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Message from Dominique Bagnard, Director of ESBS 

The URAI 2025 Symposium – AI in Medicine & Healthcare: from Algorithm to Clinical 

Application, held in Strasbourg, brought together researchers, clinicians, engineers and 

innovators to explore the transformative potential of artificial intelligence in medicine. 

Co-hosted by the École Supérieure de Biotechnologie de Strasbourg (ESBS) and Télécom 

Physique Strasbourg (TPS), the symposium provided a valuable platform for interdisciplinary 

dialogue. Throughout the event, participants shared advances in research, discussed real-world 

applications, and reflected on the challenges involved in translating AI algorithms into clinical 

practice. 

We were honored to welcome such a diverse and engaged international community. The quality 

of the discussions and the collaborations initiated during the symposium clearly demonstrated 

the importance of strengthening connections between life sciences, engineering and healthcare. 

We hope that the exchanges and ideas generated during URAI 2025 will continue to inspire 

new research, partnerships and innovations in AI-driven medicine. 

Dominique Bagnard 

Director, ESBS 
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3D morphological reconstruction from magnetic data 

using deep learning 

Sarah Chouchene1, Manon Lambert1, Corentin Féry2, Simon Lemoigne2, 

Thomas Quirin2, Joseph Lam-Weil1, Joris Ravaglia1, Ralf Schumacher3, 

Joris Pascal2, Luc Hébrard1, and Morgan Madec1

1 Laboratoire ICube, UMR 7357 (University of Strasbourg / CNRS), 300 bd 

Sébastien Brant, F-67400 Strasbourg 

chouchene@unistra.fr 
2 Institute for Medical Engineering and Medical Informatics / School of Life Sciences 

FHNW, Hofackerstrasse 30, CH-4132 Muttenz 
3 BellwaldTEC GmbH Muttenz, Stockertstrasse 2, CH-4132 Muttenz 

Abstract. Accurate 3D reconstruction is essential for the design of 

cus-tomized orthotics. Traditional methods rely on expensive optical 

scan-ners or complex manual measurements. This work proposes an 

alterna-tive approach based on the use of magnetic sensors for 3D 

shape recon-struction. By placing magnetic sensors around the 

surface of the object, it becomes possible to acquire spatial 

information without the constraint of direct visibility. An artificial 

intelligence model is developed to predict and reconstruct the 

missing 3D point cloud, which can then be used for modeling and 

3D printing orthotics. This method aims to make the man-ufacture 

of custom orthotics more accessible, portable, and economical. 

Keywords: 3D reconstruction  Magnetic sensors Deep 

learning Orthopedic brace 3D printing 

1 Introduction 

The design of customized orthoses relies on the ability to accurately 

reconstruct the three-dimensional geometry of the patient’s limb. 

Traditional 3D scanning methods rely primarily on optical scanners or 

photogrammetry techniques, offer-ing high accuracy but requiring expensive 

equipment, technical expertise, and controlled lighting conditions [1]. 

These constraints limit their use in routine clinical settings or in resource-

limited environments. 

Magnetic sensors are a promising alternative to optical sensors for 

capturing spatial data. They enable the acquisition of positional 

information even in the absence of direct visibility, making it possible to 

take measurements in areas that are hidden or difficult to access [2]. 

However, the data obtained is often partial or noisy, which complicates 

direct 3D reconstruction. 

In this context, artificial intelligence can be used to complete and 

reconstruct partially measured point clouds. Recent deep learning 

approaches applied to 3D completion exploit neural network architectures 

capable of modeling the spatial 

mailto:chouchene@unistra.fr
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2 Authors Suppressed Due to Excessive Length 

structure of an object from an incomplete set of points [3]. The objective of 

this work is to develop an AI model capable of predicting and 

reconstructing the missing points in a partial cloud derived from magnetic 

measurements, in order to generate models that can be used for the 

manufacture of customized orthoses by 3D printing. 

2 Methodology and results 

A deep learning model is trained using supervised learning, with input from 

mag-netic sensors and output from optical scan references. Evaluation is 

performed on new shapes in order to measure the model’s generalization 

ability. The sys-tem achieves an average error of 4.9 mm between 

reconstruction and reference on previously unseen shapes. However, the 

model does not generalize perfectly and still exhibits inconsistencies in some 

cases. Areas for improvement include adding parameters related to 

morphology and orientation, as well as combining AI with traditional rigid 

registration methods. 

3 Conclusion 

This study shows that it is possible to reconstruct 3D shapes from magnetic 

data using deep learning, with encouraging accuracy for a first step. The 

integration of additional constraints and hybrid approaches paves the way for 

functional and generalizable prototypes, including for shapes with complex 

deformations. 
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A Dialog-Based Multi-Agent System for Context-Aware Financial Analysis in 

SMEs 

Miriam Velasco1, Simone Braun2 

1 bimetrics GmbH 

miriam.velasco@bimetrics.de 2 Offenburg University of 

Applied Sciences simone.braun@hs-offenburg.de 

Abstract. This paper presents a dialog-based AI financial assistant designed to support small and medium-sized 

enterprises (SMEs) in interpreting their financial indicators. The system combines a modular multi-agent architecture 

with context engineering techniques (explicit agent roles, controlled function calls, and structured hand-offs) to 

analyze and explain financial data in natural language. A prototypical cash-flow analysis, embedded within a 

production platform, demonstrates how the assistant enables interactive communication of financial information, 

thereby improving access to managerial and financial knowledge for non-experts. 

Keywords: Dialog-based AI; Multi-Agent Systems; Context Engineering; LLMs; Agentic RAG; Financial Analysis; 

Digital Financial Literacy; SMEs 

1 Introduction 

Small and medium-sized enterprises (SMEs) often lack the in-house expertise to interpret their financial metrics 

independently. This gap in financial literacy hinders informed decision-making and risk management [1]. Existing 

analytics dashboards visualize data but seldom provide accessible explanations tailored to non-experts, thereby limiting 

essential digital financial literacy [2]. 

This work introduces a dialog-based AI financial assistant that integrates large language models (LLMs) into a 

modular multi-agent system for grounded, natural-language analysis and explanation. Unlike generic chatbots, the 

system operates directly on structured financial data and provides transparent, contextualized insights. The main 

contribution is the design and evaluation of a scalable multi-agent architecture that combines retrieval-augmented 

generation, controlled function calling, and deterministic context transfer – enabling reliable, explainable financial 

analysis for SMEs [1-3]. 

2 Approach 

The financial assistant is implemented as a multi-agent system integrating LLMs with targeted context engineering [3]. 

Specialized agents perform distinct tasks – such as intent recognition, function execution, and natural-language 

response generation – while maintaining a strict separation of concerns between data access, semantic processing, and 

output generation [4,5]. This modular design enhances scalability and reduces hallucinations by ensuring each agent 

operates within a well-defined context [6,7]. 

Figure 1 illustrates the architecture’s core components, which transform structured financial information into dialog-

based explanations. The system is embedded in an operational financial 

mailto:miriam.velasco@bimetrics.de
mailto:simone.braun@hs-offenburg.de
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platform, connected via API to real booking and document data. A cash-flow analysis was implemented as proof of 

concept to assess the assistant’s ability to analyze and explain financial metrics interactively. 

To ensure transparency and reliability in sensitive financial contexts, the system employs controlled function 

calling restricting LLM access to validated data from a preceding analytics layer [3]. Deterministic temperature settings 

(e.g., temperature = 0.3) ensure consistent tool selection, while structured handovers of contextual data between agents 

preserve semantic coherence across the dialogue [8]. These mechanisms form the foundation of the assistant’s context-

management strategy, key to reproducible, trustworthy analyses. 

