan Dogramaci Bilkent University, Turkey
Muhammad Atif, University of Florence, Italy
Michael Atighetchi, Raytheon BBN Technologies, USA
Erik Buchmann, Center for Scalable Data Analytics and Artificial Intelligence, Germany
Steve Chan, Decision Engineering Analysis Laboratory, USA
Shuaichen Chang, The Ohio State University / Amazon Web Services, USA
Jinglin Chen, TikTok Inc., USA
Sam Cheng, University of Illinois Urbana-Champaign, USA
Mohammed Dahane, Université de Lorraine, France
Peter Darveau, Digital Research Alliance of Canada, Canada
Charalampos Dimoulas, Aristotle University, Greece
Mounim A. El Yacoubi, Institut Polytechnique de Paris, France
Alain-Jerome Fougeres, ECAM Rennes, France
Yannick Fourastier, Codeurope, Ukraine
Ivan Ganchev, University of Limerick, Ireland / Plovdiv University, Bulgaria
Ilche Georgievski, University of Stuttgart, Germany
Ashish Gupta, BITS Pilani Dubai Campus, UAE

                             4 / 72



Tzung-Pei Hong, National University of Kaohsiung, Taiwan
Zhipeng Huang, Case Western Reserve University, USA
Ehsan Kazemi, University of Central Florida, USA
Radek Koci, Brno University of Technology, Czech Republic
Marc Kurz, University of Applied Sciences Upper Austria, Austria
Wissam Mallouli, Montimage EURL, France
Danilo Mandic, Imperial College London, UK
Juliette Mattioli, Thales, France
Abdul-Rahman Mawlood-Yunis, Wilfrid Laurier University, Canada
Anabela Moreira Bernardino, Polytechnic Institute of Leiria, Portugal
Eugénia Moreira Bernardino, Polytechnic of Leiria, Portugal
Reza Nourmohammadi, ETS - University of Quebec, Canada
Roy Oberhauser, Aalen University, Germany
Alison Panisson, Federal University of Santa Catarina, Brazil
Ahsan Pervaiz, Google Cloud, USA
Michael Resch, High-Performance Computing Center Stuttgart | University of Stuttgart, Germany
Anirban Roy, Birla Institute of Technology & Science,Pilani, India
Federico Sabbatini, University of Urbino "Carlo Bo", Italy
Addisson Salazar, Universitat Politècnica de València, Spain
Floriano Scioscia, Polytechnic University of Bari, Italy
Carlos M. Travieso-González, University of Las Palmas de Gran Canaria, Spain
Panagiotis Vlamos, Ionian University, Greece
Lei Wang, University of Connecticut, USA
Marcin Wozniak, Silesian University of Technology, Gliwice, Poland
Jing Wu, University of Illinois Urbana Champaign, USA
Jiaxing Zhang, New Jersey Institute of Technology, USA
Tommaso Zoppi, University of Trento, Italy

                             5 / 72



Copyright Information

For your reference, this is the text governing the copyright release for material published by IARIA.

The copyright release is a transfer of publication rights, which allows IARIA and its partners to drive the

dissemination of the published material. This allows IARIA to give articles increased visibility via

distribution, inclusion in libraries, and arrangements for submission to indexes.

I, the undersigned, declare that the article is original, and that I represent the authors of this article in

the copyright release matters. If this work has been done as work-for-hire, I have obtained all necessary

clearances to execute a copyright release. I hereby irrevocably transfer exclusive copyright for this

material to IARIA. I give IARIA permission or reproduce the work in any media format such as, but not

limited to, print, digital, or electronic. I give IARIA permission to distribute the materials without

restriction to any institutions or individuals. I give IARIA permission to submit the work for inclusion in

article repositories as IARIA sees fit.

I, the undersigned, declare that to the best of my knowledge, the article is does not contain libelous or

otherwise unlawful contents or invading the right of privacy or infringing on a proprietary right.

Following the copyright release, any circulated version of the article must bear the copyright notice and

any header and footer information that IARIA applies to the published article.

IARIA grants royalty-free permission to the authors to disseminate the work, under the above

provisions, for any academic, commercial, or industrial use. IARIA grants royalty-free permission to any

individuals or institutions to make the article available electronically, online, or in print.

IARIA acknowledges that rights to any algorithm, process, procedure, apparatus, or articles of

manufacture remain with the authors and their employers.

I, the undersigned, understand that IARIA will not be liable, in contract, tort (including, without

limitation, negligence), pre-contract or other representations (other than fraudulent

misrepresentations) or otherwise in connection with the publication of my work.

Exception to the above is made for work-for-hire performed while employed by the government. In that

case, copyright to the material remains with the said government. The rightful owners (authors and

government entity) grant unlimited and unrestricted permission to IARIA, IARIA's contractors, and

IARIA's partners to further distribute the work.

                             6 / 72



Table of Contents

The Resilience of the Leisure and Care Economy: Human-Centred Niches in an AI-Driven Labour Market
Ilona Erika Negro

1

The Disruptiveness of Artificial Intelligence in Higher Education: A Focus on Academic Roles, Tasks, and
Creative Autonomy
Francis Guambe, Phemelo Meleloe, Mdoko Ayanda, Nkosinathi Mndawe, Sternan Van Niekerk, Joshua Ebere
Chukwuere, and Yakub Kayode Saheed

4

A Prospective Monotonic/Non-Monotonic Transition Zone Impediment for Concept Model-Centric Artificial
Intelligence Systems
Steve Chan

15

Learner Models: Requirements and Legal Issues for the Development and Application of Learner Models
Felix Bock, Hendrik Link, and Dieter Landes

27

Risk-Aware HTN Planning Domain Models for Autonomous Vehicles and Satellites
Ebaa Alnazer, Ilche Georgievski, and Marco Aiello

36

A Comparative Study on Automated Expiry Date Extraction from Official Documents Using OCR and Image
Preprocessing
Alaeddin Turkmen, Baris Bayram, Ahmet Cay, and Zehra Hafizoglu Gokdag

46

Fuzzy Agent-Based Modelling and Simulation of Autonomous Vehicle Fleets for Automatic Baggage Handling in
4.0 Airports
Alain-Jerome Fougeres, Ouzna Oukacha, Moise Djoko-Kouam, and Egon Ostrosi

52

VR-ANN: Visualization of Artificial Neural Network Models in Virtual Reality
Roy Oberhauser

60

Powered by TCPDF (www.tcpdf.org)

                               1 / 1                             7 / 72



The Resilience of the Leisure and Care Economy: Human-Centred Niches in an AI-
Driven Labour Market 

 

Ilona Negro 
Doctoral Program of Applied Artificial Intelligence 

Alma Mater Europea, Maribor, Slovenia  
e-mail: ilona.negro@almamater.si 

 
Abstract— As Artificial Intelligence (AI) is expected to 
automate up to  30% of current tasks by 2030, it is 
transforming the structure of work across sectors. Amid this 
ongoing shift, the Leisure and Care Economy emerges as a 
sector offering adaptable, future-aligned trajectories. Human-
centric professions like wellness instruction, pet care, and 
craftsmanship represent occupational niches that may benefit 
from technological advances, building synergies while 
preserving their essentially human character. This extended 
abstract proposes the Human-Centric Resilience Model, rooted 
in Self-Determination Theory and symbolic capital, to examine 
why these roles endure, evolve, or even grow in symbolic and 
practical value. The model highlights the distinctive 
combination of emotional intelligence, physical dexterity, and 
adaptability as a foundation for this resilience. Drawing on 
occupational data from O*NET, this paper underscores the 
economic and social value of these professions. While AI 
enhances efficiency in routine tasks, multimodal large language 
models still struggle with complex human interaction. As 
authentic connections become rarer, such professions may gain 
premium status. Policy-led training and social revaluation can 
help build sustainable, fulfilling careers, offering a new 
perspective on human-AI complementarity in a transforming 
society. 

Keywords—AI and labour; human-centric work; leisure and 
care economy; emotional intelligence; automation resilience. 

I.  INTRODUCTION  
Artificial intelligence (AI) is reshaping labour markets, 

with up to 30 % of current tasks projected to be automated 
by 2030 [1][2]. While automation redefines many cognitive 
and routine roles, occupations often labelled low-skilled 
within the Leisure and Care Economy, such as wellness, pet 
care, and craftsmanship, appear as adaptable niches because 
they depend on emotional engagement, fine motor skills, and 
situational adaptability [3]. As technology frees up more 
leisure time [2], demand for authentic human interaction 
rises; yet these professions remain largely overlooked in 
labour-market debates despite their growing psychological 
and social importance [4]. This extended abstract introduces 
the Human-Centric Resilience Model, a conceptual 
framework that draws on occupational data and 
sociopsychological theory to understand why certain 
emotionally and physically embodied professions retain 
value amid automation. Beyond its conceptual contribution, 
the model offers a basis for further research, vocational 

training, and policy development. In Section II, the 
theoretical underpinnings of the Human-Centric Resilience 
Model are introduced. Section III explores the role and 
limitations of AI in complementing these professions. 
Section IV discusses societal implications, while Section V 
outlines policy considerations. Section VI concludes with 
reflections and directions for future research. 

II. HUMAN-CENTRIC RESILIENCE MODEL 
The Human-Centric Resilience Model draws on Self-

Determination Theory (SDT) [5] and Bourdieu’s concept of 
symbolic capital [6] to identify key attributes that help 
certain professions resist automation: emotional intelligence, 
physical dexterity, and adaptability in dynamic 
environments. In contrast to task-based automation models 
[1], this framework highlights the psychological and 
symbolic dimensions of human work, offering a fresh 
perspective on labour resilience. According to SDT, roles 
that support autonomy, competence, and relatedness enhance 
intrinsic motivation, which in turn improves service quality 
in emotionally rich professions, such as yoga instruction or 
pet care. While often pursued out of passion, these roles are 
frequently perceived as fallback options due to their low 
social status, an image the model seeks to challenge. 
Drawing on symbolic capital, it reframes them as socially 
valuable for their authenticity, suggesting they may gain 
premium status as genuine human interaction becomes 
increasingly rare [6]. 

What distinguishes the model is not the presence of any 
one attribute, but the interplay of all three: emotional 
intelligence, dexterity, and adaptability, as seen in roles like 
pet care, where skilled task execution and authentic client 
engagement combine to resist automation. The model applies 
O*NET occupational data to assess these features [7]. 
However, because O*NET does not fully capture embodied 
competencies, such as finger dexterity, tactile sensitivity, and 
improvisational responsiveness, complementary data from 
national vocational training standards and embodied skill 
frameworks will also be integrated. The model will thus be 
further developed and statistically validated as part of 
ongoing doctoral research. This interdisciplinary approach 
links social psychology, economics, and AI research, 
contributing a novel framework for understanding human–AI 
complementarity. 

The Human-Centric Resilience Model intersects with 
labour segmentation theory, which highlights how economic 
and symbolic hierarchies can shift across occupational 
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categories, but introduces a symbolic dimension that extends 
beyond traditional economic dichotomies [8]. While the 
Leisure and Care Economy has historically occupied a 
marginal or feminised position within secondary labour 
markets, its roles may gain revaluation in an AI-driven 
society. Drawing on Bourdieu’s concept of symbolic capital 
[6], the model suggests that scarcity, authenticity, and 
embodied skill can elevate the status of professions that 
resist standardisation and automation. As AI increasingly 
replaces routine cognitive labour, the relative value of human 
traits, such as emotional presence, touch, and improvisational 
responsiveness, may rise, particularly in cultural contexts 
that value relational depth. According to O*NET projections, 
many of these professions, including wellness instructors, 
animal care specialists, personal service providers, and 
skilled tradespeople in hands-on, client-facing roles, are 
already classified as “Bright Outlook” occupations, 
indicating high demand and rapid growth [7]. Thus, this 
economy represents not only a resilient niche but a potential 
reordering of what society deems premium and desirable 
work, extending beyond traditional metrics of formal skills 
to include trust, authenticity, and human presence, as labour 
market dynamics already reflect emerging shortages in 
wellness, care, and craft sectors [2][3][4]. 

While the model provides a useful framework, its 
generalisability may be shaped by cultural norms, economic 
structures, and local labour market conditions. Emotional 
intelligence, dexterity, and adaptability are not universally 
measured or valued in the same way, which may influence 
the resilience of these roles across different contexts. 
Moreover, the model should not be interpreted as predictive 
for all professions within the Leisure and Care Economy but 
rather as a lens to examine occupational patterns that 
combine human authenticity with embodied skill. Further 
empirical research is needed to validate and refine the 
model’s applicability across regions and sectors. 

III. AI COMPLEMENTARITY AND LIMITATIONS  
AI can support human-centric professions by taking over 

routine tasks like scheduling or data management, allowing 
workers to focus on what they do best: building relationships 
and offering personalised care. In data-heavy roles, for 
instance, generative AI has been shown to improve task 
efficiency by 5–9 %, freeing up time for more meaningful 
human interaction [9]. However, limitations remain. 
Multimodal large language models still struggle with 
nuanced social understanding and cannot simulate genuine 
emotional attunement [10]. Likewise, humanoid robots face 
ongoing challenges in replicating human dexterity and 
adaptive behaviour in real-world settings [11]. These 
technical constraints, paired with concerns about 
depersonalisation in robotic caregiving [12], reinforce the 
enduring value of human-led services. While AI is 
increasingly capable of mimicking empathy and emotional 
resonance in conversation, challenges remain where these 
qualities must be coupled with physical dexterity and real-
time adaptation in unstructured, socially complex 
environments. This underlines the continued need for 

collaborative human-AI systems, particularly in the Leisure 
and Care Economy.  

Recent developments in Human-Computer Interaction 
(HCI), Human-Robot Interaction (HRI), and socially aware 
AI further reinforce the relevance of the Human-Centric 
Resilience Model. Even within professions that exhibit 
resilience to automation, workers must adapt to evolving 
tools, workflows, and expectations. Lifelong learning is 
becoming less about formal credentials and more about 
sustained engagement with dynamic technologies. Studies on 
personalised robotic systems and adaptive human-robot 
learning architectures show that human-centric roles 
increasingly involve building synergies with technology, not 
resisting it [13][14][15][16]. At the same time, persistent 
challenges, such as robotic limitations in unstructured 
environments or the public’s cautious trust in continual-
learning (CL) robots, highlight why emotionally attuned, 
situationally adaptable human work remains indispensable in 
care and leisure domains. Moreover, recent work on 
communicating robot learning underscores the importance of 
explainability and multimodal feedback for co-adaptation, 
trust-building, and collaborative interaction between humans 
and machines [17]. These findings support adaptability not 
only as a shield against obsolescence but as a bridge to 
meaningful human-AI complementarity. 

IV. SOCIETAL AND POLICY IMPLICATIONS 
This section considers the societal dynamics and policy 

factors that can strengthen the positive effects of the Human-
Centric Resilience Model, recognising that the patterns it 
captures are already emerging and can be reinforced under 
favourable conditions. 

A. Societal implications 
The Human-Centric Resilience Model highlights 

emotional intelligence and adaptability as qualities that 
remain in demand as clients increasingly seek authentic 
interpersonal experiences, rooted in the psychological need 
for relatedness [5]. The growing popularity of personalised 
wellness services has brought new attention to the Leisure 
and Care Economy, yet these professions still require 
societal revaluation to reflect their emotional and cognitive 
significance [4]. Sustained interest in such roles, however, 
depends on broader factors, including economic stability, 
technological shifts, and individual attitudes toward AI and 
robotics, all of which shape client trust in care and leisure 
services [18][19]. These complex dynamics reinforce the 
model’s relevance while underscoring the need for further 
research into its cross-sector and cross-cultural applicability.  

B. Policy Implications 
To unlock the potential of the Leisure and Care 

Economy, policies should support vocational training that 
combines emotional intelligence with digital literacy, 
equipping workers to use AI tools without losing the human 
dimension of their roles. Public campaigns can help reframe 
these professions as essential, purpose-driven careers that 
foster authentic connection and emotional resilience in an 
increasingly automated and socially fragmented world [5]. 
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V. CONCLUSION 
The Leisure and Care Economy shows unexpected 

resistance to automation because its work is fundamentally 
human-centric, rooted in emotional intelligence, dexterity, 
and on-the-spot adaptability. The Human-Centric Resilience 
Model offers a new lens on this resilience by foregrounding 
psychological and symbolic dimensions often missed in task-
based forecasts. Although the model is not a panacea for the 
wider labour-market disruptions brought by AI, it spotlights 
a specific segment, frequently dismissed as low-skill and 
low-wage, that merits strategic attention. Revaluing these 
professions through targeted training and policy support can 
create sustainable, fulfilling careers and help preserve 
genuine human connection in an increasingly automated 
society. Applicability will, however, differ across cultural 
and economic contexts, underscoring the need for further 
empirical research. Overall, this work adds a practical, 
human-centred perspective to ongoing conversations about 
effective human–AI collaboration. While the model is 
theoretical, it offers practical insights into workforce 
development and policy-making in sectors where human 
presence remains a core value. 
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Abstract— The speedy introduction of Artificial Intelligence 

(AI) into higher education is creating transformative 

efficiencies and disrupting existing academic positions and 

creative professional practices. This research explores the 

vicarious impacts of AI as an enabler and a disruptor and its 

ramifications for academic work and intellectual creativity 

using rapid literature review (RLR). The study contributes to 

the ongoing debate on the disruptive nature of AI on academic 

jobs through an analysis of the impacts on academic roles and 

tasks and creative autonomy. By interrogating the disruptive 

potentials of AI, the researchers call upon institutional leaders 

to balance the inclusion of technology with the retention of 

intellectual diversity and employment sustainability while 

ensuring innovation is being done in line with the mission of 

higher education. By comparison, the research found that the 

disruptiveness of AI in academic job roles, tasks, and creativity 

is not resulting in job losses but instead is creating innovative 

new job roles. Equally important, the research unpacks the 

notion that any disruptiveness of AI can be mitigated in spite 

of the known climate of ethical considerations, with 

assumptions of a more considered approach and engaged 

strategies. In the future, academics and scholars should 

continue to locate and investigate ways to better integrate AI 

into the academic job ecosystem while maintaining the 

provenance of existing employment. 

Keywords-Academic employment, Academic labor, Artificial 

intelligence, Creativity, Disruptiveness, Higher education, 

Intellectual creativity. 

I.  INTRODUCTION 

The integration of Artificial Intelligence (AI) into higher 
education has become an influential transformation for 
pedagogical practice, administrative workflows, and research 
practice. While AI-powered tools, such as adaptive learning 
platforms, auto-grading, and predictive analytics, provided 
potential for increased efficiencies and education 
individualization [1]. The speed of their introduction into 
higher education has driven discussion around the disruptive 
implications of academic employment and creative 
intellectual labour. This interplay of AI as both a facilitator 
and a disruptor is the focal point of this research, which 
explores how AI reshapes academic roles, tasks, and 
intellectual autonomy in the academy. The question would 
be, how is the integration of AI in higher education 
disrupting academic roles, tasks, and creative autonomy?  

The displacement of conventional academic roles is 
cause for concern. Research suggests that, by automating 
administrative and instructional activities (for example, 
student advising, content facilitation), AI is in danger of 
displacing non-specialized faculty roles and creating 
opportunities for faculty with AI literacies [2]. For example, 
chatbots, such as Georgia Tech's Jill Watson, successfully 
reduce administrative load, but it rests on the question of 
whether that load is worth the loss of human mentorship [3]. 
In regard to creative processes like generating research 
topics, research objectives and questions, hypotheses, 
designing curricula, or co-authoring academic papers, AI's 
role calls into question conventional definitions of 
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intellectual originality in Higher Education Institutions 
(HEIs). At the same time, instruments like Generative Pre-
trained Transformer 4 (GPT-4) are redefining HEI’s 
academic and non-academic processes. GPT-4 has opened 
the door for the democratization of ideation, critics contend, 
and it opens the door for a homogenization of scholarly 
creativity and risk, displacing critical thought altogether [4]. 
Although GPT-4 is the recent form of GPT, which is part of 
deep learning developed by OpenAI for natural language 
processing and generating text. 

While existing literature often segments its analysis of 
AI's impact into either employment trends or pedagogical 
innovation, with little exploration of both, with a specific 
analysis of academic roles, tasks, and creativity. This study 
bridges that gap by interrogating how AI reshapes both the 
labor dynamics and creative ecosystems of academia in 
higher education. Drawing on frameworks from 
constructivist learning theory [5] and critical posthumanism 
[6], the analysis reveals tensions between efficiency-driven 
AI adoption and the humanistic values of academia. For 
example, while AI can amplify productivity in academic 
research through tools like semantic analysis software [7], its 
algorithmic determinism may constrain unconventional, 
interdisciplinary inquiry [8]. Similarly, while adaptive 
learning platforms cater to diverse student needs, their 
reliance on data-driven profiling risks reducing lecturers 
(educators) to “curators” of pre-packaged content, 
undermining pedagogical creativity [9].   

Furthermore, this research is aimed at opposing the 
notion that the use of AI technologies in higher education 
will make teaching redundant or will stifle creativity within 
academics. More precisely, the research intends to: 

▪ Provide rational evidence that asserts that AI will 
promote creativity in research as well as in 
personalized learning. 

▪ Convince those in the teaching profession to embrace 
change; that is, how AI technologies do not interfere 
with many routine tasks but rather extend and 
facilitate the teaching vocation. 

▪ Tackle ethical issues, including but not limited to 
transparency and bias, and yet advocate for the use of 
AI as an enhancer of academia. 

▪ Show examples of how AI promotes growth and 
brings people together to create a more active 
engagement of the academic community. 

The whole article was structured in the following 
manner: Methodology; Brief on the role of Artificial 
Intelligence (AI) in higher education; Limitations and 
challenges of AI in academia; Enhance the use of AI in the 
academic process; AI in academic job transformation; 
Empirical evidence against job loss; Ethical considerations in 
ai integration in higher education; Conclusion, and 
References. 

II. METHODOLOGY  

Academic research can be conducted using primary and 
secondary data, as well as literature review, such as 
systematic literature review, narrative review, rapid review, 
scoping review, and many others. However, the research 

questions and resources available can determine whether 
rapid review, narrative review, and systematic literature 
review can be used [68].  

 

A. Search strategy 

This study adopted a rapid literature review (RLR), 
which is commonly used as a rapid review. According to 
Smela et al. [69], rapid review is an alternative to systematic 
literature review, which helps speed up the analysis of 
existing published research. This method is applied in 
carrying out social, business, and other research, including 
information systems (IS) research. However, using RLR in 
IS research can be done in different ways involving some 
level of process, but not a systematic process. The process of 
applying RLR begins with drafting or brainstorming out a 
research topic and discovering relevant academic papers 
within the research scope [70]. 

Some researchers advise applying a systematic method in 
RLR involving pulling, summarizing, and interpreting 
existing literature [70][71]. According to Levy and Ellis [71], 
this process involves input (gathering and screening 
literature) and outputs (interpreting and reviewing writing). 
This ensures that quality is maintained while in-depth 
research is done to increase available literature [72]. Through 
RLR in the study, the researchers formulated the research 
ideas, topic, collected relevant literature, and analyzed it in 
writing a comprehensive review. Keywords like “impact of 
AI in academic jobs”, “AI”, “AI in academic”, “AI in 
education”, “AI and fear of job”, “AI ethical considerations”, 
and many more related keywords were used in the study. The 
used literature was searched from academic databases like 
Scopus, ResearchGate, Web of Science (WoS), IEEE 
Xplore, ERIC, and ScienceDirect, as well as grey literature 
sources like Google Scholar and Conference proceedings. 
The search began with screening through potential research 
topics, analyzing the abstract, and scrutinizing the content of 
a given paper (article) found within the research title.  

Based on the main research objectives, the following 
research questions guided the study, which can be converted 
to research objectives: 

1. What are the roles of AI disruption in HE? 
2. What are the limitations and challenges of AI 

disruptions in academia? 
3. How is AI enhancing the academic process? 
4. How is AI transforming academic jobs? 
5. In what ways can the fears of job loss through AI 

disruption be addressed? 
6. What ethical considerations impact the integration of 

AI in HE? 
 

B. The search scope 

As RLR was deployed in the study, the 
inclusion/exclusion criteria were defined within a timeframe 
involving a number of academic studies, which assisted in 
answering the research questions as well as addressing the 
core research objective. This was done to address the 
question of credibility associated with the literature review 
(RLR). Also, a rigorous process was deployed to validate the 
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applied RLR in the study in making the findings reliable and 
usable for decision-making. 

Inclusion/exclusion criteria: The study included only 
documents written in English, sourced from academic 
databases and grey literature. Also, only peer-reviewed 
materials were used and published within the stated 
timeframe as indicated below. While the exclusions were 
documents written in languages other not English, non-peer-
reviewed materials, as well as materials (documents) outside 
the scope of the article. 

Timeframe: This article sourced peer-reviewed materials 
within the research scope and published between 2021 – 
2024. A total of 36 materials were considered appropriate in 
addressing the research objectives, while additional 
published papers outside the timeframe were used to enrich 
the quality of the article. 

 

III. BRIEF ON THE ROLE OF ARTIFICIAL INTELLIGENCE 

(AI) IN HIGHER EDUCATION 

AI continues to transform higher education institutions in 
developed and developing nations. This section of the paper 
highlights the comprehensive roles of AI in higher education. 

 

A. Definition of AI in a higher education context 

AI refers to the capability of a computer system to 
perform functions normally associated with human 
intelligence, such as perception, understanding of language, 
learning, reasoning, solving problems, and so forth [10]. In 
higher education, AI helps to enhance the various 
administrative roles and tasks, and academic processes. 
Some of the primary applications include:  

• AI-assisted grading: AI systems can accurately assess 
the students’ assignments and examinations. 
Consequently, it enables the academics (instructors) 
to give feedback in good time, thus reducing the 
workload for the academics (instructors) [11]. 

▪ AI content development: Some AI technologies can 
assist in the development and organization of 
educational materials, ensuring that the materials are 
up to date and appropriate for particular learning 
outcomes [12]. 

▪ Virtual tutors: Such AI-led teachings allow individual 
students to receive proper instruction depending on 
their measurements and promote active engagement 
even beyond formal classroom activities [13]. 

▪ Administrative AI systems: Incorporation of AI in 
such systems enhances organizational productivity by 
automating functions that include, but are not limited 
to, scheduling, allocation of various resources, and 
managing student enrollments [14]. 

 

B. Benefits of AI integration and current applications in 

higher education 

AI contributes significantly to enhancing the 
effectiveness of administrative activities in post-secondary 
institutions. The automated systems can carry out processes 

like scheduling, financial aid allocation, and enrolment 
management with minimal human intervention, thus 
reducing operational costs and errors [15]. Thanks to 
improved efficiency, the administrative staff can focus on 
other strategic goals, hence promoting an organization that is 
less rigid and more flexible.  

In other words, the goal of AI is to provide individualized 
learning by using big data gathered through students’ 
performance evaluation and recommending appropriate 
resources and learning paths [16]. This personalization 
enhances learners’ motivation towards their studies and 
improves academic performance [17]. Besides, such insights 
driven by AI technology help lecturers diagnose issues and 
act on them in advance, thereby improving the learning 
process. 

The implementation of AI in higher education has also 
presented itself through numerous methods in administrative 
roles and tasks, as well as instructional improvements. For 
example, AI adaptive learning platforms are used, where the 
content type and level of difficulty change according to the 
student’s performance [18]. Also, it presents: 

▪ Chatbots for student enquiries: Their work is 
complemented by AI-based chatbots, which can 
immediately respond to frequent queries from 
students on issues of admission, courses, and other 
support services, thereby relieving the human 
resources of such services for more complex issues 
[19]. 

▪ Programs that check for and deter plagiarism: For 
instance, Turnitin and other programs that analyze a 
student’s work for similarities use natural language 
processing (NLP) and other measures to ensure that 
students do not engage in academic dishonesty 
practices [20]. 

▪ Advanced analytics: AI can help identify students 
who are at risk of withdrawing, predict outcome 
performance, and recommend corrective measures to 
improve successful completion and retention rates by 
applying student data as an additional layer [21].  

 

IV. LIMITATIONS AND CHALLENGES OF AI IN ACADEMIA  

The role of AI in academia continues to be confronted 
with some limitations and challenges. This section of the 
study provides a number of limitations and challenges 
confronting academics in adopting AI, as identified in the 
literature.  

Technological barriers: There are many positive insights 
into AI applications in higher education, but some technical 
problems need to be solved. One of these problems is 
algorithmic bias, which can be defined as an unintended 
outcome where an AI system discriminates against 
individuals based on the lines of the data that it was trained 
or programmed upon. Additionally, AI is less effective in 
complex or vague environments simply because it does not 
possess common sense or the subtlety of human on-the-
ground educationists [22]. 

Social ethical issues: There are pressing ethical dilemmas 
posed by the implementation of AI in learning institutions, 
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which include but are not limited to the privacy of 
information. In particular, there is a risk of compromising 
students’ privacy, given that it is impossible to train high-
performance AI systems without collecting large amounts of 
information about people, even students who are under strict 
protection [23]. Also, considerations on the use of AI in such 
scenarios should ensure that there is respect for both 
principles of accountability and transparency to protect 
students from oppression [24]. 

AI's limitations in human judgment: While AI offers 
data-driven insights, automates admin and repetitive tasks, 
and provides valuable support, it is important to safeguard 
human judgment and intuition. AI lacks contextual 
understanding and nuanced decision-making that are often 
required in teaching [25]. For example, understanding the 
student's background, emotional state, or unique challenges 
is something that requires human judgment.  Human 
judgment is influenced by a variety of factors such as 
experience, intuition, empathy, values, and context. These 
attributes enable humans to make nuanced decisions that 
consider diverse perspectives and considerations [26].  
 

V. ENHANCE THE USE OF AI IN THE ACADEMIC PROCESS  

This section provides enhanced application of AI in 
academic processes.   
 