A user-centered evaluation (n = 10) confirmed the approach’s practical applicability: all participants stated they 

would use the cash-flow analysis regularly, 88% rated the explanations as easy to understand, and 83% considered the 

results trustworthy. These findings underline that consistent context handling and transparent system logic are as 

important to user trust as analytical performance itself. 

Fig. 1. Architecture of the multi-agent system underlying the financial assistant. 

3 Conclusion 

This paper demonstrates how combining multi-agent architectures with context-controlled LLM integration enables 

reliable, dialog-based financial analysis for SMEs [3-5]. The system translates structured financial data into natural-

language explanations, allowing non-experts to explore business metrics interactively. The development process 

revealed that the architecture’s effectiveness relies on clearly defined interfaces, controlled function calling, and 

structured context transfer between agents, which together reduce hallucinations, maintain semantic coherence, and 

foster user trust [3]. 

A user-centered evaluation confirmed that participants found the explanations highly comprehensible and the 

results reliable, indicating that transparent reasoning and consistent context handling are as important to user 

acceptance as analytical performance. The system securely integrates with real financial data and complies with 

privacy requirements [3-5]. 

While currently focused on cash-flow analysis with a small user sample, future work will extend the approach to 

other financial domains and a larger user base. Overall, the approach provides a reproducible blueprint for deploying 

LLM-based assistants in domain-specific decision-support workflows for SMEs, with significant potential to improve 

digital financial literacy and decision quality [1,2]. 
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Awareness and Training Offers on Digitalization and Artificial Intelligence in 

the German Healthcare System – an Exploratory Survey (Work in Progress) 

Sophie Perret1, Markus Schinle2 

 
1 University of Cambridge, Institute for Manufacturing (IfM), Department of Engineering 

scp64@cam.ac.uk 
2 Offenburg University of Applied Sciences, Faculty of Electrical Engineering, Medical Engineering and Computer Science 

markus.schinle@hs-offenburg.de 

 

Abstract. The successful implementation of digital technologies and Artificial Intelligence (AI) in healthcare requires 

adequate competencies among healthcare professionals. While undergraduate medical curricula increasingly address 

digital health topics, little is known about awareness and training offers for healthcare staff outside of initial 

education. This exploratory study investigates the availability of such programs and the perceived needs for additional 

training in the German healthcare system. Data collection is based on an online survey, with currently 21 participants 

from diverse healthcare domains. Preliminary results indicate that some training activities exist, but they are often 

fragmented, poorly disseminated, and not tailored to specific professional needs. Respondents emphasized a strong 

demand for practice-oriented, interdisciplinary, and continuous training formats. As this is a work-in-progress study, 

further data collection and extended analysis are planned until spring 2026. 

 

Keywords: Artificial Intelligence; Digital Health; Medical Education. 

 

1 Introduction 

The digital transformation of healthcare is progressing rapidly, with Artificial Intelligence (AI) considered a key 

technology to improve diagnostics, therapy, and care pathways [1]. Beyond technical and regulatory aspects, the 

adoption of AI in clinical practice crucially depends on healthcare professionals’ competencies and acceptance. While 

medical curricula have started to include digital health components, the current status of awareness and training 

opportunities beyond formal education remains unclear. In particular, there is limited transparency regarding available 

programs, their uptake, and the specific needs of healthcare staff. These challenges have also been highlighted in 

international policy frameworks on digital health and AI [2,3]. 

 

2 Conclusion 

To address the research question 'Which awareness and training offers exist regarding digitalization and AI in the 

German healthcare system?', an exploratory online survey was conducted. The questionnaire included closed and open-

ended items on the following topics: 

- Awareness and visibility of existing programs, 

- Previous experience with digitalization and AI-related training, 

- Perceived future needs, 

- Preferred formats, duration, and thematic priorities. 

mailto:scp64@cam.ac.uk
mailto:markus.schinle@hs-offenburg.de
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At the time of writing, 21 respondents from various healthcare domains (including nursing, administration, IT, and 

medicine) participated. Data collection is ongoing, and results presented here are preliminary. The responses provide 

initial insights into the current state of awareness and training needs for digitalization and AI in German healthcare. 

Respondents represented a broad age range, with the groups 25-29 years (4,8%), 30-39 years (19%), 40-49 years 

(19%), 50–59 years (28,6%) and 60–69 years (28,6%). Most participants identified as female (76%), followed by male 

(24%). The professional backgrounds were diverse, including physicians, medical students, and representatives from 

public health, nursing, and administrative roles. Only a minority of participants had received professional training 

specifically on AI: 29% reported having attended at least one training course, while 71% indicated they did not. 

Among those trained, the most common formats were short lectures or information sessions (<2 hours) and online 

modules. However, the perceived usefulness of these training courses was rated low to moderate. Respondents 

expressed a clear preference for interactive and flexible formats: On-site workshops (38%), Live online webinars 

(67%), and Self-paced online courses (57%). This indicates a demand for both digital and face-to-face opportunities, 

ideally in blended learning combinations. Short formats were favored: 1–2 hour sessions (62%), half-day workshops 

(33%), and longer-term programs such as multi-day courses or continuing education programs were also mentioned by 

38% of respondents. Most participants preferred an application-oriented/practice-based level (81%), highlighting the 

importance of direct clinical or organizational use cases. Introductory courses were selected by 32%, while 33% 

indicated interest in specialized, advanced training as well as 38% in strategic management with a focus on 

implementation. 

Thematic priorities were diverse but consistent across respondents: Large language models (81%), Ethical and legal 

frameworks (57%), practical implementation of AI tools in everyday work (57%), and data management and data 

protection in AI applications (52%). This shows a strong demand for content that combines technical insight with 

regulatory and ethical considerations [3,4]. 

Regarding responsible institutions, participants most often expected offers from: Medical associations e.g. 

Ärztekammer (62%), Universities and higher education institutions (38%), Professional associations e.g. Marburger 

Bund (29%), and Associations of Statutory Health Insurance Physicians (24%). This reflects a desire for training offers 

backed by trusted and authoritative institutions. 

Overall, these preliminary results highlight a critical gap in the availability and visibility of structured training 

opportunities for AI in healthcare. The results indicate limited prior exposure to structured AI training among healthcare 

professionals, combined with a strong interest in accessible, practice-oriented, and interdisciplinary learning 

opportunities. These findings underscore the importance of coordinated, accessible training strategies to ensure the 

sustainable integration of AI into healthcare practice. Although isolated initiatives exist, they are often poorly 

disseminated and not adapted to the diverse needs of healthcare professionals. Respondents emphasized the importance 

of practice-oriented and interdisciplinary formats, aligning with international calls for upskilling the health workforce 

[1,3,5]. 

As the current sample is limited to 21 participants, results should be interpreted with caution. Further data collection is 

ongoing and expected to provide a broader and more representative picture by spring 2026. Future analyses will explore 

subgroup differences (e.g., between clinical and administrative staff) and examine correlations between digital 

competence levels and training needs. 
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Beyond Single Models: Unsupervised Ensemble Selection for 

Small Language Models in Medical QA 

 
Nicolas Ventulett, Fabian Nicklas, Eric Gaida, Dieter Wallach, and Jan Conrad 

University of Applied Sciences Kaiserslautern 

{nicolas.ventulett, fabian.nicklas, eric.gaida, dieter.wallach, 

jan.conrad}@hs-kl.de 

 

 

Abstract. Small Language Models (SLMs) provide efficient alternatives to large models for clinical 

open-ended question answering (QA) but often show variable performance. We propose two unsupervised 

answer selection strategies for SLM en-sembles: a confidence-based method using normalized perplexity and a 

consensus-based medoid method capturing semantic similarity among model outputs. Eval-uations on 

three clinical QA benchmarks show that both strategies outperform single-model and random selection 

baselines. The results show that unsupervised confidence and consensus mechanisms can enhance the 

performance of SLM en-sembles for medical QA without requiring additional training or increasing 

model size. 

 

Keywords: Artificial Intelligence, Large Language Models, Small Language Mod-els, Medical Question 

Answering, Clinical NLP 

 

1 Introduction 

Recent advances in Large Language Models (LLMs) have shown impressive performance in question answering 

(QA) on clinical documents, enabling patients and clinicians to ef-ficiently extract information from medical 

records. However, deploying large-scale LLMs in healthcare scenarios remains challenging due to strict privacy 

regulations and com-putational cost. Consequently, small language models (SLMs) are gaining attention for  on-

premise or on-edge deployment. While SLMs tend to show greater variability and lower accuracy compared to 

LLMs, ensemble methods that aggregate the predictions of multiple SLMs offer a promising way to improve 

performance without increasing model size. This work presents two unsupervised answer selection strategies 

for SLM ensem-bles in medical QA: a confidence-based method using normalized model perplexity and a 

consensus-based medoid method capturing semantic similarity among model outputs. Both approaches are 

evaluated against random selection in ensembles and single-model answering as baselines. 

 

2 Related Work 

Ensemble methods have demonstrated improvements in language model performance  over various tasks, 

however most approaches focus on large-scale models or require su-pervised training [1][2]. In the field of 

medical QA, recent work has achieved expert-level performance through domain-specific fine-tuning and 

ensemble refinement [3][4]. While ensemble approaches show promising improvement in model performance, 

unsupervised output selection strategies for SLM ensembles in a clinical context for open -ended QA remain 

largely unexplored. 
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3 Methodology 

 
The ensemble consists of six state-of-the-art instruction-tuned SLMs with ≤ 7B param-eters: SmolLM3-3B 

[5], Qwen3-4B-Instruct [6], Phi-4-mini-instruct (4B) [7], DeepSeek-R1-5B [8], Gemma-3-4B-it [9] and Mistral-

7B-Instruct-v0.3 [10]. Each model in the en-semble receives the same structured prompt including a patient 

discharge summary and a corresponding question to be answered based on the clinical note, resulting in six 

can-didate answers to select from. We then compare two unsupervised ensemble selection strategies: The 

first strategy selects the candidate with the highest model confidence, estimated through perplexity scores 

computed during generation. Since raw perplexity is not comparable across different model architectures, we 

employ bits-per-byte (BPB) as byte-normalized perplexity variant [11]. The answer with the lowest BPB value 

is selected as the most confident prediction and final output. The second strategy selects the answer that is 

semantically most similar to all other ensemble answers. For each candidate, we compute its sentence 

embedding [12] and measure its average cosine similarity to all other candidates in the ensemble. The answer with 

the highest average similarity is selected as the final output. This consensus-based strategy selects the most 

representative (medoid) answer from the ensemble, under the assumption that agreement among diverse 

models indicates higher reliability. 

 

4 Evaluation 

 
The proposed methods were evaluated on three different benchmark datasets: EHR-DS-QA (506 samples) [13], 

MeDiSumQA (416 samples) [14] and CliniQG4QA (1287 samples) [15]. These datasets contain human-verified 

and medically relevant QA-pairs on deiden-tified discharge summaries from MIMIC-III/-IV clinical notes 

[16][17]. All SLMs and ensemble methods were evaluated using BERTScore F1, capturing semantic similarity 

between prediction and ground-truth answer [18]. We compared against two baselines: random ensemble 

selection and individual model performance without ensembling. Across all three datasets, both ensemble 

methods consistently outperformed random answer se-lection and single-model inference across all six SLMs. 

The semantic medoid approach achieved higher mean BERTScore F1 across all samples than any individual 

model, while the BPB-based confidence method showed the best overall performance across all benchmarks. On 

the EHR-DS-QA dataset, for example, the confidence-based selection improved mean BERTScore F1 by 7.3 

points (0.8441 vs. 0.7674) compared to DeepSeek-R1-5B single-model answering. 

 

5 Conclusion 

 
This work demonstrates that unsupervised ensemble selection strategies, confidence-based and consensus-

based, can effectively enhance the performance of SLMs in clini-cal open-ended question answering, 

consistently outperforming single-model and random selection baselines across three benchmark datasets. The 

results highlight a practical approach for privacy-sensitive healthcare scenarios that require on-premise or on-

edge deployment while maintaining a balance between computational efficiency and answer quality. Future 

research should investigate adaptive or dynamic ensemble selection meth-ods to further reduce computational 

overhead. 
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Abstract. Medical AI pipelines face integrity risks from label flipping—mislabeling that harms thresholds, 

calibration, and parity. Because anomalies are rare, evolving, and often mislabeled, a purely supervised detector 

tends to miss new problems and flood reviewers with false alarms; a triage loop—rank strong model-vs-label 

disagreements, review a small top slice, fix, retrain—keeps effort low and results trustworthy. We present a 

lightweight procedure: basic plausibility/duplicate checks; leakage-safe K-fold cross-fitting; calibration; and 

Confident Learning to derive per-example flip scores (and the confident joint). High-scoring cases receive budgeted 

chart-review; we then selectively relabel or reweight, retrain, and recalibrate. We evaluate flip-ranking (PR-AUC, 

precision@k, TPR@low-FPR) and downstream AUROC/PR-AUC, ECE/Brier, and parity deltas. A HiRID ICU case 

demonstrates integrity and calibration gains with limited review effort. 

 

Keywords: : label noise; confident learning; calibration; medical AI; fairness; governance; anomaly detection 

 

1 Introduction 

We target label flipping in EHR datasets used for model development & validation. Adversaries or process faults can 

inject or flip labels at data entry, curation, or during merges. Security goals are to maintain discrimination, calibration, 

& subgroup parity, & to provide auditable evidence trails (provenance, adjudication notes, versioned lineage). 

EHR‑specific flip vectors include ICD miscodes & mapping drift, rule‑based phenotype errors, timestamp/encounter 

misalignment, & contradictions between billing codes & clinical evidence (vitals/labs/notes). 

 

Figure 1. Eight‑step ML‑only triage loop for label‑flip detection. 

 

Blueprint: (1) Ingress rules check provenance, duplicates, mutual exclusivity, value ranges, unit harmonization (e.g., 

mg/dL↔mmol/L), physiologic plausibility, & encounter/windowing consistency; (2) Disagreement analytics from 

targeted chart‑review & code–evidence conflict checks; (3) Leakage‑safe K‑fold cross‑fit to obtain out‑of‑fold 

probabilities; (4) Calibration on a nested holdout (temperature by default; Dirichlet optional under imbalance); (5) 

Confident Learning to compute the confident joint (CJ) & estimate T; (6) Rank suspected flips where label & calibrated 

predictions disagree w/ high confidence; (7) Mitigate via budgeted relabeling, 

mailto:daniel.schoenle@hs-furtwangen.de
mailto:christoph.reich@hs-furtwangen.de
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reweighting, or relabel/weight w/ T; (8) Retrain, recalibrate, & log decisions. We use gradient‑boosted trees 

(LightGBM/XGBoost) on benchmark features. 

 

2 Evaluation Protocol 

Flip ranking: PR‑AUC, ROC‑AUC, TPR@1% FPR, precision@k under review budgets, & lift over random; report 

bootstrap confidence intervals. Downstream (before/after mitigation): AUROC/PR‑AUC, ECE & Brier, reliability 

diagrams, & subgroup parity deltas (e.g., ΔFNR). Subgroup analyses use ICU‑relevant strata (sex, age bands, unit type, 

SOFA/APACHE bins, admission year) w/ temporal splits to approximate deployment drift; top‑k suspects can be 

chart‑reviewed against notes/labs when available. 