A. AI as a tool for enhancing academic creativity 

The increasing adoption of AI technologies in the higher 
education sector has led to discussions on such technologies’ 
effects on the teaching profession and levels of creativity in 
academic environments. Opponents claim that such services 
are looking to eliminate lecturing and that it is damaging to 
the human psyche. Nonetheless, this research is in 
contradiction, claiming that AI should be seen as an ally for 
lecturers, and not as a rival. It facilitates creativity by 
automating repetitive and administrative research elements 
and creating an environment for advanced learning and 
designing, freeing the academic to concentrate on higher 
responsibilities, such as mentorship of students. This 
research looks into the interface between AI and academics 
with a focus on how innovation can be enhanced in the 
sector.  

In our current reality, the threat posed by emerging 
technologies, AI included, to creativity, employment, or 
innovation holds great indications of the advancement of 
civilization and technological advancement. Nonetheless, if 
implemented correctly within higher education contexts, AI 
is capable of improving the academic advancement and 
creativity of lecturers rather than hindering it. The use of AI 
in the field of higher education opens up some advantages, 
including the enhancement of research, inventing new ways 
of teaching, and even student and teacher interactions. This 
part of the paper will also prove our position that academic 
creativity is not abolished by AI; it is simply facilitated by it 
in many ways. 

B. AI in research  

Integration of AI into research and content generation is 
probably the most important advancement in furthering 
academic creativity and productivity. AI-based reading, 
annotations, and note-taking applications, for example, 
facilitate the use of research tools in the knowledge 
acquisition process by automating some aspects. These tools 
may allow the user to glimpse text from a particular source 
and highlight only the relevant portions, thus helping to 
decide if the source is worth going through. This can help 
academics quickly scan through research papers to pick out 
the relevant material, deciding which sections need thorough 
reading and which ones to collect notes on [27, 28]. 

In addition, AI-developed experimental design software 
takes advantage of machine learning strategies to improve 
the variables. Furthermore, it is also expected that the time-
intensive and laborious steps to do these studies are 
automated; therefore, it can free up time to focus on data 
interpretation and analysis. AI development solutions can 
also reduce the costs of labor involved in R&D and mitigate 
the level of human errors. To properly use AI applications to 
help create experimental design models, researchers must 
develop models that contain a lot of information and a 
number of parameters. After implementing these parameters, 
researchers can produce designs for the research studies that 
promote increased efficiency [29]. 

Another practical use of AI in research is utilizing AI-
supported tools to assist researchers in writing articles or 
journals, such as paraphrasing or improving their English 
language structure. One example is using ChatGPT by 
entering a prompt to either paraphrase or enhance the 
language and grammar of your sentence and receiving the 
output in under a minute. This helps reduce time but also 
maintains the level of precision and fluidity of the English 
language in which researchers write their articles or journals. 
This is very helpful, and finding creative and time-saving AI-
related tools will greatly help the research community in 
those countries that do not have English as their primary 
language [29]. 
 

C. Enhancing pedagogical methods 

In higher education, we are not suggesting AI will or can 
replace the human aspects in which lecturers operate; it is 
simply another tool that they can use to develop creative and 
personalized learning. Lecturers may use AI-based 
intelligent adaptive learning systems that examine and 
diagnose the data of students, such as their performance, 
individual weaknesses and strengths, and speeds of learning. 
With this information, the system can offer a personalized 
experience for each learner, with practices, resources, and 
content, specifically related to that learner's inquiry path 
[30]. This would provide different strategies of learning, 
hence making it easier for the students to grasp what is being 
taught. 

In addition, the administrative load carried by lecturers 
can be considerably lessened with the help of AI assistants, 
as certain duties such as grading, tracking attendance, and 
report writing can be performed without human intervention. 
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These tools employ natural language processing, optical 
character recognition, and machine learning, for example, to 
evaluate and interpret the works and statistics of the students 
effortlessly. Such innovations assist in alleviating the stress 
levels on lecturers and also enable an assessment and 
progression of a student in a considerably quicker period. In 
India, advanced educational technologies such as 
ConveGenius are being embraced to promote learning and 
facilitate administrative work, thus increasing educational 
effectiveness [31]. Also, smart paper promotes enhanced 
learning and admin roles and tasks. 

 

D. AI as a creativity booster 

The creative capacity of AI shall be considered as an 
enhancement. It is the generation of new concepts and ideas 
that helps overcome the existing paradigms of thinking. An 
AI system can help find inspiration and explore imagination 
in creative ways that are otherwise difficult. AI provokes a 
broader range of thinking where standard limits and beliefs 
do not apply. AI is a thinking tool and helps a great deal in 
fostering creative output by introducing information that is 
not readily available, such as data, trends, relationships, and 
even blobs of imagination. This is the reason that creativity 
is considered a helpful application with two tiers. First, the 
person will try to come up with solutions that are new and 
not obvious, the AI creative implementation phrased as there 
are no boundaries as to how imagination can work, smashing 
any previous harmful structures of thinking [32]. AI can 
assist in the creative process together with human beings by 
developing new areas of research, defining existing and 
emerging patterns, or even producing creative content such 
as reports, multimedia teaching aids, and visual sense [33]. 
AI can share new perspectives or strategies in joint academic 
activities that will save a great deal of time, even if an 
individual scholar is looking for such approaches. 

 

VI. AI IN ACADEMIC JOB TRANSFORMATION  

The argument that AI will replace human jobs is gaining 
attention, but some believe that technology will not replace 
academic or human expertise. AI offers numerous tools and 
techniques that support and enhance the student learning 
process. It is not designed to replace lecturers; rather, it 
serves as a tool that complements human expertise in higher 
education by automating administrative tasks, providing 
personalized learning opportunities, and offering data-driven 
insight [34]. However, it is incapable of critical elements 
such as human judgment, emotional intelligence, or 
mentorship and guidance that lecturers bring to the learning 
experience. 

 

A. Admin and task automation 

AI technologies have proven valuable in automating 
several administrative and lecturing tasks, thereby reducing 
the burden on educators and enabling them to focus on more 
complex aspects of lecturing. One key area where AI is 
making an impact is grading and assessment. By using 

machine learning algorithms, AI-powered grading tools like 
Gradescope can help lecturers in grading students' work, 
such as multiple-choice questions, quizzes, and even 
assignments. These tools streamline the grading process, 
allowing lecturers to “review and adjust the grades before 
releasing them to students.” [35]. This not only transforms 
and improves productivity but also enhances the efficiency 
of feedback delivery, helping students receive timely 
responses and educators focus on more complex 
assessments. 

AI platforms can support lecturers beyond grading, such 
as scheduling and administrative aspects of learning. AI can 
be looked at as a way to support scheduling for daily lectures 
in the classroom, meeting times, attendance tracking, and 
student enrollment and report card processing [36]. AI 
chatbots such as Pounce, used at Georgia State University, 
can answer frequently asked student questions. While these 
processes remove the workload from the administration, they 
improve access to information and related support [37]. 
 

B. Enhancing educational engagement 

Beyond administrative support, AI also plays a pivotal 
role in enhancing educational engagement. Personalized 
learning is one such innovation. AI in education can analyze 
students' learning performance data in real-time and 
recommend personalized learning resources that cater to 
their individual needs based on their learning styles, abilities, 
and progress [38]. By providing these personalized learning 
methods, “AI enhances engagement and motivation levels 
for students to suit learning preferences and requirements.”. 
Moreover, using the data gathered, AI can help lecturers 
understand their students’ progress, strengths, weaknesses, 
and learning preferences, and help them improve where 
needed.  

AI-powered chatbots also improve communication 
within the educational community. These tools can assist 
with answering common student questions [37]. With 
Chatbots offering a personalized and interactive education 
for students, this ensures that they receive timely support 
inside and outside of school hours while allowing lecturers to 
focus on more complex concerns. 
 

C. The role of emotional intelligence  

In the teaching and learning process, it is a vital skill for 
lecturers to not only impart knowledge but also play a role in 
shaping the emotional and social development of students. 
While AI can analyse and interpret data, it certainly lacks the 
emotional intelligence capacity to empathize, understand, 
and respond to human emotions, which play a crucial role in 
human interaction and decision-making [39]. Humane 
educators can provide students motivation, help them build 
their confidence, and offer encouragement in ways that AI 
cannot. These forms of support are deeply human and 
contribute to the holistic development of students, ensuring 
that they feel understood and valued. 
In the teaching  
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D. Focus on mentorship/guidance and research 

collaboration  

AI may be able to provide individuals with content 
recommendations, develop personalized learning platforms, 
automate feedback, and perform all its other uses in 
education [40], but it cannot replace the mentorship and 
guidance educators have to offer. The mentorship role 
involves more than just knowledge transfer; it includes 
fostering critical thinking, creativity, and ethical decision-
making, all of which require a human touch. Thus, AI can 
never hope to kill academic jobs but can serve as a tool for 
transformation. With AI growing and handling tasks such as 
grading, scheduling, attendance tracking, and others, 
lecturers (educators) can now spend more time engaging 
directly with their students in meaningful ways. Instead of 
acting primarily as content providers, they can take on the 
mentorship role, focusing on supporting and guiding students 
through their personal and academic growth and developing 
their knowledge and skills. In this mentorship role, educators 
can offer personalized feedback, help students define their 
career goals, and navigate challenges unique to each student.  

Lecturers will also have the opportunity to engage in 
research collaborations, as AI has taken over many repetitive 
academic tasks. By gathering and analyzing large amounts of 
data from different sources, AI can help lecturers gain deeper 
insights and understanding from research [41]. This will free 
up their time to concentrate on developing research projects 
and exploring new ideas. This transition positions lecturers 
to become leaders in integrating AI into academic research, 
fostering cross-disciplinary collaborations, and utilizing AI 
to solve complex, real-world problems. 

 

VII. EMPIRICAL EVIDENCE AGAINST JOB LOSS   

Multiple studies show that AI deployment does not 
inherently lead to widespread job loss in most sectors, 
including education. Instead, AI transforms roles and 
improves efficiency, allowing educators to focus on more 
meaningful, human-centered aspects of their jobs [51]. 
However, most research leads to the belief that the influence 
of AI on job markets is more likely to alter and change 
existing jobs, rather than completely replace them. It is very 
likely that by 2030, there will be an increase in the creation 
of jobs in the healthcare sector, at a rate of about 570,000 
new jobs due to AI and automation. Approximately 261,000 
additional employment opportunities will be created in the 
construction sector, while the services sector can expect an 
upsurge of about 152000 new positions. These job increases 
result from the advantages introduced by AI, which help 
improve productivity and encourage the growth of new 
sectors and services. Furthermore, it is estimated that about 
seventy percent of jobs in the education sector will change 
within five years due to the great adoption of AI systems in 
personalized learning, grading, and student management 
systems in institutions [51].  

On the other hand, certain sectors are still predicted to 
reduce the number of workers due to the introduction of 
technology. As such, operations in the retail industry are 

likely to shed around 334,000 jobs, the administrative and 
support services may suffer a job loss of 309, 000 while 
about 231,000 jobs are expected to be lost from the 
operations of the manufacturing sector by the year 2030 [52]. 
This indicates a red flag about the importance of reskilling 
and upskilling programs to help people move into new 
positions where AI works to complement rather than replace 
people [53]. Nonetheless, employment displacement is a 
valid concern, but AI is expected to augment, rather than 
eliminate, the need for many human workers, such as those 
in decision-making, problem-solving, or positions that 
require critical faculties. With wise policies and smart 
investments, South Africa can implement AI and build a 
better workforce for the work of the future [54].  

However, addressing the fear of job loss continues to 
matter, but the following can be done to tackle the concerns 

 

A. Reskilling and upskilling in the age of AI 

Reskilling and upskilling are also a significant part of the 
workforce development plan in view of changing job roles 
and industry needs due to AI and automation. This means 
training lecturers for other skills or undertaking other types 
of jobs as AI does more routine tasks, such as grading and 
tracking attendance, and analytics of different kinds of data 
[42]. This will now free up the lecturers to move into more 
value-added tasks that require human judgment, such as one-
on-one mentorship, research, and curriculum design. 
Upskilling involves the betterment of existing skills of the 
lecturers themselves so that they would be able to then use 
these new AI tools within their teaching practices. This 
allows lecturers to apply AI in creating more personalized 
adaptive learning environments, where course material can 
be adjusted in real time according to the needs of every 
particular student. As AI starts to play a more and more 
significant role in education, its role should be emphasized in 
terms of new skills that people will gain, rather than taking 
jobs. AI literacy programs, tech integration training, and 
digital teaching workshops can empower lecturers and 
academic staff to work alongside AI [43]. 

 

B. AI literacy programs  

Similarly, AI literacy programs will be equipping the 
lecturer with easy ways of integrating AI into the lecture 
hall. Most of the programs focus on understanding the 
essential core technologies that constitute AI, using AI tools 
for teaching/administrative purposes, and leveraging data-
driven insights to elevate educational outcomes [44]. Some 
key components of AI literacy programs include:  

Understanding AI algorithms and data processing: By 
understanding the AI algorithms and the processes involved 
in data handling, one can help alleviate the anxiety. For 
instance, AI does not eliminate the job; instead, it reduces the 
cumbersome administrative duties plus reinforces teaching 
through data provision. For instance, supervised, 
unsupervised, and reinforcement learning are some of the AI 
algorithms that allow lecturers to offer student-centric 
learning strategies and analytical techniques to measure 
performance more accurately. 
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AI literacy programs emphasize practical understanding 
of how AI is utilized in data management and processing for 
better results in the respective fields. This helps them to 
work in collaboration with AI. For example, the use of AI 
systems also allows grading and offers learning to students 
according to their comprehension levels. Such systems allow 
lecturers to concentrate on areas that require creativity, 
critical thinking, and mentorship, which are the roles that 
cannot be performed by AI. While doing so, the fear of job 
loss can be turned into an empowering narrative about how 
education professionals will be supported in their role 
through the introduction of AI. For leadership change to 
occur, these programs help lecturers understand the tools that 
deny AI, so they can use them with AI to improve teaching 
and learning toward a more informed structure of education 
[45]. 

Using AI-powered platforms to monitor student progress: 
AI literacy programs also highlight the use of adaptive 
learning management systems (LMS) to monitor student 
progress. These AI-powered instructional tools continually 
monitor the performance and engagement of students [46]. 
This, therefore, would have the lecturers build customized 
learning paths, based on every individual's progress; receive 
real-time analytics, enabling them to quickly identify areas 
where students are struggling; and automate administrative 
tasks such as attendance and grading. This automation 
reduces the lecturer’s workload, allowing them to focus on 
more creative or interactive teaching methods. For instance, 
platforms like BridgeOne use AI to tailor learning 
experiences by adapting content to meet individual student 
needs, providing real-time feedback and support [47]. 

Using AI for administrative tasks: Another key point of 
AI literacy programs is empowering lecturers to use AI 
Turnitin for grading the students' work more efficiently, so 
that lecturers can greatly reduce the time they spend on 
grading tests and concentrate more on the curriculum and 
student mentoring [48]. AI can also provide instantaneous 
responses to student assignments, and thus, teachers can rate 
student assignments quickly and find out the weaknesses and 
needs for improvement without using traditional methods 
like a pen and paper test. 

AI-driven insights for data-driven teaching: AI literacy 
allows lecturers to develop the potential to harness AI-driven 
insights in creating teaching strategies informed by data. 
With the analysis of long data about student performance, AI 
tools provide active information to the lecturer for adjusting 
teaching methodologies to the performance and learning 
styles of individual students [49]. Additionally, AI analytics 
could identify trends across different classes or modules, 
which would be useful for better resource allocations and 
targeted interventions. These insights also help foster a more 
inclusive and responsive lecture environment, where 
teaching methods can be adjusted in real-time to meet 
students’ needs. 

The collaborative and data-informed classroom: AI 
literacy programs support lecturers in making their lecture 
rooms more collaborative and data-driven. AI does not 
replace lecturers; it supports them so they can focus on 
human-centered skills such as creativity, critical thinking, 

and emotional intelligence. These, therefore, enable lecturers 
to make interactive learning environments since lecturers are 
freed from administrative tasks and data-driven teaching 
methods. AI informs better decisions on lesson planning, 
student interventions, and assessments. Finally, AI literacy 
programs prepare lecturers for the future, where technology 
and expertise will team up in an effort to enhance learning 
environments [50].  

 

VIII. ETHICAL CONSIDERATIONS IN AI INTEGRATION IN 

HIGHER EDUCATION    

AI in education has the power to completely change both 
the way students are taught and how lecturers present the 
study material to them [55]. AI may boost learning outcomes 
in a multitude of ways, from reduced administrative 
procedures to tailored or customized learning experiences. 
To ensure that we have a transparent use of technology, these 
integrations may raise ethical issues that need further 
handling. We therefore gain more insight into navigating the 
ethical environment of artificial intelligence in academia by 
investigating the above-mentioned areas [56].  
 

A. Transparency in applications using AI  

The significance of transparency in the adoption of AI 
cannot be overstated [57]. Since no one can see how they 
work, complex algorithms can be despised by lecturers and 
students, still referred to as ‘black boxes’ [57]. From 
assigning grades to suggesting materials and evaluating the 
interactions of students and teachers, the focus becomes the 
goal; therefore, understanding how the AI system makes 
decisions [58]. The concern among stakeholders regarding 
the claims of precision and objectivity in presenting results 
may stem from the existence of obscurity in the mechanical 
foundation of AI utilized in the applications [59]. 
 

B. Academia's bias and AI 

One more significant ethical issue regarding AI systems 
is the risk of bias. AI systems learn from prior sources of 
information, so to speak (datasets or models can be biased 
too) [60]. Which, in most cases, contains the biases that are 
present in the current society? AI systems have the 
capabilities of aggravating the existing inequalities in the 
educational setting; if such are ethnically and gendered in 
nature, they may produce negative outcomes for those from 
minority groups [61]. 
 

C. Recognizing and reducing prejudice 

To mitigate this issue of bias, educational institutions 
have no choice but to analyse the data that is used for 
training AI systems [62]. It is therefore necessary to conduct 
a bias audit regularly on these applications and the datasets, 
notwithstanding their use. To ensure better accuracy, 
transparency, and authenticity of the data produced by these 
AI systems. By reviewing data patterns and trends and the 
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processes of making decisions, organizations can identify 
and address risks that contain inbuilt biases [63]. 

The data cannot be the only thing that is examined; the 
algorithms have to be looked at, too. It is the responsibility 
of the educational institutions to make sure that AI systems 
are developed fairly. This could involve the use of strategies 
such as algorithmic fairness, which seeks to change the way 
computers process data to reduce biased outcomes [64]. For 
instance, lecturers could promote fairness in the design of AI 
applications to prevent equity gaps instead of perpetuating 
them. 

 

D. The significance of AI understanding 

Both lecturers and students should have a clear 
understanding of the role of AI in the education system. For 
example, users are expected to appreciate the standards of 
evaluation incorporated in the AI application that critiques 
the student’s essays [64]. Rather than elicit distrust in the use 
of AI tools, this realization encourages students to use them 
and even nurtures confidence. Institutions should, however, 
explore the possibility of providing a comprehensive guide 
and training materials aimed at explaining how AI systems 
function, the data used, as well as why certain algorithms are 
applied. They can be of great value in contributing to the 
knowledge enhancement of the audience. Involving the staff 
and students in the AI-related knowledge-gaining process 
can help organizations understand the technology and 
promote active engagement with it. Such an approach, apart 
from addressing the problem of transparency, equips the user 
to take advantage of the more sophisticated aspects of AI 
[65]. 

 

E. Privacy and moral leadership 

Alongside transparency, governance and data security are 
interrelated issues. There’s a growing concern over the 
ethical utilization of student-based information in 
educational organizations [66]. It is essential to inform the 
individuals concerned about the kinds of data that will be 
collected, the purposes of each type, and the individuals who 
will have access to them. Appropriate use of data also 
ensures trust, which enhances the relationship between the 
institution, the students, and staff, and encourages mutual 
respect. Educational institutions should develop clear data 
governance policies that restrict the unethical usage of 
student data. The policy should be such that the context in 
which the data will be used comes first, so that the students 
know their rights concerning the collection and usage of data 
about them [67]. Moreover, to maintain trust, effective 
policies must be established to protect sensitive information. 

 

IX. CONCLUSION  

With AI being integrated within higher education, it has 
raised a synthesis of innovation and disruption, positioning 
academic work and creativity in a new lens with a critical 
lens. This research has shown that while AI tools can 
enhance efficiencies within the operational side of 

educational design, they can also automate the administrative 
aspects of learning, individualize learning experiences, and 
expedite research processes. The risks of adopting may 
destabilize the notion of academic work too easily through 
the automation of administrative tasks that flatten intellectual 
creativity. 

Results indicate that lecturers view AI not as a 
replacement for educators but as an impetus for a change to 
their job roles, with occupations that involve lesser degrees 
of specialized knowledge and expertise experiencing an 
increased threat of displacement. This aligns with global 
anxieties that labor is becoming polarized in the digital 
world. In this paper, researchers contribute to this 
conversation in three ways. First, the empirical summary 
illustrates the dual role of AI as both a disruptor and 
collaborator in academic labor. Secondly, the ethical 
implications of creativity mediated by AI and the 
implications for innovation in algorithm-driven contexts. 
Thirdly, the researchers advocate for AI integration of higher 
education to consider and protect human agencies by 
creating hybrid contexts to develop productive educational 
innovations that reflect human agency and responsiveness 
and provide opportunities to innovate at the speed of 
technological efficiency. By interrogating these areas, the 
findings stimulate future strategies to enact the potential AI 
offers while trying to avoid lifelong learning, the degradation 
of intellectual labour, and the elimination of stable 
employment for academics in higher education. 

The rise of AI necessitates rethinking education’s 
expertise to fit with technology, while not losing the 
irreplaceable human dimensions, such as empathy, thinking, 
judgment, and being a critical, reflective person (and 
educator). Students who currently experience personalized 
learning spaces may need to consider guardrails under a 
regime of AI content over-dependence to maintain 
originality and critical thought. Administrators must consider 
reaching innovation and sustainability at the same time and 
provide equitable AI access while lacking the austerity that 
usually comes with efficiency-related roles at the expense of 
labour rights. Ultimately, the fate of AI in higher education 
will depend on how it is made subordinate to a humanistic 
goal. As demonstrated in this study, the potential of AI can 
only be realized through the use of deliberate and ethical 
strategies that aim to consider intellectual diversity, work 
equity, and the preservation of creativity. In emphasizing 
humanity and agency amid technological integration, higher 
education will be able to utilize AI as a partner, rather than 
as a disruptor, to protect against technological innovation 
overwhelming or even eclipsing the mission of higher 
education. 
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Abstract—The increasing use of Artificial Intelligence (AI) has 
led to a myriad of Swarm Intelligence (SI) opportunities, 
wherein collective learning can occur, such as Machine 
Learning (ML) on ML, as well as collective Multi-Criteria 
Decision-Making (MCDM). Effective ML on ML tends to 
involve Knowledge Transfer (KT) via a Domain Knowledge 
Communication (DKC) channel, wherein successful 
interpretation of both the knowledge and the inferential 
processes involved is central. This is particularly important 
when temporal considerations matter. The conveyance of 
concepts, similar to the functioning of a Large Concept Model 
(LCM), exhibits promise, and various benchmarks — to 
ensure such a successful conveyance — have been scrutinized. 
However, while various efforts have been expended on the 
machine-centric side of the AI System (AIS) divide, a certain 
Achilles heel may reside on the human-centric side of the 
overarching Socio-Technical System (STS) in the form of non-
concept model-centric Likert-derived information. This paper 
will progress through some machine-centric side experimental 
forays and then hone in on the Likert-centric repertoire on the 
other side of the AIS divide. A mitigation construct is 
proposed, and preliminary explorations exhibit some promise. 

Keywords-artificial intelligence systems; machine learning; 
Lower Ambiguity Higher Uncertainty (LAHU); Higher 
Ambiguity Lower Uncertainty (HALU); isomorphic engine; 
domain knowledge communication; multi-criteria decision-
making; decision quality; decision engineering. 

I.  INTRODUCTION 
The efficacy of certain Real World System (RWS) 

applications, such as Conversational Artificial Intelligence 
(AI), is often predicated upon consistency and reliability, 
and this particular facet can be referred to as Conversational 
AI (CAI) Robustness (CAIR). The responses/assertions 
provided by the involved CAI Agent (which should be 
designed to engage in “human-like conversations” by 
comprehending user intent, maintaining context, and putting 
forth pertinent responses) should adhere to the principle of 
CAIR; in other words, a core tenet of CAIR is that CAI 
Agent responses, once put forth, should maintain their 
validity (even amidst new user information provided). 
However, maintaining coherence and monotonicity is non-
trivial, as the involved AIS might discern connections 
(particularly those that are non-monotonic) within the 
evolving dataset. In the context of CAIR, non-monotonic 
aspects can arise as incoming information can re-

contextualize and/or contradict matters. Yet, enforcing a 
strict monotonic paradigm can segue to an unnatural rigidity 
and/or incorrect/irrelevant responses by the CAI. 
Accordingly, enhanced insight into the CAI behavior at 
Monotonic/Non-monotonic Transition Zones (MNTZ) can 
potentially be quite meaningful for elevating CAIR-related 
coherence and consistency (with the concomitant validity). 
Yet, this MNTZ element is often not part of CAI 
architectures, and the involved Repertoire of Likert-based 
Information (RLBI) training data and associated approach 
utilized do not necessarily have the benefit of various 
mitigation elements applied to them, such as in the form of 
Best-Worst Scaling (BWS) (which identifies “most 
preferred” and “least preferred” at the subset level), Q-
methodology (which illuminates “opinion typologies”), and 
the like. Certain Subject Matter Experts (SMEs) in this 
arena attribute this to the hitherto success and novelty of 
CAI. However, Subsection A will highlight the potential 
downfall of reliance upon prior successes as architectural 
validation. 

A. Case study of a system-level Achilles heel 
The case study related to the Space Shuttle Columbia has 

been referred to often in various environs (e.g., academic), 
which focus upon a “learning culture.” According to the 
National Aeronautics and Space Administration (NASA) 
commission that reviewed the Space Shuttle Columbia case, 
certain phenomena had become accepted over time; among 
these, was the “bipod ramp” (which connected the main 
external fuel tank to the spaceplane component of the Space 
Shuttle) thermal insulating foam (which prevented ice from 
forming when the external fuel tank was replete with liquid 
hydrogen and oxygen, as ice could damage the Space 
Shuttle, if shed during launch) that had been been observed 
falling off, in whole and/or in part, on several prior NASA 
missions (e.g., pertaining to the Challenger, Atlantis, and 
Columbia) prior to the Space Shuttle Columbia 
disintegration on 1 February 2003; ultimately, the cause of 
the disintegration could be attributed to a piece of thermal 
insulating foam breaking off from the external fuel tank 
after liftoff, striking the left wing, and causing a perforation 
that allowed “super-hot atmospheric gases” to enter the 
wing when the Space Shuttle Columbia later re-entered the 
atmosphere. As prior missions had been successful, NASA 
had grown accustomed to this “foam shedding” phenomena. 
After the Space Shuttle Columbia disintegration, the post-
disaster investigation revealed that numerous NASA 
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missions had indeed experienced thermal insulating foam 
loss, which had gone undetected. According to the NASA 
commission reviewing the Columbia case, the incident was 
at least partially attributed to the fact that “the Shuttle is 
now an aging system but still developmental in character,” 
and “cultural traits and organizational practices detrimental 
to safety were allowed to develop, including reliance on past 
success as a substitute for sound engineering practices” [1]. 

In many ways, this lesson learned also seems to apply to 
those CAI architectures not treating the CAIR-related 
coherence, consistency, and validity issue. Indeed, it also 
seems to apply as a more generalized potential “foam 
shedding” aspect of contemporary Artificial Intelligence 
(AI) Systems (AIS); in particular, this may involve the 
Knowledge Transfer (KT) from an involved RLBI, which is 
not necessarily optimally conducive for a Large Concept 
Model (LCM) or concept model-centric Low Ambiguity 
High Uncertainty (LAHU)/Higher Ambiguity Lower 
Uncertainty (HALU) module that relies upon a quasi-
isomorphic engine. In fact, preliminary experimentation 
shows that RLBI tends to aggravate matters in the MNTZ 
for AIS, as its non-concept model-centric paradigm seems to 
be problematic by introducing: heightened ambiguity, a less 
robust estimated parameter class (given the non-concept 
model-centric nature of RLBI), and a greater propensity for 
spawning towards the Non-deterministic Polynomial-time 
Hardness (NP-hard) non-continuous, non-polynomial, and 
non-monotonic side. 

B. Contemporary case of a prospective AIS Achilles heel  
The overarching rubric of AIS contains AI Control and 

Decision Systems (CDS) (AICDS), which in turn have 
Machine Learning (ML) constituent components. These 
components might involve, among others, LAHU/HALU 
components. The LAHU/HALU component has RWS 
application, as it accommodates the temporal element. By 
way of explanation, if the LAHU component deems that its 
repertoire [module] contains sufficient apriori experience 
(i.e., low ambiguity), then it might allow for an increased 
tolerance towards uncertainty, and likely, the need for more 
Big Data can be curtailed [2]; conversely, if the HALU 
component determines that there is insufficient apriori 
experience (i.e., high ambiguity), then it might necessitate 
more Big Data. In essence, the described paradigm equates 
to a quasi-isomorphic engine, which is better described as 
leveraging a quasi-LCM approach that segues to 
enhanced/nuanced semantic context, given the intrinsic 
ability to orchestrate multimodal inputs and extrapolate 
towards the desired notion/abstract concept class. The 
LAHU/HALU amalgam necessarily involves Multi-Criteria 
Decision-Making (MCDM). In turn, MCDM is typically 
comprised of Multi-Objective Decision-Making (MODM) 
and Multi-Attribute Decision-Making (MADM) modules. 
MODM usually involves multiple objectives, which are 
often conflicting, and MADM usually involves a singular 
objective. The counterpoising of the two is crucial. In turn, 

each of these can be comprised of Subjective Measures 
(SM), as well as Objective Measures (OM). Likewise, the 
counterpoising of these SM/OM is vital; otherwise, a variety 
of SM-related biases are likely to seep into the construct. 
The described AIS/AICDS is construed to reside within the 
realm of Decision Engineering (DE)/Decision-Making 
(DM), and the aforementioned is reflected in Figure 1. The 
enclosing purple boxes and font of that color pertain to 
some of the experimental forays presented herein. The blue 
boxes and font provide some pertinent ontological 
terms/concepts. 