 

3 Datasets & Experiment 

Detectors only triage candidates; labels change only after expert adjudication; the system does not make clinical 

decisions. HiRID 

HiRID access requires PhysioNet credentialing & a data‑use agreement; data are de‑identified. Limitations include 

site/process shifts across years/units & potential bias in Tunder covariate shift; subgroup‑specific T can reduce bias at 

the cost of variance. 

 

Primary dataset: HiRID (high‑resolution ICU EHR; PhysioNet). We use the published HiRID‑ICU‑Benchmark 

pipeline to materialize features & tasks, minimizing engineering effort. Tasks: (i) Flip detection on a noisy, code‑derived 

phenotype (e.g., pneumonia/CHF) constructed w/ the benchmark’s labeling rules; (ii) Downstream evaluation on a 

stable outcome (in‑hospital mortality or intervention onset). Pipeline: benchmark features → LightGBM/XGBoost w/ 

5‑fold cross‑fit → temp‑scaling (Dirichlet optional) → Confident Learning (CJ, T) → budgeted relabeling (top 1–2%) 

or relabel/weight → retrain + recalibrate. 

Replication dataset: eICU Collaborative Research Database (eICU‑CRD) can be processed w/ the same pipeline to 

validate cross‑site robustness. 
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Abstract. Understanding and managing cognitive workload is critical for safety and efficiency in industrial settings, yet 

practical measurement techniques are limited on the factory floor. We present a vision-based approach to estimate 

cognitive load using eye-tracking, hand tracking, and object detection, avoiding intrusive sensors like EEG. We 

evaluated this method in a real-world assembly task performed by an expert under two conditions: an organized 

workspace and a disorganized workspace. A mobile eye-tracker recorded the worker’s gaze, while computer vision 

detected hands and tools in use. The disorganized condition elicited higher visual workload, evidenced by more frequent 

fixations and saccades, broader gaze dispersion, and more attention to irrelevant areas, despite little change in 

physiological proxies such as pupil size and blink rate. These results demonstrate that our non-intrusive, vision-only 

system can distinguish cognitive workload differences in an industrial task, laying the groundwork for in-situ workload 

monitoring without requiring cumbersome biosensors. 

 

Keywords: Cognitive Workload, Eye-Tracking, Object Detection, Industrial Ergonomics, Human-Machine Interaction. 

 

1 Introduction 

Cognitive overload occurs when an operator’s mental resources are exceeded by task demands, often leading to errors or 

slowdowns. In industrial environments, human performance under high cognitive load is a major factor in safety and 

productivity. Traditional measures (e.g., EEG-based monitoring) are impractical for real-time use on a production floor. 

There is a growing need for lightweight, real-time workload measures that can be seamlessly integrated into industrial 

workflows. 

Many existing frameworks for workload detection rely on multimodal biosignals (EEG combined with eye-tracking or 

other sensors) and complex lab setups. Moreover, prior models often do not target the predominantly visual-perceptual 

nature of tasks like assembly and inspection. In such tasks, an operator’s cognitive load may stem largely from visual 

search and attention management, rather than abstract reasoning alone. This work explores whether reliable indicators of 

cognitive workload can be obtained from vision-based data alone, specifically using an operator’s eye movements, hand 

interactions, and observed tool usage, without the need for EEG or other invasive sensors. 

 

We developed a proof-of-concept approach combining mobile eye-tracking with computer vision to monitor a worker’s 

visual attention and actions during an assembly task. An expert technician 

mailto:amhaz@unistra.fr
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performed the same cart assembly task under organized and disorganized conditions to isolate the effect of workspace 

layout on cognitive load. 

 

We hypothesized that the unorganized workspace would impose higher cognitive load, observable as more extensive 

visual search behavior (e.g. more fixations, wider gaze spread, longer task time), whereas the organized workspace would 

allow more efficient, focused visual attention. 

In this paper, we report how eye-tracking metrics and interaction data differed between these conditions, and what they 

reveal about cognitive workload. To our knowledge, this is one of the first demonstrations of using eye-tracking with 

scene object detection to assess cognitive load in an in-situ industrial assembly task. The results show that subtle changes 

in workspace layout can be quantified through vision-based measures. Our work contributes an integrated analysis 

pipeline for multimodal workload monitoring and empirical evidence that a non-intrusive, video-based approach can 

capture cognitive load differences in real manufacturing conditions. 

 

2 Related Work 

This section reviews relevant literature in three domains: (1) eye movement as an indicator of cognitive load, (2) 

multimodal and physiological workload measurement, and (3) vision-based monitoring in industrial settings. We 

summarize prior achievements and identify the remaining gaps that motivate our study. 

 

Eye Movement as a Proxy for Cognitive Load 

 

Eye movements (fixations, saccades, pupil dilation, microsaccades) are widely used in cognitive and HCI studies to infer 

mental processing (e.g. decision-making, memory retrieval), as gaze is tightly linked to attention and information 

acquisition. A classic study by Krejtz et al. (2018) compared pupil dilation and microsaccade metrics in arithmetic tasks, 

finding that both signals discriminated task difficulty, though each had distinct sensitivity profiles. [1] Many studies 

assume a monotonic increase in pupil diameter with load (the so-called task-evoked pupillary response). More recently, 

some works differentiate intrinsic vs. extraneous cognitive load using oculometric signals. For instance, a 2025 study used 

eye-tracking, heart-rate variability, and galvanic skin response to classify intrinsic vs. extraneous load in multimedia tasks, 

achieving promising predictive power. [7] This is relevant: our manipulation (workspace clutter) is akin to extraneous 

load, and we show gaze metrics reflect it (even when physiological signals don’t shift strongly). In serious game contexts, 

other researchers have grounded measurement in theory, calibrating eye metrics to time-based resource-sharing models of 

load. E.g. a study with 42 participants playing time-critical resource-management games mapped attentional demand to 

gaze statistics. [6] Such work shows the feasibility of interpreting gaze within formal models of load, but still typically in 

constrained, quasi-lab settings rather than real-world manufacturing. Thus, while ocular metrics are well explored, there 

are few studies that apply them in real industrial task contexts, especially combining gaze with scene understanding (object 

interactions, hand movements) to localize sources of load. 

 

Multimodal and Physiological Workload Measurement 

 

To capture cognitive load robustly, many works fuse multiple sensors. For example, eye tracking combined with EEG or 

ECG yields higher classification accuracy in cognitive load estimation than 
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any single modality alone. One survey notes fusion of eye, EEG, and GSR is common in ergonomics and usability studies 

[8]. A recent system-level work, CLERA (2023) in [2], proposes a unified deep model for joint eye-region analysis and 

cognitive load estimation “in the wild” (i.e. less constrained settings). CLERA jointly learns eye landmarks, blink 

prediction, pupil estimation, and cognitive load, and shows improved robustness over isolated pipelines. However, 

CLERA is built for HCI-style tasks, not industrial hand–tool workflows. It does not explicitly model object interactions or 

hand movement in the scene, which are crucial in an assembly task. Another approach, in the VR/training domain [9], 

fuses gaze with heart rate variability (HRV) and other signals to detect both cognitive load and stress, enabling adaptive 

systems. These systems are promising, but again not tailored for noisy, real-world factory conditions with dynamic tool 

usage and occlusions. Thus, while multimodal methods improve robustness, they often sacrifice deployability. Our 

approach intentionally remains vision-only, trading off some signal richness for practicality. 

 

Vision-Based Monitoring in Industrial Environments 

 

A separate but related branch of research uses computer vision to monitor worker behavior, safety compliance, and 

ergonomics. For instance, in construction, vision systems detect helmet usage, unsafe postures, or proximity violations 

[10]. A 2024 work introduces a vision-based framework for human behavior monitoring in a car door assembly line, 

combining multi-camera video and 3D motion capture to build a dataset (CarDA) for analyzing assembly actions. [4] That 

system, however, focuses on what actions are performed (pose, object presence), not why (i.e. underlying cognitive load). 

Other recent vision-based industrial systems target ergonomic risk assessment using skeleton estimation and motion 

features to flag musculoskeletal risk. For example, Agostinelli et al. (2024) propose semi-automated ergonomic risk 

assessment in manufacturing using depth sensors and computer vision. [11] These systems are orthogonal to cognitive load 

measures, they do not access gaze or attention. A recent review on computer-vision-based biomechanical and workload 

assessment highlights that many methods infer physical or biomechanical load (e.g. motion energy, joint torque proxies) 

but rarely estimate cognitive or perceptual load from video alone [3]. Furthermore, these reviews note that fusing vision 

with physiological or behavioral signals remains an underexplored frontier. 

 

We can conclude from related work that most eye-tracking research remains in lab or UI settings; few studies embed gaze 

in complex physical tasks. Multimodal methods are powerful but often less deployable, especially outside controlled 

environments. Vision-only systems in industry focus on motion or safety, not cognitive load or attention dynamics. No 

prior work (to our knowledge) fuses gaze, hand movement, and object detection in a real industrial assembly task to 

estimate cognitive load, especially with controlled manipulations of environmental clutter. Our study tries to fill this gap: 

by combining eye-tracking with scene-level understanding (hands, tools) in a real task, we demonstrate that gaze metrics 

can reliably detect visual workload changes in situ, bridging the sensor-rich lab world and the vision-only industrial 

world. 

 

3 Method 

Participants & Task. We recruited one expert assembly technician, Robert Bolusset (LEAN manufacturing consultant and 

trainee), to perform a cart assembly task under two workspace conditions: organized (tools neatly laid out) and 

unorganized (same tools, scattered randomly) cf. 
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Fig 1. The task procedure remained identical in both trials, ensuring any behavioral differences stem from layout effects. 

 

 
Fig. 1. Example frames from organized vs unorganized videos 

 

Apparatus & Data Collection. The participant wore a mobile Pupil Labs eye tracker, capturing synchronized scene video 

and gaze overlay streams (fixations derived from raw gaze). We processed video frames with MediaPipe for hand 

detection and YOLOv8 (trained on 850+ annotated images across 11 object classes) for tool/part detection (achieving 

~87% mAP at the validation threshold). We synchronized gaze, fixation ID, object presence, and hand interaction per 

frame into a structured JSON timeline dataset. 

 

Fig. 2. Our expert during the assembly process wearing pupil lab neon Eye-tracker. 

 

Measures & Analysis. From this timeline, we extracted: 

 

● Eye metrics: total fixations, average fixation duration, saccade count, gaze dispersion, pupil diameter, blink 

rate 

● Attention allocation: proportion of fixations on relevant vs. irrelevant areas, AOI (area of interest) transition 

frequency, dwell times on key objects 

● Task performance: total completion time, any corrections or tool mis-selections 
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We compared these metrics between organized and unorganized trials in a within-subject, descriptive analysis. 

 

4 Results 

The disorganized workspace produced clear, consistent divergences in gaze behavior and attention distribution relative to the 

organized layout: 

 

● Fixation & saccade counts increased by ~24%, from 494 to 613 fixations, and 493 to 612 saccades, 

respectively, indicative of a more fragmented scanning strategy. 

● Average fixation duration dropped slightly from ~563 ms (organized) to ~550 ms (unorganized), 

reflecting shorter glimpses and more frequent transitions. 

● Gaze dispersion expanded from a radius of ~158 px to ~190 px, confirming broader spatial search. 

● Attention misallocation: The share of fixations landing on irrelevant areas rose from 62.0% to 73.6%, 

confirming that clutter forces more “wasted” visual glances. 

● AOI transition frequency also rose, signaling more gaze switching between items and distractors. 

● Pupil diameter and blink rate remained effectively unchanged (~5.23 mm, ~11 blinks/min), suggesting that 

while visual scanning load increased, overall arousal or stress did not escalate detectably for this expert. 

● Completion time increased in the disorganized condition (fitting with the increased visual workload), though 

no severe errors or tool misuses occurred, consistent with the participant’s expertise. 

 

Fig. 3. Result video combining data between industrial object detection, hand tracking, and eye fixation and transition of the eyes (purple 

circles, size of the circles is the duration of the fixation) 
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Fig. 4. AOI dwell-time comparison between organized and unorganized workplace correlated with industrial object detection 

 

These differences align with theoretical expectations: increasing extraneous visual demands (via clutter) forces more 

scanning and attentional shifts, which we were able to detect through gaze metrics alone. The absence of strong changes in 

pupil/blink measures implies that for an expert operator, the extra visual load remained manageable in terms of overall 

cognitive stress. 

 

5 Discussion 

Our results validate that workspace layout directly influences visual/perceptual load, observable through eye metrics. In 

cognitive load terms, the disorganized layout introduced extraneous load, effort invested in navigating the environment 

rather than intrinsic task logic. The increase in fixations, saccades, gaze dispersion, and AOI switching signals this 

overhead. 

 

Interestingly, the stable physiological metrics (pupil, blink) suggest that the mental load ceiling was not breached. Because 

our participant was an expert, they likely compensated for extra visual demands without triggering elevated arousal. This 

aligns with research showing that experts often absorb increased perceptual demands via compensatory strategies before 

cognitive overload manifests (e.g. in pupil dilation) in novices. 

 

Relative to prior work, Krejtz et al. demonstrated that pupil and microsaccade signals track mental difficulty, but they do 

so in controlled tasks, not physical tasks with environmental clutter. CLERA offers an elegant vision-only model for 

cognitive load in “the wild,” but lacks a coupling to object interaction or hands, something essential in assembly tasks. 

Works in industrial vision largely focus on action or safety detection rather than the why (i.e. internal cognitive strain). For 

example, CarDA monitors worker actions but not attention or cognitive load. 
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Thus, our work treads a new space: vision-enabled cognitive load estimation in a manual industrial context. We show that 

eye–scene fusion yields signals of perceptual workload in a realistic environment. 

 

Limitations: 

● Single expert subject: Results reflect conditions for a highly skilled user; novices might show different coupling 

between visual and physiological signals. 

● Task specificity: We tested one assembly scenario (cart). Generalizing to other tasks (e.g., inspection, wiring) 

requires further validation. 

● Lighting and tracking noise: Real workshop conditions can degrade gaze or object detection; occasional frame drops or 

misalignments may introduce noise. 

 

Implications & Insights 

 

Deployment feasibility: Our approach (eye + video) is far less intrusive than EEG, making it a more viable candidate for 

industrial deployment. 

Explainability of load signals: Since we link gaze to objects and hands, we can interpret where the extra load originates (e.g. 

scanning distractors), not just infer a black-box workload score. 

Potential for adaptive feedback: Even without live feedback in this study, the pipeline could support continuous 

monitoring and alerts when visual load becomes excessive. 

 

6 Conclusion 

We have demonstrated that a vision-based system, combining mobile eye-tracking, hand detection, and object recognition, 

can detect meaningful differences in visual workload arising from workspace organization in an industrial task. Despite the 

same underlying assembly procedure, the cluttered layout imposed higher perceptual demand, evident via gaze metrics 

(fixation count, dispersion, AOI distribution). Crucially, this was achieved without physiological sensors. 