 

 
Figure 1.  AIS/AICDS ML on ML KT (via DKC) with the LAHU/HALU 
MCDM (e.g., a MADM/MODM SM/OM counterpoising) supporting a 
Machine-Processed Repertoire of Experience (MPRE). 

The LAHU/HALU’s MPRE [module] is, ideally, enriched 
by KT, via the learnings of other precursor ML(s), such as 
shown in Figure 1 (e.g., MLn). The channel by which the 
KT occurs is referred to as Domain Knowledge 
Communication (DKC) (e.g., DKCn in Figure 1). Implicit in 
the reference to DKC is the prospective ability to convey the 
specialized knowledge of the involved domain(s); it is 
thought that a high efficacy approach centers upon the 
previously referenced notions/abstract concepts/estimated 
parameter class. Yet, these abstractions often also depend 
upon their interim notions/Inferred Latent Variables (ILVs), 
which in turn are, in some form or fashion, somewhat 
conveyed by various attributes. This paradigm is delineated 
via a prototypical Latent Variable Model (LVM) (Table I). 

TABLE I.  SAMPLE LVM CATEGORIES OF ESTIMATED PARAMETER 
CLASS, INTERIM NOTIONS, AND ATTRIBUTES CATEGORIES 

Abstract Concept/ 
Notion/ 
Predicted Class/ 
Unknown 
Parameter/ 
Estimated 
Parameter Class 

Unobserved 
Variables/ 
Interim Notions/ 
Hidden 
Underlying 
Factors/ 
Latent Traits/ 
Inferred Latent 
Variables (ILVs) 

Observed/Observation 
Variables/ 
Measured Variables/ 
Indicators 
Items/ 
Measures/ 
Attributes 

 
However, when the measured variables and ILVs are not 1-
to-1, such as in the case wherein certain attributes are linked 
to many ILV (1-to-many) and/or many attributes are used to 
convey the essence of an ILV (many-to-1), then the causal 
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relationships are no longer linear; they are non-linear. In 
cases such as this, Interpretability and Explainability (I&E) 
becomes paramount so as to better contextualize the causal 
pathways. This is non-trivial and the “quantification of joint 
contributions” is an active research area. Harris, by way of 
example, suggests joint Shapley values as a measure of joint 
feature importance within the involved feature sets [3]. 
Dhamdhere extends this by suggesting the utilization of 
“Shapley-Owen values” for this type of quantification [4]. 
Also, while the content related to the KT can indeed be 
significant, knowledge of the involved inferential process 
can, in a number of cases, be even more vital, as there may 
be certain bulwarks established, wherein KT across the 
DKC does not occur if the I&E threshold is not met. 

It can then be ascertained that I&E and DKC for high 
efficacy ML on ML is a key thematic of this paper. Effective 
ML upon ML necessitates a certain degree of I&E for 
operationalizing DKC. I&E is construed to be part of the 
System Transparency, Explainability, and Accountability 
(STEA) rubric. In turn, STEA endeavors to mitigate against 
bias, and while machine-side AIS has been heavily 
scrutinized, oftentimes, the human-side elements (e.g., 
individual, institutional bias) “of the larger Socio-Technical 
System [STS]” have not been treated as robustly [5]. 
Exemplar biases impacting I&E/DKC include, but are not 
limited to: 

1) Central Tendency Bias 
Wang and Liu remind us that RWS data “often exhibit a 

long-tailed” distribution [6][7]. Within the STS paradigm, 
human input contributions (towards the repertoire of apriori 
experience) via modalities, such as Likert-derived 
information, often tend toward central tendency bias (i.e., a 
predilection towards the median and away from the 
min/max), and this is affirmed by Akbari and Sabolic [8][9]. 
This central tendency bias is likely to obscure/obfuscate the 
long-tail realities of the involved RWS. 

2) Acquiescence Bias 
Continuing along the vein of RLBI, Friborg reminds us 

that these forms “introduce acquiescence bias” [10]. To 
mitigate against this, it is customary to engage in negation 
transformations, but the “transformations may introduce 
errors, as negatives of positive constructs may appear 
contra-intuitive” (i.e., counter-intuitive) [10]. 

3) Anchoring Bias 
As Yasseri reminds us, Kahneman and Tversky 

cautioned against the use of certain heuristics, wherein 
“certain information will be simplified, some ignored, and 
estimations will be made, thus increasing the likelihood of 
systematic errors in decisions” [11][12]. This predilection 
for gravitating towards “immediate examples” in one’s mind 
is often referred to as a “mental shortcut” or “cognitive 
bias” [11]; an example includes anchoring bias, which 
involves gravitating towards “the first piece of information 
encountered” [11]. LAHU/HALU mitigates against this by 
examining MPRE and making the DE/DM determination on 

whether more Big Data is needed or not to lower the 
uncertainty. 

4) Selection Bias 
Of note, Berger reminds us that “the quality of 

randomization is an under-appreciated facet” and that 
“improper randomization” can segue to “selection bias” 
[13]. In essence, the choice of datasets, methods, design, 
programming, etc. as well as the individuals, groups, etc. 
selected for analysis (if subject to selection bias) can lead to 
a failure of “proper randomization” [14]. The significance is 
that the sample set obtained will no longer be representative 
of the population set to be scrutinized [15]. Hence, the 
results will likely be skewed. The LAHU/HALU MCDM 
can help mitigate against this, as the MCDM well considers 
the SM/OM counterpoisings for MADM/MODM. 

The aforementioned referenced biases, among others, 
can challenge I&E/DKC and wreak havoc on an 
AIS/AICDS. To better illuminate this challenge, Figure 2 
depicts the Human-Computer Interface (HCI) or Human-
Machine Interface (HMI) zone, and the DKC channel is 
depicted as well.  

 

Figure 2.  Human-side HIRE and Machine-side MPRE of the AIS Divide 
with KT/DKCs shown. 

In the context of the referenced LAHU/HALU MPRE, the 
STS Human-Informed Repertoire of Experience (HIRE) 
side has high potential to skew/bias the STS MPRE side, 
thereby affecting the entire AIS/AICDS; hence, careful 
consideration of this issue is needed. STS elements that can 
hinder I&E and degrade DKC are deemed to be disruptive 
for the AIS/AICS, and illuminating some of these STS 
elements is another key thematic of this paper. Figure 2 
shows that this can come via HIRE, across the KT1/DKC1, 
and affect the involved MPREs, such as MPRE1 (it can also 
come from MPREn, across KTn/DKCn, and affect MPRE1 in 
some cases). 

Accordingly, this paper delineates the STS HIRE side of 
an AIS and its potential to adversely impact the STS MPRE 
side of an AIS. Section I provided an overview, which 
underscored the import of I&E and DKC for high efficacy 
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ML on ML, as well as the fact that STS elements, such as 
HIRE, can potentially hinder I&E and degrade DKC so as to 
be disruptive for the AIS/AICS.  

For the reader’s convenience, a listing of acronyms 
utilized thus far and for the sections that follow is being 
provided in Table II below. 

TABLE II.  LISTING OF ACRONYMS UTILIZED 

Acronym Expanded Form 
AI Artificial Intelligence 
AICDS Artificial Intelligence Control and Decision 

Systems 
AIS Artificial Intelligence System 
BLUF Bottom Line Up Front 
BWS Best-Worst Scaling 
C Consistency 
CAC Current Architectural Construct 
CAI Conversational Artificial Intelligence 
CAIR Conversational Artificial Intelligence 

Robustness 
COPRAS Complex Proportional Assessment 
CRITIC CRiteria Importance through Intercriteria 

Correlation 
D Hoeffding’s D Correlation Coefficient 
dCor Distance Correlation Coefficient 
DE Decision Engineering 
DEA Data Envelopment Analysis 
DKC Domain Knowledge Communication 
DM Decision-Making 
ELECTRE ELimination Et Choix Traduisant la Realité 
F Flexibility 
F-VIKOR Fuzzy VIseKriterijumska Optimizacija I 

Kompromisno Resenje 
GP Goal Programming 
HALU Higher Ambiguity Lower Uncertainty 
HCI Human-Computer Interface 
HIRE Human-Informed Repertoire of Experience 
HMI Human-Machine Interface 
HV Hypervolume 
I Interpretability 
I&E Interpretability and Explainability 
ICC Information Coefficient of Correlation 
IGD Inverted Generational Distance 
ILVs Inferred Latent Variables 
KT Knowledge Transfer 
LAHU Low Ambiguity High Uncertainty 
LCM Large Concept Model 
LVM Latent Variable Model 
MADM Multi-Attribute Decision-Making 
MC Maximal Correlation 
MCDM Multi-Criteria Decision-Making 
MI Mutual Information 
MIC Maximum Information Coefficient 
MINLP Mixed Integer Non-Linear Programming 
ML Machine Learning 
MM MULTIMOORA 
MNTZ Monotonic/Non-monotonic Transition Zones 
MODM Multi-Objective Decision-Making 
MPRE Machine-Processed Repertoire of Experience 
NASA National Aeronautics and Space 

Administration 
NP-hard Non-deterministic Polynomial-time Hardness 
OM Objective Measures 
P Performance 
PAC Previous Architectural Construct 
PBCC Percentage Bend Correlation Coefficient 
PPMCC Pearson’s [Product]-Moment Correlation 

Coefficient 
PROMETHEE Preference Ranking Organization Method for 

Enrichment Evaluation 
rho Spearman’s Rho Correlation Coefficient 
RLBI Repertoire of Likert-based Information 
RNLBI Repertoire of Non-Likert-based Information 
ROM Rough Order of Magnitude 
ROYG Red-Orange-Yellow-Green 
RWS Real World System 
S Sensitivity 
S/R Sorting/Ranking 
SD Semantic Differential 
SDP Semi-Definite Programming 
SI Swarm Intelligence 
SM Subjective Measures 
SMEs Subject Matter Experts 
STEA System Transparency, Explainability, and 

Accountability 
STS Socio-Technical System 
tau Kendall’s Tau Correlation Coefficient 
TOPSIS Technique of Order Preference by Similarity 

to an Ideal Solution 
U Performance under Uncertainty 
V Validity 
VC-dim Vapnik-Chervonenkis dimension 
VD Verification/Discernment 
WASPAS Weighted Aggregated Sum Product 

Assessment 
 

The remainder of this paper is organized as follows. 
Section II notes that RLBI potentially worsens conditions in 
the AIS MNTZ for AIS/AICDS, as its non-concept model-
centric paradigm seems to be of some hindrance by 
introducing heightened ambiguity, a less robust estimated 
parameter class, and a greater propensity for spawning to 
the NP-hard, non-continuous, non-polynomial, and non-
monotonic side. Section II also notes that Repertoire of 
Non-Likert-based Information (RNLBI) approaches, such as 
Semantic Differential (SD), necessitate a higher level of 
abstraction-level thinking, at the onset, that is more 
intrinsically akin to the ultimate notion/abstract concept to 
be expressed. Section III presents theoretical foundations as 
well as some precursor experimentation, an updated 
experimental setup (to account for some prospective 
quantitative speciousness in the literature), and an interim 
discussion regarding how RNLBI approaches (e.g., SD) — 
as they are more intrinsically akin to the concept model — 
will be more amenable for the MPRE via LAHU/HALU 
processing and may induce less spawning than RLBI. 
Section IV provides a discussion with some concluding 
remarks, and some proposed future work closes the paper.   

II. BACKGROUND 
Despite the criticality of I&E for operationalizing a high 

efficacy DKC, the treatment of I&E (and its overarching 
STEA) still remains in a fairly nascent state. By way of 
example, even the gauging of I&E still tends to be tied to the 
rudimentary metric of relating I&E to the complexity of the 
involved AIS/ML architecture. Along this vein, measures, 
such as “the Vapnik-Chervonenkis dimension (VC-dim)” are 
often utilized to gauge this complexity [16]. After all, the 
VC-dim can be emblematic, in a rough sense, of the Rough 

18Copyright (c) IARIA, 2025.     ISBN:  978-1-68558-303-3

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AISyS 2025 : The Second International Conference on AI-based Systems and Services

                            25 / 72



Order of Magnitude (ROM) related to the involved number 
of weights, rules, etc.; indeed, an unwieldy number of, say, 
rules can readily segue to downstream brittleness issues. 
Brittleness, which had previously been explored in [17], 
necessitates a marked change in the paradigm, and I&E can 
fluctuate accordingly. Generally speaking, the ongoing 
tectonic shifts do not lend well toward enhancing I&E. 
Wood asserts that this type of “failure is due to brittle 
systems” [18]. Druce affirms, and of significance, Druce 
notes that “this lack of [I&E/]understandability in AIs 
precludes them from use in critical applications” [19]. 
Accordingly, this paper centers upon mission-critical RWS 
AIS/AICDS and revisits various potentially specious notions. 

A. Brittleness & Volatility in the MNTZ 
The described brittleness and volatility/unpredictability is 

especially prevalent within the MNTZ, wherein the shift of 
the involved variables from a monotonic to a non-monotonic 
paradigm can be quite unexpected and occur more frequently 
than anticipated/desired. In a sense, this seems to be 
aggravated when the involved repertoire is not intrinsically 
concept model-centric, such as in the case of RLBI. By way 
of background, Table III provides a simple depiction of: (1) 
“Monotonic,” which denotes when an increase or decrease at 
one variable can segue to a corresponding change at the 
same rate (i.e., linear monotonic) or a different change of 
rate (i.e., non-linear monotonic) at the other variable, and (2) 
“Non-monotonic,” which denotes when the ML model can 
alter direction at various points, such as when the first 
derivative switches signs (i.e., “a sign-changing first 
derivative”) [20]. These are mapped against “Linear,” 
wherein “the output is proportional to the input” and “Non-
Linear,” wherein the “relationship is more complex” (e.g., 
the relationship between/among the features is complex, the 
boundary areas are ambiguous, etc.) [21].  

TABLE III.  EXEMPLAR RESULTANTS AND MNTZ I&E 

 
 
The Monotonic/Non-monotonic and Linear/Non-linear 

resultants have varying degrees of I&E for the various 
complexities. The color coding for Table II utilizes the Red-
Orange-Yellow-Green (ROYG) color coding schema, 
wherein the various shades of colors denote lowest to highest 
I&E. By way of example, red denotes low, orange denotes 
low/medium, yellow denotes medium, and green denotes 
high I&E. The shown boundary areas reflect the approximate 
encountered I&E, and as depicted in Table II, monotonic can 
be linear or non-linear. The crossing of “Linear Non-
monotonic” is hatched, as technically, it cannot be linear 
(yet, over the long-term, a near-steady-state oscillation may 
appear, depending upon the magnification, so as to be quasi-
linear); as Nicolaou points out, “in network systems, 
however, even at the level of linear dynamics, fundamental 

questions remain open concerning such transient growth — 
or, more generally, non-monotonic dynamics” [22].  

B. The Spawning of NP-Hard Non-Monotonic, Non-
Polynomial, and Non-Continuous Functions within and 
abutting the MNTZ 
For the case of the RWS AIS/AICDS-related ML 

discussed herein, the spawning of “non-monotonic, non-
polynomial, and even non-continuous functions” is not 
infrequent [23]. In other words, within the MNTZ, it is even 
more challenging to discern/ascertain what the I&E situation 
will be, for there is an even greater propensity for spawning 
to the NP-Hard side. This is not dissimilar to the paradigm, 
wherein the transformation of “non-convex Mixed Integer 
Non-Linear Programming (MINLP) to convex problems, 
often spawn further non-convex MINLP problems” that 
necessitate further handling, as is shown in Figure 3 [2]. In 
the context of Monotonic/Non-Monotonic and Linear/Non-
linear, this is recast, as shown in Figure 4, wherein Non-
Monotonic can be Continuous or Discontinuous, and Non-
Linear can be Polynomial (e.g., which involves certain 
operations, such as addition, subtraction, and multiplication 
as well as non-negative integers as powers) or Non-
Polynomial (e.g., wherein other operations are possible, and 
powers can be negative, fractional, or trigonometric, etc.). 

 

 
Figure 3.  Non-convex to convex transformation pathways (e.g., non-
convex discontinuous non-linear MINLPs to convex form) 

 
Figure 4.  Non-convex to convex transformation pathways (e.g., non-
convex non-monotonic, non-polynomial, non-continuous MINLPs to 
convex form) 
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Figure 3 and Figure 4 depict the pathways to convex form 
(e.g., linearization) in green font; once in a convex form, a 
myriad of Semi-Definite Programming (SDP) solvers can be 
brought to bear so as to resolve the involved optimization 
problems in polynomial time (presuming further spawning 
does not occur). In both cases, NP-hard-related spawn can 
potentially congest matters with an indefinite impasse. 

C. Potentially, RLBI Aggravates & RNLBI Alleviates 
Matters in the MNTZ 
RLBI potentially aggravates matters within the AIS 

MNTZ since its non-concept model-centric paradigm can 
potentially run counter to the overall construct by inducing 
increased ambiguity, increasing uncertainty regarding the 
estimated parameter class, and increasing the likelihood for 
spawning to the NP-hard, non-continuous, non-polynomial, 
and non-monotonic side. RNLBI, such as SD, involves a 
higher level of abstraction-level thinking that is more 
intrinsically akin to the ultimate notion/abstract concept to 
be expressed/articulated. 

To summarize this section, the MNTZ must be treated 
for mission-critical RWS AIS/AICDS, as the transition of 
involved variables from a monotonic to a non-monotonic 
state can be quite unpredictable and occur at a higher 
frequency than anticipated/desired. In addition, without 
apropos mitigation bulwarks, the computational challenge 
may be inadvertently increased, as the spawning of “non-
monotonic, non-polynomial, and even non-continuous 
functions” can occur at a higher than anticipated/desired 
rate. Moreover, a number of RWS, such as CAI, may not 
robustly distinguish between RLBI and RNLBI; this may be 
of detriment, as RLBI has been observed to potentially 
negatively impact matters within the AIS/AICDS MNTZ. 

III. EXPERIMENTATION 
As a Bottom Line Up Front (BLUF) of the main 

outcome of this section, the experimental findings allude to 
a paradigm of decreased spawning as relates to RNLBI over 
RLBI. This should be of no great surprise, as RNLBI tends 
to be comprised of less subjective facets while RLBI tend to 
be comprised of inherently subjective elements (e.g., as 
respondents may construe the various scale points in a 
number of ways, thereby segueing to a set of data that is 
more difficult to compare and contrast). The logical 
progression that leads to these findings is presented as 
subsections A through B below. 

A. Theoretical Foundations & Precursor Experimentation 
As noted previously in Section IB, the issue of the 

quantification of joint contributions is non-trivial. Even 
taking the more simplistic case of RLBI, there may be a 
non-monotonic relationship between variables; for example, 
as one of the measured variables increases/decreases, the 
other variable may exhibit a complex curve, which may be 
challenging for I&E. Even for the seemingly simplistic case 
of the null hypothesis, wherein there exists no relationship 

between the two variables, it may be challenging to 
discern/affirm this paradigm. Of course, a monotonic linear 
relationship is more suitable for I&E. The task of I&E 
becomes increasingly challenged with a monotonic non-
linear relationship, wherein the two variables 
increase/decrease, but at different rates of change. As 
discussed in Section IIA, while non-monotonic, technically, 
cannot be linear, linear dynamics can indeed transiently 
segue to non-monotonic dynamics, as Nicolaou points out 
[22]. This transient nature can be better understood via 
phase transitions, and to better ascertain when the segueing 
to non-monotonic non-linear paradigms occurs, various 
measures for monotonic/non-monotonic and linear/non-
linear paradigms are utilized, such as presented and 
described in Table IV below. These Table IV measures are 
then sorted and presented by exemplar usage in Table V 
below and on the following page. 

TABLE IV.  VARIOUS  MEASURES FOR MONOTONIC/NON-MONOTONIC 
AND LINEAR/NON-LINEAR PARADIGMS 

Measure Descriptor 
Distance Correlation 
Coefficient (dCor) [23] 

dCor is “better at revealing complex… 
relationships… compared with other 
correlation metrics” by “integrating both 
linear and non-linear dependence” [27]. 

Hoeffding’s D Correlation 
Coefficient (D) [23][24] 

D can reflect a certain degree of concordance 
and discordance. 

Information Coefficient of 
Correlation (ICC) [25] 

ICC can provide a gauge of alignment 
between the posited and actual value. 

Kendall’s Tau Correlation 
Coefficient (tau) [23][26] 

Tau can illuminate correlations of import 
when the distributions of the sample set and 
population are not necessarily known. 

Maximal Correlation (MC) 
[25] 

MC pertains to transformations of the data, 
which are considered to maximize the 
correlation. 

Maximum Information 
Coefficient (MIC) [25] 

MIC encompasses both linear and nonlinear 
correlations between the “variable pairs.” 

Mutual Information (MI) 
[25] 

MI is a paradigm, wherein one of the 
variables conveys a quantifiable amount of 
information about the other. 

Pearson’s [Product]-
Moment Correlation 
Coefficient (PPMCC) [23] 

PPMCC measures the relationship strength 
and direction between the “variable pairs.” 

Percentage Bend 
Correlation Coefficient 
(PBCC) [23] 

PBCC refers to a paradigm, wherein a 
specified percentage of marginal 
observations deviating from the median are 
weighted downward [28]. 

Spearman’s Rho 
Correlation Coefficient 
(rho) [23][26] 

Rho scrutinizes the dependence between two 
random variables [29]. 

TABLE V.  EXEMPLAR USAGE OF VARIOUS MEASURES 

 Monotonic Non-monotonic 
Linear D [23] 

rho [23] 
tau [23][26] 
PPMCC [23][25][26] 
PBCC [23] 
dCor [23] 

N/A2 

Non-
linear 

 PPMCC1[23][25][26] 
rho [23] 
tau [23][26] 
PBCC [23] 
dCor [23] 
D [23] 

MC3 [25] 
dCor4 [23] 
D [23] 
PPMCC5 [23][25] 
rho5 [23][25] 

 

20Copyright (c) IARIA, 2025.     ISBN:  978-1-68558-303-3

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AISyS 2025 : The Second International Conference on AI-based Systems and Services

                            27 / 72



Curvilinear rho [23] 
PBCC [23] 
dCor [23] 
PPMCC1[23] 
tau [23] 

dCor [23] 
D [23] 
PPMCC5 [25] 
rho5 [23][25]  
 

1 Heuvel notes the efficacy of PPMCC with “families of bivariate distribution 
functions with non-linear monotonic associations” [26]. 
2 as noted previously in Section IIA, technically, non-monotonic cannot be 
linear; however, as noted by Nicolaou, linear dynamics may experience transient 
segueing “toward non-monotonic dynamics” [22]. 
3 requires “greater than 100 observations” [25]. 
4 requires “less than 50 observations,” as “it is not susceptible to the exact 
number of observations” [25]. 
5 of note, it does not “find non-monotonic dependence,” given symmetry [25]. 
 
Generally speaking, the reflected ROYG results align with 
the findings of Mirtagioglu. For example, the following 
seem to hold: (1) “in cases where there is no relationship 
between the variables” (e.g., non-functional relationship, 
wherein “there is no function of one variable that interacts 
with the other and vice versa”), dCor, D, tau, PPMCC, 
PBCC, and rho “have given very satisfactory results,” as 
well as MC, (2) “very low values (close to 0)” of rho, tau, 
PPMCC, and PBCC is emblematic of a “random 
relationship between the variables,” and (3) “very low 
values (close to 0)” of tau, PPMCC, and PBCC, and rho 
when conjoined with “very high values (close to 1)” of 
dCoR is emblematic of a non-monotonic relationship 
between/among variables, such as shown in Table VI below 
[23][26].  

TABLE VI.  EXEMPLAR FINDINGS FROM MEASURES & POSITS  

Close to 0 Close to 1 Close to -1 Relationship 
Posits 

dCor, D, tau, PPMCC, PBCC, 
rho 

N/A N/A None 

rho, tau, PPMCC, PBCC N/A N/A Random  
N/A rho, 

PPMCC 
N/A Strong 

Positive 
Monotonic 

N/A N/A rho, 
PPMCC 

Strong 
Negative 
Monotonic 

tau, PPMCC, PBCC, rho, dCor N/A Non-
monotonic 

 
The results also somewhat align with the findings of Fujita, 
Rainio, and Heuvel. However, the rankings and sortings, 
such as offered by Mirtagioglu (M), Rainio (R), and Heuvel 
(H) somewhat differ, as shown in Table VII below. 

TABLE VII.  POSITED RANKING/SORTINGS BY M, R, AND H 

 M [23] R [25] H [26] 
Linear 
Monotonic 

rho 
PBCC 
PPMCC 
dCor 
tau 

PPMCC1 
rho2 
tau2 
 

PPMCC 
MIC 

Non-linear 
Monotonic 

rho 
PBCC 
dCor 
tau 
D 

rho 
tau 
PPMCC 

PPMCC 
MIC 

Non-linear (e.g., 
curvilinear) 

dCor 
D 

N/A PPMCC3 
rho3 

Non-monotonic MIC 
1 more oriented for “linear association” [26]. 
2 more oriented for “monotonic association [26]. 
3 however, this is N/A when the non-monotonic dependence is symmetric [25]. 
 
Of course, it would be ideal to first, ascertain the involved 
relationships (initial foray), second, apply the pertinent 
measures (verification/discernment), and then, perhaps, 
third, repeat this process recursively; however, this may not 
always be possible, as there are a number of 
subtleties/challenges amidst varying temporal 
conditions/constraints. In any case, the notional construct 
utilized is shown in Figure 5 on the following page. 
Furthermore, the exemplar organization and sequencing of 
the measures (a.k.a., Verification/Discernment or VD 
measures) of Figure 5 for monotonic transformation and 
MNTZ insights was treated with the various methods 
reflected in Table VIII, which applied specific methods 
(a.k.a., Sorting/Ranking or SR methods) to the VD measures 
of Figure 5.  
 

 
Figure 5.  Exemplar sequencing regarding verifications/discernments for 
monotonic transformation/MNTZ insights  

Specifically, the VD measures are needed for more robust 
insights into the monotonic transformations and ensuing 
monotonic/non-monotonic dynamics within/around the 
MNTZ. It should be noted that the SR methods were 
utilized in a MADM OM sense, since some of the methods 
are able to handle both SM and OM. As part of the 
experimentation, a bespoke experimental architectural 
construct was explored with the OM#1-7 of Table VIII as 
well as Figures 6 and 7. MULTIMOORA (MM), Goal 
Programming (GP), and Weighted Aggregated Sum Product 
Assessment (WASPAS) were presets utilized for MODM 
SM, MODM OM, and MADM SM, respectively, as shown 
in Figures 6 and 7 on the following page. 
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TABLE VIII.  METHODS APPLIED TO THE VD MEASURES OF FIGURE 5. 

# Methods MADM OM 
1 Complex Proportional Assessment 

(COPRAS) [30] [36] 

2 CRiteria Importance through 
Intercriteria Correlation (CRITIC)  [31]  [37]  

3 Data Envelopment Analysis (DEA)  [32]  [38] 
4 ELimination Et Choix Traduisant la 

Realité (ELECTRE)  [33] SM/OM 
[39] 

5 Fuzzy VIseKriterijumska 
Optimizacija I Kompromisno 
Resenje (F-VIKOR) 

[34] SM/OM 
[40] 

6 Preference Ranking Organization 
Method for Enrichment Evaluation 
(PROMETHEE) (e.g., I and II) 

 [35] SM/OM 
[41] 

7 Technique of Order Preference by 
Similarity to an Ideal Solution 
(TOPSIS)  

[34]  [42] 

 

 

Figure 6.  PAC with TOPSIS usage for the MADM OM 

 

Figure 7.  CAC with explicit OM#1-7 usage for MADM  

For Figure 6, “PAC” refers to “Previous Architectural 
Construct,” “is” equates to “input set,” and “ss” equates 
to “solution set.” Please note: the “MODM ‘solution set’ 
(MODMn-PACss) facilitates the MADM ‘input set’ 
(MADMn-PACis) to MADM ‘output solution set’ 
(MADMn-PACss) progression [2]. For Figure 7, “CAC” 
refers to “Current Architectural Construct,” “is” equates 
to “input set,” and “ss” equates to “solution set.” Please 
note: the “MODM ‘solution set’ (MODMn-CACss) 
facilitates the MADM ‘input set’ (MADMn-CACis) to 

MADM ‘output solution set’ (MADMn-CACss) 
progression [2]. 

Taking the 7 metrics of Performance (P) (i.e., execution 
time), Consistency (C) (“which is a useful indicator” for 
stability as well as “the underlying convergence paradigm”), 
Flexibility (F) (“for adaptation, hybridization, etc.”), 
Sensitivity (S), P under Uncertainty (U), Validity (V), and 
Interpretability (I), various comparative evaluations of 
OM#1-7 were conducted, and the interim findings are 
delineated in Figure 8 [43]. For ease of comparison, the 
relative values were normalized. In terms of benchmarking 
indicators, Inverted Generational Distance (IGD) and 
Hypervolume (HV) were utilized, where in the context of the 
multi-objective domain (e.g., MCDM, MODM, etc.), IGD is 
a metric that assesses the solution set quality by way of 
measures, such as convergence (distance of the solutions in 
the solution set to the Pareto front) and diversity (coverage 
by the solution set relating to the Pareto front), among others, 
and HV pertains to the volume of a hv-dimensional space 
populated by the solution set, where a higher HV alludes to a 
more robust solution set. This is consistent with  Sun and 
Chugh opining that IGD “has been widely considered as a 
reliable performance indicator,” and likewise, that HV “is 
one of the most used set-quality indicators” [44][45][46].  
 

 
Figure 8.  Preliminary Results from OM Benchmarking against IGD/HV 

A literature review was conducted to ensure that the results 
were reasonable, and some example affirmations are shown 
in Table IX below. 

TABLE IX.  SAMPLE AFFIRMATIONS OF REASONABLENESS OF RESULTS 

Metric Exemplar Affirmation 
P • Varatharajulu favors the COPRAS/TOPSIS amalgam [47]. 

• Hezer favors COPRAS, TOPSIS, and VIKOR (in that order) 
[48]. 

C • Salabun favors TOPSIS and PROMETHEE over VIKOR [49]. 
• Ezhilarasan favors ELECTRE over TOPSIS [50][51]. 

F • Akram favors extensions of ELECTRE and TOPSIS [52]. 
S • Kokaraki opines that TOPSIS may likely be the “most sensitive” 

(i.e., a high S) [53].   
U • Jordehi and Lofti favor ELECTRE [54][55]. 

• Ziemba favors PROMETHEE [56]. 
• Taherdoost, Oubahman, and Moreira favor PROMETHEE (e.g., 
PROMETHEE I for “partial ranking,” and PROMETHEE II for 
“complete ranking”), as it can “accommodate complex qualitative 
and quantitative evaluations” [57][58][59] 

V • Ozmen favors PROMETHEE to ELECTRE [60]. 
I • Leyva-Lopez and Yedjour favor ELECTRE and PROMETHEE 

[61][62].  
 
Variables and parameters were established as suggested in 
[45][63].  
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B. Updated Experimental Setup 
Initial experimentation had been predicated upon 

exemplar sample size recommendations, such as shown in 
Table X, rooted in Gunawan’s work, and predicated upon 
Thompson’s Exploratory and Confirmatory Factor Analysis 
[64][65][66].  

TABLE X.  EXEMPLAR SAMPLE SIZE RECOMMENDATIONS  

Recommended Sample Sizes Investigators 
200-300 Guadagnoli & Velicer [70] 
>=200 Hair et al. [71] 
>=200-1000 Nevitt & Hancock [72] 

300 
Comrey & Lee [67]; Clark & 
Watson [73]; VanVoorhis & Morgan 
[74]; White [75] 

>=300 is deemed “good 
enough” (e.g., sample sizes < 
300 “tend to diverge”) [64][66] 
[68][69] 

Kyriazos & DeVellis [68][69] 

>=400 Aleamoni [76] 
500 is “very good” [64][67] Comrey & Lee [67] 
>=1,000 is “excellent” Gunawan [64]; Comrey & Lee [67] 

 
Initially, experimentation sample sizes, such as >=300, were 
deemed to be sufficient. However, according to Columbia 
University’s Professor Gelman, it is opined that “you need 
16 times the sample size to estimate an interaction than to 
estimate a main effect” [77]. As the MNTZ are likely rife 
with these described interactions, Gelman’s point is taken. 
Also, Gelman’s argument seems to dovetail with Rainio’s 
thoughts on power (e.g., the efficacy to ascertain whether 
there is “some association between the variables or not”), 
equitability (e.g., the ability to ascertain “similar values 
for…relationships that are based on different functions but 
have the same level of noise”), and generality (e.g., the 
capability, at the involved sample quantity, to not only 
“detect linear, monotonic, or functional dependence,” but 
also “recognize more complicated relationships between the 
variables”) [25]. Interestingly, with an updated experimental 
setup predicated upon Gelman’s and Rainio’s thoughts, the 
findings allude to a paradigm of decreased spawning with 
RNLBI over RLBI. The pathways discussed within are 
summarized in Figure 9. 
 

 
Figure 9.  Overall MNTZ and spawn reduction observations/posits  

Beyond the pathways, it might be fitting to also address 
certain aspects of the HIRE human-side and MPRE 
machine-side of the AIS Divide, particularly as pertains to 
prospective human-centric and machine-centric (i.e., AI-
centric) biases. For example, human respondents might tend 
to agree with the crowd in the form of acquiescence bias; 
likewise human respondents might also avoid the extremes 
and tend towards the “safety” of the “middle of the scale” in 
the form of central tendency bias. Conversely, the machine 
might accentuate a particular historical bias and perpetuate 
that aspect (predicated upon the potentially specious notion 
that the temporal span of the historical data, albeit possibly 
biased, carries weight), and interestingly, this might be a 
long-tail perspective that is exacerbated in the form of 
selection bias; likewise omitted variable bias can occur, if 
the machine applies enough weighting to the long-tail 
perspective (as overfitting can also be a source of bias). For 
these reasons and others, the mitigation measures alluded to 
in Section I highlight the prospective robustness of RNLBI 
over RLBI. In addition, the handling/counterpoising of 
monotonicity/non-monotonicity can be central for RWS, 
such as CAIR for CAI; after all, monotonoic reasoning 
presumes that prior assertions should always hold true. In 
contrast, non-monotonic reasoning allows for revisions 
predicated upon new information. In this regard, the 
LAHU/HALU MCDM component is also critical for 
treating the temporal component, as RWS (such as CAI) 
applications tend to occur in real-time. By considering the 
presented machinations and mitigations, a more robust 
MNTZ discerning/understanding conjoined with the 
discussed LAHU/HALU MCDM counterpoisings can 
potentially segue to more graceful management of seeming 
contradictions, thereby better harmonizing/counterpoising 
monotonic/non-monotonic paradigms. 

IV. DISCUSSION & CONCLUDING REMARKS 
Auret put it well more than a decade ago: a “better 

understanding of process phenomena is dependent on the 
interpretation of models capturing the relationships between 
the process variables” [78]. As these relationships are 
central, Gelman’s recommendations were taken into 
consideration. With this particular perspective, the 
explorations of this paper indicate that RLBI can likely be a 
prospective impediment, particularly within or around the 
MNTZ for concept model-centric AIS. Indeed, it seems that 
the spawn rate (e.g., the spawning of “non-monotonic, non-
polynomial, and even non-continuous functions”) for RLBI 
may be higher than that for RNLBI [23][79]; however, more 
quantitative and qualitative forays are needed in this regard 
(e.g., future works). For the mission-critical RWS 
AIS/AICDS focus of this paper, it was gleaned that an 
effective ML on ML paradigm necessitates robust 
STEA/I&E, which can facilitate the assurance of the 
intended interpretation, such as via the DKC channel, for 
KT. Nicolaou reminds us that “transient growth offers 
interesting alternative explanations for behavior usually 
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attributed to nonlinearity, such as ignition dynamics” [22]; 
given the myriad of varied connotational interpretations 
(i.e., alternative explanations), enhanced interpretation, via 
the DKC interpretand, is particularly vital within/around the 
MNTZ. The DKC, in the case of this paper, is akin to the 
LCM in that it is more akin to being concept-based. 
Accordingly, for meaningful KT to occur, the I&E for the 
utilized hierarchical/non-hierarchical LVM needs to be of 
sufficient robustness.  

HIRE, which is often replete with RLBI, can skew 
matters for the AIS/AICDS, as it is not intrinsically concept-
based. However, RNLBI, such as SD, can intrinsically be 
more concept-based (e.g., via its bipolar dichotomy and the 
in-between continuum). With regards to the DKC 
recognition element, such as via the quasi-isomorphic 
engine, the various morphisms (e.g., automorphisms, 
homeomorphisms, diffeomorphisms, symplectomorphisms, 
etc.) as well as the various subgraph isomorphism 
relaxations need to be well treated. However, the utilized 
approach (e.g., robust convex relaxations) can also further 
spawn further non-convex MINLP problems, so a reduction 
in spawning is key. Overall, RNLBI seems to lend towards a 
reduction of this spawning, and given this prospective 
mitigation approach, the described machinations at/or 
abutting the DKC, such as within the MNTZ, can mitigate 
against the various inferences/predictions/posits/insights of 
the involved AIS. Of note, the intrinsic wherewithal to 
accommodate both discrete and continuous paradigms is 
critical. Along this vein, the LAHU/HALU MCDM, which 
is at the heart of DE/DM, encompasses MODM for 
“undetermined continuous alternatives” as well as MADM 
for “discrete alternatives.” Axiomatically, these require 
continuous as well as discrete evaluations, respectively. It 
then follows that since RLBI do not contain “0,” discrete 
testing is not possible; restated, only continuous distribution 
testing is possible. On the contrary, RNLBI (e.g., SD) do 
indeed contain “0” and are able to accommodate both 
discrete and continuous distribution testing. The preliminary 
experimental findings seem to affirm that RNLBI lend 
toward a higher P, C, F, U, V, I and a lower S than RLBI, 
particularly in and/or around the MNTZ (with less spawn 
observed).  

To conclude, RNLBI are potentially more amenable to 
higher nuance/insight and seem to warrant further 
investigation. After all, this particular facet of AIS/AICDS 
addresses the important AI challenge of how biases and 
transition zones may potentially affect DE/DM. In 
particular, the frameworks for LAHU/HALU, ML on 
ML/DKC/KT, and  MNTZ are central for addressing the 
challenge by facilitating the exploration of AIS behavior 
within transition zones (e.g., MNTZ) and ML on 
ML/DKC/KT frameworks. Future work will entail more 
quantitative investigation (with careful consideration given 
toward quantitative fallacy, as alluded to by Gelman), and a 
more extensive AIS/AICDS comparative literature survey 
with accompanying empirical evaluation will be conducted.  
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Abstract — Learners differ vastly in various aspects of what 

they need for successful learning. Artificial Intelligence (AI) 

establishes a basis for digital learning environments which 

adapt themselves automatically to the learners’ needs. To be 

able to do so, these systems presuppose knowledge on the 

individual learner. Learner models are digital representations 

of learner characteristics that aim to enable personalised and 

adaptive learning experiences, touching upon issues in key 

areas, such as transparency, fairness, data protection, 

modularity, and sustainability. Such learner models form the 

core of AI-based adaptive learning environments, as they store 

data about individual learners. This paper collects and 

discusses requirements, legal issues, and challenges associated 

with developing and using learner models, particularly in the 

context of European regulations. By reviewing existing 

standards, scientific publications, and practical use cases, we 

identify gaps in standardisation and propose foundational 

requirements for the design of interoperable and legally 

compliant learner models. Our findings lay the groundwork 

for developing a reference architecture, facilitating scalable 

and ethical integration of learner models in digital learning 

environments. 

Keywords — learner model; learner modelling; requirements 

engineering; legal issues; compliance; ethical principles; higher 

education; learning analytics. 

I.  INTRODUCTION 

Learners tend to be increasingly heterogeneous as a 
group since they differ in terms of individual levels of 
knowledge and competencies, learning styles, individual 
preferences for (digital) media, and various other factors 
[1][2]. A potential solution to accommodate this growing 
heterogeneity might be digital learning environments, which 
supports users in a given situation. This is possible on 
various levels. In this work, we focus exclusively on learning 
environments that support learners on the micro level by 
adapting to their specific needs in self-directed learning. Yet, 
adaptation presupposes some knowledge of the individual 
learner, which is usually stored in a learner model (aka user 
model). The latter constitutes a collection of user 
characteristics that are relevant for individual learning 
support [3][4]. Although a vast amount of literature exists on 
learner models, there seems to be no consensus concerning 

the content and purpose of a learner model [4] and the legal 
constraints that restrict the use of the information embedded 
in the learner model. This contribution identifies 
requirements that a learner model should fulfil to provide 
individual learning support. Requirements are derived from a 
comprehensive analysis of scientific publications [4] and 
standards on learner models [3]. In addition, we address legal 
issues related to the development and operation of digital 
learning environments that rely on personal data of learners. 
To do so, we take a European perspective. We aim to 
contribute to identifying common requirements for learner 
models, which could be implemented in a further step 
through a reference architecture, considering legal 
constraints. The remainder of this paper first clarifies the 
terminology in Section 2, before Section 3 outlines typical 
usage scenarios of learner models and Section 4 discusses 
related work. Section 5 presents requirements that are 
mandatory, desirable, or otherwise relevant for learner 
models before Section 6 contrasts this with legal 
considerations based on European laws and regulations. 
Section 7 summarises the paper and provides an outlook on 
future research. 

II. DEFINITION OF TERMS 

This paper views a learner model solely as a digitally 
processed representation of learners' characteristics [3]. 
Inference mechanisms and reasoning may refer to a learner 
model, but are separate components rather than part of the 
model. Furthermore, learner models need to be distinguished 
from learning analytics: while the latter involves the analysis 
of group behaviour to predict individual outcomes, a learner 
model serves as a basis for tailoring the learning process to 
individual learners. Both approaches examine behavioural 
data and derive new insights which, once interpreted, enable 
the implementation of new measures. Open learner models 
constitute a notable development since they make model 
contents accessible to the learner or other parties involved in 
the learning process, such as teachers or parents. Open 
learner models are visual representations of machine-
readable formats of components of learner models [5]. By 
offering tools for self-reflection in different formats, learners 
should be supported in various ways [6]. Learning Analytics 
Dashboards (LAD) share a similar objective [7]. Unlike 
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learner models, LADs rely on a static representation of 
behavioural metrics derived from interaction data, while 
learner models focus on modelling knowledge and other 
individual characteristics of the learner [7][8]. Learner 
models and learning analytics both require personalised data 
from learners, which is subject to the same legal principles. 
Although goals and ways of working differ, the requirements 
and legal aspects can be pretty similar. Therefore, we also 
consider learning analytics and examine if specific aspects 
also apply to learner models, possibly with adaptations. We 
summarise both approaches and refer to them as learning 
analyses. 

Learning environments are (digital) platforms where 
learners may use different content via various learning 
elements to educate themselves independently. Learning 
environments are not defined further here, as they are 
sufficient for the context at the meta level. It does not matter 
whether the learning environment is, e.g., a mobile 
application, an institutional continuing education platform, or 
even innovative learning settings with XR. 

III. USAGE SCENARIOS 

Learner models and adaptation do matter at different 
levels: from support in planning a degree program [macro 
level] (which modules are interesting for me?), to learning 
patterns of student cohorts during their studies [meso level] 
(which topics prove difficult within certain student cohorts?), 
to which concepts within a module [micro level]. We will 
focus mainly on the micro level. 

Individual adaption of the learning process is only viable 
if information and data about the respective learner can be 
used to respond to the needs of the respective learners and 
provide them with individualised support. The concept just 
mentioned will not scale to, e.g., entire study cohorts of 
degree programmes without further aid. The abundance of 
learner data, its pre-processing and intelligent aggregation 
make manual evaluation by the instructor for each individual 
learner almost impossible, which is why computer-aided 
methods are usually used. Digital recommendation systems 
automate the provision of individual support to users for 
making better decisions [9], often by building upon learner 
models. Figure 1 visualises the reference workflow of the 
learning process within a digital learning platform. The 
starting point is the completion of learning and teaching 
activities within the digital learning environment. During the 
learning process, many different types of behavioural data 
are collected about learners and their activities. This data is 
pre-processed and then made persistent to enable 
reproducible analyses subsequently. In addition to 
behavioural data, other structured knowledge about a learner 
(such as previous education, learning type, etc.) is also stored 
and analysed, resulting in individual recommendations for 
the next learning activities and feedback on previously 
visited learning elements. 

 
Figure 1. Workflow Reference Architecture (based on [10]) 

 
The basis for adaptive teaching and learning settings is 

the learner model, which stores all relevant data persistently 
and makes it available as required. Yet, the learner model 
should not be considered in isolation, but in the overall 
context of the digital learning environment and the 
associated relationships, as the added value of learner models 
only comes into play when they are used in the adaptive 
learning platform. The following section presents examples 
of typical scenarios from digital teaching to illustrate the 
specific application purpose. The necessary measures and 
requirements can then be derived subsequently. These three 
actors also form the three levels of adaptive learning 
described above. For the sake of completeness and better 
understanding, all three are briefly outlined here, although 
the focus remains on the micro level and thus on the learner. 

A. Purpose of Use 

Several publications, e.g., ISO/IEC JTC1/SC36 [10] or 

[11][12], already present typical scenarios of digital learning 

at different levels. Teaching and learning activities in digital 

learning environments are the starting point for digital 

learning analyses. Learning analyses are used to personalise 

and thus improve the learning environment adaptively. 

Based on the results of the learning analysis, the learning 

environment can recommend individualised learning paths 

in combination with distinct learning content. Three main 

actors are involved in typical learning scenarios: the learner, 

the instructor, and the educational institution. 
Learner (micro level). In the past, log entries from the 

learning environment were difficult to understand for non-
technical users, if they could be viewed at all. Nowadays, 
learners can obtain visual displays of their data in 
dashboards, e.g., to monitor their learning progress in 
relation to the average performance of the entire cohort. The 
early recognition of learners' personal needs and preferences 
(predictive analytics), including possible performance 
deficits, and the resulting initiation of preventive remedial 
measures (timely interventions) increase the effectiveness of 
the learning process. The use of such learning analyses also 
contributes to supporting students with disabilities and to 
identifying accessibility deficits in learning opportunities. 

Instructor (meso level). Instructors can track activities of 
their entire cohorts and detect progress and potential problem 
patterns, e.g., lack of learner engagement, early in the course. 
Consequently, instructors may initiate appropriate support 
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through adaptive teacher response to observed learner needs 
and behaviour. 

Educational Institution (macro level). The educational 
institution can contribute to an improved holistic individual 
education strategy through the possibility of analyses, which 
can also reduce drop-out rates in the long term. In addition, 
administration may benefit from information on the entire 
student population, e.g., for future course planning. If 
comparisons of the data set across learning modules are 
permitted, similar patterns can be identified, and indications 
can be derived, such as a potential accessibility problem. 

B. Legal Principles and Classification 

The implementation of learner models in educational 
institutions has various legal implications. On the one hand, 
for example, intellectual property is protected from the 
developer’s perspective. On the other hand, learners’ rights, 
especially their fundamental rights, must be considered. In 
the EU, the fundamental right to data protection, as stated in 
Article 8 of the EU Charter of Fundamental Rights (CFR) 
[13], is affected. The specific legal implementation of this 
fundamental right, the General Data Protection Regulation 
(GDPR) [14], is the primary law to be considered when 
using learner models. These provisions are considered when 
determining legal requirements. 

IV. RELATED WORK 

Learning offers must be modularised so that individual 
learning paths can be created based on a wide range of 
criteria. Many publications, particularly in the last decade 
[4], deal with adaptive teaching and learning settings. For 
this work, scientific publications on user models, particularly 
learner models, are the most relevant. Koch [15][16] 
summarised the seven objectives of a user model: (1) 
supporting users in learning a specific topic; (2) providing 
users with customised information; (3) adapting the user 
interface to the user; (4) supporting users in searching for 
information; (5) providing users with feedback on their 
knowledge; (6) supporting collaborative work; (7) 
supporting the system’s use. 

Numerous publications deal with learner analyses, 
although mostly only as a means to the end of adaptive 
learning systems [17][18] or very superficially, without 
going into relevant details. Several publications also only 
consider individual information rather than their aggregation 
into a learner model [19][20]. A couple of surveys attempt to 
create an overview of the field [21]-[24], but mostly only 
compare the different models with each other, without 
providing direct insight into which learner characteristics can 
be used, how they are modelled, or where required data 
comes from. Therefore, we conducted two parallel 
systematic literature searches on learner models, on the one 
hand, to get a comprehensive picture of the current state of 
science research [4] and, on the other hand, to clarify the 
state of practice based on standards and norms [3]. Ideally, 
this should pave the way to a standardised approach to how 
learner models are designed and created, as well as a set of 
standardised subcomponents – regardless of their purpose 
and use. 868 standards were reviewed, 16 of which were 

classified as relevant to the structure and components of 
learner models. Three standards deal intensively with learner 
models. Among those, ISO/IEC 29140:2021 [10] describes a 
mobile learner model that considers specific attributes, such 
as the device used, connectivity and the learner's location to 
describe the learning environment better. The 1EdTech 
consortium [25] focuses on the interoperability of internet-
based information systems that support learners in their 
interaction with other systems. It uses a data model that 
captures the essential characteristics of learners to monitor 
and manage their progress, goals, performance, and learning 
experiences. IEEE P1484.2 [26] attempted to specify the 
syntax and semantics of a learner model by centralising 
public and private learner information, which became known 
as PAPI Learner. This endeavour started in the 1990s, but 
was not pursued further. Extensive research into norms and 
standards in the field of learner models has shown that 
approaches in this area are rare and either specialised [10], 
complex and more than just learner models [25], or have 
been abandoned [26]. No standards have been found that 
describe a generalised realisable learner model that can be 
extended according to specific use cases or that deal with the 
creation of such learner models [3]. 

In parallel, scientific publications of relevant publishers 
(IEEE, ACM, Elsevier, pedocs) from 2014 to 2023 were 
examined systematically, leading to 197 papers, which were 
relevant enough to be analysed in detail [4]. Scientific 
publications on the design and development of learner 
models reveal a variety of different approaches. Many 
models integrate characteristics such as learning style, but do 
not specify why or how these characteristics influence 
learning and whether or why it makes sense to take them into 
account. There is also a lack of clear recommendations as to 
which combinations of characteristics should be included in 
a learner model. Standardised characteristics, such as 
demographic data (e.g., name, gender, age), are often used 
together with behavioural and learning data. The modelling 
of this data varies greatly in the literature. Knowledge 
characteristics can be modelled using, e.g., overlay models or 
fuzzy logic. This diversity makes it hard for developers to 
make decisions and implement the models. In addition, 
publications often lack details on data sources, data 
processing, and practical implementation of model 
components. Many of these topics are only touched upon in 
passing or omitted altogether, which makes it difficult to 
replicate learner models precisely [4]. 

The two systematic literature searches indicate that the 
descriptions of learner models are often rather superficial and 
lack detail. Many explanations refer to frequently used 
standards and then expand these to include individual aspects 
[27]-[30][20], but do not describe in detail how these are 
expanded or what the implementation or modelling of the 
learner model looks like. Legal implications of learner 
models, specifically, have not yet been discussed. However, 
there is research regarding the requirements of the European 
data protection law in learning analytics, which can also be 
used for learner models [31]-[36]. So far, proposals are 
available for the standardisation of leaner models, such as 
educational metadata or course data. Our main objective is to 
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contribute to this standardisation process with an original 
proposal for a reference model as one of the first steps 
towards a reference architecture. This contribution is based 
on the definition of open software interfaces for each 
subsystem in the architecture, avoiding any dependency on 
specific information models. We have already discussed 
elsewhere a possible reference architecture for an adaptive 
learning platform which integrates a learner model is [37]. 

V. REQUIREMENTS 

Based on the previously analysed publications and the 
resulting findings on possible components of learner models 
and their use in digital learning environments, we derive a 
list of requirements for a learner model and its application. 
The development of the requirements specification is based 
on a qualitative analysis. In parallel publications, we already 
dealt with the functional requirements of learner models in 
greater detail [37] and also focused on the overall context of 
digital learning environments and the integration of learner 
models [38]. Based on literature research, the following 
section will focus on non-functional requirements and the 
legal basis for the use of learner models in Europe. The 
following section is by no means comprehensive, but rather 
collects and summarises the most relevant requirements in 
terms of their occurrence and description in the literature and 
links them to current legal restrictions in Europe.  

In addition to the analysed publications, the feedback and 
experiences of students at our university play an essential 
role. It is important to emphasise again that learner models 
are structured models without any interference mechanisms 
[39]. However, it is also necessary to consider and evaluate 
the effects, i.e., the integration of a learner model into the 
overall eLearning environment, when considering the 
requirements for a learner model. The following 
requirements are classified according to the Kano model [40] 
into so-called must-be requirements, one-dimensional 
requirements (should characteristics) and attractive 
requirements (can characteristics). 

A. Must-be Requirements 

Must-be requirements are essential for the successful use 
of a learner model in future scenarios and form the basis for 
its design and subsequent development. 

Collection and Management of Learning Data. The 
collection and aggregation of static and dynamic information 
about the learner (e.g., knowledge, skills, interests, 
preferences, behavioural data) is the initial step. The 
utilisation of data from various sources plays a significant 
role. In the second step, the collected data must be digitally 
processed, modelled, and persisted. 

Legal Data Protection Requirements. The development 
and use of learner models raise a range of legal 
considerations. In particular, rights relating to data 
ownership under the EU Data Act may become relevant. 
Moreover, if learner models fall under the definition of 
artificial intelligence systems according to the AI Act, 
additional restrictions may apply. This is especially the case 
when such systems are classified as high-risk (Annex III No. 
3(b)/(c)), which would trigger extensive compliance 

obligations. However, the following section focuses on the 
most immediately relevant legal framework: The General 
Data Protection Regulation (GDPR). All data to be collected 
must at all times be subject to the applicable legal 
requirements of the GDPR [14][41]. This requirement is 
closely aligned with the legal constraints of designing and 
creating learner models. What are the applicable legal 
requirements for data collection, processing and storage? 
These questions can neither be generalised, nor answered in 
general terms, but must be legally considered and examined 
individually, depending on the purpose of use and the data to 
be collected. The concept of a data trust model might be 
applicable here: A neutral, trustworthy entity ensures that 
data is processed and used by the defined data protection 
guidelines and only accessible by authorised parties. 

B. Should-be Requirements 

Should-be requirements are important prerequisites for 
making optimal use of the learner model in future scenarios. 
They represent desirable, yet not mandatory, features that 
increase the efficiency and flexibility of learner models. 
These requirements serve as an orientation for further 
development and improvement of the model. 

Transparency / Traceability. The transparency of how 
the system has reached a result [42] creates the trust and 
acceptance of certain subordinate recommendations, which 
form the basis of good support [9]. Therefore, it is desirable 
for learner models to be transparent in every single step of 
the process if possible, i.e., from the origin of the data to the 
individual processing steps the data went through and what 
consequences this has for the result and its explanation. This 
is important so that backgrounds and issues, such as 
discrimination potential [43]-[45] in categorisations are 
illuminated. Transparency thereby draws on individual 
decisions so that they can be correctly traced. Traceability is 
achieved by involving the learner in the process right from 
the beginning and also by taking a learner-centred approach 
to the design and development of learner models. 

Responsibility. Traceability is closely connected to 
responsibility. The data that may be collected must be left to 
the users' choice, considering applicable legal standards. 
That is, students can decide which data may be logged and 
persisted. This topic also includes compliance with ethical 
principles. For the digital domain, this means that if the 
learning management system displays ethical behaviour 
patterns, learners expect the system’s compliance to any 
ethical guidelines and principles. Briefly summarised, ethics 
is the view of moral values and their conception (based on 
Aristotle's Nicomachean Ethics and Immanuel Kant's 
Categorical Imperative). 

Fairness & Ethics. Fairness affects many different steps 
within the learning process. For example, algorithms for 
decision-making and data processing must be checked for 
possible biases to ensure equal opportunities for all learners 
[46][47]. 

Tamper-proof. The data managed and persisted by 
learner models must be protected from unauthorised 
intervention and changes. Any changes need to be logged in 
a traceable manner. This implies two interlinked 
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requirements, namely that unauthorised data access must be 
prohibited, and, if access is permitted, changed data shall be 
checked for plausibility and changes shall be logged for 
tracking purposes. 

C. Can Requirements 

Could-be requirements represent possible extensions that 
might optimise the learner model in certain scenarios 
through, e.g., additional benefits or improved user 
experience. If necessary, these requirements can be included 
in future development phases to increase the flexibility and 
adaptability of the model. 

Openness & Visualisation. Learner models should be 
open [6][48] to promote metacognitive behaviours, such as 
self-awareness and self-regulation. This means that students 
may display and analyse their own instance of a learner 
model for a better understanding of their learning progress 
and, e.g., misconceptions [5]. In this way, learners can see 
their current learning status and progress in any area at any 
time, compare it with their learning goals, and derive follow-
up activities. Various visualisation options [49]-[51] are 
essential for presenting complex learning data in a clear and 
concise format to the learner. Different representations of the 
same data can bring learners closer to the various aspects and 
clarify them [52]. Leaner models designed in this way are 
called open learner models [53][54]. 

Negotiation Options. In addition to the pure 
visualisation of personal data, some learner models also offer 
the option of interacting with this data and, for example, 
negotiating with the model if the data shows inadequacies 
from the learner's perspective [5][55]. In this way, (open) 
learner models give learners not only responsibility for their 
individual data and progress but also human control over 
their personal data. 

Data Minimisation & Sustainability. Only data that is 
absolutely necessary for adaptation should be collected. 
Minimising the amount of collected data while maximising 
the value of the information avoids unnecessary strain on the 
infrastructure. 

Modularity & Flexibility. A largely self-contained 
modular structure of the component of earner models enables 
flexibility, for example, to swap the technical infrastructure 
(learning management system) or to export the learner model 
and integrate and use it in other environments, for example, 
if the learner changes university after graduation. 

Maintainability & Expandability. The learner model 
should have a modular structure (see previous requirement) 
to ease future adjustments or extensions. This offers the 
learner model a certain degree of secured prospects. 

Standardised / Interoperability & Integration. Ideally, 
the description of learner information is standardised so that 
it can be easily exported and exchanged between different 
learning platforms (according to the interoperability defined 
in [56][57]) through standardised interfaces for data 
exchange and integration. Standard conformity is essential 
here, i.e., open standards to ensure compatibility with other 
systems should be supported. Standardisation also enables 
cross-platform integration, i.e., the model can be seamlessly 
integrated into existing learning management systems. As 

with data minimisation (Art. 5 lit. c GDPR), data portability 
is also a legal requirement (Art. 20 GDPR). 

VI. LEGAL CONSTRAINTS 

Legal considerations are crucial in the design and 
development of learner models, as lawful use is only 
possible if these regulations are adhered to. In our case, we 
are specifically concerned with the legal requirements in 
Europe regarding the collection, use, and evaluation of 
personal data. Personal data plays a crucial role in enabling 
adaptive customisation of learning processes. Therefore, all 
data collected must always comply with the relevant legal 
requirements (data protection). However, data protection also 
encompasses other aspects. On the one hand, only data that is 
strictly necessary for meaningful adaptation should be 
collected (data minimisation & data economy). On the other 
hand, data should only be collected if there is a legal basis 
for it (lawfulness). All the aforementioned legal principles 
are enshrined in the General Data Protection Regulation 
(GDPR [41]). The collection and aggregation of static and 
dynamic information about the learner (e.g., knowledge, 
skills, interests, preferences) must be compliant with the 
GDPR. The utilisation of data from various sources plays a 
significant role. In the second step, this collected data must 
be digitally processed, modelled and persisted. 
Unfortunately, the GDPR is technology-neutral (recital 15 
GDPR), requiring the broad terms it employs to be defined 
explicitly in the context of learner models. The GDPR’s 
requirements are diverse, and due to the limited availability 
of case law and literature regarding the GDPR in relation to 
learner models, these legal obligations cannot yet be 
determined with a high degree of certainty. It is highly 
recommended that the local data protection officer be 
integrated as soon as possible into the process of 
implementing learner models in educational institutions. 
Many obligations of the GDPR, for example, the data 
protection impact assessment in Art. 35 GDPR will be very 
hard to meet without professional support. This chapter aims 
to identify potential issues arising from the GDPR and 
highlight key aspects to consider when designing and 
implementing a learner model. In providing an overview, we 
focus on the principles of the GDPR, which are concretised 
in the GDPR, and the arising issues regarding learner 
models. 