 

Our findings suggest that vision-only workload sensing is viable in pragmatic settings, especially for tasks where visual 

search and attention dominate. The next steps include validating across more participants and tasks, calibrating thresholds 

to individual operators, and exploring real-time deployment. 
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Abstract. Context-aware systems can support humans at work by 

automatically performing quality control, providing assistance, or generating 

instructions and documentation for latter use. However, the adaptation of 

such intelligent systems to custom use cases demands training data, expertise, 

and effort. With the dissem-ination of Vision Language Models (VLMs), 

recognition capabilities are becoming more accessible. We explore the use of 

readily available VLMs for understanding egocentric video footage of 

common manual tasks in production environments. Results demonstrate the 

feasibility of using VLMs in such contexts. 

 

Keywords: Vision language model, action recognition, temporal localization 

 

1 Introduction 

In production-related environments, recognizing a worker’s actions enables online quality 

checks [1] and real-time assistance [2]. Apart from simply understanding a performed task, 

extracting temporal information further supports the documentation of a workflow or the 

creation of digital instructions, e.g., for augmented reality-based manuals [3]. 

Research has particularly explored exocentric scene understanding, for instance, to 

enhance human robot interaction [4]. With the ongoing advancement of head-worn 

devices and their application in work environments [5], egocentric input data is 

becoming a potential source of information, too. Yet, reliably integrating such 

contextual understanding into a system requires expertise and effort in training a 

model on custom data or hiring a dedicated system integrator which are key 

barriers faced by Small and Medium-sized Enterprises (SMEs) in particular [6]. 

With the dissemination of Vision Language Models (VLMs) such as ChatGPT, 

Gemini, or Claude which can handle multimodal input, the barrier to entry has 

been reduced significantly in that regard. Therefore, we investigate the feasibility 

of using an off-the-shelf VLM to recognize and temporally locate common, 

production-related actions from videos. We focus on short clips showing a single 

action which might be performed as part of a more comprehensive workflow.  

 

2 Methods 

We recorded egocentric videos at different resolutions using the Microsoft 

HoloLens 2. Some VLMs can handle video input directly. However, internally the video 

input is usually sampled at 1fps which is insufficient for understanding short action 

clips. Therefore, we streamed footage to a near-edge unit at 30fps and extracted 

frames at 3fps. Frames were numbered to provide temporal anchors [7] (Fig. 1) 

and sent with a prompt asking the 
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VLM to return the action type and key frame(s) as structured JSON. The candidate 

actions were: pick-and-place, use wrench/Allen/screwdriver, press button, rotate 

switch, open/close element, fasten/loosen by hand. For each action we recorded 

three scenarios, provided ground truths for the correct action type and eligible key 

frames, and ran five trials each, resulting in 15 data points per action type. After 

initially testing different VLMs, we proceeded with gpt-4.1. 

 

 

Fig. 1. Exemplary frames extracted from an egocentric image stream, fed to VLM. Returned 

json output: {”action type”: ”rotate switch”, ”key frames”: ”5, 6, 7”} 

 

 

 

 

3 Results and Discussion 

 
Fig. 2 illustrates the number of correct action recognitions and temporal 

localizations per action type, revealing high correct recognition counts alongside much 

more variable frame-level localizations. We identified two common failure modes. In 

case of incorrectly recognized action types, actions were simply confused, e.g., rotating 

a switch with pressing a button, potentially due to bad lighting conditions and both 

elements being visible in the scene. Causes of incorrect temporal localization are the 

strict classification as incorrect even when off by only 1 frame in ambiguous scenarios 

and the confusion between object visibility and its actual engagement. Apart from that, 

a temperature of around 0.3 and top p of 1 produced concise, low-hallucination 

outputs. Action recognition degraded noticeably below a resolution of 1504×846, 

while key-frame localization remained robust at lower resolutions, consistent with 

recognition needing fine spatial detail such as object geometry whereas localization 

relies on coarser motion cues. Increasing resolution beyond 1500 pixels in width gave 

diminishing returns, likely because VLMs tile large images to fixed sizes, fragmenting 

objects and limiting cross-tile context [8]. Possible leverage points for improvement 

are to perform hand- or object-based cropping of frames or concatenate multiple 

frames into a single image to reduce the number of pixels or frames to evaluate. 

However, this must carefully be balanced with recognition quality which could be 

aided by dynamic instead of fixed sampling rates. 

 

 

 

Fig. 2. Correct action recognitions (orange) and temporal localizations (blue) per action type 
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Abstract. The HelpMeWalk project introduces a low-cost, magnetic field–based 3D acquisition system using sensor-

embedded textile bandages for digital modeling of lower leg orthoses. The system captures approximately 300–500 

spatial points within six seconds, providing data for a model-based surface reconstruction. A multi-step workflow – 

comprising error cleaning, alignment of measured points to a model surface and form adjustment – enables accurate 

reconstruction of individual limb geometries. Prototype evaluation demonstrated robust functionality and a final 

mean surface deviation of 2.89 

mm. Remaining inaccuracies were mainly linked to sparse sensor coverage and sensor noise. Future development 

will focus on optimizing sensor placement protocols, mobile App integration, and machine learning enhanced error 

detection. 

 

Keywords: Digital orthoses; magnetic tracking; 3D reconstruction; remote healthcare. 

 

1 Introduction 

The provision of orthopedic aids such as foot orthoses is still largely based on analog methods like plaster casting, 

which are labor-intensive, imprecise, and costly – especially when patient transport is needed. Inaccurate molds often 

require multiple adjustments, reducing comfort and patient adherence, and thereby compromising therapeutic success. 

With more than 300 custom orthoses produced annually per practice, there is strong demand for precise, reproducible, 

and efficient digital processes that improve both productivity and patient comfort. 

The HelpMeWalk project aims to fill this gap by developing a cost-effective, user-friendly digital 3D measurement 

solution. Washable sensor-equipped bandages (“smart textiles”) capture a point cloud during manual corrective 

positioning, enabling model-based reconstruction of body structures with high accuracy from relatively few data 

points. 

 

2 Method 

3D point acquisition was achieved using a magnetic field tracking system, which determines the positions of three-axis 

magnetic field sensors. Trilateration of points is based on precomputed magnetic field maps and generates a point 

cloud of 300–500 points in under six 
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seconds. Different flexible PCB layouts were employed to effectively capture complex curvatures. 

Surface reconstruction is model-based, mapping the acquired point cloud onto a normalized 3D surface model of an 

average lower leg. The process involves four main steps: 

 

1. Error Cleaning: Measurement points are classified using geometric constraints derived from PCB design, 

comparing theoretical and measured distances. Points are scored by local relations and excluded if distances 

exceed physical limits [1]. 

2. Rigid Pre-Registration and Size Adjustment: The normalized model and measured point cloud are roughly 

aligned using artificial landmarks. Alignment includes translation and quaternion-based rotations. The 

normalized model is then scaled along the main anatomical axes of lower leg and foot to match patient-

specific dimensions. 

3. Fine Registration: An Iterative Closest Point (ICP) algorithm is used to refine alignment between the point 

cloud and the scaled surface model. This step benefits from error cleaning and a certain degree of similarity as 

prepared above [2], [3], [4]. 

4. Shape Adjustment: A Thin-Plate-Spline (TPS) algorithm [5] establishes nearest-neighbor correspondences 

from measured cloud points to the surface model and deforms the model accordingly. Nearest surface points 

are displaced toward their matched sensor point, while neighboring points are adjusted using a falloff 

function. 