Lawfulness - Legal Bases. Every processing of personal 
data needs a legal base, as stated in Art. 5 para. 1, Art. 6 
para. 1 GDPR. Art. 6 para. 1 lit. a GDPR establishes consent 
as a legal basis, which must be given voluntarily [58, p. 330]. 
In hierarchical contexts, such as teaching environments, the 
GDPR requires a strict interpretation. Learners often depend 
on lecturers for grading, which may pressure them to agree 
to the processing of their personal data to align with 
lecturers' expectations. This exemption is not ubiquitous, 
though. If the use of a learner model is a voluntary additional 
offer of the educational institution and is not linked to a 
specific course, voluntary consent seems possible. For state 
educational institutions, instead, Art. 6 para. 1 lit. e GDPR 
serves as the legal basis for data processing when processing 
is necessary for the performance of a task carried out in the 
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public interest, such as education. However, under Art. 6 
para. 3 GDPR, the legal basis of Art. 6 para. 1 lit. e GDPR 
must be complemented by specific legal provisions by the 
member states that establish obligations and define tasks. 
Consequently, instructors must ensure that the applicable 
legal bases in their national laws include the processing of 
personal data for educational purposes. General requirements 
that the GDPR imposes on national law are discussed in [59]. 

Furthermore, the type and extent of data being processed 
should be carefully evaluated. On the one hand, this enables 
an assessment of the risks associated with potential data 
breaches. On the other hand, it highlights whether special 
categories of personal data are being processed in the learner 
model. Processing personal data revealing racial or ethnic 
origin, political opinions, religious or philosophical beliefs, 
trade union membership, genetic data, biometric data for 
uniquely identifying individuals, health data, or information 
about a person's sex life or sexual orientation is subject to 
stringent requirements. Under Art. 9 para. 2 lit. g GDPR, 
alongside the requirements of Art. 6 para. 1 lit. e GDPR, a 
legal basis in Union or Member State law is required, 
allowing such processing only if it is necessary for reasons of 
substantial public interest. Meeting this requirement is 
particularly challenging for learner models. 

Purpose limitation. Developers of learner models must 
carefully evaluate the potential sources of personal data used 
for their development and operation. Often, the data is 
collected for a different purpose — for example, when 
student exams, initially collected for grading purposes, are 
fed into learner models. In addition, the subsequent use of 
data generated by the learner model should undergo careful 
evaluation. Art. 5 para. 1 lit. b GDPR requires that personal 
data be collected for specific, explicit, and legitimate 
purposes and not further processed in ways incompatible 
with those purposes. However, Art. 6 para. 4 GDPR provides 
an exception: if the new purpose for processing personal data 
is not based on the data subject’s consent or authorised by 
Union or Member State law, its compatibility with the 
original purpose must be assessed using the criteria outlined 
in Art. 6 para. 4 lit. a – e GDPR. Scientific research, which is 
what learner models could be part of, is privileged. Art. 5 
para. 1 lit. b assumes scientific research is “not be considered 
to be incompatible with the initial purposes”. 

Transparency. Transparency is not merely a technical 
requirement but is also enshrined in Art. 5 para. 1 lit. a 
GDPR. Personal data shall be processed “in a transparent 
manner in relation to the data subject […].” This principle is 
guaranteed by primary law in Art. 8 para. 2 S. 2 CFR by 
granting every person “the right of access to data which has 
been collected concerning him or her […].” The requirement 
of transparency is primarily detailed in Art. 12 ff. GDPR. It 
stipulates that if personal data is collected, the controller 
must, pursuant to Art. 13 GDPR, inform the data subject 
about the details outlined in Art. 13 paras. 1 and 2 GDPR at 
the time of collection. This information must be provided in 
a privacy statement. It is recommended to explain the system 
in clear and accessible language in the privacy statement to 
help learners understand how the learner model functions. 

Data Minimisation. Within learner models, various 
sensitive data will be processed, which is in contrast to the 
GDPR principle of data minimisation, which allows the 
processing of personal data only when strictly necessary. The 
principle does not require minimising the data itself but 
seeks to limit the connection of data to natural persons, 
thereby reducing infringements of fundamental rights [60] 
mn. 96. This takes several technical and organisational 
measures. First, personal data should be pseudonymised. 
According to Art. 4 No. 5 GDPR, pseudonymisation is the 
processing of personal data in such a manner that the 
personal data can no longer be attributed to a specific data 
subject without the use of additional information. EDSA 
provides a detailed guideline for pseudonymisation [61]. As 
an organisational matter, a role concept should be 
implemented, which specifies who can access the data 
collected in the learner model and who can edit this data. For 
complete guidance on technical and organisational measures 
according to Art. 25 see [62]. Especially, the scope of people 
who can undo the pseudonymisation needs to be kept small. 
Also, the use of a data trustee can be discussed [38]. A data 
trustee is a neutral third party that acts as a steward for 
sensitive data, ensuring its secure handling, responsible use, 
and protection of individuals' privacy while facilitating data-
driven innovation. 

Storage Limitation. The principle of storage limitation, 
as outlined in Art. 5 para. 1 lit. e GDPR requires that 
personal data be retained in a form permitting the 
identification of data subjects only for as long as necessary to 
achieve the purposes for which it is processed. Temporal 
storage limitation is a subset of the overarching principle of 
necessity [60] mn. 122. Educational institutions and lecturers 
must determine the appropriate retention period for the data. 
Developers of learning models must ensure that the complete 
deletion of students' personal data is technically feasible. 
Typically, learners' personal data should be deleted once they 
leave the educational institution. If the data is still supposed 
to be used for the training of learner models, the link 
between the data and the individual learners can be erased 
entirely and irreversibly (anonymisation) [63]. 

Integrity & Confidentiality. Art. 5 para. 1 lit. f GDPR 
states that personal data must be “processed in a manner that 
ensures appropriate security of the personal data, including 
protection against unauthorised or unlawful processing and 
against accidental loss, destruction, or damage, using 
appropriate technical or organisational measures.” This 
principle underscores the importance of systemic data 
protection. It is primarily implemented through Art. 25 
GDPR, “Data protection by design,” and Art. 32 GDPR, 
“Security of processing”. Whenever possible, data should be 
stored in an encrypted format on a trustworthy server, ideally 
on a server operated by the educational institution. The use 
of servers in an EU member state is unobjectionable, as the 
GDPR establishes a uniform standard for data protection 
across member states. The use of servers outside the EU is 
possible; however, the transfer of data to such servers must 
comply with Art. 45 et seq. GDPR, which aims to ensure 
continuity of the level of data protection [64] mn. 6. 
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Use of Processors. If an external service provider is 
engaged in processing personal data on behalf of an 
institution, the requirements of Art. 28 GDPR must be 
fulfilled. Processors are required to provide sufficient 
guarantees that they will implement appropriate technical 
and organisational measures to ensure compliance with the 
GDPR. These requirements must be formalised in a contract 
between the educational institution and the processor. 
Whenever possible, the processor should store data on 
servers located within the EU. 

No automatic Decision-Making with a Legal Impact. 
Once the learning model is capable of analysing learners' 
input, it is likely to be used for grading purposes. However, 
Art. 22 para. 1 GDPR states that decisions based solely on 
automated processing, including profiling, which produces 
legal effects, are prohibited. Art. 22 para. 2 GDPR provides 
exemptions. Still, these are unlikely to apply to the use of 
learner models unless a member state establishes a legal 
basis explicitly permitting automated decision-making and 
defines suitable measures to safeguard the data subject's 
rights, freedoms, and legitimate interests. 

VII. CONCLUSION AND FUTURE WORK 

Learning models have great potential to make education 
more individualised, efficient and equitable, but they are still 
a long way from being implemented in a standardised and 
legally compliant manner. The key challenge is to reconcile 
technical innovations with strict legal requirements, 
particularly those of the GDPR. 

The GDPR sets out only very general and technology-
neutral requirements, offering few concrete implementation 
guidelines for learner models. Due to the lack of case law 
and specific regulatory guidance, legal obligations for learner 
models remain vague and difficult to apply in practice. This 
underscores the need for stronger support from data 
protection authorities in clarifying how GDPR principles can 
be operationalised in educational technology contexts. 

However, as a first step, any processing of personal data 
must be based on a valid legal basis — typically either 
informed consent or a legal authorisation, such as the public 
task basis for educational institutions. Once the legal basis is 
clarified, data minimisation and storage limitation should 
become a primary focus. However, this does not mean that 
the amount of data per se must be reduced, but rather that the 
identifiability of individuals must be minimised. 
Accordingly, techniques such as pseudonymisation and, 
where feasible, anonymisation should be considered to 
reduce the risk of privacy breaches. 

In addition to the legal regulations, technical and non-
legal requirements must also be considered in order to design 
learner models that are practical and effective. The variety of 
possible requirements analysed is vast. It has not yet been 
aggregated in a form that makes it easier for designers and 
developers of learner models to get started. Open learner 
models offer users transparency about their data, thereby 
promoting self-reflection and independent learning. 
Visualisations of complex data help users understand their 
learning status and continue working in a targeted manner. 

Modular and interoperable structures ensure that learner 
models can be flexibly integrated and transferred between 
different learning environments. Maintainability and 
extensibility allow for long-term adaptation to new learning 
contexts. Overall, these technical requirements illustrate that 
a well-designed reference model forms the basis for the 
practical, transparent and fair design of adaptive learning 
environments. 

Another key priority is transparency and traceability in 
all processing steps: learners must be able to understand how 
their personal data is processed, who has access to it, and 
how the system derives its outputs or recommendations. 
Only then can trust in adaptive learning technologies be 
established. In addition, fairness and the avoidance of 
algorithmic bias ensure that all learners have equal 
opportunities. These questions must be addressed in the next 
steps, including the design, implementation, and evaluation 
of a prototype learner model that complies with the outlined 
legal requirements. 

The next technical steps are to conceptualise the legal 
constraints described in this publication with the help of the 
local data protection authority and the functional 
requirements [37] into a interoperable and legally compliant 
learning model, then to implement this model and integrate it 
into the learning platform [38]. This initial prototype must be 
evaluated and further developed in compliance with the legal 
conditions so that the needs of learners are met and the 
learning process is improved in a sustainable and prosperous 
manner. Even though the legal requirements within the EU 
on this topic are not easy to understand, further steps could 
be taken to develop the prototype into a reference model for 
learner models, which would enable other educational 
institutions to get started with adaptive learning 
environments more quickly, as learner models have been 
proven to make a decisive contribution to accommodate the 
heterogeneity of learners and support their learning processes 
individually and sustainably. 
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Abstract—The real world is characterised by uncertainty and
risks. When modelling it as a domain for planning systems, this
translates into action outcomes that can not be fully anticipated.
In such environments, automating planning requires not only
sophisticated algorithms but also domain models that adequately
capture such complexity and unpredictability. However, existing
AI planning domains often oversimplify these complexities, either
because they are designed as benchmarks to evaluate planners or
because they were created to test specific methods, frequently at
the cost of broader realism. Autonomous vehicles and satellites are
representative application examples that pose common planning
challenges in dynamic, uncertain environments. Taking these,
current domain models frequently omit critical features, such
as uncertainty, risk, and the wide range of choices available
to agents in achieving their objectives. Here, we contribute
towards bringing these domains closer to reality by following
a systematic approach to knowledge engineering and domain
modelling that better captures these neglected aspects. Our
models are implemented within the risk-aware Hierarchical
Task Network (HTN) planning framework, which aligns with
human-like reasoning and accommodates uncertainty and risk.
By enhancing the realism of these two domains, our work increases
their relevance for practical applications. Also, this work aims to
drive the development of more capable AI planners and encourage
the creation of more realistic domain models.

Keywords-autonomous vehicles; satellites; HTN planning; knowl-
edge engineering; domain models; risk; uncertainty

I. INTRODUCTION

Autonomous systems, such as satellites and autonomous
vehicles are increasingly relied upon to perform complex tasks
with minimal human intervention [1][2]. Most satellite and
driving operations often take the form of complex planning
problems that go beyond familiar and straightforward tasks in
everyday life, where planning is typically implicit. Whether
navigating dynamic traffic scenarios or coordinating satellite
activities, effective planning must account for the complexities
and inherent characteristics of real-world environments, such as
uncertainty, risk, and the facing of a broad range of available
options for achieving goals. Failing to incorporate these factors
can lead to plans that are impractical, unrealistic, and often
incapable of accomplishing the intended tasks.

Accounting for these complexities is equally important when
automating the planning process, which is of primary concern
in Artificial Intelligence (AI) planning. In its simplest form,
AI planning involves generating a course of action that, when
executed in a given initial state of the world, will achieve a
specified user objective [3]. The set of possible actions from
which the planning system constructs this course of action is
derived from knowledge about the application domain. These

actions are encoded in a structured, templated representation
known as a domain model. The domain model encapsulates the
relevant domain knowledge in terms of action templates with
preconditions and effects, and interactions among actions. The
domain model becomes even more intricate when incorporating
more features, such as uncertainty, or defining different levels
of abstraction, such as in the case of Hierarchical Task Network
(HTN) planning [4]. As a consequence, the practical utility of
AI planning is tightly coupled with the precision, completeness,
and correctness of the engineered domain model, as it directly
affects the AI planning system’s capabilities to produce and
execute valid plans [5].

Engineering adequate domain models remains one of the
major barriers to the wider adoption of planning technologies
[6][7]. This challenge stems from three key issues: (1) the lack
of standard methodologies, tools, and frameworks to support
the knowledge-engineering process [5][8], (2) the prevalence of
domain models designed for benchmarking and evaluating AI
planning systems, rather than real-world applicability, and (3)
the limited focus on capturing realistic domain aspects [9]. As
a consequence of (1), domain models are often developed in an
ad-hoc manner, heavily relying on the expertise of knowledge
engineers and the tools they use [8][10]. As a consequence
of (2), benchmarks are oversimplified domain models with
features that match the capabilities of the AI planners, e.g., the
Satellite benchmark HTN domain model omits uncertainty [11].
As a consequence of (3), the coverage of relevant application
domains is limited, e.g., the autonomous vehicles domain
remains largely unexplored in the AI planning literature.

To address these challenges, we systematically engineer
and model two planning domains: Satellite and Autonomous
Vehicles (AVs). In response to (1), we follow a systematic
approach for developing the two domain models aligned with
existing knowledge-engineering processes [5][10][12], apply
the conceptual framework for capturing realistic aspects in
planning domains [9], and adopt the risk-aware Hierarchical
Task Network (HTN) planning framework [13], which enables
explicit modelling of risk and uncertainty through probability
distributions over action costs, while leveraging the expressive-
ness and performance strengths of HTN planning itself. To
move beyond (2), we extend the benchmark Satellite domain
model featured in the International Planning Competition (IPC)
of 2020 by incorporating the realistic aspects of risk in terms
of action costs, uncertainty, and variety of possible choices.
To address (3), we develop a domain model for AVs, which
captures various realistic driving tasks and conditions. Lastly,
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we not only model both domains using a standard planning
language, but also extend the Hierarchical Domain Definition
Language (HDDL) [14] to allow specifying a probability
distribution of action costs.

The remainder of the paper is organised as follows. Section II
provides the necessary background. Section III presents the
related work. Sections V and IV provide details about the
knowledge engineering and modelling of the Autonomous Ve-
hicles and Satellite domains, respectively. Section VI contains
concluding remarks.

II. BACKGROUND

A. Knowledge Engineering and Modelling in AI Planning

AI planning is a knowledge-based technique, meaning that
to compute plans, an AI planning system requires relevant and
adequate knowledge about the domain in which it is supposed
to act [8][12]. Engineering and modelling such knowledge
constitute the first phases of the design and development
of a deployable AI planning system [12]. In the first phase,
relevant requirements should be identified and defined. Having
such requirements is of utmost importance as it affects the
adequacy of the intended domain model and the suitability
of the planning system to address the challenges of the
application domain. Thus, this phase is crucial as it provides
the ingredients necessary to select a suitable planning type,
design a planning domain model, and design or select the
planning system. The main concern of the second phase
is the selection of a suitable planning type; in our case,
this is risk-aware HTN planning. In the third phase, the
knowledge-engineering process focuses on formulating the
domain knowledge to construct a domain model [8]. The
domain model is an abstract conceptual description of the
application domain of interest used to represent knowledge
within a planning application. This conceptual description
comes from the requirement specification obtained in the first
phase and covers the dynamics of the domain, the kind of
problems the planning engine will have to solve, and the kind
of plans (solutions) that need to be provided as output [10].
Then, an explicit formal representation or encoding is created.

The domain model formally describes the persistent knowl-
edge and represents entities invariant over every planning
problem [10][15]. These include objects with their relations and
properties, actions that can change the state of the environment,
and other constructs, such as tasks in HTN planning. A
corresponding problem instance is needed to formally describe
particular planning scenarios, which include the initial world
state and the goal to be achieved. Domain models and problem
instances are encoded in a de-facto standard syntax, such
as HDDL and Hierarchical Planning Definition Language
(HPDL) [16].

B. Realistic Aspects in Planning Domains

Accurate knowledge encoding and management in the
third phase is crucial, as poor or incomplete knowledge can
result in domain models that misrepresent the application
domain [17], ultimately producing plans that fail in real-world

execution [18]. Thus, a crucial step in the requirement analysis
is the identification of relevant aspects characterising the
application domain. We therefore apply an existing conceptual
framework for identifying and categorising aspects of real-
world planning domains, enabling the requirements analysis
and aiding the knowledge-engineering process [9].

In this conceptual framework, one important aspect is the
hierarchical relationship between tasks, where higher-level tasks
are abstractions that can be decomposed into subtasks. The
hierarchy naturally introduces structured causality, enabling
reasoning across different abstraction levels. Additionally,
multiple refinement options to achieve the same high-level
task must be considered, where certain refinements may only
be valid under specific constraints [11].

Other realistic aspects include the inherent uncertainty in
real-world planning domains. It is especially important to
study the sources of this uncertainty. When considering the
executing agents, whether systems, humans, or a combination,
uncertainty can originate internally, from the agent itself (e.g.,
system reliability, human limitations, irrational behaviour),
or externally, from environmental factors beyond the agent’s
control. Both internal and external sources can be classified as
either random (stochastic, rare, and unpredictable) or regular
(pattern-driven and consistent).

Executing actions alters the environment and incurs costs, i.e.,
consumes resources, such as money, time, fuel, or effort, which
are predictable in a certain world. Under uncertainty, however,
action costs become variable, i.e., they are not always the
same each time an action is performed. This variability stems
from different sources of uncertainty: if the source is random,
cost variability is unpredictable and cannot be addressed in
offline planning. If the source is regular, the variability can be
better defined. When cost distributions of actions are known
or statistically inferable, actions are considered risk-inducing.
When distributions instead reflect the decision maker’s beliefs,
the actions are uncertainty-inducing.

C. Risk-Aware HTN Planning

In [13], we developed risk-aware HTN planning, a framework
that extends classical HTN planning with constructs that
consider the uncertainty of real-world environments. It enables
modelling of risk- and uncertainty-inducing actions through
probability distributions over their costs and effects, where costs
are defined as unbounded negative functions. The framework
can be tailored for planning problems where actions have
deterministic effects but variable costs. In our domain models,
we adopt this variation as an initial step toward incorporating
risk and uncertainty into HTN planning domain models.

The cost functions of actions can be of different types
depending on the factors/sources of the costs. The cost function
can be (1) external (cie(a)), i.e., it depends on external factors
not explicitly modelled in the domain, such as market electricity
prices or taxes, (2) state-dependent (cis(a)), i.e., it is based
on the system’s current state, like the vehicle’s charging level
or position, (3) constant (cic(a)), i.e., it remains the same for
every execution of an action, such as a fixed charging price,
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or (4) external and state-dependent, i.e., a hybrid function
(cies(a)), which depends on both current state and external
factors, where a denotes an action.

III. RELATED WORK

Existing Satellite and AVs domains exhibit the discussed
issues, that is, the limited realism. A version of the Satellite
domain is modelled for the HTN planning track in the IPC
2020 [19], which, unfortunately, like most benchmark domains,
tends to oversimplify several real-world aspects, such as risk
and uncertainty, to enable planners to find valid solutions
and evaluate their performance. In our proposed model, we
build on this version by analysing sources of uncertainty
and their effects on action costs, allowing us to incorporate
risk. We also expand the range of tasks and increase the
number of alternative methods for completing space missions.
In our previous work, we focused particularly on extending the
Satellite domain by providing alternatives for how captured
images of spatial phenomena are sent to Earth, but did
not consider uncertainty and risk [11]. In [20], the authors
model a Satellite domain for onboard and online planning
using a language based on an extended HTN representation.
While their model captures several real-world aspects, such
as unexpected events and resource consumption, it does not
incorporate risk modelling, as planning is assumed to occur
online. Another line of work on the Satellite domain focuses on
modelling TV and communication satellites (e.g., [21]), which
is semantically different from the space exploration satellite
domain we propose.

Existing works that model the domain of autonomous
vehicles for AI planning are rather scarce. In [11], we model
an HTN planning domain for autonomous vehicles, taking
into account various autonomous driving tasks, but do not
consider realistic aspects such as uncertainty and risk. Several
studies have explored traffic control problems in classical
planning and extensions of it, focusing on automating multi-
vehicle navigation to manage traffic [22]–[26]. Route planning
research in AI planning is also relevant to the AV domain, with
many works addressing marine environments and incorporating
uncertainty (e.g., [27]). Although autonomous underwater
vehicles share some route planning tasks with autonomous
vehicles, their environments and other tasks differ significantly.
Other works address route planning within a temporal HTN
planning framework in the aerial domain (e.g., [28]), focusing
on challenges that are distinct from those faced in autonomous
ground vehicle contexts.

IV. SATELLITE

The Satellite domain involves space applications with
autonomous orbiting spacecraft that perform tasks such as
imaging, data collection, navigation, or scientific research. The
domain we extend originates from the partial-order track of
the IPC-2020 benchmark for HTN planning, based on a NASA
application where satellites conduct stellar observations by
capturing images of spatial phenomena [19].

We chose this domain because it exemplifies real-world
complexities and challenges for planning, including multiple
satellite missions under strict resource constraints, namely, lim-
ited power, restricted target access, constrained time windows
for downlinking data to ground stations, and high operational
costs [29][30].

A. Relevant Real-World Aspects

Following the vision presented in [11], the original domain
is enhanced. We begin by identifying and gathering relevant
aspects using the conceptual framework we proposed in [9],
with particular emphasis on unaddressed factors in the original
domain, such as additional stellar observation tasks and their
associated complexities and interdependencies; sources of
uncertainty; domain-specific quantities such as resources and
variable action costs; and the objectives pursued by autonomous
satellites.

Satellites perform multiple tasks to make stellar observations.
These tasks are of multiple abstraction levels and have
structured causality, where complex tasks are achieved by
performing multiple subtasks [9]. Basically, the satellites are
equipped with several observation instruments, each of which
has specific modes like infrared, spectrograph, X-ray, and
thermography, and has defined calibration targets (directions).
Performing a space mission is a complex task that involves
preparing a satellite and then taking an image. Preparing the
satellite requires routing energy to an instrument, properly
calibrating the instrument, and turning the satellite in the
direction of the phenomenon to be captured. Finally, the satellite
can capture an image of the targeted phenomenon. In actual
operations, it is often necessary to activate multiple instruments
simultaneously due to limitations in time and resources [31].
Therefore, the satellite must be capable of powering on several
instruments at once and should be able to choose how many
instruments to activate, taking into account, for example, the
possibility of power failure.

Satellite mission complexity arises from the inherent uncer-
tainty of space environments and the technologies used for
the satellite operations and its instruments. Planning stellar
observations requires accounting for uncertainties and their
inherent randomness—specifically, what is known during the
planning phase versus what becomes known only at execution
time. Key sources of uncertainty, and their impact on resource
consumption (e.g., time and power) include: (1) Internal
sources, such as limitations of physical sensors that affect
data quality (e.g., resolution, accuracy, noise), introducing
uncertainty into action costs when these are tied to data
quality [32]. Other internal uncertainties arise from the potential
for power system failures (e.g., battery or solar array malfunc-
tions [33]), which can result in power loss during the execution
of actions like powering multiple instruments on the same
satellite platform [34], ultimately increasing execution time. (2)
External sources stem from the satellite’s environment. Space
weather events can induce anomalies such as temporary outages,
power failures, and solar cell degradation [35]. Additionally,
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solar energetic particles or protons can penetrate satellite
electronics and cause electrical failures [36].

The satellite’s goal is to perform stellar observations that
optimise factors like mission time and power consumption,
while considering several aspects (e.g., risk and uncertainty),
and the satellite and its instruments’ states.

B. Domain Model Formulation

Next, we formulate the gathered knowledge as a prerequisite
to model the Satellite domain.

1) Stellar Observation Tasks – Complexities and Relations:
Knowledge about stellar observation tasks is represented as
compound and primitive tasks. Compound tasks capture abstrac-
tion levels, causality, recursion, conditions, and alternatives,
and can be decomposed by various methods into subtasks.

An abstract (or general) graphical overview of this HTN
domain model is shown in Figure 1, where blue nodes represent
compound tasks, orange nodes represent primitive tasks, and
grey nodes vm0

, vm1
, . . . , vm11

represent methods. Nodes encir-
cled by green are our extensions. The domain includes a single
top-level task, do_observation, which achieves a stellar
observation mission by preparing the instrument and taking
an image. This task can be decomposed using four methods,
vm0

to vm3
, which represent different situational contexts

rather than alternative strategies of performing the observation
task. Their main differences lie in the preparation phase.
Specifically, vm0

includes activate_instrument, turn_to,
and take_image; vm1 omits instrument activation, assuming
it is pre-calibrated, possibly from previous observations; vm2

skips turning; and vm3
performs only take_image.

Each satellite can have multiple instruments onboard. In
the original domain, only one instrument can be powered
per satellite. This is governed by switching off any active
instrument before powering on another, and making the power
unavailable after switching on an instrument. This behaviour is
modelled through the methods vm4

and vm7
. vm4

decomposes
activate_instrument into switch_off, switch_on to
switch off an already powered instrument and switch on the
instrument corresponding to the required mode, respectively,
and auto_calibrate. The latter is further decomposed
by vm10

and vm11
, where vm10

decomposes the task into
turn_to to slew the satellite into the calibration direction
and calibrate to calibrate the instrument, while vm11

skips
turning, assuming the satellite is already aligned. vm7

is
applicable when there is no powered-on instrument, thus it
skips switching off.

Real-world satellite missions often require activating
multiple instruments simultaneously due to time and re-
source constraints [31], a capability missing from the orig-
inal domain. This calls for additional methods for the
activate_instrument task, allowing satellites to power
multiple instruments concurrently and incorporating permissive
decomposition into the domain model.

Powering several instruments in parallel risks power fail-
ure/loss if the satellite’s energy source (e.g., solar panels,
Radioisotope Thermoelectric Generators, or helium cells)
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Figure 1. HTN model for the Satellite domain.

cannot meet demand [34], potentially causing delays to
recover. To model this, we add methods vm8

, vm9
, vm5

, and
vm6 . vm8 and vm9 decompose the task into overload or
superload (to switch on second or third instruments), fol-
lowed by auto_calibrate. vm5

and vm6
decompose the task

into switch_off_overload or switch_off_superload

to switch off two or three instruments at once, respectively,
followed by switch_on and auto_calibrate. Thus, vm4

and vm8 are alternatives: to power a second instrument, the
planner can either switch off the first or overload the satellite.
Likewise, vm5

and vm9
offer a choice between switching off

two instruments or adding a third, resulting in a “superload”
with three active instruments.

2) Non-determinism and Action Costs: To model non-
determinism and action costs, we analyse how internal and
external uncertainty sources affect actions that rely on a stable
satellite power system. We focus on the cost variability of
overload and superload, which place higher demands on
power. Specifically, considering that costs are indicative of the
time required for actions to be completed, activating a second
instrument via the overload action has a 99% probability of
taking 15 units of time and a 1% probability of taking 100
units of time due to power failure. superload is riskier as
the unfavourable outcome incurs more often and has a higher
likelihood of occurrence, with a 95% probability of taking 15
units of time and a 5% probability of taking 400 units of time.
All other actions are assigned a fixed cost of 15 units with 100%
probability, enabling a clear comparison of planner behaviour
under different risk attitudes concerning the simultaneous or
sequential activation and deactivation of instruments. Here, we
use the constant cost function type cic(a). This means that the
action costs are defined within the domain model and remain
consistent across different problem instances. However, other
types of cost functions and alternative cost distributions can
also be considered, as the statistical inferences used to derive
them may vary across different satellite domains.

3) Planning Problems Instances: Knowledge about planning
problems is formulated so that the initial state contains the
knowledge about the static and dynamic environment states.
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The static state includes each satellite’s instrument, supported
modes, and the calibration target of each instrument. The
dynamic state includes the available power and current pointing
direction of individual satellites. The initial task network
includes all required observation missions, each targeting a
phenomenon with a specified mode.

C. Domain Model Encoding

We model the planning knowledge formulated earlier directly
into risk-aware HTN planning constructs. Listing 1 shows part
of the domain model, including the switch_on, overload,
and superload actions. switch_on is executed when the
satellite’s power is available and makes it unavailable. In
contrast, overload and superload can be executed when
the power is unavailable, but introduce a risk of power
failure. That is, we assume that the (power_avail) pred-
icate represents a restriction of maximum power for safety
purposes that can be ignored when choosing to overload
or superload the satellite. Recovery time from failure is
modelled using probabilistic cost distributions via the : costdist
construct, followed by the probability distribution in the form
of (or(p1(c1)(p2(c2)) . . . (pn(cn)).

Listing 1: Switch on, overload, and superload actions in the
Satellite domain.

(:action switch_on
:parameters (?so_i - instrument ?so_s - satellite)
:precondition (and (on_board ?so_i ?so_s)(power_avail ?

so_s))
:effect (and (power_on ?so_i)(not(calibrated ?so_i))(not(

power_avail ?so_s)))
:costdist (or (1(15))))

(:action overload
:parameters (?so_i - instrument ?so_s - satellite)
:precondition (and (on_board ?so_i ?so_s)(not(overloaded ?

so_s))(not(power_avail ?so_s)))
:effect (and (power_on ?so_i)(overloaded ?so_s)(overloads

?so_i ?so_s)(not(calibrated ?so_i)))
:costdist (or (0.99(15)) (0.01(100))))

(:action superload
:parameters (?so_i - instrument ?so_s - satellite)
:precondition (and (on_board ?so_i ?so_s)(overloaded ?so_s

)(not(power_avail ?so_s))(not(superloaded ?so_s)))
:effect (and (power_on ?so_i)(superloaded ?so_s)(

superloads ?so_i ?so_s)(not(calibrated ?so_i)))
:costdist (or (0.95(15)) (0.05(400))))

V. AUTONOMOUS VEHICLES

Autonomous vehicles are transportation means, typically
for humans or working under human delegation, that can
navigate without or with little human direct control. We choose
this application domain as it exhibits realistic characteristics
commonly found in real-world scenarios, many of which
present significant challenges for both the modelling and
solving of planning problems. These challenges originate from
the domain’s inherent complexity and uncertainty, such as road
incidents and varying road conditions, risk factors, diverse
driving tasks, resource constraints like travel time and fuel or
charge levels, and the critical need to track the vehicle’s state
and its environment.

A. Relevant Real-world Aspects

We start by covering the aspects of driving tasks and their
complexities and relations, the non-determinism in the domain,
including the sources of uncertainty and their randomness,
quantities in this domain, including resources and action costs
and the variability of action costs as a consequence of non-
determinism, and the objectives of an autonomous vehicle.

An autonomous vehicle performs various driving tasks to
navigate routes and reach required destinations successfully.
These driving tasks are of multiple abstraction levels and
have structured causality, where complex tasks are achieved
by performing multiple subtasks, such as route planning,
navigation, and vehicle control [9]. For example, reaching a
destination may require moving between intermediate locations,
stopping, starting the engine, and managing turn signals. The
vehicle must also handle road contingencies (e.g., pedestrians,
construction), which consist of subtasks like stopping, dodging
the incident, or restarting the engine. Environmental factors
such as slippery roads introduce further complexity, requiring
actions like activating the Electronic Stability Program (ESP)
and adjusting speed. As in many real-world domains, these tasks
can be achieved in various ways. For example, a vehicle might
address poor road conditions by decelerating or accelerating
with or without activating the ESP, and it may choose from
various routes to reach a destination.

The complexity of AV driving tasks arises mainly from the
dynamic and uncertain environment common to real-world
domains [9]. Planning these tasks must account for uncertainty
sources and their randomness, i.e., the amount of knowledge
that can be defined when planning the driving tasks. Following
our previous work [9][13], we categorise uncertainty sources
based on the vehicle’s autonomy level: (1) non-autonomous
(human-driven), (2) fully autonomous (no human intervention),
and (3) semi-autonomous (shared control). These uncertainties
may be internal, originating from the agent performing the
tasks, or external, from the environment. (1) For human drivers,
internal regular uncertainties often relate to variations in driving
skills, habits, intentions, tactics, and speed. For instance, travel
time and energy consumption can vary depending on a driver’s
speed preferences, habits, and tactics. Additionally, fatigue
may lead to accidents, such as falling asleep at the wheel.
The consequences caused by driver drowsiness have been
statistically studied [37]. Unlike regular sources that can be
statistically anticipated, some internal sources are random
and rare, such as a driver having a stroke, making them
difficult to predict. (2) For fully autonomous systems, internal
regular uncertainties may result from control variability, such
as the vehicle’s ability to stabilise on a slippery road, leading
to variable driving times and consumed energy. There are
also some random internal sources that lead to unpredictable
outcomes. For example, a flat tire will cause the car to stop.
(3) Finally, semi-autonomous vehicles inherit a mix of these
uncertainties, as both the human driver and the autonomous
system contribute to the vehicle’s operation.

External sources of uncertainty, both regular and random,
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can also affect cost variability. For example, a vehicle may fail
to charge due to an unexpected station malfunction or encounter
an unplanned roadblock from an accident. Such rare events are
difficult to predict during planning, making action outcomes
uncertain. Now consider external sources of uncertainty that
are regular, such as weather conditions. Weather conditions,
for instance, change constantly and cannot be predicted with
full certainty. Due to the chaotic nature of the atmosphere
and limitations in observation and modelling, forecasts in-
herently include uncertainty [38]. To express this, weather is
often reported using probabilistic forecasts, where elements
like temperature, wind, and precipitation are probabilistically
quantified [39]. Another regular external source of uncertainty
is traffic, which significantly impacts action cost variability. For
example, when planning a route with Google Maps, the most
used route planning application, estimated travel times for the
same route vary due to regular factors like traffic. As shown
in Figure 2, there is an estimation of the travelling time, i.e., a
range of potential travelling times, for each route the vehicle
can take, and these estimates differ between weekdays and
weekends, with shorter times typically observed on weekends
due to lighter traffic. Similarly, queues at charging stations
represent another regular external uncertainty. To improve the
quality of service at charging stations, studies such as [40]
predict the probability of waiting times, which directly affect
charging duration and overall trip time.

(a) Travelling times on a
workday [41].

(b) Travelling times on a
weekend [42].

Figure 2. Variability of travelling times in Google Maps.

In addition to the factors discussed, it is crucial to account
for resource consumption, i.e., action costs such as time,
money, energy, effort, or even human lives, which is a common
concern in real-world domains [9]. The presence of uncertainty
makes these costs variable. Therefore, understanding and
modelling cost variability is essential for effective planning.
For instance, uncertainty in weather forecasts affects driving
costs; travelling between two locations in winter may require
more time and energy if it is snowing. How much knowledge
we have about the probability distribution of action costs
depends on how much knowledge we have about the uncertainty
sources. When uncertainty is represented probabilistically,
such as through weather forecasts, associated delays can also
be estimated probabilistically, a concept known as risk (see
Section II-B). Conversely, random uncertainty sources like
unpredictable accidents lead to costs, e.g., delays, injuries,
financial loss, and environmental impact, that are difficult to
quantify probabilistically. Such events can reduce road capacity,
increase congestion and travel time, and potentially cause

further incidents [43].
Given the above knowledge, the goal of the autonomous

driving task is to find routes that optimise some objective (e.g.,
commuting time) while considering several aspects (e.g., risk,
uncertainty, and alternative choices on how to achieve tasks),
the vehicle’s general state (e.g., current location), the states of
its components (e.g., headlights), and the various environmental
factors (e.g., weather and road conditions) to promote better
safety and user experience.

B. Domain Model Formulation

1) Driving Tasks – Complexities and Relations: Tasks
are formulated as compound and primitive tasks, where
the relation between these tasks, i.e., the abstraction levels,
structured causality, recursion, conditions, and alternatives, is
formulated as hierarchical levels, where compound tasks can
be decomposed by various methods, which represent the ways
to achieve these tasks, into subtasks (compound and primitive).
Thus, we can model the various driving tasks performed by
the AV to navigate routes and reach required destinations
successfully as HTN tasks, forming the HTN domain model
for the AV domain. An abstract (or general) graphical overview
of this HTN domain model is shown in Figure 3. The domain
has one task, drive, at the highest level of the hierarchy,
which enables travel between two locations. Three different
methods can decompose this task, denoted as vm1

, vm2
, and

vm3
. The first method vm1

is applicable when the vehicle
does not have enough power to travel to the next location.
To recharge, the vehicle must drive to a charging station
(drive), recharge (recharge), and from there to its original
destination (drive). The second method vm2

is applicable
when the vehicle is charged and has not reached its destination.
In this case, the vehicle’s engine should be cranked if it was
not before (start), the lights are turned on if they were
off and it is nighttime (turnon), and the vehicle moves one
step to the next location (move_step). Then, the drive task
is recursively decomposed again to move the vehicle to the
next intermediate location until reaching the destination. The
third method vm3

becomes applicable if the vehicle is at the
destination. This method decomposes the drive task to a single
compound task stop_vehilce to stop the vehicle, which in
turn is decomposed by two methods vm4 and vm5 . The former
decomposes the task into a single primitive task to stop the
engine. The latter is applicable when the engine is already
off, and it decomposes the stop_vehicle into an empty task
network, symbolised by the nop primitive task. These methods
implement a form of phantomisation that can be encountered
in HTNs [44].

The move_step compound task is decomposed by two
different methods v_m10 and v_m11, based on whether the
road is free from any complexity or not, respectively. In the
first case, the move_step task is decomposed by vm10

into
a single primitive task accelerate. In the second case, the
task is decomposed by vm11

into two consecutive compound
tasks handle_incidents and handle_road_conditions.
The handle_incidents task can be decomposed by two
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Figure 3. HTN model for the domain of Autonomous Vehicles. Blue nodes
represent compound tasks, orange nodes represent primitive tasks, and grey

nodes vm1 , vm2 , . . . , vm19 represent methods.

different methods vm13
and vm12

, based on whether the
incident is still (e.g., rocks and construction work), or moving
(e.g., pedestrians crossing the street). In the first case, the
vehicle must decelerate, dodge the incident, and then accelerate
again. In the second case, the vehicle should decelerate,
brake to allow the moving incident to cross the road, and
accelerate again. The handle_road_conditions task can
be decomposed by four different methods vm15

, vm16
, vm17

and vm18
. All these four methods are applicable when the road

is, for example, icy, slippery, under construction, or has loose
gravel, and they result in accelerating without caring about
the road condition, only decelerating, activating the ESP and
decelerating, activating the ESP but accelerating, respectively.
These methods have the same preconditions which relate to
road conditions being abnormal. This makes all four methods
applicable at the same time during planning, and the planning
agent always has the choice between these methods. We refer
to this concept as permissive decomposition or non-exclusive
decomposition. Note that both the handle_incidents and
handle_road_conditions have an additional method each
(vm14

and vm19
) that decomposes the corresponding tasks into

an empty task network when there are no incidents or road
conditions, respectively. These methods constitute another form
of phantomisation [44]. This modelling choice allows us to
handle situations where there are road conditions and incidents
at the same time between two connected locations.

2) Non-determinism: Uncertainty Sources and their Ran-
domness: Here, we formulate the knowledge related to the
non-determinism of the domain and the quantities. While
we do not explicitly formulate the knowledge related to the
various uncertainty sources encountered in the AV domain, we
formulate the direct effects they have on the cost of driving
actions performed in this domain, making them variable. In
this domain model, we consider the effects of three sources
of uncertainty, namely (1) the speed at which the pedestrians
walk the pedestrian crossing, which is considered a regular
external source of uncertainty, (2) the traffic on roads, which
is also considered an external regular source of uncertainty,
and (3) the ability of the autonomous vehicle to stabilise on

slippery roads, which is considered an internal regular source
of uncertainty.

3) Quantities: Resources and Action Costs: When this
variability of costs comes from regular uncertainty sources,
such as traffic jams, it can be described by a probability
distribution that can be either known or statistically inferred
(see Section II-B). Actions here are risk-inducing. In the present
treatment, we define driving costs as the time needed to drive
through the roads and deal with the various road complexities.
That is, the existence of uncertain traffic jams during planning
makes the estimation of travelling times variable (as shown in
Figure 2). While we use risk-inducing actions and travelling
times as costs to exemplify a possible formulation of the domain
knowledge, uncertainty-inducing actions and other types of
costs, such as fuel/power consumption, comfort of the ride,
and road windingness, could be used.

Since in the AVs domain, the travelling costs can depend on
the traffic jams and on the particular road itself, e.g., its length
and conditions, we use a hybrid, external and state-dependent
cost function cies(a) to compute the costs (see Section II-C).
In particular, the estimation of uncertain traffic jams comes
from an external function, and each road’s length and other
properties represent a state-dependent cost function that is
defined with respect to the ground planning problem. These
two functions can be combined into one hybrid function that
computes the probability distribution of travelling times.

4) Planning Problems Instances: Knowledge about planning
problems is formulated such that the initial state contains the
knowledge about the static and the dynamic states of the
environment. The static state includes the road network, i.e.,
locations and routes connecting them, the location of still and
moving incidents (e.g., construction works and pedestrians), the
conditions of roads (e.g., slippery roads, roads with gravel, and
normal roads), and the length of the roads. The dynamic states
include the location of the vehicle. The initial task network in
the planning problem is to move the vehicle from one location
to another. The objects are the locations that the vehicle can
navigate to and the various incidents.

5) Example of a Problem Instance: Let us consider an
example of a planning problem with seven different locations
denoted as S, l1, l2, l3, l4, l5, and E, depicted in Figure 4.
The vehicle is initially at S and should navigate to E while
handling the various road complexities. We assume that the
vehicle has enough power to navigate all the roads, and it is
nighttime, so the vehicle has to turn on the lights. The roads
between S and l1 and between S and l3 are complexity-free.
However, the first road is longer than the second. The road
between l1 and l4 has constructions at location l2. The road
between l3 and l4 has a school area that is very crowded with
pedestrians and traffic jams, i.e., moving incidents, at location
l5. The road between l1 and l3 is a highway free from any
complexities, but has a variable level of traffic congestion.
Finally, the road between l4 and E is icy and slippery.

Figure 5 shows some possible bindings of the actions with
the corresponding probability distribution of costs with respect
to the ground planning problem and external traffic as sources

42Copyright (c) IARIA, 2025.     ISBN:  978-1-68558-303-3

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AISyS 2025 : The Second International Conference on AI-based Systems and Services

                            49 / 72



𝒍𝟏

𝒍𝟐

𝒍𝟑

𝒍𝟒

𝒍𝟓

𝑺

𝑬

Figure 4. A problem instance in the AVs domain with seven locations S, l1,
l2, l3, l4, l5, and E, and various road complexities.

of uncertainty. Note that we only show feasible bindings and
ground actions that can be part of the computed plans. For
example, the action of accelerating has a probability distribution
of costs when the vehicle is accelerating on the road between S
and l1, different from the probability distribution of costs when
accelerating on the road between S and l3, since the length
and traffic jams of these roads are different. The logic behind
our assignments of the action variable costs is as follows. The
road between S and l1 is complexity-free and free of traffic
jams. Thus, the time needed to drive through this road is
certain, i.e., driving through this road takes four hours with
100% probability. On the other hand, although shorter, the
road between S and l3 has a variable traffic jam throughout
the day. Driving through this road can take six hours with
20% probability, or two hours, in the best case, with 80%
probability. Thus, taking the short road is riskier than taking
the long road. The road between l1 and l4 has construction
work at location l2. Since the construction is considered a still
incident, passing through this road, i.e., decelerating, dodging
the constructions, and accelerating again, is done in a certain
time under the assumption that this road does not include any
traffic jam. In particular, cumulative deceleration on the road
between l1 and l2 requires four hours, dodging the incident
requires 0.4 hours, and accelerating on the road between l2
and l4 takes one hour. Unlike the road between l1 and l4, the
road between l3 and l4 has multiple schools and heavy traffic
at location l5, which can lead to long waiting times. This is an
external source of uncertainty since pedestrians have uncertain
times and speeds at which they cross the road, which can make
this area congested. Additionally, the roads between l3 and
l5, and l5 and l4 have an uncertain level of traffic congestion.
Thus, driving from l3 to l4, i.e., decelerating, braking, and
accelerating, requires a variable amount of time, as shown in
Figure 5. In particular, decelerating on the road between l3 and
l5 takes one hour with 10% probability and three hours with
90% probability. Consider the school area is very crowded,
and the vehicle might need to brake for a long time, waiting
for the pedestrians to walk. Thus, braking before this area can
take half an hour with a high probability of 90% and can, in
the worst case, take three hours with a probability of 10%.

The road between l1 and l3 is a highway that is complexity-
free. However, it has an uncertain level of traffic congestion.
Thus, although the vehicle can accelerate on this road, with a
small probability of 10%, it can take eight hours to reach l3
when there is a high traffic congestion. With a high probability
of 90%, the vehicle can travel from l1 to l3 within two hours

since the highway is mostly free of traffic jams. Lastly, the road
between l4 and E is icy and slippery. If the agent chooses to
decelerate without activating the ESP, the time needed to reach
E will be variable and is based on the ability of the vehicle
to stabilise on this slippery road. This choice can lead to six
hours of driving with 20% probability and eleven hours of
driving with 80% probability. If the agent chooses to decelerate
after activating the ESP, it will need 10 hours, i.e., a known
and certain amount of time, to reach E since this is the safest
and most guaranteed option to choose. However, suppose the
agent accelerates after activating the ESP. In that case, it will
need an uncertain amount of time, depending on the vehicle’s
stability. This option is very risky since it might require 12
hours in the worst case with an 80% probability as the vehicle
will probably lose stability. At the same time, there is a 20%
probability that the vehicle will have good stability and reach
its destination in two hours since it is accelerating. An even
riskier option is to accelerate on this road without activating
the ESP. In that case, the vehicle might need sixteen hours
to reach location E with a probability of 90%, and, in the
best case, it needs half an hour with a probability of 10%.
Comparing the option of decelerating after activating the ESP
with the option of decelerating without activating the ESP, the
first option has a more guaranteed outcome, i.e., execution time,
although both options have the same expected value, which
is 10 hours. We can also see that the option of accelerating
after activating the ESP is riskier than decelerating without
activating the ESP, since, with an 80% probability, it might
lead to a higher time than the outcome of only decelerating.
Lastly, when comparing the options of decelerating without
activating the ESP and only decelerating, we see that both
options involve risk. However, unless the agent is highly risk-
seeking, it is less likely that the first option is preferable since
it has the probability of 20% of costing six hours compared to
the second option, which has the probability of costing four
hours less with the same 20% probability. At the same time,
the first option has an 80% probability of costing eleven hours
compared to twelve hours for the second option, with the same
probability, which means a one-hour difference only. Note that,
despite the differences in the risk level, all three options have
the same expected value, which is ten hours. The only option
that has a higher expected travelling time compared to all other
options is accelerating without activating the ESP. That is why
this option is the riskiest one and is only chosen if the agent
is extremely risk-seeking. Additionally, we extend the possible
roads that the vehicle can take by adding the possibility of
taking a shortcut road that has a 90% probability of taking
two hours and a 10% probability of taking eight hours. This
extension increases the number of choices the agent should
make according to its risk attitude, since taking the shortcut
road can have a high risk of incurring long travelling times
compared to taking several longer roads.

C. Domain Model Encoding

We encode the domain and problem instances using our
extension of HDDL [14]. Compound tasks are modelled by
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Figure 5. Actions with the corresponding possible bindings and probability
distribution of costs (time).

providing the name of the task with the parameter list, as
shown in Listing 2 for the handle_incidents compound
task. Methods are modelled by providing the parameter list, the
corresponding compound task, preconditions, and task network.
For example, the handle_incidents compound task can be
decomposed by three methods, where the first two are based
on whether the incident is still or moving, which is ensured in
the preconditions, and the third method constitutes a form of
phantomisation.

Listing 2: Methods for handling incidents in the AVs domain
model
(:method handle_incidents_0
:parameters(?v - vehicle ?l1 ?l2 ?l3 - loc ?movinc -

movingobs)
:task(handle_incidents ?v ?l1 ?l2)
:precondition(and (connected ?l1 ?l3)(connected ?l3 ?l2)(

in-inc ?movinc ?l3))
:ordered-subtasks(and (decelerate_incident ?v ?l1 ?l3)(

brake ?v ?l3)(accelerate_incident ?v ?l3 ?l2)))

(:method handle_incidents_1
:parameters(?v - vehicle ?l1 ?l2 ?l3 - loc ?stillinc -

stillobs)
:task(handle_incidents ?v ?l1 ?l2)
:precondition(and(connected ?l1 ?l3)(connected ?l3 ?l2)(

in-inc ?stillinc ?l3))
:ordered-subtasks(and(decelerate_still_incident ?v ?l1 ?l3

)(dodge_incident ?v ?l3 ?l2)(accelerate_still_incident
?v ?l3 ?l2)))

(:method handle_incidents_2
:parameters(?v - vehicle ?l1 ?l2 - loc)
:task(handle_incidents ?v ?l1 ?l2)
:precondition(clearroad ?l1 ?l2)
:ordered-subtasks())

Actions are modelled, as in HDDL, with a parameter list,
preconditions, and effects, where risk is modelled via the
construct :costdist. Listing 3 shows four decelerating and
accelerating actions that can be performed to handle bad road
conditions, each with cost distributions shown in Figure 5. Since
the cost functions in this domain are hybrid, we preprocess
these actions by expanding them into multiple variants based on
road conditions, and directly assign the corresponding hybrid
cost functions within the domain model.

Listing 3: Accelerating and decelerating actions of the AVs
domain model that deal with bad road conditions.

(:action accelerate_bad_road
:parameters (?v - vehicle ?l1 ?l2 - loc)
:precondition (and (not (in ?v ?l2))(not(activated_esp ?v

)))

:effect (and (in ?v ?l2)(highspeed ?v))
:costdist (or (0.9(16)) (0.1(0.5))))

(:action accelerate_after_esp
:parameters (?v - vehicle ?l1 ?l2 - loc)
:precondition (and (not(in ?v ?l2))(activated_esp ?v))
:effect (and (in ?v ?l2)(highspeed ?v))
:costdist (or (0.8(12)) (0.2(2))))

(:action decelerate_after_esp
:parameters (?v - vehicle ?l1 ?l2 - loc)
:precondition (and (not(in ?v ?l2))(activated_esp ?v))
:effect (and (in ?v ?l2) (not(highspeed ?v)))
:costdist (or (1(10))))

(:action decelerate_bad_road
:parameters (?v - vehicle ?l1 ?l2 - loc)
:precondition (and (not(in ?v ?l2))(not(activated_esp ?v)

))
:effect (and (in ?v ?l2)(not(highspeed ?v)))
:costdist (or (0.2(6)) (0.8(11))))

We model the objects existing in the planning problem, the
initial task network is to drive to a destination, and the initial
state is a list of predicates. Listing 4 shows the initial state of
the problem instance illustrated in Figure 4.

Listing 4: Initial state of the problem instance illustrated in
Figure 5.
(:init (connected s l1)(connected s l3)(connected l1 l4)(

connected l3 l4)(connected l4 e)(connected l1 l2)(
connected l2 l4)(connected l3 l5) (connected l5 l4)(
clearroadlong s l1)(clearroad s l1)(clearroadshort s l3
)(clearroad s l3)(in-inc construction l2)(in-inc
bottleneck l5)(clearroad l4 e)(badroad l4 e)(in v0 s))

VI. CONCLUSIONS

Generating valid, capable, and executable plans for real-
world scenarios requires domain models that accurately reflect
the complexities of the target environments. We showed how
to systematically engineer domain knowledge and model two
representative domains, Satellite and Autonomous Vehicles,
that embody common planning challenges in complex and
dynamic environments. For the Satellite domain, we build upon
existing models by explicitly incorporating elements of risk
and uncertainty, and by expanding the set of methods available
to achieve tasks. For the AV domain, we address a notable
gap in the literature, namely, the fact that many existing works
focus on traffic-level control or underwater vehicles, while few
address the planning needs of individual AVs. Our approach
and model fill this gap by capturing realistic driving tasks
alongside key aspects such as uncertainty, risk, and the wide
range of methods for tasks. Together, these contributions not
only enrich the Satellite and AV domains but also provide a
concrete path toward making AI planning more applicable to
real-world deployment. By showing how realistic aspects can
be systematically identified, incorporated, and formalised, our
work lays the foundation for improving other domains and
advancing planners that can operate effectively under real-world
conditions.
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Abstract—Extracting expiry dates from official documents
is a critical task in numerous administrative and compliance
workflows. Traditionally performed manually, this process is time-
consuming, error-prone, and costly at scale. In this study, we
present a comparative evaluation of multiple optical character
recognition (OCR) engines combined with a diverse set of image
preprocessing techniques to automate expiry date extraction
from scanned and photographed documents, including insurance
policies, identity cards, licenses, and inspection reports. A dataset
of manually annotated portable document format (PDF) and
joint photographic experts group (JPEG) files was used for
benchmarking. Each image was processed using various transfor-
mations. Extracted texts were parsed using comprehensive regular
expression patterns to identify date candidates, from which the
latest valid date was selected as the predicted expiry. Our findings
indicate that SuryaOCR, particularly when applied to unprocessed
raw images, consistently outperformed other configurations,
substantially reducing the need for manual intervention.

Keywords-OCR; Automated Document Processing; Image Pre-
processing.

I. INTRODUCTION

Extracting expiry dates from official documents is a fun-
damental task in numerous administrative, regulatory, and
compliance workflows. Documents, such as driver’s licenses,
identity cards, insurance policies, and inspection certificates
often contain expiry periods that must be accurately recorded
and tracked. In many organizations, this information is still
collected manually, a process that is time-consuming, error-
prone, and difficult to scale.

Optical Character Recognition (OCR) technologies have
emerged as a practical solution for automating the extraction
of textual content from scanned or photographed documents.
While OCR has proven effective in many domains, its perfor-
mance can vary significantly depending on document structure,
image quality, and the specific recognition model employed
[1]. Furthermore, expiry dates are not always consistently
formatted or positioned and may appear in multiple languages,
be partially obscured by stamps, seals or other occlusions,
making the extraction task particularly sensitive to errors in
both recognition and post-processing.

To improve accuracy and robustness, OCR pipelines are
often combined with image preprocessing techniques aimed
at enhancing textual features. However, there is a common
but largely untested assumption that preprocessing universally
improves OCR performance. As in Björkman’s study [2], espe-
cially in structured and high-quality documents, preprocessing

may sometimes distort visual features rather than enhance
them.

This study addresses these challenges by proposing a compar-
ative framework for automated expiry date extraction, focusing
on multilingual and partially occluded real-world administrative
documents. The study was conducted to determine the expiry
dates of the employment documents of couriers who started
working at Hepsijet, a logistics company. We evaluate the
performance of three OCR engines—SuryaOCR, EasyOCR,
and Pytesseract—across ten different image preprocessing
techniques. The experiments are conducted on a diverse
dataset of real-world administrative documents, each manually
annotated with ground-truth expiry dates. Extracted texts
are parsed using carefully crafted, language-aware regular
expression patterns, and the latest valid date is selected as
the predicted output.

Our results show that SuryaOCR, particularly when applied
to raw (unprocessed) images, significantly outperforms other
configurations. In contrast, many preprocessing techniques
negatively impact accuracy, challenging the assumption that
preprocessing is always beneficial. This paper contributes
an empirical evaluation of OCR-preprocessing combinations
for expiry date extraction under multilingual and occlusion
conditions, offers practical insights into building more reli-
able automated document processing pipelines for real-world
deployments.

The remainder of this paper is organized as follows. Section
2 reviews related work on OCR-based date extraction and
image preprocessing techniques. Section 3 describes the dataset,
including multilingual and occluded document samples, as
well as the preprocessing methods, OCR engines evaluated
and evaluation procedure. Section 4 as Results and Discussion,
presents performance comparison across OCR engines, impact
of preprocessing, error analysis and limitations & observations.
Section 5 concludes the study with key findings, practical
recommendations for real-world deployment, and directions
for future research.

II. RELATED WORK

OCR has long evolved from rule-based systems like Tesseract
to deep-learning approaches tailored for complex, real-world
scenarios. Kshetry et al. introduced a modified adaptive-
thresholding method that uses the dominant pixel intensity
within text regions to enhance contrast, showing measurable
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gains in PyTesseract accuracy on photographs [3]. El Harraj
and Raissouni designed a nonparametric pipeline—combining
local brightness normalization, grayscale conversion, unsharp
masking, and global binarization—that significantly improved
OCR performance on mobile-captured documents [4]. Dias
and Lopes applied multi-objective parameter tuning of pre-
processing filters (adaptive thresholding, bilateral filtering,
morphological opening) on typewritten heritage documents,
demonstrating that the effectiveness of preprocessing depends
on document typology [5]. Kavin and Shirley focus on
automating the extraction of batch numbers and expiration
dates from pharmaceutical packaging using OCR. To improve
recognition performance, the authors employ preprocessing
techniques and validate extracted data through rule-based
checks. Their system, tested on a diverse medical image dataset,
demonstrates potential for reducing manual entry errors and
enhancing patient safety in healthcare workflows [6].

More recently, Tavares systematically evaluated preprocess-
ing techniques—grayscale conversion, contrast limited adaptive
histogram equalization (CLAHE), and bilateral filtering—on
license plate recognition pipelines and reported that combining
CLAHE with bilateral filtering yielded the highest OCR
accuracy under varied lighting [7]. Complementing this, a study
in a controlled refrigerator-monitoring context tested multiple
open-source OCR engines, integrating on-device preprocessing
to improve robustness in suboptimal lighting, and found that
tailored preprocessing was essential for capturing reliable expiry
date text [8].

Beyond classical preprocessing, deep-learning approaches
specifically addressing expiry date recognition are emerging.
Florea and Rebedea developed a convolutional neural network
(CNN) based model combined with synthetic data to improve
recognition of expiry dates on food packaging, reporting a
9.4% accuracy boost over text-only baselines [9].

Emel, Terzioğlu, and Özkan address the variability in invoice
structures by introducing a three-stage framework for date
extraction comprising custom object detection, OCR, and
regular expressions. Leveraging the YOLOv8 model for object
detection and PaddleOCR for text recognition, the study
presents a robust pipeline that adapts to diverse invoice formats.
The authors emphasize the effectiveness of combining modern
detection models with traditional parsing techniques to enhance
accuracy in document processing [10].