 

Results were post-processed using (1) a Windowed Sinc Smoothing to remove undetected outliers caused by 

random noise, (2) a voxel-based surface shrinking to correct for a 3 mm offset caused by the bandage thickness, and (3) 

a final smoothing to obtain a high-fidelity representation of the surface. 

 

3 Results & Conclusion 

Table 1. Geometric deviations between an optimal surface scan and process steps of a test reconstruction 
 

Compare after Size Adjustment ICP Registration TPS Adjustment Post-process 

Mean Distance 11,64 mm 4,14 mm 3,63 mm 2,89 mm 

75th Percentile 17,04 mm 5,74 mm 5,29 mm 4,07 mm 

Mean SE 196,31 26,21 22,04 14,11 

 

A reconstruction test was performed which shows that the individual steps consistently decrease mean distance error 

down to 2,89 mm when comparing the results to a provided optical surface scan of the reference leg (Table 1). High 

deviations were mainly found in regions lacking sensors patches or when patches exhibit a consistent spatial offset due 

to systematic noise. 

First results demonstrate the potential of the magnetic sensor patch approach of HelpMeWalk for accurate 3D 

reconstruction of lower limbs. Though broader validation across diverse patient groups and real-world conditions is 

still required. Accurate results depend on well-defined sensor placement protocols, as patch misplacement introduces 

early errors. Further research focuses on optimizing patch positioning, refining algorithms and incorporating variable 

foot angles between lower leg and foot as this is a treatment / costumer requirement. Improved data cleaning with 

Dynamic Graph CNNs and model selection based on individual patient characteristics are currently being investigated 

to improve overall accuracy. 
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Abstract. This work investigates the use of deep reinforcement learning to enable humanoid Nao 

robots in the RoboCup 3D Soccer Simulation to autonomously decide when to switch between 

complex behaviors. Two main experiments were conducted. In the first, an agent was trained to 

learn the optimal moment to transition from walking towards the ball to executing a kick. The 

robot was randomly initialized at varying distances and orientations relative to the ball and 

trained using Proximal Policy Optimization to maximize accuracy in kicking the ball towards a 

target after approaching it. The resulting models achieved strong performance on par with the 

handcrafted baseline in simulated matches. The second experiment extended this setup by 

allowing the agent to also determine a favorable pre-kick position round the ball before deciding 

to switch. Despite the richer decision space, the resulting models performed significantly worse 

than the baseline, indicating the increased difficulty of jointly learning spatial positioning and 

timing. 

Keywords: Deep Reinforcement Learning; Behavior Switching; Humanoid Robots. 

1 Introduction 

In simulated humanoid soccer, coordinated decision-making between locomotion and ball interaction is essential for effective 

play. Conventionally, the timing for transitioning from approaching to kicking the ball is determined through manually tuned 

thresholds or heuristic rules, which restrict adaptability to diverse situations. This work explores an end-to-end learning 

approach in which a robot autonomously learns the appropriate timing and later also the positioning, necessary to execute a 

successful kick. 

Experiments were conducted in the RoboCup 3D Soccer Simulation SimSpark [1] using the Nao humanoid robot 

model [2]. The training task required the robot to approach a stationary ball and kick it towards a fixed target position. 

The robot was randomly initialized at various distances and orientations relative to the ball to encourage generalization. To 

stabilize training, the robot’s spawning area was gradually increased. Initially, the robot was initialized within a narrow 

angular sector behind the ball to simplify early exploration. As training progressed, the initialization range expanded to the 

full 360°, requiring the policy to handle complex approach directions and orientation corrections. 

Training utilized the Proximal Policy Optimization (PPO) [3] algorithm with continuous action spaces. Each control 

cycle, the agent received a 170-dimensional observation vector containing information from onboard sensors and internal 

states. This included joint angles and speeds, accelerometer and gyroscope readings, torso pose, locomotion steering 

outputs, foot force sensors and estimates of the robot’s linear and angular velocities. Additionally, ball-related features 

such as its relative position and velocity were provided to inform spatial awareness. All features were normalized to a fixed 

range to stabilize learning and ensure comparable magnitudes across dimensions. The reward function was designed to 

encourage the robot to approach the ball efficiently and to switch to the kicking behavior at the appropriate distance to 

maximize the accuracy of the kick towards the target position. 

Two learning configurations were investigated: In this first configuration, the model’s output represented a binary 

decision indicating whether to switch from walking to kicking. As long as the network output remained below the switching 

threshold, the robot continued to execute a fixed walking behavior towards the ball. Once the model signaled a switch, the 

robot transitioned to a predefined kicking behavior. The learning process thus focused solely on identifying the optimal 

timing for the transition, without any influence on the locomotion or kick mechanics themselves. This setup allowed the 

policy to concentrate on temporal decision-making based on the evolving spatial relationship between the robot and the ball. 

The second configuration extended the output space of the model to include a relative position and approach angle around 

the ball in addition to the binary switching signal. These continuous outputs were interpreted as a desired offset position 

towards which the robot navigated using its walking 
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behavior. However, the model was free to trigger the switch to the kicking behavior at any time and it was not required to 

reach the proposed position before switching. Thus, as long as the switching output remained inactive, the robot continued to 

walk towards the indicated position and as soon as the model decided to switch, the transition to the kicking behavior 

occurred immediately. This setup allowed the policy to dynamically adjust both positioning intent and switching timing within 

the same episode, coupling spatial and temporal reasoning in a flexible but more complex learning process that proved 

difficult to optimize effectively. 

2 Conclusion 

The experiments demonstrated that deep reinforcement learning can learn to imitate handcrafted decision mechanisms for 

switching between walking and kicking behaviors in simulated humanoid soccer. In the first experiment, where the agent 

learned only the switching decision, the models achieved strong performance during training but still slightly lagged 

behind the handcrafted baseline in terms of overall accuracy. However, the implementation of a curriculum learning 

strategy, gradually increasing the range of initialization angles around the ball, proved essential to achieving near-baseline 

performance during full simulated matches (Table 1). This curriculum allowed the agent to generalize across a wider 

range of approach directions, improving robustness. One notable observation was that the learned model typically decided to 

switch earlier, requiring fewer control cycles before executing a kick compared to the baseline, which partially 

compensated for its slightly lower target accuracy. 

Table 1. Simulated match outcomes. Each learned policy (Team A) competed against the handcrafted baseline (Team B) 

over multiple games. The baseline entry represents self-play, where both teams used the handcrafted decision mechanism. 

Goals A/B are per-match means and Wins A/B and Ties are counts over Games. 
 

Version Games Goals A Goals B Wins A Wins B Ties 
 

Baseline 400 2.788 2.858 158 159 83 
Switch Model 500 2.938 3.022 182 208 110 
Positioning Model 500 1.684 4.424 13 456 31 

 

The second experiment, which extended the learning task to include both positioning and switching, introduced 

significantly higher complexity. None of the trained models were able to reliably learn both aspects well enough, resulting in 

performance that fell well below the baseline in both training evaluations and match simulations (Table 1). This highlights the 

increased difficulty of jointly learning spatial positioning and temporal decision-making within a single policy. Future 

improvements may require refined or extended curriculum strategies and more targeted fine-tuning to help the agent learn 

effective positional reasoning alongside switching behavior. 
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Abstract. This study applies Deep Q-Network (DQN) reinforcement learning to optimize bidirectional EV charging 

in a microgrid with dynamic pricing and renewable energy. The environment includes an EV, wind turbine, 

stationary battery, flexible household loads, and grid connection. DQN agents learn to minimize energy costs by 

charging during low-price periods and discharging during high-price windows. Simulations across four scenarios 

show improved cumulative rewards and grid efficiency. Future work will address stochastic elements, realistic EV 

availability, and continuous action spaces to enhance adaptability and performance in real-world applications. 