Other research leverages scene-text detection networks
(e.g., maximally stable extremal regions (MSER) detectors,
TextBoxes++) to isolate date regions before OCR, often
combined with deep sequence decoders like CRNN, yielding
more robust extraction in cluttered environments [11]. While
these studies explore individual OCR engines, preprocessing
pipelines, or date detection networks, few perform a controlled
comparison across multiple OCR engines and preprocessing
methods within a unified framework—especially for structured
expiry dates in administrative documents. Our work closes
this gap by empirically evaluating combinations of SuryaOCR,
EasyOCR, and PyTesseract with ten established preprocessing
techniques on a real-world annotated dataset, thus providing

practical insights for optimizing end-to-end expiry-date extrac-
tion workflows.

III. METHODOLOGY

This study proposes a comparative framework to identify the
optimal combination of OCR engine and image preprocessing
technique to extract the latest valid date from scanned document
images. The aim is to simulate real-world conditions in
administrative and regulatory domains, where expiry dates,
such as expiration or renewal deadlines must be accurately
identified from heterogeneous document formats.

A dataset of real documents with manually labeled ground-
truth expiry dates is processed through multiple OCR pipelines,
each involving a different preprocessing technique. The ex-
tracted textual content is parsed using carefully designed regular
expression patterns to identify and retrieve date entities. The
maximum (latest) date extracted from each OCR output is
compared to the ground truth to assess accuracy. The evaluation
results across combinations enable the selection of the most
effective OCR + preprocessing strategy. The general flow is
shown in Figure 1.

Input Document

Image Preprocessing

OCR Engine

Date Regex Matching

Select Latest Date

Compare with Ground Truth

Select Best Model
+ Preprocessing

Figure 1. Overview of the processing pipeline: from input documents to
model evaluation and selection.

A. Dataset Description

The dataset comprises 1,000 real-world documents in PDF
and JPEG formats, sourced exclusively from a single logistics
company’s internal records. These documents include photos
taken with varying lighting, contrast, noise, and distance, screen-
shots, rotated documents. The seven documents demonstrating
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the couriers’ ability to perform their jobs when they first begin
work:
• Vehicle insurance policies
• Driver’s licenses (Shown in Fig. 2)
• Identity cards
• Health and liability insurance documents
• Psychotechnical evaluation reports
• Vehicle inspection certificates
• Commercial cargo operating certificate
Each document is manually annotated with its true expiry date
(e.g., expiration or renewal date), allowing for quantitative
evaluation of OCR-based extraction.

Figure 2. One of the sample employment documents

B. OCR Engines

Three open source and free OCR engines were selected
to represent a diverse range of architectures and recognition
methodologies:

1) SuryaOCR: SuryaOCR [12] is an open-source document
layout analysis and OCR framework built on top of deep
learning-based detection and recognition pipelines in more
than 90 languages. It utilizes transformer-based models for
layout-aware text detection and recognition. It consists of
the EfficientViT [13] based detection model and the Donut
[14] based recognition model. SuryaOCR is particularly well-
suited for structured document processing tasks where field
localization improves extraction accuracy.

2) EasyOCR: EasyOCR [15] is a deep learning-based OCR
engine that supports over 80 languages and is widely used for
both scene text and scanned document recognition. The model
operates through three main stages: feature extraction, sequence
labeling, and decoding. In the first stage, visual features are
extracted from the input image using convolutional neural
networks, such as Visual Geometry Group (VGG) and residual
network (ResNet). These extracted features are then processed
through Long Short-Term Memory (LSTM) networks, which
are capable of modeling sequential dependencies and capturing
contextual information across character sequences. Finally, the
output is decoded using the Connectionist Temporal Classifi-
cation (CTC) algorithm, which is well-suited for sequence-to-
sequence tasks with unknown alignments between input and
target sequences. The model architecture is implemented on top
of the deep-text-recognition-benchmark framework, allowing
for robust training across various datasets and enhancing
EasyOCR’s adaptability to diverse document types and layouts.

3) Pytesseract: Pytesseract is a Python wrapper for the
Tesseract OCR engine [16], originally developed by HP and
now maintained by Google. Tesseract operates using a classical

OCR pipeline with optional LSTM support in newer versions.
It supports a wide variety of configurations and preprocessing
steps but is more sensitive to noise and skew compared to
modern deep learning models.

Each OCR engine was tested independently with every image
processing variant described in the following section.

C. Image Preprocessing Techniques

To investigate the influence of image quality and structure
on OCR performance, a variety of preprocessing techniques
were applied. These transformations aim to enhance features
relevant for text recognition while reducing noise and artifacts.
Each technique was implemented using either OpenCV or PIL
(Pillow), depending on availability.

The preprocessing methods used are:
1) Raw: The original image is passed to the OCR engine

without modification.
2) Grayscale: The image is converted to a single-channel

grayscale format to remove color variations.
3) Binary Thresholding: Fixed thresholding is applied

(default threshold = 150), converting pixels below the threshold
to black and others to white. The value of 150 was selected
based on preliminary experiments on a small validation subset,
where it yielded the highest average OCR character accuracy
compared to alternative values (100, 128, 180).

4) Adaptive Thresholding: A Gaussian-based adaptive
threshold is used to binarize the image in varying lighting
conditions.

5) Contrast Enhancement: Global contrast is increased using
a scaling factor (default = 2.0). A factor of 2.0 consistently
enhanced text visibility without introducing excessive noise
or halo effects around characters, thereby improving OCR
readability for most document types in the dataset.

6) Sharpening: Image sharpness is enhanced to accentuate
text edges.

7) Noise Reduction: Gaussian blur is applied to reduce
background noise.

8) Otsu Thresholding: An automatic threshold value is
calculated based on Otsu’s method for optimal binarization.

9) Morphological Operations: Operations, such as opening
and dilation are applied to remove noise and enhance text
connectivity.

10) Deskewing: The image is deskewed by calculating
the rotation angle of the largest text contour and rotating
accordingly.

Each technique was applied in isolation, yielding multiple
versions of each document image. These versions were fed
independently into the OCR engines, resulting in a combina-
torial evaluation framework. If the date is not extracted after
each recognition process, the image is rotated 90, 180 and 270
degrees in order to prevent the documents from being loaded
at different angles and then fed back to the model.

D. Date Pattern Matching and Extraction

Following OCR-based text extraction, a rule-based pattern
matching module was applied to identify all occurrences of
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dates within the recognized text. This is because the latest date
recorded in the company documents represented the expiry
date of the document. To ensure broad coverage across diverse
document formats and languages, a comprehensive set of
regular expression (regex) patterns was implemented. These
patterns were designed to capture both numeric and textual
date formats commonly found in official documents.

The date formats targeted include, but are not limited to:
• Day/Month/Year (with slashes):

Examples: 01/01/2023, 15/12/2021
Pattern: \d{1,2}/\d{1,2}/\d{4}

• Day.Month.Year (with dots):
Examples: 01.01.2023, 5.6.2020
Pattern: \d{1,2}\.\d{1,2}\.\d{4}

• Year-Month-Day (ISO format):
Examples: 2023-06-19, 2020-01-01
Pattern: \d{4}-\d{2}-\d{2}

• Day-Month-Year (with dashes or commas):
Examples: 01-01-2023, 15,12,2021
Pattern: \d{1,2}[-,\.]\d{1,2}[-,\.]\d{4}

• Written month names (Turkish or English):
Examples: 15 Mart 2022, 3 July 2021
Patterns:
\d{1,2} (Ocak|Şubat|...|Aralık) \d{4}
\d{1,2} (January|...|December) \d{4}

Additionally, expanded patterns were included to accommodate
common inconsistencies:
• Omission of leading zeros (e.g., 1/1/2023 vs. 01/01/2023)
• Use of mixed or nonstandard separators (e.g., 12.03/2023,
15-02,2021)

• Interchangeable date orderings (e.g., YYYY/MM/DD and
DD/MM/YYYY)

In total, over 15 regular expression rules were crafted to support
a wide variety of layout and formatting inconsistencies often
observed in scanned or photographed documents.

After identifying all candidate date strings, each is parsed
into a standardized date object. The latest (chronologically
maximum) valid date is then selected as the document’s
predicted expiry date.

This prediction is subsequently compared to the manually
annotated ground truth date to assess correctness for each
combination of OCR engine and preprocessing method.

E. Evaluation Procedure

The evaluation of system performance was based on the
accuracy of the predicted expiry date compared to a manually
annotated ground truth. For each document processed through
a specific combination of OCR engine and image preprocessing
technique, the latest date identified via regular expression
matching was interpreted as the predicted expiration date.

To quantify performance, this predicted date was directly
compared to the annotated ground truth date. A prediction was
considered correct only if the extracted date exactly matched the
reference value, including day, month, and year components. No
partial matches were accepted in order to maintain a strict and
interpretable evaluation criterion. This is important to clearly
determine the official expiry date of employment documents.
Therefore, performance was measured with a strict accuracy

metric focused on exact matching. This binary assessment
(correct/incorrect) enabled the computation of accuracy for
each OCR-preprocessing pair as the ratio of correctly predicted
dates to the total number of documents evaluated.

To ensure robustness, the evaluation was conducted across
all documents for each unique (OCR engine + preprocessing
method) configuration. The resulting accuracy scores were
then analyzed to identify performance patterns and rank
the combinations according to their effectiveness in reliable
date extraction. In addition to overall accuracy, qualitative
observations regarding systematic failure cases—such as com-
mon misread characters, formatting inconsistencies, or model-
specific artifacts—were documented to support deeper insights
into the limitations and sensitivities of each approach.

IV. RESULTS AND DISCUSSION

The evaluations and discussions about the results of the
study are as follows.

A. Performance Comparison Across OCR Engines

The results demonstrate considerable variation in perfor-
mance among the three evaluated OCR engines. The output of
all model+preprocessing combinations is in Table 1. SuryaOCR
yielded the highest overall accuracy, reaching 0.661 when
applied to raw document images. EasyOCR followed with a
maximum of 0.533, while Pytesseract remained below 0.37
across all configurations.

These differences can be attributed to the architectural
choices and modeling paradigms employed by each engine.
SuryaOCR is based on recent transformer vision architectures,
such as EfficientViT and Donut, both of which are optimized
for visually structured documents and capable of capturing long-
range spatial dependencies. These models have been shown to
perform well even when textual information is embedded in
dense layouts or accompanied by background noise.

EasyOCR, in contrast, utilizes a convolutional neural net-
work for visual feature extraction, followed by a recurrent
LSTM layer for sequence modeling, and a CTC decoder for
transcribing sequences. While this approach is well-suited to
natural scene text and moderately structured inputs, it may be
more sensitive to the kinds of layout variation and dense text
regions observed in certain administrative documents.

Pytesseract, which serves as a Python wrapper for the classi-
cal Tesseract OCR engine, does not rely on deep learning-based
visual reasoning. Instead, it applies rule-based heuristics and
pattern matching for layout detection and character recognition.
While effective in clearly scanned and uniformly formatted
documents, its limitations become apparent under inconsistent
lighting, noise, or structural distortion. Its comparatively low
performance across all preprocessing techniques likely stems
from this lack of adaptive learning mechanisms.

Overall, the superior performance of SuryaOCR suggests
that modern vision transformers provide a robust foundation
for text extraction tasks where document formatting is dense
but consistent, as in the case of many official forms.
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TABLE I
ACCURACY OF OCR MODELS WITH DIFFERENT PREPROCESSING

TECHNIQUES

Model + Preprocessing Accuracy
SuryaOCR

Raw 0.661
Grayscale 0.644
Sharpening 0.619
Denoise 0.606
Contrast 0.558
Deskewing 0.528
Otsu 0.431
Morphological 0.424
Binary 0.424
Adaptive 0.253

EasyOCR
Raw 0.533
Grayscale 0.518
Sharpening 0.510
Contrast 0.479
Deskewing 0.442
Otsu 0.343
Binary 0.343
Morphological 0.343
Denoise 0.377
Adaptive 0.132

Pytesseract
Raw 0.365
Grayscale 0.348
Sharpening 0.328
Contrast 0.317
Deskewing 0.312
Denoise 0.307
Otsu 0.283
Binary 0.274
Morphological 0.274
Adaptive 0.066

B. Impact of Preprocessing

The influence of image preprocessing was found to be
mixed and often detrimental. For all three OCR engines, raw
images consistently resulted in better performance than their
preprocessed counterparts. In SuryaOCR, grayscale and sharp-
ening filters yielded only marginal drops in accuracy, while
other operations, such as adaptive thresholding, morphological
transformations, and deskewing led to substantial degradation
in recognition quality.

This trend was even more pronounced in EasyOCR and
Pytesseract, where most preprocessing techniques reduced
accuracy significantly. Adaptive thresholding, for instance,
decreased EasyOCR’s performance to as low as 0.132, and even
further in Pytesseract. These findings indicate that for structured
and high-quality printed documents, preprocessing may distort
textual features rather than enhance them, potentially disrupting
the models’ learned representations or rule-based heuristics.

It is likely that the preprocessing operations, particularly
those designed for low-quality or noisy inputs, interfere with
the sharp edges and uniform backgrounds typically found
in scanned or photographed administrative forms. Therefore,
the assumption that preprocessing universally improves OCR
quality does not hold in this context, where the majority
of documents are already visually clean and consistently
formatted.

C. Error Analysis

A manual inspection of incorrect predictions revealed several
common sources of error. In some cases, the OCR engine
partially recognized the date field, extracting only the day and
month, or misinterpreted the format due to spacing or font
irregularities. In others, the algorithm erroneously selected
unrelated date fields, such as print dates or issuance dates,
rather than the intended expiry date. This issue was particularly
evident in documents containing multiple date fields in similar
visual prominence.

Additionally, the dataset consisted of 1000 randomly selected
document images, which were acquired through a mix of
scanning and mobile photography. Consequently, some samples
exhibited poor visual quality due to factors, such as motion
blur, shadow artifacts, low resolution, or uneven lighting. In
several instances, the actual expiry date was illegible to both
the OCR engine and human annotators, especially in heavily
degraded or partially occluded regions of the document. These
visual defects likely contributed to both false positives and
false negatives.

Another noteworthy factor is the diversity of document
types included in the dataset, such as identity cards, driver’s
licenses, insurance forms, and inspection reports. Each category
possesses distinct structural patterns, font styles, and positional
layouts of the expiry date. This heterogeneity may have
introduced further complexity to the task, particularly for OCR
engines that lack document-type-specific tuning. For example,
dates on vehicle inspection reports are typically handwritten
or stamped, whereas those on ID cards are printed in machine-
readable zones, requiring different recognition strategies.

Together, these sources of error highlight the need for
document-aware post-processing techniques, including context-
driven date selection, region-of-interest filtering, or the inte-
gration of layout prediction models to disambiguate visually
similar fields.

D. Limitations and Observations

The evaluation was conducted on a diverse and realistic
corpus of administrative documents. However, several limi-
tations must be acknowledged. Firstly, the ground truth for
each document included only a single expiry date, whereas
documents often contain multiple dates, any of which could
be visually or semantically plausible. This binary evaluation
framework may have underestimated the practical utility of
certain OCR outputs that extracted valid but unintended date
fields.

Secondly, while various preprocessing techniques were
systematically tested, the choice of parameters, such as kernel
sizes or contrast factors, was kept fixed across documents. A
more adaptive preprocessing pipeline might yield improved
results, particularly if guided by document layout classification
or confidence estimation.

Finally, the evaluation focused solely on matching extracted
date strings with ground truth labels, without incorporating
additional semantic validation or natural language context.
Future extensions could explore hybrid models that combine
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OCR with named entity recognition or multimodal transformers
trained to reason over both visual and textual cues.

These limitations notwithstanding, the results provide useful
insights into the practical performance boundaries of common
OCR frameworks and preprocessing strategies when applied
to real-world administrative records.

V. CONCLUSION AND FUTURE WORK

This study investigated the effectiveness of various OCR
engines and image preprocessing techniques in extracting the
expiry date from structured administrative documents, such as
insurance certificates, identification cards, vehicle inspection
reports, and similar official records. The proposed system
demonstrated a significant automation potential, achieving up
to 66.1

Among the evaluated models, transformer-based SuryaOCR
exhibited superior performance, particularly when used on
raw document images. Contrary to common expectations,
most preprocessing operations, such as thresholding, noise
reduction, and morphological filtering led to diminished ac-
curacy. These findings suggest that for visually clean and
structured documents, aggressive preprocessing may disrupt
rather than enhance text recognizability. This insight can inform
future system designs by reducing unnecessary computational
overhead related to image enhancement stages.

Despite promising results, several avenues for improvement
remain. First, model accuracy may be further increased through
task-specific fine-tuning of OCR engines using domain-relevant
training data. Especially in cases where expiry dates follow
predictable patterns in fixed regions of the document, integrat-
ing visual layout modeling or region-based text filtering could
improve both precision and recall. Moreover, hybrid approaches
that combine rule-based post-processing with semantic filtering
(e.g., recognizing keywords, such as “Valid Until”) may aid in
disambiguating among multiple date fields.

Handling exceptional cases also remains a critical con-
sideration. In particular, documents that are uploaded incor-
rectly—either by being outside the supported set of document
types or by omitting the required expiry date field—can lead
to failed or misleading outputs. To address this, a document
classification step could be introduced prior to OCR processing
to ensure compatibility. Furthermore, if no valid date is detected,
the system can be configured to trigger a fallback workflow,
such as alerting human reviewers or requesting resubmission.
Confidence scoring and anomaly detection methods may also
be leveraged to flag uncertain predictions, reducing the risk of
silent failure in high-stakes applications.

Due to the scope of this study, the types of documents used
were limited, and the validity dates could be identified using
regular expression patterns. In future work, we plan to expand
the dataset to include a broader range of document types and
languages, and to evaluate the inclusion of layout-aware deep
learning models. Furthermore, we aim to enhance the system’s
intelligence by enabling it to recognize the specific type
of each document. Additionally, integrating Large Language
Models (LLMs) or vision transformer models for semantic

validation and context-based extraction of date fields represents
a promising direction for improving robustness in real-world
deployments.
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Abstract— Industry 4.0 offers a set of methods, techniques, 

tools, and technologies that are naturally relevant for the 

development of services in the airports of the future. 

Integrating these different concepts into an airport is not 

without its challenges, given the complexity of the systems in 

place. Modelling and simulation phases have therefore become 

essential to ensure the success of these integrations. In this 

paper, we presented a case study involving the simulation of 

autonomous vehicle fleets for baggage handling in a simplified 

airport, in which each vehicle is simulated by a fuzzy agent. 

We established a Unified Modeling Language (UML) model of 

the system, providing both static and dynamic views of the 

circuit and the vehicles. Three different strategies were tested, 

with the goal of determining the number of Autonomous 

Industrial Vehicles (AIV) that should circulate to handle the 

baggage arriving at the two entry points. Then, we presented 

our simulation results. These results allowed us to highlight the 

impact of various parameters, such as the number of 

simulations, the number of bags processed, the total simulation 

duration, and the total number of bags processed per hour. 

Keywords- automatic baggage handling; autonomous 

industrial vehicles; fuzzy agent-based simulation; airport 4.0. 

I.  INTRODUCTION 

Industry 4.0 is the fourth industrial revolution after the 
invention of the steam engine, mechanization and mass 
production, computerization and robotization. It brings the 
concepts of the Internet of Things (IoT), Cyber-Physical 
Systems (CPS), Machine to Machine (M2M), and intelligent 
robotics, such as Autonomous Mobile Robots (AMR) or 
Autonomous Industrial Vehicles (AIV) [1]. Industry 4.0 
assumes decentralized decision-making, interoperability, 
cyber assistance, predictive maintenance, eco-design and is 
user centred [2]. Industry 5.0 has complemented the previous 
one by amplifying the consideration of humans with Human 
machine connectivity and co-existence [3][4]. 

The deployment of fleets of autonomous vehicles (AMRs 
or AIVs) in the context of Airport 4.0 raises several 

challenges, all related to the actual level of autonomy of 
these "intelligent" vehicles: decision-making to maintain a 
required level of performance in carrying out tasks, traffic 
flow, vehicle localization, fault detection, collision 
avoidance, vehicle perception in changing environments, as 
well as acceptance by users and operators. Simulation, prior 
to the deployment of autonomous vehicles, makes it possible 
to consider the various constraints and requirements 
formulated by manufacturers and future airport users [5]. 

The main advantages of simulating the operations carried 
out by a fleet of autonomous industrial vehicles are the 
reduction of fleet development time and cost, the 
minimization of potential operational risks associated with 
the deployment of vehicles in a space shared with humans, 
but also the verification of fleet performance. This makes it 
possible to assess the feasibility of different scenarios for the 
circulation of autonomous vehicles at a strategic or 
operational level, the possibility of a rapid understanding of 
the operations carried out by these vehicles, the identification 
of improvements in the layout configurations of vehicle 
circulation areas [6], and safety assessment during 
coexistence and possible interactions between autonomous 
vehicles and human operators [7]. 

An autonomous baggage handling system is a complex 
and highly adaptive transportation system. So, different types 
of simulation frameworks and environments have been 
proposed for simulating complex systems involving 
autonomous vehicles (AMRs or AIVs), such as discrete 
event systems [8] or agent-based systems [9]. 

Many agent-based approaches are proposed for the 
modelling and simulation of autonomous vehicles [10]. They 
offer simulation contexts ranging from trajectory planning to 
optimal task allocation, while enabling collision and obstacle 
avoidance [11], addressing issues of traffic congestion, 
parking requirements, environmental implications or even 
the performance of autonomous vehicle systems [12]. 

One of the main problems of complex systems, such as 
automatic baggage handling systems in airports, results from 

52Copyright (c) IARIA, 2025.     ISBN:  978-1-68558-303-3

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

AISyS 2025 : The Second International Conference on AI-based Systems and Services

                            59 / 72



the acquired or transmitted data, which may be uncertain, 
insufficient or available in a fragmented manner due to the 
dynamics of the environments and the variation of 
acquisition times. Fuzzy logic then appears as a good 
solution to model and simulate the uncertainty and the 
unknown in these complex and adaptive systems [13][14]. 

In [15][16], Zadeh defines fuzzy logic and the notion of 
fuzzy sets, introducing the notion of linguistic variables 
whose values are generally vague, fuzzy, or relative, such as 
“low”, “medium”, “high”, “most”, or “a certain number”. By 
defining these linguistic variables (fuzzy sets), as well as 
rules using them (fuzzy rules), it is then possible to build 
Fuzzy Inference Systems (FIS). 

Fuzzy set theory is therefore particularly suited to the 
processing of uncertain or imprecise information that should 
lead to decision-making by autonomous agents [17]. Also, 
the definition of fuzzy agents to manage the levels of 
imprecision and uncertainty involved in modelling the 
behaviour of simulated vehicles seems quite appropriate 
[18]. 

Fuzzy agents can track the evolution of fuzzy 
information from their environment and from the agents 
themselves. By interpreting this fuzzy information, they can 
act and interact within a fuzzy multi-agent system. Thus, a 
fuzzy agent can discriminate a fuzzy interaction value to 
assess its degree of affinity (or interest) with another fuzzy 
agent. 

Moreover, most of the control tasks performed by 
autonomous mobile robots (simulated by agents or real) have 
been the subject of performance improvement studies using 
fuzzy logic: motion planning, navigation and obstacle 
avoidance [19]; path planning [20], localization [21], and 
intelligent management of energy consumption [22]. 

We believe it is useful to provide here some details about 
the research context that led to this publication. The 
academic collaboration between the authors, focusing on the 
dual theme of fuzzy logic and autonomous industrial 
vehicles, played an important role in the development of this 
article by combining expertise from each respective field. In 
addition, the industrial collaboration within the framework of 
the multi-partner collaborative project named ALPHA also 
had a significant place in this same research context. Thus, 
we find it important to share the following information 
regarding this second aspect: 1) the ALPHA project brought 
together a four-party consortium, including two industrial 
partners and two research laboratories; 2) the aim of the 
project was to identify and validate a mobile robotics 
solution for the transportation of unit baggage in airports; 
and 3) the ALPHA project focused particularly on two key 
challenges: on the one hand, optimizing an AGV fleet based 
on minimal energy consumption; on the other hand, 
minimizing the complexity of the robotic solution under the 
constraint of a large number of AGVs. 

In this article, we start by presenting the context of fuzzy 
agent-based modelling and simulation. In Section 3, we 
propose a case study on simulation of autonomous vehicle 
fleets for baggage handling in a sample airport. Three 
strategies are presented with three different data sets. In 
Section 4, we analyse the results obtained by each of the 

strategies according to the performance criteria defined in the 
previous Section. Finally, we conclude on the proposed 
fuzzy agent-based modelling and simulation, and then we 
present the perspectives for improvement in the short term. 

II. FUZZY AGENT-BASED MODELLING AND SIMULATION 

We indicated in the introductory section that many agent-
based approaches are proposed for the modelling and 
simulation of complex systems, such as autonomous 
vehicles. We further assume that, equipped with reasoning 
and decision-making capabilities based on fuzzy knowledge, 
agents could simulate more complex, but also more realistic, 
situations. 

A. Fuzzy agent-based application modelling 

The modelling of an agent-based system or application, 
often discussed from a process or methodological point of 
view [23], requires adopting a local vision, to respect the fact 
that each agent is responsible for their knowledge and 
actions (agent autonomy), which are often decentralized. 

Different models can be used to propose a methodology 
for designing an agent-based application, including: an agent 
model, to define the characteristics of an agent; a task model, 
to represent the tasks that can be performed by agents; an 
expertise model, to describe the knowledge of agents; a 
coordination model, to define the protocols and interactions 
between agents; an organization model, to describe the 
organization of the agent society; or a communication model, 
to describe the interactions between agents and users. Our 
agent modelling work mainly refers to the Agent Unified 
Modeling Language (AUML) [24]. 

In [25], we proposed a four-phase agent-based system 
modelling method (Figure 1): (1) create use case diagrams 
(the services provided by the system); (2) for each use case, 
create sequence diagrams specifying the interactions 
(message exchanges and scheduling) between the agents 
involved in these reference cases; (3) from the sequence 
diagrams, which allowed us to identify the agents, the system 
objects and their interactions, create the class diagram: the 
objects are associated with classes, the messages exchanged 
(service requests between objects) are translated by 
operations on the classes, the parameters associated with the 
operations are translated into class attributes – this diagram 
can possibly be completed by a collaboration diagram; (4) 
from the class diagram, define the behaviour of each agent 
(agent class) by means of a state or activity diagram (we also 
used Petri nets). The description of the roles played by the 
different cooperative agents mainly focuses on collaboration 
and sequence diagrams. We subsequently integrated an 
expertise model into the previous method, particularly in the 
form of knowledge and fuzzy inference rules [26]. 

We are now testing the integration of learning 
capabilities into fuzzy agents in the form of a basic but 
generic neural network or reinforcement learning processes. 
This is to give agents the ability to better adapt in unforeseen 
situations during their modelling, and to adjust their fuzzy 
knowledge when extracting it from human experts is difficult 
or problematic (uncertain knowledge or approximate fuzzy 
modelling). 
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Figure 1. Agent-based system design: methodology adapted from AUML 

B. Fuzzy agent modelling 

An agent-based system is fuzzy if some of the agents that 
compose it have fuzzy behaviours or if the knowledge they 
use is fuzzy. This means that agents are modelled in such a 
way as to [18]: 

• use fuzzy knowledge in their inferences; this 
knowledge consists of fuzzy linguistic variables, 
fuzzy linguistic values, and fuzzy rules [17]; 

• adopt fuzzy behaviours, following fuzzy inferences 
[27]; 

• and potentially implement fuzzy interactions, act in 
fuzzy organizations, or play fuzzy roles [28]. 

Formally, a fuzzy agent-based system (1) and the fuzzy 
agents that compose it (2) can be defined as follows: 

 =  

~
,

~
,

~
,

~~
 () 

Where 
~

 is a set of fuzzy agents; 
~

 is a set of fuzzy 

interactions between fuzzy agents; 
~

 is a set of fuzzy roles 

that fuzzy agents can perform; 
~

 is a set of fuzzy 

organizations defined for fuzzy agents (subsets of strongly 

linked fuzzy agents). 
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Where, for a fuzzy agent i
~ , )~( i  is its function of 

observation; )~( i  is its function of decision; )~( i  is its 

function of action; and 
i

~  is its set of fuzzy knowledge. 

In the following case study, we will mainly develop 
fuzzy knowledge modelling. For the interested reader, we 
have extensively developed fuzzy modelling of other 
dimensions in the following articles [26][27][28][29]. 

III. CASE STUDY: SIMULATION OF AUTONOMOUS VEHICLE 

FLEETS FOR BAGGAGE HANDLING 

In this section, we present a case study of a baggage 
handling system in an airport using a fleet of autonomous 
vehicles. We will successively propose the agent model of 
vehicle behaviour, the fuzzy logic modelling of their 
decision rules, and three baggage handling strategies to 
discuss the performance obtained in the following section. 

A. Presentation of the case study 

The case study presented in this paper proposes the 

simulation of baggage handling in a basic airport with two 

baggage entry flows and two baggage exit flows. The 

mobile robots (AIV) in charge of baggage handling travel a 

loop circuit shown in Figure 2.a. The AIVs are simulated by 

fuzzy agents, and the airport circuit is represented by a 

directed graph. This graph has 17 nodes (Figure 2.b): node 

P0 represents the parking lot, nodes R1 and R2 represent the 

2 baggage pick-up points, nodes D1 and D2 represent the 2 

baggage drop-off points, and the other 12 nodes Pi represent 

characteristic points of the circuit (curve start points, curve 

end points, convergence points and divergence points). 

 

 
Figure 2. Simulation Application: a) the circuit, and b) the graph model 

The application itself is developed in Python. Figure 3 

presents its object and agent architecture in the form of a 

UML class diagram: static objects are represented in blue, 

and agents, therefore dynamic, are represented in red (only 

AIV agents are fuzzy agents). An infrastructure can be 

deployed in this environment. It includes a traffic plan and 

potentially active elements, such as beacons, tags, charging 

stations, etc. Static or dynamic obstacles (e.g., operators or 

broken-down AIVs) can also be activated in this simulation 

environment. 
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To study the performance of the solutions considered in 

this simulation, we defined the optimization system 

presented below (3): the objectives are to Minimize 𝑥, 

Maximize 𝑦, and Minimize 𝑧, where 𝑥 is the number of 

AIVs, 𝑦 is the baggage throughput per hour, and z is the 

recharge time of an AIV per hour (in ideal conditions where 

an AIV picks up one baggage each turn, a level of 

performance that we will analyse in the case study presented 

in Section 3, based on strategies deployed by the AIVs). 

 

Where 𝑀𝑎𝑥(𝑥) is the maximum number of AIVs; 𝐿avg is 
the average length of the circuit; 𝑑 is the safety distance 
between 2 AIVs; Cbat is the average capacity of a battery; t0 is 
the average charging time of a battery; t1 is the average 
waiting time for a battery recharge; T0 average duration of a 
circuit lap; t2 is the time to pick up a bag; t3 is the time to 
drop off a bag; Tavg is the average number of revolutions 
made by an AIV during one hour; and vavg is the average 
speed of the AIVs on the circuit. 

 

 
Figure 3. UML class-diagram of the fuzzy-agent based simulator. 

An initial study focused on the sizing of the problem 

(traffic plan, number of AIVs, determination of applicable 

speeds, distances between AIVs, energy consumption of 

these AIVs, etc.) [5], followed by a Petri nets-based 

simulation of the AIV behaviour in function of strategies of 

baggage handling developed (Figure 4), allowed us to set 

the following parameters: 𝑀𝑎𝑥(𝑥)=40, 𝐿avg=313, vavg=5, 

d=8, t2=t3=2, and z  10% of the AIVs operating time if t1 

is zero. 
 

 
Figure 4. Petri net model of the circuit in Figure 2.a. It allows us to simulate 

a solution, while verifying that it retains the properties of liveness (non-
blocking) and bounding of quantitative parameters such as the number of 

AGVs. The transitions in red indicate the possible evolution of the Petri net. 

B. AIV behaviour and their fuzzy knowledge 

As defined in the agent-based systems design 
methodology, one of the steps is to model the behaviour of 
the agents in the form of an activity or state diagram. The 
AIV agents in the simulation will have a behaviour adapted 
to the strategy implemented to process the baggage. Thus, 
Figure 5 presents the activity diagram of an AIV agent when 
it circulates according to the Round robin strategy 
(continuous looping if there is baggage to process). 

 

 
Figure 5. AIV behaviour based on “Round robin” strategy 

AIVs are fuzzy agents that therefore have fuzzy 
knowledge. In this simulation, 2 types of fuzzy inferences 
are considered: the prediction of the number of AIVs that 
must circulate to process baggage, and the determination of 
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the branch to choose to take a baggage (passage through R1 
or R2). 

For prediction, AIV agents have 3 linguistic variables 
(NbBag, NbAIV, Prediction, as shown in Figure 6) and 9 
rules, such as (4): 

IF NbBag IS low AND NbAIV IS high                     
THEN Prediction IS highDecrease (4) 

As for the choice of branch R1 or branch R2, the AIVs 
have 5 linguistic variables (NbBagInR1, NbBagInR2, 
NbAIVToR1, NbAIVToR2, GoTo, as shown in Figure 7) and 
18 rules, such as (5):  

IF NbBagInR1 IS low AND NbAIVToR1 IS high    
THEN GoTo IS R2 (5) 

 
Figure 6. Linguistic variables to predict whether an AIV should circulate. 

C. The three considered strategies  

The goal here is to determine the number of AIVs that 
must circulate to process baggage arriving at both entry 
points. Three distinct strategies were simulated to test them 
and establish their performance on the system: 

• Round robin. AIVs rotate around the circuit and 
pick up a bag if one is available on R1 or R2, 
depending on their route. 

• On-demand. AIVs are assigned when baggage 
arrives and is available in the parking lot. 

• Fuzzy logic-based demand prediction. The number 
of AIVs rotating around the circuit is calculated 
periodically based on predicted needs using fuzzy 
rules established by the operator. Other types of 
predictive strategies could be used, but as we have 
already shown the interest of fuzzy logic to 
efficiently solve this type of problem [30], we 
decided to develop this approach in this comparison 
of strategies. 

Baggage arrival is a determining factor in the observable 
results for the three previous strategies. We have therefore 
defined different types of scenarios to cover many cases. 
Below we present the three main scenarios (without their 
variants): 

• Sc1 – Real data. Baggage arrival is simulated based 
on aircraft arrivals at a sample airport, to better 
account for the variability of incoming baggage flow 
(high demand periods and low demand periods). 
These data cover a full day's traffic at the sample 
airport. 

 

 
Figure 7. Linguistic variables for an AIV to choose one of the 2 branches. 

• Sc2 – Random Data. Baggage arrival is randomly 
simulated over a period of one hour. Random data 
generation is performed upstream to create a single 
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data set. This data set is then used to test the three 
strategies. 

• Sc3 – Mass data. 1000 bags arrive continuously at 
the 2 entrances of the circuit. This involves 
performing a stress test for each strategy, regardless 
of the quality of each strategy’s performance (e.g., a 
baggage waiting time threshold). 

IV. RESULTS 

Now, we present the results of the 9 simulations carried 

out according to the specifications formulated in the 

previous Section (3 scenarios x 3 strategies). The five 

performance criteria retained, with regard to the 

optimization system presented in (3), are: the duration of the 

simulation (i.e., the duration of processing of all baggage 

entering the simulated scenario), the number of baggage 

processed, the number of baggage processed per hour 

(throughput per hour), the number of circuit turns made by 

the AIVs to process all baggage, the average waiting time 

for baggage before being taken by an AIV, and the 

performance impact of AIV recharge times is estimated at 

10% of AIV circulation time. 

We will detail the results for each of the 6 criteria, then 

we will present the synthesis of these simulations. 

Results regarding total simulation duration (Table 1). 

With the exception of the 1h scenario in random baggage 

flow, the Round robin strategy always has the longest 

duration, the On-demand and FL Prediction strategies are 

more variable, with a shorter duration for On-demand when 

the baggage flow is continuous (test Mass data), and a lower 

duration for FL Prediction when the flow is more variable 

(flow depending on the arrival of aircraft at test Real data). 

Both FL Prediction and On-demand strategies optimize the 

processing time by activating AIVs when baggage arrives 

by determining the right traffic branches, which is not the 

case for AIVs in the Round robin strategy. 

Results regarding the total number of bags processed 

(Table 2). Two of the scenarios have a fixed number of bags 

(the test airport called Real data with a fixed number of bags 

of 1306, and the Mass data scenario with 1000 continuous 

bags); for the third scenario, with a random flow over 1 

hour, the On-demand strategy is the least efficient (1864 

bags), then the LF Prediction strategy (1956 bags), finally 

the most efficient is the Round robin strategy (2015 bags). 

On this criterion, the Round robin strategy is overall the 

most satisfactory, it is also on this criterion that it has its 

main advantage. 

Results regarding the overall throughput of the 3 

strategies (Table 3). The two strategies of Round robin and 

On-Demand have the worst overall results. In continuous 

and variable flows, the Round robin strategy performs 

poorly (respectively 1578 and 1713 bags/h). On the other 

hand, in random flow over 1 hour, the On-demand strategy 

performs the least (1864 bags/h). The average and overall 

flow rate is unquestionably the best with the Prediction 

strategy (1807 bags/h on average over the 3 scenarios). 

Results regarding the total number of turns made by 

the AIVs (Table 4). For this criterion, the Round robin 

strategy is systematically the least efficient, and this 

significantly. 1664 rounds on average over the 3 scenarios 

for the Round robin strategy, against 1526 rounds on 

average for the FL Prediction strategy and 1390 rounds on 

average for the On-demand strategy. The average and 

overall number of AIV rounds is undoubtedly the best with 

the On-demand strategy (1390 rounds on average over the 3 

scenarios); the allocation of an arriving bag to an AIV is 

indeed very efficient. For the FL Prediction strategy, the 

average results remain satisfactory (1526 rounds on average 

over the 3 scenarios), while those of the Round robin 

strategy are rather mediocre (1664 rounds on average over 

the 3 scenarios). 

Results regarding the average waiting time for bags 

before being processed by an AIV (Table 5). For this 

criterion, the Round robin strategy is twice the least efficient 

(for the one-hour random flow and for the variable flow of 

the Real data test), and the On-demand strategy is the least 

efficient for the continuous flow of 1000 bags. The On-

demand strategy gives very satisfactory results on average 

for the 3 scenarios (22 s average wait for a bag), and the FL 

Prediction strategy also gives satisfactory performances for 

the three scenarios (23 s average wait for a bag). 

Results regarding the performance impact of AIV 

recharge times (Table 6). The AIVs run the same algorithm 

to determine whether they should recharge at a charging 

station located in the parking lot. The principles of the 

algorithm are as follows: 4 stations (corresponding to 10% 

of the 40 AIVs), recharge every 10 laps of the circuit (every 

10 x 66s = 660s, on average), recharge if possible, when the 

AIVs are in the parking lot and recharge all the AIVs at the 

end of the simulation. Table 6 gives the results for a 

simulation with scenario 2 (one-hour simulation in random 

mode): number of recharges, total recharge time, and total 

duration of the simulation (3600s + final recharge for the 

AIVs to be fully charged again). The results provided by the 

on-demand strategy are the best, although at the cost of 

many recharges (when the AIVs return to the parking lot). 

The FL Prediction strategy offers a good compromise with 

interesting results that can be further improved by adjusting 

the values of the linguistic variables used in the fuzzy rules. 

 

TABLE I.  SIMULATION DURATION FOR THE 3 STRATEGIES (S) 

Scenarios Real data Random data Mass data 

Round robin 2744 3600 2280 

On-demand 2686 3600 2196 

FL prediction 2515 3600 2252 
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TABLE II.  NUMBER OF BAGS PROCESSED BY THE 3 STRATEGIES 

Scenarios Real data Random data Mass data 

Round robin 1306 2015 1000 

On-demand 1306 1864 1000 

FL prediction 1306 1956 1000 

TABLE III.  FLOW RATE OF THE THREE STRATEGIES (bags/h) 

Scenarios Real data Random data Mass data 

Round robin 1713 2015 1578 

On-demand 1750 1864 1639 

FL prediction 1868 1956 1597 

TABLE IV.  NUMBER OF TURNS COMPLETED BY THE AIVS 

Scenarios Real data Random data Mass data 

Round robin 1622 2074 1298 

On-demand 1306 1864 1000 

FL prediction 1376 2021 1182 

TABLE V.  AVERAGE WAITING TIME PER BAG BEFORE (S) 

Scenarios Real data Random data Mass data 

Round robin 41 57 14 

On-demand 26 21 20 

FL prediction 29 22 19 

TABLE VI.  IMPACT OF THE RECHARGING OF AIV BATTERIES 

Scenarios 
Number of 

recharges 

Total duration 

of recharges 

Total duration 

of simulation 

Round robin 195 11760 3823 

On-demand 622 9810 3683 

FL prediction 198 11658 3793 

 
Finally, we can discuss the benefits of using the 

communication capabilities of AIV agents. Indeed, adding 
communication between the AIVs and the infrastructure 
improves the performance of the Round Robin strategy (2% 
higher throughput and up to 11% fewer rounds for the 
AIVs). This communication also improves the results of the 
algorithm that determines whether an AIV needs to recharge. 
Indeed, by passing near the parking lot where the charging 
stations are located, the infrastructure can communicate to 
the AIV if one of the 4 stations is available. This information 

allows the AIVs to avoid waiting, especially to maintain a 
good level of baggage processing performance during 
periods of dense and continuous flow. 

V. CONCLUSION AND PERSPECTIVES 

In this article, we presented the context of fuzzy agent-
based modelling and simulation. We introduced the general 
framework for modelling fuzzy agent-based applications, 
highlighting the fact that in such systems, each agent is 
responsible for its own knowledge and actions, which makes 
it an autonomous entity within the system. 

It is important to note that the modelling of fuzzy agents 
is based on the fuzzy nature of knowledge, behaviours, and 
interactions. 

We presented a case study involving the simulation of 
autonomous vehicle fleets for baggage handling in a 
simplified airport, in which each vehicle is simulated by a 
fuzzy agent. This simplification allows us to establish a 
baseline configuration to which we can add more complex 
and dynamic situations encountered in real airports, such as 
the introduction of baggage checkpoints requiring baggage 
drop-off and pick-up by the same or a different AIV. 

We established a UML model of the automatic baggage 
handling system, providing both static and dynamic views of 
the circuit and the vehicles. Three different strategies were 
tested, with the goal of determining the number of AIVs that 
should circulate to handle the baggage arriving at the two 
entry points. 

Finally, we presented our simulation results. These 
results allowed us to highlight the impact of various 
parameters, such as the number of simulations, the number 
of bags processed, the total simulation duration, and the total 
number of bags processed per hour. 

We plan to continue improving the performance of fuzzy 
models in simulations of AIV agent behaviour for 
autonomous baggage handling in airports. This may consist 
of adding neural network-based learning capabilities 
[31][32], to increase the relevance and efficiency of their 
decisions in the collective management of their autonomies 
and in compliance with the performance expected by airport 
operators. 

Another extension of our research consists of continuing 
work started recently, still in a simulation approach, on the 
incorporation of human-robot coworking aspects to maintain 
system performance, simulate the management of incidents 
occurring on the circuit or other types of problems difficult 
to solve for AIVs alone, and thus improve practical 
credibility for Airport 4.0 stakeholders. 
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Abstract – Artificial Neural Networks (ANNs or NNs) are used 
in Deep Learning (DL), a subset of Machine Learning (ML). 
And yet, especially to novices or infrequent users, ANNs can 
seem abstract and mathematical, and not readily accessible and 
understandable. Furthermore, a model’s configuration and 
output results may not be comprehensible and obvious. To make 
ANN models more accessible and support comprehension and 
analysis even for large models, this paper contributes our VR-
ANN solution concept for immersive ANN visualization in 
Virtual Reality (VR). Its feasibility is demonstrated with a 
prototype, while a case-based evaluation provides insights into 
its capabilities and potential for supporting ANN model 
building, comprehension, analysis, and collaboration. 

Keywords – artificial neural networks; visualization; virtual 
reality; deep learning; machine learning. 

I.  INTRODUCTION 
Machine Learning (ML) is a subset of Artificial 

Intelligence (AI) that focuses on having machines learn from 
data, improving their performance over time without 
reprogramming [1]. A learning algorithm can optimize its 
model’s parameters to improve its performance, which can 
improve pattern detection, predictions, decisions, etc. Various 
models can be applied in the area of ML. Artificial NNs 
(ANNs), referred to as just Neural Networks (NNs) in this 
paper, are inspired by biological NNs and consist of nodes 
(referred to as artificial neurons) connected via weighted links 
or edges (i.e., synapses), with other nodes and are aggregated 
into layers. Numbers are used to represent signals, while a 
node’s activation function determines a neuron’s output based 
on its inputs and their associated link weights. Between the 
input and output layer are intermediate (hidden) layers. Dense 
layers are fully-connected to the preceding layer. Dropout 
layers address overfitting by randomly setting a fraction of the 
input units to that layer to 0 during training. Hidden layers are 
any that are neither input nor output layers. Deep Learning 
(DL) is a branch of ML utilizing deep NNs having multiple 
hidden layers. Convolutional Neural Networks (CNNs) are a 
type of DL network especially relevant for image processing. 
Feedforward NNs (FNNs) are a type of NN where all neurons 
are fully connected to the next layer with unidirectional 
information flow. Recurrent NNs (RNNs) are a type of NN for 
processing sequential data where its order matters.  

Visualization of NN models can support comprehension, 
analysis, and learning, and while various tools support 2D, 
there has been relatively little investigation into the potential 
offered by Virtual Reality (VR). To address a comprehensive 

visualization of NN models, this paper proposes and 
investigates an immersive VR experience. In prior work, we 
investigated the application of VR to various other areas. A 
selection of our prior VR-related contributions include: in the 
Software Engineering (SE) space, VR-SDLC [2] models 
development lifecycles, VR-Git [3] models Git repositories, 
VR-DevOps [4] models Continuous Development pipelines, 
VR-SBOM [5] models Software Bill of Materials (SBOM) 
and software supply chains, and VR-EA+TCK [6] and VR-
EvoEA+BP [7] exemplify enterprise modeling and business 
processes. This paper contributes a solution concept towards 
immersive visualization of ANNs in VR. A prototype 
demonstrates its feasibility, while a case-based evaluation 
provides insights into its capabilities and potential for 
supporting ANN model building, comprehension, analysis, 
and collaboration. 

The structure of this paper is as follows: the next section 
discusses related work. Section 3 describes our solution. 
Section 4 presents our realization and is followed by our 
evaluation in Section 5. And finally, a conclusion is provided. 

II. RELATED WORK 
In their survey of the application of XR to AI, Hirzle et al. 

[8] screened 2619 publications (2017-2021) and reviewed 311 
in depth. They found only seven papers that applied XR to AI 
problems (2.3%), five of which visualize AI methods for 
immersive analytics, or to improve the understanding of 
neural networks for non-expert users by visualizing them in 
VR (the rest are discussed below). The authors state XR 
“methods are promising to facilitate the interaction with 
neural networks for novices.” The 2025 survey by Yim and 
Su [9] of K-12 learning tools for AI examined 46 papers, but 
and makes no mention any XR/VR tool. The 2021 survey by 
Reiners et al. [10] identified 36 papers that combined XR and 
AI, of which only two were non-domain-specific and related 
to visualizing DL in XR (discussed below). The survey on AI 
in VR by Inkarbekov et al. [11] identified a research gap for 
more user-friendly, intuitive, and adaptable VR tools that can 
accommodate complex and high-dimensional AI models. 
From these surveys we conclude that VR-based visualization 
of AI has not been thoroughly investigated nor readily adopted 
and remains relatively unexplored. 

VR-related NN visualization work includes Bellgardt et al. 
[12], who depict convolutional ANNs in VR as node-link 
diagrams by stacking circular layers for a robotic image 
processing case. InteractML [13] is a node-based tool for 
creative practitioners to train an ML model for movement 
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interactions in VR using real-time gesture demonstrations. 
AIive [14] uses a force-directed graph visualization and 
sonification to enable VR users to manipulate NN parameters 
via virtual hands and auditory feedback. Towards non-experts, 
Meissler et al. [15][16] depict a simplified CNN model in 3D 
in a closed room virtual environment, with information in 2D 
anchored to different areas of the room. Schreiber and Bock 
[17] use the Unreal Engine to display a NN in 3D, whereby 
connections between layers are not visualized. While VR is 
mentioned in the title, there is no mention of VR or immersion 
in the paper, which focuses on 3D. Queck et al. [18] create a 
virtual room in VR with areas providing CNN information. 
VR4DL [19] can train and test CNNs with a focus on 
biomedical image classification; it is not intended to be 
generic for arbitrary CNNs, and is tailored to users with little 
to no knowledge of ML. DeepVisionVR [20] visualizes CNNs 
in VR with a focus on image processing.  

Common 2D NN model visualization tools include 
(TensorFlow) Deep playground, TensorBoard, Netron, 
Comet, and neptune.ai. 

III. SOLUTION CONCEPT 
Our VR-ANN solution concept is shown (in blue) in the 

ML area relative to our other prior VR solutions in our 
conceptual map of Figure 1. Our generalized VR Modeling 
Framework (VR-MF) (detailed in [21]) is the foundation, 
which provides a domain-independent hypermodeling 
framework, which addresses the VR aspects of visualization, 
navigation, interaction, and data integration. Our VR-based 
solutions specific to the Enterprise Architecture (EA) and 
Business Process (BP) space (EA & BP) include: VR-EA [21] 
for mapping EA models to VR, VR-BPMN [22] for BPMN 
models, VR-EAT for enterprise repository integration, VR-
EA+TCK [6] for knowledge and content integration, and VR-
EvoEA+BP [7] for EA evolution and business process 
animation, VR-ProcessMine, and VR-SBOM [5]. Solutions in 
the SE and Systems Engineering (SysE) areas include: VR-
Git [3], VR-GitCity, and VR-GitEvo+CI/CD for git-related 
solutions, VR-DevOps [4], VR-V&V (Verification and 
Validation), VR-TestCoverage, VR-SDLC [2], VR-ISA for 
informed software architectures, and VR-UML and VR-
SysML for software and systems modeling. 

 
Figure 1.  Conceptual map of our various published VR solution concepts 
with VR-ANN highlighted in blue. 

A. Visualization in VR 
To better delimit the context of a NN model in a multi-NN 

VR space, each NN model is visualized within an outlined 3D 
transparent Boundary Box (BB) placed on a hyperplane. This 

enables further additional portfolio of NNs to be visualized 
contemporaneously. Contained within the NN BB are outlined 
transparent 3D BBs, each representing a NN layer, which 
vertically delineates a set of spherical nodes (neurons). Lines 
are used as connectors to indicate which nodes are connected 
between layers. 

B. Navigation in VR 
Dual navigation modes are incorporated in our solution: 

default gliding controls for fly-through VR, while teleporting 
instantly places the camera at a selected position in space.  
While teleporting can be potentially disconcerting, it may 
reduce the likelihood of VR sickness. 

C. Interaction in VR 
User-element interaction is supported primarily through 

VR controllers and the incorporation of a VR-Tablet. The VR-
Tablet provides detailed context-specific element 
information. Various tabs in the VR-Tablet enable support for 
loading, training, executing, or configuring NN models and 
viewing related graphs. Since for our examples no text entry 
and keyboard were required, a virtual keyboard was not 
included. However, our implementation can be readily 
enhanced with a virtual keyboard for text entry using laser 
pointer key selection, as demonstrated in our other VR 
solutions. A small control sphere is placed as an affordance at 
the bottom front corner on the boundary of the hyperplane for 
dragging, collapsing (to reduce visual clutter), or expanding a 
NN BB.  

IV. REALIZATION 
For our prototype realization, the VR visualization aspects 

were implemented using Unity in C#, referred to as our 
frontend, as shown in Figure 2. It connects via a Socket to our 
backend Data Hub, which is based on the hexagonal (or ports-
and-adapters) design pattern and is implemented in Python.  It 
integrates and stores all data via PyMongo to a MongoDB 
database in JSON/BSON format. 

 
Figure 2.  VR-ANN logical architecture. 

NN model support is implemented within the Data Hub in 
Python. The Keras API was used as a high-level DL API 
primarily due to its popularity and flexibility, since it supports 
multiple backends, such as TensorFlow, PyTorch, 
OpenVINO, and JAX (Python library for high-performance 
ML). Initially for prototyping, the Sequential model with 
various layer types placed in sequence is supported, but 
support for additional models can be readily added. 

Data can be imported from or exported to the common 
keras format (.keras extension), which is a zip archive 
containing JSON-based configuration, H5-based state file 
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containing layers and weights, model weights, and metadata. 
Additionally, the CSV file format is supported. Further 
formats can be readily supported via adapters. The models can 
either be pretrained, loaded, and executed in VR (load and 
execute), or can be (re)configured and trained in a VR session 
via our Model Builder support mode. 

To exemplify the internal interaction, a sequence diagram 
for a VR-centric training session is shown in Figure 3. 
Initially, the list of available NN projects is retrieved from the 
Data Hub. If the user creates a new model and starts a training 
session, then the layer data is sent to the Data Hub, the training 
inputs are retrieved, and a model is created and trained via the 
Keras API, training values are logged, and the model is saved 
or exported. The acquired layer data is returned to Unity via 
the socket, and is visualized as a model, which can be further 
analyzed. 

 
Figure 3.  VR-ANN sequence diagram for a VR-centric training session. 

To support VR interaction, we implemented the VR-
Tablet as shown in the bottom right in Figure 4. The tab 
groups Load, Training, Execution, Display options, and 
Graphs are shown, as is the scrollbar. Here, under the selected 
Display options tab, the epoch slider is shown as well as 
options to show or color connections. Also shown in this 
figure, the model layer BBs top side provide layer information 
(number and type) and metrics (number of neurons) and 
containing spheres as neurons evenly spaced along a single 
vertical plane with slots for the next best-fitting square matrix, 
filled from the bottom left (upper right may have empty slots), 
while dropout layers are depicted as an opaque slab. 

Connectors are shown by default in blue; the diameter of the 
lines indicate the relative weighting to the next layer.  

In execution, the most active (top five) routes as nodes and 
connectors are colored (darker to lighter) green. Connectors 
can optionally be colored (iterated list of 32 colors) to more 
easily follow a connector between nodes. 

 
Figure 4.  BBs and VR-Tablet showing tab groups and input options. 

To support Model Builder mode, opaque 3D boxes 
represent layers ordered from left to right, each of which 
offers appropriate options based on type, as shown in Figure 
5. To avoid requiring text input and simplify interaction, the 
default values can be adjusted with plus/minus buttons and 
dropdown lists offer selection options. Layers can be removed 
by an X button at the top right, and new layer types can be 
inserted via the VR-Tablet. The ordering of the layers can be 
adjusted by dragging the boxes. RNN support was not yet 
implemented. All applicable parameters can be selected in the 
VR-Tablet, including epochs, learning rate, optimizer, loss 
function, etc. 

 
Figure 5.  Model Builder for defining and configuring a NN. 

Support for spawning two graph types was implemented: 
a loss graph and an accuracy graph, each of which also offer a 
corner sphere affordance for flexible placement or collapsing. 
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V. EVALUATION 
The evaluation of our VR-ANN solution concept is based 

on the design science method and principles [24], in particular 
a viable artifact, problem relevance, and design evaluation 
(utility, quality, efficacy). A case study is used based on the 
following scenarios: comparison to 2D visualization, build 
and train support, analysis support, and scaling support. 

A. 2D vs. VR-ANN Visualization 
To visually compare a typical NN tool’s 2D visual 

representation of a NN to VR-ANN, an FNN is shown in the 
TensorFlow Playground in Figure 6. The equivalent NN in 
VR-ANN is shown in Figure 7. The VR-ANN model is 
immersively accessible, and can be readily investigated and 
analyzed. Much of the information seen in the 2D playground 
is available in VR by interacting with the VR-Tablet or 
elements (layer, nodes). Given many connections in 2D, we 
contend it to be more straightforward to immersively follow a 
connector in VR separated spatially in 3D space. 

 

 
Figure 6.  Screenshot of a NN model in TensorFlow playground [25]. 

 
Figure 7.  Equivalent NN in VR-ANN containing layers as BBs of 
connected nodes. 

B. Build and Train NN Model Support 
Support for building NNs was shown in Figure 5. Via the 

VR-Tablet, a preconfigured existing model can be loaded, or 
additional layer types flexibly. Once trained, the model   

C. Analysis Support 
To demonstrate analysis support, we utilize an Iris flower 

dataset available on Kaggle [26]. For this, 50 samples each of 
three Iris species (Setosa, Versicolor, Virginica) are classified 
in the output based on four properties: SepalLengthCm, 
SepalWidthCm, PetalLengthCm, PetalWidthCm. After 
building and training, the entire model with all layer types and 
neurons is visualized within a BB as was shown in Figure 7. 
This helps in comprehension of the total number of layers and 
their type, size, and ordering. Metrics are provided on each 

layer BB as seen in the upper right of Figure 8. As shown, the 
connections between neurons can be optionally colored to 
help differentiate them when immersively following a 
connection. 

 
Figure 8.  Colored connections between neurons. 

To support more detailed analysis, selecting a single node 
will cause only connections related to that node to be shown 
and all others to be hidden, as seen in Figure 9. Here, the 
weight values of all the connected input nodes are displayed 
above each input node in the previous layer, metadata about 
the selected node is shown in a panel above that node, such as 
bias and output values, and output connections are visible.  

 
Figure 9.  Node selection shows details related to that node. 

 
Figure 10.  Loss (center) and Accuracy (right) graphs relative to epochs. 
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Beyond the data available in the VR-Tablet, rather than 
just have the graphs in the VR-Tablet, a loss graph and/or 
accuracy graph can be spawned (and moved or collapsed via 
the affordances) and retained with the model context as shown 
in Figure 10. Thus, when multiple similar models or slightly 
different configurations are loaded in VR, one can more 
readily determine the differences.  

The inputs can be adjusted as shown in Figure 11 (left), 
and via the VR-Tablet the model executed. The top 
classification result for this data set can be seen in Figure 11 
(right). After NN execution, the top five most frequent 
activation paths (pathways, routes) are indicated via (darker-
to-lighter) green nodes and connectors as shown in Figure 12.   

  
Figure 11.  Execution on inputs (left) and result in the output layer (right). 

 
Figure 12.  Overall top primary active routes (green nodes and connectors). 

D. Scaling Support 
To demonstrate the scaling ability of VR to support large 

NN models, Figure 13 depicts a mid-sized model that consists 
of ten (8 hidden) layers with 432 neurons counts (4, 100, 50, 
25, 100, 50, 25, 50, 25, dropout, 3). Figure 14 shows a large 
model consisting of 982 neurons across ten (8 hidden) layers 
(4, 100, 200, 25, 100, 200, 100, 50, 200, 3) with the connectors 
colored. Our principle is to initially depict a model’s reality 
with its inherent complexity. However, as shown in the 
analysis case, via immersion, selection of an element of 
interest, display filtering such as turning off connectors, visual 
overload can be addressed. Based on the stakeholder’s interest 
and intentionality, comprehension or issue analysis for large 
models can be supported and stakeholder collaboration 
opportunities with a common immersive model utilized. 

VI. CONCLUSION 
This paper described our VR-ANN contribution, a 

solution concept towards immersive visualization of ANNs in 
VR. Our prototype demonstrates its feasibility. The case-
based evaluation provides insights into its capabilities and 
potential for immersively supporting the comprehension, 
building, configuring, training, and analysis of ANN models 
and related stakeholder collaboration. The scaling case 
showcased its ability to immersively depict large models, 
which could benefit more advanced users when the models 
become much larger than what current 2D models can readily 
display, or when investigating anomalies or issues. Future 

work includes RNN and CNN support, additional framework 
and format support, and a comprehensive empirical study. 
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Figure 13.  Mid-sized model consisting of 8 hidden layers and 432 neurons. 

 
Figure 14.  Large model (8 hidden layers and 982 neurons) with colored connections. 
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