 

Keywords: Reinforcement Learning; DQN; MicroGrid, Bidirectional Charging. 

 

1 Introduction 

The integration of electric vehicles (EVs) into microgrids presents a transformative opportunity for local energy 

systems. The bidirectional charging of EVs enables vehicle-to-grid (V2G) services, which leads to enhancing grid 

stability, reducing peak loads, and supporting renewable energy integration. However, managing bidirectional charging 

in dynamic environments like microgrids is complex due to fluctuating energy demand, supply, and user behavior. 

Deep Q-Network (DQN) reinforcement learning offers a promising strategy to address this challenge. By learning 

optimal policies through interaction with the environment, DQN can manage charging and discharging decisions, 

adapting to real-time conditions and maximizing long-term rewards such as cost savings. 

 

2 DQN Reinforcement Learning 

DQN combines Q-learning with deep neural networks to approximate the optimal policy function. The DQN is 

implemented with experience replay, where the transitions (state, action, reward, next state) are stored in a memory 

buffer and sampled randomly during training [2]. Also, a target network is used to compute target values [3]. Both 

technics improve the learning process by reducing oscillations and breaking correlation between sequential data [2,3]. 

For the exploitation and exploring trade-off, we implemented Ɛ-greedy-strategy with decreasing Ɛ. The Q-learning 

allows only discrete actions (e.g. charge, discharge, buy or sell) based on the current state of the environment. The 

learning takes place in the agent, he receives rewards based on its actions and updates its policy to maximize 

cumulative future rewards, the cost savings. 
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The environment consists of the microgrid and the reward function. The microgrid itself consists of an EV with 

bidirectional charging capability, a wind turbine as a renewable energy source, a stationary battery, and 

households as consumers with flexibilities to shift their power consumption [3]. Also, the grid connection point 

with the dynamic electricity pricing is included, which acts as a source (buying) or sink (selling). The data for the 

microgrid are taken from [3]. We neglected the uncertainties in the microgrid, therefore the environment is fully 

deterministic. The reward function calculates the energy costs (multiplied by minus one). 

 

Fig. 1. Test results for net profit over 100 days for baseline batterie, baseline grid, price action and shift action 

 

3 Simulation Results 

In the simulation, we compare four different scenarios to evaluate the results. The first scenario is the baseline, where 

no batteries are used and every excess power is sold, and vice versa. The second scenario includes the stationary 

battery, where the excess power is stored in the batterie, and a power gap leads to discharging of the battery. Only if the 

limits of the battery are reached, the grid power is used. In the third scenario the agent minimized the price, and in the 

fourth scenario, the agent can also shift the power demand of some consumers. The initial results, see Fig. 1, for 150 

households show that the agents learn to discharge during high-price periods and charge during low-price windows. 

Compared to baseline scenarios, the DQN-agents achieve higher cumulative rewards. 

 

4 Conclusion and Outlook 

The first results show already consistent behavior of the DQN – agents. Future work will also include stochastics in the 

renewable energy, the price forecast, and in the consumer behavior. This includes the availability of the EV battery. 

Also, the influence of different reward functions has to be investigated further. Another point for future work is to 

implement agents with continuous actions for power distribution. 
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Abstract. The RoboTrainer is an intelligent robotic walker that provides 

force-controlled lower-limb motor training. This short paper presents the 

results of a usability study using the standardized System Usability Scale 

(SUS) question-naire. The average SUS score from 28 healthy participants 

was 76.6 ± 12.5. We compared this score with a meta-analysis of 67 

robotic rehabilitation devices, demonstrating that the RoboTrainer’s 

usability exceeds the field’s average. These findings suggest the technology 

has strong potential for successful adoption. 

 

Keywords: System Usability Scale, Human-Robot Interaction, Robotic Walker 

 

1 Introduction 

Lower-limb motor performance declines with increasing age due to muscle loss (35% 

be-tween the ages of 40 and 80 [1]). This can lead to an increased risk of injury from 

falls [2]. Additionally, over 20% of nursing home residents have mild cognitive 

impairment [3], and 60% of these individuals will develop dementia during their 

lifetime [4]. Studies show that interventions involving motor and cognitive stimulation 

can maintain or even improve these functions [5][6]. In this context, individualized 

and adaptive training programs are essential, as they can provide appropriate 

challenges to ensure effective training. Given the aging society [7] and the shortage 

of skilled healthcare workers [8], automating the training process with easy-to-use 

devices is essential to address these issues. 

The RoboTrainer, an intelligent robotic walker currently in development, addresses  

this problem by providing force-controlled lower-limb motor training with additional 

cognitive challenges [9]. The RoboTrainer uses machine learning to automatically 

assess performance and adapt task difficulty to provide individualized training [10].  

High usability is important if a device is to be adopted in care homes and 

used for daily training. It must be intuitive to use for both patients and clinical 

staff. Poor usability can lead to user frustration, high error rates, patient rejection, 

and ultimately, abandonment of the technology, regardless of its therapeutic 

potential. 

The contributions of this paper are the results of a usability study: 

1. Presentation of the System Usability Scale (SUS) evaluation of the RoboTrainer. 

2. Comparison of the results with other robotic rehabilitation devices. 

 

2 Method 

The usability study was part of a larger technical feasibility study aimed at collecting 

data and testing the automatic assessment algorithms. A total of 28 participants (9 

female, 19 male; mean age 34.7 ± 12.8 years) were recruited for this study. The 

inclusion criterion 
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Fig. 1. The SUS score of RoboTrainer compared with other robotic rehabilitation devices [14]. 

 

was the absence of cognitive or mobility impairments. Each participant completed 

a series of 20 different tasks with RoboTrainer for one hour. After the session, 

usability was quantified using the standardized 10-item SUS questionnaire [11]. The 

SUS is a validated questionnaire that provides a global score of perceived usability 

from 0 to 100. 

 

3 Results 

The reported SUS score for RoboTrainer is 76.6 ± 12.5, which is considered 

"good" usability and belongs to the top 22nd percentile [12]. This indicates a high 

level of user acceptance, ease of use, and system consistency. The average score for 

general industry applications is 68 ± 12.5 [13]. 

To contextualize these findings, we compared our results to a recent meta-

analysis by Nicora et al. (2025), which analyzed 67 studies on robotic rehabilitation 

devices [14]. The average SUS score across all devices and user groups was 74.4 ± 

11.3 as shown in Figure 

1. The RoboTrainer belongs to the device category of lower-limb end effectors and 

was evaluated with healthy participants. This device category includes a total of 

six studies with a mean score of 85.4 ± 6.6. The most comparable device is the 

FriWalk robotic walker, which recieved a score of 52.8 by 42 elderly patients and 

68.0 by one clinical professional [15]. Another is the SWalker, which achieved 91.3 

by two physiotherapists [16]. Furthermore, our healthy user score of 76.6 can be 

compared to the meta-analysis average for all studies involving healthy 

participants (n = 4), which was 74.0. 

The primary limitation of this technical pilot study is its use of a healthy user 

group that does not represent the final target population of older adults with 

potential impair-ments. This limitation is also reflected in the qualitative feedback, 

as some participants found the question about "frequent use" (item 1) difficult to 

answer. However, the over-whelmingly positive score confirms the system’s core 

intuitiveness and ease of interaction. 

 

4 Conclusion 

This paper presents a usability evaluation of the RoboTrainer as a first step 

towards its clinical application. The resulting SUS score of 76.6 ± 12.5 from 

healthy partici-pants exceeds the average usability scores for both general industry 

applications and other rehabilitation devices. Future work will focus on validating 

these promising results with the target population of older adults and on further 

developing the RoboTrainer’s individualization algorithms. 
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